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Zusammenfassung

Im Bereich des maschinellen Lernens ist die Verfiigbarkeit von qualitativ
hochwertigen, annotierten Daten fiir das Training hochleistungsfahiger
neuronaler Netze unerlédsslich. Menschen sind sich jedoch oft nicht einig,
wenn es um die Annotation von Bildklassifikationsdaten geht, was zu
mehrdeutigen Daten fiihrt, die eine grofie Herausforderung fiir Deep Lear-
ning darstellen. Diese Dissertation konzentriert sich auf dieses Problem,
indem sie einen Uberblick {iber die Definition des Problems, die benétig-
ten Daten, die Bewertungsmetriken und die Methoden zur Losung des
Problems gibt. Das Ziel ist es, eine effektive Annotationsstrategie fiir die
Bildklassifikation zu entwickeln, die auf mehreren tausend Experimenten
basiert, um die Datenqualitidt zu verbessern und gleichzeitig die Kosten
zu senken.

Die Hauptidee dieser Arbeit besteht darin, sich nicht auf eine Annota-
tion pro Bild zu verlassen, sondern den Durchschnitt mehrerer Annota-
tionen zu betrachten. In der Realitét ist dies jedoch kaum durchfiihrbar,
ohne die Kosten fiir die Annotation zu reduzieren. Daher werden in dieser
Dissertation Vorschldge als Orientierungshilfe wahrend des Annotations-
prozesses verwendet, um die Konsistenz der Annotationen zu steigern und
die Annotationszeit und die damit verbundenen Kosten zu minimieren.
Die Verwendung von Vorschlidgen kann jedoch zu einer Verzerrung der
Datenverteilung fithren, da sich Menschen von den Vorschldgen beeinflus-
sen lassen. Diese Verzerrung wurde analysiert und darauf aufbauend eine
Moglichkeit entwickelt, sie zu minimieren. Die Untersuchungen wurden
schliefilich in einer Annotationsstrategie in Form eines Flussdiagramms
zusammengefasst. Dieses Flussdiagramm ermoglicht es zukiinftigen For-
schern, mit minimalem Aufwand qualitativ hochwertige Daten fiir ihren
spezifischen Anwendungsfall zu erzeugen. Die Strategie wurde erfolgreich
an einer realen biomedizinischen Aufgabenstellung verifiziert.

Zusammenfassend stellt diese Arbeit eine umfassende Untersuchung
der Herausforderungen dar, die sich aus der Annotation mehrdeutiger



Daten im Rahmen des maschinellen Lernens ergeben. Diese Forschungs-
arbeit bietet eine effektive Strategie, um das grundlegende Problem der
Datenqualitdt anzugehen und dadurch die Qualitdt und Zuverlassigkeit
von Modellen zu verbessern und das Gebiet des maschinellen Lernens
insgesamt voranzubringen.

Vi



Abstract

In machine learning, the availability of high-quality labeled data is essential
for training accurate models. However, humans often disagree among
themselves or over time when labeling or annotating image classification
data. As a result, they create ambiguous data that poses a significant
challenge to deep learning. This research focuses on addressing this issue
by proposing an overview that defines the problem, provides the necessary
data for research, establishes evaluation metrics and presents methods
for solving the problem. The ultimate goal is to develop an effective
annotation strategy for image classification based on several thousand
different experiments to improve data quality while reducing cost.

The main idea of this dissertation is not to rely on one annotation per
image, but to consider the average of multiple annotations. However, this
would not be feasible in reality without reducing the cost of acquiring
such annotations. This dissertation uses proposals as a guide during the
annotation process to improve the consistency of the annotations and
to reduce the annotation time and thus the associated costs. The use of
proposals could introduce a bias into the data. Analysis of this bias and
its introduction led to possible methods to minimize or reverse it. All
this research is finally unified in an annotation strategy in the form of a
flowchart that allows future research to easily understand the necessary
steps needed to produce high quality data for their specific use case with
as little effort as possible. This strategy is successfully verified on a real
biomedical task.

In conclusion, this thesis presents a comprehensive investigation of the
challenges posed by annotating ambiguous data in deep learning. This
research provides an effective strategy to address the fundamental issue of
data quality, thereby improving the quality and reliability of models and
advancing the field of deep learning as a whole.
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Chapter 1

Introduction

1.1 Motivation

Modern machine learning, especially Deep Learning (DL), has solved
many previously seemingly impossible tasks, for example, in the fields of
Computer Vision (CV) or Natural Language Processing (NLP). In recent
years, it has also had a major impact on other fields such as medicine,
biology, engineering and even art [37, 40, 58, 126, 145]. Major advances are
already being made in the field of autonomous driving [61] or improved
healthcare systems [39, 77].

The fuel for these rapid and major developments is data [88, 198]. This
dissertation examines data as a combination of images and labels, whereas
raw data refers only to image data. In general, vast amounts of human-
labeled data are required to train neural networks for DL. This is obviously
a problem for several reasons. First, it can be difficult to obtain raw data,
for example, in long-term studies such as MrOs! or SOF2. Second, even if
the raw data is available, we may not be allowed to use it due to copyright,
privacy, or financial interests. Third, and most often, the human labor
required to label the data is a limitation [81, 136]. This may be due to the
limited amount of money available or the limited time of domain experts.

The amount of data required for image classification could be reduced
by replacing labeled data with unlabeled data which is often readily
available. This line of research is called Semi-Supervised Learning (SSL).
In recent years, SSL research has achieved significant reductions in the
amount of labeled data required, up to a factor of 100, with almost the
same performance compared to full supervision [165, 174]. However,

1https: / /mrosonline.ucsf.edu/
2https: / /sofonline.ucsf.edu/



1. Introduction

current research is often conducted on large and heavily curated datasets
such as ImageNet [88], and thus is not easily applicable to smaller datasets
with realistic noise and quality issues.

In recent years, many researchers have also looked at these problems
from a data or data quality perspective. This perspective is called data-
centric DL and tries to improve the data in contrast to just the model [115,
142]. The focus on the model is called model-centric DL. Data-centric
research includes ideas such as considering the disagreement between
annotations for the data quality [59], identifying over- or under-performing
data splits, selecting the relevant image data for training of a larger set [55]
or the issue of (adversarial) augmentation to ensure good models [11]. See
a graphic representation of these key terms model- and data-centric in
Figure 1.1.

Proposals, pseudo-labels or network predictions can be thought of as
the Oth annotator suggesting a class to all other annotators during the
image classification annotation process [41, 105, 130, 159]. While the use
of such proposals has been reported to increase annotation speed and
resulting quality [42], they also introduce bias into the data because people
are more likely to accept the proposed class than without [78, 155].

1.2 Problem statement

As shown by concurrent research [15, 38, 193] and my own [149, 152, 154],
it is often not enough to use only one human judgment during the labeling
process for image classification, because human labor is costly and not
entirely reliable. Humans suffer from intra- and interobserver variance [2,
20, 36, 48, 126, 149, 170] which is the variance of annotations over time for
the same person or between people for the same task. This variance impacts
the quality of a rating and can lead to noise or ambiguity. Due to the fact
that classifications can be subjective due to difficult image quality [133,
149], imprecise definitions [111] or varying levels of experience among
annotators, one cannot rely on one annotation per image [152]. However,
more annotations increase the already high cost, and we found in [152]
that common semi- and self-supervised approaches have problems with
ambiguous data in real-world datasets. While proposals could minimize



1.3. Research questions

(a) Model-Centric (b) Data-Centric

Figure 1.1. [llustration of the key concepts of model- and data-centric — The cylinder
/ database icon represents the data analyzed in this dissertation, including images
and label information. The brain icon represents the model used, typically a neural
network, which is trained on the provided data to make predictions. The snowflake
indicates a less prominent or inactive part, whereas the tools icon represents the
focus of the engineering/research effort. Model-centric focuses on the model while
considering the given data fixed, whereas data-centric takes the opposite approach
and focuses on improving data. Model-centric and data-centric are two approaches
to improving image classification task performance. It is important to note that
model-centric still may address data issues and data-centric employs models in
its efforts to improve the data. The primary difference lies in the intention or
motivation for improving the classifying model or the data used to train such a
model. Both approaches are equally suitable for improving downstream image
classification task performance. As much research currently emphasizes the model-
centric approach, this dissertation delves into the data-centric perspective. The
images are created with icons from Flaticon. com.

the issue of increased cost, they introduce a bias into the data which
is often not considered or investigated [78, 155]. All in all, the aim of
this dissertation is to produce high-quality data for image classification.
Specifically, the data quality should be enhanced compared to previously
reported methods. Therefore, the phrases “produce high-quality data” and
“improve the data” will be used interchangeably throughout this study.

1.3 Research questions

The aforementioned problems of data quantity and quality in real-world
datasets for image classification are addressed in this dissertation. To


Flaticon.com
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this end, research questions are formulated for the various aspects of
these issues. These research questions define the main structure of this
dissertation and are intended to guide the reader through this work.

> Research Question 1: “What are the characteristics of ambiguous labels

in relation to other data quality issues?” (RQ1)

Research Question 2: “How can improved data quality for image classi-
fication be quantified?” (RQ2)

> Research Question 2.1: “What data are required to quantify improved
data quality?” (RQ2.1)

> Research Question 2.2: “What metrics and algorithms are needed to
quantify improved data quality?” (RQ2.2)

Research Question 3: “What are the implications of using proposals to
guide the annotation process for image classification?” (RQ3)

> Research Question 3.1: “What positive effects can be achieved by
using proposals to guide the annotation process for image classifica-
tion?” (RQ3.1)

> Research Question 3.2: “How can negative effects be minimized
when using proposals to guide the annotation process for image
classification?” (RQ3.2)

Research Question 4: “How should ambiguous data be annotated based
on the results of RQ1, RQ2 and RQ3?” (RQ4)

> Research Question 4.1: “Is one annotation enough to capture the
ambiguity in image classification tasks?” (RQ4.1)

> Research Question 4.2: “Are proposals based on classification or
overclustering better for the annotation process?” (RQ4.2)

> Research Question 4.3: “How does an increased or decreased budget
during the annotation process affect the resulting data quality?”
(RQ4.3)

The research questions build on each other starting from the definition

over how to measure and improve the quality to general implications.



1.4. Structure of dissertation

How to
hande? RQ4
Methudology \ } RQ2&3

Ambiguip,

RQ1

Figure 1.2. Major parts of the structure of this dissertation — The first part will
discuss the background of this work and in particular will define the term am-
biguity by answering RQ1. The second part is my methodology where my own
contributions will be listed and which will answer RQ2 and RQ3. The unified
strategy for dealing with ambiguous data is also proposed in this part. The third
part is an analysis and discussion especially of the previously proposed strategy
to answer the question of how to handle ambiguous data (see RQ4).

1.4 Structure of dissertation

This dissertation is divided into three main parts, except for the introduc-
tion and conclusion, as shown in Figure 1.2. This is a cumulative work
of my related scientific research, so the details of the individual papers
[37, 63, 147, 148, 149, 150, 151, 152, 153, 154, 155, 156, 185] are listed in
Section 1.5 and reprinted in Appendix A. The focus of this dissertation
is to highlight the connections and conclusions between my individual
papers based on the research questions defined above. The three main
parts are described in detail below.

Background Part I describes the relevant literature and background
information necessary to understand this dissertation in a broader context.
It also shows the connection to previous methods and what makes this
research different.

Chapter 2 describes common data issues in terms of quality and quan-
tity. This motivates the definition of ambiguity for image classification
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labels, which is in line with my previous papers [149, 152, 154, 155]. Based
on this definition, the similarity and difference to other definitions such as
uncertainty or label noise is shown, which answers Research Question 1:
“What are the characteristics of ambiguous labels in relation to other data
quality issues?” (RQ1).

In Chapter 3, a review of the literature on Semi-Supervised Learn-
ing (SSL) and proposal systems for improving quantity and quality, respec-
tively, is presented. These approaches are contrasted with others, which are
beyond the scope of this dissertation. Much of the relevant SSL literature
has been published in [151] and is expanded and updated in this part.

Own Contributions Part II summarizes my own methodological and
data research. It gives an overview of the created benchmark [152], the eval-
uated methods [149, 154], the label improvement [155] and the resulting
strategy [156]. The included contributions are

> the construction of a multi-domain benchmark [152] with multiple
annotations per image to allow the quantification of improved data
quality. Most of the image data come from real-world classification
problems [20, 94, 125, 149, 154, 157, 166, 184, 186] of fellow researchers,
which emphasizes its closeness to the real world and answers Research
Question 2.1: “What data are required to quantify improved data qual-
ity?” (RQ2.1) in Chapter 5.

> a summary of successfully applied metrics and algorithms to quantify
different aspects of improved data quality [149, 152, 154, 155] in Chap-
ter 5. The summary includes a comparison between the metrics, the
description of the used user studies and our simulation for proposal
acceptance to allow larger scale evaluation, which answers Research
Question 2.2: “What metrics and algorithms are needed to quantify
improved data quality?” (RQ2.2).

> an overview of my developed methods [149, 154, 155] to improve the
data quality in Chapter 6. This chapter only describes the approaches
used and gives an overview of the results, which partially answers
Research Question 3: “What are the implications of using proposals to



1.5. List of published papers

guide the annotation process for image classification?” (RQ3). A unified
answer will be given in the next part in Chapter 7.

> a strategy about “how to handle ambiguous data” is provided in Sec-
tion 6.5, which was proposed in [156]. This partially answers Research
Question 4: “How should ambiguous data be annotated based on the
results of RQ1, RQ2 and RQ3?” (RQ4), but the complete evaluation
and discussion is given in the next part. It is important to emphasize
that this strategy combines all the research efforts and thus can be
considered as the main result of this dissertation.

Analysis & Discussion Part III presents a unified comparison of my
obtained results in Chapter 7. The combination of the previously defined
strategy and this evaluation allows answering Research Question 4: “How
should ambiguous data be annotated based on the results of RQ1, RQ2
and RQ3?” (RQ4) including all subquestions. The raised research ques-
tions from Section 1.3 will be answered in Section 8.1. Furthermore, the
limitations and future work will be discussed.

1.5 List of published papers

This section contains a list of my published or only peer-reviewed papers.
The papers are divided into long, short and miscellaneous papers. All
papers are peer-reviewed and have been presented at a conference or
published in a journal. However, the short papers are often not published
in a dedicated proceedings, but are published non-exclusively on the
respective websites. The miscellaneous papers are first authorships or
co-authorships of side projects with research related to this dissertation.
Further unrelated papers are not described here. The focus lies on the
long papers in the rest of the dissertation, but all are reprinted at the end
of this work in Appendix A. An asterisk (*) indicates equal contribution
of first authorship. The papers are sorted by date of publication per
subsection. The citation and link to the corresponding sections are given
where applicable.



1. Introduction

Long papers 2D and 3D Segmentation of Uncertain Local Collagen Fiber
Orientations in SHG Microscopy, 41th German Conference on Pattern Recog-
nition (DAGM GCPR 2019) Lars Schmarje, Claudius Zelenka, Ulf Geisen,
Claus-C. Gliier, Reinhard Koch, [148]

A Survey on Semi-, Self- and Unsupervised Learning for Image Clas-
sification, IEEE Access, vol. 9, pp. 82146-82168, 2021 Lars Schmarje, Monty
Santarossa, Simon-Martin Schroder and Reinhard Koch, [151], see Sec-
tion 3.1

Fuzzy Overclustering: Semi-Supervised Classification of Fuzzy Labels with
Overclustering and Inverse Cross-Entropy, Sensors 2021, 21(19), 6661 Lars
Schmarje, Johannes Briinger, Monty Santarossa, Simon-Martin Schroder,
Rainer Kiko, Reinhard Koch, [149], see Section 6.1

A data-centric approach for improving ambiguous labels with combined
semi-supervised classification and clustering, Proceedings of the European
Conference on Computer Vision (ECCV 2022) Lars Schmarje, Monty San-
tarossa, Simon-Martin Schroder, Claudius Zelenka, Rainer Kiko, Jenny
Stracke, Nina Volkmann, Reinhard Koch, [154], see Section 6.2

Is one annotation enough? A data-centric image classification benchmark
for noisy and ambiguous label estimation, 36th Conference on Neural Infor-
mation Processing Systems (NeurIPS 2022) Track on Datasets and Benchmarks
Lars Schmarje, Vasco Grossmann, Claudius Zelenka, Sabine Dippel, Rainer
Kiko, Mariusz Oszust, Matti Pastell, Jenny Stracke, Anna Valros, Nina
Volkmann, Reinhard Koch, [152], see Section 5.1

ACCEPTED AT GCPR 2023, Label Smarter, Not Harder: CleverLabel for
Faster Annotation of Ambiguous Image Classification with Higher Quality,
2023 Lars Schmarje, Vasco Grossmann, Tim Michels, Jakob Nazarenus,
Monty Santarossa, Claudius Zelenka, Reinhard Koch, [155], see Section 5.4
and Section 6.3

UNDER REVIEW AT ICDE 2024, Annotating Ambiguous Images: General
Annotation Strategy for Image Classification with Real-World Biomedical



1.5. List of published papers

Validation on Vertebral Fracture Diagnosis, 2023 Lars Schmarje, Vasco
Grossmann, Claudius Zelenka, Reinhard Koch, [156], see Section 5.3 and
Section 6.5

Short papers Life is not black and white — Combining Semi-Supervised
Learning with fuzzy labels, Proceedings of LWDA 21: Lernen, Wissen, Daten,
Analysen September 2021, Munich, Germany Lars Schmarje and Reinhard
Koch, [147]

A Data-Centric Image Classification Benchmark, NeurIPS Data-Centric
Al Workshop, 2021 Lars Schmarje, Yuan-Hong Liao and Reinhard Koch,
[150]

Beyond hard labels: investigating data label distributions, ICML 2022, Work-
shop DataPerf: Benchmarking Data for Data-Centric Al Vasco Grossmann®,
Lars Schmarje*, Reinhard Koch, [63]

Miscellaneous papers Artificial intelligence-driven hip fracture predic-
tion based on pelvic radiographs exceeds performance of DXA: the Study
of Osteoporotic Fractures(SOF), Journal of bone and mineral research, Vol.
37, p193-193 Timo Damm, Lars Schmarje, Niklas Koser, Stefan Reinhold,
Eren Yilmaz, Nicolai Krekiehn, Li-Yung Lui, John T Schousboe, Steven R
Cummings, Reinhard Koch, Claus-C Glueer, [37]

Opportunistic hip fracture risk prediction in Men from X-ray: Findings
from the Osteoporosis in Men (MrOS) Study, MICCAI 2022, PRIME Work-
shop Lars Schmarje, Stefan Reinhold, Timo Damm, Eric Orwoll, Claus-C.
Gliier, Reinhard Koch, [153]

Dulling while judging? Verdnderte Beurteilung von Fotos zu Pickverlet-
zungen bei Puten durch Wiederholungen, Aktuelle Arbeiten zur artgemdifSen
Tierhaltung 2022, 24.-26.11. 2022, Freiburg/online: 54. Tagung Angewandte
Ethologie bei Nutztieren der DVG, 24.-26.11. 2022, Freiburg/online, p. 282-284
Nina Volkmann, Lars Schmarje, Reinhard Koch, Nicole Kemper, [185]






Part 1

Background






Chapter 2

Data issues and their definitions

The data used is a central component of modern DL, and the literature
provides several examples where the quality and quantity of these data
directly affect the results [14, 82, 143, 174, 193]. In this and the next chapter
(Chapter 3) common data problems and their possible solutions from the
literature will be described. This chapter will define my understanding of
ambiguity and then compare and contrast it with other possible definitions.
Therefore, it answers RQ1.

2.1 Ambiguity

The term ambiguity is motivated by the examples in Figure 2.1 and Fig-
ure 2.2. In both examples, the left and right images are easily identifiable
but the center image is not. In Figure 2.1, the image quality does not allow
a clear distinction between the classes cat and dog. Peterson et al. showed

’

(a) Dog (b) Mixture [133] (c) Cat

Figure 2.1. Ambiguity in dogs and cats, image source: [87]
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2. Data issues and their definitions

(a) Leopoard (b) Leopon (c) Lion

Figure 2.2. Ambiguity in the wild, image sources: leopard!, lion?, leopon?

that for this particular image (center), about half of the 50 participants
assumed the class cat and the other half assumed dog [133]. In Figure 2.2,
the distinction between a leopard (left) and a lion (right) is not possible
for the center because it is a leopon a crossbreed between the two animals.
In nature, there can often be intermediate stages between two different
classes that do not fit exactly into the used taxonomy, for example, living
plankton gradually degenerating into unidentifiable dirt in the ocean [158].

This mixture of classes occurs in many real-world datasets [20, 36, 44,
126, 143, 149, 157, 158, 181] and motivates our definition of ambiguous
labels for a classification of image x with K € IN classes. This is the case
because subjective biases drive the decisions of annotators in cases of
uncertainty [160]. Let L* : S — {1, ..., K} be a random variable over the
K classes for the image x, Py the discrete probability measure over the
finite and discrete label space S for the image x, and P the short version
of Py, then the induced probability distribution P;x or P(L* = -) can be
used to describe an ambiguous Ground-Truth (GT) label distribution of
x. A major difference from other definitions of GT labels is that no hard-
encoded probability distributions are enforced, where only one class of the
K classes has a probability different from zero. Ambiguous data or images
may have a mixture of hard-encoded and soft-encoded GT probabilities.
Hard encoded GT means that there exists one class k with P(L* =k) =1
and for all other classes k' P(L* = k") = 0. Soft encoded GT means that
for all classes k P(L* = k) € [0, 1].

1h‘c‘cps ://en.wikipedia.org/wiki/Leopard
2https ://en.wikipedia.org/wiki/Lion
3https ://www.boredpanda.com/strange- hybrid-animals- that-are-hard- to-believe-actually-exist/
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2.2 Other definitions

The literature describes this or similar topics using slight variations of our
term ambiguity. This section uses other terms from the literature to show
differences and similarities.

2.2.1 Labels & Annotations

The definition of ambiguity is based on the label of an image x and the goal
is to improve the annotations for better quality of the labels. In most cases,
the terms “label” and “annotation” are used synonymously, since labels
can be considered as aggregated annotations. However, it is important
to point out some minor differences especially when compared to the
literature.

Considering an image classification problem with the GT probability
distribution or label of Prx, this label or distribution can be an arbitrary
discrete probability distribution over the K classes. As assumed in [152,
155] this distribution is generally unknown. This assumption is reasonable
because in general no external information is available to calculate the label.
For example, information lost due to downsampling cannot be recovered.
If P is to be used as supervision to train a network with cross-entropy, an
approximation of the label is needed. This approximation of the true GT
distribution is also called Prx because one can never really work with the
unknown probability, but only with its approximation. It is important to
note that in this dissertation only the approximation is used, which means
that different people may come up with a different GT for the same data.

This dissertation focuses on approximations based on human inputs
which are called annotations. Other approaches would include automat-
ically generating data using an algorithm such as pseudo-labeling [95]
or raw data from sensors. Annotations a € {0,1}X are defined as hard-
encoded estimates of the expected human label for the classification task.
While this approach is common and used in many image classification
benchmarks [32, 87, 88], it is not the only option. Soft annotations could
also be used, meaning that an annotator could also quantify the uncertainty
for each class, as in [111]. The drawback, however, is that humans already
have a problem with ambiguity in images with respect to class. Adding
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another dimension (the uncertainty per class) would further increase the
ambiguity and complicate the task. The assumption is that with enough
annotations, one could also filter or quantify this ambiguity with respect to
the uncertainty per class, which would drastically increase the annotation
cost. For this reason, this dissertation only considers the simpler and more
readily available case of hard annotations.

The approximation of the label Py € [0,1]X is the average (YN, %) of
N hard-encoded annotations ay, ..., ay € {0, 1}K for each image. This ap-
proximation is motivated by the notion of collective intelligence where one
annotation might be wrong, but the average of multiple annotations is a
good approximation of the label [51]. An illustration of this approximation
is given in Figure 2.3 and it also shows the convergence of the approxima-
tion of the label against a fixed distribution or vector. This does not prove
that our approximation is the perfect solution, but that it can be reasonably
assumed to be so. Another advantage of this approach is that the vector
representing the label, which is used as input by the neural network has
the same dimension as the commonly used hard labels. This means that
the encoding within the vector may be different, but architectures or loss
function definitions can be easily adapted since no dimensions need to be
changed.

Another common aggregation for multiple annotations is majority
vote where the majority class across all annotations is used as the label.
However, this means that the resulting label is always an one hot-encoded
label. The main advantage of this approach is that it can remove noise or
annotation errors from the data. There is a clear difference between noise
and the previously defined notion of ambiguity which will be discussed
in Section 2.2.2. The use of hard labels is not well suited to capture
this ambiguity, as argued in [152], and the argument will be repeated
in Section 2.2.4. Davani et al. showed in [38] that majority voting is not
well suited for cases where annotators systematically disagree or in other
words where the data is ambiguous.

The use of multi-label classification as in [31, 138, 164] would also be
possible. This means that multiple classes are correct instead of just one
with a hard-coded label, which is of course appropriate for situations
where multiple objects are present or where two answers are equally likely
or correct, such as different names for the same object. However, the limi-
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Example 1 mCat WDog ®Deer
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(a) source image

(b) example distributions

Figure 2.3. Approximation of a label for a random cat from the CIFAR10H
dataset [133] - The right side displays two possible random simulations of the same
example cat with varying numbers of annotations from one to 50, approximating
the distribution. Since each annotation affects the overall distribution up to that
point and we only know the final distribution, multiple distributions are possible
during the annotation process, which ultimately converge to the known final distri-
bution. It is evident that with more annotations, the resulting distributions become
comparable since the effect of each additional random annotation diminishes with
more total annotations. This tendency towards a stable distribution with increased
annotations supports the use of the average across multiple annotations as our soft
ground truth label distribution.

tation of this approach compared to soft labels is that it cannot represent
different levels of agreement with different classes. For example, if annota-
tors are asked to classify a large car, some might say it is a truck because
they would call it a truck rather than a car. The agreement for different
images would most likely vary. Using a probability distribution for each
class would elevate this problem, as in [35, 111]. This would drastically
increase the cost by requiring not just one, but K GT distributions, which
is often simply not feasible.
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2.2.2 Noisy & Ambiguity

Ambiguous could have been also called noisy instead, since the two
words have similar meanings. However, many people understand under
noise as human errors during the annotation process, at least based on
the definitions in the literature [5, 6, 82, 92, 96, 122]. As defined above,
ambiguity includes these errors as a reason, but it is not limited to this
problem. Some tasks are subjective as illustrated in Figure 2.4. Methods to
counteract these labeling errors often rely on robust loss functions [103,
121] that are inherently tolerant of noisy labels, separating noisy and
clean data during training [96, 200, 201] or correcting the labels on the
fly with better estimates [66, 95]. Moreover, these methods often assume
a synthetic noise pattern such as balanced or skewed label flips [96, 102]
during the evaluation. Gao et al. proposed a learning algorithm that
specifically analyzes the individual labeling behavior of annotators to
achieve more realistic patterns and also showed that human labeling
errors are indeed not just random [52]. Wei et al. showed that realistic
noisy data is different from commonly assumed noise patterns such as class
assignment errors [193]. This can be explained by unrealistic assumptions
for the synthetic noise but this work hypothesizes that the effect of the other
source of ambiguity also impacts these results, leading to this difference.

2.2.3 Aleatoric Uncertainty & Epistemtic Uncertainty

Our definition of ambiguity is also often confused or conflated with
uncertainty. The literature mainly distinguishes between aleatoric and
epistemic uncertainty [33, 163], while acknowledging that it is difficult to
distinguish between them in DL [1, 83, 144, 178]. Aleatoric uncertainty is a
statistical uncertainty that is inherent in the data and cannot be influenced
by the model. If the uncertainty is homogeneous across the data space, it is
called homoscedastic, and if it varies, it is called heteroscedastic. Epistemic
uncertainty is a systemic uncertainty that is contained in the model itself,
for example, because it does not have enough information. In addition,
Malinin et al. in [109] introduced the term distributional uncertainty, which
describes the uncertainty introduced in a model prediction by a shift in
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(a) Unidirectional (b) Omnidirectional (c) Ambiguous

Figure 2.4. Three example images of collagen fibers in mice from [148] with fiber
orientations indicated by red arrows — The left example has only fiber orientations
in one direction. The middle image has multiple fibers in different directions. The
right image has dominant orientation from bottom to top, but some fibers also
go crosswise. The first two images should each be given the same label on an
individual basis, regardless of who is annotating them. However, some annotators
might label them incorrectly if they are careless. This would result in label noise,
because a correct class could have been chosen with more time or care. The right
image shows a mixture of straight and intertwined collagen fibers. This case
is inherently ambiguous because it is not clear what the class orientation is. It
depends on the annotator’s interpretation which label is chosen for the image.

the data. For example, when new classes are introduced, the distribution
between classes changes or the characteristics of classes shift.

All of these definitions can be explained in a unified example by trying
to guess the roll of a dice. If you know that a perfect six-sided dice is
being used, then all answers from one to six are equally likely. In this
case, there is only homoscedastic aleatoric uncertainty, because the un-
certainty is only outside of a model for estimating it and is the same for
all possibilities. With a manipulated dice that more often shows a partic-
ular side, heteroscedastic aleatoric uncertainty is described because the
uncertainty is still generated only from the data, but is now biased toward
one outcome. If the model does not know what type of dice (number of
sides) is being used, then there is a form of epistemic uncertainty because
the model cannot know whether the outcome 10 is a valid outcome or
not. Distributional uncertainty can be represented by changing the dice
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Figure 2.5. Visualization of aleatoric and epistemic uncertainty inspired by [53]

during the game. According to these definitions, ambiguity is a form of
heteroscedastic aleatoric uncertainty.

Uncertainty is a keyword in many publications but they often refer
to the uncertainty of a model [50, 64, 75, 93, 134]. In these cases, the au-
thors often do not discuss whether they mean aleatoric or epistemic but
state that they are considering model uncertainty or predictive uncertainty.
Gawlikoswki et al. state in [53] that predictive uncertainty is often the
combination of aleatoric, epistemic and sometimes distributional uncer-
tainty for Out of distribution (OOD) methods. Based on the description of
mainly epistemic uncertainty effects, it can be assumed that in most cases
aleatoric uncertainty is not considered.

For a quantification of this assumption across 17 papers, 1 looked
at the mentioned uncertainty papers on the GitHub page* of the un-
certainty baselines benchmark [120]. This benchmark aims to provide a
unified testbed and evaluation for uncertainty methods. 15 out of 17 pa-
pers did not mention any aleatoric uncertainty but looked at epistemic
uncertainty [67, 91, 110, 129, 135], calibration measure for model uncer-
tainty [3, 68, 119, 123], OOD detection [101, 139, 187, 195, 196] or Bayesian
learning [49]. Padhy et al. state that “[e]stimating the epistemic uncertainty
is especially valuable”® and “the field has dealt with three different paradigms
of measuring predictive uncertainty, namely (1) in-distribution calibration of
models measured on an i.i.d. test set, (2) robustness under dataset shift, and

4https://gi‘chub.com/gm:ygle/uncertainty-baselines
5quotecl from [129] p.1
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(3) anomaly/out-of-distribution (OOD) detection”.® Based on this summary,
which was repeated in various versions or subsets in the mentioned papers,
it can be taken as evidence for the claim that most authors mainly think
about epistemic uncertainty when they talk about model uncertainty or
predictive uncertainty.

The remaining two publications are [84, 176]. Kivlichan et al. agree
that “a common approach to evaluate a model’s uncertainty quality is to measure
its calibration performance”.” However, they also state that “data uncertainty
is inherent to the data generating process and is irreducible”® emphasizing
also other sources of uncertainty are also relevant. The most diverse
definition can be found by Tran et al. who describe their method Plex as a
reliable method under many circumstances [176]. One of the three major
circumstances is uncertainty, which is subdivided into calibration, selective
prediction, open set recognition and label uncertainty. The first three topics
are fully or partially described in the other 15 papers mentioned above. The
last topic of label uncertainty describes the above defined label ambiguity,
as they define “[l]abel uncertainty can arise when, for example, human raters
disagree about the label for an ambiguous input”.” It is important to note, that
this small analysis of the papers mentioned in uncertainty baselines is
not representative. It seems to be a good approximation of the diverse
definitions about uncertainty in the literature and is consistent with our
personal, less quantifiable perspective on the topic. Research such as [205]
talks about this issue but does not call it aleatoric uncertainty as described
in the next section on soft labels.

2.24 Soft Labels & Label Smoothing

Soft labels are used to represent the ambiguity in the GT distribution. This
section discusses what the impact of soft labels is in the literature and
contrasts it with the popular method of label smoothing.

The literature and my own research give several examples why one
annotation is not enough to capture the ambiguity of the data [15, 38,

quoted from [129] p.1
quoted from [84] p.3
quoted from [84] p.3

6
7
8
9quotecl from [176] p.7
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63, 152, 155, 177]. Thus, multiple annotations per image are needed. In
many cases, an aggregation over multiple annotations is used as in our
work [63, 152, 155]. However, other approaches have also been proposed.
Wei et al. investigated to the use of multiple separate labels instead of a
majority vote aggregation and found that it could “be more beneficial than
label aggregation when the noise rates are high or the number of labelers is insuffi-
cient”.1% Collins et al. [35] used multiple soft annotations instead of many
hard annotations to estimate an aggregated soft-label as discussed in Sec-
tion 2.2.1. This dramatically increases the annotation cost and introduces
another uncertainty. Zhou et al. estimated the soft labels based on k-Means
clustering for a poor quality image to avoid human re-annotation [205].
This approach has the drawback that the labels are not human verified
and therefore may be incorrect or ill-defined, which is unacceptable in
critical systems such as autonomous driving or healthcare. Bagherinezhad
et al. showed that it can be beneficial to use soft labels in combination with
hard labels for self-supervised image classification [9]. They acknowledge
that many self-supervised learning methods rely on the assumption that
the random crops of an image have the same semantic class as the original
image which may be wrong for zoomed in regions without the original
main object, such as a person holding a small ball. Moreover, they found
that some cropped regions, for example of a “dough” and “butternut
squash” share a similar texture and are even indistinguishable by humans
anymore as shown in Figure 2.6.

A similar but distinct idea of using soft labels is called label smooth-
ing. Muller et al. summarized label smoothing as the process of using
a blended version of the hard-encoded GT distribution P(L* = k) for
class k with a uniform distribution over all classes K with the blending
factor a: P(L* = k)(1 —a) + a/K [116]. For a = 0, there are no changes
applied. For « = 1, the uniform probability distribution of 1/K is preferred
over all previous distribution information of P(L* = k). This approach
is successfully applied in many DL approaches to improve the overall
performance [89, 182], to mitigate annotation errors [107] or as a regular-
ization [106]. The literature is divided on when or why label smoothing
helps [116, 192]. What they have in common is that they seem to mitigate

10quotecl from [194] p.12
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some problem in the data. But this problem is modeled only over the
whole dataset or in some cases per class [106] and not per image as in this
dissertation. The connections between the success of label smoothing and
the use of soft labels for ambiguity share many core ideas. In this work,
only per-sample soft labels are investigated, as they are a generalization of
the techniques discussed above.
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(a) butternut squash I I i I |

(b) cutout

¥

(c) dough
(d) cutout

Figure 2.6. Examples of butternut squash and dough — Both look different from
far away but share the same texture in a cutout region. Image sources: dough!?,
butternut squash'?

11https ://www.cookipedia.co.uk/recipes_wiki/Pizza_dough_(TM)
2 ttps://www. flickr.com/photos/farmanac/5827322918
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Chapter 3

Quantity & Quality of Data

This dissertation aims to enhance the data for image classification. How-
ever, the term “improving” may refer to either the quantity or quality of
the data. Therefore, this section examines the latest developments in the
areas of quality and quantity of labeled data. Each section provides a brief
overview of the covered topics and research directions that go beyond the
scope of this dissertation. The dissertation focuses on improving quality as
the majority of research in semi-supervised learning pertains to quantity.

Quantity Quantity refers to the amount of labeled and/or unlabeled
data available for the task. The amount of unlabeled data is often not
under the control of the researcher, but is determined by the circumstances.
Recent research looks at generative models as a data source [79] or even
just learning from visual noise patterns [12] to fill the gap when not
enough unlabeled data is available. Another approach could be domain
adaptation [188, 189] from a larger known dataset to the target domain.
This dissertation will focus on the amount of labeled data required.

The impact of the required labeled data can be adjusted by requiring
less labeled data or by increasing the labeled data by making it more cost
effective. Research in self-supervised, semi-supervised and unsupervised
learning can reduce the required amount of labeled data by up to a factor
of 100 [165, 174]. An extension of our survey [151] on this topic is given in
Section 3.1.

Another common approach to make the annotation process more
effective is to select the samples to be annotated using a sophisticated
strategy. These approaches can be summarized as active learning [118, 140,
168]. Active learning can be described as a heuristic for selecting the most
relevant images to annotate next. It can also be used to iteratively improve
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test performance [86]. This concept is often complementary to other semi-
supervised algorithms, since there is little overlap between improving a
model and the data selection process. While active learning can also be
used to improve data quality, for example, by diversifying the images
used, it is often seen as an interactive approach to reducing the amount
of labeled data. Tifrea et al. even point out that active learning based on
entropy may not be suitable for settings with a low number of samples
and/or a high mixture of classes [173]. In addition, active learning can
most likely be used in combination with the data enhancement strategies
investigated in this dissertation, which simply select samples at random.
For all these reasons, this topic is beyond the scope of the rest of this work.

Another frequently used term for working with limited labeled data
is weakly supervised learning. According to [206], weak supervision can
stem from three reasons: incomplete, inexact, or inaccurate supervision.
Incomplete supervision refers to the issue of having unlabeled data in
addition to labeled data which has been discussed in greater detail above
in relation to semi-supervised learning and active learning. Inexact su-
pervision implies that the labels are insufficiently specified. In the case of
images, inexact labels may consist of cropped image regions [30] or more
general hierarchical class structures [167]. Given that inexact labels can
be viewed as supplementary constraints, this dissertation will not delve
into the details of inexact labels. Inaccurate supervision, which amounts
to incorrect labeling, is regarded as a quality issue in this dissertation and
will therefore be examined further below.

Quality In this dissertation, data quality refers to the quality of the
associated label for labeled data. It does not consider image quality, such
as resolution or artifacts, data selection or general issues like long-tailed
distributions [4]. All of these affect the quality and thus the results, but
the focus in this work is on the labels. Often humans are used to provide
the label on the same modality that is shown to the neural network during
training. Only in rare cases is an external GT available, such as the fracture
of a bone in a retro-perspective [153] or from another domain [146]. Thus,
the common case is that humans provide the annotations to generate the
label. It is known that these annotations can vary between annotators
(inter) or over time for the same annotator (intra), leading to inter- or
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intra-operator variability. This kind of variability /uncertainty /ambiguity
can arise from multiple sources. Humans make mistakes, especially over
time when they are less focused. The task definition may be ambiguous
or poorly defined, leaving subjective interpretations in corner cases, such
as what to do if two items are present but only one can be classified [98].
The task may be subjective by nature, such as rating emotions for different
people [111]. The image quality is poor, e.g. blurred, which makes a simple
task difficult and does not allow a clear distinction between classes [20,
133, 149]. As shown in Figure 2.2, there may be intermediate states that
belong to a combination of classes.

A lot of research is done, for example, in the field of consensus and
annotator training, to counteract this variability [2, 10, 132] by solving this
problem on the human side. Chang et al. propose to combine different
tasks such as classification, description, and revoting to identify and better
label ambiguity [26]. This dissertation focuses only on proposal-driven
annotation. Proposal-driven annotation means that annotators have access
to a class proposal during the annotation process, which should guide
their decision. A review of the literature is given in Section 3.2.

3.1 Semi-, Self- and Unsupervised Learning

This section is an extension of my survey [151] of the year 2021, and will
closely follow the structure of that work. Thus, all abbreviations! are used
in this dissertation without further explanation. Please refer to the initial
survey in Section A.1.2 for comprehensive explanations. The structure of
the survey is shown in Figure 3.1. It can be roughly explained as methods
can use several common ideas and are grouped based on the amount of
labeled data and the time step at which they are used. These groups are
called training strategies and are described in more detail in Figure 3.2.
The survey aimed to be as robust as possible for future developments in
the field, but noted that“we know that these ideas need to be extended in the
future as new common ideas will arise, old ones will disappear, and focus will

le.g. Cross-Entropy (CE),Cross-Entropy (used not as common supervised loss)
(CE*),Clustering Loss (CL)Entropy Minimization (EM)Kullback-Leibler divergence
(KL),Mutual Information (MI),Mean Squared Error (MSE),Mix up (MU),Overclustering (OC),
Pseudo-Labeling (PL), Pretext Task (PT), Virtual Adversarial Training (VAT)
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Learning Strategies Semi-Supervised

Training Strategies One-Stage- One-Stage-Semi- Multi-Stage-Semi- Supervised
Unsupervised Supervised Supervised

Analysis ‘ Comparison concerning used common ideas ‘ ‘ Comparison concerning performance

Discussion | 1. Trend: Real World Applications? H 2. Trend: How much supervision is needed? ‘

| 3. Trend: Combination of common ideas |

Figure 3.1. Overview of the structure of my survey [151] — The learning strategies
unsupervised, semi-supervised, and supervised are commonly used in the liter-
ature. Since semi-supervised learning includes many methods, we have defined
training strategies that subdivide semi-supervised learning. For details about the
training strategies, see Figure 3.2. Each method belongs to a training strategy and
uses several common ideas. A common idea can be a concept like a pretext task
or a loss like cross entropy. Additional methods and common ideas are given
in Section 3.1.1 and Section 3.1.2. The methods are compared to each other in
Section 3.1.3 in terms of the common ideas they use and their performance with
respect to the previously identified trends. Image and caption adapted from [151]

shift to other ideas. In contrast to detailed taxonomies, these new ideas can easily
be integrated as new tags”.> Following the argument, new common ideas
(Section 3.1.1) and methods (Section 3.1.2) with regard to the old elements
from the original survey [151] are added in this section.

The added ideas and methods are sorted by name in descending order.
The results tables from the survey are updated in Section 3.1.3 and it is
checked if the originally defined trends are still valid, if they need to be
updated or if completely new ones emerge.
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Learning Strategy 11 Training Strategy
Supervised - Supervised
. One-Stage-
Unsupervised Unsupervised

One-Stage-Semi-
Supervised

qx Multi-Stage-
i " Semi-Supervised

Figure 3.2. Illustration of the different training strategies — Each row represents
a different combination of data usage during the first and second stages of the
training. The first column gives the name of the learning strategy commonly used
in the literature for that use, while the last column gives the name of the training
strategy used in this study. The second column represents the total amount of
data used. The third and fourth columns represent the data used in the first or
second stage. The blue and gray (half) circles represent the usage of the labeled
data X; and the unlabeled data X, in each stage or in total. A minus sign means
that no further stage is used. The dashed half-circle in the last row indicates that
this dashed part of the data can be used, image and caption adapted from [151]

Semi-Supervised

Semi-Supervised

80600 -
0000-

3.1.1 Extended common ideas
Masked Autoencoder (MAE)

He et al. proposed MAE, a self-supervised pre-training that is well suited
for Vision Transformer (ViT) in [71]. The idea is to encode batches of
images in an arbitrary feature space with a high masking rate, e.g. 75%. A
decoder uses the mask tokens and the generated coding to reconstruct the
full image without masking. This asymmetric design leads to a significant
speedup in training, since the more complicated encoder only has to look
at a small portion of the full image. In general, masking is done by random
sampling, but other approaches have been discussed in this and other

2quotecl from [151] p.6
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works [57]. This type of pretext task found a wide adaptation in other
methods such as [21, 57]. For this reason, it is described as its own general
idea.

Vision Transformer (ViT)

Vision transformers are, as the name implies, transformers for Computer
Vision (CV) on images. Transformers were originally proposed by Vaswani
et al. for Natural Language Processing (NLP) [182]. They replaced com-
monly used recurrent neural networks such as LSTM [74] because they
solved problems such as vanishing gradients and bottleneck information.
Transformers accomplish this by applying multi attention heads to the
entire sentence at each prediction step. Dosovitskiy et al. proposed how
transformers which are designed to work with sequential data can be
applied to a grid data such as an image [46]. The key idea is to split the
image into several patches, flatten the input, assign positions and then treat
the image as sequential data. This data is fed into a transformer encoder
and an additional multi-layer perceptron is used to make the final class
prediction. With enough data, ViT can perform state-of-the-art classifica-
tions. However, in general, several millions of images and huge amounts of
computing power are required to train the transformer encoder. After this
initial encoder training, training or fine-tuning the multi-layer perceptron
is relatively easy and less costly. Unless otherwise noted, all other models
discussed in this extension of [151] are based on Convolutional Neural
Networks such as ResNet50 [69].

Vision Language Model (VLM)

Some recent successes in computer vision with few or no labels have
been achieved using Vision Language Model (VLM) trained on millions
of image-text pairs. These models show a high degree of generalizability
to different tasks and scale with larger models and datasets. They are
particularly useful for zero-shot or unsupervised learning because natural
language can more easily describe the classes and the classification task.
However, Liu et al. showed that this general knowledge may not be
sufficient for specialized applications [100].

30



3.1. Semi-, Self- and Unsupervised Learning

3.1.2 Extended methods
Contrastive Language-Image Pretraining, CLIP

Radford et al. point out that common supervision is restricted to certain
classes and that general image-text pairs allow for a broader scope during
training [137]. Thus, they only train for the correct assignment of captions
to images. For this purpose, they use a text and an image encoder to
embed the images and texts in a feature space. CLIP is trained with a
contrastive loss, which is a symmetric CE loss variant as in [179], on
the pairwise cosine similarities between the image and text embeddings.
CLIP can be used as a zero-shot transfer for image classification by using
a text embedding of class descriptions such as “photo of {class}” and
comparing it to the predicted image features with cosine similarity. For
this reason, CLIP can be considered a one-stage unsupervised method,
and with the addition of a linear classification head, a multistage semi-
supervised method.

Common ideas: CE, CL, (MI),PT, ViT, VLM

DivideMix

Li et al. expand upon the MixMatch method [18] by incorporating Gaussian
Mixture Models to divide the given data into labeled and unlabeled parts
for two parallel models [96]. The primary objective is to ascertain during
training which elements are noisy and therefore, their labels should be
overlooked in the unlabeled data section. One major distinction compared
to other semi-supervised approaches like MixMatch is the use of pre-
trained models on ImageNet rather than randomly initialized networks.
In general, this approach closely resembles MixMatch in terms of the used
common ideas and is one-stage semi-supervised. Common ideas: CE, (EM),
MSE, MU, PL

Self-distillation with no label (DINO)

Caron et al. investigated how self-supervised learning can be applied to
vision transformers [24]. DINO uses a teacher-student approach where the
teacher is an exponential moving average of the student. The difference
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between the student and the teacher is minimized by CE. An important
step to avoid mode collapse is the newly proposed centering, which
encourages convergence to the uniform distribution. This effect can be
balanced by the applied sharpening of the softmax output, which is an
inherent minimization of entropy. They find that SSL works well with ViT,
but also that the trained self-supervised attention heads can be used for
semantic segmentation. If the ViT is trained supervised or if convolutional
neural networks are used, this property is lost or the performance is
degraded. The network is fine-tuned at the end of the desired target
dataset and thus this method is a multi-stage semi-supervised method.
Common ideas: CE, (EM) PT, ViT

FreeMatch

Wang et al. argue that semi-supervised methods such as FixMatch [165]
make suboptimal use of the unlabeled data because they use predefined
thresholds [191]. FreeMatch uses an adaptive threshold on a global and
local scale, which leads to better data utilization especially at the beginning
of training. In the early stages, the model confidences are not sharp,
and thus only adaptive thresholds can determine meaningful images for
training. The global adaptive threshold is an exponential moving average
of the confidences over the entire unlabeled dataset. The local adaptive
threshold is similar but defined per class and thus allows to “modulate the
global threshold in a class-specific fashion to account for the intra-class diversity
and the possible class adjacency”.® To stabilize the training, CE is used to keep
the marginal distribution of all predictions in the desired range. Training
is done in a single stage, making it a one-stage semi-supervised method.
Common ideas: CE, CE*, PL

Masked Autoencoders (MAE)

Masked Autoencoders are not only a common idea but also a method
presented in [71]. It is a Multi-Stage-Semi-Supervised method, because

3quotecl from [191] p.5
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after the pretext task where the loss is reduced with MSE, the ViT is fine-
tuned on a target dataset.
Common ideas: CE, MAE, MSE, PT, ViT

Noisy Student

Xie et al. use the established student-teacher approach, but they alternate
their roles [198]. First, a teacher is trained on the labeled data. A student is
trained on the teacher’s predictions, but with injected noise in the form of
data augmentation and dropout, for example. This should ensure that the
student generalizes better than the teacher and thus the student becomes
the new teacher for the next training iteration. It is important to note that
they used 300 million additional images as unsupervised data during this
process, but is trained in one stage. The process might be iterative but is
still considered one stage with regard to the definition in [151].

Common ideas: CE, PL

Masked Auto-Encoding approach to train an Omnivorous visual encoder
(OmniMAE)

Girdhar et al. noticed that MAE are used for image and video vision
tasks in different papers, but they are trained only for single tasks and
not in unison [57]. They proposed to simplify the network architecture to
learn representations that are suitable for multiple computer vision tasks
such as image and video classification. They show that using image and
video data together during the self-supervised MAE allows to increase the
masking ratio to 90 or 95%, which further improves the training time. The
ViT is finally fine-tuned to the target domain, which makes it a multistage
semi-supervised method.

Common ideas: CE, MAE, MSE, PT, ViT

Retrieval-Augmented Customization (REACT)

Liu et al. found that high generalizability is achieved with Vision Language
Model (VLM) by using more and more data for pretraining [100]. They
suggest adjusting the data used during fine-tuning. The idea is that a
human would also filter for relevant information before learning. REACT
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can be used without any further labeled data by using the class names as
queries to the VLM and using these images as labeled data for fine-tuning
a classification head, thus it is a multi-stage semi-supervised method. It is
debatable whether this form of supervision (text-image pairs) on the Web
should be considered unlabeled data or weakly labeled data. This process
could also be replaced or supplemented with image label pairs from the
target dataset. They can achieve acceptable results for many datasets, but
achieve inferior results for highly domain-specific datasets such as the
cancer cell regonition benchmark. Liu et al. attribute this problem to the
fact that the images retrieved for model adaptation are not similar enough
to the target domain dataset, and thus the adaptation fails.

Common ideas: CE, CL, (MI), PT, PL, ViT,VLM

Representation Learning via Invariant Causal Mechanisms (RELICv2)

Tomasev et al. extend the previously introduced method RELIC [113] to
real-world classification [174]. They argue that self-supervised learning
may learn based on spurious features such as background or unrelated
items, which is undesirable. RELIC uses instance classification via con-
trastive learning as in [27] and invariant prediction by penalizing with KL
the difference between the predictions of two different augmentations of
the same image. Tomasev et al. extend this by adding saliency masking
and more and different sizes for the augmented views during training. The
saliency masking is a form of pseudo-labeling and is used to randomly
remove the background of each image with a small probability. This moti-
vates the learning of more robust features. The network is then fine-tuned
on a target dataset, making it a multi-stage semi-supervised method. They
claim to be the first to consistently beat the supervised baseline, regardless
of the ResNet architecture.

Semi-Supervised Vision Transformers (Semi-ViT)

Cai et al. propose a three-stage semi-supervised training protocol with
ViT [21]. The first stage is self-supervised pre-training with MAE, the sec-
ond is supervised fine-tuning on the labeled dataset, and the third stage is
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semi-supervised fine-tuning using additional unlabeled data. Overall, this
makes it a Multi-Stage-Semi-Supervised method. The last stage is inspired
by the FixMatch [165] training protocol, but allows an exponential moving
update of the student to the teacher weights. They also propose Probabilis-
tic Pseudo Mixup, which applies MixUp to labeled and unlabeled data.
For unlabeled data, the pseudo-labels are used and the mixup ratio for
blending the images depends on the confidence about these pseudo-labels.
Common ideas: CE, CE*, PL, ViT, MSE, PT, MAE, MU

3.1.3 Extended comparison

The extended summary tables from the survey are given and discussed
in this section. The extended comparison of the relationship between the
added methods and the common ideas is given in Table 3.1. The reported
results are given for single-stage methods in Table 3.2 and for multi-stage
methods in Table 3.3. Table 3.4 reports additional results with even less
supervision than the default values defined in [151].

The three previously identified trends are discussed in relation to these
new findings in their respective subsections below.

Trend 1: Real World Applications?

The survey found that “most methods are not scalable to high-resolution and
complex image classification problems”,* but also that some methods like
FixMatch were suitable for this task. This trend is clearly continuing and
even increasing. Most papers no longer report results on simpler datasets
like CIFAR-10 or STL-10, but only on the ImageNet dataset. For example,
MAE can achieve about 87% ACC on Imagenet when a linear evaluation
head is trained on the full dataset, and REACT can even achieve about
79% without using any labels from the official ImageNet dataset, which is
better than FixMatch with 10% of the labels at about 72%.

4quotecl from [151] p.19
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Table 3.1. Overview of methods and common ideas used - On the left, the reviewed
methods are sorted by training strategy. The top row lists the common ideas. The
last column and some rows summarize the use of ideas per method or training
strategy. Legend: (X) The idea is used only indirectly. Table adapted from [151].
Newly added methods and ideas are separated from the original data.

CE CE* EM CL KL MSE MU MU OC PT PL VAT ‘ MAE ViT VLM Os“l‘:;’“
One-Stage-Semi-Supervised
Pseudo-Label [95] X X X 3
7 model [92] X X 2
Temporal Ensembling [92] X X 2
Mean Teacher [171] X X 2
VAT [114] X X 2
VAT + EntMin [114] X X X 3
ICT [183] X X X X 4
fast-SWA [7] X X 2
MixMatch [18] X ) X X X 5
EnAET [190] X X) X X X AET X 7
UDA [197] X X X ) 4
SPamCO [108] X X X X 4
ReMixMatch [17] X X X X Rotation X 7
FixMatch [165] X X X X 4
DivideMix [96] X ) X X X 5
FreeMatch [191] X X X 3
NoisyStudent [198] X X 2
Sum 1443 441 641 0 2 81 41 1 0 2 83 2 | 0 0 0 47+10
Multi-Stage-Semi-Supervised
Exemplar [45] X X Augmentation 3
Context [43] X X Context 3
Jigsaw [124] X X Jigsaw 3
DeepCluster [22] X X X Clustering X 5
Rotation [56] X X Rotation 3
CPC [72,179] X X X ) CL 5
CMC [172] X K X ) cL 5
DIM [73] X X MI 3
AMDIM [8] X X MI 3
DMT [99] X X Metric X 4
IC [80] X X X MI 4
S*L [203] X X X Rotation X X 6
SimCLR [27] X K cL 3
MoCo [70] X X Metric 3
BYOL [62] X X Bootstrap 3
FOC [149] X ® X X MI 5
SimCLRv2 [28] X ® X cL X 5
CLIP [137] X X ) cL X X 6
DINO [24] X ) CE X 4
MAE [71] X X MAE X X 5
OmniMAE [57] X X MAE X X 5
REACT [100] X X ) CL X X X 7
RelicV2 [174] X X X X cL X 6
Semi-ViT [21] X X (X2 X MAE X X X 8
Sum 1747 1142 141 443 041 143 0+l 6+2 3 1747 443 1 | 0+3 046 0+2 65+41
One-Stage-Unsupervised
DAC [25] X 1
IMSAT [76] X X 2
TIC [80] X X MI 3
FOC [149] X X MI 3
SCAN [180] X cL X 3
CLIP [137) X ) cL X X 5
REACT [100] X ) cL X X X 6
Sum 0 0 0 02 0 0 0 32 3 342 21 1 | 0 02 0+2 12411
Overall Sum 31410 5443 7+1 4+44 2+41 944 41 10+4 6 2249 1447 4 | 043 048 0+4 124462
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Table 3.2. Overview of the reported accuracies for one-stage methods - The first
column indicates the method used. For the supervised baseline, we used the best
reported results that were considered as baselines in the referenced papers. The
original paper is given in parentheses after the result. The architecture is given in
the second column. The last four columns give the top-1 accuracy score in % for the
respective dataset. Legend: T 100% of the labels are used instead of the default value
defined in [151]. ¥ A multilayer perceptron is used for fine tuning instead of a fully
connected layer. Notes on special architectures and scoring: ! Architecture includes
shake-shake regularization. > Network uses wider hidden layers. > Method uses ten
random classes out of default 1000 classes. * Network predicts only 20 superclasses
instead of the default 100 classes. > Inputs are pre-trained ImageNet features. ©
The method uses different copies of the net for each input. 7 The network uses
selective kernels [97]. 8 Uses an additional 300 million unlabeled images. 9 Uses a
vision language model to define the desired classes. Table adapted from [151].

Architecture Publication ~ CIFAR-10 CIFAR-100 STL-10 ILSVRC-2012 ILSVRC-2012 (Top-5)
Supervised (100% labels) Best reported - 98.01[190] 79.82[8] 68.7 [73] 85.7 [175] 97.6 [175]
One-Stage-Semi-Supervised
Pseudo-Label [95] ResNet50v2 [69] 2013 82.41 [203]
7t model [92] CONV-13 2017 87.64
Temporal Ensembling [92] CONV-13 2017 87.84
Mean Teacher [171] CONV-13 2017 87.69
Mean Teacher [171] Wide ResNet-28 2017 89.64 90.9[28]
VAT [114] CONV-13 2018 88.64
VAT [114] ResNet50v2 2018 82.78 [203]
VAT + EntMin [114] CONV-13 2018 89.45
VAT + EntMin [114] ResNet50v2 2018 86.41 [203] 83.3 [203]
ICT [183] Wide ResNet-28 2019 92.34
ICT [183] CONV-13 2019 9271
fast-SWA [7] CONV-13 2019 90.95 66.38
fast-SWA [7] ResNet-26! 2019 93.72
MixMatch [18] Wide ResNet-28 2019 95.05 74.12 94.41
EnAET [190] Wide ResNet-28 2019 94.65 73.07 95.48
UDA [197] Wide ResNet-28 2019 94.7 68.66 88.52
SPamCo [108] Wide ResNet-28 2020 92.95
ReMixMatch [17] Wide ResNet-28 2020 94.86 76.97[165]
FixMatch [165] Wide ResNet-28 2020 95.74 77.40
FixMatch [165] ResNet-50 2020 71.46 89.13
Noisy Student [198] EfficientNet-L2 [169] 2020 88.418 98.718
One-Stage-Unsupervised
DAC [25] All-ConvNet 2017 52.18 23.75 46.99 52.72%
IMSAT [76] Autoencoder® 2017 45.6 275 94.1
1IC [80] ResNet34 2019 61.7 25.74 59.6
FOC [149] ResNet34 2020 60.45
SCAN [180] ResNet18 2020 88.3 50.74 80.9
CLIP [137] ViT-L 2021 75.3°[100]
REACT [100] ViT-L 2023 785
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Table 3.3. Overview of the reported accuracies for multi-stage methods - The first
column indicates the method used. For the supervised baseline, we used the best
reported results that were considered as baselines in the referenced papers. The
original paper is given in parentheses after the result. The architecture is given in
the second column. The last four columns give the top-1 accuracy score in % for the
respective dataset. Legend: T 100% of the labels are used instead of the default value
defined in [151]. ¥ A multilayer perceptron is used for fine tuning instead of a fully
connected layer. Notes on special architectures and scoring: ! Architecture includes
shake-shake regularization. 2 Network uses wider hidden layers. > Method uses ten
random classes out of default 1000 classes. * Network predicts only 20 superclasses
instead of the default 100 classes. > Inputs are pre-trained ImageNet features. ©
The method uses different copies of the net for each input. 7 The network uses
selective kernels [97]. 8 Uses an additional 300 million unlabeled images. 9 Uses a

vision language model to define the desired classes. Table adapted from [151].

Architecture Publication CIFAR-10 CIFAR-100 STL-10 ILSVRC-2012 ILSVRC-2012 (Top-5)
Supervised (100% labels) Best reported 98.01[190] 79.82[8) 68.7 [73] 857 [175] 97.6 [175]
Multi-Stage-Semi-Supervised
Exemplar [45] ResNet50 2015 46,01 [85] 81.01 [203]
Context [43] ResNet50 2015 5147 [85]
Jigsaw [124] AlexNet 2016 446 [85]
DeepCluster [22] AlexNet 2018 73.4 [80] iy
Rotation [56] AlexNet 2018 5547 [85]
Rotation [56] ResNet50v2 2018 78.53 [203]
CPC [72] ResNet-170 2020 77.45" [73] 77.811 [73] 61.0 84.88
CMC [172] AlexNet 2019 86.88¢
cMC [172] ResNet-50° 2019 70.6 89.7*
DIM [73] AlexNet 2019 72574
DIM [73] GAN Discriminator 2019 75.211% 49.747%
AMDIM [8] ResNet18 2019 91.3" /936 702 / 73.81 93.6 / 93.8 60.2" / 60.91
DMT [99] Wide ResNet-28 2019 88.70
1IC [80] ResNet34 2019 85.76 [149] / 88.8"
S'L [203] ResNet50v22 2019 7321 91.23*
SimCLR [27] ResNet50v22 2020 74.4 [28] / 76.5" 92.6 / 93.21
MOCO [70] ResNet50v22 2020 68.6"
MOCO [70] ResNet50v2 2020 60.6" / 71.114[29]
MOCO [70] ViT-S 2020 72.71 [24]
BYOL [62] ResNet200? 2020 77.7 93.7
BYOL [62] ResNet2002 2020 79.67 94.87
BYOL [62] ViT-$ 2020 7141 [24]
FOC [149] ResNet34 2020 86.49
SimCLRv2 [28] ResNet-15227 2020 80.9% 95.5%
DINO [24] Resnet50 2021 75.3"
DINO [24] ViT-B 2021 80.1"
CLIP [137] ViT-L 2021 84.7[100]
MAE [71] ViT-B 2021 83.67
MAE [71] ViT-H 2021 86.9"
RELICv2 [174] ResNet50v2* 2022 79.41
RELICv2 [174] ResNet200? 2022 80.67
Semi-ViT [21] ViT-H 2022 843 96.6
OmniMAE [57] ViT-B 2022 83.0
OmniMAE [57) ViT-H 2022 86.57
REACT [100] ViT-B 2023 81.8°
REACT [100] ViT-L 2023 85.1°
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Table 3.4. Overview of reported accuracies with less labels - The first column
shows the method used. The last seven columns report the top-1 accuracy in % for
the given data set and number of labels. The number is given either as an absolute
number or as a percentage. An empty entry represents the fact that no result was
reported. i only 100 labels per class Table adapted from [151].

CIFAR-10 STL-10 ILSVRC-2012 ILSVRC-2012 (Top-5)

4000 1000 250 5000 1000 10% 1% 10% 1%
One-Stage-Semi-Supervised
Mean Teacher [171] 89.64 82.68 52.68
ICT [183] 92.71 8452 61.4[18]
MixMatch [18] 93.76 92.25 88.92 94.41 89.82
EnAET [190] 94.65 93.05 92.4 95.48 91.96
UDA [197] 95.12[165] 91.18[165] 92.34[165]  68.66 88.52
ReMixMatch [17] 94.86 94.27 93.73 93.82
FixMatch [165] 95.74 94.93 94.83 7146 56341 [191] 89.13  78.201 [191]
FreeMatch [191] 95.90 95.12 95.10 94.37 59.43 81.23"
Multi-Stage-Semi-Supervised
DMT [99] 88.70 80.3 X
SimCLR [27] 74.4(28] 63.0[28] 92.6 85.8
BYOL [62] 777 71.2 93.7 89.5
SimCLRv2 [28] 80.9 76.6 95.5 93.4
Semi-ViT [21] 843 80.0 96.6 93.1
CLIP [137] 84.7 80.5
React [100] 85.1 81.6

The survey also noted that methods are often evaluated only on bal-
anced and manually cleaned datasets. Based on the reported results, this
trend continues, but some papers also report results on more difficult sub-
sets of ImageNet [198] or even benchmarks with multiple datasets [100].
However, ImageNet still seems to be the most common evaluation dataset.

Trend 2: How much supervision is needed?

The second trend describes the shrinking gap between supervised training
and SSL. Secondly, it states that unsupervised methods may not be as
important as semi-supervised methods with very few samples. The gap is
narrowing, as described in the previous paragraph, and sometimes it is
already surpassed as described in the RelicV2 paper [174]. In particular,
the use of Vision Language Model (VLM) drastically reduces the required
amount of labeled data and allows some kind of unlabeled approaches
with high performance. Depending on the interpretation, if defining the
classes with natural language is equivalent to using no or few samples per
class, the use of semi- or unsupervised methods is more promising.
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Trend 3: Combination of common ideas

The survey revealed that some common ideas are not often used in com-
bination with each other. These missing combinations represent oppor-
tunities for future research. The sample size of this survey is too small
to draw conclusions about all the research done, but the top performing
approaches do not seem to combine more different approaches. However,
ideas such as MAE, CL, PL, ViT are used in most of the newer methods.

3.2 Proposal guided annotations

The usage of proposals, pseudo-labels, model suggestions or computer-
generated entries as labels or as a prior for annotation is well documented
in the literature under various names [41, 105, 130, 159]. Positive effects
on the labeling speed and quality have been reported in small user studies
(n=54) [42] and by us in a proof-of-concept evaluation [149, 154]. The
literature describes different information that can be provided to the
annotators besides the prediction and finds different effects [47, 141].
Dudely et al. show that the quality of the predictions is important and that
they lead to improved results in deception detection [47]. In contrast to this,
Zhang et al. find that for income prediction, only the model confidence
has a significant positive impact compared to the prediction itself [204].
Even when the problem of ambiguity is recognized, proposals are often
only used to automatically [131] or human-verified [16] correct error cases,
rather than to estimate the underlying distribution.

The downside of using proposals is the default effect [78]. Annotators
are more likely to accept the default option that is provided as proposal.
We have shown that this effect leads to skewed distributions/introduction
of a bias [154, 155] compared to annotations without proposals. In [155]
we also analyze this bias and provide possible correction methods, which
are described in detail in Section 5.4 and Section 6.3. Schulz et al. found
no noteworthy bias in the segmentation and classification of epistemic
activities in diagnostic reasoning texts, while reporting improved speed
and quality [159].

Despite the potential downside of the default effect, proposals remain
highly valuable due to their documented positive impact on annotation
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speed and consistency. They provide additional information during the
annotation process that can help to guide and enhance the process. While
biases need to be addressed, proposals play an important role in error
correction and estimation of underlying distributions.
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Chapter 4

Overview about the methodology

To answer Research Question 2: “How can improved data quality for image
classification be quantified?” (RQ2) and Research Question 3: “What are
the implications of using proposals to guide the annotation process for
image classification?” (RQ3), an overview of the methodology used is
given in this chapter before it is described in detail in the next chapters.
The necessary components of the provided methodology vary depending
on the use case. The relevant distributions are introduced in Figure 4.1.
They are described in detail and are followed by a description how these
distributions can be converted into each other and lastly possible use cases
are described as examples.

& O

Annotations Annotations
without proposal with proposal

Approximation a

classes

probability

Figure 4.1. Illustration of relevant distributions for creating high-quality data — The
figure illustrates the creation of the desired distribution (green), the approximation
of the ground-truth, through the adoption of detour distribution (red) in order to
be as close as possible to the Ground-Truth (GT) distribution (blue).
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4. Overview about the methodology

GT distribution (blue) As discussed in Section 2.2.4, we need soft GT
data for each image. However, there are only a few datasets [111, 133, 193]
with soft labels as GT which allow to measure an improved probability
distribution. For this reason, we proposed a data-centric benchmark (see
Section 5.1) to allow a multi-domain evaluation on soft labels in [152].
Moreover, this benchmark proposes a two-phase evaluation scheme, which
allows a better separation of the improvement of the data or the model.
This gives us the blue distribution shown in Figure 4.1 and Figure 4.2.

Approximation of GT distribution (green) Ideally, another distribution
like the green one in Figure 4.1 would be approximated first and then
compared to the GT distribution (blue). However, this direct approximation
requires multiple annotations per image to create high-quality soft labels.
Thus, direct approximation of the green distribution is expensive even for
smaller labeled datasets.

Detour distribution (red) Therefore, a slightly different distribution
(shown in red) is approximated first, which can be achieved more cost-
effectively. Such a distribution can be obtained by averaging over multiple
annotations that have been annotated using a proposal. The advantage
of using proposals is that they allow faster annotation and thus reduce
costs. The methods for creating such proposals with Fuzzy Overclustering
(FOC) and Data-Centric Classification & Clustering (DC3) are discussed
in Section 6.1 and Section 6.2. They can introduce bias because people
tend to take the default option (see the default effect in Section 3.2),
which results in the shifted red distribution instead of the desired green
distribution. It can be shown that using overclustering proposals directly is
not optimal, and thus this dissertation proposes Overclustering Stochastic
Proposal (OSP) to exploit the full potential of overclustering proposals (see
Section 6.4).

How to create distributions from other distributions As mentioned
above, a good prediction of the GT (blue) distribution is desirable. There-
fore, transitions between the blue/green and red distributions must be com-
putable. These transitions are called Simulated Proposal Acceptance (SPA)
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Figure 4.2. Illustration of proposed methodology to create high-quality data on the
example of an idealized distribution across all classes for a single image — The dif-
ferent distributions are introduced in Figure 4.1. The white text indicates proposed
methodology of this dissertation. The GT distribution is often not computed in
public datasets, so the proposed benchmark gives the distribution for 10 different
datasets. The transition to the red distribution is necessary because it would be too
costly to estimate the green/blue distribution directly. The transition from the GT
distribution (blue) to the red distribution created by annotations with proposals
can be created with the proposed method Simulated Proposal Acceptance (SPA)
for faster development. The proposals mentioned above can be generated by the
proposed methods Fuzzy Overclustering (FOC) or Data-Centric Classification &
Clustering (DC3). The correction of a possible introduced bias can be achieved by
the proposed method Cost-effective LabEling using Validated proposal-guidEd
annotations and Repaired LABELs (CleverLabel), which describes the transition
from the red to the green distribution.

and Cost-effective LabEling using Validated proposal-guidEd annotations
and Repaired LABELs (CleverLabel) (see Figure 4.2). SPA can be used to
simulate the acceptance behaviour of humans with regard to proposals
for a repeatable and low cost simulation during the development process.
CleverLabel combines two distribution enhancement methods to revert
or minimize the effect of the introduced bias in the red distribution and
convert it to the desired green distribution. Both methods are described
in detail in Section 5.4 and Section 6.3, respectively. For evaluation, this
dissertation uses the Simulated Proposal Acceptance (SPA) and human
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(c) Evaluation of high-quality data

Figure 4.3. Different use cases for the provided methodology in this dissertation

annotations on real-world applications described in detail in Section 5.3
for the biased red distribution.

Metric A measure of the difference between the two distributions (blue,
green) needs to be defined after the distribution based on proposals (red)
has been adopted with CleverLabel as a better prediction (green) of the
GT distribution (blue). The main metrics used for this comparison are
described in Section 5.2.

Resulting strategy Given the results of the previous methodology, our
Strategy for creating high-quality iMage Annotations with human Reliablity
and judgement enhancemenT (SMART) is described in Section 6.5. This
strategy includes the process suggested above and possible alternatives
based on a specific use case. Thus, the SMART answers Research Question
4: “"How should ambiguous data be annotated based on the results of
RQ1, RQ2 and RQ3?” (RO4) and can be seen as the main result of this
dissertation.
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Figure 4.4. Workflow from unlabeled image data to high-quality label distributions
— This workflow is founded on SMART (see Section 6.5 for more details). The
process begins with a set of unlabeled images (represented by grey squares)
with the distribution of the marked image (x) across the classes blue and green
being unknown (see “I. Collect Images”). Step two, “II.Create Proposal”, generates
proposals for each image using variant a or b, with and without Overclustering
(OCQ), respectively. Variant a uses SSL to create high quality pseudo-labels for each
image which can be used as proposals. For the next step, all proposals are grouped
based on their respective proposed class. Variant b is analogous but additionally
uses DC3 to group some images into clusters instead of just classes. The method
OSP is necessary to create meaningful proposals from these clusters for every image
in the next step. It is noteworthy that both options yield comparable results; Variant
A is less complex, whereas Variant B yields higher downstream image classification
performance. In step “IIl. Annotate” all images are annotated multiple times. For
each iteration, the images are shown in a grid (see four example grids in figure). It
is important that all proposals for each image in the current grid are identical. The
annotator only needs to reannotate the anomalies of the proposed category/cluster.
This setup reduces annotation time and increases consistency in annotations based
on proposals. The average across all iterations can be summarized for the marked
image (x) as the red distribution across the blue and green classes. The use of
proposals may introduce bias towards the proposed class (see red distribution) as it
is more likely to be accepted by an annotator than any other class. The CleverLabel
method equalizes the distribution to minimize potential bias, resulting in the green
distribution shown in the figure. This output can be utilized to train a neural
network or compared to a GT distribution (not shown in the figure) to measure
quality.
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4. Overview about the methodology

Use Cases In Figure 4.3, three different use cases are described for which
this dissertation methodology could be used.

The first use case, describes the research about how to create high-
quality data. To collect such annotations, it is not practical to rely on
human input for every iteration in the development process. SPA enables
the creation of comparable annotations from the known distribution of GT
to expedite the development process. This approximation facilitated the
investigation for generating high-quality data in this dissertation.

The creation of high-quality data is explained in the second use case.
The detour distribution is determined through human annotations or
generated as in the first use case. The CleverLabel technique can be utilized
to produce an enhanced label distribution, resulting in higher quality data.
It is important to note that in general, objective evaluations of data quality
cannot be made. This use case can be seen as the most important one
because it is has the broadest scope. Our overall strategy, as outlined in
Section 6.5, is reflected in the detailed workflow presented in Figure 4.4.

The third use case serves to demonstrate the potential for evaluating
data quality. Only if GT data is available can an evaluation of the quality
be performed by comparing the created approximation (green) with the
GT distribution.

The complete methodology of this dissertation, comprising of all use
cases, is illustrated in Figure 4.2.
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Chapter 5

How to measure data quality?

Before discussing improvement methods for data quality in the next
chapter (Chapter 6), it is necessary to define how to measure improved
data quality. Therefore, the main datasets used in this dissertation and a
corresponding benchmark are presented in Section 5.1. The metrics used
to measure the differences are defined in Section 5.2.

To evaluate the influence of proposal systems on human annotations,
it is important to either conduct human case studies (see Section 5.3) or to
simulate their behavior (see Section 5.4). Both options are explored and
their main results are summarized in their respective sections.

5.1 Benchmark

The proposed benchmark holds great significance for this dissertation
because it outlines the primary evaluation setup, which differs from tradi-
tional model-centric approaches. While not every method is assessed using
this benchmark (refer to Chapter 6), the cohesive evaluation presented in
Chapter 7 is solely reliant on this setup. The creation of our benchmark
was motivated by two factors: insufficient data and a data-centric approach.
Both reasons are discussed below.

The number of datasets that provide multiple annotations per image to
approximate P(L* = -) is limited. Only CIFAR10H [133], CIFAR10N [193]
and ImageNet Real [19] are known datasets with this desired property.
However, CIFAR10N contains more images than CIFAR10H but fewer
annotations per image and ImageNet ReaL contains 1000 classes of man-
ually cleaned images which was not a common real-world classification
problem. Prior to the benchmark, our previous models were evaluated on
other real world datasets such as plankton [149], turkey [184, 186] or mice
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5. How to measure data quality?

Table 5.1. Overview of the used datasets — # is an abbreviation for number. The
class imbalance is given as the percentage of the smallest and largest class with
regard to the complete dataset. The agreement is the percentage of annotations
that agree with the majority vote. The scores ACC and ACC are given for the
supervised baseline across three test folds. The metrics are defined in Section 5.2.
The access describes if the (raw) data is available openly, requires permission
(restricted) or was not previously available (N/A) [before our benchmark]. In the
last column, datasets with modifications to the original data are marked with X.
A modification might be adding more annotations or crop images to a region of
interest. Copied/Adapted from [152]

Name #classes Inputsize [px] #Images Class Imbalance %] (%] # i ACC [%)] ACC [%)] Access  Updated
Smallest  Largest Mean + STD Mean + STD  Mean + STD Mean + STD
Benthic 10 112x112 4867 231 3066 8261+ 1967  454+201 6417+ 063 8336+ 047 Restricted X
CIFAR-10H 10 32x32 10000 9.88 10.16 95.44 + 8.91 51.10 + 1.54 90.75 + 0.39  95.72 + 0.12 Open
Mice Bone 3 224 %224 7240 14.75 70.48 85.06 + 17.52 1530 +£21.90 61.88 +9.44 7839 +1.95 Restricted X
Pig 4 9696 10237 7.82 4123 653241950  726+229 3597 +361 6477+079  N/A X
Plankton 10 96x96 12280 4.16 30.37 93.26 + 13.60 2438 + 4417 89.89 + 0.82 9241 + 041 Restricted
Quality MRI 2 224x224 310 3484 6416 7156 +1227  99.94 + 13.44 75.81 +0.17  Restricted X
Synthetic 6 224x224 15000 16.17 17.57 74.41 + 24.28 98.86 + 0.99 74.65 + 0.34 N/A X
Treeversity#1 6 224 %224 9489 9.98 30.67 88.60 + 16.13 14.78 + 7.06 89.20 + 0.31 Open X
Treeversity#6 6 224x224 9826 8.7 3126 6653+ 1948 3545 + 1147 6888072  Open X
Turkey 3 192x192 8040 10.88 75.95 91.56 + 13.82 14.85 + 20.95 86.89 + 1.03  Restricted X

bone fiber classification [148]. The benchmark includes CIFAR10H [133],
the three datasets mentioned above and 6 new datasets from the areas
of seafloor classification [94, 157], pig tail injury classification [20], MRI
image quality classification [125, 166], synthetic color discrimination [149]
and plant image classification!. A complete overview of the main dataset
characteristics is given in Table 5.1. All datasets are divided randomly
into five stratified folds based on the class distribution. Three subsets
per dataset are generated by rearranging which three folds are used for
training, validation, and testing. This subset is referred to as a data set
split. Every subset is evaluated, enabling cross-validation across different
splits. While more than three splits are possible with five folds in theory,
this would significantly increase the required computing resources. For
more information, refer to [152] and Section A.1.5.

The second motivation for the benchmark was to improve the data,
not just the model. As shown in Figure 5.1, methods are often evaluated
directly on the same data on which they are trained. Thus, if the training
data contains ambiguous labels that lower the prediction performance, it is
difficult to distinguish between the effects of the model and the data. The

1https ://arboretum.harvard.edu/research/data- resources/
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Figure 5.1. Comparison of our data-centric approach with the commonly used
model-centric approach. The circles and arrows represent the label information
available in addition to the corresponding images. The squares represent the meth-
ods that generate / modify these labels. There are two main differences between
our approach and the common model-centric approach. Firstly, we also consider
how the raw unlabeled data is initialized and thus how many annotations are
needed. Secondly, we use a fixed model to evaluate the performance of bnech-
marked method. These differences lead to a greater separation of data quality and
method performance on the final scores of the predicted labels. Cited/Copied
from [152]

benchmark therefore consists of a two phase approach to better separate
their effects. The structure can be described as follows:

“The main structure of the benchmark is divided into a Labeling and an
Evaluation phase (see Figure 5.1a) which is comparable to established Teacher-
Student-Approaches [92, 171]. Using this denotation, the benchmarked method
will, as a teacher, improve labels during the first phase. These are then benchmarked
in the second phase by analyzing their quality as training input to a student
model. Be aware that we do not allow a knowledge transfer from the second phase
to the first phase.

In detail, during the Labeling phase, we use samples from the distribution of
the above-mentioned annotations to get different realistic label estimates as an
initialization. The task of the benchmarked method is to improve these estimates
for better performance of an other classification model in the second phase. In
that phase (Evaluation), the obtained labels are used as input for training a fixed
model and its performance is measured on a testing subset of the original data. In
contrast to common model-centric deep learning approaches (see Figure 5.1b), we
can vary the initialization for the same method and better separate its performance
from the data improvement. The fixed model is used for the evaluation to facilitate
distinguishing between performance gains due to improved input data and better
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5. How to measure data quality?

learning of the method itself.”> A full overview of the benchmark pipeline is
also given as pseudo-code in Algorithm 1. For more details see the original
paper [152] or the published source. code?

In the benchmark, 20 methods were evaluated as baseline compar-
isons. The default reference point (called Baseline in [152] and called
GT(-Sampler) in this work) samples from the soft GT distribution (P(L*))
and can be seen as an approximation of the performance of human anno-
tators without the guidance of proposals for the classification task. The
other 19 methods are as described in [152]: “The supervised methods are Het-
eroscedastic [34], SNGP [101], and ELR+ [102]. The semi-supervised methods
are Mean-Teacher [171], rt-Model [92], FixMatch [165], DC3 [154], Pseudo-Label
[95], and DivideMix [96]. The self-supervised methods are BYOL [62], MO-
COv2 [29], SimCLR [27], and SWAV [23]. [...] For DC3[154], we investigated
the combinations with Mean-Teacher, 7t-Model, FixMatch, and Pseudo-Label. For
Pseudo-Label, we used two different implementations (v1 and v2) and variants
with or without pretraining and soft or hard labels as input.”* For more de-
tails about the methods, please see the original benchmark [152] or our
survey [151].

The main results of our benchmark paper are

> one annotation is not enough to capture the label ambiguity, while soft
labels are a way to capture this ambiguity.

> improved data quality leads to improved performance on multiple
metrics, but comes at a higher cost in terms of annotation time (see
Section 5.2.4).

> a shift from optimizing only hard label classification performance to
improving GT distribution estimation, for example by using soft labels,
could potentially overcome issues such as overconfident models. This
conclusion is based on the reported lower ECE scores with increased
budget (b) (see Section 5.2).

2quoted from [152] p.2
3https://gi‘thub.com/Emprime/dcic
4quotecl from [152] p.6
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5.1. Benchmark

Algorithm 1 Benchmark pipeline — For one dataset, the images are pro-
vided without labels in three subsets for training, validation, and testing,
represented by Xry,in, Xv,1, and Xt respectively. The oracle () can pro-
vide human-like annotations but at the cost of increasing the budget b.
However, applying the oracle () on any images within the test set (Xrs)
is prohibited. The variables pj,pereq and #4un0s indicate the percentage of
training and validation data to be annotated during initialization (init,
orange block in Figure 5.1a) and the number of annotations per image,
respectively. L1, Ly,, and Lys represent the labels generated in the
pipeline for training, validation, and testing, respectively. Each set may
contain soft-labels corresponding to the image set (X). SSL algorithms can
still use this data while supervised deep learning methods will ignore
this image during training or validation. The function method serves as
the benchmark method (green block in Figure 5.1a). This function may
ignore, extend, enhance, or alter the provided labels. The metrics (metrics)
are calculated solely on the test set (X;est) thus labels must be provided
for every image x € Xr,s. Detailed descriptions of the calculated metrics
are provided in Section 5.2. The function train describes a supervised
training on the provided labeled images in Xt,4;;, and Xy,;. This training
can not be influenced by the user except from the provided Lrty,iy, Ly,
This yields in a trained model ®, which predicts (predict) soft-labels for
all test images Xt.s- The function metrics is used to calculate the final
results of the benchmark (see details in Section 5.2).

ReqUire: XTminr XValr XT(ZStr Q, Plabeled, Mannos

> Labeling phase
LTminr LValr — init(XTrainr XValr XTestr Q, Plaveleds nannOS)
> init orange block in Figure 5.1a

Lvain, Lvat, LTest < method(Xtvgin, Xvar, XTest, & LTrain, Lvar, LTest)
= method is a user-defined function, green block in Figure 5.1a

KL, ACC, F1 « metrics(Lps) & details in Section 5.2
= Evaluation phase

D — train(Xrprain, Xvat, LTrain, Lval) > Blue block in Figure 5.1a

Lest < predict(®, Xrest)

KL, ACC, F1 « metrics(Lrpst) = details in Section 5.2
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5.2 Metrics

The main objective of this dissertation is to handle ambiguous data and
thus a measure of improved data quality must be defined (see Research
Question 2.2: “What metrics and algorithms are needed to quantify im-
proved data quality?” (RQ2.2)). Based on the definition of the GT distri-
bution (P(L* = -)), this objective can be interpreted as minimizing the
difference between the network output ®(x) and P(L* = -) (both inter-
preted as probability distributions). Let K be the number of classes and
®(x),P(L* =-) e [0,1]K.

5.2.1 Measuring distributional differences

The Kullback-Leibler divergence (KL) is an established metric to measure
the difference between two probability distributions [90, 117] and is in our
case given by

KL(P(LY = ,0(x)) = 3" P(L* = ) Tog(LLE=8))
k=1 D(x)x
) o
- —k;P(L =k) .log(m)_

Closely related to this is the common loss function for image classifica-
tion, the cross-entropy, which in our case is given by

K
CE(P(L* =), ®(x)) = —];P(Lx = k) - log(®(x)x)

= f P(L* = k) -log(P(L* = k)) (5.2)
k=1

+KL(P(L* = ), ®(x))

= H(P(L* = ) + KL(P(L* = -), ®(x))

where H is the entropy of P(L* = -). CE is identical to KL up to the
entropy H and the full proof is given in the supplement of [149]. The
metric CE is not optimal due to the fact that the entropy is a fixed value
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for a given soft GT distribution that varies between images. Thus, it would
distort the results and make them less interpretable.

It is important to note that when the two-stage approach of the bench-
mark is used, the metric KL refers to the comparison of the predictions
of the fixed model with the GT. The comparison of the results of the first
stage with the GT is defined in Section 5.2.3. The results of the second stage
are used instead of the first stage because this dissertations aims to assess
data quality by evaluating the downstream classification performance of
the training labels.

5.2.2 Associated metrics

Accuracy (ACC) is a common image classification metric that counts the
correctly predicted class labels for a set of images X with N images and is
defined by

1
i

k = argmaxX | P(L* =k,
K = argmaxX  ®(x);)

M=

]Ik:k’/

Il
—_

(5.3)

where 1 is the indicator function. In this dissertation, ACC does not
refer to the average accuracy of the complete image set X, but to the
macro average over all classes. The macro ACC averages the ACC per
class to obtain interpretable metrics even for long-tailed distributions. The
literature also suggests other classification metrics, such as the Fl-score.
However, we found in [152] that the macro averages of F1 and ACC have a
correlation of 0.99, so this dissertation will rely on ACC. The disadvantage
of this measure is that it does not account for uncertainty.

Expected calibration error (ECE) is a metric for measuring the calibra-
tion of a model [65]. The motivation for ECE is that if a model predicts,
say, a label with 90% confidence, it should be correct 90% of the time. The
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metric is not defined per image, but over a complete set of N images X by

ECE(X) = i %IACC(B;J) —conf(By)|
b:1 (5.4)
conf(By) = — 2 D(x

XEBb

for B bins By, ..., By with U;lj:le = X; np = |By| images per bin and acc
and conf the average accuracy and model confidence per bin, respectively.
While ECE is often used in the literature, it does not directly measure
the difference between distributions as RQ2.2 intends. Recent work even
criticizes the ECE metric for having ill-defined properties, such as a bias
toward dataset size, as pointed out in [64] which is not desirable.

The Cohen’s Kappa Score (x) [112] is a metric for the agreement, for
example, between two annotators by

Po — Pc
=—, 5.5
— (5.5)
where py is the agreement rate, e.g. ACC, and p, the agreement rate with
random assignment, which is p. = % for the described discrete K class
problem.

5.2.3 Special benchmark metrics

In the benchmark (see Section 5.1), the metrics defined above, such as
KL or ECE, are computed for the output of the first or second stage (see
labeling and evaluation stage in Figure 5.1). To distinguish between them,
the metrics of the first stage are called KL, ACC, F1 and ECE. They can be
seen as the performance of a model in a common model-centric setup and
define the input quality for the evaluation model of the second phase in
the benchmark.

5.2.4 Costs

The cost of annotating data is basically the number of annotations required.
Assuming a constant cost per annotation and that the total cost of anno-
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Table 5.2. Overview of human studies for proposal evaluation

Goal # Annotators  # images Avg. annotations # annotations Source
Measure intra- and intervariability 16 24 19 456 [148]
Proof-of-concept consistency gain with overclustering 1 7,424 2 14,848 [149]
Proof-of-concept benefit proposal for ambiguous data 5 3,748 27 101,196 [154]
Verification of Annotation Strategy 6 3,721 106 394,426 [156]

tating all images in image set X once is one, this dissertation refers to the
cumulative cost as budget (b). In general, b can be calculated by the number
of images to annotate times annotations per image. For example, if 20% of all
data X is annotated three times, the final budget is b = 0.2-3 = 0.6. The
number of annotated images (given as a percentage of the total size of X)
is called initial supervision (in. sup.).

If two rounds of annotation are used, as in [155], the calculation of b
is given by in. sup. +( percentage of annotatins of X- number of annotations
per image )/S). A “Speedup (S) [...] can be expected due to using proposals [...]
[as opposed to no guidance during the annotation process]. For this reason we
include this parameter [...] with [e.g.] the values 1 (no speedup), 2.5 as in [154]
or 10 as in [158]”.°> A common setup in [155] was to annotate 20% of the
data initially once and then annotate the whole dataset 5 times with an
expected S of 2.5, resulting in a budget of b = 0.2+ (5-1)/2.5 = 2.2.

5.3 Human user studies

An overview of the four published proof-of-concept human case studies in
different papers [148, 149, 154, 156] is given in Table 5.2. The used methods
will be explained later in Chapter 6. This section discusses higher level
questions with regard to humans and thus the methodological details are
not so important.

In [148] the intra- and intervariability of humans for semantic segmen-
tation of collagen fiber orientation was investigated 15 different people
and 5 results over time from the same person resulted in a total of 19
samples for 24 images each. The intra-person segmentation had a lower
variability than the inter-person segmentation but still yielded only about

Squoted from [155] p.11
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Table 5.3. Consistency comparison on plankton dataset — The consistency is rated
by experts over the complete data and a subset without the class no-fit. The score
is given overall and as average per cluster with standard deviation. Copied and
adapted from [149].

all data ignore class no-fit
Method overall  percluster overall per cluster
FixMatch [165]  82.56  78.78 + 2822 7711  69.61 + 29.41
FOC (Ours) 87.80 79.66 + 18.88  86.31  86.41 + 13.68

78.29% macro accuracy. The most interesting part is that no method could
outperform this result, while higher results in earlier validation could be
verified as overfitting the data. The problem was that the validation and
test data were also labeled by the person from the intra-person check and
thus even better results could not be detected due the noise and ambigu-
ity in the ground truth data. More details can be found in the original
publication in [148].

In [149], the acceptance rate by a domain expert of the results proposed
by FOC (see Section 6.1) and FixMatch[165] was measured. “We can judge
the consistency of each image within its cluster with the help of experts as a
quality measure. An image is consistent if an expert views it as visually similar to
the majority of the cluster. The consistency is calculated by dividing the number
of consistent images by all images. The consistency over all classes or per class for
FOC and FixMatch is given in [Table 5.3]”. The domain expert found the
generated clusters cleaner than the class separation generated by FixMatch.
“This means the clusters produced by FOC are more relevant in practice because
there are fewer low-quality clusters which can not be used. Overall, this higher
consistency can lead to faster and more reliable annotations.””

[154] used a combination of domain experts and hired workers to
annotate the data. A total of 5 annotators were asked, including two
domain experts. Their annotations were used to investigate the benefit of
using proposal with class structure or our new combined classification
and clustering over no proposals on four different datasets. “We see a

6quoted from [149] p.10
7qu0ted from [149] p.10
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Table 5.4. Consistency comparison of generated labels from proposals — The first
column describes the annotator selection and the used proposals. The Cohen’s
Kappa Score (x) measures the agreement of between the used repetitions and Time
gives annotation time in minutes. Results which are within one percent or minute
of the best result per dataset and annotator selection are marked bold, copied and
adopted from [154]

Plankton Turkey Mice Bone CIFAR-10H
x [%] T Time [min] | x [%] T Time [min] | x [%] T Time [min] | x [%] Tim [min] |
Al 73.00 £1.51 51.09 +2.36 88.08 +343 1456 +0.84 71.35+256 13,94+225 9270 +1.69 40.58 +1.93

Al+SSL 8500 +252 1269 +337 85.63 +3.66 10.70+0.44 72.00+287 6.59 +1.65 94.85+ 0.91 14.33 + 1.48
A1+DC3 9029 +141 11.32+143 91.95+1.22 11.57 +0.64 8136 +2.17 6.74 +1.05 94.70 + 0.52 14.65 + 0.60
A2 8525 +1.79 6199 +£10.98 81.54 +0.89 1811 +4.30 68.63 £6.66 11.06+3.60 98.81 +0.14 33.08 +5.36
A2 +SSL 9488 +0.52 923 +0.76 81.10 +3.39 948 +0.83 59.63+ 620 12.07 +£4.77 98.00 + 0.27 12.66 + 0.69
A2 +DC3 94.04 +£0.67 1032 +0.07 81.83 +1.98 9.91+0.39 7219 +3.23 9.3 +298 9829 +0.19 1427 +0.69
A3 84.74 £1.02 2154+ 154 7827 +1.08 1935+ 116 5627 +£403 10.15+212 9322+ 1.01 21.96+ 1.10
A3 +SSL 8859 +0.84 9.02+020 8844 +174 13.24+032 72.32+0.61 8.02+123 9237+ 178 9.79 + 0.52
A3+DC3 8857 +0.62 776 027 91.94 +1.04 14.05+ 0.51 7277 +274 956+ 171 94.81+0.96 9.50 + 0.74

general trend that the consistency improves and the annotation time decreases
when proposals are used instead of None. Using DC3 proposals instead of SSL
proposals, either leads to a similar or better consistency while the annotation time
is often increased by one or two minutes. For this improvement, we credit the
cleaner and more fine-grained outputs of the network. The additional [verification]
of the clusters could lead to the slightly increased annotation time. [...] On average
across all annotators and datasets, we achieve an improved consistency of 6.74%,
a relative speed-up of 2.4 and a maximum speed-up of 4.5 with DC3 proposals in

comparison to the baseline”

5.3.1 Evaluation study of annotation strategy

The main goal of this dissertation is to answer Research Question 4: “How
should ambiguous data be annotated based on the results of RQ1, RQ2
and RQ3?” (RQ4) and Section 6.5 will present an answer to this question,
which was described in detail in [156]. This subsection describes the user
study used to validate the proposed strategy. The data used and the task
were described in [156] as follows: “We use the Verse datasets for better
reproducibility of our osteoporotic vertrebral fracture classification. As in [104],
we consider only at thoracolumbar vertebrae because osteoporotic fractures occur
mainly in this region of the spine, as shown in Figure 5.2. For the classification of

8quoted from [154] p.12
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5. How to measure data quality?

Vertebrae height reduction classes

Cervical
Grade 0 (< 20%): Normal
Grade 3 (> 40%): Severe
Thoratic
Exemplary fractures leading to height reduction
Lumbar
Coccyx —— Crush fracture Biconcave fracture Wedge fracture

Figure 5.2. [llustration of a spine and definition of height reduction classes, copied
from [156]

the fractures, we use an adaptation of the most commonly used score, the semi-
quantitative Genant score [54]. As shown in Figure 5.2, the score defines four
classes, which are mainly guided by the height reduction of the vertebrae compared
to its neighbors or unfractured vertebrae. However, degenerative deformities (e.g.
short vertebral height) of up to 20% are ignored for the osteoporotic fracture
classification. Partially, these degenerative cases can not be assessed in the dataset
because the resolution is lower than in normal radiographs. As shown in Table 5.1,
this results in 3,761 individual vertebrae with a high class imbalance towards
class zero. Overall, we have at least 1.1% samples per class and can apply common
semi- or supervised techniques.”

Two differences to the original work [104] are described in [156]. First,
2D projections of the 3D data were used because the Genant score was
originally defined in 2D and it allows to use previous techniques [154].
Second, five hired students with non-medical background annotated the
data because medical experts are in high demand and cannot annotate
thousands of images multiple times. As the author, I worked with the
students on some preliminary training annotations. For more details, see
the original publication [156].

In Table 5.5 the original overview of human performance on the task is
given. It can be seen that the annotations with proposals achieve a higher
macro F1 score than without and that there is no significant difference

9quotecl from [156] p.7
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5.3. Human user studies

Table 5.5. Comparison of human performance on Verse2019 [104] — copied and
adapted from [156]

F1

2D -all 0.6380 + 0.0323
2D - no proposal 0.6297 + 0.0345
2D - with proposal  0.6462 + 0.0302

3D - no proposal 0.6243 + 0.0370

Table 5.6. Comparison of dataset specific variables — ¢ is the data specific offset
when annotating with proposals described in [155]. S is the speedup difference
between annotating with and without proposals. p. describes the percentage of
data with at least 95% consistent annotations. Copied and adapted from [156]

name o Pe # classes largest class [%] S

Verse [156] 0.1143 0.6833 4 90.11 1.1636
CIFA10-H [154] 0.0973 0.7766 10 10.16 2.4665
MiceBone [154] 0.3636 0.4775 3 70.48 1.4471
Plankton [154] 0.5784 0.7368 10 30.37 4.4319
Turkey [154] 0.2164 0.6863 3 75.95 1.4877

between 2D and 3D annotators. An analysis of the dataset specific variables
in Table 5.6 showed that the Verse data is comparable to previous [154]
datasets. However, the measured speedup S was the smallest and it was
hypothesized that “[t]his relationship is theoretically justified because a proposal
is less important since the majority of images already belong to a class and thus
define some kind of a proposal” .10

Key findings included that
> human annotation performance was higher with proposal as guidance.

> the annotations on 2D data with non-medical experts produce results
comparable to the original annotations [104].

10quotecl from [156] p.10
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Algorithm 2 Simulated Proposal Acceptance (SPA), i is the desired iteration
step, a;* is the simulated annotation for image x in the i-th iteration, py is
the proposed class, P(L* = -) is the given GT distribution which is used
to calculate the simulated annotation, copied and adapted from from [155]

Require: Proposal py; a/ € {0}X
Calculate acceptance probability A
r < random(0,1)

if r < A then > Accept proposal
al® 1
LPx
else > Sample from remaining classes
k «— sampled from P(L* =k | px # k)
al® «—1
ik
end if

> the learning effect of the annotators was measured over time and
improved with proposals.

In Chapter 7, a comparison of the network performance based on the
human annotations with different options for the proposal and correction
methods is given.

5.4 Simulated Proposal Acceptance (SPA)

A major problem with human studies is that they are, by definition,
dependent on humans. This is an issue because during the development
process of new methods it is often not feasible to wait weeks or months to
get feedback from real people on the new developments. For this reason,
we proposed in [155] a simulation of human proposal acceptance (SPA),
which calculates the biased distribution P(L§ = -).

Based on our previous user study in [154], we investigated how people
annotate the data with and without proposals. Due to the default effect
[78], people tend to accept the proposed class more often than the others.
After this acceptance they mostly decided as if no proposal was given for
the remaining classes. This led to two main conclusions, the acceptance
probability A of a proposal py can be approximated for all images x as
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5.4. Simulated Proposal Acceptance (SPA)

Table 5.7. Used offsets (J) for proposal acceptance, copied from [155]

dataset Benthic CIFAR1I0H  MiceBone Pig Plankton
User Study N/A 9.73% 36.36% N/A 57.84%
Calculated 40.17% 0.00% 41.03% 25.72% 64.81%
dataset QualityMRI ~ Synthethic Treeversity#1 Treeversity#6  Turkey
User Study N/A N/A N/A N/A 21.64%
Calculated 0.00% 26.08% 26.08% 20.67% 14.17%

shown in Equation 5.6 and the simulation of the whole process can be
modeled as shown in Algorithm 2.

A=05+(0.99—8)P(L* = py) (5.6)

The acceptance probability A is roughly the offset GT probability
P(L* = pyx) with a dataset specific offset (5) up to 99%. The upper limit
of 99% is used to allow for some noise even in highly certain situations,
since there may be errors or conflicting ideas. In the original paper [155],
we show how J can be approximated based on multiple annotations
of 20 images with a known GT probability P(L* = py). In Table 5.7,
the computed values of ¢ with this approach and the real values from
the user studies (where applicable) are shown for all datasets of the
benchmark [152]. It is important to note that a lower offset 6 means less
bias is introduced into the annotations and = 0 means no bias at all.

“A visual comparison of the real and simulated results for all uncertainty
bins can be seen in [Figure 5.3]. The main diagonal line contains the accepted
proposals while the rest, especially the upper right corner are the rejected images.
We see that the presented matrices are very similar, even in overlapping regions
between accepted and rejected proposals as for uncertainty bin 0.41-0.6 of the
proposed and annotated classes.”"! For more details on uncertainty bins or a
more detailed comparison, see the original paper [155].

11quotecl from [155] p.9
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Uncertainty bins proposed classes
Uncertainty bins proposed classes

oo 001-02 02104 04106 06108 08110 0o 001-02 02104 04106 06108 08110
Uncertainty bins annotated classes Uncertainty bins annotated classes

(a) Real M, (b) Simulated Mg

Figure 5.3. Visual comparison of the uncertainty bins for real vs. simulated pro-
posal acceptance on the MiceBone dataset, normalized per row / per proposal
uncertainty bin, the uncertainty bins can be interpreted as a histogram of the GT
probability for the proposed and accepted class for each annotation, meaning for
example that in real M,, if a class is proposed with soft ground truth probability
0.21-0.4, in 0.10 of the cases a class with ground truth probability 0.41-0.6 is anno-
tated. Therefore, some cells are 0 by default, copied and adapted from [155]

In general, the paper showed that SPA produces similar results to the
original human study and thus can be used to approximate the human
behavior. However, SPA is not a perfect representation of the reality and
conclusions should be verified in larger real human studies as suggested
above in Section 5.3.1. A unified presentation of the results is given in
Chapter 7 and in the original paper [155].
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Chapter 6

Improving data quality

This chapter describes the methods developed as part of the research
leading up to this dissertation. This answers Research Question 3: “What
are the implications of using proposals to guide the annotation process for
image classification?” (RQ3). An overview of the methods, their motivation
and individual results is given in this section, while a unified evaluation
is given in Chapter 7. It is important to note that the results presented in
this chapter are individual and not comparable to each other due to the
lack of a unified setup as described in Chapter 7. Details about differences
and similarities are highlighted in each section, and the full information is
reported in the corresponding original papers.

All methods presented here are motivated by the desire to improve
label quality in less time during the annotation process. The motivation for
why proposals are a good option for this goal, was described in Section 3.2.
Over the years, we have developed three main algorithms that build on
each other for this purpose. FOC [149] was the first algorithm and took
the ideas of classification and clustering from [80] and extended them to
real-world data. In particular, it defined the loss term CE —1. DC3[154] is a
generalization of FOC to overcome problems such as unstable training and
long training times. Moreover, it is method agnostic and thus generally
applicable to most SSL algorithms and datasets. CleverLabel [155] solves
the problem of the possible introduction of a bias due to the proposals
used and the default effect [78].

In addition, the novel idea of Overclustering Stochastic Proposal (OSP)
is introduced to solve the problem that more consistent annotations do
not automatically translate into better data quality. Finally, all these results

are unified in a Strategy for creating high-quality iMage Annotations with
human Reliablity and judgement enhancemenT (SMART). SMART can be
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6. Improving data quality

considered as the most important method and methodological conclusion
of the whole dissertation, because it answers Research Question 4: “How
should ambiguous data be annotated based on the results of RQ1, RQ2
and RQ3?” (RQ4) and integrates all previous knowledge.

A unified evaluation of the individual methods and a verification of
SMART based on the proposed human study in Section 5.3 is given in the
next chapter (Chapter 7).

6.1 Fuzzy Overclustering (FOC)

FOC was developed to apply SSL to ambiguous plankton data, referred to
as fuzzy data in the original paper. The work was inspired by the method
Invariant Information Clustering (IIC) [80] which was state of the art in
2019 on the SSL benchmark STL-10 [32] and is graphically depicted in
Figure 6.1a. Ji et al. proposed an unsupervised clustering loss based on
the mutual information theory which incentivized that two augmented
versions of the same images have a high mutual information in a clustering
space [80]. Importantly, they used overclustering which means that they
had more clusters K, than ground-truth classes K. In the next step, the
cluster heads are dropped and the retained backbone is fine-tuned on
labeled data.

In contrast to IIC, FOC aimed to keep overclustering in combination
with classes because it allowed a better representation of ambiguous data.
Ambiguous data my not fit perfectly into only one class. A graphical
representation of FOC is given in Figure 6.1b. The loss proposed by Ji et.
al [80] could be applied to unlabeled data, while standard cross-entropy
could be applied to labeled data. However, due to the larger number of
clusters than classes, cross-entropy could not be applied to labeled data
for clustering since no ground-truth class is known. The proposed loss
CE~! should ensure that dissimilar images are not in the same cluster
and is described in Section 6.1.1. For labeled data, dissimilar images can
be computed based on different class labels. It is important to note that
the mutual information loss proposed by IIC gives slightly better results
but easily leads to a collapse in IIC and FOC. Therefore, Ji et al. proposed
several stabilization methods, such as repeating images several times in
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6.1. Fuzzy Overclustering (FOC)

1. Pretext Task

———————

x —_— —HA— !
. overcluster mutual |
= augmentation |— | backbone head —F4—! information |
K, o222 2T2T
2. Finetune

—————————— |
y | cross- :
> entropy !

x . normal

augmentation backbone head K

(a) IIC [80]

y I cross- |

\ KEL__G_HESBY___'
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x —_— head k | information 1

_E augmentation |—> | backbone K, mTT======T,
e 7;>I

overcluster ;  mutual :

head 1} information |

—————————— I

(b) FOC [149]

Figure 6.1. Method comparison of IIC[80] and FOC — The arrows represent the
flow of the image/label information. The red arrow is a negative example, which
is known not to be of the same class as x. The numbers at the outputs define how
many output nodes were used (more or equal to the number of classes). The main
similarities are that the mutual information loss proposed by Ji et al. [80] was used
for the overclustering training and CE for the normal head. The main differences
are that TIC splits the training into two stages and that our novel CE~! loss was
used for the overclustering training. More details are described in the original
paper [149] and in the main text, figure adapted from [149]

a batch or averaging over multiple output heads [80]. To prevent mode
collapse, FOC had to continue using these methods even though they
drastically increased the run time up to several days. The results are
shown in Table 6.1. “"We see that FOC reaches a performance of about 86%
on [non-ambiguous] data but is not able to reach the performance of FixMatch.
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6. Improving data quality

Table 6.1. Comparison of state-of-the-art on certain and fuzzy data — The original
paper or original author’s code was utilized to replicate the results, and the
reported metrics differ depending on the dataset. The STL-10 dataset shows the
metric as ACC, whereas the Plankton dataset uses the macro F1 score, both of
which are calculated based on the validation dataset. The runtime required for
a successful training session on the Plankton dataset is measured in hours on a
single Nvidia RTX 2080 Ti GPU. For two-stage approaches, separate runtimes are
provided for each stage. The best results are marked bold. Legend: T A MLP used
for fine-tuning.  Used only 1000 labels instead of 5000. * Unsupervised method.

Type of Data

Method Network Certain Ambiguous Runtime
SCAN™ [180] ResNet18 80.9 38.34 48 + 2
I1C [80] ResNet34 85.76 66.63 38 +4
IICT [80] ResNet34 88.8 69.92 38 +4
Mean-Teacher [171] Wide ResNet28 78.577% 74.51 10

Pi [92] Wide ResNet28  73.77% 74.03 9
Pseudo-Label [95] Wide ResNet28  72.01% 75.14 7
FixMatch [165] Wide ResNet28  94.83% 75.97 96
FOC - Light (Ours) ResNet50 - 75.16 4
FOC (Ours) ResNet50 86.98 77.60 16 + 42

FixMatch outperforms FOC by a clear margin of nearly 8% while using a fifth of
the labels. This performance is expected as FOC does not focus like the others on
classifying [non-ambiguous STL-10] but [ambiguous plankton] data. If we look at
the less curated ambiguous Plankton dataset, we see that FOC outperforms all
all methods by a small margin. All previous methods focus on [non-ambiguous]
and curated data and we see this leads to a huge performance degeneration if
they are applied to [ambiguous] data. FixMatch reaches in both datasets the best
performance except for our method FOC. We conclude that the overclustering from
FOC is the key for handling [ambiguous] data because it allows more flexibility
during training. Previous semi-supervised methods did not consider the issue of
inter- and intraobserver variability and thus are worse than FOC in classifying
[ambiguous] data. If we use FOC-Light without the loss and stabilization of [80]
the F1-Score drops slightly to 75% but the used GPU hours can be decreased
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6.1. Fuzzy Overclustering (FOC)
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Figure 6.2. Qualitative comparison of clusters generated by FOC — The results in
each row are from the same predicted cluster. The top three ambiguous labels
based on the citizen scientists” annotations are shown below the image. The last
two items with the red box in each row show examples that do not match the
majority of the cluster. Image and caption adapted from [149]

from 58 to 4 h.”! It is important to note that these results are not directly
comparable to the results presented in Chapter 7 due to the fact that
the ambiguous plankton dataset was generated slightly differently from
later versions of the benchmark [152]. Some qualitative results are shown
in Figure 6.2. "All images in a cluster are visually similar, even the probably
wrongly assigned images (red box). For the images in the first row, the annotators
are certain that the images belong to the same class. In the second row, annotators
show a high uncertainty of assignment between the two variants of the same
biological object. This illustrates the benefit of overclustering since visual similar
items are in the same cluster even for uncertain [classes].”
The analysis showed that

> the state-of-the-art SSL was better on manually cleaned benchmarks
such as STL-10, but our method FOC was the best on ambiguous
plankton data.

> the runtime was negatively affected by the mutual loss proposed in [80]
by a factor of up to 20 while improving the results by only about 2%.

> overclustering was the key to handling ambiguous data, resulting in
more consistent annotations based on these proposals.

The details can be found in [149].

Iquoted from [149] p.9+10
2quotecl from [149] p.10
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6.1.1 Inverse cross-entropy (CE™1)

Cross-entropy is used in many supervised learning algorithms as the
main loss function [22, 69, 165, 171, 202]. As noted above, a similarly
well-performing loss is needed for clusters, while there are potentially
more clusters than classes. While the ground-truth distribution P(Ly = -)
may be known, no knowledge of the connection of classes to clusters can
be expected. Thus, we reformulated cross-entropy which does not pulls
arbitrary probability distribution p, q together but pulls p and an inverse
distribution of g together. This inverse distribution should ensure that
dissimilar images have dissimilar distributions and was approximated by
1 — g. The equation is given in Equation 6.1 for the overclustering case
with K, clusters and the arbitrary distributions p, 4. In FOC and DC3 these
distributions p, g are just the predicted distributions of a neural network
over the K, clusters. Note that 1 — g is no longer a probability distribution
except in the binary case. However, it still works as desired in practical
experiments.

Ko
CE~(p.q) = —I;lp(k) -In(1—q(k)) (6.1)

6.2 Data-Centric Classification & Clustering (DC3)

DC3 can be seen as a generalization of FOC, which suffered from the inher-
ited drawbacks of [80] as described above. The main idea that motivated
DC3 is to apply overclustering to any common SSL algorithm. For this
reason, DC3 is a modular extension of any SSL algorithm, as illustrated
in Figure 6.3. Normally, a neural network ® takes only one image x as
input and outputs a classification as a soft distribution over the desired K
classes with an output head of size K. DC3 adds an overclustering head
po(x) and an ambiguity estimation head p,(x). The overclustering head
has more outputs than K classes and thus can produce an overclustering
as in FOC. The ambiguity estimation is an output of size one that predicts
for each image the probability that the given image is ambiguous or not.
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SSL >pa(x) + DC3

x — -T- P 0

o(x)

— P, (%)

Figure 6.3. Our method DC3 and an extended arbitrary SSL method — The SSL
algorithm passes an image x through the network ® and outputs a classification
pn(x). DC3 adds two additional outputs: an overclustering p,(x) and an ambiguity
estimation p,(x). The ambiguity estimation p,(x) is used to determine whether
to use the classification or the overclustering output. Since only a few labels are
available for the classification output, most images have to be trained completely
self-supervised on all outputs. Image and caption copied/adapted from [154].

Based on this estimation, DC3 can decide whether to use overclustering in
the ambiguous case or to use classification.

The network is trained by a weighted sum of different loss functions.
It can be roughly characterized by one loss for each of the three output
heads. For the normal head p;,(x), the SSL classification loss provided
by the underlying vanilla method is applied. For the overclustering head
po(x), the loss CE™! (see Section 6.1.1) is used for training. The negative
example (from another class) is computed based on the given labels or
based on pseudo-labels. The third loss is for the ambiguity estimation
head p,(x).

It is important to note that during training at most one annotation per
image is known and thus the ambiguity of an image cannot be estimated.
The loss of the ambiguity head L4 can not be conditioned on the ambiguity
of an image if this information is not known during training. If one has
knowledge of a prior probability p4 € [0,1], which is usually set to
pa = 0.6, one could calculate pseudo-labels h(x) for each image. The
probability p4 defines the expected proportion of ambiguous images in
the dataset and thus in each mini-batch during training. “The loss L4 is
the binary cross-entropy between the pseudo-label h(x) and p,(x). The usage of
hot-encoded pseudo-labels forces the network to make more confident predictions.
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Table 6.2. Performance across different methods and datasets for DC3 — The
vanilla algorithm is highlighted in light grey. Better results in comparison to the
vanilla algorithm are marked bold. The definition of the metrics are given in [154].
CE stands for supervised Cross-Entropy training. All values are given in %. H -
Excluded due to hardware restrictions, copied and adopted from [154]

Methods Plankton Turkey Mice Bone CIFAR-10H STL-10
Flt d| @-F)| F1t d| @@-F)| Fl{ d} @-F)| F1t d| @-F)| Fi1t
CE 86.71 3045  -56.26 83.84 4298  -40.86 69.55 5475 -1480 6771 5580  -11.91 80.48
CE + DC3 78.24  23.41 -54.84 85.79 27.64 -58.14 93.88 36.58 57.30 78.27 54.52 -23.75 88.45
Mean-Teacher [171] 88.72 2584  -62.88  81.82 4512 -3670 6641 4883 -1758 7353 4693  -26.59 80.67
Mean-Teacher [171] + DC3  91.30 24.84  -66.46 8645 33.92  -52.53 89.4 3511 -54.73 8513 5244  -32.69 89.28
Pi-Model [92] 87.57 2843  -59.14 8211 3946 4265 6815 5411 -1404 7153 4913  -2240 82.56
Pi-Model [92] + DC3 79.79 19.08  -60.71 8743 2333 -6410 88.01 30.99 -57.02 83.05 4340 -39.65 89.54
Pseudo-Label [95] 87.62 2742  -6020 8237 4488 -3749 6660 57.03  -957  69.70 5330 -16.40 82.48
Pseudo-Label [95] + DC3 89.31 3176  -57.55 8344 3504 -4841 86.58 37.52 -49.06 83.74 5132 -3242 88.87
FixMatch [165] 85.81 3029  -55.52 8214 4333  -3881 H H H 78.09 41.99  -36.10 89.35
FixMatch [165] + DC3 87.20 3128  -55.92 83.56 28.17  -55.39 H H H 83.09 4949  -33.60 91.45

The formulation is given below [in Equation 6.2] with i as the index of the image
x inside the given batch, when all images inside the batch are sorted in ascending

order based on p,.

”3

La(x)

h(x)

CE(h(x), pa(x))

= —(1-
—h(x)-1

1

h(x)) - In(pa(x = 0))
n(pa(

pa(x = 1)) with

i < batch size - py

0 else

(6.2)

The original main results table from [154] is shown in Table 6.2. The
metrics are defined in detail in the paper. In short, F1 is the macro F1-
score which is comparable to ACC and was evaluated only on the non-
ambiguous data, if applicable. d is the inner distance of the clusters defined
by the GT distribution and was evaluated only on the ambiguous cluster
data, if applicable. (d—F1) is the difference of both scores and was used to
define a unified balanced score of both that could be used as a target for
minimization. The datasets Plankton, Turkey, MiceBone and CIFAR-10H
are comparable to the those reported datasets in [152] and Section 5.1.
However, the data splits may differ or additional annotations may be
utilized. For additional information on these variances, please refer to the

3quotecl from [154] p. 6
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(c) Mice Data - Dissimilar (d) Turkey - Not Injured

Figure 6.4. Qualitative results for selected classes over different confidences and
ambiguity predictions — Incorrect classifications based on the normal head are
highlighted in red. The ground-truth class is given in the caption. Graphics tak-
en/adapted from [154]

appendix in the original paper. All evaluations are calculated on a separate
validation subset. Regardless of the method or dataset, in most cases an
improvement over the vanilla algorithms is shown when using the DC3
extension.

Some qualitative results for DC3 are shown in Figure 6.4. In the original
paper, an image was called confident if it had a high predicted probability
for the maximum class on the normal head p, (x) and a certain image if the

75



6. Improving data quality

ambiguity estimate p,(x) was low. "We show [9] randomly picked examples
for selected classes across the datasets [...]. The images in each row have a similar
value for pn(x) and p,(x). The first row presents highly confident predictions
on certain predicted images and shows no errors in the given random picks. The
middle row shows highly confident predictions on ambiguous predicted images.
Some of these images are false and would lower the performance without the
additional ambiguity prediction. The last row shows non-confident or uncertain
(0.4 < pa(x) < 0.6) predictions which are often wrong.”* The conclusion was
that ambiguity estimation leads to better insights of the model.
Key findings included that

> DC3 can be successfully applied to multiple methods and datasets.

> no hyperparameter tuning was required between training different
methods and dataset.

> the combination of the individual loss terms ensured better training
and avoided degeneration.

> ambiguity and confidence estimation provide a better interpretability
than the confidence estimation alone.

The details can be found in [154]. A re-evaluation of the results is
provided in Chapter 7.

6.3 Cost-effective labeling using validated pro-
posals and repaired labels (CleverLabel)

As discussed in Section 3.2, the use of proposal can reduce the required
annotation time while increasing the consistency. However, this is only
possible because of the default effect [78] which means that people are
more likely to accept the given option than without the proposal. This is
generally desirable, but it also introduces a systematic bias as shown in
[155].

In Section 5.4, it was discussed how the knowledge of how people
annotate with proposal p, for image x can be used to simulate with SPA

“quoted from [154] (supplementary) p.22+23
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6.3. Cost-effective labeling using validated proposals and repaired
labels (CleverLabel)
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Figure 6.5. Evaluation of label improvement on synthetic data created with SPA
and real user study across different amounts of annotations. Results are clamped
for visualization to the range 0 to 1.

the biased distribution P(L} = -) based on the GT distribution P(L* = -).
This knowledge can also be used to develop a Bias Correction (BC) and
a heuristic for Class Blending (CB) to mitigate the bias as shown in [155].
The Bias Correction (BC) uses the same mathematical model as SPA, but
reverses the introduced bias. The heuristic Class Blending (CB) blends
the calculated distribution with a fixed class transition matrix c¢ of the
mixture of classes. For example, a cat and a dog are more likely to be
confused than a cat and a bus. Both label improvement methods (BC,CB)
are called together CleverLabel, even if SPA is not used to generate the
biased distribution P(L} = -). It is important to note that CB can be
applied to any distribution and was used to enhance distributions without
proposals. The details can be found in [155].

The original paper shows that CleverLabel can be used to improve the
biased distribution P(L; = -). However, the benefit of each parts depends
on the number of annotations with proposal available. “CB improves the
results with fewer (10-) annotations [and] BC improves the results [with more]
(20+)"® annotations. It could be confirmed that CleverLabel shows similar
trends when applied to real annotations and synthetic ones created with
SPA as shown in Figure 6.5. The reported results are the KL between the
created and GT distribution on the complete dataset and “are the median

Squoted from [155] p.14
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6. Improving data quality

Table 6.3. Comparison between normal and overclustering proposals (DC3) — All
results are reported based on the user study executed in [154] and the distributions
are enhanced with CleverLabel. The reported findings present the KL values
between the generated distributions and the GT distributions across the entire
dataset. The datasets utilized are the same as those in [152], but evaluations are
conducted using a single-stage approach. Therefore, the reported KL metric is
comparable to the KL metric presented in the benchmark study. The better results
per dataset and number of annotation is marked bold. Datasets ordered with
increasing 6. The expectation would be that DC3 proposals are better because they
are yielding also more consistent annotations. This is not always the case which
motivates the development of OSP.

Number of annotations
Dataset Proposal 1 3 5 12

CIFAR1I0H Normal 047 029 0.16 0.13
CIFAR10H DC3 033 019 015 0.13
Turkey Normal 0.77 0.60 027 0.08
Turkey DC3 0.81 045 0.21 0.09
MiceBone Normal 0.55 054 0.26 0.16
MiceBone DC3 0.66 064 026 0.16
Plankton Normal 0.90 0.97 0.59 0.40
Plankton DC3 144 154 079 049

performance across different annotation offsets or datasets for the synthetic and
real data, respectively.”.® The graphic also indicates “that label improvement is
possible for synthetic and real data and that the combination of CB and BC with an
offset of 0.1 is in most cases the strongest improvement”.” A major conclusion
was that with a high speed-up S and the use of proposals, CleverLabel
outperforms previous state-of-the-art methods and even sampling from
the GT distribution directly in combination with CB. A detailed summary
of the results is available in Chapter 7.

6quotecl from [155] p. 10
7quoted from [155] p. 11
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6.4. Overclustering Stochastic Proposal (OSP)
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(a) class proposal (b) cluster proposal  (c) cluster proposal with OSP

Figure 6.6. Illustration of Overclustering Stochastic Proposal (OSP) — The black
bubbles illustrate the proposed classes or clusters. The green speech bubbles
describe the estimated label, while the blue thought bubbles give the proposal
px for the unknown image x (circle with dashed line). The blue and green dots
represent data points of the class dog and cat. A class label (a) can be used directly
to generate a proposal p,. For a cluster (b), the class must be inferred for the
proposal. A possible naive solution would be to use the majority class of the cluster.
OSP uses stochastic proposals based on the distribution of classes in the cluster. For
example in (c), OSP would use the class “dog” with probability g and otherwise
cat.

6.4 Overclustering Stochastic Proposal (OSP)

In Section 5.3, the benefits of using DC3 proposals for more consistent and
faster annotations were discussed. However, as described in Chapter 4, this
work aims to measure the difference between the predicted distribution
and the GT distribution (P(Ly = -)). It seems likely that more consistent
annotations will lead to a better approximation of the desired distribution.

Comparing the resulting KL of normal and DC3 proposals from the
human annotations in [154], an advantage of DC3 is often not visible. Even
with the applied extension CleverLabel shown in Table 6.3, the use of
DC3 proposals is inferior to using normal class predictions as proposals.
This issue is plausible because greater consistency in the use of proposals
means that the distribution is also more skewed toward that proposal. This
justification is supported by the fact that the difference in proposals used
increases with higher J, and for the lowest é the use of DC3 proposals is
actually beneficial.
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6. Improving data quality

This problem motivated the development of Overclustering Stochas-
tic Proposal (OSP). If overclustering leads to faster and more consistent
annotations, but clusters can be a mixture of classes, they should not be
used as class proposals. To recognize the difference from class predictions,
one should uses probabilistic proposals based on the cluster consistency
or class content. This effect is illustrated in Figure 6.6. An evaluation of
this proposed method is given in Chapter 7.

6.5 Strategy for creating high-quality image an-
notations (SMART)

This section describes the annotation strategy proposed in [156]. The
annotation strategy consists of aggregated guidelines from the literature
and is illustrated in Figure 6.7. This strategy combines the result of all of
my research and can be seen as the main result of this dissertation.

The Strategy for creating high-quality iMage Annotations with human
Reliablity and judgement enhancemenT (SMART) has 5 steps, which are
briefly described below. For a full explanation, see the original work [156].

1. Definition - What? — The first phase focuses on defining the task and
collecting the raw data to be annotated. In this step, it is important to
define the basics of the data that will be used.

2. Definition - Who? — The second step answers the question of who will
annotate the collected data and with what platform.

3. Definition - How? — This step answers the question of whether to annotate
with or without proposals. The two main questions build on the results
of [155].

4. Annotation Process — This step creates the annotations either with or
without proposals. The number of annotations for each image depends
on whether or not a consensus can be reached.

5. Post-Processing — The last step applies the proposed label improvement
algorithms CleverLabel or CB from [155].
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6.5. Strategy for creating high-quality image annotations (SMART)
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Figure 6.7. Flowchart with guidelines on how to annotate ambiguous data — The
square boxes describe tasks to be performed, and the black arrows describe the next
step. All square boxes pointing to a box must be completed before the box itself
can be addressed. The diamonds pose questions that guide users through different
paths based on yes/no questions. Best viewed in color. Copied and adapted from
[156]

The strategy was verified on the Verse dataset described in Section 5.3.1
and [156]. The evaluation showed that the optimal solution would have
been proposed regardless of the path chosen in Figure 6.7. A repeated and
extended analysis of the main result including DC3 proposals is given in
Chapter 7.
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Chapter 7

Unified Evaluation

The evaluation chapter is divided into three sections. The goal is to present
an overview of the published and new results in a unified structure that
allows for a better comparison than before (see Chapter 6), where only indi-
vidual methods were described. In Section 7.1, our proposed methods are
compared to previous state-of-the-art. The analysis is based on up to 6450
experiments which allows a broad comparison across non-overclustering
methods. Furthermore, we quantify the performance gain with respect
to the budget. In Section 7.2, the benefit of using Overclustering (OC)
and Overclustering Stochastic Proposal (OSP) in combination with our
proposal methods is illustrated. In Section 7.3, the Strategy for creating
high-quality iMage Annotations with human Reliablity and judgement
enhancemenT (SMART) is experimentally verified on the proposed human
study from Section 5.3.1.

7.1 Evaluation on benchmark

A uniform evaluation on the proposed benchmark [152] with respect to KL
is shown in Table 7.1 and in more detail in Table 7.2. The GT method refers
to sampling from the GT distribution as introduced in Section 5.1. This
performance is an approximation of human performance on this task and
can be improved with CB (see Section 6.3). The previous state-of-the-art
methods (Best previous ) are independently selected as the best results
over multiple methods [23, 27, 29, 34, 62, 92, 95, 96, 101, 102, 165, 171]
using hard labels (see Section 5.1 and Section A.1.5 for more details
about the methods). Pseudo-Labeling soft was introduced in [152] and
uses Pseudo-Labels [95] but as soft labels as opposed to hard labels.
DivideMix [96]+CleverLabel [155] is the main proposed method, which
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7. Unified Evaluation

Table 7.1. Results overview over all datasets and different annotations for the
proposed benchmark [152] — The results are given per method in each row and
across different numbers of annotations (columns). The reported score is the KL
score and is aggregated across the 10 different datasets with median or mean +
mean of the standard deviations (STD). The best results per column except GT and
ViT are bold and results better than GT+CB are italicized. A dagger (}) indicates the
best previously reported result from [23, 27, 29, 34, 62, 92, 95, 96, 101, 102, 165, 171].
Median and mean individually selected over previous methods per aggregation
and number of annotations.

. 1 3 10

Number annotations

Median Mean + STD Median Mean + STD Median Mean + STD
GT 0.52 0.69 +- 0.08 0.34 0.37 +- 0.04 0.29 0.33 +- 0.04
GT+CB 0.44 0.60 +- 0.29 0.26 0.32 +- 0.03 0.24 0.30 +- 0.02
Best previousf 0.38 0.48 +- 0.04 0.45 0.54 +- 0.06 0.45 0.57 +- 0.10
Pseudo-Labeling soft 0.43 0.52 +- 0.07 0.37 0.39 +- 0.04 0.30 0.33 +- 0.02
DivideMix+CleverLabel 0.29 0.37 +- 0.02 0.28 0.33 +- 0.02 0.25 0.30 +- 0.02
DivideMix+CleverLabel (ViT) N/A N/A 0.22 0.23 +- 0.01 0.18 0.20 +- 0.01

uses the predictions of DivideMix as proposals. DivideMix was utilized
because it was among the top-performing methods in [152] and employs
pretrained weights from ImageNet [88], which facilitates better adaptation
to previously unobserved domains. Human acceptance is simulated as in
[155] with SPA and then enhanced with CleverLabel. The ViT version is
the same method but uses a stronger network backbone during the second
evaluation phase of the benchmark.

It is important to note that these tables only compare the number of
annotations and not the budget () as introduced in Section 5.2.4. However,
the number of annotations is the main linear factor in the calculation
of b, and a comparison in terms of b is shown below. So the columns
are comparable, but the comparison is slightly in favor of the proposal
using techniques for one annotation because the initial setup cost is not
considered, and the other way around for more annotations because the
Speedup (S) is not considered.

Keeping these limitations in mind, the results reported in [152] can be
confirmed, such as more annotations improve the KL score and soft labels
make a crucial difference, as Pseudo-Labeling soft is better for at least 3
annotations than all other previously reported and evaluated methods. In
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7.1. Evaluation on benchmark

Table 7.2. Unified overview about results on benchmark [152] per dataset — The
results are given per method in each row and over different numbers of annotations
(first row). The KL score is given for all datasets individually with an aggregation
of the mean + mean of the standard deviations (STD) with respect to three
independent repetitions. The best results per column except GT are bold and
results better than GT+CB are italicized. Abbreviations: BP{ = Best previously
reported result from [23, 27, 29, 34, 62, 92, 95, 96, 101, 102, 165, 171], the results
are independently chosen per dataset from all previous methods, PS = Pseudo-
Labeling with soft labels, DM+CL = DivideMix + CleverLabel

# Annos Benthic ~ CIFARIOH  MiceBone Pig Plankton  QualityMRI  Synthetic  Treeversity#1 Treeversity#6  Turkey
GT 117 +-004  041+-002 055+-006 075+ 005 034+-002 173+-048 008+ 001 049+ 004  1.02+-0.03 040+ 008
GT+CB  081+-004 027+-001 035+-005 067+ 008 025+ 001 047+010 010+ 000 041+-001 061+ 003  2.09 +-255

1 BPf 0.70 +- 0.01 0.28 +- 0.02 0.29 +- 0.01 0.56 +- 0.01 0.24 +-0.03 0.12 +- 0.02 0.05 +- 0.00 0.41 + 0.01 0.42 +- 0.01 0.33 +- 0.03
PS 100 +-008  041+-002 040+-008 070+ 006 032+-006 0.62+-0.16 0.10+-001 046+ 001  0.83+-0.13 037+ 0.08
DM+CL 078 +-0.03 025+ 0.01 031+-0.03 061+ 002 026+ 001 024+0.09 008+ 001  039+-0.02 047+ 001 027+ 0.00
GT 081+-004 0304002 027+ 003 056+ 002 0234002 039+ 019 005+ 000 037+ 001 050+ 002 027 +-0.01
GT+CB 068+ 002 025+ 001 024+ 001 055+ 001 0214002 0224017 008+ 000 037+0.02 0374000 026+ 0.04

3 BPf 068 +-0.01 028+ 001 030+ 004 065+ 008 027+ 002 024+-0.12 0.13+-001 044+ 001  051+-0.02 037+ 005
Ps 076+-006  041+-002 029+-0.03 063+003 0334008 0214010 007+ 000 041+-0.02 047 +-002 028 +-0.05

DM+CL 076 +-0.06  0.26 +- 0.01 030+ 0.00 0.54 +- 0.02  0.23 +- 0.01 0.12 +- 0.03  0.07 +-0.01  0.37 +- 0.01 0.37 +- 0.02 0.25 +- 0.01

GT 075+-0.03 026+-002 023+-002 054+-004 020+-0.02 031+-014 004 +-0.00 0.36 +- 0.02 0.33 +- 0.01 0.24 +- 0.06
GT+CB  0.65 +- 0.01 025+-0.01 023+-002 051+-0.04 0.20+ 0.01 0.24 +-0.13  0.07 +- 0.00 0.36 +- 0.02 0.31 +- 0.00 0.19 +- 0.01
10 BPf 075 +-0.05 028+-0.02 031+-005 0.57+-0.01 0.27 +-0.03  0.16 +- 0.03 0.20 +- 0.09 0.45 +- 0.01 0.60 +- 0.09 0.35 +- 0.04
Ps 0.70 +-0.02 043 +-0.02  0.22+-0.02 061 +-0.07  0.25+-0.01 0.12 +-0.04  0.06 +- 0.01 0.37 +- 0.02 0.35 +0.01 0.21 +- 0.02
DM+CL  0.67 +-0.02  0.24 +- 0.01 0.26 +- 0.04 0.51 +-0.00  0.22 +-0.01  0.11 +- 0.05 0.08 +- 0.00 0.35 +- 0.01 0.33 +- 0.01 0.22 +- 0.02

addition, DivideMix+Cleverlabel is the best of all evaluated methods as
reported in [155]. For multiple annotations, the proposed baseline using GT
information in combination with our proposed CB in [155] is still slightly
better, if the possible Speedup (S) mentioned above is not considered. A
more modern architecture such as Vision Transformer (ViT) allows further
improvement with our method, highlighting that our proposed methods
are combinable with future advances in deep learning.

Table 7.2 allows a comparison per dataset over different numbers of an-
notations. This comparison is even more unfair to DivideMix+CleverLabel
because it selects the previous best method per dataset, not the best
average over all datasets as in Table 7.1. Because of this unfair effect,
DivideMix+CleverLabel is the best method for only 3 out of 10 datasets for
an annotation, but is still better than GT+CB for 9 out of 10 datasets. Look-
ing at more annotations (e.g. 10), we can see that DivideMix+CleverLabel
is the best method 7 times out of 10, with a difference to the best method
of only 0.04. A conclusion of [152] was that no method is the best over
different modalities. However, DivideMix+CleverLabel is the best or one
of the best methods over all datasets and number of annotations. Only
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Figure 7.1. Overview of 6450 experiments taken from [152, 155] on the proposed
benchmark [152] and averaged over datasets and repetitions — The x-axis represents
the budget (b) and the y-axis the Kullback-Leibler divergence (KL). Each color rep-
resents a different algorithm group. “GT” describes methods that use the GT data
and thus represent human performance. “Previous” describes previously reported
methods using hard labels. “Soft” refers to methods that use soft labels. “DC3”
describes methods using the method DC3 but not as proposals. “CleverLabel” are
methods that use the method CleverLabel for correction, SPA for simulation and
possibly DC3 proposals. S describes the expected Speedup. The markers represent
different methods in each group. The left image shows the complete overview
with a logarithmic budget scale. The right image (green striped border) depicts
the budget up to 2.0 with a linear budget scale. The markers are randomized
for better visualization with respect to the budget with a uniform distribution of
[—0.025,0.025]. Best viewed digitally and idealized version in Figure 7.2

the baseline GT+CB is consistently better than DivideMix+CleverLabel for
multiple annotations and when no Speedup is considered.

The effect of Speedup (S) on budget (b) is illustrated in Figure 7.1
over 34 methods, 215 individual experiments across all 10 datasets and
3 repetitions defined in [152]. The evaluation uses the idealized Pareto
front visualization from Figure 7.2 for visual interpretability. The orga-
nizing groups are described in the caption of Figure 7.1. The group “GT”
methods, which can be seen as in [152] as human annotation performance,
decrease approximately logorithmacally with increasing budget (b). The
“Soft” group performs similarly, but is slightly better at lower budgets, and
vice versa at budgets roughly greater than one. “Previous” is the group of

88



7.1. Evaluation on benchmark
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Figure 7.2. Idealized Pareto front visualizations of Figure 7.1 — Each color represents
a different group of algorithms. Their meaning is described in the original figure.
The idealization is created by manually inserting Pareto fronts for illustration
purposes. Best viewed digitally

previously reported methods in [152] using hard labels. The performance
is stronger than the groups mentioned above for a budget less than one,
but for a budget larger than one the result seems to degenerate. This
effect could come from more overconfident models or from fewer samples
with a higher budget, resulting in a less refined Pareto front. The use of
DC3 without taking advantage of the proposal potential seems to lead
to worse results. See Section 7.2 for how to use overclustering proposal
for better performance. The combination of CleverLabel and potentially
DC3 proposals shows the best results overall. Even without an expected
Speedup (5=1), CleverLabel outperforms all methods except “Previous”
for a budget less than 0.2 and “GT” for a budget greater than 2. With a re-
ported Speedup of 2.4 ([154]) or 10 ([158]), the results outperform all other
methods. Most importantly, with the proposed method and the reported
Speedup, improved performance can be achieved with a budget of less
than one. “Cost is already a limiting factor when annotating data and thus only
results with a better performance for a budget of less than one (which equals the
current annotation [scheme] of every image once) can be expected to be applied
in real world applications”.! This means that all methods which perform

lquotecl from [155] p.13
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7. Unified Evaluation

better than the “GT” (green) group at budget one with a smaller budget
are of high interest. The proposed groups utilizing CleverLabel stand out
as the sole consistently present entities within this area, underscoring their
importance in practical scenarios.

As mentioned above, the performance of a method with respect to KL
seems to be logarithmic with increasing b. Based on the experiments from
[152, 155] and their visualization in Figure 7.1, a logarithmic regression
was performed for each method with the formula kI = log(b) - & + . On
average, the regressed functions had a mean absolute error of 0.0370 with a
standard deviation of 0.0430, with a minimum of 0.0006 and a maximum of
0.2068 across all 34 methods. The means with standard deviations for « and
B are -0.0920 + 0.1139 and 0.5032 + 0.1921, respectively. The conclusion
is that KL is indeed logarithmic in b, but the exact values depend on the
dataset and the method used.

7.2 Benefit of using Overclustering Stochastic
Proposal

In this work, we found that more consistent annotations do not always
lead to better downstream performance with respect to KL, as discussed
in Section 6.4. This issue can also be verified on the proposed benchmark
in Table 7.3 with an average of all comparable methods with and without
DC3. This table shows that no significant difference can be measured
between the vanilla SSL method and the DC3 extension. In this case, the
predictions are used direclty and not as proposals. Possible additions such
as CleverLabel and OSP are not taken into account.

In Table 7.4 a comparison of Mean-Teacher where DC3 predictions are
used as proposals with the enhancements CleverLabel and OSP is given for
the metrics KL and KL . The Mean-Teacher approach was employed due to
its demonstrated ability to generalize well across semi-supervised methods
and datasets, as evidenced by [154]. Other methods were not evaluated
due to technical constraints. For both metrics, there is no measurable
benefit of DC3 proposals without OSP. However, when OSP is applied,
the results improve over all numbers of annotations, especially for the
KL metric. This different behavior for different metrics may be due to
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7.2. Benefit of using Overclustering Stochastic Proposal

Table 7.3. Comparison on benchmark with and without DC3 averaged over all
datasets and multiple methods from [152] — Results are aggregated with the
median or mean + mean of the standard deviations (STD) over all datasets of
the benchmark. It is important to note that the DC3 predictions were not used as
proposals. There is no positive or negative effect of using DC3 in this comparison.

0.1 0.2 0.5 1.0
budget (b)
Median Mean + STD Median Mean + STD Median Mean + STD Median Mean + STD
SSL 0.79 0.86 +-0.13 0.65 0.73 +-0.10 0.49 0.56 +- 0.08 0.45 0.51 +- 0.05

SSL+DC3 0.78 0.85 +- 0.14 0.67 0.76 +- 0.13 0.48 0.58 +- 0.09 0.45 0.58 +- 0.16

Table 7.4. Comparison of the effect of DC3, OSP and CleverLabel on Mean-Teacher
(MT) [171] evaluated on the proposed benchmark [152] over different number of
annotations — The first half represents the KL results and the second half the KL
results (see Section 5.2). The results are aggregated with the median or mean +
mean of the standard deviations (STD) over all datasets of the benchmark. The
best results per column are marked bold. A dagger (f) means that probabilistic
proposals are used for all images, not just for overclustered images.

1 3 10
Median Mean + STD Median Mean + STD Median Mean + STD

Number annotations

MT+CleverLabel 0.34 0.37 + 0.04 0.28 0.34 + 0.03 0.27 0.32 + 0.04
MT+DC3+CleverLabel 0.34 0.37 £+ 0.03 0.29 0.34 £ 0.03 0.26 0.31 + 0.02
MT+DC3+0SP+CleverLabel 0.39 0.39 + 0.04 0.27 0.33 £+ 0.02 0.25 0.31 + 0.02
MT+DC3+0SP+CleverLabel 0.29 0.37 £ 0.03 0.27 0.34 + 0.02 0.24 0.31 + 0.02

MT+CleverLabel 0.81 0.81 + 0.04 0.38 0.35 + 0.01 0.18 0.16 + 0.01
MT+DC3+CleverLabel 0.88 0.84 + 0.03 0.41 0.37 £ 0.01 0.18 0.17 £ 0.01
MT+DC3+0SP+CleverLabel f 1.05 0.95 + 0.03 0.40 0.37 + 0.01 0.18 0.17 + 0.01
MT+DC3+0SP+CleverLabel 0.88 0.81 + 0.05 0.35 0.34 + 0.02 0.16 0.15 + 0.01

saturation effects for the ResNet backbone as discussed in [155]. OSP
uses probabilistic proposals for all overclustered images. The question is
whether the idea of probabilistic proposals can be beneficially applied to
normal class prediction. The results in Table 7.4 marked with T indicate
that this approach actually leads to inferior results. This work hypothesizes
that this difference is due to the fact that overclustering can actually be a
combination of different classes, while class predictions should only be
of one class. Introducing the confidence of the network into the proposed
class may introduce unnecessary and seemingly negative noise.
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Table 7.5. Comparison of KL results on the Verse data [104, 161] from [156] — The
first method uses OSP, CB and BC as recommended above. The next three methods
are ablations, each without one of these elements. The last three methods do not
use proposals which means their annotation time is also slower in comparison than
the previous four. Thus, one should not compare the first four and the last three
with the same number of annotations, but with a higher number of annotations for
DCS3 proposals (first four), because the higher number can potentially be achieved
in the same or less time. The results are given as the mean + standard deviation
(STD). The best comparable results are in bold. The best overall results per column
are in italics. Copied and adapted from [156]

method number of annotations

proposal  blending (CB) correction (BC) 1 3 5 10

DC3+OSP balanced yes 0.4481 + 0.1957 0.2425 + 0.0741  0.1832 + 0.0095  0.1615 + 0.0129
DC3 balanced yes 0.6804 + 0.4510 0.4582 + 0.3392  0.4150 + 0.1721  0.1553 + 0.0097
DC3+0SP balanced no 1.0309 + 0.1750  0.2704 + 0.0760  0.2105 + 0.0256  0.4546 + 0.4343
DC3+0sP no yes 1.7382 + 0.1553  0.2499 + 0.0374  0.2081 + 0.0171  0.2798 + 0.1325
no only blends no 0.2311 + 0.0224  0.2394 + 0.0930  0.1904 + 0.0209  0.1644 + 0.0062
no balanced no 0.8565 + 0.4466  0.1966 + 0.0245 0.1678 + 0.0224  0.1568 + 0.0165
no no no 0.5578 + 0.1259  0.2451 + 0.0127  0.5435 + 0.4285  0.1898 + 0.0380

7.3 Verification of annotation strategy

In Table 7.5 the original results of [156] are reported. It also shows the
results without OSP. The best results can only be achieved with OSP,
balanced blending (CB) and Bias Correction (BC), except for one outlier
within 0.01 of the best result. The results without DC3 proposals achieve
better results, especially for higher numbers of annotations. However,
as mentioned above, the number of annotations is not exactly equal to
budget (b). “For example [with] a speedup [S] [...]] of 3, 5 annotations with
proposal and 3 annotations without proposal, we have a lower annotation cost
based on the calculations form [155] (5 - 0.33 vs. 3) and have a lower KL score”.?

In [156], the impact of an introduced bias was acceptable and thus
the annotations with proposals yield the best results. The original work
analyzed all possible paths through the flowchart defined in Figure 6.7.
“We can validate that the strategy leads to the best results even if a bias would
not be acceptable. Based on the speedup of about 1.2, the recommendation would
have been to not annotate with proposals and to use only balanced blending,

2quoted from [156] p.12
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which is the best method for multiple annotations. Theoretically, if we had a high
speedup, we could compare a higher number of annotations with proposals to fewer
annotations without proposals.”> As described above, CleverLabel yields the
best results for a Speedup of at least at the decision boundary of 3. The
conclusion of this evaluation regarding SMART was “[blased on the results
for all possible scenarios, we were able to verify the effectiveness of our strategy

based on the literature for the given use case”.*

3quotecl from [156] p.12
“quoted from [156] p.12
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Chapter 8

Discussion

This chapter is divided into two sections. The first section (see Section 8.1)
discusses the answers to all the research questions from Section 1.3. The
second section (see Section 8.2) discusses the limitations of this work and
concludes future research topics based on these limitations.

8.1 Research question discussion

Reflecting on and summarizing the results presented in Chapter 7 and
the individual descriptions of the methods in Chapter 6 and the human
studies in Section 5.3, this dissertation comes to the following conclusions.
These conclusions are structured by the corresponding research question
from Section 1.3.

8.1.1 Research Question 1: “What are the characteristics
of ambiguous labels in relation to other data quality
issues?” (RQ1)

The definition of ambiguity for this dissertation is given in Section 2.1.
It describes the inherent uncertainty in an image during the annotation
process that leads to different results by the same or different people. Most
importantly, this definition is distinct from noise and can be described as
a form of heteroscedastic aleatoric uncertainty. In this dissertation, this
ambiguity is captured by using soft labels. The idea of using soft labels, or
rather a distribution over the classes, has already been introduced with
label smoothing [116, 192]. However, while both techniques may have a
similar effect, the soft labels of this dissertation are based on multiple

95



8. Discussion

annotations and are thus image dependent instead of the common label
smoothing which uses a constant factor for all images.

8.1.2 Research Question 2: “How can improved data quality
for image classification be quantified?” (RQ2)

As mentioned in Section 5.2 “[blased on the definition of the GT distribution
(P(L* = -)), this objective can be interpreted as minimizing the difference be-
tween the network output ®(x) and P(L* = -) (both interpreted as probability
distributions).” Thus, minimizing this difference is an improvement in data
quality with respect to our GT distribution definition (P(L* = )).

Research Question 2.1: “What data are required to quantify improved
data quality?” (RQ2.1)

The target distribution P(L* = -) must be known for each image, other-
wise no quantization of the improvement is possible. Possible solutions to
approximate P(L* = -) are described in Section 2.1. The conclusion was
that averaging multiple annotations per image is feasible for image classifi-
cation. It is still expensive and therefore not common in published datasets.
The benchmark described in Section 5.1 provides multiple datasets with
the desired characteristics. For this reason, this benchmark was mainly
used to analyze and verify the other presented methods and results.

Another aspect is that if proposals are to be used to answer RQ3,
human studies are required. In Section 5.3 the human studies are outlined
to verify or falsify assumptions with real people.

Research Question 2.2: “What metrics and algorithms are needed to
quantify improved data quality?” (RQ2.2)

In Section 5.2 several metrics are discussed and the decision to use them is
justified. The choice of metrics can have a significant impact on the results,
as shown previously in [152]. We concluded in that paper that the focus
on metrics such as ACC may be the reason for the well-known problem of
overconfident models [60, 123].
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As noted above, human studies are needed to verify results based
on human interactions with proposals. However, human studies are too
expensive to be used for method development, so a simulation such as SPA
is needed to allow rapid iteration during development (see Section 5.4).
It is important to note that the development of SPA enabled our research
into CleverLabel and ultimately SMART.

8.1.3 Research Question 3: “What are the implications of
using proposals to guide the annotation process for
image classification?” (RQ3)

Proposals or Pseuo-Labels are often used in modern machine learning to
speed up or improve the annotation process as described in Section 3.2.
The positive and negative effects are often not studied in detail. This dis-
sertation finds that the default effect [78] can reduce annotation time and
increase consistency, but introduces a bias that needs to be minimized to
achieve overall improved data quality. This bias arises because annotators
are more likely to annotate the proposed class, resulting in a skewed GT
distribution P(L* = -) towards the proposed class.

Research Question 3.1: “What positive effects can be achieved by using
proposals to guide the annotation process for image classification?”
(RQ3.1)

In Section 6.1 and Section 6.2, this dissertation presented two methods
for generating proposals based on overclustering. The DC3 method is a
model agnostic extension for most SSL models and has shown reliable
performance on several datasets as shown in Section 6.2. In addition, the
proposals based on overclustering have been shown to lead to higher
consistency and annotation time due to the default effect. This section also
shows the benefit of using proposals based on overclustering rather than
just normal predictions. A conclusion of [63, 149, 154] is that overclustering
allows a better separation of the data into smaller pieces that are less
ambiguous and therefore can be annotated more consistently.
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Research Question 3.2: “How can negative effects be minimized when
using proposals to guide the annotation process for image classification?”
(RQ3.2)

The use of the default effect can also be seen as a drawback because it
introduces a bias into the annotation process. Based on the understanding
of the introduction of this bias (see SPA), two data enhancement methods
(CB, BC) have been developed in Section 6.3. Together they are called
CleverLabel. As shown in Chapter 7, they can improve the data quality
when using proposals and thus minimize the introduced bias. In addition,
it was shown that CB can also be used to enhance data quality when
no proposals are used. The improvement of CleverLabel, depending on
Speedup (S), can lead to an overall improved quality at a lower cost than
one annotation per image.

8.1.4 Research Question 4: “How should ambiguous data
be annotated based on the results of RQ1, RQ2 and
RQ3?” (RQ4)

A unified strategy has been defined with SMART in Section 6.5. The
evaluation in Section 7.3 and [156] showed that regardless of the decision
made in SMART, the resulting path leads to the highest performance in
a real-world dataset conditioned on the decisions made. The proposed
strategy was developed based on our own and other research. It has been
verified on another domain and thus it can be concluded that SMART
provides the optimal annotation strategy for the defined use cases in [156].
The main questions that led to the development of SMART are answered
below.

Research Question 4.1: “Is one annotation enough to capture the ambi-
guity in image classification tasks?” (RQ4.1)

No, one annotation is not enough, as shown in Chapter 7 and discussed in
[152, 155]. The use of multiple annotations and thus a soft GT label leads
to a better training with respect to the metrics KL, ECE and ACC. Even
the selection of the best previously reported methods in Chapter 7 leads
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often to inferior performance compared to using pseudo-labeling with
soft labels. This conclusion is consistent with previous own conclusions in
[63, 149] and has also been discussed by others [15, 38, 177]. In addition,
the use of label smoothing is an established technique to improve the
training of neural networks [106, 107, 116]. The ambiguity in the data
could be a possible reason why and when it works. This is important
because these questions are still open in the literature.

Research Question 4.2: “Are proposals based on classification or over-
clustering better for the annotation process?” (RQ4.2)

Overclustering has been reported to be more consistent compared to
classifications as proposals in [149, 154] and Section 5.3. The annotation
process is faster than without proposals [154]. It could be shown that more
consistent results based on the overclustering proposal do not directly lead
to improved data quality (see Section 6.4 and Chapter 7). However, when
the proposal is varied based on the clustering content (see Section 6.4),
the resulting distributions from the overclustering proposal outperform
no proposals (see Section 7.2 and Section 7.3). The conclusion of this
dissertation is that OSP is essential to translate the higher consistency of
overclustering into higher quality image annotations.

Research Question 4.3: “How does an increased or decreased budget
during the annotation process affect the resulting data quality?” (RQ4.3)

As noted in [152], performance improves with increasing b. It is important
to note that this improvement is given for different neural networks and
training protocols. The expected gain is approximately logarithmic in b
(see Section 7.1) and depends on the given dataset, model and b. Saturation
of performance is expected as b increases. Saturation can be avoided or
reduced with more advanced models such as ViT.

8.2 Limitations & Future Work

All research in [149, 152, 154, 155, 156] uses various image domains, reso-
lutions, class distributions and number of annotations, but the investigated
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datasets and research share common assumptions. The conclusions are
expected to be generalizable to datasets and research not sharing these
assumptions, but this verification is beyond the scope of this dissertation.

All my research involving annotations created by humans assume
helpful and supportive annotators who annotate to the best of their ability.
Malicious introduction of errors or intentionally varying performance of
annotators is not considered nor prevented. Moreover, as stated in 6.5, it is
essential to ensure a certain level of annotator quality to produce meaning-
ful annotations. However, this dissertation does not investigate the impact
of higher quality annotations, such as those from domain experts with
more advanced skills, on the results. The datasets in [152] and [156] were
annotated by a diverse group of annotators, ranging from unskilled work-
ers to trained domain experts. Thus, it appears reasonable to suggest that
higher quality annotations can also improve data quality further. However,
the observed trends, methods, and strategies are applicable irrespective of
the worker’s skill level if a certain level of quality is maintained.

My research was limited to datasets with up to 15000 images and up
to 10 classes. The described effects and method should also work for larger
datasets with million of images and thousands of classes. Based on the
success of language models like GPT-4 [127, 128], a diminishing return can
be expected when the dataset is large enough. The idea behind this is that
while the label per image might still be wrong or inaccurate, there might
be several hundred or thousand images with very similar content which
were described differently. Thus, the average across multiple images is
approximately the same as soft labeling a single image. For more classes,
this dissertation expects a reverse trend. It is more difficult and time
consuming to annotate thousands of fine-grained classes, which allows
more ambiguity between classes [181]. Thus, a proposal system which
allows to create consistent and fine-grained classifications will be helpful.

One issue to consider is the effect of long-tail distributions. While the
used datasets can have a high class imbalance (up to nearly 90 times the
smallest class), no distributions with few (< 10) labeled examples or even
no labels during training were investigated. This could lead to inferior
network proposals. These issues are beyond the scope of this work, but can
most likely be combined with our results, since only the model training
needs to be adapted to handle these rare training cases.
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The interpretability of the network prediction has been improved
by providing more meaningful confidence predictions. However, actual
explanations for the computed decisions of the network as in [13, 162, 199]
are not given. Due to the fact that the proposed methods improve the
data quality, it should be possible to leverage this benefit for network
interpretability in the future.

Overall, this topic has been analyzed with the fewest limitations pos-
sible. Research about extending and intensifying this research is left for
future researchers.
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Chapter 9

Conclusion

This dissertation investigated the challenges posed by ambiguous data in
the context of image classification. One of the fundamental issues in deep
learning is the reliance on high-quality annotated data. However, due to
the inconsistency and ambiguity of the annotators, the data itself becomes
ambiguous. In line with previous research, this dissertation emphasizes the
inadequacy of a single annotation per image to deal with this ambiguity.
Recognizing the limitations of existing annotation approaches, this research
compares the notion of ambiguity with other concepts in the literature,
proposes a benchmark, a simulation, and metrics to enable further research,
while describing methods to overcome these challenges. The significance
of this work lies in its contribution to improving data quality with an
efficient strategy to improve the data annotation process.

This dissertation is guided by the research questions (see Section 1.3).
Starting with the definition of ambiguity itself, this work compares similar-
ities and differences with other concepts reported in the literature (see RQ1
and Chapter 2). This highlights the need to determine how improved data
quality can be measured (see RQ2 and Chapter 5). Based on this, the meth-
ods for improving data quality using proposals could be described (see
RQ3 and Chapter 6). This research led to the definition of an annotation
strategy and its verification (see RQ4, Section 6.5 and Chapter 7).

Chapter 5 describes how improved data quality can be measured. In
this dissertation, improved data quality is defined as the minimization
of the difference between the network output ®(x) and the unknown GT
distribution (P(L* = -)). This introduces the problem that the GT distribu-
tion is unknown, and a dataset with multiple annotations is required to
approximate it. A multi-domain benchmark that meets this requirement is
described in Section 5.1. The evaluation of human interaction with propos-
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als requires human studies or a simulation of human interaction, which
are described in Section 5.3 and Section 5.4.

The key idea for improving data quality is to use the proposals as
a guide during the annotation process. With FOC and DC3, two meth-
ods have been introduced in Chapter 6 that provide overclustering pro-
posals. While annotation proposals may inadvertently introduce biases,
CleverLabel was proposed in Section 6.3 to reverse and minimize these bi-
ases. OSP describes how overclustering proposals can be used to improve
not only data consistency but also data quality in Section 6.4. These pro-
posed methods and their associated evaluations led to a unified Strategy
for creating high-quality iMage Annotations with human Reliablity and
judgement enhancemenT (SMART). This strategy describes several pos-
sible ways to optimally annotate the data for image classification based
on a simple flowchart. The advantage of using this strategy is to im-
prove data quality at the same or lower cost. This strategy combines all
the aforementioned research and can be seen as the main result of this
dissertation.

All proposed methods are evaluated in a unified setup on the proposed
benchmark in Chapter 7. The results experimentally prove that the use of
overclustering proposals generated by DC3 with OSP and enhanced with
CleverLabel leads to superior results and can potentially even increase the
quality while decreasing the cost. Furthermore, the analysis of SMART
verified that all possible paths defined by the strategy are optimal given
the specific circumstances that led to the path. Due to the fact that SMART
was verified experimentally on a chosen classification problem that has
not been evaluated before, it can be assumed that the strategy will also
work for any other classification problem.

In conclusion, this dissertation has provided an investigation into the
fundamental issues of data quality for ambiguous classification tasks. The
results of this research have broad implications for the field of deep learn-
ing. By providing an effective annotation strategy for image classification
tasks, one can improve the consistency and quality of annotations while
reducing the time and cost associated with the annotation process. The im-
provements in annotation quality and efficiency offered by this dissertation
have the potential to shape the way deep learning models are developed
and deployed.
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Appendix A

Own previous papers

In the following chapter, all original works of relevance for this work are
presented in chronological order.

A.1 Long papers

A11 2D and 3D Segmentation of uncertain local collagen
fiber orientations in SHG microscopy

The final authenticated version is available online at https://doi.org/10.1007 /978-
3-030-33676-9_26[insert DOI].
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A. Own previous papers

2D and 3D Segmentation of uncertain local
collagen fiber orientations in SHG microscopy

Lars Schmarje!, Claudius Zelenka!, Ulf Geisen?, Claus-C. Gliier?, and
Reinhard Koch!

! Multimedia Information Processing Group, Kiel University, Germany
{las,cze, rk}@informatik.uni-kiel.de
2 Molecular Imaging North Competence Center, Kiel University, Germany
{ulf.geisen, glueer}@rad.uni-kiel.de

Abstract. Collagen fiber orientations in bones, visible with Second Har-
monic Generation (SHG) microscopy, represent the inner structure and
its alteration due to influences like cancer. While analyses of these ori-
entations are valuable for medical research, it is not feasible to analyze
the needed large amounts of local orientations manually. Since we have
uncertain borders for these local orientations only rough regions can
be segmented instead of a pixel-wise segmentation. We analyze the ef-
fect of these uncertain borders on human performance by a user study.
Furthermore, we compare a variety of 2D and 3D methods such as clas-
sical approaches like Fourier analysis with state-of-the-art deep neural
networks for the classification of local fiber orientations. We present a
general way to use pretrained 2D weights in 3D neural networks, such as
Inception-ResNet-3D a 3D extension of Inception-ResNet-v2. In a 10 fold
cross-validation our two stage segmentation based on Inception-ResNet-
3D and transferred 2D ImageNet weights achieves a human comparable
accuracy.

Keywords: comparison 2D and 3D - weight transfer from 2D to 3D -
osteogenesis imperfecta - second harmonic generation - uncertain borders
- rough semantic segmentation

1 Introduction

In a variety of medical issues and research activities, computed tomography
(CT) scans are used for bone examinations. However, most CT scans only have
a resolution in the millimeter range. Special CT procedures allow resolutions of
a few pm [4,17]. For this reason single collagen fiber bundles of about 2-3 pm
[1] can not be detected well in CT scans. The structure and orientation of these
bundles allow us to make conclusions about changes in the bone (e.g. by growth
or disease) [1]. These characteristics of the inner bone structure are valuable for
research in the fields of age determination, disease detection and cancer research.

Second harmonic generation (SHG) microscopy can visualize these structures of
collagen due to its higher resolution. This methods allows us to generate large
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(a) SHG image (b) Pixelwise GT (¢) Rough GT

Fig. 1: Example of a SHG input image and the corresponding ground-truth -
Note that while (b) is a pixel-wise ground-truth annotation we are in a setting
with uncertain borders. Hence we should try to recreate a rough segmentation
as shown in (c). The white scale bar depicts a size of 100 pm. Color code: Similar
orientation - red, Dissimilar orientation - green, Not of interest - blue

amounts of dense 3D scans of collagen fibers in bones. It is time-consuming
to create statistics of fiber bundles orientations or to mark regions of interest
by experts. Moreover, manual annotations for large datasets are not feasible
due to time constraints, budget and subjective biases. These biases are results
of the uncertain borders in local fiber orientations. Therefore, an automatic
analysis of fiber bundles orientation in large amounts of SHG data would benefit
a variety of medical research activities. Large scale studies are not practical
without automatic analysis.

The disease osteogenesis imperfecta (OI), also known as brittle bone disease,
changes the orientation of fiber bundles in the bones of affected people and
animals([1]. Hence SHG data of healthy and diseased mice is predestined for the
evaluation of new methods.

Consequently, we developed different automatic algorithms for fiber bundle ori-
entation analysis. We considered the orientation of fiber bundles in a local region
as a classification problem. We focused ourselves on three classes: Bundles with
similar (S) and dissimilar (D) orientations and everything else or not of interest
(N) (e.g. noise, background). Figure 1 shows an example input and the corre-
sponding ground-truth segmentation images.

The classification of a local region can also be defined as a rough semantic
segmentation of the entire image. Since borders of local orientations are not well
defined and can be described as highly uncertain and fluent, the goal is not to
create pixel-wise segmentation. Therefore, we are interested in rough localization
of these regions and their classification. Due to large regions which are not of
interest (N) a large class imbalance in favor of this class exists and must be
addressed. We analyzed the effect of uncertain borders on human performance
in the task of rough fiber orientation segmentation by a user study.
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We investigated classical approaches like Fourier analysis and state-of-the-art
methods like deep neural networks. Instead of reporting only the best results
we present a complete overview and comparison for future research in rough
semantic segmentation. Most of our neural networks use a state-of-the-art back-
bone and domain specific adaptions. We aimed to change as little as possible in
the original backbones to allow interchangeability with other backbones in the
future. We show how a state-of-the-art 2D backbone can be used in 3D rough
semantic segmentation. We call this network Inception-ResNet-3D. Especially
we present a way to transfer pretrained 2D weights into the 3D case. The code
is publicly available for reproducibility. *

To sum up, the main contributions of our work are:

— We report a systematical comparison of algorithms for classification and
segmentation in 2D and 3D with uncertain borders. We use a novel dense
3D SHG dataset with more than 4500 slices for method development and
testing. Human performance to classify uncertain collagen fiber orientations
on this dataset is also reported.

— We show a general way to convert weights from the 2D into 3D.

— Our two stage approach with Inception-ResNet-3D and transferred 2D weights
achieves a performance comparable to humans for uncertain collagen fiber
segmentation in a 10 fold cross-validation.

2 Related Work

Currently neural networks are state-of-the-art in the field of image data classifi-
cation (e.g. ImageNet [18]). A variety of neural networks have emerged over the
years [10,21,7,8,24,23]. These networks started with a simple architecture (e.g.
VGG-16 [21]). They integrated new structure elements like residual [7] and incep-
tion blocks [24] as they were developed and proved their superior performance.
This development led to an increase of the topl accuracy on the ImageNet test
set from 71.3% with VGG-16 to 80.3% with Inception-ResNet-v2. Parallel the
depth and thereby the complexity increased from 23 to 572 layers 2.

Semantic segmentation gives a classification for every pixel in an image and
is an extension of a classification problem. Shelhamer et al. [20] first proposed
to use fully convolutional networks to solve semantic segmentation. U-Net [16]
is a network for semantic segmentation which was designed for medical images.
Often semantic segmentation networks consist of a down- and a upsampling part
[20,16].

However, the current state-of-the-art approaches for image classification and
semantic segmentation have two major drawbacks in the context of uncertain
local fiber orientation classification. We have 3D data and a high uncertainty
for the borders. Most research focuses on 2D data while Zhou et al. [26] showed

 https: //github.com/Emprime/uncertain-fiber-segmentation
2 Values are based on the reference implementation in Keras



A.l. Long papers

4 L. Schmarje et al.

that it is beneficial to use the 3D information for organ segmentation. Networks
like PointNet [14] can classify 3D point clouds yet they do not consider dense 3D
input as we have. The network 3D-U-Net [3] represents an expansion of U-Net
to 3D data. It is typically used to segment 3D objects like organs [3]. This fixes
the first drawback while the second one remains. Objects with uncertain borders
like our fiber orientations are not well represented.

While 3D extensions of Inception-ResNet-v2 have been presented in [9,6] the
usage of 2D pretraining is not so widely used. Parallel to our research Shan et
al. proposed a 2D weight transfer strategy to 3D [19] which is most similar to
ours (see subsection 4.1).

Collagen structures in SHG images have been analyzed in several publications
[2,25,5,1,22,15,11]. They were analyzed in tissue [2] and bones [5,25]. Rao et al.
[15] presented how Fourier analysis can be used to investigate the orientation
of collagen fibers. The Fourier analysis was extended from small regions to the
whole scan in [1,22,11]. The analysis classified small image parts as anisotropic,
isotropic and dark. These classifications where used to calculate the distributions
of classes over an image. In [22] these distributions where used to detect injured
tendons. Moreover, Ambekar et al. [1] showed the change of distribution due
to aging can be used to determine the age of pigs. Lau et al. [11] used the 3D
information of SHG data and could show an increase in performance.

Nevertheless, their analysis is based on only few (<100) images. An analysis
on larger amounts of data is not known. The data shown in the papers seems
to be of overall of a good quality. Artifacts, noise and blurring and impact of
performance was not reported.

Liang et al. [12] state to be the first to analyze SHG images with neural networks.
They estimated the elastic properties of collagenous tissue. A classification or
segmentation of fibers were not part of their investigation.

To our knowledge, we are the first who use neural networks to automatically
classify and segment local collagen fiber orientation in large amounts of 2D or
3D data. In contrast to previous neural network literature we use 3D data and
adapt our networks to uncertain borders. In comparison to earlier fiber analyses
we utilize neural networks to process large amount of mixed quality data.

3 User study

While we knew that we operated in a context with uncertain borders we did
not know how this would impact performance. Therefore, we investigated this
issue by a random sample user study. Our goal was to examine how well humans
can classify and segment local fiber orientations. We compared 15 different peo-
ple with each other (interpersonal) and 5 results of the same person over time
(intrapersonal).
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The participants were given two tasks. The first task was to chose one annotation
out of 5 given example annotations for one image. This task was repeated for 10
different images. The second task was to create an annotation for 24 images.

For the first task we calculated the Pearson correlation coefficient between the
annotation selections of all participants (interpersonal) or over time (intraper-
sonal). This leads to a mean absolute coefficient of 0.44 with a standard deviation
of 0.26 for the intrapersonal comparison. The interpersonal comparison results
in a mean absolute coefficient of 0.24 with a standard deviation of 0.2.

For the second task we calculated the accuracies of the created annotations with
the ground-truth (see subsection 5.2 for the metric definition). The intraper-
sonal comparison reached a mean accuracy of 78.29% with a standard deviation
of 2.40% over all 24 images. The interpersonal comparison resulted in a mean
accuracy of 58.83% with a standard deviation of 7.44%.

All in all we see that it is more difficult for different people to select or create
consistent annotations than for one person over time. However, even for a person
over time the selection and creation is not perfect. We can state that humans
achieve only about 78% accuracy consistency with themselves. If we train and
evaluate a neural network on human created ground-truth with this consistency
rate we can not expect that an algorithm performs significantly better.

4 Methods

All methods use the same datasets although the 2D methods ignore the inherent
three-dimensional information. Therefore, 2D data will be referred to as scan
slice or image and 3D data as scan. For all methods we investigated a variety
of hyperparameters such as batchsize, backbones and loss variations. We will
mention in the method description only important hyperparameter selections
and specialties. For further details see the supplementary materials.

4.1 Weight transfer 2D to 3D

We want to utilize the pretrained ImageNet weights in our 3D Networks and thus
we have to transfer the 2D kernel weights into 3D kernel weights. Technically
this is a function I : Rwxhxe _ Rwxhxdxe that transforms a 3D (width, height,
channels) matrix M into a 4D (width, height, depth, channels) matrix M, with
w,h,d,c € N.

We investigated two methods for the weight transformation. We denote the set
{1,..,N} by [n] . The first approach is to divide M; by d and stack them d times
to create M; for a given depth d € N:

Mo jkpy = My g /d for all i € [w],j € [h],k € [d], and | € [c]. (1)

The second approach is to insert the 3D matrix into the 4D matrix and fill the
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rest up with zeros. Shan et al. proposed in [19] a similar method. For given odd
depth d € N and center element é = @ + 1 this is defined as

Mgy for k= ¢
Mor: iy = I
2(i,j,k,1) {0 for k € [d] \ {(:}

and all i € [w],j € [h],k € [d],m € [c].

2

Henceforth, we refer to theses transformations if we talk about 2D weights in a
3D context or transferred weights. See subsection 4.4 for further details on the
selected transfer strategies. We use this weight transformations in the network
Inception-Resnet-3D a 3D extension of Inception-ResNet-v2 [23]. In general the
architecture is the same but with 3D layers as done before by [9,6]. In the case of
asymmetric input data we introduce asymmetric strides in the downsamplings
in the stem block. These asymmetric strides create symmetric input for deeper
layers.

4.2 Weighted Focal Loss

As mentioned before we have to address the issue of class imbalance in our
training data and chose to investigate different loss variations. Lin et al. de-
fined the novel loss function Focal Loss in [13] which should automatically bal-
ance the contribution of classes in skewed cases. As mentioned in [13] the loss
L:[0,1]™ x {0,1}™ — [0, 1] can be extended to the non binary case as shown in
Equation 3 with n € N being the number of classes and « the Focal Loss param-
eter. Furthermore, we integrated weights w € R™ for every prediction g € [0, 1]
and ground-truth y € {0,1}". In our case n = 3 and the values of y and §
correspond to these three classes.

L(y) == > wi(l — i) yilog(4:) (3)
i€[n]

Keep in mind that Equation 3 is equal to cross entropy if v = 0 and w = {1}°.

4.3 2D methods

Fourier analysis As a reference we reimplemented a classification based on the
Fourier analysis in small image patches [15]. We used thresholds like in [15] to
discriminate different classes.

Classification A straight forward approach for local region classification is to
create such regions by splitting the images into smaller image parts each with
the same width and height. An equal class distribution was enforced on these
image regions and a graphical representation of the input is given in Figure 2a.
A rough segmentation for the image can be generated out of the classifications
for all image parts.
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(b) 2D semantic segmen- (c¢) 3D combination of 2D
tation classifications

Features | Features | Features
Features | Features | Features

(e) 3D two stage segmen-
tation - first stage

(a) 2D classification

) 3D classification

(f) 3D two stage segmen-
tation - second stage

Fig.2: Graphical representation of the used input and output for the different
proposed methods - The orange slices represent the SHG images which form a
scan together. The blue tiles or blocks are the inputs to the network while the
green markings show the output format. For example (a) shows a 2D image part
as an input and one value as output. While (f) takes features as a 3D matrix
and outputs a 3D matrix.

During development we discovered that classification accuracy was higher if the
image part size was larger. These larger sizes lead to a rougher segmentation
and thus we used an ensemble and majority voting to combine the benefits of
a smaller image part size and the higher accuracy of larger image parts. We
used an Inception-ResNet-v2 [23] backbone with pretrained weights, v = 0 and
w={1}%.

Semantic segmentation Classification of image parts has two major draw-
backs. It is time consuming since a lot of image parts have to be processed and
a post processing step is needed to combine the classifications to a segmenta-
tion. A parallel rough semantic segmentation of an image can overcome both
these problems. In contrast to other literature [20,16] we use only a downscaling
part and not an upsampling part in our segmentation network. As described
earlier we are not interested in a fine segmentation and can drop the upsampling
because of this (see Figure 2b).

The segmentation networks differ from the original backbones mostly in the out-
put. The architecture is shown in Figure 3a. We use an average pooling layer and
a 1x1 convolutional layer instead of a global average pooling layer and a fully
connected layer for multiple reasons. Firstly, we want to create a matrix as an
output which consists of softmax outputs for every row and column. Secondly,
we can incorporate the neighborhood information through the pooling layer.
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Input
(1024x1024x3)
Dropout 0.8
Output
(26x26x3)

;
< S
=g |
Ho
CLZ
UG
29
x|

Dropout 0.6

(16x16x16x1536)
(16x16x16x3)

(a) 2D semantic segmentation (b) 3D two stage segmentation

Fig.3: Architecture of the 2D semantic segmentation network with backbone
and the second stage network for the 3D two stage segmentation - Different
layers have different colorings. The main part of Inception-ResNet-v2 up to the
global average pooling layer is described as one block. The dimensions for in-
and output and the number of feature maps for convolutional layers are given
in brackets. The kernel size is given before the layer name.

Thirdly, we have to use a convolutional layer for the output because otherwise
the number of parameters for the fully connected layer would have become un-
manageable. In addition we can create a finer segmentation than the ensemble
above (subsection 4.3) and also use neighborhood information due to average
pooling layers. We used an Inception-ResNet-v2 [23] backbone with pretrained
weights, vy =0 and w = (%, %, 711) The weights are needed to account for the
class imbalance in the input data.

4.4 3D methods

Combination of 2D classifications This method is an extension of the 2D
classification by combination. We use the 2D classifications and include 3D in-
formation by averaging over the classifications which are positioned next to each
other. This simple aggregation yields a 3D classification but inherits the draw-
backs of the 2D classification. A graphical representation is shown in Figure 2c.

Classification This method is a extension of the 2D classification in 3D. Instead
of image parts (square) we use scan blocks (cuboid) for the classification. The
graphical representation of the input and output is shown in Figure 2d. However,
we do not use an ensemble to combine different 3D classifications. We used our
proposed Inception-ResNet-3D with transferred 2D weights based on ImageNet,
v =2, w={1}* and used the transfer strategy based on Equation 1.

Two stage segmentation In the 2D case parallel segmentation of a complete
image could utilize the neighborhood information for every entry in the output
matrix. In order to combine the information of a whole scan for an output and
still fit in the memory of one GPU we had to take a two stage approach. The idea

117



118

A. Own previous papers

3D Segmentation of uncertain orientations of collagen fibers 9

is to extract features with a pretrained network and then combine these features
in a second network to create a 3D matrix where every entry correspondence to
the three classes (graphical representation see Figure 2e and Figure 2f).

We used Inception-ResNet-3D as an extraction network with transferred Im-
ageNet weights with the transfer strategy based on Equation 1. Unlike in 3D
classification we do not want one classification but the features as output. The
second stage is a small network out of convolutional and average pooling layer
to combine the 3D matrix of features to class predictions. The architecture is
shown in Figure 3b and was inspired by Figure 3a.

5 Experimental Results

5.1 Dataset

We developed our methods on one dataset which was created by the MOIN CC!.
The dataset consists of 4736 SHG images from 35 scans of 6 mice where 3 mice
had the disease OI and the others do not. The scans were taken on different
parts of the legs and had a resolution of 1000 x 1000 px or 1024 x 1024 px while
capturing 250 pm x 250 pm of the bone. We cannot downscale these images
because we would loose the necessary resolution fine fiber structures. The depth
of each scan was variable and ranged from 78 to 214 images while the distance
in the bone between each image is 0.5 pm.

A main property of the data is the class imbalance. Roughly 2% of the data
belongs to the class S (similar orientation) and 3% to the class D (dissimilar
orientation). The remaining 95% belong to the class N (not of interest) and
are, therefore, not interesting in medical research. The data was split in to a
training, validation and test set. Figure 4 displays three example of used SHG
images which represent the variety in the input data.

Moreover, investigations of selected background regions showed a high scanner
noise. The average grey value (0-255) of the background should be zero but
varied between 2.91 and 40.2. On average the registered grey values differ from
the real values with a mean of 9.18 and a standard deviation of 8.79.

5.2 Evaluation Metrics

We use an adapted accuracy function to measure the performance of our results.
In short we use the mean of accuracies per class as our accuracy measure. Our
function meanacc for prediction § € [n]* and ground-truth y € [n]* with n € N
number of classes and k € N entries is defined as follows

k
21::1 L=y, gi=i (4)
% .
27',:1 Ly,=j

! Molecular Imaging North Competence Center

L
meanacc(y,y) = — E
n
i=1
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(a) (b) (c)

Fig. 4: Examples of used SHG images - (a) shows a desirable image. We have
sharp and fine collagen structures while the noise ratio is low. (b) shows a noisy
image where we can see collagen structures on the right hand side. Due to blur-
ring and noise we can only detect rough shapes. (c¢) shows the macroscopic
structure of the bone. We can detect the hole in the center but no single fibers
or fiber bundles. The white scale bar depicts a size of 100 pm.

The function meanacc has the benefit of being stable against class imbalance
and is the same as the normal accuracy in the case of class balance. It allows
an estimation of performance in a single value without tuning weights. In this
paper accuracy on our data always refers to meanacc.

5.3 Method comparison

We used a strict data separation during development to be able to compare
methods. All hyperparameters were selected based on the validation set. The
test set was only used during method comparison. In general we noticed two
trends. Firstly, better network performance on ImageNet translates to improved
accuracies in all our methods. This isn’t noteworthy for tasks like 2D classi-
fication but for improvements in segmentation and feature extraction tasks it
is. Secondly, pretrained weights ensure a good initialization and lead to greater
accuracies. This is expected and reported for 2D classification tasks but the
fact that pretraining can be interpolated to a 3D case and still ensures greater
performance is significant.

Table 1 compares all presented methods with regard to run-time, resolution and
accuracy. The Fourier analysis results in the worst performance even on the
validation set. Due to this inferior performance and the long run-time we did
not evaluate the method further. We believe that the high variability in the data
can not be captured from such a simple approach. The method of 2D semantic
segmentation has the fastest run-time and the finest resolution. The accuracy is
with about 65% the best for all 2D methods. The methods 3D classification and
3D two stage segmentation score a higher accuracy but have a rougher resolution
and a longer run-time. The best accuracy of 72% is achieved by 3D two stage
segmentation.
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Method Run-time Resolution Accuracy
2D Fourier analysis N/A* 16x16x1  55.00%*
2D classification 10l min  64x64x1  59.54%
3D combination of 2D classifications 101 min 64 x 64 x 16  59.68%
2D semantic segmentation 14 min 40 x 40 x 1 64.58%
3D classification 17 min 128 x 128 x 64 70.51%
3D two stage segmentation 72min 64 x 64 x 16 72.18%

Table 1: Overview of the best results on the test set for each method - Run-
time is the time it took to process the test set once which includes pre- and
postprocessing. Resolution describes the number of pixels in the input that are
mapped to one output value. Smaller resolutions result in finer segmentation
but also in an accuracy drop for some methods and are, therefore, not reported
here. The accuracy is reported on the test set. The best result of each column is
marked bold. ¥*Due to the inferior performance on the validation data and long
run-time we did not evaluate the method Fourier analysis on the test set.

In general we see that it is beneficial to process as much data as possible simulta-
neously to achieve a high accuracy. This result can be explained due to the fact
that simultaneous processing incorporates a larger neighborhood. Furthermore,
we see that there is not one best method in all regards. Only a trade-off between
different characteristics can be chosen.

It is remarkable that the features used in the second stage were extracted with
transferred 2D ImageNet weights and still lead to the best results. Furthermore
no adaption to domain specific weights is needed. In the context of a human
consistency of about 78.29% in the user study (section 3) a result of 72% is
remarkable.

5.4 Cross-validation

We did 10 fold cross-validation on the complete dataset to verify that the chosen
random split in different sets introduced no bias and represent the real data
distribution. The data was split 10 times into a training (50%), a validation
(25%) and a test (25%) set. We split randomly but kept only splits where at
least 2% of the data had the class S and another 2% the class D. We put scans
from the same bone region into the same set.

We trained the method two stage segmentation on the training set, used the best
weights on the validation set and evaluated on the test set. The mean accuracy
over 10 runs is 75.79%. Figure 5 shows that the accuracies for all runs are in a
margin of about 10% around the mean. Some runs achieve an accuracy above
the expected accuracy based on the user study.
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Fig. 5: Results of the cross-validation with mean and human performance based
on the user study

6 Conclusion

We compared a variety of methods for rough semantic segmentation of collagen
fiber orientation in 2D and 3D. As a dataset we used a novel collection of dense
3D SHG scans which is larger and more diverse as previously used datasets [1,11].
Our conducted user study implies that human can reach an average consistency
of about 78.29% on the task of uncertain collagen fiber orientation segmentation.
This results in a similar expected accuracy for trained algorithm due to the hu-
man annotated ground-truth. We showed how to use transformed 2D ImageNet
weights in 3D networks in general and in Inception-ResNet-3D in particular. We
proposed a two stage model that can simultaneously process large 3D inputs and
use transformed 2D weights. This best method two stage segmentation achieves
an average accuracy of 75.79% over 10 fold cross-validation. Based on the user
study we can say that we created an algorithm with near human performance.

The presented user study led to great insights into possible performance of neural
networks. It will be beneficial to repeat the user study at a larger scale. We are
confident that two stage segmentation with transferred weights can be applied
in different 3D classification and rough segmentation tasks. We will investigate
these usages in the future. Furthermore, we will investigate how to create more
objective ground-truth for example by leveraging pretrained features and re-
duced supervision.
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ABSTRACT While deep learning strategies achieve outstanding results in computer vision tasks, one issue
remains: The current strategies rely heavily on a huge amount of labeled data. In many real-world problems,
it is not feasible to create such an amount of labeled training data. Therefore, it is common to incorporate
unlabeled data into the training process to reach equal results with fewer labels. Due to a lot of concurrent
research, it is difficult to keep track of recent developments. In this survey, we provide an overview of often
used ideas and methods in image classification with fewer labels. We compare 34 methods in detail based
on their performance and their commonly used ideas rather than a fine-grained taxonomy. In our analysis,
we identify three major trends that lead to future research opportunities. 1. State-of-the-art methods are
scalable to real-world applications in theory but issues like class imbalance, robustness, or fuzzy labels are
not considered. 2. The degree of supervision which is needed to achieve comparable results to the usage
of all labels is decreasing and therefore methods need to be extended to settings with a variable number of
classes. 3. All methods share some common ideas but we identify clusters of methods that do not share many
ideas. We show that combining ideas from different clusters can lead to better performance.

INDEX TERMS Semi-supervised, self-supervised, unsupervised, image classification, deep learning,

survey.

I. INTRODUCTION
Deep learning strategies achieve outstanding successes in
computer vision tasks. They reach the best performance in
a diverse range of tasks such as image classification [1]-[3],
object detection [4], [5] or semantic segmentation [6], [7].
The quality of a deep neural network is strongly influ-
enced by the number of labeled/supervised images [8]. Ima-
geNet [1] is a huge labeled dataset with over one million
images which allows the training of networks with impres-
sive performance. Recent research shows that even larger
datasets than ImageNet can improve these results [9]. How-
ever, in many real-world applications it is not possible to
create labeled datasets with millions of images. A common
strategy for dealing with this problem is transfer learning.
This strategy improves results even on small and specialized
datasets like medical imaging [10]. This might be a practical
workaround for some applications but the fundamental issue
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remains: Unlike humans, supervised learning needs enor-
mous amounts of labeled data.

For a given problem we often have access to a large dataset
of unlabeled data. How this unsupervised data could be used
for neural networks has been of research interest for many
years [11]. Xie et al. were among the first in 2016 to investi-
gate unsupervised deep learning image clustering strategies
to leverage this data [12]. Since then, the usage of unla-
beled data has been researched in numerous ways and has
created research fields like unsupervised, semi-supervised,
self-supervised, weakly-supervised, or metric learning [13].
Generally speaking, unsupervised learning uses no labeled
data, semi-supervised learning uses unlabeled and labeled
while self-supervised learning generates labeled data on
its own. Other research directions are even more different
because weakly-supervised learning uses only partial infor-
mation about the label and metric learning aims at learning a
good distance metric. The idea that unifies these approaches
is that using unlabeled data is beneficial during the training
process (see Figure 1 for an illustration). It either makes the
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FIGURE 1. This image illustrates and simplifies the benefit of using
unlabeled data during deep learning training. The red and dark blue
circles represent labeled data points of different classes. The light grey
circles represent unlabeled data points. If we have only a small number
of labeled samples available we can only make assumptions (dotted line)
over the underlying true distribution (solid line). This true distribution can
only be determined if we also consider the unlabeled data points and
clarify the decision boundary.

training with fewer labels more robust or in some rare cases
even surpasses the supervised cases [14].

Due to this benefit, many researchers and companies work
in the field of semi-, self-, and unsupervised learning. The
main goal is to close the gap between semi-supervised and
supervised learning or even surpass these results. Considering
presented methods like [15], [16] we believe that research is
at the breaking point of achieving this goal. Hence, there is a
lot of research ongoing in this field. This survey provides an
overview to keep track of the major and recent developments
in semi-, self-, and unsupervised learning.

Most investigated research topics share a variety of com-
mon ideas while differing in goal, application contexts, and
implementation details. This survey gives an overview of this
wide range of research topics. The focus of this survey is
on describing the similarities and differences between the
methods.

Whereas we look at a broad range of learning strategies,
we compare these methods only based on the image classifi-
cation task. The addressed audience of this survey consists of
deep learning researchers or interested people with compara-
ble preliminary knowledge who want to keep track of recent
developments in the field of semi-, self- and unsupervised
learning.

A. RELATED WORK
In this subsection, we give a quick overview of previous
works and reference topics we will not address further to
maintain the focus of this survey.

The research of semi- and unsupervised techniques in com-
puter vision has a long history. A variety of research, sur-
veys, and books has been published on this topic [17]-[21].
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Unsupervised cluster algorithms were researched before the
breakthrough of deep learning and are still widely used [22].
There are already extensive surveys that describe unsuper-
vised and semi-supervised strategies without deep learn-
ing [18], [23]. We will focus only on techniques including
deep neural networks.

Many newer surveys focus only on self-, semi- or unsuper-
vised learning [19], [20], [24]. Min et al. wrote an overview
of unsupervised deep learning strategies [24]. They pre-
sented the beginning in this field of research from a net-
work architecture perspective. The authors looked at a broad
range of architectures. We focus on only one architecture
which Min et al. refer to as ““Clustering deep neural network
(CDNN)-based deep clustering” [24]. Even though the work
was published in 2018, it already misses the recent and major
developments in deep learning of the last years. We look at
these more recent developments and show the connections to
other research fields that Min et al. did not include.

Van Engelen and Hoos give a broad overview of general
and recent semi-supervised methods [20]. They cover some
recent developments but deep learning strategies such as [14],
[25]-[28] are not covered. Furthermore, the authors do not
explicitly compare the presented methods based on their
structure or performance.

Jing and Tian concentrated their survey on recent develop-
ments in self-supervised learning [19]. Like us, the authors
provide a performance comparison and a taxonomy. Their
taxonomy distinguishes between different kinds of pretext
tasks. We look at pretext tasks as one common idea and
compare the methods based on these underlying ideas. Jing
and Tian look at different tasks apart from classification but
do not include semi- and unsupervised methods without a
pretext task.

Qi and Luo are one of the few who look at self-, semi-
and unsupervised learning in one survey [29]. However, they
look at the different learning strategies separately and give
comparisons only inside the respective learning strategy. We
show that bridging these gaps leads to new insights, improved
performance, and future research approaches.

Some surveys focus not on the general overviews about
semi-, self-, and unsupervised learning but special details. In
their survey, Cheplygina et al. present a variety of methods
in the context of medical image analysis [30]. They include
deep learning and older machine learning approaches but look
at different strategies from a medical perspective. Mey and
Loog focused on the underlying theoretical assumptions in
semi-supervised learning [31]. We keep our survey limited to
general image classification tasks and focus on their practical
application.

In this survey, we will focus on deep learning approaches
for image classification. We will investigate the different
learning strategies with a spotlight on loss functions. We
concentrate on recent methods because older one are already
adequately addressed in previous literature [17]-[21]. Keep-
ing the above-mentioned limitations in mind, the topic of
self-, semi-, and unsupervised learning still includes a broad
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Common Ideas | Concepts (W (W @

Analysis | Comparison concerning used common ideas I ‘ Comparison concerning performance |

Discussion | 1. Trend: Real World Applications? || 2. Trend: How much supervision is needed? |

| 3. Trend: Combination of common ideas ‘

FIGURE 2. Overview of the strudure of this survey - The Ieammg
Because d learning is

i d and supervised are used in the
g many | melhods we defned trammg which subdivid i ised learning.
ing) see subsection II-A. Each method belongs to one training

For details about the training and Ieammg
strategy and uses several common i

as. A common idea can be a concept such as a pretext task or a loss such as cross-entropy. The definition of

methods and common ideas is given in section Il. Details about the common ideas are defined in subsection 11-B. All methods in this survey are shortly
described and categorized in section I1l. The methods are compared with each other based on this information concerning their used common ideas and
their performance in subsection IV-C. The results of the comparisons and three resulting trends are discussed in subsection IV-D.

range of research fields. We have to exclude some related
topics from this survey to keep the focus of this work for
example because other research have a different aim or are
evaluated on different datasets. Therefore, topics like met-
ric learning [13] and meta learning such as [32] will be
excluded. More specific networks like general adversarial
networks [33] and graph networks such as [34] will be
excluded. Also, other applications like pose estimation [35]
and segmentation [36] or other image sources like videos or
sketches [37] are excluded. Topics like few-shot or zero-shot
learning methods such as [38] are excluded in this survey.
However, we will see in subsection IV-D that topics like
few-shot learning and semi-supervised can learn from each
other in the future like in [39].

B. OUTLINE

The rest of the paper is structured in the following way.
We define and explain the terms which are used in this
survey such as method, training strategy and common idea
in section II. A visual representation of the terms and
their dependencies can be seen before the analysis part in
Figure 2. All methods are presented with a short description,
their training strategy and common idea in section IIL. In
section IV, we compare the methods based their used ideas
and their performance across four common image classifica-
tion datasets. This section also includes a description of the
datasets and evaluation metrics. Finally, we discuss the results
of the comparisons in subsection IV-D and identify three
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trends and research opportunities. In Figure 2, a complete
overview of the structure of this survey can be seen.

Il. UNDERLYING CONCEPTS
Throughout this survey, we use the terms training strategy,
common idea, and method in a specific meaning. The training
strategy is the general type/approach for using the unsuper-
vised data during training. The training strategies are similar
to the terms semi-supervised, self-supervised, or unsuper-
vised learning but provide a definition for corner cases that
the other terms do not. We will explain the differences and
similarities in detail in subsection II-A. The papers we discuss
in detail in this survey propose different elements like an
algorithm, a general idea, or an extension of previous work.
To be consistent in this survey, we call the main algorithm,
idea, or extension in each paper a method. All methods are
briefly described in section III. A method follows a train-
ing strategy and is based on several common ideas. We use
the term common idea, or in short idea, for concepts and
approaches that are shared between different methods. We
roughly sort the methods based on their training strategy but
compare them in detail based on the used common ideas. See
subsection II-B for further information about common ideas.
In the rest of this chapter, we will use a shared definition
for the following variables. For an arbitrary set of images
X we define X; and X, with X = X;UX, as the labeled
and unlabeled images, respectively. For an image x € X;
the corresponding label is defined as z, € Z. An image
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(b) One-Stage-Semi-Supervised

(a) Supervised

FIGURE 3. lllustrations of supervised learning (a) and the three presented reduced traini

(c) One-Stage-Unsupervised (d) Multi-Stage-Semi-Supervised

g strategies (b-d) - The red and dark blue circles represent

labeled data points of different classes. The light grey circles represent unlabeled data points. The black lines define the underlying decision boundaries
between the classes. The striped circles represent data points that do not use the label information in the first stage and can access this information in
a second stage. For more details on stages and the different learning strategies see subsection II-A.

x € X, has no label otherwise it would belong to X;. For
the distinction between X, and X;, only the usage of the
label information during training is important. For example,
an image x € X might have a label that can be used during
evaluation but as long as the label is not used during training
we define x € X,,. The learning strategy LSy for a dataset
X is either unsupervised (X = X,,), supervised (X = X))
or semi-supervised (X, N X; # ). During different phases
of the training, different image datasets X1, X2, ...X, with
n € N could be used. Two consecutive datasets X; and Xj
with i < nand i € N are different as long as different images
(Xi # Xit1) or different labels (X, # X,,,) are used. The
learning strategy LS; up to the dataset X; during the training
is calculated based on X, = Uj'::]X,AJ and X; = Uj’::lXIJ.
Consecutive phases of the training are grouped into stages.
The stage changes during consecutive datasets X; and X;
iff the learning strategy is different (LSx, # LSx;,,) and the
overall learning strategy changes (LS; # LSi+1). Due to this
definition, only two stages can occur during training and the
seven possible combinations are visualized in Figure 4. For
more details see subsection II-A. Let C be the number of
classes for the labels Z. For a given neural network f and
input x € X the output of the neural network is f (x). For the
below-defined formulations, f is an arbitrary network with
arbitrary weights and parameters.

A. TRAINING STRATEGIES

Terms like semi-supervised, self-supervised, and unsuper-
vised learning are often used in literature but have over-
lapping definitions for certain methods. We will summarize
the general understanding and definition of these terms and
highlight borderline cases that are difficult to classify. Due
to these borderline cases, we will define a new taxonomy
based on the stages during training for a precise distinction
of the methods. In subsection IV-C, we will see that this tax-
onomy leads to a clear clustering of the methods regarding the
common ideas which further justifies this taxonomy. A visual
comparison between the learning-strategies semi-supervised
and unsupervised learning and the training strategies can be
found in Figure 4.
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Unsupervised learning describes the training without any
labels. However, the goal can be a clustering (e.g. [14],
[27]) or good representation (e.g. [25], [40]) of the data.
Some methods combine several unsupervised steps to achieve
firstly a good representation and then a clustering (e.g. [41]).
In most cases, this unsupervised training is achieved by
generating its own labels, and therefore the methods are
called self-supervised. A counterexample for an unsupervised
method without self-supervision would be k-means [22].
Often, self-supervision is achieved on a pretext task on the
same or a different dataset and then the pretrained network
is fine-tuned on a downstream task [19]. Many methods that
follow this paradigm say their method is a form of represen-
tation learning [25], [40], [42]-[44]. In this survey, we focus
on image classification, and therefore most self-supervised or
representation learning methods need to fine-tune on labeled
data. The combination of pretraining and fine-tuning can
neither be called unsupervised nor self-supervised as exter-
nal labeled information are used. Semi-supervised learning
describes methods that use labeled and unlabeled data. How-
ever, semi-supervised methods like [16], [26], [45]-[49] use
the labeled and unlabeled data from the beginning in com-
parison to representation learning methods like [25], [40],
[42]-[44] which use them in different stages of their training.
Some methods combine ideas from self-supervised learning,
semi-supervised learning and unsupervised learning [15],
[27] and are even more difficult to classify.

From the above explanation, we see that most methods
are either unsupervised or semi-supervised in the context
of image classification. The usage of labeled and unlabeled
data in semi-supervised methods varies and a clear distinc-
tion in the common taxonomy is not obvious. Nevertheless,
we need to structure the methods in some way to keep an
overview, allow comparisons and acknowledge the difference
of research foci. We decided against providing a fine-grained
taxonomy as in previous literature [29] because we believe
future research will come up with new combinations that were
not thought of before. We separate the methods only based on
arough distinction when the labeled or unlabeled data is used
during the training. For detailed comparisons, we distinct the
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methods based on their common ideas that are defined above
and described in detail in subsection II-B. We call all semi-,
self-, and unsupervised (learning) strategies together reduced
supervised (learning) strategies.

We defined stages above (see section II) as the differ-
ent phases/time intervals during training when the differ-
ent learning strategies supervised (X = X;), unsupervised
(X = X,) or semi-supervised (X, N X; # ) are used. For
example, a method that uses a self-supervised pretraining on
X, and then fine-tunes on the same images with labels has
two stages. A method that uses different algorithms, losses,
or datasets during the training but only uses unsupervised
data X,, has one stage (e.g. [41]). A method which uses X,
and X; during the complete training has one stage (e.g. [26]).
Based on the definition of stages during training, we clas-
sify reduced supervised methods into the training strate-
gies: One-Stage-Semi-Supervised, One-Stage-Unsupervised,
and Multi-Stage-Semi-Supervised. An overview of the stage
combinations and the corresponding training strategy is given
in Figure 4. As we concentrate on reduced supervised learn-
ing in this survey, we will not discuss any methods which are
completely supervised.

Due to the above definition of stages a fifth combination of
data usage between the stages exists. This combination would
use only labeled data in the first stage and unlabeled data in
the second stage. In the rest of the survey, we will exclude
this training strategy for the following reasons. The case that
a stage of complete supervision is followed by a stage of
partial or no supervision is an unusual training strategy. Due
to this unusual usage, we only know of weight initialization
followed by other reduced supervised training steps where
this combination could occur. We see the initialization of a
network with pretrained weights from a supervised training
on a different dataset (e.g. Imagenet [1]) as an architectural
decision. It is not part of the reduced supervised training
process because it is used mainly as a more sophisticated
weight initialization. If we exclude weight initialization for
this reason, we know of no method which belongs to this
stage.

In the following paragraphs, we will describe all other
training strategies in detail and they are illustrated in Figure 3.

1) SUPERVISED LEARNING

Supervised learning is the most common strategy in image
classification with deep neural networks. These methods only
use labeled data X; and its corresponding labels Z. The goal is
to minimize a loss function between the output of the network
f(x) and the expected label z, € Z for all x € X;.

2) ONE-STAGE-SEMI-SUPERVISED TRAINING

All methods which follow the one-stage-semi-supervised
training strategy are trained in one stage with the usage of
Xi, Xy, and Z. The main difference to all supervised learning
strategies is the usage of the additional unlabeled data X,,.
A common way to integrate the unlabeled data is to add one
or more unsupervised losses to the supervised loss.
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Learning Strategy 11 Training Strategy
Supervised - Supervised
One-Stage-

Unsupervised Unsupervised

- One-Stage-Semi-

Supervised

FIGURE 4. lllustration of the different training strategies - Each row
stands for a different combination of data usage during the first

and second stage (defined in section 11). The first column states the
common learning strategy name in the literature for this usage whereas
the last column states the training strategy name used in this survey.
The second column represents the used data overall. The third and fourth
column represent the used data in stage one or two. The blue and grey
(half-) circles represent the usage of the labeled data X; and the
unlabeled data Xy respectively in each stage or overall. A minus means
that no further stage is used. The dashed half circle in the last row
represents that this dashed part of the data can be used.

Semi-Supervised

Multi-Stage-

Semi-Supervised
i Semi-Supervised
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3) ONE-STAGE-UNSUPERVISED TRAINING

All methods which follow the one-stage-unsupervised train-
ing strategy are trained in one stage with the usage of only
the unlabeled samples X,,. Therefore, many authors in this
training strategy call their method unsupervised. A variety of
loss functions exist for unsupervised learning [12], [14], [50].
In most cases, the problem is rephrased in such a way that all
inputs for the loss can be generated, e.g. reconstruction loss
in autoencoders [12]. Due to this self-supervision, some call
also these methods self-supervised. We want to point out one
major difference to many self-supervised methods follow-
ing the multi-stage-semi-supervised training strategy below.
One-Stage-Unsupervised methods give image classifications
without any further usage of labeled data.

4) MULTI-STAGE-SEMI-SUPERVISED TRAINING

All methods which follow the multi-stage-semi-supervised
training strategy are trained in two stages with the usage of
X,, in the first stage and X; and maybe X, in the second stage.
Many methods that are called self-supervised by their authors
fall into this strategy. Commonly a pretext task is used to learn
representations on unlabeled data X,,. In the second stage,
these representations are fine-tuned to image classification
on X;. An important difference to a one-stage method is that
these methods return useable classifications only after an
additional training stage.

B. COMMON IDEAS

Different common ideas are used to train models in semi-,
self-, and unsupervised learning. In this section, we present a
selection of these ideas that are used across multiple methods
in the literature.

It is important to notice that our usage of common ideas is
fuzzy and incomplete by definition. A common idea should
not be an identical implementation or approximation but
the underlying motivation. This fuzziness is needed for two
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reasons. Firstly, a comparison would not be possible due
to so many small differences in the exact implementations.
Secondly, they allow us to abstract some core elements of
a method and therefore similarities can be detected. Also,
not all details, concepts, and motivations are captured by
common ideas. We will limit ourselves to the common ideas
described below since we believe they are enough to char-
acterize all recent methods. At the same time, we know that
these ideas need to be extended in the future as new common
ideas will arise, old ones will disappear, and focus will shift
to other ideas. In contrast to detailed taxonomies, these new
ideas can easily be integrated as new tags.

We sorted the ideas in alphabetical order and distinguish
loss functions and general concepts. Since ideas might refer-
ence each other, you may have to jump to the corresponding
entry if you would like to know more.

LOSS FUNCTIONS

CROSS-ENTROPY (CE)

A common loss function for image classification is
cross-entropy [51]. Itis commonly used to measure the differ-
ence between f(x) and the corresponding label z, for a given
x € X;. The loss is defined in Equation 1 and the goal is to
minimize the difference.

c
CE(zx.f(x)) = — ZP(Csz)lng(P(CV X))

=1

C
==Y P(clz)log(P(clzy))

x:l

- ZP(cwmlog( 1(,(”'(*)5

c=1

= H(P(|zx))
+KL(P(-|zx) || PCIf () @)

P is a probability distribution over all classes and is approx-
imated with the (softmax-)output of the neural network f (x)
or the given label z,. H is the entropy of a probability dis-
tribution and KL is the Kullback-Leibler divergence. It is
important to note that cross-entropy is the sum of entropy over
zr and a Kullback-Leibler divergence between f(x) and zy.
In general, the entropy H (P(:|zy)) is zero due to the one-hot
encoded label z,.

The loss function CE could also be used with a different
probability distribution than P based on the ground-truth
label. These distributions could be for example be based on
Pseudo-Labels or other targets in a self-supervised pretext
task. We abbreviate the used common idea with CE* if not
the ground-truth labels are used to highlight this specialty.

CONTRASTIVE LOSS (CL)

A contrastive loss tries to distinguish positive and negative
pairs. The positive pair could be different views of the same
image and the negative pairs could be all other pairwise
combinations in a batch [25]. Hadsell er al. proposed to
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learn representations based on contrasting [53]. In recent
years, the idea has been extended by self-supervised visual
representation learning methods [25], [54]-[57]. Examples of
contrastive loss functions are NT-Xent [25] and InfoNCE [55]
and both are based on Cross-Entropy. The loss NT-Xent is
computed across all positive pairs (x;, x;) in a fixed subset
of X with N elements e.g. a batch during training. The def-
inition of the loss for a positive pair is given in Equation 2.
The similarity sim between the outputs is measured with a
normalized dot product, T is a temperature parameter and the
batch consists of N image pairs.
exp(sim(f (xi). f (x)))/7)

Zk 1 Liziexp(sim(f (xi), f (x%))/T)

Chen and Li generalize the loss NT-Xent into a broader
family of loss functions with an alignment and a distribution
part [58]. The alignment part encourages representations
of positive pairs to be similar whereas the distribution
part “encourages representations to match a prior distri-
bution” [58]. The loss InfoNCE is motivated like other
contrastive losses by maximizing the agreement / mutual
information between different views. Van der Oord et al.
showed that InfoNCE is a lower bound for the mutual infor-
mation between the views [55]. More details and different
bounds for other losses can be found in [59]. However,
Tschannen er al. show evidence that these lower bounds
might not be the main reason for the successes of these
methods [60]. Due to this fact, we count losses like InfoNCE
as a mixture of the common ideas contrastive loss and mutual
information.

Ly =

ENTROPY MINIMIZATION (EM)

Grandvalet and Bengio noticed that the distributions of pre-
dictions in semi-supervised learning tend to be distributed
over many or all classes instead of being sharp for one
or few classes [61]. They proposed to sharpen the output
predictions or in other words to force the network to make
more confident predictions by minimizing entropy [61]. They
minimized the entropy H(P(:|f(x))) for a probability distri-
bution (P(-|[f(x)) based on a certain neural output f(x) and
an image x € X. This minimization leads to sharper /
more confident predictions. If this loss is used as the only
loss the network/predictions would degenerate to a trivial
minimization.

KULLBACK-LEIBLER DIVERGENCE (KL)

The Kullback-Leiber divergence is also commonly used in
image classification since it can be interpreted as a part
of cross-entropy. In general, KL measures the difference
between two given distributions [62] and is therefore often
used to define an auxiliary loss between the output f(x)
for an image x € X and a given secondary discrete prob-
ability distribution Q over the classes C. The definition
is given in Equation 3. The second distribution could be
another network output distribution, a prior known distribu-
tion, or a ground-truth distribution depending on the goal of
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FIGURE 5. lllustration of four selected common ideas - (a) The blue and red circles represent two different classes. The line is the decision boundary

between these classes. The ¢ spheres around the circles define the area of possible

The arrows

the ial change vector

r which pushes the decision boundary away from any data point. (b) The images of a cat and a dog are combined with a parametrized blending. The

labels are also d with the same p

The shown images are taken from the dataset STL-10 [52] (c) Each circle represents a data

point and the coloring of the circle the ground-!ruth label. In this example, the images in the middle have fuzzy ground-truth labels. Classification can
only draw one arbitrary decision boundary (dashed line) in the datapoints whereas overclustering can create multiple subregions. This method could also

be applied to outliers rather than fuzzy labels. (d)

loop represents one version of Pseudo-Labeling. A neural network predicts an output distribution.

This distribution is cast into a hard Pseudo-Label which is then used for further training the neural network.

the minimization.

c
KLQ || PClf (%)) = — Z Q(C)lvg(%) (3)
c=1

MEAN SQUARED ERROR (MSE)
MSE measures the Euclidean distance between two vectors
e.g. two neural network outputs f(x), f(y) for the images
x,y € X. In contrast to the loss CE or KL, MSE is not
a probability measure and therefore the vectors can be in
an arbitrary Euclidean feature space (see Equation 4). The
minimization of the MSE will pull the two vectors or as
in the example the network outputs together. Similar to the
minimization of entropy, this would lead to a degeneration of
the network if this loss is used as the only loss on the network
outputs.

MSE(f(x).f) = |If ) — fO)I13 )
MUTUAL INFORMATION (MI)
MI is defined for two probability distributions P, Q as the
Kullback Leiber (KL) divergence between the joint distri-
bution and the marginal distributions [63]. In many reduced
supervised methods, the goal is to maximize the mutual infor-
mation between the distributions. These distributions could
be based on the input, the output, or an intermediate step of
a neural network. In most cases, the conditional distribution
between P and Q and therefore the joint distribution is not
known. For example, we could use the outputs of a neural
network f (x), () for two augmented views x, y of the same
image as the distributions P, Q. In general, the distributions
could be dependent as x, y could be identical or very similar
and the distributions could be independent if x,y they are
crops of distinct classes e.g. the background sky and the fore-
ground object. Therefore, the mutual information needs to
be approximated. The used approximation varies depending
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on the method and the definition of the distributions P, Q.
For further theoretical insights and several approximations
see [59], [64].

‘We show the definition of the mutual information between
two network outputs f(x),f(y) for images x,y € X as
an example in Equation 5. This equation also shows an
alternative representation of mutual information: the sep-
aration in entropy H(P(:|f(x))) and conditional entropy
H(P([f(x)) | PCIf(y)). Ji et al. argue that this representa-
tion illustrates the benefits of using MI over CE in unsu-
pervised cases [14]. A degeneration is avoided because MI
balances the effects of maximizing the entropy with a uni-
form distribution for P(:|f(x)) and minimizing the condi-
tional entropy by equalizing P(:|f(x)) and P(:|f(y)). Both
cases lead to a degeneration of the neural network on their
own.

I(PCIf (), PCIFO)
= KL(PCIf (), f O || PCLFG) * PCIF))
c

> P, @) fO)
c=1,c'=1
toa( P @)
0g(——F——F———
P(clf () % P If ()
= H(PCIf(0) + HPCF () | PCIF (D) ©)

VIRTUAL ADVERSARIAL TRAINING (VAT)

VAT [65] tries to make predictions invariant to small transfor-
mations by minimizing the distance between an image and
a transformed version of the image. Miyato ef al. showed
how a transformation can be chosen and approximated in an
adversarial way. This adversarial transformation maximizes
the distance between an image and a transformed version of
it over all possible transformations. The loss is defined in
Equation 6 with an image x € X and the output of a given
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(a) Main image

(e) Exemplar (f) Rotation

(h) Contrastive Learning

(g) Context

FIGURE 6. lllustrations of 8 selected pretext tasks - (a) Example image for the pretext task (b) Negative/different example image in the dataset or batch
(c) The Jigsaw pretext task consists of solving a simple Jigsaw puzzle generated from the main image. (d) Jigsaw++ augments the Jigsaw puzzle by adding
in parts of a different image. (e) In the exemplar pretext task, the distributions of a weakly image (upper right corner) and several strongly
augmented images should be aligned. (f) An image is rotated around a fixed set of rotations e.g. 0, 90, 180, and 270 degrees. The network should predict
the rotation which has been applied. (g) A central patch and an adjacent patch from the same image are given. The task is to predict one of the 8 possible
relative positions of the second patch to the first one. In the example, the correct answer is upper center. (h) The network receives a list of pairs and

should predict the positive pairs. In this example, a positive pair consists of augmented views from the same image. Some illustrations are inspired

by [40]. [42], [44].

neural network f(x).

VAT (f(x)) = D(P(-If (x), PCIf (x + raav))
Tagy = argmax D(P(|f (x), PClf (x + 7)) (6)

rillrli=e

P is the probability distribution over the outputs of the neural
network and D is a non-negative function that measures the
distance. As illustrated in Figure 5a r is a vector and € the
maximum length of this vector. Two examples of used dis-
tance measures are cross-entropy [65] and Kullback-Leiber
divergence [15].

CONCEPTS

MIXUP (MU)

Mixup creates convex combinations of images by blending
them into each other. An illustration of the concept is given
in Figure 5b. The prediction of the convex combination of the
corresponding labels turned out to be beneficial because the
network needs to create consistent predictions for intermedi-
ate interpolations of the image. This approach has been bene-
ficial for supervised learning in general [66] and is therefore
also used in several semi-supervised learning algorithms [26],
[45], [46].
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OVERCLUSTERING (0OC)

Normally, if we have k classes in the supervised case we
also use k clusters in the unsupervised case. Research showed
that it can be beneficial to use more clusters than actual
classes k exist [14], [27], [67]. We call this idea overclus-
tering. Overclustering can be beneficial in semi-supervised
or unsupervised cases due to the effect that neural net-
works can decide ‘on their own’ how to split the data.
This separation can be helpful in noisy/fuzzy data or with
intermediate classes that were sorted into adjacent classes
randomly [27]. An illustration of this idea is presented
in Figure 5¢

PRETEXT TASK (PT)

A pretext task is a broad-ranged description of self-supervised
training a neural network on a different task than the target
task. This task can be for example predicting the rotation
of an image [40], solving a jigsaw puzzle [43], using a
contrastive loss [25], [55] or maximizing mutual informa-
tion [14], [27]. An overview of most pretext task in this
survey is given in Figure 6 and a complete overview is
given in Table 1. In most cases the self-supervised, pre-
text task is used to learn representations which can then
be fine-tuned for image classification [25], [40], [42]-[44],
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(a) m-model (b) Temporal Ensembling (c) Mean Teacher (d) UDA

FIGURE 7. lllustration of four selected one-stage-semi-supervised methods - The used method is given below each image. The input including label
information is given in the blue box on the left side. On the right side, an illustration of the method is provided. In general, the process is organized from
top to bottom. At first, the input images are preprocessed by none or two different random f ions t. Special i hni like
Autoaugment [69] are represented by a red box. The following neural network uses these preprocessed images (x, y) as input. The calculation of the loss
(dotted line) is different for each method but shares common parts. All methods use the cross-entropy (CE) between label and predicted distribution
P(-|f(x)) on labeled examples. Details about the methods can be found in the corresponding entry in section Ill whereas abbreviations for common
methods are defined in subsection II-B. EMA stands for the exponential moving average.

[55], [68]. In a semi-supervised context, some methods neural network as labels for unknown data as described in the

use this pretext task to define an additional loss during common idea. Therefore, the labeled and unlabeled data are

training [45]. used in parallel to minimize the CE loss. Common ideas: CE,
CE* PL

PSEUDO-LABELS (PL)

A simple approach for estimating labels of unknown data is
using Pseudo-Labels [47]. Lee proposed to classify unseen
data with a neural network and use the predictions as labels.
This process is illustrated in Figure 5d. What sounds at
first like a self-fulfilling assumption works reasonably well
in real-world image classification tasks. It is important to
notice that the network needs additional information to
prevent total random predictions. This additional informa-
tion could be some known labels or a weight initializa-
tion of other supervised data or unsupervised on a pre- e N 3 :
text task. Several modern methods are based on the same predictions is evaluated. Laine & Aila show that Tempo-

core idea of creating labels by predicting them on their ral ]_Ensembling_ is up to two times faster and more sta-
own [46], [48]. ble in comparison to the sw-model [49]. Illustrations of

these methods are given in Figure 7. Common ideas: CE,
MSE

7-MODEL AND TEMPORAL ENSEMBLING

Laine & Aila present two similar learning methods with
the names w-model and Temporal Ensembling [49]. Both
methods use a combination of the supervised CE loss and
the unsupervised consistency loss MSE. The first input for
the consistency loss in both cases is the output of their
network from a randomly augmented input image. The sec-
ond input is different for each method. In the w-model
an augmentation of the same image is used. In Tempo-
ral Ensembling an exponential moving average of previous

1ll. METHODS
This section shorty summarizes all methods in the survey MEAN TEACHER
in roughly chronological order and separated by their train-
ing strategy. Each summary states the used common ideas,
explains their usage, and highlights special cases. The abbre-
viations for the common ideas are defined in subsection II-B.
We include a large number of recent methods but we do not
claim this list to be complete.

With Mean Teacher Tarvainen & Valpola present a student-
teacher-approach for semi-supervised learning [48]. They
develop their approach based on the 7-model and Tempo-
ral Ensembling [49]. Therefore, they also use MSE as a
consistency loss between two predictions but create these
predictions differently. They argue that Temporal Ensem-
bling incorporates new information too slowly into predic-

A. ONE-STAGE-SEMI-SUPERVISED tions. The reason for this is that the exponential moving
PSEUDO-LABELS average (EMA) is only updated once per epoch. There-
Pseudo-Labels [47] describes a common idea in deep learning fore, they propose to use a teacher based on the average
and a learning method on its own. For the description of weights of a student in each update step. Tarvainen &

the common idea see above in subsection II-B. In contrast Valpola show for their model that the KL-divergence is
to many other semi-supervised methods, Pseudo-Labels does an inferior consistency loss than MSE. An illustration of
not use a combination of an unsupervised and a supervised this method is given in Figure 7. Common ideas: CE,
loss. The Pseudo-Labels approach uses the predictions of a MSE
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VIRTUAL ADVERSARIAL TRAINING (VAT)

VAT [65] is not just the name for a common idea but it is
also a one-stage-semi-supervised method. Miyato et al. used
a combination of VAT on unlabeled data and CE on labeled
data [65]. They showed that the adversarial transformation
leads to a lower error on image classification than random
transformations. Furthermore, they showed that adding Ent-
Min [61] to the loss increased accuracy even more. Common
ideas: CE, (EM), VAT

INTERPOLATION CONSISTENCY TRAINING (ICT)

ICT [70] uses linear interpolations of unlabeled data points to
regularize the consistency between images. Verma et al. use a
combination of the supervised loss CE and the unsupervised
loss MSE. The unsupervised loss is measured between the
prediction of the interpolation of two images and the inter-
polation of their Pseudo-Labels. The interpolation is gener-
ated with the mixup [66] algorithm from two unlabeled data
points. For these unlabeled data points, the Pseudo-Labels are
predicted by a Mean Teacher [48] network. Common ideas:
CE, MSE, MU, PL

FAST-STOCHASTIC WEIGHT AVERAGING (FAST-SWA)

In contrast to other semi-supervised methods, Athi-
waratkun et al. do not change the loss but the optimization
algorithm [71]. They analyzed the learning process based
on ideas and concepts of SWA [72], m-model [49] and
Mean Teacher [48]. Athiwaratkun ef al. show that averaging
and cycling learning rates are beneficial in semi-supervised
learning by stabilizing the training. They call their improved
version of SWA fast-SWA due to faster convergence and
lower performance variance [71]. The architecture and loss
is either copied from m-model [49] or Mean Teacher [48].
Common ideas: CE, MSE

MixMatch

MixMatch [46] uses a combination of a supervised and
an unsupervised loss. Berthelot et al. use CE as the
supervised loss and MSE between predictions and gen-
erated Pseudo-Labels as their unsupervised loss. These
Pseudo-Labels are created from previous predictions of aug-
mented images. They propose a novel sharping method over
multiple predictions to improve the quality of the Pseudo-
Labels. This sharpening also enforces implicitly a minimiza-
tion of the entropy on the unlabeled data. Furthermore, they
extend the algorithm mixup [66] to semi-supervised learning
by incorporating the generated labels. Common ideas: CE,
(EM), MSE, MU, PL

ENSEMPLE AutoEndocing TRANSFORMATION (EnAET)

EnAET [73] combines the self-supervised pretext task
AutoEncoding Transformations [74] with MixMatch [46].
Wang et al. apply spatial transformations, such as transla-
tions and rotations, and non-spatial transformations, such as
color distortions, on input images in the pretext task. The
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transformations are then estimated with the original and aug-
mented image given. This is a difference to other pretext tasks
where the estimation is often based on the augmented image
only [40]. The loss is used together with the loss of MixMatch
and is extended with the Kullback Leiber divergence between
the predictions of the original and the augmented image.
Common ideas: CE, (EM), KL, MSE, MU, PL, PT

UNSUPERVISED DATA AUGMENTATION (UDA)

Xie et al. present with UDA a semi-supervised learning
algorithm that concentrates on the usage of state-of-the-art
augmentation [16]. They use a supervised and an unsuper-
vised loss. The supervised loss is CE whereas the unsu-
pervised loss is the Kullback Leiber divergence between
output predictions. These output predictions are based on
an image and an augmented version of this image. For
image classification, they propose to use the augmentation
scheme generated by AutoAugment [69] in combination
with Cutout [75]. AutoAugment uses reinforcement learning
to create useful augmentations automatically. Cutout is an
augmentation scheme where randomly selected regions of
the image are masked out. Xie et al. show that this com-
bined augmentation method achieves higher performance in
comparison to previous methods on their own like Cutout,
Cropping, or Flipping. In addition to the different augmen-
tation, they propose to use a variety of other regularization
methods. They proposed Training Signal Annealing which
restricts the influence of labeled examples during the training
process to prevent overfitting. They use EntMin [61] and
a kind of Pseudo-Labeling [47]. We use the term kind of
Pseudo-Labeling because they do not use the predictions
as labels but they use them to filter unsupervised data for
outliers. An illustration of this method is given in Figure 7.
Common ideas: CE, EM, KL, (PL)

SELF-PACED MULTI-VIEW CO-TRAINING (SpamCo)

Ma et al. propose a general framework for co-training across
multiple views [76]. In the context of image classification,
different neural networks can be used as different views. The
main idea of the co-training between different views is similar
to using Pseudo-Labels. The main differences in SpamCo are
that the Pseudo-Labels are not used for all samples and they
influence each other across views. Each unlabeled image has
a weight value for each view. Based on an age parameter,
more unlabeled images are considered in each iteration. At
first only confident Pseudo-Labels are used and over time
also less confident ones are allowed. The proposed hard or
soft co-regularizers also influence the weighting of the unla-
beled images. The regularizers encourage to select unlabeled
images for training across views. Without this regularization
the training would degenerate to an independent training
of the different views/models. CE is used as loss on the
labels and Pseudo-Labels with additional L, regularization.
Ma et al. show further applications including text classifica-
tion and object detection. Common ideas: CE, CE*, MSE, PL
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FIGURE 8. lllustration of four selected methods - The used method is given below each image. The input |m:ludmg label information is given in the blue
box on the left side. On the right side, an illustration of the method is provided. For FOC the second stage is represented. In general, the process |s
organlled from top to bottom. At first, the mpu( images are preprocessed by none or two different random ions t. Special

like CTAug [45] are d by a red box. The following neural network uses these preprocessed images (e.g. x, y) as input. The
calculation of the loss (dotted line) is dlﬂerent for each method but shares common parts. All methods use the cross- entropy (CE) between label and
predicted distribution P(-|f(x)) on labeled examples. Details about the methods can be found in the corresponding entry in section 11l whereas
abbreviations for common methods are defined in subsection 1I-B.

ReMixMatch B. MULTI-STAGE-SEMI-SUPERVISED

ReMixMatch [45] is an extension of MixMatch with distribu- EXEMPLAR

tion alignment and augmentation anchoring. Berthelot et al. Dosovitskiy et al. proposed a self-supervised pretext task
motivate the distribution alignment with an analysis of mutual with additional fine-tuning [68]. They randomly sample
information. They use entropy minimization via ‘“‘sharpen- patches from different images and augment these patches
ing” but they do not use any prediction equalization like in heavily. Augmentations can be for example rotations, trans-

mutual information. They argue that an equal distribution is lations, color changes, or contrast adjustments. The classifi-

also not desirable since the distribution of the unlabeled data cation task is to map all augmented versions of a patch to

could be skewed. Therefore, they align the predictions of the the correct original patch using cross-entropy loss. Common

unlabeled data with a marginal class distribution over the ideas: CE, CE*, PT

seen examples. Berthelot e al. exchange the augmentation

scheme of MixMatch with augmentation anchoring. Instead

of averaging the prediction over different slight augmenta- ~ CONTEXT

tions of an image they only use stronger augmentations as Doersch et al. propose to use context prediction as a pretext

regularization. All augmented predictions of an image are task for visual representation learning [42]. A central patch

encouraged to result in the same distribution with CE instead and an adjacent patch from an image are used as input. The

of MSE. Furthermore, a self-supervised loss based on the task is to predict one of the 8 possible relative positions

rotation pretext task [40] was added. Common ideas: CE, CE* of the second patch to the first one using cross-entropy

(EM), (MI), MU, PL, PT loss. An illustration of the pretext task is given in Figure 6.
Doersch et al. argue that this task becomes easier if you
recognize the content of these patches. The authors fine-tune

FixMatch their representations for other tasks and show their superiority

FixMatch [26] is building on the ideas of ReMixMatch  in comparison to the random initialization. Aside from fine-

but is dropping several ideas to make the framework more tuning, Doersch et al. show how their method could be used

simple while achieving a better performance. FixMatch is for Visual Data Mining. Common ideas: CE, CE*, PT

using the cross-entropy loss on the supervised and the

unsupervised data. For each image in the unlabeled data,

one weakly- and one strongly-augmented version is cre- JIGSAW

ated. The Pseudo-Label of the weakly-augmented version is Noroozi and Favaro propose to solve Jigsaw puzzles as a
used if a confidence threshold is surpassed by the network. pretext task [43]. The idea is that a network has to understand
If a Pseudo-Label is calculated the network output of the the concept of a presented object to solve the puzzle using
strongly-augmented version is compared with this hard label the classification loss cross-entropy. They prevent simple
via cross-entropy which implicitly encourages low-entropy solutions that only look at edges or corners by including

predictions on the unlabeled data [26]. Sohn ef al. do not use small random margins between the puzzle patches. They
ideas like Mixup, VAT, or distribution alignment but they state fine-tune on supervised data for image classification tasks.
that they can be used and provide ablations for some of these Noroozi et al. extended the Jigsaw task by adding image parts
extensions. Common ideas: CE, CE*, (EM), PL of a different image [44]. They call the extension Jigsaw-++.
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FIGURE 9. lllustration of four selected multi-stage-semi-supervised methods - The used method is given below each image. The input is given in the red
box on the left side. On the right side, an illustration of the method is provided. The fine-tuning part is d and only the first stage/pretext task is
represented. In general, the process is organized from top to bottom. At first, the input images are either preprocessed by one or two random
transformations ¢t or are split up. The following neural network uses these preprocessed images (x, y) as input. The calculation of the loss (dotted line) is
different for each method. AMDIM and CPC use internal elements of the network to calculate the loss. DeepCluster and IIC use the predicted output
distributions (P(-|f(x)), P(-|f(y))) to calculate a loss. Details about the methods can be found in the corresponding entry in section Ill whereas
abbreviations for common methods are defined in subsection II-B.

Examples for a Jigsaw or Jigsaw++ puzzle are given in CONSTRASTIVE MULTIVIEW CODING (CMC)

Figure 6. Common ideas: CE, CE*, PT CMC [54] generalizes CPC [55] to an arbitrary collection of
views. Tian et al. try to learn an embedding that is different
DeepCluster for contrastive samples and equal for similar images. Like

DeepCluster [67] is a self-supervised method that generates ~ Oord ef al. they train their network by identifying the cor-
labels by k-means clustering. Caron et al. iterate between — rect prediction out of multhle negative ones [_55]' However,
clustering of predicted labels to generate Pseudo-Labels and ~ Tian ef al. take different views of the same image such as

training with cross-entropy on these labels. They show that it color channels, depth, and segmentation as similar images.
is beneficial to use overclustering in the pretext task. After For common image classification datasets like STL-10, they
the pretext task, they fine-tune the network on all labels. use patch-based similarity. After this pretext task, the rep-
An illustration of this method is given in Figure 9. Common resentations are fine-tuned to the desired dataset. Common
ideas: CE, OC, PL, PT ideas: CE, (CE¥), CL, (MI), PT

DEEP InfoMax (DIM)

DIM [77] maximizes the MI between local input regions and
output representations. Hjelm et al. show that maximizing
over local input regions rather than the complete image is
beneficial for image classification. Also, they use a discrim-
inator to match the output representations to a given prior

ROTATION

Gidaris et al. use a pretext task based on image rotation
prediction [40]. They propose to randomly rotate the input
image by 0, 90, 180, or 270 degrees and let the network
predict the chosen rotation degree. They train the network
with cross-entropy on this classification task. In their work, distribution. In the end, they fine-tune the network with an

lhey‘also evaluate different numbgrs of rolal‘l(?ns ,bUl four additional small fully-connected neural network. Common
rotations score the best result. For image classification, they ideas: CE, MI, PT

fine-tune on labeled data. Common ideas: CE, CE*, PT
AUGMENTED MULTISCALE DEEP InfoMax (AMDIM)

CONTRASTIVE PREDICTIVE CODING (CPC) AMDIM [78] maximizes the MI between inputs and outputs
CPC [55], [56] is a self-supervised method that predicts of anetwork. It is an extension of the method DIM [77]. DIM
representations of local image regions based on previous usually maximizes MI between local regions of an image and
image regions. The authors determine the quality of these a representation of the image. AMDIM extends the idea of
predictions with a contrastive loss which identifies the correct DIM in several ways. Firstly, the authors sample the local
prediction out of randomly sampled negative ones. They call regions and representations from different augmentations of
their loss InfoNCE which is cross-entropy for the prediction the same source image. Secondly, they maximize MI between

of positive examples [55]. Van den Oord et al. showed that multiple scales of the local region and the representation.
minimizing InfoNCE maximizes the lower bound for MI They use a more powerful encoder and define mixture-based
between the previous image regions and the predicted image representations to achieve higher accuracies. Bachman et al.
region [55]. An illustration of this method is given in Figure 9. fine-tune the representations on labeled data to measure their
The representations of the pretext task are then fine-tuned. quality. An illustration of this method is given in Figure 9.
Common ideas: CE, (CE*), CL, (MI), PT Common ideas: CE, MI, PT
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DEEP METRIC TRANSFER (DMT)

DMT [79] learns a metric as a pretext task and then propa-
gates labels onto unlabeled data with this metric. Liu er al.
use self-supervised image colorization [80] or unsupervised
instance discrimination [81] to calculate a metric. In the sec-
ond stage, they propagate labels to unlabeled data with spec-
tral clustering and then fine-tune the network with the new
Pseudo-Labels. Additionally, they show that their approach is
complementary to previous methods. If they use the most con-
fident Pseudo-Labels for methods such as Mean Teacher [48]
or VAT [65], they can improve the accuracy with very few
labels by about 30%. Common ideas: CE, CE*, PL, PT

INVARIANT INFORMATION CLUSTERING (1IC)

IIC [14] maximizes the MI between augmented views of
an image. The idea is that images should belong to the
same class regardless of the augmentation. The augmenta-
tion has to be a transformation to which the neural network
should be invariant. The authors do not maximize directly
over the output distributions but over the class distribution
which is approximated for every batch. Ji er al. use auxiliary
overclustering on a different output head to increase their
performance in the unsupervised case. This idea allows the
network to learn subclasses and handle noisy data. Ji er al.
use Sobel filtered images as input instead of the original RGB
images. Additionally, they show how to extend IIC to image
segmentation. Up to this point, the method is completely
unsupervised. To be comparable to other semi-supervised
methods they fine-tune their models on a subset of available
labels. An illustration of this method is given in Figure 9.
The first unsupervised stage can be seen as a self-supervised
pretext task. In contrast to other pretext tasks, this task already
predicts representations which can be seen as classifications.
Common ideas: CE, MI, OC, PT

SELF-SUPERVISED SEMI-SUPERVISED LEARNING (S*L)

SYL [15] is, as the name suggests, a combination of
self-supervised and semi-supervised methods. Zhai et al. split
the loss into a supervised and an unsupervised part. The
supervised loss is CE whereas the unsupervised loss is based
on the self-supervised techniques using rotation and exemplar
prediction [40], [68]. The authors show that their method per-
forms better than other self-supervised and semi-supervised
techniques [40], [47], [61], [65], [68]. In their Mix Of
All Models (MOAM) they combine self-supervised rotation
prediction, VAT, entropy minimization, Pseudo-Labels, and
fine-tuning into a single model with multiple training steps.
Since we discuss the results of their MOAM we identify S*L
as a multi-stage-semi-supervised method. Common ideas:
CE, CE* EM, PL, PT, VAT

SIMPLE FRAMEWORK FOR CONTRASTIVE LEARNING OF
VISUAL REPRESENTATION (SimCLR)

SimCLR [25] maximizes the agreement between two differ-
ent augmentations of the same image. The method is similar
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to CPC [55] and IIC [14]. In comparison to CPC Chen et al.
do not use the different inner representations. Contrary to
IIC they use normalized temperature-scaled cross-entropy
(NT-Xent) as their loss. Based on the cosine similarity of
the predictions, NT-Xent measures whether positive pairs are
similar and negative pairs are dissimilar. Augmented versions
of the same image are treated as positive pairs and pairs with
any other image as negative pair. The system is trained with
large batch sizes of up to 8192 instead of a memory bank to
create enough negative examples. Common ideas: CE, (CE*),
CL, PT

FUZZY OVERCLUSTERING (FOC)

Fuzzy Overclustering [27] is an extension of IIC [14].
FOC focuses on using overclustering to subdivide fuzzy
labels in real-world datasets. Therefore, it unifies the used
data and losses proposed by IIC between the different
stages and extends it with new ideas such as the novel
loss Inverse Cross-Entropy (CE™!). This loss is inspired by
Cross-Entropy but can be used on the overclustering results
of the network where no ground truth labels are known. FOC
is not achieving state-of-the-art results on a common image
classification dataset. However, on a real-world plankton
dataset with fuzzy labels, it surpasses FixMatch and shows
that 5-10% more consistent predictions can be achieved. Like
IIC, FOC can be viewed as a multi-stage-semi-supervised
and an one-stage-unsupervised method. In general, FOC is
trained in one unsupervised and one semi-supervised stage
and can be seen as a multi-stage-semi-supervised method.
Like IIC, it produces classifications already in the unsu-
pervised stage and can therefore also be seen as an one-
stage-unsupervised method. Common ideas: CE, (CE*) MI,
ocC, PT

MOMENTUM CONTRAST (MoCo)

He et al. propose to use a momentum encoder for contrastive
learning [82]. In other methods [25], [55]-[57], the negative
examples for the contrastive loss are sampled from the same
mini-batch as the positive pair. A large batch size is needed
to ensure a great variety of negative examples. He et al.
sample their negative examples from a queue encoded by
another network whose weights are updated with an expo-
nential moving average of the main network. They solve
the pretext task proposed by [81] with negative examples
samples from their queue and fine-tune in a second stage
on labeled data. Chen er al. provide further ablations and
baseline for the MoCo Framework e.g. by using a MLP head
for fine-tuning [83]. Common ideas: CE, CL, PT

BOOTSTRAP YOU OWN LATENT (BYOL)

Grill et al. use an online and a target network. In the pro-
posed pretext task, the online network predicts the image
representation of the target network for an image [28]. The
difference between the predictions is measured with MSE.
Normally, this approach would lead to a degeneration of the
network as a constant prediction over all images would also
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(b) SimCLRv2
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FIGURE 10. lllustration of four selected multi-stage-semi-supervised methods - The used method is given below each |mage The input is glven in (he red

(not using labels) or blue (using labels) box on the left side. On the right side, an illustration of the method is provi 2

part is

and only the first stage/pretext task is represented. For SimCLRv2 the second stage or distillation step is lllustrated In general the process is organized
from top to bottom. At first, the input images are either preprocessed by one or two random transformations t or are split up. The following neural
network uses these preprocessed images (x, y) as input. Details about the methods can be found in the corresponding entry in section Ill whereas
abbreviations for common methods are defined in subsection 11-B. EMA stands for the exponential moving average.

achieve the goal. In contrastive learning, this degeneration
is avoided by selecting a positive pair of examples from
multiple negative ones [25], [55]-[57], [82], [83]. By using
a slow-moving average of the weights between the online
and target network, Grill et al. show empirically that the
degeneration to a constant prediction can be avoided. This
approach has the positive effect that BYOL performance is
depending less on hyperparameters like augmentation and
batch size [28]. In a follow-up work, Richemond ef al. show
that BYOL even works when no batch normalization which
might have introduced kind of a contrastive learning effect in
the batches is used [84]. Common ideas: MSE, PT

SIMPLE FRAMEWORK FOR CONTRASTIVE LEARNING OF
VISUAL REPRESENTATION (SimCLRv2)

Chen et al. extend the framework SimCLR by using larger
and deeper networks and by incorporating the memory mech-
anism from MoCo [57]. Moreover, they propose to use this
framework in three steps. The first is training a contrastive
learning pretext task with a deep neural network and the
SimCLRv2 method. The second step is fine-tuning this large
network with a small amount of labeled data. The third step
is self-training or distillation. The large pretrained network is
used to predict Pseudo-Labels on the complete (unlabeled)
data. These (soft) Pseudo-Labels are then used to train a
smaller neural network with CE. The distillation step could
be also performed on the same network as in the pretext
task. Chen er al. show that even this self-distillation leads to
performance improvements [57]. Common ideas: CE, (CE*),
CL, PL, PT

C. ONE-STAGE-UNSUPERVISED

DEEP ADAPTIVE IMAGE CLUSTERING (DAC)

DAC [50] reformulates unsupervised clustering as a pair-
wise classification. Similar to the idea of Pseudo-Labels
Chang et al. predict clusters and use these to retrain the
network. The twist is that they calculate the cosine dis-
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tance between all cluster predictions. This distance is used
to determine whether the input images are similar or dis-
similar with a given certainty. The network is then trained
with binary CE on these certain similar and dissimilar input
images. One can interpret these similarities and dissimilar-
ities as Pseudo-Labels for the similarity classification task.
During the training process, they lower the needed certainty to
include more images. As input Chang et al. use a combination
of RGB and extracted HOG features. Common ideas: PL

INFORMATION MAXIMIZING SELF-AUGMENTED

TRAINING (IMSAT)

IMSAT [85] maximizes MI between the input and output
of the model. As a consistency regularization Hu ef al. use
CE between an image prediction and an augmented image
prediction. They show that the best augmentation of the pre-
diction can be calculated with VAT [65]. The maximization
of MI directly on the image input leads to a problem. For
datasets like CIFAR-10, CIFAR-100 [86] and STL-10 [52]
the color information is too dominant in comparison to the
actual content or shape. As a workaround, Hu et al. use the
features generated by a pretrained CNN on ImageNet [1] as
input. Common ideas: MI, VAT

INVARIANT INFORMATION CLUSTERING (IIC)

TIC [14] is described above as a multi-stage-semi-supervised
method. In comparison to other presented methods, IIC cre-
ates usable classifications without fine-tuning the model on
labeled data. The reason for this is that the pretext task is con-
structed in such a way that label predictions can be extracted
directly from the model. This leads to the conclusion that IIC
can also be interpreted as an unsupervised learning method.
Common ideas: MI, OC

FUZZY OVERCLUSTERING (FOC)
FOC [27] is described above as a multi-stage-semi-supervised
method. Like IIC, FOC can also be seen as an one-
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(a) CIFAR-10

(b) STL-10

(c) ILSVRC-2012

FIGURE 11. Examples of four random cats in the different datasets to illustrate the difference in quality.

stage-unsupervised method because the first stage yields
cluster predictions. Common ideas: MI, OC

SEMANTIC CLUSTERING BY ADOPTING NEAREST
NEIGHBORS (SCAN)

Gansbeke et al. calculate clustering assignments building on
self-supervised pretext task by mining the nearest neighbors
and using self-labeling. They propose to use SimCLR [25]
as a pretext task but show that other pretext tasks [40], [81]
could also be used for this step. For each sample, the k nearest
neighbors are selected in the gained feature space. The novel
semantic clustering loss encourages these samples to be in the
same cluster. Gansbeke ef al. noticed that the wrong nearest
neighbors have a lower confidence and propose to create
Pseudo-Labels on only confident examples for further fine-
tuning. They also show that Overclustering can be success-
fully used if the number of clusters is not known before.
Common ideas: OC, PL, PT

IV. ANALYSIS

In this chapter, we will analyze which common ideas are
shared or differ between methods. We will compare the per-
formance of all methods with each other on common deep
learning datasets.

A. DATASETS

In this survey, we compare the presented methods on a vari-
ety of datasets. We selected four datasets that were used in
multiple papers to allow a fair comparison. An overview of
example images is given in Figure 11.

CIFAR-10 AND CIFAR-100

are large datasets of tiny color images with size 32 x
32 [86]. Both datasets contain 60,000 images belonging to
10 or 100 classes respectively. The 100 classes in CIFAR-
100 can be combined into 20 superclasses. Both sets provide
50,000 training examples and 10,000 validation examples
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(image + label). The presented results are only trained
with 4,000 labels for CIFAR-10 and 10,000 labels for
CIFAR-100 to represent a semi-supervised case. If a method
uses all labels this is marked independently.

STL-10

is dataset designed for unsupervised and semi-supervised
learning [52]. The dataset is inspired by CIFAR-10 [86] but
provides fewer labels. It only consists of 5,000 training labels
and 8,000 validation labels. However, 100,000 unlabeled
example images are also provided. These unlabeled examples
belong to the training classes and some different classes.
The images are 96 x 96 color images and were acquired in
combination with their labels from ImageNet [1].

ILSVRC-2012

is a subset of ImageNet [1]. The training set consists
of 1.2 million images whereas the validation and the test set
include 150,000 images. These images belong to 1000 object
categories. Due to this large number of categories, it is com-
mon to report Top-5 and Top-1 accuracy. Top-1 accuracy is
the classical accuracy where one prediction is compared to
one ground-truth label. Top-5 accuracy checks if a ground
truth label is in a set of at most five predictions. For fur-
ther details on accuracy see subsection IV-B. The presented
results are only trained with 10% of labels to represent a
semi-supervised case. If a method uses all labels this is
marked independently.

B. EVALUATION METRICS

We compare the performance of all methods based on their
classification score. This score is defined differently for unsu-
pervised and all other settings. We follow standard protocol
and use the classification accuracy in most cases. For unsu-
pervised learning, we use cluster accuracy because we need
to handle the missing labels during the training. We need to
find the best one-to-one permutations (o) from the network
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cluster predictions to the ground-truth classes. For N images
X1, ..., Xy € X; with labels z,;, and predictions f(x;) € RC
the accuracy is defined in Equation 7 whereas the cluster
accuracy is defined in Equation 8.

N
Zi:l ]12\( =argmax <j<cf(x);
N
N 1 N
2im1 Loy =oargmax . f i)
N

ACC(xy, . (@)

L XN)=

ACC(xl..H,xN):maax ®8)
C. COMPARISON OF METHODS

In this subsection, we will compare the methods concerning
their used common ideas and performance. We will summa-
rize the presented results and discuss the underlying trends in
the next subsection.

COMPARISON CONCERNING USED COMMON IDEAS

In Table 1 we present all methods and their used com-
mon ideas. Following our definition of common ideas in
subsection II-B, we evaluate only ideas that were used
frequently in different papers. Special details such as the
different optimizer for fast-SWA or the used approxima-
tion for MI are excluded. Please see section III for further
details.

One might expect that common ideas are used equally
between methods and training strategies. We rather see a
tendency that common ideas differ between training strate-
gies. We will step through all common ideas based on the
significance of differentiating the training strategies.

A major separation between the training strategies can be
based on CE and pretext tasks. All one-stage-semi-supervised
methods use a cross-entropy loss during training whereas
only two use additional losses based on pretext tasks.
All multi-stage-semi-supervised methods use a pretext task
and use CE for fine-tuning. All one-stage-semi-supervised
methods use no CE and often use a pretext task. Due to
our definition of the training strategies this grouping is
expected.

However, further clusters of the common ideas are visi-
ble. We notice that some common ideas are (almost) solely
used by one of the two semi-supervised strategies. These
common ideas are EM, KL, MSE, and MU for one-stage-
semi-supervised methods and CL, MI, and OC for multi-
stage-semi-supervised methods. We hypothesize that this
shared and different usage of ideas exists due to the dif-
ferent usage of unlabeled data. For example, one-stage-
semi-supervised methods use the unlabeled and labeled data
in the same stage and therefore might need to regularize the
training with MSE.

If we compare multi-stage-semi-supervised and one-
stage-unsupervised training we notice that MI, OC, and PT
are often used in both. All three of them are not often used
with one-stage-semi-supervised training as stated above. We
hypothesize that this similarity arises because most multi-
stage-semi-supervised methods have an unsupervised stage
followed by a supervised stage. For the method IIC the
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authors even proposed to fine-tune the unsupervised method
to surpass purely supervised results. CE*, PL, and VAT are
used in several different methods. Due to their simple and
complementary idea, they can be used in a variety of different
methods. UDA for example uses PL to filter the unlabeled
data for useful images. CE* seems to be more often used
by multi-stage-semi-supervised methods. The parentheses in
Table 1 indicate that they often also motivate another idea like
CE~! [27] or the CL loss [25], [55]. All in all, we see that the
defined training strategies share common ideas inside each
strategy and differ in the usage of ideas between them. We
conclude that the definition of the training strategies is not
only logical but is also supported by their usage of common
ideas.

COMPARISON CONCERNING PERFORMANCE

We compare the performance of the different methods
based on their respective reported results or cross-references
in other papers. For better comparability, we would have
liked to recreate every method in a unified setup but this
was not feasible. Whereas using reported values might be
the only possible approach, it leads to drawbacks in the
analysis.

Kolesnikov er al. showed that changes in the archi-
tecture can lead to significant performance boost or
drops [89]. They state that ’neither [...] the ranking
of architectures [is] consistent across different methods,
nor is the ranking of methods consistent across architec-
tures’ [89]. Most methods try to achieve comparability
with previous ones by a similar setup but over time small
differences still aggregate and lead to a variety of used
architectures. Some methods use only early convolutional
networks such as AlexNet [1] but others use more modern
architectures like Wide ResNet-Architecture [90] or Shake-
Shake-Regularization [91].

Oliver et al. proposed guidelines to ensure more com-
parable evaluations in semi-supervised learning [92]. They
showed that not following these guidelines may lead to
changes in the performance [92]. Whereas some methods try
to follow these guidelines, we cannot guarantee that all meth-
ods do so. This impacts comparability further. Considering
the above-mentioned limitations, we do not focus on small
differences but look for general trends and specialties instead.

Table 2 shows the collected results for all presented meth-
ods. We also provide results for the respective supervised
baselines reported by the authors. To keep fair comparability
we did not add state-of-the-art baselines with more complex
architectures. Table 3 shows the results for even fewer labels
as normally defined in subsection IV-A.

In general, the used architectures become more complex
and the accuracies rise over time. This behavior is expected
as new results are often improvements of earlier works. The
changes in architecture may have led to these improvements.
However, many papers include ablation studies and com-
parisons to only supervised methods to show the impact
of their method. We believe that a combination of more
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TABLE 1. Overview of the methods and their used common ideas — On the left-hand side, the reviewed methods from section Il are sorted by the training

strategy. The top row lists the common ideas. Details about the ideas and their

are given in 11-B. The last column and some rows
ly. The i i

sum up the usage of ideas per method or training strategy. Legend: (X) The idea is only used indi divid p are given in section Ill.
CE CE* EM CL KL MSE MU M OC PT PL VAT 0;;;‘;"

One-Stage-Semi-Supervised
Pseudo-Labels [47] X X X 3
7 model [49] X X 2
Temporal Ensembling [49] X X 2
Mean Teacher [48] X X 2
VAT [65] X X 2
VAT + EntMin [65] X X X 3
ICT [70] X X X X 4
fast-SWA [71] X X 2
MixMatch [46] X X) X X X 5
EnAET [73] X X) X X X AET X 7
UDA [16] X X X X) 4
SPamCO [76] X X X X 4
ReMixMatch [45] X X X) X X) Rotation X 7
FixMatch [26] X X X) X 4
Sum 14 4 6 0 2 8 4 1 0 2 8 2 47
Multi-Stage-Semi-Supervised
Exemplar [68] X X Augmentation 3
Context [42] X X Context 3
Jigsaw [43] X X Jigsaw 3
DeepCluster [67] X X X Clustering X 5
Rotation [40] X X Rotation 3
CPC [55], [56] X X) X X) CL 5
CMC [54] X X) X X) CL 5
DIM [77] X X MI 3
AMDIM [78] X X MI 3
DMT [79] X X X Metric X 5
1IC [14] X X X MI 4
SAL[15] X X X Rotation X X 6
SimCLR [25] X X) CL 3
MoCo [82] X X Metric 3
BYOL [28] X X Bootstrap 3
FOC [27] X X) X X MI 5
SimCLRv2 [57] X X) X CL X 5
Sum 17 11 1 0 1 0 6 3 17 4 1 66
One-Stage-Unsupervised
DAC [50] X 1
IMSAT [85] X X 2
1IC [14] X X MI 3
FOC [27] X X MI 3
SCAN [41] X CL X 3
Sum 0 0 0 0 0 0 0 3 3 3 1 12
Overall Sum 31 54 7 5 2 9 4 10 6 22 14 4 125

modern architecture and more advanced methods lead to
improvements.

For the CIFAR-10 dataset, almost all multi- or one-stage-
semi-supervised methods reach about or over 90% accuracy.
The best methods MixMatch and FixMatch reach an accuracy
of more than 95% and are roughly three percent worse than
the fully supervised baseline. For the CIFAR-100 dataset,
fewer results are reported. FixMatch is with about 77% on this
dataset the best method in comparison to the fully supervised
baseline of about 80%. Newer methods also provide results
for 1000 or even 250 labels instead of 4000 labels. Especially
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EnAET, ReMixMatch, and FixMatch stick out since they
achieve only 1-2% worse results with 250 labels instead of
with 4000 labels.

For the STL-10 dataset, most methods report a better
result than the supervised baseline. These results are possi-
ble due to the unlabeled part of the dataset. The unlabeled
data can only be utilized by semi-, self-, or unsupervised
methods. EnAET achieves the best results with more than
95%. FixMatch reports an accuracy of nearly 95% with only
1000 labels. This is more than most methods achieve with
5000 labels.
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TABLE 2. Overview of the reported accuracies — The first column states the used method. For the supervised baseline, we used the best-i repolted results

which were i das in the

d papers. The original paper is given in brackets after the score. The architecture

iven in the second

column. The last four columns report the Top-1 accuracy score in % for the respective dataset (See subsection IV-B for further details). If the results are
not reported in the original paper, the reference is given after the result. A blank entry represents the fact that no result was reported. Be aware that
different architectures and frameworks are used which mighl impact the results. Please see subsection IV-C for a detailed explanation. Legend: T 100% of

the labels are used instead of the default value deflned in subsection IV-A.
layer. Remarks on special archi

is used for fine-t

g instead of one fully connected

and 1 Archi includes Shake- Shakerregularlxatmn 2 Network uses wider hidden layers. 3

Method uses ten random classes out of the default 1000 classes. # Network only predicts 20 superclasses instead of the default 100 classes. > Inputs are
pretrained ImageNet features. 6 Method uses different copies of the network for each input. 7 The network uses selective kernels [87].

Architecture Publication  CIFAR-10 CIFAR-100 STL-10 ILSVRC-2012  ILSVRC-2012 (Top-5)
Supervised (100% labels) Best reported - 98.01 (73] 79.82 (78] 68.7(77] 85.7(88] 97.6 [88]
One-Stage-Semi-Supervised

Pseudo-Label [47] ResNetS0v2 [2] 2013 82.41[15]
« model [49] CONV-13 2017 87.64

Temporal Ensembling [49] CONV-13 2017 87.84

Mean Teacher [48] CONV-13 2017 87.69

Mean Teacher [48] Wide ResNet-28 2017 89.64 90.9 [57]
VAT [65] CONV-13 2018 88.64

VAT [65] ResNetS0v2 2018 8278 [15]
VAT + EntMin [65] CONV-13 2018 89.45

VAT + EntMin [65] ResNetS0v2 2018 86.41 [15] 833 [15]
ICT [70] Wide ResNet-28 2019 92.3

ICT [70] CONV-13 2019 92.71

fast-SWA [71] CONV-13 2019 90.95 66.38

fast-SWA [71] ResNet-26! 2019 93.72

MixMatch [46] Wide ResNet-28 2019 95.05 74.12 94.41

EnAET [73] Wide ResNet-28 2019 94.65 73.07 95.48

UDA [16] Wide ResNet-28 2019 94.7 68.66 88.52
SPamCo [76] Wide ResNet-28 2020 92.95

ReMixMatch [45] Wide ResNet-28 2020 94.86 76.97 [26]

FixMatch [26] Wide ResNet-28 2020 95.74 77.40

FixMatch [26] ResNet-50 2020 71.46 89.13
Multi-Stage-Semi-Supervised

Exemplar [68] ResNet50 2015 46.07 [89] 81.01 [15]
Context [42] ResNet50 2015 51.47 [89]

Jigsaw [43) AlexNet 2016 44.67 [89)

DeepCluster [67) AlexNet 2018 73.4 [14] Yy

Rotation [40] AlexNet 2018 55.47 [89]

Rotation [40] ResNet50v2 2018 78.53 [15]
CPC [56] ResNet-170 2020 77.451 [77] 77.811 [77] 61.0 84.88
CMC [54] AlexNet 2019 86.88¢

CMC [54] ResNet-506 2019 70.6 89.7*
DIM [77] AlexNet 2019 72,57

DIM [77] GAN Discriminator 2019 75.211% 49.741%

AMDIM [78] ResNet18 2019 91.37 /93.61t  70.27 1 73.87F 93.6/93.8¢ 60.27 7 60.91%

DMT [79] Wide ResNet-28 2019 88.70

11C [14] ResNet34 2019 85.76 [27] / 88.8%

SL[15] ResNet50v22 2019 7321 91.23%
SimCLR [25] ResNet50v22 2020 74.4 [571/76.5T 92.6/93.21
MOCO [82] ResNet50? 2020 68.6

MOCO [82] ResNet50 2020 60.67/71.11% [83]

BYOL [28] ResNet200% 2020 71.7 93.7
FOC [27] ResNet34 2020 86.49

SimCLRv2 [57) ResNet-15227 2020 80.9% 95.5
One-Stage-Unsupervised

DAC [50] All-ConvNet 2017 52.18 2375 46.99 52.72%

IMSAT [85] Autoencoder® 2017 45.6 27.5 94.1

11C [14] ResNet34 2019 61.7 25.74 59.6

FOC [27] ResNet34 2020 60.45

SCAN [41] ResNetl8 2020 88.3 50.74 80.9

The ILSVRC-2012 dataset is the most difficult dataset
based on the reported Top-1 accuracies. Most methods only
achieve a Top-1 accuracy which is roughly 20% worse than
the reported supervised baseline with around 86%. Only
the methods SimCLR, BYOL, and SimCLRv2 achieve an
accuracy that is less than 10% worse than the baseline. Sim-
CLRv2 achieves the best accuracy with a Top-1 accuracy
of 80.9% and a Top-5 accuracy of around 96%. For fewer
labels also SimCLR, BYOL and SimCLRv2 achieve the best
results.
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The unsupervised methods are separated from the super-
vised baseline by a clear margin of up to 10%. SCAN achieves
the best results in comparison to the other methods as it builds
on the strong pretext task of SimCLR. This also illustrates the
reason for including the unsupervised method in a compar-
ison with semi-supervised methods. Unsupervised methods
do not use labeled examples and therefore are expected to
be worse. However, the data show that the gap of 10% is
not large and that unsupervised methods can benefit from
ideas of self-supervised learning. Some paper report results
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TABLE 3. Overview of the reported accuracies with fewer labels - The first column states the used method. The last seven columns report the
Top-1 accuracy score in % for the respective dataset and amount of labels. The number is either given as an absolute number or in percent. A blank entry

represents the fact that no result was reported.

CIFAR-10 STL-10 ILSVRC-2012 ILSVRC-2012 (Top-5)

4000 1000 250 5000 1000 10% 1% 10% 1%
One-Stage-Semi-Supervised
Mean Teacher [48] 89.64 82.68 52.68
ICT [70] 92.71 84.52  61.4[46]
MixMatch [46] 93.76 92.25 88.92 94.41 89.82
EnAET [73] 94.65 93.05 92.4 95.48 91.96
UDA [16] 95.12 [26] 91.18 [26] 92.34 [26] 68.66 88.52
ReMixMatch [45] 94.86 94.27 93.73 93.82
FixMatch [26] 95.74 94.93 94.83 71.46 89.13
Multi-Stage-Semi-Supervised
DMT [79] 88.70 80.3 58.6
SimCLR [25] 744 [57]  63.0[57] 92.6 85.8
BYOL [28] 77.7 71.2 93.7 89.5
SimCLRv2 [57] 80.9 76.6 95.5 93.4

for even fewer labels as shown in Table 3 which closes the
gap to unsupervised learning further. IMSAT reports an accu-
racy of about 94% on STL-10. Since IMSAT uses pretrained
ImageNet features, a superset of STL-10, the results are not
directly comparable.

D. DISCUSSION

In this subsection, we discuss the presented results of the pre-
vious subsection. We divide our discussion into three major
trends that we identified. All these trends lead to possible
future research opportunities.

1) TREND: REAL WORLD APPLICATIONS?

Previous methods were not scalable to real-world images
and applications and used workarounds e.g. extracted fea-
tures [85] to process real-world images. Many methods
can report a result of over 90% on CIFAR-10, a simple
low-resolution dataset. Only five methods can achieve a Top-
5 accuracy of over 90% on ILSVRC-2012, a high-resolution
dataset. We conclude that most methods are not scalable
to high-resolution and complex image classification prob-
lems. However, the best-reported methods like FixMatch and
SimCLRv2 seem to have surpassed the point of only scien-
tific usage and could be applied to real-world classification
tasks.

This conclusion applies to real-world image classification
tasks with balanced and clearly separated classes. This con-
clusion also implicates which real-world issues need to be
solved in future research. Class imbalance [93], [94] or noisy
labels [27], [95] are not treated by the presented methods.
Datasets with also few unlabeled data points are not con-
sidered. We see that good performance on well-structured
datasets does not always transfer completely to real-world
datasets [27]. We assume that these issues arise due to
assumptions that do not hold on real-world datasets like
a clear distinction between datapoints [27] and non-robust
hyperparameters like augmentations and batch size [28].
Future research has to address these issues so that reduced
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supervised learning methods can be applied to any real-world
datasets.

2) TREND: HOW MUCH SUPERVISION IS NEEDED?

We see that the gap between reduced supervised and super-
vised methods is shrinking. For CIFAR-10, CIFAR-100 and
ILSVRC-2012 we have a gap of less than 5% left between
total supervised and reduced supervised learning. For
STL-10 the reduced supervised methods even surpass the
total supervised case by about 20% due to the additional set of
unlabeled data. We conclude that reduced supervised learning
reaches comparable results while using only roughly 10% of
the labels.

In general, we considered a reduction from 100% to 10%
of all labels. However, we see that methods like FixMatch
and SimCLRv2 achieve comparable results with even fewer
labels such as the usage of 1% of all labels. For ILSVRC-
2012 this is equivalent to about 13 images per class. FixMatch
even achieves a median accuracy of around 65% for one label
per class for the CIFAR-10 dataset [26].

The trend that results improve overtime is expected.
But the results indicate that we are near the point where
semi-supervised learning needs very few to almost no labels
per class (e.g. 10 labels for CIFAR10). In practice, the label-
ing cost for unsupervised and semi-supervised will almost be
the same for common classification datasets. Unsupervised
methods would need to bridge the performance gap on these
classification datasets to be useful anymore. It is questionable
if an unsupervised method can achieve this because it would
need to guess what a human wants to have classified even
when competing features are available.

We already see that on datasets like ImageNet additional
data such as JFT-300M is used to further improve the super-
vised training [96]-[98]. These large amounts of data can
only be collected without any or weak labels as the col-
lection process has to be automated. It will be interesting
to investigate if the discussed methods in this survey can
also scale to such datasets while using only few labels per
class.
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We conclude that on datasets with few and a fixed number
of classes semi-supervised methods will be more important
than unsupervised methods. However, if we have a lot of
classes or new classes should be detected like in few- or
zero-shot learning [38], [94], [99], [100] unsupervised meth-
ods will still have a lower labeling cost and be of high
importance. This means future research has to investigate
how the semi-supervised ideas can be transferred to unsu-
pervised methods as in [14], [41] and to settings with many,
an unknown or rising amount of classes like in [39], [96].

3) TREND: COMBINATION OF COMMON IDEAS

In the comparison, we identified that few common ideas
are shared by one-stage-semi-supervised and multi-stage-
semi-supervised methods.

We believe there is only a little overlap between these
methods due to the different aims of the respective authors.
Many multi-stage-semi-supervised papers focus on creating
good representations. They fine-tune their results only to be
comparable. One-stage-semi-supervised papers aim for the
best accuracy scores with as few labels as possible.

If we look at methods like SimCLRv2, EnAET, ReMix-
Match, or SL we see that it can be beneficial to combine dif-
ferent ideas and mindsets. These methods used a broad range
of ideas and also ideas uncommon for their respective training
strategy. S*L calls their combined approach even “Mix of
all models™ [15] and SimCLRv2 states that ““Self-Supervised
Methods are Strong Semi-Supervised Learners™ [57].

We assume that this combination is one reason for their
superior performance. This assumption is supported by the
included comparisons in the original papers. For example,
S*L showed the impact of each method separately as well as
the combination of all [15].

Methods like Fixmatch illustrate that it does not need a lot
of common ideas to achieve state-of-the-art performance but
rather that the selection of the correct ideas and combining
them in a meaningful is important. We identified that some
common ideas are not often combined and that the combina-
tion of a broad range and unusual ideas can be beneficial. We
believe that the combination of the different common idea is
a promising future research field because many reasonable
combinations are yet not explored.

V. CONCLUSION

In this paper, we provided an overview of semi-, self-, and
unsupervised methods. We analyzed their difference, similar-
ities, and combinations based on 34 different methods. This
analysis led to the identification of several trends and possible
research fields.

We based our analysis on the definition of the different
training strategies and common ideas in these strategies. We
showed how the methods work in general, which ideas they
use and provide a simple classification. Despite the difficult
comparison of the methods’ performances due to different
architectures and implementations, we identified three major
trends.
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Results of over 90% Top-5 accuracy on ILSVRC-
2012 with only 10% of the labels indicate that semi-supervised
methods could be applied to real-world problems. However,
issues like class imbalance and noisy or fuzzy labels are
not considered. More robust methods need to be researched
before semi-supervised learning can be applied to real-world
issues.

The performance gap between supervised and semi- or
self-supervised methods is closing and the number of labels to
get comparable results to fully supervised learning is decreas-
ing. In the future, the unsupervised methods will have almost
no labeling cost benefit in comparison to the semi-supervised
methods due to these developments. We conclude that in
combination with the fact that semi-supervised methods have
the benefit of using labels as guidance unsupervised methods
will lose importance. However, for a large number of classes
or an increasing number of classes the ideas of unsupervised
are still of high importance and ideas from semi-supervised
and self-supervised learning need to be transferred to this
setting.

We concluded that one-stage-semi-supervised and multi-
stage-semi-supervised training mainly use a different set of
common ideas. Both strategies use a combination of different
ideas but there are few overlaps in these techniques. We
identified the trend that a combination of different techniques
is beneficial to the overall performance. In combination with
the small overlap between the ideas, we identified possible
future research opportunities.
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Abstract: Deep learning has been successfully applied to many classification problems including
underwater challenges. However, a long-standing issue with deep learning is the need for large
and consistently labeled datasets. Although current approaches in semi-supervised learning can
decrease the required amount of annotated data by a factor of 10 or even more, this line of research
still uses distinct classes. For underwater classification, and uncurated real-world datasets in general,
clean class boundaries can often not be given due to a limited information content in the images and
transitional stages of the depicted objects. This leads to different experts having different opinions
and thus producing fuzzy labels which could also be considered ambiguous or divergent. We propose
a novel framework for handling semi-supervised classifications of such fuzzy labels. It is based on
the idea of overclustering to detect substructures in these fuzzy labels. We propose a novel loss to
improve the overclustering capability of our framework and show the benefit of overclustering for
fuzzy labels. We show that our framework is superior to previous state-of-the-art semi-supervised
methods when applied to real-world plankton data with fuzzy labels. Moreover, we acquire 5 to 10%
more consistent predictions of substructures.

Keywords: semi-supervised; fuzzy; deep learning; noisy; real-world; plankton; marine

1. Introduction

Over the past years, we have seen the successful application of deep learning to many
underwater computer vision problems [1-4]. Automatic analysis of underwater data allows
us to monitor ecological changes by evaluating large amounts of for example plankton
data [5,6]. While it is relatively easy to create a lot of underwater image data, its analysis is
time-consuming and thus expensive because the annotation requires trained taxonomists.
The possible reasons for this issue include the huge amounts of data, the high imbalance
between classes and the variability of annotations [7].

In underwater classification, domain experts often differ in their annotations [7-9].
This issue arises due to the following reasons: Firstly, automatically captured underwater
images often have a lower quality than images taken manually by humans. This difference
in quality arises for example due to the underwater lighting conditions and no manual
corrections to e.g. insufficient sharpness or not centering the target inside the focus. For
example the analyis of benthic images can suffer from these issues [8,9]. Even in the best
scenario, a single image generally does not contain most of the information needed for a
clear identification (e.g., three-dimensional configuration, minute morphological details,
fluorescence). Secondly, intermediate stages actually exist between classes [10]. For exam-
ple, in Figure 1 we show two different physical appearances (puff & tuft] 4f9richodesmium,
while the dataset also contains intermediate stages between these two classes.

Sensors 2021, 21, 6661. https:/ /doi.org/10.3390/521196661
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Figure 1. Illustration of fuzzy data and overclustering—The grey dots represent unlabeled data and
the colored dots labeled data from different classes. The dashed lines represent decision boundaries.
For certain data, a clear separation of the different classes with one decision boundary is possible and
both classes contain the same amount of data (top). For fuzzy data determining a decision boundary
is difficult because of intermediate datapoints between the classes (middle). These fuzzy datapoints
can often not be easily sorted into one consistent class between annotators. If you overcluster the
data, you get smaller but more consistent substructures in the fuzzy data (bottom). The images
illustrate possible examples for certain data (cat & dog) and fuzzy plankton data (trichodesmium
puff and tuft). The center plankton image was considered to be trichodesmium puff or tuft by around
half of the annotators each. The left and right plankton image were consistently annotated.

This issue of different annotations is also known as intra- and inter-observer variabil-
ity [11] and is common in many biological and medical application fields [8,9,12-17]. Even
in a curated dataset [1], we quote Tarling et al. who state “there will very likely be in-
accuracies, bias, and even inconsistencies in the labeling which will have affected the
training capacity of the model and lead to discrepancies between predictions and ground
truths” [18]. When aggregating multiple annotations per image, we call the resulting label
fuzzy if we have different annotations between experts (non-zero variance), and certain
if all annotations agree with each other. The mathematical formulation of a fuzzy label
would be a unknown soft probability distribution  for k classes. The distribution ! € (0,1)¥
can only be approximated with a high cost e.g., by averaging over multiple annotations.

Semi- and Self-Supervised Learning are promising approaches to decrease the needed
amount of annotated data by a factor of 10 or even more [19-21]. These approaches leverage
unlabeled data in addition to the normal labeled data to improve the training. A common
strategy is to define a pretext task like image rotation prediction [22] or mutual information
maximization [23] for pretraining. A broad overview of current trends, ideas and methods
in semi-, self- and unsupervised learning is available in [24]. However, this research mainly
focuses on established curated classification datasets such as STL-10 [25]. In these datasets,
a clear distinction between classes such as cats and dogs are given. The hard partitioning
of intermediate morphologies is not appropriate and does not allow the identification of
substructures. We show that state-of-the-art semi-supervised algorithms are not well suited
to handle fuzzy labels. These algorithms expect only certain labels as shown in the upper
part of Figure 1. If we apply previous semi-supervised algorithms to fuzzy data which
include fuzzy images, these algorithms arbitrarily assign undecidable images to one class
(middle part of Figure 1).
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Noisy labels are a common data quality issue and are discussed in the literature [11,26,27].
The fuzziness of labels is known as a special case of label noise that exist “due to sub-
jectiveness of the task for human experts or the lack of experience in annotator[s]” [26].
In contrast to us, most methods [28-30] and literature surveys [11,26,27] interpret fuzzy
labels as corrupted labels. We argue that fuzzy labels are valid signals derived from am-
biguous images and that it is important to discover the substructures for real-world data
handling [12-17].

Geng proposed to learn the label distribution to handle fuzzy data [31] and the idea
was extended to the application of real-world images [32]. However, these methods are
not semi-supervised and therefore depend on large labeled datasets. A variety of methods
was proposed to handle fuzzy data in a semi-supervised learning approach [33-35]. These
methods use lower-dimensional features spaces in contrast to images as input. Liu et al.
proposed to use independent predictions of multiple networks as pseudo-labels for the
estimation of the label distribution for photo shot-type classification [36]. We argue that
the true label distribution is difficult to approximate and thus difficult to evaluate. We do
not learn the label distribution but use clustering to identify substructures.

We propose Fuzzy Overclustering (FOC) which separates the fuzzy data into a larger
number of visual homogeneous clusters (lower part, Figure 1) which can then be an-
notated very efficiently [10]. We will show on a Plankton dataset that state-of-the-art
semi-supervised algorithms perform worse on fuzzy data in comparison to our method
FOC which explicitly considers fuzzy images. Moreover, we will show that this leads to 5
to 10% more self-consistent predictions of plankton data.

One main idea is to rephrase the handling of fuzzy labels as a semi-supervised
learning problem by using a small set of certain images and a large number of fuzzy
images that are treated as unlabeled data. This approach allows us to use the idea of
overclustering from semi-supervised literature [23,37] and apply it to fuzzy data. The
difference to previous work is that we use overclustering not only to improve classification
accuracy on the labeled data but improve the clustering and therefore the identification of
substructures of fuzzy data. We show that overclustering allows us to cluster the fuzzy
images in a more meaningful way by finding substructures and therefore allowing experts
to analyze fuzzy images more consistently in the future.

We show the benefits of our method mainly on a plankton dataset which highlights
the benefit for underwater classification. However, the issue of fuzzy labels is neither
limited to plankton data nor to underwater classification. On a synthetic dataset, we show
a proof-of-concept for the generalizability of our model to other datasets.

Our key contributions are:

¢ Weidentify an issue of semi-supervised algorithms that they do not work well with
fuzzy labels. However, such fuzzy labels occur regularly in underwater image clas-
sification e.g due to high natural variation of depicted objects which leads to a high
inter- and intraobserver variability.

¢  We propose a novel framework for handling fuzzy labels with a semi-supervised
approach. This framework uses overclustering to find substructures in fuzzy data and
outperforms common state-of-the-art semi-supervised methods like FixMatch [38] on
fuzzy plankton data.

e We propose a novel loss, Inverse Cross-entropy (CE™1), which improves the overcluster-
ing quality in semi-supervised learning.

e We achieve 5 to 10% more self-consistent predictions on fuzzy plankton data.

2. Method

Our framework Fuzzy Overclustering (FOC) aims at creating an overclustering for
fuzzy labels by using an auxiliary classification and not the other way round like previous
literature [23,37]. In this section, we describe our framework in general and explain
important parts in detail in the following subsections. We use the foll&xﬂng notation for
the given semi-supervised classification task. Our training data consists of the two subsets
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X; and X,,. X; is a labeled image dataset with images x € X; and corresponding labels y.
X, is an unlabeled image dataset, i.e., there is/exists no label for images x € X,,.

We generate three inputs x1, x, x3 based on one image x € X; U X, depending on
the availability of the corresponding label y. If y is not available, the images x1 and x; are
augmented views of x and x3 is an augmented version of a random image x’ € X; U X,,.
If y is available, x; is an augmented view of x, x; is a supervised augmentation (see
Section 2.3) and x3 an inverse example. For the inverse example, we choose an image
x" € X; with a different label i’ (y! = y’). We use an augmented version of this image
as third input x3 = g3(x’) with augmentation g3. We constraint the ratio from unlabeled
to labeled data to a fixed ratio r to improve the run time of the model (see Section 2.4).
The inputs are processed by a neural network ® which is composed of a backbone like
ResNet50 [39] and linear output prediction layers. Following [23], we call this linear
predictors heads and use them either as normal or overclustering heads. As output we use
the soft-max classifications of these normal and overclustering heads. If kgt is the number
of ground-truth classes a normal head outputs a probability for each of the kgt classes.
The overclustering head has k output nodes with k > kgt and give probabilities for more
clusters than ground-truth classes (overclustering). Both type of heads are therefore fully
connected layers with softmax activation but of different output size. We can average the
training over multiple independent heads per type as shown in [23]. We use the notation
@, or @, for the i-th normal or overclustering head respectively. An overview about the
general pseudo code of FOC including the loss calculation is given in Algorithm 1.

For both heads the loss is different but can be written as the weighted sum of an
unsupervised and a supervised loss as follows:

L=ALs+ ALy (1)

L is cross-entropy (Lcg) for the normal head and our novel CE™! loss (Lg-1) for the
overclustering head (see Section 2.1). For both heads £, is the mutual information loss £
(see Section 2.2). An illustration of the complete pipeline is given in Figure 2. We initialize
our backbones with pretrained weights and can therefore directly use RGB images as input.
For further implementation details see Section 3.2.

y i
\ : entropy |
normal | — 1 mutual i

x — head
—E augmentation [— | backbone

-
overcluster | i
head —L i information_|
7777777777 5

]

Figure 2. Overview of our framework FOC for semi-supervised classification—The input image
is x and the corresponding label is y. The arrows indicate the usage of image or label information.
Parallel arrows represent the independent copy of the information. The usage of the label for the
augmentations is described in Section 2.3. The red arrow stands for an inverse example image x’
with a different label than y. The output of the normal and the overclustering head have different
dimensionalities. The normal head has as many outputs as ground-truth classes exist (kgr) while the
overclustering head has k outputs with k > kgr. The dashed boxes on the right side show the used
loss functions. More information about the losses inverse cross-entropy and mutual information can
be found in Sections 2.1 and 2.2 respectively.

If we use FOC with As = 0 and without supervised augmentations our model is
comparable to the pretext task of Invariant Information Clustering (IIC) [23]. We can
use this configuration as a warm-up to pretrain the weights. During the evaluation, we
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will refer to using the pretext task for IIC and the warm-up of FOC synonymously. Our
framework FOC can also be used to perform standard unsupervised clustering. The details
about unsupervised clustering and a comparison to previous literature is given in the
supplementary.

Algorithm 1: Pseudocode for our method Fuzzy Overclustering

Data: Batch of images of size b from labeled image data X; and unlabeled image
data X,

Result: calculate loss value for one given batch for a network ® with # normal

and overclustering heads

L: matrix of size b x 2n;

/* iterate over batch */

fori < Otobdo

X 4 i-th image in batch;

if label y for image x; available then

x1 4+ g1(x) with random augmentation g3;

/* Supervised augmentation defined in Section 2.3 */
X2 < go(x) with supervised augmentation g»;
/* Inverse example defined in Section 2 */
x3 — g3(x") with random augmentation g3 and inverse example x’;

else

x1 4+ g1(x) with random augmentation g3;
X2 < g2(x) with random augmentation g;
x3 — g3(x") with random augmentation g3 and random image x’;
nd
/* iterate over heads */
forj < Otondo
calculate forward pass for outputs ®, ; and ®, i

]

/* CE loss for normal head */
L[i,j] — ECE(q:'n/ (X,'), l,') with l,‘;
/% CE"! loss for overclustering head */
L[i,j+n] <= Lcg-1(x1, X2, x3) with Equation (2) ;
end
end
/* calculate loss */

L + average supervised loss across heads and batch from L;
L, < unsupervised MI loss across batch with Equations (3) and (4);
L ALs+ A Ly;

2.1. Inverse Cross-Entropy (CE™1)

Inverse Cross-Entropy is a novel supervised loss for an overclustering head and one
of the key contributions of this work. The loss is needed to use the label information for
an overclustering head. For normal heads, we can use cross-entropy (CE) to penalize
the divergence between our prediction and the label. We can not use CE directly for the
overclustering heads since we have more clusters than labels and no predefined mapping
between the two. However, we know that the inputs x1 /x; and x3 should not belong to
the same cluster. Therefore, our goal with CE™! is to define a loss that pushes their output
distributions (e.g., (x1) and ®(x3)) apart from each other.

Let us assume we could define a distribution that ®(x3) should not be. In short, an
inverse distribution ®(x3) 1. If we had such a distribution we could use CE to penalize
the divergence for example between ®(x;) and ®(x3) 1.

One possible and easy solution for an inverse distribution is ®(x3) ™! = 1 — ®(x3).
For a binary classification problem, ®(x3)~! can even be interpretéHS& a probability
distribution again. This is not the case for a multi-class classification problem. We could use
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a function like softmax to cast ®(x3) ! into a probability distribution but decided against it
for three reasons. Firstly, we would penalize correct behavior. For example in a three class
problem with @1 (x1) = 0.5 = ®,(x1) and ®3(x3) = 1 weonly get CE(P(x1), P(x3)"1) =0
if ®(x3) ! is not a probability distribution. Otherwise either ®; (x3)~! or ®;(x3) ! have to
be real smaller than 1. Secondly, we are still minimizing the entropy of ®(x1) which leads
to more confident predictions in semi-supervised learning [19,20,40-43]. The proof is given
in the supplementary. Thirdly, it is easier and in practice, it is not needed. For the input
i = (x1,x2,x3), we define the cross-entropy inverse loss L1 as shown in Equation (2).

Lep(i) = 05-CE™H(@(x1), @(x3))

+0.5-CE"Y(®(xp), D(x3)) , with @

k
CE Yp,q) = — ; p(e) - In(1—q(c)).

2.2. Mutual Information (MI)

For the unlabeled data, we use the loss proposed by Ji et al. because it is calculated
directly on the output clusters [23]. Therefore similar images are pulled to the same clusters
while CE~! pushes different images apart. For this purpose, we want to maximize the
mutual information between two output predictions ®(x7), ®(x2) with x1, x, images which
should belong to the same cluster and ® : X — [0,1]¥ a neural network with k output
dimensions. We can interpret ®(x) as the distribution of a discrete random variable z
given by P(z = c|x) = ®.(x) for c € {1,...,k} with ®(x) the c-th output of the neural
network. With z,z’ such random variables we need the joint probability distribution
for P.w = P(z = ¢,z = () for the calculation of the mutual information I(z,z’). Ji et al.
propose to approximate the matrix P with the entry P, at row ¢ and column ¢’ by averaging
over the multiplied output distributions in a batch of size 1 [23]. Symmetry of P is enforced
as shown in Equation (3).

pP=

4O i Q= L 5 aw) - o) )
=1

We can maximize our objective I(z,z’) with the marginals P. = P, = P(z = c) given
as sums over the rows or columns as shown in Equation (4).

I(zZ)=Y. Y Py lnPP-ECI; (4)
c ¢

c=1c'=1

2.3. Supervised Augmentations

In the unsupervised pretraining, we use the same image x to create the two inputs
x1 = g1(x) and x, = ¢»(x) based on the augmentations g; and g. Otherwise, without
supervision, it is difficult to determine similar images. However, if we have the label y
for x we can use a secondary image x’ € X; with the same label to mock an ideal image
transformation to which the network should be invariant. In this case we can create
xp = g2(x") based on the different image. We call this supervised augmentation.

2.4. Restricted Unsupervised Data

Unlabeled data has a small impact on the results but drastically increases the runtime
in most cases. The increased runtime is caused by the facts that we often have much more
unlabeled data than labeled data and that a neural network runtime is normally linear in
the number of samples it needs to process. However, unlabeled data is essential for our
proposed framework and we can not just leave it out. We propose to restrict the unlabeled
data to a fixed upper-bound ratio r in every batch and therefore the unlabeled data per
epoch. Detailed examples and experiments are given in the supplementary. It is important
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to notice that we restrict only the unlabeled data per batch/epoch. While for one epoch the
network will not process all unlabeled data, over time all unlabeled data will be seen by
the network. We argue that the impact on training time negatively outweighs the small
benefit gained from all unlabeled data per epoch.

3. Experiments

We conducted our experiments mainly on a real-world plankton dataset. We used
the common image classification dataset STL-10 as a comparison with only certain labels
and a synthetic dataset for a proof-of-concept for the generalizability to other datasets.
We compare ourselves to previous work and make several ablations. Additional results
like unsupervised clustering, more detailed ablations and further details are given in the
supplementary material.

3.1. Datasets

While the issue of fuzzy labels is present in multiple datasets [12-17], they are not
well suited for evaluations. If we want to quantify the performance on fuzzy labels, we
need a dataset with very good fuzzy ground-truth. This can only be achieved with a high
cost e.g. by multiple annotations and thus is often not feasible. For all used datasets, we
ensure that the labeled training data only consists of certain images and that the fuzzy
images are used as unlabeled data. If we include fuzzy labels in the labeled data which is
used as guidance during training, this will lead to worse performance as illustrated in the
ablations (Table 3).

3.1.1. Plankton

The plankton dataset contains diverse grey-level images of marine planktonic organ-
isms. The images were captured with an Underwater Vision Profiler 5 [44] and are hosted on
EcoTaxa [45]. In the citizen science project PlanktonID (https://planktonid.geomar.de/en
(accessed on 6 October 2021)), each sample was classified multiple times by citizen scien-
tists. The data for the PlanktonID project is a subset of the data available on EcoTaxa [45].
It was presorted to contain a more balanced representation of the available classes. The
dataset consists of 12,280 images in originally 26 classes. We merged minor and similar
classes so that we ended up with 10 classes. The class no-fit represents a mixture of left-over
classes. The merging was necessary because some classes had too few images for current
state-of-the-art semi-supervised approaches. After this process, a class imbalance is still
present with the smallest class containing about 4.16% and the largest class 30.37% of all
samples. We use the mean over all annotations as the fuzzy label. The citizen scientists
agree on most images completely. We call these images and their label certain. However,
about 30% of the data has as least one disagreeing annotation. We call these images and
their label fuzzy and use the most likely class as ground-truth if we need a hard label for
evaluation. The fuzzy labeled images are used only as unlabeled data. More details about
the mapping process, the number of used samples and graphical illustrations are given in
the supplementary.

3.1.2. STL-10

STL-10 is a common semi-supervised image classification dataset [25] and a subset of
ImageNet [46]. It consists of 5000 training samples and 8000 validation samples depicting
everyday objects. Additionally, 100,000 unlabeled images are provided that may belong
to the same or different classes than the training images. In contrast to the plankton and
synthetic dataset, no labels are provided for the unlabeled data and no fuzzy datapoints
exist. We use this dataset only to illustrate the difference in the performance of FOC to
previous semi-supervised methods.

155
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3.1.3. Synthetic Circles and Ellipses (SYN-CE)

This dataset is a mixture of circles and ellipses (bubbles) on a black background with
different colors. The 6 ground-truth classes are blue, red and green circles or ellipses. An
image is defined as certain if the hue of the color is 0 (red), 120 (green) or 240 (blue) and the
main axis ratio of the bubble is 1 (circle) or 2 (ellipse). Every other datapoint is considered
fuzzy and the ground-truth label ! is calculated as the product of the interpolation of the
color p. and the geometry p, distribution. More details are in the supplementary. The
dataset consists of 1800 certain and 1000 fuzzy labeled images for train, validation and
unlabeled data split. We look at three subsets: Ideal, Real and Fuzzy. The Ideal subset uses
the maximal class of the fuzzy label I as a ground-truth class and represents the ideal case
that we certainly know the most likely label to each image. For the Real subset, the ground-
truth classes in randomly picked with the distribution of the fuzzy label / and represent the
real or common case. For example due to only one annotation, the percentage that the label
corresponds to the actual most likely class is linear to the fuzzy label. The Fuzzy subset
only uses certain labeled images as training data and represent a cleaned training dataset.
We will show that this handling of fuzzy labels leads to a higher classification performance
in comparison to the Real dataset in Section 3.5.1. The Ideal and the Real subset can be
evaluated on the unlabeled data of the Fuzzy subset with some overlap in the images.

3.2. Implementation Details

As a backbone for our framework, we used either a ResNet34 variant [23] or a standard
ResNet50v2 [39]. The heads are single fully connected layers with a softmax activation
function. Following [23], we use five randomly initialized copies for each type of head and
repeat images per batch three times for more stable training. We alternated between training
the different types of heads. The inputs are either sobel-filtered images or color images
for pretrained networks. For the ResNet34 backbone, we use CIFAR20 (20 superclasses
in CIFAR-100 [47]) weights and for the ResNet50v2 backbone ImageNet [46] weights. We
use in general A; = 1 = A, and an unlabeled data restriction of r = 0.5. We call our
Framework FOC-Light if we use A, = 0 and no warm-up. This means we do not use the
loss introduced by [23] and therefore also do not have to use their stabilization methods
like repetitions. During the pretext task or warm-up and the main training, we train the
framework with Adam and an initial learning rate of 1 x 10~* for 500 epochs. When
switching from the pretext task to fine-tuning, we train only the heads for 100 epochs
with a learning rate of 1 x 1073 before switching to the lower learning rate of 1 x 107%.
The number of outputs for the overclustering head should be about 5 to 10 times the
number of classes. The exact number is not crucial because it is only an upper bound for
the framework. We use 70 for STL-10 and 60 for the plankton dataset. We selected all
hyperparameters heuristically based on the STL-10 dataset and did not change them for
the plankton dataset. We used the recommended hyperparameters by the original authors
for the previous methods. We compared with the following methods Semantic Clustering
by Adopting Nearest neighbors (SCAN) [48], Information Invariant Clustering (IIC) [23],
Mean-Teacher [49], Pi(-Model) [29], Pseudo-label [50] and FixMatch [38]. More detailed
descriptions are given in the supplementary.

3.3. Metrics

The evaluation protocols vary slightly depending on the used output and dataset. The
used data splits training, validation and unlabeled are defined above in Section 3.1.

On STL-10, we calculate accuracy of the validation data. Accuracy is the portion of
true positive and true negatives from the complete dataset.

TP + TN

TP + TN + FP + EN ®

Accuracy =

TP, TN, FP and FN are the true positive, true negative, false positive and false negative
respectively. We calculate these values per class and then sum the up before calculating
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the accuracy (micro averaging). For the overclustering head, we need to find a mapping
between the output clusters and the given classes. We calculate this mapping based on the
majority class in each cluster on the training data as in [23].

On the fuzzy plankton and synthetic datasets, we evaluate the macro-f1 score on the
unlabeled data. We calculate the macro F1-Score i.e., the average of the Fl-scores per class
due to the skewed class distribution.

2TP
F1-Score = TP + FP + EN 6)

Mind that a micro averaged F1-Score would be in our case the same as the above
defined accuracy. We use the unlabeled data as evaluation dataset because the fuzzy im-
ages, in which we are interested, are only included in the unlabeled data split by definition.
The mapping for the overclustering head is calculated based on the unlabeled data split
because we expect human experts to be involved in this process for the identification of
substructures. The best unlabeled results of the fuzzy Plankton and Synthetic dataset are
reported based on the validation metrics.

If not stated otherwise, we report the maximum score for the overclustering and the
normal head and the average and standard deviation over 3 independent repetitions.

3.4. Results
3.4.1. State-of-the-Art Comparison

We compare the state-of-the-art methods on certain and fuzzy data in Table 1.

Table 1. Comparison of state-of-the-art on certain and fuzzy data—We use STL-10 as a certain
dataset and the Plankton data as a fuzzy dataset. We report the Accuracy for STL-10 and the F1-Score
for the Plankton data due to class imbalance. It is important to notice that STL-10 is a curated dataset
while the Plankton dataset still contains the fuzzy images. For more details about the metrics see
Section 3.3. The results of previous methods are reported in the original paper or the original authors
code was used to replicate the results. The best results are marked bold. Legend: ¥ A MLP used for
fine-tuning. ¥ Used only 1000 labels instead of 5000. * Unsupervised method.

Type of Data

Method Network Certain Fuzzy

SCAN * [48] ResNet18 76.80 £+ 1.10 37.64 £+ 3.56
IIC [23] ResNet34 85.76 + 1.36 65.47 +1.86
IcC * 23] ResNet34 88.8 66.81 + 1.85
Mean-Teacher [49] Wide ResNet28 78577 £239% 72.85 £ 0.46
Pi[29] Wide ResNet28 73.77 +0.82 % 74.34 £+ 0.58
Pseudo-label [50] Wide ResNet28 72.01 £ 0.83% 75.04 + 0.52
FixMatch [38] Wide ResNet28 94.83 4+ 0.63 ¥ 76.28 + 0.27
FOC-Light (Ours) ResNet50 - 72.79 £ 2.99
FOC (Ours) ResNet50 86.12 £ 1.22 76.79 + 1.18

We see that FOC reaches a performance of about 86% on certain data but is not able
to reach the performance of FixMatch. FixMatch outperforms FOC by a clear margin of
nearly 8% while using a fifth of the labels. This performance is expected as FOC does
not focus like the others on classifying certain but fuzzy data. If we look at the less
curated fuzzy Plankton dataset, we see that FOC outperforms all all methods by a small
margin. All previous methods focus on certain and curated data and we see this leads
to a huge performance degeneration if they are applied to fuzzy data. FixMatch reaches
in both datasets the best performance except for our method FOC. We conclude that
the overclustering from FOC is the key for handling fuzzy data becapgeit allows more
flexibility during training. Previous semi-supervised methods did not consider the issue of
inter- and intraobserver variability and thus are worse than FOC in classifying fuzzy data.
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If we use FOC-Light without the loss and stabilization of [23] the F1-Score drops
slightly to 75% but the used GPU hours can be decreased from 58 to 4 h. We conclude that
the overclustering head is more suitable for handling fuzzy real-world data as we assumed
at the beginning. Moreover, we see that the combination of cross-entropy and our novel
loss CE~! can also successfully train an overclustering head.

3.4.2. Consistency

Up to this point, we analyzed classification metrics based on the 10 ground-truth
classes but the quality of substructures was not evaluated. We can judge the consistency
of each image within its cluster with the help of experts as a quality measure. An image
is consistent if an expert views it as visually similar to the majority of the cluster. The
consistency is calculated by dividing the number of consistent images by all images. The
consistency over all classes or per class for FOC and FixMatch is given in Table 2 and raw
numbers are provided in the supplementary. We provide a comparison based on all data
and without the no-fit class because this class contains a mixture of different plankton
entities. Visual similarity is therefore difficult to judge because it can only be defined
by not being similar the other nine classes. Based on the F1-Score, FixMatch and FOC
perform similarly but if we look at the consistency we see that FOC is more than 5% more
consistent than FixMatch. If we exclude the class no-fit from the analysis, FOC reaches a
consistency of around 86% in comparison to 77% from FixMatch. For both sets, our method
FOC reaches a higher average consistency per cluster and lower standard deviation. This
means the clusters produced by FOC are more relevant in practice because there are fewer
low-quality clusters which can not be used. Overall, this higher consistency can lead to
faster and more reliable annotations.

Table 2. Consistency comparison on plankton dataset—The consistency is rated by experts over the
complete data and a subset without the class no-fit. The score is given overall as as average per
cluster with standard deviation and is described in Section 3.4.2. The best results are marked bold.

All Data Ignore Class No-Fit
Method Overall Per Cluster Overall Per Cluster
FixMatch [38] 82.56 78.78 + 28.22 77.11 69.61 + 29.41
FOC (Ours) 87.80 79.66 + 18.88 86.31 86.41 + 13.68

3.4.3. Qualitative Results

We illustrate some qualitative results of FOC in Figure 3. All images in a cluster are
visually similar, even the probably wrongly assigned images (red box). For the images in
the first row, the annotators are certain that the images belong to the same class. In the
second row, annotators show a high uncertainty of assignment between the two variants of
the same biological object. This illustrates the benefit of overclustering since visual similar
items are in the same cluster even for uncertain annotations. In a consensus process for the
second row, experts could decide if the cluster should be the puff, tuft or a new borderline
class. Moreover, this clustering could be beneficial for monitoring the current imaging
process. We provide more randomly selected results in the supplementary.
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Figure 3. Qualitative results for unlabeled data—The results in each row are from the same predicted cluster. The three
most important fuzzy labels based on the citizen scientists’ annotations are given below the image. The last two items with

the red box in each row show examples not matching the majority of the cluster.

3.5. Ablation Studies
3.5.1. SYN-CE

We compare our framework with some previous methods on the three subsets of
SYN-CE in Table 3. All semi-supervised method reach almost a F1-Score of 100% on the
unlabeled fuzzy data for the subset Ideal. In real-world data, it is unlikely that we have
the real fuzzy ground-truth labels. It is more likely that we have uncertain/wrong labels
for training and validation or no labels at all for fuzzy data like in the subsets Real or
Fuzzy. In both cases, we see that our method reaches a superior performance with up to
10% higher F1-Score. While FOC-Light is only slightly better in comparison to the other
semi-supervised methods on the Real subset it is comparable to the complete framework
on the Fuzzy dataset. This is one indication that CE~! is one of the key components for
successfully training the overclustering heads. We see the F1-Score on the Fuzzy subset is
around 10% higher than on the Real subset. We conclude that FOC can also generalize to
other datasets. We conclude that these results supports our idea of separating certain and
fuzzy data during training because we do not need to potentially falsely approximate the
real fuzzy ground-truth label like in the Real subset.

Table 3. Comparison to state-of-the-art on SYN-CE datasets—Each column represent a subset of
the dataset SYN-CE. The results are F1-Scores which were calculated on the unlabeled data which
include the fuzzy labels. All results within a one percent margin of the best result are marked bold.

Method Ideal Real Fuzzy
Mean-Teacher [49] 97.11 £0.78 73.23 £2.49 66.57 + 16.27
Pi [29] 98.44 +0.28 7274 +2.43 77.69 & 5.02
Pseudo-label [50] 98.17 £ 0.30 75.70 £ 1.98 89.48 +1.94
FixMatch [38] 98.32 £ 0.01 71.81 £ 1.06 93.82 + 1.83
FOC-Light (Ours) 97.46 + 4.39 78.77 £7.83 94.29 + 0.87
FOC (Ours) 97.72 £ 4.52 83.86 £+ 4.21 94.15 £ 0.29

3.5.2. Loss & Network

In Table 4 multiple ablations for STL-10 and the plankton dataset are given. The scores
are averaged across the different output heads of our framework. Based on these tables,
we illustrate the impact of the warm-up, the initialization and the usage of the MI and
CE~!loss for our framework. The normal accuracy can be improved by about 10% when
using the unsupervised warm-up on the STL-10 dataset. On the plankton dataset, the
impact is less but tends to give better results of some percent. Warm-up in combination
with the MI loss leads to a performance which is not more than 10% worse than the full
setup for all ablations except for one. For this exception, CE! is needed to stabilize
the overclustering performance due to the poor initialization with CIF:iSjO weights. We
attribute this worse performance to the initialization and not the different backbone because
on STL-10 the CIFAR-20 initializations of the ResNet34 backbone outperform the ImageNet
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weights of the ResNet50v2 backbone. We believe the positive effects of ImageNet weights
for its subset STL-10 and the better network are negated by the different loss.

IIC is similar to FOC with warm-up and no additional losses but we train also train
an overclustering head for handling fuzzy data. Taking this into consideration, we achieve
an 8 to 11% better F1-Score than IIC. A special case is FOC-light which does only use the
CE~! loss and therefore no stabilization method proposed in [23]. This decreases gpu
memory usage and runtime and results in a total decrease of the GPU hours from 58 to
4 h. Overall, our novel loss CE~! improves the overclustering performance regardless of
the dataset and the weight initialization by 10% on STL-10 and up to 7% on the plankton
dataset. We see that CE~! is a key component for training an overclustering head and can
even be trained without the stabilization of the warm-up and the MI loss.

Table 4. Ablation study—The second to fourth column indicates if a warm-up, the MI loss or our
CE1loss were used respectively. The fifth column indicates if CIFAR-20 (C), ImageNet (I) or no (-)
weights were used. Sobel filtered images are used as input for no weights. The Top1 and Top3 results
are marked bold respectively. * Original authors code. * A MLP used for fine-tuning.

Accuracy
Method Warm MI CE~! Weight Overcluster Normal
FOC X - 70.92 4+ 2.42 76.39 & 0.05
IIC * [23] X - 85.76
FOC X X - 73.88 +0.21 82.01 £5.31
FOC X X X - 82.59 £ 0.06 86.49 £ 0.01
FOC X X X C 84.36 + 0.64 78.59 & 7.40
FOC X X X I 83.57 £0.10 85.21 £ 0.03
(a) STL-10
F1-Score

Method Warm MI CE! Weight Overcluster Normal
IIC [23] X - - 66.63
IIC * [23] X - - 69.92
FOC C 31.45 + 6.02 39.35 £ 1.30
FOC X C 29.82 +£2.98 60.65 & 0.02
FOC X X C 70.11 £ 1.99 64.10 £ 0.13
FOC X C 23.95 +2.63 58.71 £2.07
FOC X X C 69.36 + 0.05 56.59 £ 0.04
FOC X X X C 70.68 & 0.10 58.09 £ 0.03
FOC I 29.88 £2.75 54.92 +0.03
FOC-Light X I 74.93 £ 0.22 73.64 &+ 0.06
FOC X I 72.70 £ 0.36 64.78 & 0.04
FOC X X I 73.93 +£0.29 64.84 + 0.03
FOC X I 73.93 +£0.29 64.84 + 0.03
FOC X X I 69.64 +1.04 66.56 & 0.08
FOC X X X I 74.01 +£3.17 65.17 £ 0.18

(b) plankton dataset

4. Conclusions

In this paper, we take the first steps to address real-world underwater issues with
semi-supervised learning. Our presented novel framework FOC can handle fuzzy labels
via overclustering. We showed that overclustering can achieve better results than previous
state-of-the-art semi-supervised methods on fuzzy plankton data. The additional overclus-
tering output is a key difference to previous work to achieve this superior performance.
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outperforms all other methods on the fuzzy plankton data. These beneficial effects have
to be verified on other fuzzy datasets and with more semi-supervised algorithms in the
future. Due to better performance of FOC on fuzzy data, we expect a similar outcome. We
illustrated the visual similarity on qualitative results from these predictions and results
in 5 to 10% more consistent predictions. We showed that CE~! is the key component for
training the overclustering head.
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Abstract. Consistently high data quality is essential for the develop-
ment of novel loss functions and architectures in the field of deep learning.
The existence of such data and labels is usually presumed, while acquir-
ing high-quality datasets is still a major issue in many cases. Subjective
annotations by annotators often lead to ambiguous labels in real-world
datasets. We propose a data-centric approach to relabel such ambigu-
ous labels instead of implementing the handling of this issue in a neural
network. A hard classification is by definition not enough to capture
the real-world ambiguity of the data. Therefore, we propose our method
?Data-Centric Classification & Clustering (DC3)” which combines semi-
supervised classification and clustering. It automatically estimates the
ambiguity of an image and performs a classification or clustering de-
pending on that ambiguity. DC3 is general in nature so that it can be
used in addition to many Semi-Supervised Learning (SSL) algorithms.
On average, our approach yields a 7.6% better F1-Score for classifications
and a 7.9% lower inner distance of clusters across multiple evaluated SSL
algorithms and datasets. Most importantly, we give a proof-of-concept
that the classifications and clusterings from DC3 are beneficial as pro-
posals for the manual refinement of such ambiguous labels. Overall, a
combination of SSL with our method DC3 can lead to better handling

of ambiguous labels during the annotation process. °

Keywords: Data-Centric, Clustering, Ambiguous Labels
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Fig. 1: Benefit of data-centric classification and clustering (DC3) over Semi-
Supervised Learning (SSL) - Real-world datasets often suffer from intra- or inter-
observer variability (ITV) during the annotation and thus no clear separation of
classes is given as in common benchmark datasets. Images with a high variabil-
ity between the annotations therefore have a ambiguous label. These ambiguous
labels can perturb SSL approaches (see lightning bolt) and result in inconsistent
predictions. Our method DC3 can be used in combination with SSL to identify
ambiguous images automatically and cluster them, while classifying the rest as
usual. Therefore, we avoid label ambiguity during training and generate cluster
proposals which can be used to create more consistent labels.

1 Introduction

In recent years, deep learning has been successfully applied to many computer
vision problems [21, 49, 11, 42, 40, 15]. The availability of large high-quality
datasets was a main reason for this success, as this enabled machine learning to
incorporate a wide variety of real world patterns [30]. Many novel loss functions
and architectures have been proposed including options to handle imperfect data
[51, 58]. This model-centric view mostly tries to deal with issues like label bias
[35], label noise [26] or ambiguous labels [17] instead of improving the dataset
during the annotation process. Following recent data-centric literature [4, 43, 45],
we therefore investigate in this paper an approach to improve the dataset during
the annotation process.

Specifically, we study the impact of ambiguous labels due to intra- or inter-
observer variability (IIV). Such variability may arise from variability / incon-
sistency of annotations over time or between annotators. This issue is common
when annotating data [39, 45, 26, 43, 47, 24, 44, 37, 5, 46, 16, 25, 14, 19]. The
literature names different possible reasons for this variability such as low reso-
lution [39], bad quality[22, 47], subjective interpretations of classes [25, 37] or
mistakes [26, 33].

We assume that this variability can be modeled for each image with an
unknown soft probability distribution I € [0,1]® for a classification problem
with % classes. Many previous methods use a hard label instead of a soft label
for training and therefore can not model this issue by definition. We call a
label and its corresponding image certain if all annotators would agree on the

5 Source code is available at https://github.com/Emprime/dc3
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classification (I € {0,1}) and ambiguous if they would disagree (I € (0,1)). In
other words, ambiguous images are likely to have different annotations due to
IIV while certain images do not. It is problematic that the unknown distribution
! can only be estimated with expensive operations such as the acquisition of
multiple annotations. Real-world example images with certain and ambiguous
labels are given in Figure 3 and detailed definitions are given in subsection 2.1.

The goal of this paper is to introduce a method which provides predictions
which are beneficial for improving ambiguous labels via relabeling in a down-
stream task. The quality of ambiguous labels and thus the performance of trained
models [4, 60] can easily be improved with more annotations. However, more
annotations are associated with a higher cost in the form of human working
hours. Semi-Supervised Learning (SSL) can reduce these costs because it has
shown great potential in reducing the amount of required labeled data to 10%
or even 1% while maintaining classification performance [49, 27, 11, 61, 8]. SSL
can even boost performance further [59, 40] on already large labeled datasets
like ImageNet [30].

Therefore, we propose Data-Centric Classification & Clustering (DC3) which
can be used in combination with many SSL algorithms to perform a combined
semi-supervised classification and clustering. It simultaneously distinguishes be-
tween ambiguous and certain images, classifies the certain images and clusters
visually similar ambiguous images. A graphical summary is provided in Fig-
ure 1. We will show that this approach leads to better classifications and more
compact clusters across multiple semi-supervised algorithms and non-curated
datasets. Furthermore, we give a proof-of-concept that these improvements lead
to a greater consistency of labels based on proposals from DC3.

The key contributions of this paper are: (1) DC3 allows an SSL algorithm to
predict on average a 7.6% better F1-Score for classifications and a 7.9% lower
inner distance of clustering across multiple algorithms and non-curated datasets.
The hyperparameters of DC3 are fixed across all algorithms and datasets which
illustrates the general applicability of our method. (2) We give a proof-of-concept
that these improved predictions can be used to create labels on average 2.4-fold
faster and 6.74% more consistent, in comparison to the non-extended algorithms
and a consensus process. This leads to higher quality data for further evalua-
tion or model training. (3) DC3 can be used in combination with many SSL
algorithms without a noticeable trade-off in terms of run-time or memory con-
sumption, which should enable many further applications.

1.1 Related Work

Our method is mainly related to Data-Centric Machine Learning, Semi-Supervised
Learning and Classification & Clustering.

Data-Centric Machine Learning aims at improving the data quality rather then
improving the model alone[45, 36]. The data issues like imperfect, ambiguous or
erroneous labels [4, 52, 60, 14, 24, 13, 1] are often handled in a model-centric
approach by detecting errors or making the models more robust [50, 9, 26, 2]. We
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want to use the predictions of our model to improve the annotation process and
therefore prevent or minimize the quality issues before they need to be handled
in particular.

Semi-Supervised Learning [10] is mainly developed on curated benchmark datasets
[30, 12, 29] where the issue of IIV is not considered. In contrast to other SSL
research [11, 61, 8, 18, 49], we are not evaluating on these curated benchmarks
but work with new real-world datasets for two reasons. Firstly, curated datasets
do not suffer so much from IIV because they were already cleaned. Recent re-
search indicates that even these datasets suffer from errors in the labels which
negatively impact the performance [39, 4]. Secondly, if we want to evaluate the
IIV issue, we need an approximation of the variability of the label for each image
e.g. in the form of multiple annotations per image. However, this information
is not provided for current state-of-the-art benchmarks except for datasets like
(39, 4].

Classification€Clustering was investigated in detail [41, 38, 6, 7, 54]. However,
classical low dimensional approaches are difficult to extend to real-world images
[41, 38, 6]. and many deep-learning methods use the clustering only as a proxy
task before the actual classification [55, 23, 43] or iterate between classifications
and clusters [7, 54]. The work by Smieja et al. is a rare example where classifi-
cation and clustering results are generated in parallel in each training step [48].
However, we want to automatically decide which data should be classified or
clustered due to their underlying ambiguity.

2 Method

Our method Data-Centric Classification & Clustering (DC3) is not an individual
method but an extension for SSL algorithms such as [3, 49, 53, 32, 31]. Any image
classification model can be combined with DC3 as long as it is compatible with
the definition of an arbitrary SSL algorithm below.

2.1 Definitions

We assume that every image € X has an unknown soft probability distribution
1 €[0,1]* for a classification problem with k classes. This assumption is based
on two main reasons. Firstly, inconsistent annotations exist due to subjective
opinions from the annotators, e.g. the grading of an illness [25]. A hard label I €
{0,1}* could not model such a difference over the complete annotator population.
Secondly, if we consider biological processes, images of intermediate transition
stages between two classes, such as the degeneration of a living underwater
organism to dead biomass exist [43].

An image and its corresponding label [ are ambiguous if i, j € {1, .., k} exist
with i # j,1; > 0 and [; > 0. Otherwise the image and its label are certain. The
ambiguity of a label is 1 —maz;cq1,.. xyli- An image might be ambiguous because
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SSL Pa(x) +DC3

x — Tm ) 0
—>o0(x)

o P

Fig.2: Our method DC3 and an extended arbitrary SSL method — The SSL
algorithm passes an image 2 through the network @ and outputs a classification
pn(z). We add two additional outputs: an overclustering p,(z) and a ambiguity
estimation p,(z). The ambiguity estimation p,(z) is used to determine if the
classification or the overclustering output is used for our method DC3. Ounly
some labels are available for the classification output and therefore most images
have to be trained completely self-supervised on all outputs.

it is actually an intermediate or uncertain combination of different classes as
stated above. For this reason, ambiguous images are not just wrongly assigned
images.

An SSL algorithm uses a labeled dataset X; and an unlabeled dataset X, for
the training of a neural network @ with X = X;|JX,,. For all images z € X; a
hard label [ is available while no label information is available for € X,,. The
output p,(x) := ®(z) is a probability distribution over the k classes.

2.2 DC3

Our method DC3 extends an arbitrary SSL algorithm. The SSL algorithm passes
an image = through the network @ and predicts a classification p,(z) € [0, 1]*.
DC(C3 calculates two additional outputs without a noticeable impact on training
time or memory consumption: a clustering assignment p,(z) € [0, 1] with &' > k
and an ambiguity estimation p,(z) € [0,1]. The cluster assignment partitions
visually similar images in more clusters than classes exist (overclustering with
k' > k). The ambiguity estimation is used to determine if a classification (p, (z))
or an (over)clustering (p,(z)) should be used as the final output. The image is
predicted as certain and the classification is used if p,(z) < 0.5. Otherwise, the
image is estimated as ambiguous and the clustering is used as output.

A key difference to previous literature [23, 43, 7] is that we do not create an
additional or only a clustering of all samples. We create SSL classifications for
certain images while ambiguous images are clustered without prescribed knowl-
edge. Moreover, it is not feasible to determine ambiguous images before this
classification/clustering and thus we have no ground-truth for this decision as
well. These conditions led us to formulate three goals for our development: 1.
The underlying SSL training must be possible and not negatively impacted while
computing an additional overclustering. 2. A degeneration to one or random
cluster assignments has to be avoided as no ground-truth is available for the
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clustering. 3. A balance between certain and ambiguous images is needed as the
same argument (no-ground truth) applies to the ambiguity estimation p,(z) For
this purpose, the network is trained by minimizing the following loss function
which benefits from SSL but avoids the described degenerations.

L(z) = Lssr (@) - [1 = pa(x)] + Acp-1Lop-1(2) - [1 — pa(2)]
+AaLla (T) + /\sLS(fL‘) -pa(ﬂ?)

The first three loss terms correspond to the outputs p, (), po(z) and p,(z) and
the three goals described above, respectively. The last term (Lg) is optional and
stabilizes the training. The X\ values are weights to balance the impact of each
term. The first loss Lggy, is the loss calculated by the original SSL algorithm
and is only scaled with [1 —pq ()] to prevent the original SSL training on images
the network predicts as ambiguous.

The second loss Lo -1 incentives visually homogeneous clusters of the images
by pushing images from different classes into different clusters. This loss is needed
to prevent a degeneration of the clustering. A similar loss was used in [43] but
could only be trained on labeled data, with pretrained networks and several
inefficient stabilizing methods like repeating every sample 3-5 times per batch.
We generalized the formula for two input images x,x’ of the same mini-batch
which should not be of the same class:

M

k
CEil(po(‘T)’po(m,)) == Zpu(m)c Il = po(a')e) - (2)

For the selection of z,2’, we use either the ground-truth label [ of z if it is
available or the Pseudo-Label based on the network prediction p,,(z). The loss is
also scaled with [1 — p,(z)] because it uses an estimate of the class for an image
which could be wrong / ill-suited for ambiguous images.

The third loss L4 allows the ambiguity estimation. As stated above, the
underlying distribution / is unknown and thus we do not know during training if
x is ambiguous or certain. However, we can expect to know or be given a prior
probability pa € [0,1] of the expected percentage of ambiguous images in the
total dataset. We set pa to a fixed value which balances certain and ambiguous
images and the details are given in subsection 3.3. Based on this probability, we
can estimate a Pseudo-Label of the ambiguity of each image in a batch during
training. The loss L 4 is the binary cross-entropy between the Pseudo-Label h(z)
and p, (). The usage of hot-encoded Pseudo-Labels forces the network to make
more confident predictions. The formulation is given below with i as the index of
the image x inside the given batch, when all images inside the batch are sorted
in ascending order based on p,.

La(z) = CE(h(x), pa(z))
= —(1=h()) - In(pa(x = 0))

— h(z) - In(pe(xz = 1)) with (3)
1 i < batch size - pa
M) = 0 else
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The fourth term Lg is the cross-entropy (CE) between p,(x) and p,(z') for
two differently augmented versions x,x’ of the same image. This loss is scaled
with p,(z) and incentives that augmented versions of the same ambiguous image
are in the same output cluster. We use CE because it indirectly minimizes also
the entropy of p,(z) which leads to sharper predictions. Many SSL algorithms
already use a differently augmented version 2’ of = as secondary input [3, 49,
53, 31, 23] which allows an easy computation. Otherwise, the fourth term is not
calculated and treated as zero.

It is important to note that only the proposed combination of the individual
parts leads to a successful training of all desired outputs. We show in section 4
that the combined clustering and classification (CC) based on p,(z) and the loss
Log-1 are the two essential parts to DC3.

3 Experiments

3.1 Datasets

That our method can be applied to many SSL algorithms across different real-
world ambiguous datasets without major changes is a major advantage. While
many datasets [39, 26, 43, 47, 24, 37, 5, 16, 25, 14] suffer from annotation
variability, we do not know the unknown underlying distribution [ to evaluate
the ambiguity or any related metrics. We can approximate [ with the average
over multiple annotations from humans. An annotation is the hard coded guess
a = (a1,...,ax) € {0,1}* of a class for an image from a human with exactly
one i' € {1,..,k} : af = 1 and for all j € {1,...,k} \ {¢} : a; = 0. We as-
sume that the approximation [ as the average of n annotations is identical to
the unknown distribution ! for n — oo. This leaves the issue that we need
multiple annotations per image for a dataset with ambiguous labels which are
often not available. However, all datasets summarized in Table 1 have multiple
annotations and thus allow the approximation of [. Nine visual examples for all
datasets are given in Figure 3 and the datasets are shortly introduced below.

The Plankton dataset was introduced in [43]. The dataset contains 10 plank-
ton classes and has multiple labels per image due to the help of citizen scientists.
In contrast to [43], we include ambiguous images in the training and validation
set and do not enforce a class balance which results in a slightly different data
split as shown in Figure 3. Moreover, we processed the data by recentering the
images and removing artifacts like scale bars.

The Turkey dataset was used in [56, 57]. The dataset contains cropped images
of potential injuries of the birds which were separately annotated by three experts
as not injured or injured.

The Mice Bone dataset is based on raw data which was published in [47]. The
raw data are 3D scans from collagen fibers in mice bones. The three proposed
classes are similar as well as dissimilar collagen fiber orientations and not relevant
regions due to noise or background. We used the given segmentations to cut
image regions from the original 2D image slices which mainly consist of one
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Table 1: Overview of the used datasets — # is an abbreviation for number. The
class imbalance is given as the percentage of the smallest and largest class with
regard to the complete dataset. p4 is the expected prior ambiguity probability
of the dataset. n is the average of annotations per image.

Name # classes Input size [pz] # Images Class Imbalance (%] pa [%] n

Train Val Unlabeled Smallest Largest

Plankton [43] 10 96x96 1964 2456 7860 4.16 30.37 44 24
Turkey [?] 2 96x96 1299 1542 5199 9.66 90.33 22 3
Mice Bone [47] 3 224x224 277 169 278 10.81 63.98 65 3
CIFAR-10H [30] 10 32x32 1600 2000 6400 988 1016 32 51
) v |

| - 4

&=

(a) Plankton [43] (b) Turkey [56] (c) Mice Bone [47] (d) CIFAR-10H [39]

Fig. 3: Example images for the ambiguous real-world datasets — All datasets have
certain images (red & blue) and ambiguous images between these classes (grey).
The classes are Bubble & Copepod, Not Injured & Injured, Similar & Dissimilar
Orientations and Dog & Cat respectively.

class. We generated ambiguous GT labels on 10% of the generated images by
averaging over three classifications from an expert.

The CIFAR-10H [39] dataset provides multiple annotations for the test set
of CIFAR-10[29]. This dataset is interesting because it illustrates that even the
hard labels from benchmark datasets like CIFAR-10 are based on soft labels due
to IIV.

As stated above the approximation of [is only possible with multiple an-
notations per image. For the STL-10 dataset [12], only one annotation / label
per image is given. We still include some results of this dataset to illustrate the
performance on previous benchmarks.

For all datasets, we split our images X into a labeled X; and an unlabeled
X, training set. We keep additional images as a validation subset. On X;, we
use for each image a random hard label sampled from the corresponding {. This
simulates the noisy approximation of the true ground truth label {. On X, we
can only use the image information and not any label information. The validation
data is used to compare the trained networks and to detect issues like overfitting.
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3.2 Metrics

We want to measure the quality of classification and clusters over the certain
and ambiguous data respectively which we assume are better proposals in the
annotation or evaluation process. Based on this reasoning, we decided to use the
weighted F1-Score on certain data and the mean inner distance on ambiguous
data, The ambiguity is determined by the network output p,. We define the
metrics in detail below and give in subsection 3.5 a proof-of-concept for the
higher consistency of labels based on proposals selected by the defined metrics.
Common metrics like accuracy are not used as the class imbalance of several of
our datasets would lead to misleading results.

During training we do not enforce a balance between ambiguous and certain
predictions to keep the required prior knowledge minimal. This can lead to un-
informative metrics and therefore we call a training degenerated if no more than
10% of the validation data are either predicted as ambiguous or certain. We use
the weighted F1-Score on certain images, based on the number of images per
class to avoid instability due to classes with no or very few certain (predicted)
images. For the ambiguous images, we use the mean inner euclidean distance (d)
to the centroid on the soft / ambiguous Ground-Truth (GT) labels. The metric d
is based on the soft GT and thus also minimal for classifications of the majority
class which allows an evaluation also on classified data. The equation for a set
of clusters of images X is given in Equation 4 with sets C' € X as clusters and
the corresponding approximated soft label distribution [, for each image x € C.
The centroid per cluster is given as pc.

1 1 A .
d(X) = X > ] >l = pellz with
cex

zeC
Lo @)
/tc::ﬁle

zeC

We use the vanilla (unchanged) SSL algorithms as baseline experiments. For
these experiments and some ablation experiments, we have no ambiguity pre-
diction pe(x). In these cases, we assume all images to be certain and use p,(z)
as output. We often noticed that the classification improved while the clustering
degenerated and the other way round. Therefore, we determine the best perfor-
mance considering the difference (d—F1) between distance and F1-Score (smaller
is better). It is important to note that this balancing is arbitrary, but we give
a proof of concept that the proposals calculated by these metrics lead to more
consistent annotations which justifies their definition. In general, we have 3 runs
per setup but we exclude results that degenerate as described above. We report
the best of these runs based on the (d—F1)-score over all non-degenerated runs.
All scores are calculated on the validation data which is in general about 20%
of all the data (see details in Table 1).

173



174

A. Own previous papers

10 L. Schmarje et al.

3.3 Implementation Details

All methods use the same code base and share major hyperparameters which
is crucial for valid comparisons [28]. We use the prior ambiguity ps = 0.6 and
loss weights Acp-1 = 10, Ay = 0.1 and A; = 0.1 across all experiments. It is
important to note that we do not use the actual prior probability of ambiguous
images pa as given in Table 1 because the probability is unknown or would
require multiple annotations per image. We use a constant approximation across
all datasets and show in section 4 that this approximation is comparable or
even better than ply. This parameter is essential for balancing the certain and
ambiguous images. The batch size was 64 for all datasets except for the mice bone
dataset with a batch size of 8. The additional losses L4 and Lg are only applied
on the unlabeled data while Log-1 is also calculated on the labeled data. These
hyperparameters were determined heuristically on the Plankton dataset with
Mean-Teacher and show strong results across different methods and datasets as
shown in subsection 3.4. Most likely these parameters are not optimal for an
individual combination of a method and a dataset but they show the general
applicability across methods and datasets. We want to show that DC3 can be
applied successfully to other datasets without hyperparameter optimization and
thus did not investigate all combinations in detail. Nevertheless, we refer to the
supplementary for more detailed insights about individual hyperparameters and
the complete pseudo code for the loss calculation.

3.4 Evaluation

The comparison between different SSL algorithms and their extension with DC3
is given in Table 2. The best results were selected as described in subsection 3.2.
The complete results and additional plots are given in the supplementary. We
see that DC3 improves the classification and clustering performance across the
majority of classes and methods by 5 to 10%. (d—F1) is improved by up to 40%
for 16 out of 19 method-dataset-combinations. On average, we achieve a 7.6%
higher F1-Score for certain classifications and a 7.9% lower inner distance for
clusterings of ambiguous images if we look at all non excluded method-dataset-
combinations. Even on STL-10 (without the possibility to evaluate ambiguous
labels) DC3 creates up to 9% better classifications. Overall, we see the most
benefit on the Mice Bone and Turkey dataset which we attribute to the worse
initial approximation of [. The different vanilla algorithms achieve quite similar
results for each dataset. Only FixMatch achieves a more than 5% better F1-Score
on the curated STL-10 and CIFAR-10H dataset. In general, we see that DC3
can be beneficially applied to a variety of datasets and methods and predicts
better classifications and more compact clusters.

Additional results about the impact of ambiguous data, the unlabeled data
ratio and the interpretabiliy can be found in the supplementary.
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Table 2: Performance across different methods and datasets — The vanilla al-
gorithm is highlighted in light grey. Better results in comparison to the vanilla
algorithm are marked bold. The definition of the metrics are given in subsec-
tion 3.2. CE stands for supervised Cross-Entropy training. All values are given
in %. Reasons for exclusion: H - Hardware Restrictions

Methods Plankton Turkey Mice Bone CIFAR-10H STL-10
F11 dl (d-F1)| FIt d| (d-F1)| F11 d} (d-F1)} F11 d| (d-F1)| F1{
CE 86.71 30.45 -56.26 83.84 42.98 -40.86 69.55 54.75 -1480 67.71 55.80 -1191 80.48
CE + DC3 78.24 23.41 - 85.79 27.64 14 93.88 36.58 57.30 T 2 -23.75 88.45
Mean-Teacher [53] -62.88  81.82 45.12 0 66.41 48.83 -17.58 -26.59  80.67

Mean-Teacher [53] + DC3 91.30 24.84 -66.46 86.45 33.92 -52.53 89.4 35.11 -54.73 -32.69 89.28
Pi-Model [31] 87.57 2843 -59.14 8211 3946 -42.65 68.15 54.11 -14.04 7153 49.13 -22.40 82.56
Pi-Model [31] + DC3 79.79 19.08 -60.71 -64.10 88.01 30.99 -57.02 83.0543.40 -39.65 89.54

Pseudo-Label [32] 87.62 27.42 -60.20 -37.49  66.60 57.03 -9.57 69.70 53.30 -16.40  82.48
Pseudo-Label [32] + DC3 89.31 31.76  -57.55 -48.41 86.58 37.52 -49.06 83.74 51.32 -32.42 88.87
FixMatch [49] 85.81 30.29 X H H H 78.09 41. 89.35
FixMatch [49] + DC3 87.20 31.28 -55.92 83.56 28.17 -55.39 H it H  83.09 49.49 -33.60 91.45

Table 3: Consistency comparison of generated labels from proposals — The first
column describes the annotator selection and the used proposals. The Cohen’s
kappa coefficient £ measures the agreement of between the used repetitions and
Time gives annotation time in minutes. Results which are within one percent or
minute of the best result per dataset and annotator selection are marked bold.

Plankton Turkey Mice Bone CIFAR-10H
k%1 Time[min] | k(%]  Time [min) | & [%]T Time [min] 4 (%] T  Tim [min] 4
Al 73.00 £ 1.51 51.09 + 2.36  88.08 4 3.43 14.56 £ 0.84 71,35 + 2.56 13,94 + 225 92.70 + 1.69 40.58 + 1.93

Al + SSL 85.00 £ 2.52 12,69 + 3.37 85.63 £ 3.66 10.70 + 0.44 72.00 + 2.87 6.59 + 1.65 94.85 + 0.91 14.33 + 1.48
Al + DC3 90.29 + 1.41 11.32 + 1.43 91.95 + 1.22 11.57 + 0.64 81.36 + 2.17 6.74 + 1.05 94.70 + 0.52 14.65 + 0.60
A2 85.25 + 1.79 61.99 4 10.98 81.54 + 0.89 18.11 £ 4.30 68.63 + 6.66 11.06 + 3.60 98.81 + 0.14 33.08 + 5.36
A2 + SSL 94.88 + 0.52 9.23 + 0.76 81.10 + 3.39 9.48 + 0.83 59.63 £ 6.20 12.07 77 98.00 + 0.27 12.66 + 0.69
A2 + DC3 94.04 + 0.67 10.32 + 0.07 81.83 + 1.98 9.91 + 0.39 72.19 + 3.23 9.13 + 2.98 98.29 + 0.19 14.27 + 0.69
A3 84.74 £ 1.02 21.54 £ 1.54 78.27 £ 1.08 19.35 £ 1.16 56.27 £ 4.03 10.15 £ 2.12 93.22 + 1.01  21.96 £ 1.10
A3 + SSL 88.59 £ 0.84 9.02 £ 020 8844+ 1.74 13.24 + 0.32 72.32 + 0.61 8.02 + 1.23 9237 + 1.78 9.79 £ 0.52
A3 + DC3 88.57 £ 0.62 7.76 £ 0.27 91.94 + 1.04 14.05 + 0.51 72.77 + 2.74 9.56 + 1.71 94.81 £ 0.96 9.50 + 0.74

3.5 Proof-of-concept improved data quality

We show above that DC3 can lead to better classifications and clusters than
SSL alone. In accordance with previous literature [45, 43], we give a proof-of-
concept in Table 3 that the annotation process can be improved with cluster-
based proposals. As an SSL algorithm we used Mean-Teacher and for the datasets
Plankton, Turkey and CIFAR-10H we used a random subsample of 10% for
the evaluation. We conducted experiments with a pool of 6 annotators which
consisted of domain experts and inexperienced hired workers which were paid
a fixed wage per hour. We assigned 3 annotators from the pool per dataset.
This means that annotator named e.g. A1 might be a different person between
datasets in Table 3. We compare the annotations over time from each annotator.
We investigated three different proposals for the annotation. The baseline is not
using any proposals, the second is using the SSL predictions (classification) and
the third is using the DC3 predictions (classification + clusters). For each cluster,
arough description was given as guidance during the annotation. After a training
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Table 4: Ablation results averaged over different methods — The vanilla algo-
rithms / baselines are highlighted in light grey. Each lower row extends this
baseline individually with CE~! [43], Clustering & Classification (CC) or both
(DC3). CC can be interpreted as DC3 without CE™!. The prior ambiguity esti-
mate py4 is given in brackets if applicable. Results that improve over the baseline
are marked in bold. The metrics are defined in subsection 3.2. The column ’Am-
biguous’ gives the percentage of predicted ambiguous data and the last column
gives the number of non-degenerated runs over which we averaged

Fl d (d-F1) Ambiguous # Runs
best  mean+std  best  mean £ std best mean +std  best  mean & std

CIFAR-10H

Baseline 07809 0.7153 4 0.0359 0.4199 05027 + 0.0469 -0.3611 -0.2126 & 0.0827 - - 15

+CE1 0.7383 0.7191 + 0.0164 0.4692 0.4929 + 0.0243 -0.2691 -0.2262 = 0.0404 - 12

(pa=06) 0.85650.7471 + 0.1246 0.8657 0.8768 + 0.0120  0.0092  0.1297 + 0.1374 0.6145 0.5923 + 0.0322 12
z 32) 0.6656  0.6970 £ 0.0469 0.2155 0.3684 + 0.1227 -0.4501 -0.3286 + 0.0836 0.2910 0.3115 £ 0.0140 12
+ DC3 (pa = 0.6) 0.8305 0.7457 + 0.1097 0.4340 0.4741 + 0.0584 -0.3965 -0.2716 + 0.0928 0.6125 0.5860 + 0.0200 15

Plankton

Baseline 0.8872  0.8652 + 0.0212 0.2584
1 0.8896 0.8803 + 0.0060 0.2540

+ CC (pa =0.6) 0.8919 0.9128 + 0.0427 0.4085

5400240 -0.6287 -0.5737 + 0.0444 - - 15
+ 0.0098 -0.6356 -0.6113 + 0.0154 -
0.1630  -0.4833 -0.1426 + 0.1375 0.62

20.5927 £ 0.0127 12

+DC: 44) 0.8625 0.9049 + 0.0340 0.2192 0.0526 -0.6433 -0.5780 = 0.0305 0.4365 0.4451 = 0.0204 11

+DC3 (pa =0.6) 0.9130 0.8768 + 0.0640 0.2484 0.0750 -0.6646 -0.5764 = 0.0416 0.6164 0.5803 = 0.0202 14

Turkey

Baseline 08211 0.8213 £ 0.00569 0.3946 04428 + 0.0209 -0.4265 -0.3786 & 0.0230 - - 15

+CE1 0.7998  0.7998 + 0.0000 0.3338 0.0000 -0.4660 -0.4660 = 0.0000 - - 12
0.8527 0.8264 + 0.0469 0.3400 0.0408 -0.5127 -0.4829 = 0.0128 0.5837 0.5646 + 0.0427 12

) 0.7998  0.7998 + 0.0000 0.1675 0.0646 -0.6322 -0.5746 + 0.0646 0.5000 0.3674 + 0.2054 4
6) 0.8743 0.8432 + 0.0350 0.2333 0.3270 + 0.0692 -0.6410 -0.5162 + 0.0643 0.8093 0.6387 + 0.2354 12

phase for the inexperienced annotators, we averaged across three repetitions for
every annotator, proposal and dataset combination.

We see a general trend that the consistency improves and the annotation
time decreases when proposals are used instead of None. Using DC3 proposals
instead of SSL proposals, either leads to a similar or better consistency while
the annotation time is often increased by one or two minutes. For this improve-
ment, we credit the cleaner and more fine-grained outputs of the network. The
additional verifications of the clusters could lead to the slightly increased anno-
tation time. The individual benefits vary between the datasets and annotators.
For example, the gains on the curated CIFAR-10H dataset are lower than on the
uncurated Mice Bone dataset. On average across all annotators and datasets,
we achieve an improved consistency of 6.74%, a relative speed-up of 2.4 and a
maximum speed-up of 4.5 with DC3 proposals in comparison to the baseline.

4 Discussion

Ablation Study We pooled the runs between all methods to evaluate the impact
of the individual components of our method DC3 and show the results in Ta-
ble 4. The method FixMatch and the Mice Bone dataset are excluded from this
ablation due to the up to 12 times higher required GPU hours and degenerated
runs as before. Across the datasets, we see the best (d—F1)-scores are achieved
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by DC3. The impact of the components varies between the datasets. We see
that CE~! positively impacts the clustering results which confirms the benefit
of using CE™! for overclustering [43]. CC often reaches a better F1-Score than
the baseline and even surpasses DC3 sometimes. However, the inner distance
(d) may increase as well. We conclude that CC and CE~! on their own can
lead to improvements but only the combination of both parts results in a stable
algorithm across datasets and methods. Additionally, we see that the number of
not degenerated runs is highest with the combination of CE~! and CC. If we
use an realistic amount of ambiguity p4 in each dataset as ps, we see that in
general the F1-Score decreases and d-score improves. We attribute this differ-
ence to the lower prior ambiguity pa because DC3 tries to predict more certain
than ambiguous images. This leads to a lower inner distance but also includes
more difficult images in the classification of the certain data. We believe this pa-
rameter is essential for balancing the improvements in the F1- and d-score for a
specified usecase. We chose a p4 of 0.6 because we wanted to weight certain and
ambiguous images almost equally but ensure very certain /fewer classifications.

Qualitative Analysis with t-SNE We investigated some t-SNE [34] visualizations
in Figure 4. Comparing the predicted (DC3) classes and ambiguity with the
ground truth (GT), we see more wrong classifications on ambiguous images.
DC3 outputs higher ambiguity than expected due to the higher value of p4, but
the predicted ambiguous clusters are often located nearby of ambiguous regions
in the GT. Additionally, the clusters in (c) partition the feature space in smaller
regions which can be more easily verified by humans as shown in subsection 3.5.
Overall, we see a better representation of the ambiguous feature space.

Limaitations We showed that DC3 generalizes to different SSL algorithms and
datasets without hyperparameter changes. However, the datasets only consist
of up to several thousand images. Due to the required multiple annotations per
image for the evaluation it is difficult to obtain datasets with millions of images.
We focused on improving the classification and clustering and gave a proof-
of-concept for the increased consistency of relabeled data. Due to the required
human labor during the relabeling step, we could not investigate the consistency
across more datasets and algorithms or investigate the usage of the improved
data. We proposed to improve the annotation process based on human-validated
network predictions. This could introduce a not-desired bias into the data. This
might lead to a negative impact for humans or a group of humans for certain use-
cases but we believe a small bias can be accepted in most applications because
it is human controlled and systematically.

5 Conclusion

In real-world datasets, we often encounter ambiguous labels, due to intra- or
interobserver variability, but also as intermediate classes might exist. We pro-
pose our method DC3 which is an extension to many SSL algorithms and al-
lows to classify images with certain labels and cluster ambiguous ones. DC3
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Fig. 4: t-SNE plots for Plankton dataset with Mean-Teacher — The same color
was used 2-3 times for different clusters to ensure distinct colors.

also automatically determines which image should be treated as certain or am-
biguous only based on a given prior probability p4. On average, we achieve an
increased F1-Score of 7.6% and a lower inner distance of clusters of 7.9% over all
method-dataset-combinations. We give a proof-of-concept that these improved
predictions can be used beneficially as proposals to create more consistent anno-
tations. On average, we achieve an improved consistency of 6.74% and a relative
speed-up of 2.4 when using DC3 proposals instead of no proposals. Therefore,
SSL algorithms with DC3 are better suited to handle real-world datasets includ-
ing ambiguous labeled images either by an improved classification / clustering
or as a proposal during the annotation process with more insight.
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Abstract

High-quality data is necessary for modern machine learning. However, the acquisi-
tion of such data is difficult due to noisy and ambiguous annotations of humans.
The aggregation of such annotations to determine the label of an image leads to a
lower data quality. We propose a data-centric image classification benchmark with
ten real-world datasets and multiple annotations per image to allow researchers to
investigate and quantify the impact of such data quality issues. With the benchmark
we can study the impact of annotation costs and (semi-)supervised methods on the
data quality for image classification by applying a novel methodology to a range
of different algorithms and diverse datasets. Our benchmark uses a two-phase
approach via a data label improvement method in the first phase and a fixed eval-
uation model in the second phase. Thereby, we give a measure for the relation
between the input labeling effort and the performance of (semi-)supervised algo-
rithms to enable a deeper insight into how labels should be created for effective
model training. Across thousands of experiments, we show that one annotation
is not enough and that the inclusion of multiple annotations allows for a better
approximation of the real underlying class distribution. We identify that hard labels
can not capture the ambiguity of the data and this might lead to the common issue
of overconfident models. Based on the presented datasets, benchmarked methods,
and analysis, we create multiple research opportunities for the future directed at
the improvement of label noise estimation approaches, data annotation schemes,
realistic (semi-)supervised learning, or more reliable image collection. 2

1 Introduction

High-quality data is the fuel of modern machine learning and almost all models improve with higher
quality data [8, 80, 50]. Therefore, such data are a key component for developing future techniques.
The acquisition of a large amount of data is considered particularly challenging due to the participation
of humans in the process. Their mistakes or subjective interpretations of annotation tasks can lead to
noisy or ambiguous labels, respectively [54, 16, 61, 28, 52, 9, 18, 29]. Consequently, the labels suffer
from heteroscedastic aleatoric uncertainty which means that the data contains inherent noise, which
is class- or even sample-dependent and negatively affects the quality [14].

In Figure 1, we present the impact of this uncertainty on the class "cat" in the CIFAR-10 dataset [32].
While all images have the same ground truth label in CIFAR-10, humans created agreeing annotations

*Corresponding Author, las@informatik.uni-kiel.de
The source code is available at https://github. com/Emprime/dcic.
The datasets are available at https://doi.org/10.5281/zenodo.7152309.

1%?41 Conference on Neural Information Processing Systems (NeurIPS 2022) Track on Datasets and Benchmarks.
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only with varying rates from four to 100 percent [54]. This means that individual annotations can be
expected to be noisy as they diverge from the majority opinion. Furthermore, a majority vote across
multiple annotations can not capture the ambiguity between different images. In some extreme cases
(red borders), we even see a disagreeing majority vote across all annotators from the expected ground
truth class. We raise the question if all images should be treated equally if human annotations show
such varying certainties. Taking a data-centric perspective [47, 62, 45, 25], we investigate the data in
contrast to only the model for answering this question. Specifically, we propose a data-centric image
classification (DCIC) benchmark that indirectly measures a method’s ability to identify noisy and
ambiguous labels and correct them. DCIC consists of ten real-world datasets of different domains
(see Figure 2) and multiple human annotations for each image. The benchmark focuses on a data-
centric view of the image classification problem by separating the data quality improvement and the
classification performance into two tasks.

The main structure of the benchmark is divided into a Labeling and an Evaluation phase (see
Figure 3a) which is comparable to established Teacher-Student-Approaches [70, 36]. Using this
denotation, the benchmarked method will, as a teacher, improve labels during the first phase. These
are then benchmarked in the second phase by analyzing their quality as training input to a student
model. Be aware that we do not allow a knowledge transfer from the second phase to the first phase.

In detail, during the Labeling phase, we use samples from the distribution of the above-mentioned
annotations to get different realistic label estimates as an initialization. The task of the benchmarked
method is to improve these estimates for better performance of an other classification model in the
second phase. In that phase (Evaluation), the obtained labels are used as input for training a fixed
model and its performance is measured on a testing subset of the original data. In contrast to common
model-centric deep learning approaches (see Figure 3b), we can vary the initialization for the same
method and better separate its performance from the data improvement. The fixed model is used for
the evaluation to facilitate distinguishing between performance gains due to improved input data and

better leaming of the method itself.
-
} .. 1‘1 !‘ !
= CIFAR10H . MiceBone
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e e
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Figure 1: Are all images showing a cat? — Based b ‘
on their ground truth labels from CIFAR-10 [32] they |
should all be cats. However, we give the agreement rate
with the class cat from [54] in the lower right corner
and see a wide range from four to 100%. Based on a
majority vote, the last images (red border) would have
not to be labeled as a cat but as dog, frog, dog, and deer,
respectively. Based on these observations, we answer
in our paper the question of whether all images should
be treated equally as cats or if we should use multiple
annotations and the resulting soft labels to capture this
intrinsic noise and ambiguity.

Plankton

Turkey

Figure 2: Three example images for all
datasets. Details about the statistics of the
dataset are given in Table 1.

Our benchmark is not only useful to evaluate existing methods, but will support research into
algorithms for realistic datasets. Especially, it can bridge the research between semi-supervised
learning and noise estimation based on realistic ambiguous noise patterns. We provide multiple
algorithms as baselines and support the integration of more algorithms by common dataloaders for
the two most popular deep learning frameworks: Tensorflow [1] and Pytorch [53]. We analyzed
thousands of combinations of baseline methods, different initializations, and datasets. The obtained
results confirm that the improvement of data quality leads to performance gains. Additionally, we
investigated factors that influence the data quality and identified trends that lead to better learning of
the underlying distribution.
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Initialized
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Figure 3: Comparison of our data-centric approach with the commonly used model-centric approach.
The circles and arrows represent the available label information in addition to the corresponding
images. The squares represent the methods which generate / change these label. There are two main
differences between our and the common model-centric approach. Firstly, we also look at how the
raw unlabeled data is initialized and thus how many annotations are required. Secondly, we use a
fixed model to evaluate the output of the benchmarked method. These differences lead to a greater
separation of data quality and method performance on the final scores on the predicted labels.

"

(a) Data-Centric (Ours)

Our key contributions are: (1) We collected and created ten real-world image classification datasets
with multiple annotations per image. These annotations allow a realistic simulation of noise patterns
and will be helpful for future research in machine learning on real world data sets. (2) We provide
a multi-domain benchmark based on these datasets for noisy and ambiguous label estimation. We
implemented 20 methods as comparison. The benchmark also covers the topic of cost and bridges
research between semi-supervised learning and ambiguous label estimation. (3) We show that one
annotation per image is not enough because model performance improves as more labels are given
for each input. We identify that the current focus on hard labels for classifications is ill-suited to learn
the underlying ground truth distribution. A change in data preprocessing especially in annotation
protocols could mitigate this and lead to less overconfident models.

1.1 Related Work

Human annotations of one image can differ due to complex reasons. Next to mere individual errors,
cognitive sciences have shown that human judgement under uncertainty is driven by a subjective
bias and the context of the annotation process [66]. As labeling relies on human perception, data
quality problems, including issues with noisy and ambiguous labels, have been broadly discussed
in the literature [68, 4, 54, 77, 3]. While voting strategies have proven to be robust tools to remove
outlying annotation errors in a single label scenario, they also eliminate subjective disagreement,
even in cases with more than just one valid interpretation [56]. The impact of this information loss
has been discussed in numerous studies, indicating limitations in capturing ground truth by just one
label [71, 17, 22, 6]. We empirically support these arguments across 9 datasets and 20 methods.

As label noise can severely degrade the classification performance [50], learning with flawed training
data has become a substantial field of research in which numerous strategies have been proposed:
while sample selection methods separate clean and noisy data by evaluating small-loss or disagree-
ment [78, 79], correction methods aim at relabeling wrongly assigned labels by either learning class
prototypes [24] or by pseudo-labeling strategies that utilize confident predictions [38]. Multiple
methods have been proposed, but are often evaluated on synthetic noise [44, 40]. However, Wei et
al. showed that synthetic noise is different from real noise by humans, which limits the generality
of findings [77]. Gao et al. proposed synthetic annotators with individual labeling behavior instead
of random noise to reduce uncertainty in predictions [20]. We go beyond this by using human
annotations to reproduce realistic noise pattern and we do not only look at annotation errors but also
at ambiguous annotations from subjective interpretations.

Datasets like CIFAR-10H [54] and CIFAR-10N [77] address the problem of realistic noise by
providing multiple annotations per image for example of the original CIFAR-10 dataset. By doing so,
both publications demonstrate an improved performance and a higher robustness, while also claiming
that further research in dealing with human noise is still inevitable. The utilization of soft label
distributions instead of hard one-hot label encodings enables the detailed representation of subjective
disagreement and improves the generalization with ambiguous datasets [54, 5, 34]. In our benchmark,
we extend this idea to eight diverse datasets apart from CIFAR-10 for a broader evaluation.

If we want to use multiple annotations per image, we need to consider the cost of such annotations to
make it feasible in a project. Current research such as semi-supervised learning [12, 67, 64, 63] could
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be used to analyze only a portion of the data with multiple annotations. However, approaches which
combine noisy labels with semi-supervised learning have not been extended to real-world image
classification tasks or do not consider the possibility that one labels is not enough to capture the
ambiguity of subjectivity [42, 81, 76]. We provide with our benchmark the datasets and infrastructure
to bridge the research between semi-supervised learning and noise estimation.

Prediction uncertainty can be attributed to unexplainable noise in the given training or test dataset
(aleatoric uncertainty) or a wrong model inference (epistemic uncertainty) and it can be difficult to
approximate and differentiate between them [58, 2, 72, 30]. Several real-world noisy datasets have
been utilized as a foundation for classification benchmarks [41, 39, 54], Song et al. provide a current
survey on datasets and methods [68]. Moreover, most robust methods are evaluated based on the
test set accuracy [40, 68, 77, 59, 82]. However, even a small change in the structure or parameters
of a method can directly impact its performance, limiting the comparability [31]. Other fields, such
as Bayesian Neural Networks, address this issue by comparing results to statistical simulations, for
example [27]. A recent benchmark [49] tries to overcome this issue by providing a baseline for noisy
labels as a form of uncertainty estimation [14]. However, this benchmark relies on synthetic noise
or noisy datasets without knowledge about the underlying ground truth distributions [41]. We use a
data-centric approach to minimize the impact of implementation detail differences and measure the
impact of the data indirectly during the Labeling phase by evaluating on a fixed model.

2 Benchmark

Our benchmark is divided into two major phases: Labeling and Evaluation. In alignment with the
Data-Centric Idea [47], we separate the improvement of the data (Labeling) from the improvement of
the models (Evaluation). The benchmark can be utilized to analyze a variety of research questions,
but we focus on evaluating methods that estimate noisy or ambiguous labels.

‘We use the terms noisy and ambiguous throughout this work synonymously because we often do not
differentiate between their cause during the annotation process. As mentioned above, these causes are
errors or mistakes of human annotators which can be recovered for noisy label or noise. Subjective
interpretations, imprecise task descriptions or poor image quality lead to ambiguous labels.

In general, we have an image dataset X with £ known classes and use human annotations to
approximate the image labels. Each image x € X has an often unknown soft ground truth label

I, € [0,1]F. Therefore, we use N hard human annotations a; € {0,1}* withi € 1,...,N as
estimates of . We assume that an average of annotations (I, = Z?:o %) is an approximation of

this target label l; as in [64]. Based on this definition, an annotation a; or hard label sampled from the
distribution [,, are in general of lower quality because they can not capture the aleatoric uncertainty
of the soft label /,,. We split the data equally and randomly in five folds and ensure a similar class
distribution between the folds as best as possible. For one run, we use three folds as training (Xr)
and one fold each as validation (X/) and test (X g) data, respectively. We call such an assignment of
folds to the training, validation and test data slice.

Labeling The Labeling phase consists of two steps. In the first step an initialization is used to get
label estimates and in the second step, the benchmarked method © aims to improve these labels. As
initialization, we acquire m € N annotations for n € [0, 100] percent of the training and validation
images.

‘We call the total number of required annotations budget b = m - n and report it as proportions of
training and validation images (| X7 U Xy |). In general, a classification task gets easier with more
annotations or a higher budget. Be aware that the same initialization results in the the same budget
while the same budget can achieved by different initializations.

The used initialization schemes per method are defined later in this section. We chose fixed initializa-
tion schemes for better comparability between the methods. How these labels are improved by the
method © is not restricted. However, annotations aside from the given initialization are not allowed
to be used. Since we measure the quality by training a different fixed network in the next phase, a
good label would be presumably as close as possible to /.
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Table 1: Overview of the used datasets — # is an abbreviation for number. The class imbalance is
given as the percentage of the smallest and largest class with regard to the complete dataset. The
agreement is the percentage of annotations that agree with the majority vote. The scores ACC and
ACC are given for the supervised baseline across three test folds. The access describes if the (raw)
data is available openly, requires permission (restricted) or was not previously available (N/A). In the
last column, datasets with modifications to the original data are marked with X. A modification might
be adding more annotations or crop images to a region of interest.

Name #classes  Inputsize [pr] #Images Class Imbalance [%]  Agreement %] # Annotations  ACC [%] ACC %) Access  Updated
Smallest  Largest Mean + STD Mean = STD  Mean + STD  Mean + STD
Benthic 10 112x112 4867 231 39.66 82.61 + 19.67 454 +£201 64.17 +0.63  83.36 +0.47  Restricted X
CIFAR-10H 10 32x32 10000 9.88 10.16 95.44 + 891 5110+ 154 90.75+£039 9572+0.12 Open
Mice Bone 3 224x224 7240 14.75 70.48 1530 £21.90 61.88+944 7839+ 195 Restricted X
Pig 4 96x96 10237 7.82 4123 7.26 £2.29 3597 £3.61 64.77£0.79 N/A X
Plankton 10 96x96 12280 4.16 30.37 2438 £44.17 89.89+£0.82 92414041 Restricted
Quality MRI 2 224x224 310 34.84 64.16 99.94 £ 1344 66.62+355 7581 +0.17 Restricted X
Synthetic 6 224x224 15000 16.17 17.57 98.86 £0.99 87.85+048 74.65+0.34 N/A X
Treeversity#1 6 224x224 9489 9.98 30.67 88.60 £ 16.13 1478 £7.06  79.50 + 1.53  89.20 + 0.31 Open X
Treeversity#6 6 224x224 9826 877 3126 66531948 3545+ 1147 S5671+489 6888+072  Open X
Turkey 3 192192 8040 1088 7595 9156+ 1382 1485£2095 75514280 8689+ 103 Restricted X

Evaluation In the Evaluation phase, the model and its hyperparameters are fixed to measure only
the impact of the provided labels (©(z)). The training of this fixed model ® is calculated on the
provided ©(z) with € Xp. The best network parameters during training are selected based on
a minimal divergence between ®(z) and ©(z) with 2 € Xy . The generalization is then tested by
measuring the difference between ®(z) and [, for z € Xp.

Metrics Kullback-Leibler divergence (K L) [35] between ®(z) and I, for z € Xp has been
used as our main metric since it is an established method to measures the difference between two
distributions [48]. We averaged in a 3-fold cross-validation per dataset for a high reproducibility.
We used the three slices defined by Xv, = {fi+1}, Xg, = {fi+2} and the rest as training (X7, =
{fis f(G+2)%5)+15 J((i+3)%5)+1, } With % for modulo) for the folds f1, ..., fs with i € 1,2,3 as the
index of the slices. While K L directly allows to measure the desired distribution divergence, we
provide additional metrics as comparisons. We evaluate the accuracy (ACC) and F1-Score (F'1)
between ®(x) and [, for x € X per class and report the mean across the classes, which is commonly
called the macro value and allows evaluation even in the presence of class imbalance. We used the
most likely class based on the evaluated distributions for these metrics. We analyze the calibration of
the models by reporting the Expected Calibration Error (EC'E) [23]. As reference, we provide all of
these metrics also on the difference between the proposed label before the second training ©(z) and
the expected ground-truth I, for # € Xg. The metrics are noted as ACC,F1and ECE. We report
the Cohen’s Kappa Score (k) [46] as the measurement of the consistency of ©(z) between the folds
because more consistent labels result in higher model performance.

Datasets We include ten real-world classification datasets in our benchmark. Since we need
multiple annotations per image for the evaluation of the quality of labels and this information is
often not available in existing datasets or insufficient for our benchmark, we collected, adopted, or
extended annotations of the following datasets. Their details are shortly described below, while their
properties and exemplary images are shown in Table 1 and Figure 2, respectively. As presented,
the datasets vary across all reported properties, giving an opportunity to comprehensively evaluate
considered methods. More challenging datasets are characterized by a high-class imbalance, a low
average agreement, or a low number of annotations per image. Detailed reports about the collection
process and remaining dataset specifics are given in the supplementary.

1. Benthic depicts images from the seafloor and consists of underwater flora and fauna. We used
annotations from [65, 37] but filtered for at least three annotations per object and cropped the main
image to this object. We combined classes with too few images in agreement with domain experts. 2.
CIFAR-10H is a variant of CIFAR-10 [32] introduced in [54]. Peterson et al. analyzed the underlying
class distribution like us by reannotating the CIFAR-10 test set. In contrast to other variants like
CIFAR-10N [77], this dataset provides more annotations per image. 3. MiceBone consists of Second-
Harmonic-Generation images of collagen fibers in mice [60]. The raw images were preprocessed
as described in [64]. Since there is a need for multiple annotations per image, we hired workers
to increase their number by a factor of five. 4. Pig consists cropped tail images from European
farms. The annotations were collected by hired workers with high domain knowledge. The goal is
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Table 2: Overview of used methods grouped into supervised, semi-supervised and self-supervised.
The second to fifth column describe if the method uses unlabeled data, makes noise estimation,
what pretraining is the used input of the initialized dataset are hard or soft labels, respectively. The
initialization schemes columns describe which schemes were evaluated for individual methods. The
average runtime of the labeling phase is given in the last column.

Name Unlabeled Noise Pretraining Labels Initialization Schemes Avg. Runtime
Data Estimation SL SL+ SSL SSL+ (A
Baseline Soft X X X X 0.00
Heteroscedastic (Het) [15] X Hard X X X X 0.50
SNGP [43] X Hard X X X X 0.29
ELR+ [44] X ImageNet Hard X X X X 0.09
Mean-Teacher (Mean) [70] X Hard X X 1.08
Mean-Teacher (Mean+DC3) [64] X Hard X X 1.20
7-Model () [36] X Hard X X 1.03
7-Model (m+DC3) [64] X Hard X X 115
FixMatch [67] X Hard X X 4.53
FixMatch +DC3 [64] X Hard X X 4.01
Pseudo-Label (Pseudo v1) [38] X Hard X X 1.10
Pseudo-Label (Pseudo v1 +DC3) [64] X Hard X X 1.40
Pseudo-Label (Pseudo v2 hard) [38] X ImageNet Hard X X X X 0.16
Pseudo-Label (Pseudo v2 soft) [38] X TmageNet Soft X X X X 0.12
Pseudo-Label (Pseudo v2 not) [38] X Soft X X X X 0.12
DivideMix [40] X X ImageNet Hard X X X X 1.39
BYOL [21] X Self-Supervised ~ Hard X X 2.59
MOCOV2 [13] X Self-Supervised ~ Hard X X 7.94
SimCLR [11] X Self-Supervised ~ Hard X X 5.89
SWAV [10] X Self-Supervised ~ Hard X X 4.17

the classification of the injury degree of the tail. 5. Plankton is a collection of underwater plankton
images with multiple annotations from citizen scientists [61]. We use the preprocessing described in
[64]. 6. QualityMRI consists of human magnetic resonance images (MRI) with a varying quality
and multiple subjective quality ratings gathered in tests with radiologists. It was introduced and
evaluated in [S1, 69]. 7. Synthetic dataset was generated for the purpose of this study. It consists
of images that contain one blue, red, or green circle or ellipse on a black background. To create
ambiguous images, we added color and axis interpolations of these classes. 8+9. TreeVersity is a
publicly available crowdsourced dataset of plant images from the Arnold Arboretum of Harvard
University®. In the crowdsourcing project, the images were tagged with a given set of labels. We
used a simplified version with six classes where we combined classes with too few images. Only
images with at least three tags were used. Tags are not the same as class labels, therefore, we provide
two subsets of TreeVersity. In TreeVersity#1, we filtered for exactly one given tag of the six possible
ones per user which is similar to a classification. In TreeVersity#6, we filtered for a maximum of six
different tags which means we did not apply any restrictions. /0. Turkey is a dataset with images
of turkeys and their injuries [74, 75]. We used the preprocessing described in [64] and extended the
original annotations, increasing their number by a factor of five with hired workers.

Methods We compare a variety of recent supervised, self-supervised, and semi-supervised algo-
rithms against our baseline. The baseline does not adjust the initialized dataset in the first phase
in any way and just forwards these labels to the supervised training of the second phase. Thus it
is equivalent to supervised learning in a model-centric benchmark. We selected the other methods
based on their recency, access to authors code or reimplementations and if they are state-of-the-art or
commonly used as comparisons in the literature. The supervised methods are Heteroscedastic [15],
SNGP [43], and ELR+ [44]. The semi-supervised methods are Mean-Teacher [70], 7-Model [36],
FixMatch [67], DC3 [64], Pseudo-Label [38], and DivideMix [40]. The self-supervised methods are
BYOL [21], MOCOV2 [13], SimCLR [11], and SWAV [10]. Detailed descriptions about most of
them are given in [63] and their key characteristics are presented in Table 2. We use the reported
hyperparameters for Imagenet [33] or Webvision [41] by the original authors to ensure a comparison
out-of-the-box across different image domains. For DC3[64], we investigated the combinations with
Mean-Teacher, m-Model, FixMatch, and Pseudo-Label. For Pseudo-Label, we used two different
implementations (v1 and v2) and variants with or without pretraining and soft or hard labels as input.
In total, this results in 20 investigated methods. For better referencing, we group them as described
above but put methods that use soft labels into their own group.

https://arboretum. harvard.edu/research/data-resources/
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Initialization Schemes We investigated a fixed set of initialization schemes and note them m-n for
m annotations for a subset of data with a relative size n. For easier reference, we group them as

o Supervised Learning (SL) 01-1.00

* Supervised Learning+ (SL+) 03-1.00, 05-1.00, 10-1.00

¢ Semi-Supervised Learning (SSL) 01-0.10, 01-0.20, 01-0.50

o Semi-Supervised Learning (SSL+) 10-0.10, 05-0.20, 02-0.50

Implementation Details The final results depend on a good set of fixed hyperparameters like
learning rate for the model @ for each dataset during the evaluation. Therefore, we determined them
by applying Hyperopt [7] with 100 search trials across the same grid of parameters for all datasets.
The target was the minimization of K L between ® () and I, for the baseline experiment with exactly
ten annotations per image across one slice. We executed these and later experiments on an Nvidia
RTX 3090 with 24GB VRAM or comparable hardware. Some combinations of models and input
sizes could not fit on this hardware and therefore were ignored to keep the needed hardware to a
minimum. Details about the used parameter grid are given in the supplementary. We ensure that all
folds are randomly generated, while restrictions about similar images are considered. Without these
restrictions, similar images, e.g., frames from the same camera might lead to an information leakage
between the folds which would negatively influence the interpretability of the results.

3 Analysis

The evaluation was conducted across combinations of all datasets, methods, initialization schemes,
and slices. A complete cross-combination would result in 5400 experiments from which we selected
3456 experiments to save resources since some combinations would not add more insights e.g. due
to inferior performance of similar methods. A detailed overview of the initialization schemes used
per method can be found in Table 2. As shown in Table 1, we have a large variability between
the datasets, especially in ACC' and ACC that range from 36% to 96% for the baseline. Due to
the fact that the baseline does not adjust the initialization, ACC can be seen as the performance
of humans in improving the labels for the given budget. The datasets Benthic, MiceBone, Pig,
Treeversity#6, and Turkey have an over 10% lower AC'C' than the expected ACC, which marks them
as particularly challenging for the model. Moreover, the datasets Benthic, MiceBone, Pig, QualitMRI,
and Treeveritsy#6 have an ACC of lower than 85% which marks them as difficult even for humans.
The ACC of Synthetic is even lower due to the artificially created labels. Due to this variability, an
average across the scores can be misleading. For this reason, we report the median in this paper and
report the full results including the standard error of the mean (SEM) in the supplementary.

What metrics should we use? We analyzed the correlations between our metrics to determine
which contain the same or similar information and which are complementary. All calculated Pearson
correlation coefficients have a p-value < 0.01 and the four strongest correlations are ACC' vs. F'1
(0.99), KL vs. ECE (0.68) F1 vs.  (0.77) and ACC' vs. k (0.77). The other correlations are
around -0.5. Selected correlations are illustrated in Figure 4 and additional graphics and analysis
are given in the supplementary. F'1 balances the precision and recall but in our experiments we see
almost identical values to AC'C which we credit to the averaging per class. This means we only need
to concentrate on ACC' as a classification score. Overconfident models are a problem of modern
machine learning [23] and the higher correlation between /' L and ECE compared to any of the two
with ACC, F1 or « indicates that our focus on classification metrics like ACC and F'1 could be the
issue. Only metrics like K'L and EC'E consider the complete distribution and which justifies using
mainly K L for the evaluation of this benchmark.

One annotation is not enough It is to be expected that more and better data should lead to increased
performance which we quantify in Figure 5a. It can be seen that all metrics improve with an increased
budget in the form of more annotated data or more annotations per image. However, the impact is
lower for more annotations per image. For example, ACC increases from around 55% to 69% for
the full supervision. Up to 10 annotations per image increase the score only to around 72%. This
difference can be explained by the fact that additional annotations are most valuable to improve
uncertain labels. In alignment with previous research [71, 22, 6], these results across thousands of
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(a) ACC vs. F1 (b) KL vs. ECE (¢) ACC vs. ECE
Figure 4: Correlations between selected metrics across all experiments. The red line represents the

linear regression between the metrics and the light red area the mean absolute error of the regression.
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(a) Transfer Learning (b) Quantity vs. Quality (c) Method comparison

Figure 5: Analysis of all or selected methods across different budgets or initialization schemes. For
details about the definitions see section 2. The orange crosses in (c) represent the best performance of
Pseudo v2 soft with another initialization scheme see (b). The budget is increased by an raised portion
of labeled data (n) until 1.00 and then increased further by using additionally multiple annotations
per image (m).

experiments empirically justify that one annotation is not enough to capture the ground-truth of an
item. Some improvements can be gained from correction annotation errors via a majority vote but
the high disagreement and low ACC of the baseline on some datasets support the hypothesis that
ambiguous annotations are a main source for the improvement. This ambiguity can not be described
with a single hard majority vote and thus highlights the importance of using soft labels. Additionally,
we see that /L is about half as small as K L, ECE is around 3-10% lower than EC'E and ACC is
1-2% better than AC'C'. As shown previously by Hinton et al. [26, 12] the knowledge distillation via
a neural network into soft labels can be beneficial for AC'C'. We find the impact for metrics like KL
and EC'E even higher which supports our design of a two-phase benchmark.

Limits of current state-of-the-art To determine the best-performing state-of-the-art method, we
gathered their relative improvements over the baseline in Table 3a. The best algorithm for each type of
the soft, semi-supervised, supervised, self-supervised approaches based on the average performance
across the budgets of 10%, 100%, and 1000% are Pseudo v2 soft, DivideMix, ELR+, and Mocov2,
respectively.We visualize the best three of them in Figure 5c and give detailed results across the
datasets for the budget 100% in Table 3b. The full results can be found in the supplementary. All top
three methods are pretrained on ImageNet and outperform the rest in the field they were designed
for. DivideMix is the best during partial supervision (budget < 100%), ELR+ is more noise robust
(budget > 100%), and Pseudo v2 soft has the lowest /' L score (budget > 100%). It is important to
note that ImageNet pretraining leads to improvements on many datasets (see Pseudo v2 not in the
supplementary) but also to worse results on others. It needs to be investigated if other pretraining
such as CLIP [55] or unsupervised pretraining on larger datasets [12, 57] could improve on these
results. Overall, the current state-of-the-art methods are insufficient for a label preprocessing across
all domains. For a high budget any investigated method is worse than the supervised baseline without
adjustments of the initialized dataset which shows the lack of appropriate algorithms for such budgets.
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Table 3: Results for the best performing methods — The best metric is marked bold while the 2nd and
3rd best are italic. Only methods with at least one top3 ranking across the budgets are presented. The
full results are in the supplementary. (a) show the relative improvement over the baseline. (b) are
detailed results for the budget of 100% across all datasets.
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Moreover, an average better performance does not mean that the gains are equal across all datasets.
For example, ELR+ has the lowest KL at a budget of 100% for five out of ten datasets but on the
QualityMRI dataset, it is among the worst methods. This means while some methods might work on
some datasets they might not generalize to other datasets. Overall, we see the highest K L for the
datasets Benthic, Pig, Quality MRI and Treeversity#6 which also have the lowest agreement as seen
in Table 1 except for the synthetic dataset. These datasets also show the largest variance in results
across the methods. We conclude that the impact of the data is larger than the impact of the current
preprocessing of state-of-the-art methods. This highlights the importance for investigating the data
and label generation more if they a more impactful than the method itself.

‘While a higher budget leads to improved metrics, it also matters how it is used. In Figure 5b, we
investigated the impact on K L and ACC for a budget of 100% for Pseudo-Label using hard or soft
labels. We find that the accuracy is comparable between the methods and increases with a rising
percentage of labeled data (m). For hard labels, the K L improves equally. If we use soft labels for
training, we see lower results for 05-0.20 and 10-0.10. We conclude that we should investigate more
how we distribute our budget if increasing it is not an option.

4 Discussion

Overall, we can confirm several previous research hypotheses while identifying missing information
and thus new research opportunities with our novel datasets and benchmark.

We can demonstrate that data quality positively impacts the classifications scores like ACC' and
F'1 and distribution-based scores like KL and ECE. Knowledge distillation can improve the
approximation of the underlying distribution further. We agree with previous research [71, 17, 22, 6]
that one annotation is not enough and we need to use soft labels to handle ambiguous data. K L and
ECE are highly correlated (0.7) and are improved more when using soft labels. We believe that
focusing on learning the real distribution and thus minimizing /& L can lead to less overconfident
models. Using soft labels as input seems to be crucial for achieving this since hard labels and
classification metrics like AC'C'lead to models which slightly ignore the real ground truth distribution.

Nevertheless, most of the investigated state-of-the-art method do not use soft labels and often interpret
noise only as errors in the annotation process. These issues need to be addressed in future research
and a simple method like Pseudo v2 soft illustrates how the KL score can be lowered with this
approach. For the largest budget, the baseline is the best model and even special noise estimation
algorithms like ELR+ [44] and SNGP [43] can not achieve better results. We see a high variance
across the datasets for different methods in our benchmark. However, we need methods which work
across a variety of domains out-of-the-box to allow an easy application to current research question
in other domains. Another practical issue is that we need to find solutions for acquiring soft labels
even with a limited budget. In many research projects, it is difficult to annotate thousands of images
with domain experts and annotating them multiple times would only increase the costs further. Thus,
we need to bridge the research in semi-supervised learning and ambiguous and noise estimation.
Such combinations could allow the usage of soft labels on a subset of images and simultaneously
determine annotation errors. Our benchmark and datasets allowed the identification of these issues
and thus could also be used to research new methods to solve these issues. We are confident that our
benchmark and datasets can facilitate the bridged research on the topic of semi-supervised learning
and ambiguous image estimation for real world image classification problems.
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A.l. Long papers

Impact This work as a benchmark provides ten datasets and a detailed evaluation across 20
algorithms on this benchmark. The provided data can allow the investigation of research questions on
the topics of e.g. noise estimation, data annotation scheme, or realistic semi-supervised learning. This
work is intended to allow and spark future research and thus no direct social impacts are expected.
However, this basic research is time and resource-consuming. For the final evaluation, we conducted
experiments with about 5500 GPU hours which equals around 600kg C'O». For this reason, we
limited the evaluation always to necessary elements when possible in order to not increase the needed
GPU hours further.

Limitations The 20 investigated algorithms are only evaluated with one fixed set of hyperparameters
across different datasets during the labeling phase. For optimal performance, a tuning per algorithm
would have been required. We were interested in the general performance out-of-the-box and therefore
neglected this issue due to resource minimization. The researched datasets are all below 15,000
images and the unsupervised learning potential on millions of images could not be investigated. We
want to provide a detailed analysis in relation to the underlying distribution [, per image which
is only possible with multiple annotations per image. For larger datasets, this effort was just not
feasible. Classification with hundreds or more classes are also not feasible because the annotation
costs increase with the number of classes. As described above we conducted more than a thousand
experiments but we had to select and combine several results in a comprehensive manner in this paper.
These aggregations can not capture all details. Much more detailed analysis e.g., per dataset would
be possible and thus we included all raw results in the supplementary. Due to the fixed initialization
scheme, we can not investigate active learning approaches. However, this restriction is chosen to
allow a better comparability and future researchers could decide against such a restriction.

Conclusion In alignment with previous research, we show that one annotation is not enough
to handle ambiguous and noisy images and their underlying ground truth distribution. Multiple
annotations and some kind of soft label are required to capture the difference in the images. Future
research needs to investigate in more detail how annotations are being created, including annotation
costs. We show that current state-of-the-art can help under certain budget or dataset constraints.
However, methods with consistent results across a variety of datasets and budgets are missing. We
release all datasets and the benchmark publicly to enrich future research on these topics.
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(b) Did you mention the license of the assets? [Yes] All license information are in the
license file in the Git Repository

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]
Multiple datasets are created or extended by us, also the source code for the benchmark
is new. The source code and datasets are reachable as described in the access section in
the supplementary or in the main repository.

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [Yes] We either used own datasets, public datasets or received personal
permission from respective data owners.

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A] The datasets are images of animals, objects or
plants and thus can not identify people. Our data does not contain offensive content.

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A] We either used preliminary existing crowd sourcing materials or
used only selected few workers as annotators and gave only oral instructions. We give
credit and reference all previous instructions.

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A] Not applicable, we see no potential risk
for humans by annotating images.
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(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [Yes] We included hourly wages where applicable
in the supplementary.
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Abstract. High-quality data is crucial for the success of machine learn-
ing, but labeling large datasets is often a time-consuming and costly
process. While semi-supervised learning can help mitigate the need for
labeled data, label quality remains an open issue due to ambiguity and
disagreement among annotators. Thus, we use proposal-guided annota-
tions as one option which leads to more consistency between annotators.
However, proposing a label increases the probability of the annotators
deciding in favor of this specific label. This introduces a bias which we
can simulate and remove. We propose a new method CleverLabel for
Cost-effective LabEling using Validated proposal-guidEd annotations
and Repaired LABELSs. CleverLabel can reduce labeling costs by up to
30.0%, while achieving a relative improvement in Kullback-Leibler di-
vergence of up to 29.8% compared to the previous state-of-the-art on a
multi-domain real-world image classification benchmark.

CleverLabel offers a novel solution to the challenge of efficiently labeling
large datasets while also improving the label quality.

Keywords: Ambiguous - data-centric - data annotation

1 Introduction

Labeled data is the fuel of modern deep learning. However, the time-consuming
manual labeling process is one of the main limitations of machine learning [53].
Therefore, current research efforts try to mitigate this issue by using unlabeled
data [54,4,55] or forms of self-supervision [33,19,22,18]. Following the data-
centric paradigm, another approach focuses on improving data quality rather
than quantity [34,39,15]. This line of research concludes that one single anno-
tation is not enough to capture ambiguous samples [8,10,3,47], where different
annotators will provide different annotations for the same image. These cases are
common in most real-world datasets [56,40,46,6] and would require multiple an-
notations per image to accurately estimate its label distribution. Yet, established
benchmarks such as ImageNet or CIFAR [24,23] are currently not considering
this issue which significantly limits their use in the development of methods that
generalize well for ambiguous real-world data.
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Fig. 1: Illustration of distribution shift — We are interested in the ground-truth
label distribution (blue) which is costly to obtain due to multiple required an-
notations per image. Thus, we propose to use proposals as guidance during the
annotation to approximate the distribution more cost efficiently (red). However,
this distribution might be shifted toward the proposed class. We provide with
CleverLabel (green) a method to improve the biased label distribution (red) to
be closer to the original unbiased distribution (blue). Additionally, we provide
with SPA an algorithm to simulate and analyze the distribution shift. The con-
crete effects are shown in the right example for the MiceBone dataset on a public
benchmark [47] with the proposal marked by x.

Acquiring multiple annotations per sample introduces an additional label-
ing effort, necessitating a trade-off between label quality and quantity. While
semi-supervised learning potentially reduces the amount of labeled data, the is-
sue of label quality still arises for the remaining portion of labeled data [28].
One possible solution for handling ambiguous data is using proposal guided an-
notations [41,11] which have been shown to lead to faster and more consistent
annotations [46,49]. However, this approach suffers from two potential issues: (1)
Humans tend towards deciding in favor of the provided proposal [20]. This default
effect introduces a bias, since the proposed class will be annotated more often
than it would have been without the proposal. Thus, an average across multiple
annotation results in a skewed distribution towards the proposed class as shown
in Figure 1. (2) Real human annotations are required during development which
prevents rapid prototyping of proposal systems.

We provide with CleverLabel and SPA two methods to overcome these two
issues. Regarding issue (1), we propose Cost-effective LabEling using Validated
proposal-guidEd annotations and Repaired LABELs (CleverLabel) which uses
a single class per image as proposal to speed-up the annotation process. As noted
above, this might skew the label distribution towards the proposed class which
can be corrected with CleverLabel. We evaluate the data quality improvement
achieved by training a network on labels generated by CleverLabel by comparing
the network’s predicted label probability distribution to the ground truth label
distribution, which is calculated by averaging labels across multiple annotations
as in [47]. Improved data quality is indicated by a reduction in the difference
between the predicted distribution and the ground truth distribution. In addi-
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tion, based on a previously published user study [48], we empirically investigate
the influence of proposals on the annotator’s labeling decisions. Regarding issue
(2), we propose Simulated Proposal Acceptance (SPA), a mathematical model
that mimics the human behavior during proposal-based labeling. We evaluate
CleverLabel and SPA with respect to their technical feasibility and their bene-
fit when applied to simulated and real-world proposal acceptance data. Finally,
we evaluate these methods on a real-world benchmark and we provide general
guidelines on how to annotate ambiguous data based on the gained insights.

Overall, our contributions commit to three different areas of interest: (1)
For improving label quality, we provide the novel method CleverLabel and show
across multiple simulated and real world datasets a relative improvement of up
to 29.8% with 30.0% reduced costs in comparison to the state of the art. (2) For
annotating real-world ambiguous data, we provide annotation guidelines based
on our analysis, in which cases to use proposals during the annotation. (3) For
researching of countering the effect of proposals on human annotation behavior,
we provide our simulation of proposal acceptance (SPA) as an analysis tool. SPA
is motivated by theory and shows similar behavior to human annotators on real-
world tasks. It is important to note that this research allowed us to achieve the
previous contributions. We provide a theoretical justification for SPA and show
that it behaves similarly to human annotators.

1.1 Related work

Data and especially high-quality labeled data is important for modern machine
learning [62,38]. Hence, the labeling process is most important in uncertain cases
or in ambiguous cases as defined by [47]. However, labeling is also not easy in
these cases as demonstrated by the difficulties of melanoma skin cancer classifi-
cation [36]. The issue of data ambiguity still remains even in large datasets like
ImageNet [24] despite heavy cleaning efforts [5,59]. The reasons for this issue
can arise for example from image artifacts like low resolution [43], inconsistent
definitions [58], uncertainty of the data or annotators [1,45] or subjective inter-
pretations [51,32].

It is important to look at data creation as part of the problem task because
it can greatly impact the results. Recent works have shown that differences can
depend on the aggregation of labels between annotators [61,8], the selection of
image data sources on the web [37], if soft or hard labels are used as label repre-
sentation [8,10,16,3] or the usage of label smoothing [30,31,35]. In this work we
concentrate on the labeling step issues only. Simply applying SSL only partially
solves the problem as it tends to overfit [2]. Hence labeling is necessary and the
goal should be to label better and more.

A commonly used idea we want to focus on is proposal-based labeling. It is
also known as verification-based labeling [41], label-spreading [11], semi-automatic
labeling [29], or suggestion-based annotation [50]. [12] showed that proposal-
based data labeling increases both accuracy and speed for their user study
(n=54) which is in agreement with proof-of-concepts by [46,48]. The annota-
tion suggestions for the segmentation and classification in diagnostic reasoning
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Dataset Method Probability Default Effect Reduction
CIFAR10 GT 73.77%

Biased 78.64% +4.87%

CleverLabel 76.38% +2.61% D -ae41%
Turkey GT 73.26%

Biased 78.03% +4.77%

CleverLabel 74.94% +1.68% D -6478%
MiceBone

Biased +11.80% .

CleverLabel +9.13% ) -22.63%
Plankton GT

Biased +5.73% ) N

CleverLabel % -20.24%

Fig. 2: Average annotation probability of a proposed class with the proposal un-
known (GT, Unbiased) and known (Biased) to the annotators in four evaluated
datasets. The proposal increases the probability in all observed cases, revealing
a clear default effect in the investigated study. Its value is shown without any
further processing (Biased) and with the contributed correction (CleverLabel)
which consistently reduces the difference to the unbiased probabilities.

texts had positive effects on label speed and performance without an introduc-
tion of a noteworthy bias [50]. We continue this research for the problem of image
classification and show that a bias is introduced and how it can be modeled and
reversed.

Acceptance or rejection of a proposal was previously modeled e.g. for the re-
view process of scientific publications [9]. They applied a Gaussian process model
to simulate the impact of human bias on the acceptance of a paper, but rely on a
per annotator knowledge. A simulation framework for instance-dependent noisy
labels is presented in [17,14] by using a pseudo-labeling paradigm and [21] uses
latent autoregressive time series model for label quality in crowd sourced label-
ing. Another aspect of labeling are annotation guidelines which can also have an
impact on data quality as [52] demonstrate for app reviews. We do not consider
guidelines as biases, instead they are a part of data semantics and use only real
annotations per image.This has the benefit of avoiding unrealistic synthetic pat-
terns as shown by [60] and simplifies the required knowledge which makes the
process more easily applicable.

Note that active learning [44] is a very different approach, in which the model
in the loop decides which data-point is annotated next and the model is incre-
mentally retrained. It is outside the scope of this article and it might not be suited
for a low number of samples with high ambiguity as indicated by [57]. Consensus
processes [1,42] where a joined statement is reached manually or with technical
support are also out of scope.

2 Methods

Previous research on proposal-based systems [41,29,50] suggests an influence of
the default effect bias on the label distribution. While its impact is assessed as
negligible in some cases, it circumvents the analysis of an unbiased annotation
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Algorithm 1 Simulated Proposal Acceptance (SPA)

Require: Proposal p,; aj* € {0}
Calculate acceptance probability A
r < random(0,1)

if » < A then > Accept proposal
a0z, 1
else > Sample from remaining classes
k < sampled from P(L® =k | p. # k)
Iz
agy, < 1
end if

distribution [20] which can be desirable, e.g. in medical diagnostics. As we can
identify a significant bias in our own proposal-based annotation pipeline for
several datasets (see Fig. 2), two questions arise: how to mitigate the observed
default effect and how it was introduced?

In this section, we provide methods to answer both questions. Before we can
mitigate the observed default effect, we have to understand how it was intro-
duced. Thus, we introduce simulated proposal acceptance (SPA) with the goal
of reproducing the human behavior for annotating images with the guidance of
proposals. SPA can be used to simulate the labeling process and allow experi-
mental analysis and algorithm development before conducting large scale human
annotations with proposals. Building on this understanding, we propose Clever-
Label which uses two approaches for improving the biased label distribution to
mitigate the default effect: 1. a heuristic approach of class distribution blend-
ing (CB) 2. a theoretically motivated bias correction (BC). CleverLabel can be
applied to biased distributions generated by humans or to simulated results of
SPA.

For a problem with K € N classes let L” and Lj be random variables mapping
an unbiased or biased annotation of an image x to the selected class k. Their
probability distributions P(L* = k) and P(L{ = k) describe the probability that
image x is of class k according to a set of unbiased or biased annotations. As
discussed in the literature [30,31,35,10], we do not restrict the distribution of L,
further e.g. to only hard labels and instead assume, that we can approximate it
via the average of N annotations by P(L* = k) ~ 25\51 Lk with afy, € {0,1}
the i-th annotation for the class k& which is one if the class k was selected by the
i-th annotator or zero, otherwise. The default effect can cause a bias, P(L* =
k) # P(L{ = k) for at least one class k. Especially, for the proposed class p, it
can be expected that P(L* = p,) < P(L{ = p).

2.1 Simulated Proposal Acceptance

Given both unbiased as well as biased annotations for the same datasets, we
analyze the influence of proposals on an annotator’s choice. We notice that a
main characteristic is that the acceptance probability increases almost linearly
with the ground truth probability of the proposal, P(L* = p,), as shown in

207



208

A. Own previous papers

6 L. Author et al.

the main diagonal in Figure 3. If a proposal was rejected, the annotation was
mainly influenced by the ground truth probability of the remaining classes. This
observation leads to the following model: For a given proposal p,, we calculate
the probability A that it gets accepted by an annotator as

A=8+ 1" =8)P(L" = p,) (1)

with § € [0,1]. 1* is an upper-bound for the linear interpolation which should
be close to one. The offset parameter § can be explained due to the most likely
higher probability for the proposed class. We also find that this parameter is
dataset dependent because for example with a lower image quality the annotator
is inclined to accept a more unlikely proposal. In subsection 2.3, we provide more
details on how to calculate these values.

With this acceptance probability we can now generate simulated annotations
a;% € {0,1} as in Algorithm 1 and describe the biased distribution similar to
the unbiased distribution via P(L{ = k) ~ Zf\:gl ag,'fc with N’ describing the
number of simulated annotations. The full source-code is in the supplementary
and describes all corner cases e.g. P(L*p,) = 1. An experimental validation of
this method can be found in subsection 3.1.

2.2 CleverLabel

Class distribution Blending (CB) A label of an image is in general sample de-
pendent but [7] showed that certain classes are more likely to be confused than
others. Thus, we propose to blend the estimated distribution P(L{ = k) with a
class dependent probability distribution c(k, k) to include this information. This
class probability distribution describes how likely k can be confused with any
other given class k. These probabilities can either be given by domain experts
or approximated on a small subset of the data as shown in subsection 2.3. The
blending can be calculated as pP(Lf = k) 4 (1 — p)e(k, k) with the most likely
class k = argmax;cqy . xyP(L§ = j) and blending parameter p € [0,1]. This
approach can be interpreted as a smoothing of the estimated distribution which
is especially useful in cases with a small number of annotations.

Bias Correction (BC) In subsection 2.1, we proposed a model to use the knowl-
edge of the unbiased distribution P(L* = k) to simulate the biased distribution
P(L{ = k) under the influence of the proposals p,. In this section, we formulate
the reverse direction for correcting the bias to a certain degree.

According to Equation 1, for k = p, we can approximate

My, |
A-g el
B:=P([*=py)=——-n~ N
A T s By

with M, = {i |i€N,i < N',a}, =1} the indices of the annotations with an
accepted proposal. Note that we have to clamp the results to the interval [0, 1]
to receive valid probabilities for numerical reasons.
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Table 1: Used offsets (§) for proposal acceptance

dataset Benthic CIFAR10H MiceBone Pig Plankton
User Study N/A 9.73% 36.36% N/A 57.84%
Calculated 40.17% 0.00% 41.03% 25.72% 64.81%
dataset QualityMRI Synthethic Treeversity#1 Treeversity#6 Turkey
User Study N/A N/A N/A N/A 21.64%
Calculated 0.00% 26.08% 26.08% 20.67% 14.17%

For k # p, we deduce the probability from the reject case of Algorithm 1
P(L* =k | I* # p2) = PUE = | L% # )
P(L* =k, L7 # pa)
— P =k | I* £
P Zp) AR A
(1= BYP(L§ = b | L% # p.)

& P(L* £ p,)
al
~(1-—B)- L S
=B 2 i

This results in a approximate formula for the original ground truth distribution
which relies only on the annotations with proposals. The joined distribution is
deducted in the supplementary. It is important to note that the quality of these
approximations relies on a large enough number of annotations N'.

2.3 Implementation details

We use a small user study which was proposed in [48] to develop / verify our pro-
posal acceptance on different subsets. The original data consists of four dataset
with multiple annotations per image. We focus on the no proposal and class la-
bel proposal annotation approaches but the results for e.g. specific DC3 cluster
proposals are similar and can be found in the supplementary.

We calculated the ground-truth dataset dependent offset § with a light weight
approximation described in the supplementary. An overview about the calculated
offsets is given in Table 1 in combination with the values of the user study where
applicable. Due to the fact, that it can not be expected, that this parameter can
approximated in reality with a high precision we use for all experiment except
otherwise stated, a balancing threshold p = 0.75, 1* = 0.99 and ¢ = 0.1. More
details about the selection of these parameters are given in the supplementary.

The class distributions used for blending are approximated on 100 random
images with 10 annotations sampled from the ground truth distribution. For
a better comparability, we do not investigate different amounts of images and
annotations for different datasets but we believe a lower cost solution is possible
especially on smaller datasets such as QualityMRI. For this reason, we ignore
this static cost in the following evaluations. If not otherwise stated, we use the
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Fig.3: Visual comparison the uncertainty bins for real vs. simulated proposal
acceptance on the MiceBone dataset, Normalized per row / per proposal uncer-
tainty bin, meaning that e.g. in Real M, that if a class with soft ground truth
probability 0.21-0.4 is proposed, in 0.10 of cases a class with ground truth prob-
ability .041-0.6 is annotated. Hence, some cells are 0 by default.

method DivideMix [27] and its implementation in [47] to generate the proposals.
With other methods the results are very similar and thus are excluded because
they do not add further insights. We include the original labels which are used
to train the method in the outputted label distribution by blending it with
the output in proportion to the used number of annotations. Please see the
supplementary for more details about the reproducibility.

3 Evaluation

We show that SPA and our label improvements can be used to create / reverse
a biased distribution, respectively. In three subsections, we show that both di-
rections are technically feasible and are beneficial in practical applications. Each
section initially gives a short motivation, describes the evaluation metrics and
provides the actual results.

3.1 Simulated Proposal Acceptance

We need to verify that the our proposed method SPA is a good approximation
of the reality in comparison to other methods and that an implementation is
technically feasible.

Metrics € Comparisons We know for the evaluation of every image x the pro-
posed class p,, the annotated class a, and the soft ground truth distribution
P(L* = k) for class k in the study [48]. For the evaluation , we calculate a
matrix between the proposed class probability and the actually annotated class
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GT -®- GT+CB ~4- SPA -%- SPA+BC -H- SPA+CB —#- CleverLabel (+ GT 6) —#- CleverLabel

1 H
# annotations # annotations

(a) Synthetic (b) Real

Fig. 4: Evaluation of label improvement on synthetic data created with SPA and
real user study across different amounts of annotations. Results are clamped for
visualization to the range 0 to 1.

probability by aggregating the probabilities into uncertainty bins with a size of
0.2 and a special bin for 0.0, which results in total in 6 bins. Normalized examples
are in Figure 3.

Our proposed method is composed of two parts: ACCEPT with offset §
the proposal, otherwise use the GT' distribution for selection as defined in sub-
section 2.1. Other possible components would be RANDOM]ly annotate a la-
bel, use the most LIKELY class label or any combination of the before. We
compare our proposed method (ACCEPT+GT) against 6 other methods: AC-
CEPT+LIKELY, 2*ACCEPT+GT, 2*ACCEPT+RANDOM, RANDOM, GT,
LIKELY. Two ACCEPTS mean that we use an offset acceptance of the proposal
and then an offset acceptance of the most likely class if it was not the original
proposal. As metric, we use half of the sum of differences (SOD) between the
real matrix M, and the simulated matrix M, or as formula SOD(M,,M,) =
0.5 (3, ; abs(M,, ; — M, ;)) which is the number of differently assigned images
to all bins asides from duplicates. We report the normalized SOD by the total
number of entries in M, as the average with standard deviation across three
repetitions and include more results e.g. proposals based on DC3 clusters in the
supplementary. The ¢ of the User Study was used for the simulation. We de-
veloped our method and the comparisons on the datasets Turkey and Plankton
and only verified on MiceBone and CIFAR10H.

Results A visual comparison of the real and simulated results for all uncertainty
bins can be seen in Figure 3. The main diagonal line contains the accepted
proposals while the rest, especially the upper right corner are the rejected images.
We see that the presented matrices are very similar, even in overlapping regions
between accepted and rejected proposals as for uncertainty bin 0.41-0.6 of the
proposed and annotated classes.

In Table 2, we compare the proposed method with six other possible algo-
rithms. We see that our proposed method is for all datasets one of the best
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Table 2: Comparison of investigated methods for the proposal acceptance, results
within a one percent boundary of the best results are marked bold t datasets
used only for validation,

SOD in [%] CIFARI0H T MiceBone * Plankton Turkey
ACCEPT+GT (Ours) 1.97 &£ 0.06  2.57 £ 0.16 3.62 £ 0.05 4.77 + 0.13
ACCEPT+LIKELY 1.20 + 0.25 7.88 &+ 0.06 5.50 £ 0.15 7.21 +£0.32
2¥*ACCEPT+GT 2.79 £ 0.22 3.38 £ 0.26 3.25 £ 0.13 3.78 + 0.28
2*ACCEPT4+RANDOM  3.03 £ 0.11 4.76 £ 0.11 4.00 £ 0.31 4.64 + 0.28
RANDOM 86.37 £ 0.13  50.92 + 0.64  81.51 £ 0.18  54.83 £ 0.93
GT 5.00 = 0.03 10.34 £ 0.19  10.59 £+ 0.11 5.69 = 0.30
LIKELY 4.08 £ 0.00 16.41 £0.00 11.85 £ 0.00  11.47 £ 0.00

methods. However, some methods e.g. 2*ACCEPT+GT can sometimes even be
better. This data allows two main conclusions. SPA is clearly better than some
naive approaches like RANDOM or GT. SPA is not optimal. It can neither re-
produce the real results completely nor is the best method across all datasets.
However, it shows very strong performance and is less complex then e.g. 2*AC-
CEPT + RANDOM. We conclude that SPA is at a sweet spot between simplicity
and correctness.

3.2 Label Improvement

We show that CB and BC lead to similar increased results on simulated and real
biased distributions while the similarity illustrates the practical benefit of SPA.

Metrics €& Comparison As a metric, we use the Kullback-Leibler divergence [25]
between the soft ground truth P(L* = k) and the estimated distribution. We
generate the skewed distributions either by our method SPA or use real proposal
acceptance data from [48]. The reported results are the median performance
across different annotation offsets or datasets for the synthetic and real data,
respectively. For the real data, we used the calculated ¢ defined in Table 1 for
the simulation but as stated above § = 0.1 for the correction in CleverLabel. The
method GT is the baseline and samples annotations directly from P(L* = k).
The full results are in the supplementary.

Results If we look at the results on the synthetic data created by SPA in Fig-
ure 4a, we see the expected trend of improved results with more annotations.
While using only CB is the best method with one annotation, the performance
is surpassed by all other methods with enough annotations. The baseline (GT)
is especially with the combination of blending (+CB) the best method for most
number of annotations. Our label improvement (CleverLabel) is in most cases
the second best method and blending is a major component (+CB). The bias
correction (+BC) improves the results further for higher number of annotations
at around 20+. Using the correct offset (+ & GT) during the correction which
was used in the simulation of SPA, is of lower importance. When we look at the
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full results in the supplementary, wee see benefits of a better ¢ at an offset larger
than 0.4 and more annotations than 5. We conclude that label improvement is
possible for synthetic and real data and that the combination of CB and BC
with an offset of 0.1 is in most cases the strongest improvement.

The real results in Figure 4b show the similar trends as in the synthetic
data. However, the baseline method without blending performs stronger and
some trends are not observable because we only have up to 12 annotations. The
correct value for the offsets is even less important in the real data, most likely
because the effect is diminished by the difference of the simulation and reality. It
is important to note that we keep the same notation with CleverLabel but in this
case SPA was not used to generate the biased distribution but real annotations
with proposals. Overall, the results analysis on synthetic and real data is similar
and thus SPA can be used as a valid tool during method development.

It should be pointed out that the cost of labeling is not equivalent to the
number annotations as we can expect a speedup of annotations when using
proposals. For example, CleverLabel often performs slightly worse than GT in
Figure 4b. Considering a speedup of 2, we actually have to compare CleverLabel
with 5 annotations to GT at around 3, as explained in the budget calculation in
subsection 3.3.

3.3 Benchmark evaluation

We show the results for CleverLabel on [47].

Metrics & Comparison We compare against the top three benchmarked meth-
ods: Baseline, DivideMiz and Pseudo v2 soft. Baseline just samples from the
ground-truth but still performed the best with a high number of annotations.
DivideMiz was proposed by [27] and Pseudo v2 soft (Pseudo soft) uses Pseudo-
Labels [26] of soft labels to improve the labels. We evaluate the Kullback-Leibler
divergence (K'L) [25] between the ground truth and the output of the second
stage (the evaluation with a fixed model) and KL between ground truth and the
input of the second stage (K L). We also provide an additional ablation where
we replaced the fixed model in the second sage with a visual transformer [13].
The hyperparameters of the transformer were not tuned for each dataset but
kept to common recommendations. The speedup S which can be expected due to
using proposals depends on the dataset and used approach. For this reason, we
include this parameter in our comparison with the values of 1 (no speedup), 2.5
as in [48] or 10 as in [49]. S is used to calculate the budget as initial supervision
per image (in. sup.) +( percentage annotated of X- number of annotations per
image )/S). In. sup. describes the percentage of labeled data that is annotated
once in phase one of the benchmark. For the skewed distribution generation
which is correct by CleverLabel, we used SPA with the calculated ¢ in Table 1.
For CleverLabel a heuristically chosen ¢ = 0.1 was used if not otherwise stated
(+GT3). The results are the median scores of all datasets of the averages across
three folds. Full results including mean scores are in the supplementary.
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Fig.5: Left: Compares previous state-of-the-art (first three), new baseline
(GT+CB) and our method (CleverLabel) including different speedups S. Right:
The marker and color define the method, while the line style to the next node
on the x-axis visualizes the initial supervision, logarithmic scaled budgets

Results We present in Figure 5a a comparison of our method CleverLabel with
previous state-of-the-art methods on the benchmark with an initial supervision
of 100%. Even if we assume no speedup, we can achieve lower K L scores than all
previous methods, regardless of the used number of annotations. Our proposed
label improvement with class blending can also be applied to samples from the
ground truth distribution (GT + CB) and achieves the best results in many
cases. Due to the fact that it does not leverage proposals it can not benefit from
any speedups S. If we take these speedups into consideration, CleverLabel can
achieve the best results across all budgets except for outliers.

We investigate lower budgets where the initial supervision could be below
100% in Figure 5b. The full results can be found in the supplementary. If we
compare our method to the combined Pareto front of all previous reported re-
sults, we see a clear improvement regardless of the expected speedup. Two ad-
ditional major interesting findings can be taken from our results. Firstly, the
percentage of labeled data which is equal to the initial supervision for CleverLa-
bel (violet,blue,lightblue) is important as we see improved results from initial
supervision of 20 to 50 to 100%. This effect is mitigated with higher speedups
because then CleverLabel can achieve lower budget results not possible by other
initial supervisions. Secondly, we can improve the results further by using pro-
posals also on the unlabeled data (inc. un., red,orange,yellow) after this initial-
ization. This increases the budget because the percentage of labeled data is 100%
regardless of the initial supervision but results in improved scores. With S = 10
we can even improve the previous state of the art (Pseudo soft, in. sup 20%, 5
annotations) at the budget of 1.0 from 0.40/0.47 to 0.30/0.33 at a budget of 0.7
which is a relative improvement of 25%/29.8% with median/ mean aggregation.

In Table 3, we conduct several ablations to investigate the impact of individ-
ual parts of our method. Comparing KL and KL scores, we see similar trends
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Table 3: Benchmark results ablation study, first block of rows KL result on
normal benchmark, second block of rows KL on benchmark, last block of rows
KL results on benchmark but with ViT as backbone, all results are median
aggregations across the datasets

method 1 3 5 10 20 50 100
CleverLabel (ours) 0.29 + 0.02 0.28 £ 0.01 0.26 £ 0.02 0.25 £ 0.01 0.27 & 0.02 0.25 £ 0.02 0.24 £ 0.01
CleverLabel (+ GT §) 0.30 £ 0.02 0.28 £ 0.01 0.27 £ 0.01 0.25 £ 0.02 0.24 £ 0.01 0.24 £ 0.01 0.24 + 0.01
Only CB 0.34 = 0.03 0.28 £+ 0.01 0.27 £ 0.01 0.25 + 0.02 0.25 £+ 0.01 0.25 £ 0.02 0.25 + 0.02
Only CB (u=0.25) 0.33 £ 0.02 0.28 + 0.01 0.33 &+ 0.02 0.29 & 0.01 - - -
Only BC - 0.30 £ 0.02 0.29 £ 0.02 0.26 + 0.02 - - -
CleverLabel (ours) 0.68 = 0.03 0.32 £ 0.01 0.25 £ 0.01 0.16 + 0.00 0.11 £ 0.00 0.08 £ 0.00 0.07 &= 0.00
CleverLabel (+ GT §) 0.68 £ 0.03 0.41 £ 0.01 0.29 £ 0.01 0.16 £ 0.00 0.10 £ 0.00 0.05 £ 0.00 0.04 = 0.00
Only CB 0.68 = 0.03 0.32 = 0.01 0.25 + 0.01 0.16 & 0.01 0.12 & 0.00 0.09 & 0.00 0.08 = 0.00
Only CB (u=0.25) 0.55 + 0.02 0.33 £ 0.01 0.29 + 0.01 0.24 + 0.01 - - -
Only BC - 1.22 4 0.04 0.78 £ 0.02 0.36 £ 0.02 - - -
CleverLabel (+ GT §) - 0.22 + 0.01 - 0.18 + 0.01 - - 0.16 = 0.01
Only CB - 0.20 + 0.01 - 0.18 £ 0.01 - - 0.17 = 0.01

between each other and to subsection 3.2. Class blending (CB) is an important
part of improved scores but the impact is stronger for KL. A different blending
threshold (u = 0.25) which prefers the sample independent class distribution
leads in most cases to similar or worse results than our selection of 0.75. Bias
Correction (BC) and the correct GT offset have a measurable impact on the KL
while on K'L we almost no difference but a saturation at around 0.24 for all ap-
proaches most likely due the used network backbone. With a different backbone
e.g. a transformer [13] we can verify that BC positively impacts the results.

4 Discussion

In summary, we analyzed the introduced bias during the labeling process when
using proposals by developing a simulation of this bias and provided two methods
for reducing the proposal-introduced bias. We could show that our methods
outperform current state of the art methods on the same or even lower labeling
budgets. For low annotation budgets, we have even surpassed our newly proposed
baseline of class blending in combination with annotation without proposals.
Cost is already a limiting factor when annotating data and thus only results with
a better performance for a budget of less than one (which equals the current
annotation of every image once) can be expected to be applied in real world
applications. We achieved this goal with CleverLabel with speedups larger than
4 with is reasonable based on previously reported values [48].

Based on our research, how should one annotate ambiguous image classifica-
tion data? While there currently is no strategy for every case, the problem can
be broken down into the two major questions as depicted in Figure 6. Firstly,
is a bias in the data acceptable? Be aware that in CleverLabel all labels are
human validated and that many consensus process already use an agreement
system [1] with multiple reviewers. If a small bias is acceptable you can directly
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Fig. 6: Flowchart about how to annotate ambiguous data based on the questions
if an introduced bias is acceptable and if the expected speedup S is high (> 3)

use proposals and an optional correction like CleverLabel. However, if a bias
is not acceptable, the second major question is the expected speedup by using
proposals for annotating your specific data. In case of a high expected speedup,
the trade-off between the introduced bias and the ability to mitigate it with BC
and CB favors CleverLabel. For a low speedup, we recommend avoiding pro-
posals and to rely on class blending which is applicable to any dataset if you
can estimate the class transitions as described in subsection 2.3. It is difficult to
determine the exact trade-off point, because CB improves the results with fewer
(10-) annotations, BC improves the results at above (20+) and both each other.
Based on this research, we recommend a rough speedup threshold of around
three for the trade-off.

4.1 Limitations

We aim at a general approach for different datasets but this results in non-
optimal solutions for individual datasets. Multiple extensions for SPA like dif-
ferent kinds of simulated annotators would be possible but would require a larger
user study for evaluation. In subsection 3.2, we compared our simulation with
real data on four datasets, but a larger comparison was not feasible. It is impor-
tant to note that SPA must not replace human evaluation but should be used for
method development and hypothesis testing before an expensive human study
which is needed to verify results. We gave a proof of concept about the benefit
of bias correction with higher annotation counts with a stronger backbone like
transformers. A full reevaluation of the benchmark was not feasible and it is
questionable if it would lead to new insights because the scores might be lower
but are expected to show similar relations.

5 Conclusion

Data quality is important but comes at a high cost. Proposals can reduce this cost
but introduce a bias. We propose to mitigate this issue by simple heuristics and
a theoretically motivated bias correction which makes them broader applicable
and achieve up to 29.8% relative better scores with reduced cost of 30%. This
analysis is only possible due to our new proposed method SPA and results in
general guidelines for how to annotate ambiguous data.
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Ethical Statement

While proposal-based labeling offers several benefits, it generally introduces a
bias which might have ethical implications depending on the use case. We be-
lieve that it is important to take steps to improve proposal-guided annotations
and introduce CleverLabel in order to enhance their quality by mitigating, how-
ever not eliminating, the effects of bias. Every operator must consciously decide
whether the resulting reduced bias has a negative effect for their own application.
CleverLabel aims at the utilization of all available data. As ambiguous labels can
introduce additional data uncertainty into a model, while it is common to ex-
clude these data from training. However, we expect that their consideration can
also provide more nuanced information, potentially allowing for more accurate
and fair decision-making. By this means, ambiguous labels may result in less
overconfident models.

This work aims to facilitate and encourage further research in this field.
While the contributions can be used to investigate a variety of research questions
in order to improve the accuracy of predictions, we cannot identify any direct
negative ethical impacts.
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Abstract

In the field of image classification, existing methods often struggle with biased or am-
biguous data, a prevalent issue in real-world scenarios. Current strategies, including semi-
supervised learning and class blending, offer partial solutions but lack a definitive resolution.
Addressing this gap, our paper introduces a novel strategy for generating high-quality la-
bels in challenging datasets. Central to our approach is a clearly designed flowchart, based
on a broad literature review, which enables the creation of reliable labels. We validate our
methodology through a rigorous real-world test case in the biomedical field, specifically in
deducing height reduction from vertebral imaging. Our empirical study, leveraging over
250,000 annotations, demonstrates the effectiveness of our strategies decisions compared to
their alternatives.

Keywords: Data quality management, ambiguous data, annotation data application,
data-centric Al, vertebral fracture

1 Introduction

Deep learning methods are at the leading methods for image classification, dependent on
the availability of substantial high-quality data (Beyer et al., 2020; Yun et al., 2021). While
techniques like self- or semi-supervision can reduce the need for labeled data, high-quality
labels remain a necessity, especially in domain-specific tasks (Liu et al., 2023).

A critical challenge lies in the reliability and consistency of human annotations, espe-
cially for ambiguous or complex classification tasks. The consensus in current research sug-
gests that single annotations are inadequate for ensuring label quality in such cases (Davani
et al., 2022; Grossmann et al., 2022; Basile et al., 2021; Sharmanska et al., 2016). To miti-
gate this, the adoption of soft labels, derived from averaging multiple annotations, has been
proposed (Schmarje et al., 2022a). Soft labels can capture the inherent data uncertainty,
which is different from the model uncertainty often assumed by uncertainty estimation
methods. However, obtaining multiple annotations per image is resource-intensive and im-
practical for large datasets or when expertise is scarce (Krizhevsky et al., 2012). Schmarje
et al. (2023) introduces proposal-guided annotations, where a pre-trained network provides
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Figure 1: Ilustration of the concept of hard and soft labels and how they can be created
from annotations — The recommended process has three steps. In the first step, an image x
is selected for annotation. The unknown ground-truth distribution (P(L* = -)) could either
be soft or hard as shown by the examples in the lower half. During the annotation, multiple
annotations are created either with or without proposal. A proposal means that one class
is recommended during the annotation process. In the example, class B is proposed and
32 annotations are generated. The average across these annotations could already be used
as an approximation of the soft-label P(L* = -), however it might be biased towards the
proposal since it is more likely to accept a proposal Schmarje et al. (2023). Our post-
processing step enhances the approximated distribution (P(L® = -))from the second step
by reducing this bias. In the provided example, the probability of class B is reduced since
it was most likely overestimated due to the used proposal of class B.

preliminary class estimates to guide annotators, thereby enhancing annotation efficiency
and quality (Desmond et al., 2021; Schmarje et al., 2021a, 2022b). An illustrative example
of this process is shown in Figure 1.

In this paper, we present a comprehensive strategy for generating high-quality data
in ambiguous classification scenarios. High quality data means that we improve the label
quality in comparison to one annotation only. We validate our approach in vertebral fracture
diagnosis, a field with significant challenges due to data ambiguity, which is ideal for testing
our strategy’s efficacy.

The diagnosis of vertebral fractures holds critical importance in medicine. As noted
by Haczynski and Jakimiuk (2001), vertebral fractures significantly increase mortality risks
and recurrence rates. Classifying these fractures, primarily based on vertebral height re-
duction, is challenging due to degenerative changes, leading to inconsistent annotations and
impacting neural network training. This scenario underscores the necessity of our approach,
especially when domain experts are scarce.

Our primary contribution lies in synthesizing literature insights into a practical, step-
by-step annotation guide for ambiguous real-world data. While individual annotation tech-
niques have been explored previously, our unified strategy addresses the entire annotation
process comprehensively. We aim to make this approach universally applicable to various
image classification tasks, ensuring high-quality data. Furthermore, we will release software
guidelines to assist in creating high-quality annotations following our approach.

Our second key contribution is empirically validating our strategy on a vertebral fracture
dataset (Loffler et al., 2020; Sekuboyina et al., 2021). By defining the guidelines prior to
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dataset testing, we provide an objective evaluation, underscoring the real-world applicability
of our method.

By focusing on practical applications, this work seeks to promote a data-centric per-
spective in research and application, contributing to the discourse on data quality best
practices.

2 Practical Guidelines: How to Annotate Ambiguous Data?

Before detailing our approach, it’s essential to understand why these guidelines are crucial,
especially in the context of ambiguous data. Typical labeling guidelines (Sager et al.,
2021; Chang et al., 2017) rely on definitive, hard-encoded labels and often overlook the
disagreement among annotators about a given image’s class. Such discrepancies lead to
ambiguous labels or, in broader terms, ambiguous data — a prevalent issue in numerous
real-world applications (Tarling et al., 2021; Sambyal et al., 2022; Karimi et al., 2020;
Briinger et al., 2019; Jiang et al., 2021; Zhang et al., 2023). The probability distribution of
a hard label for an image = can be represented as P(L* = -), P(L* = -) € {0,1}X, where
K is the number of classes and L*, L* are random variables mapping an image z to its
class probability. We distinguish between L® and L*, which represent the estimated and
ground-truth probability distributions for image x, respectively. The literature underlines
that a single annotation per image is inadequate for capturing data ambiguity (Uma et al.,
2021; Schmarje et al., 2022a, 2023; Davani et al., 2022; Grossmann et al., 2022; Basile et al.,
2021; Sharmanska et al., 2016), necessitating multiple annotations for high-quality data.

Davani et al. (2022) demonstrated that averaging multiple annotations to form a soft
label, as proposed in (Schmarje et al., 2022a; Hemming et al., 2018), is superior to using
a majority vote in ambiguous cases. Moreover, label smoothing, a technique that tempers
hard-coded labels with a constant factor, has been established as a method for enhanc-
ing network performance (Vaswani et al., 2017; Krothapalli and Abbott, 2020; Lukasik
et al., 2020). A soft-label probability distribution for image x can be expressed as P(L* =
3, P(L* =) e [0, 1)K,

It is crucial to recognize that ambiguous data is not merely an error, as suggested
in (Park and Chung, 2022), but a characteristic of the data itself. Such data inherently
possess uncertainty and should be treated accordingly. As such, the soft ground truth
distribution P(ﬁ’” = ) is generally unknown and can only be approximated for validating
predicted results. This approach aligns with the growing emphasis on data-centric deep
learning (Liu et al., 2021b; Jarrahi et al., 2022; Whang et al., 2023; Grossmann et al.,
2022), which prioritizes data quality over model architecture.

We present a comprehensive overview of our practical guidelines through a flowchart in
Figure 2. The guidelines encompass five main steps: defining the specifics of what, who,
and how the annotation process will be executed, the annotation process itself, and its
post-processing. The subsequent sections provide insights into the pipeline, with detailed
discussions in Appendix A and Appendix B.

1. Definition - What? This stage outlines the classification task, specifying the
classes (K) and gathering raw, unlabeled image data (X,). A crucial element is
selecting a representative subset (X,,) for annotation. The selection of X, emphasizes
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Figure 2: Flowchart with guidelines on how to annotate ambiguous data, best viewed in
color.

the importance of having an adequate sample size per class for effective training
and evaluation or considers the use of self-supervised techniques for datasets without
enough representative information. The definition of X; describes a smaller, precisely
labeled dataset for evaluating annotators and training proposal generation networks.

2. Definition - Who?
This stage focuses on identifying suitable annotators for image labeling, ranging from
individuals to crowdsourcing. It is important to train the annotators according to
the task’s specific needs and setting a quality threshold for annotations (i), typically
recommended between 60% and 80%. For classes with higher occurrence rates, a
browsing environment for annotation is advised to improve process efficiency.

3. Definition - How?
In this stage, the decision to include proposals in the annotation process is discussed.
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Proposals can accelerate annotation but may introduce bias as discussed in (Schmarje
et al., 2023). Key considerations include the acceptability of bias, the extent of
speedup (5)), and a class confusion matrix (c¢) for later processing. Proposals are
recommended if the bias is manageable and the speedup significant (typically above
a threshold of 3), otherwise, standard annotations are preferred.

4. Annotation Process
This phase involves conducting the annotations, with or without proposals. For am-
biguous data, overclustering (Schmarje et al., 2021b,a) is advised, and DC3 (Schmarje
et al., 2022b) proposals are recommended for better performance. We propose to sepa-
rate the annotations process into the number of annotations needed for early consensus
(Acons) and the total annotations for difficult cases(A°"). This separation balances
ground-truth accuracy against the effort and cost of obtaining annotations.

5. Post-Processing
The concluding phase addresses the bias potentially introduced by proposals in the
annotation process. CleverLabel (Schmarje et al., 2023), combining class blending and
bias correction, is proposed for refining the approximated distribution if proposals were
used. Even without proposals, blending the distribution with the class distribution
(¢) is recommended to enhance it.

3 Evaluation

Our objective is to address the challenges of annotating real-world application tasks, such
as classifying vertebral fractures in medical images. To demonstrate the practicality of our
proposed strategy, we apply it to the task using publicly available datasets Verse2019(Loffler
et al., 2020) and Verse2020(Sekuboyina et al., 2021).

3.1 Applying the Strategy

The Verse datasets were chosen for their reproducibility and suitability in validating our
workflow for classifying osteoporotic vertebral fractures. Following Sekuboyina et al. (2021);
LofHer et al. (2020), we focus on thoracolumbar vertebrae, the primary site for osteoporotic
fractures, as illustrated in Figure 3. Our classification approach is based on an adapted
version of the Genant semi-quantitative score (Genant et al., 1996), which categorizes frac-
tures into four classes based on the degree of height reduction in vertebrae compared to
their neighbors. However, we exclude degenerative deformities, such as minor height reduc-
tions (up to 20%), which are often indistinguishable in the given CT images due to lower
resolution compared to standard radiographs. As detailed in Figure 4, this results in a
dataset of 3,761 individual vertebrae, with a notable class imbalance skewed towards class
Z€ro.

In contrast to the original authors of the Verse2019 dataset (LofHer et al., 2020), we
employ non-medical experts for annotation and utilize 2D projections from the 3D CT
data. The rationale and specifics of this approach are elaborated in the appendix Ap-
pendix C. Further details regarding data preprocessing, annotators, annotation platform,
approximated variables, and used hyperparameters are provided in Appendix D.

ot
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Vertebrae height reduction classes Name 5 Pe  # Classes Largest Class [%] S
rade 0 (< 20%): Normal Verse (Ours) 0.1143  0.6833 4 90.11 1.1636
CIFARI0-H ~ 0.0973  0.7766 10 10.16 2.4665
CAPLIESED MiceBone  0.3636 04775 3 70.48 L4471
Plankton 0.5784  0.7368 10 30.37 1.4319
Exemplary fractures leading to height reduction Turkey 02164 0.6863 3 75.05 14877

Thoracolumbar

L“"""'[ @ g E Figure 4: Comparison of dataset-specific

Cosh focture senavmane  wessetacwe  variables with previously reported values

(Schmarje et al., 2023)
Figure 3: Ilustration of a spine and definition of
height reduction classes

3.2 Analysis

Our annotators completed over 100 iterations, half with proposals and half without. How-
ever, due to the failure of one annotator to meet the acceptance threshold p, their anno-
tations, including training iterations, were excluded, leaving us with 80 valid iterations or
about 250,000 annotations. An additional 11 iterations employed 3D data from the test
dataset for comparative analysis. The average annotation rate was calculated at 3,259.36
annotations per hour, indicating that approximately two hours are needed to complete the
3,761 annotations, accounting for technical overhead and breaks. Comparison of dataset-
specific variables with those in previous studies (Schmarje et al., 2022b) is provided in
Figure 4. 0 represents the data-specific offset when annotating with proposals as described
in (Schmarje et al., 2023) and represents how strongly annotators are influenced in their de-
cision by a proposal. 0 means no influence while 1 means following the proposal completely.
S denotes the speedup between annotating with and without proposals. p. indicates the
percentage of data with at least 95% consistent annotations. Notably, the dataset offset §
and near-consensus rate p. are similar to prior reports. We observed a larger dominant class
and a smaller speedup S in our dataset, as shown in Figure 4. This finding is theoretically
consistent with the notion that a proposal is less impactful when the majority of images
already belong to a specific class, as is the case with the high class imbalance towards class
0 in the Verse dataset. Our human annotator analysis indicated comparable quality to
original test data, with increased uncertainties in cases of challenging or incorrect majority
votes. Further details are provided in subsection E.2.

EVALUATION OF NETWORK PERFORMANCE WITH HARD LABELS

Firstly, we evaluate the performance of our approach on the originally defined test data
by (Loffler et al., 2020). Our best performing network for proposal generation achieved a
macro F1 score of 0.57. This network was a semi-supervised Mean-Teacher model (Tar-
vainen and Valpola, 2017) with overclustering and default hyperparameters from (Schmarje
et al., 2022b) and was trained on the original annotations on the subset X; as defined in
Appendix C. A standard ResNet50 model (He et al., 2016) with default hyperparameters
(details in the supplementary) and cross-entropy loss function attained a score of 0.63 if it
was trained not on our newly annotated data. This outperformed the more complex pro-
posal network and prior results by Wei et al. (2022) for non-specialized networks. Our data-
centric approach enabled these improvements without model modifications, purely based on
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Table 1: Results of KL divergence across different methods and number of annotations
— The first method follows our recommended guidelines. The next two methods utilize
proposals, while the last three do not, leading to a slower annotation time compared to
the recommendation. Therefore, when comparing, one should consider a higher number of
annotations for DC3 proposals, as they could potentially be achieved in the same or less
time. The results are presented as KL + STD (Relative Change in % compared to the
recommended method).

Method Number of Annotations

Proposal  Blending  Correction 1 3 5 10

DC3 Balanced Yes 0.4481 + 0.1957 (0.00%)  0.2425 + 0.0741 (0.00%)  0.1832 = 0.0095 (0.00%)  0.1615 % 0.0129 (0.00%)

DC3 Balanced No 1.0309 =+ 0.1750 (130.07%)  0.2704 £ 0.0760 (11.53%)  0.2105 = 0.0256 (14 0.4546 + 0.4343 (181.49%)
DC3 No Yes 17382 + 0.1553 (287.91%)  0.2499 + 0.0374 (3.08%)  0.2081 % 0.0171 (13 0.2798 + 0.1325 (73.25%)
No Only Blends No 0.2311 4 0.0224 (-48.42%)  0.2394 + 0.0930 (-1.27%)  0.1904 - 0.0209 (3.88%)  0.1644 = 0.0062 (1.79%)

No Balanced No 0.8565 & 0.4466 (91.14%)  0.1966 + 0.0245 (-18.90%)  0.1678 + 0.0224 (-8.44%)  0.1568 + 0.0165 (-2.92%)

No No No 0.5578 + 0.1259 (24.49%)  0.2451 + 0.0127 (1.10%) ~ 0.5435 & 0.4285 (196.61%)  0.1898 =+ 0.0380 (17.52%)

input data quality. Future research could explore further enhancements by incorporating
specialized loss functions and advanced backend models into our workflow.

EVALUATION OF NETWORK PERFORMANCE WITH SOFT LABELS

In Table 1, we compare the network predictions on the improved distributions with blend-
ing and correction ((P(L* = -)) against the approximated soft ground truth distribution
(P(L* = -)) using Kullback-Leibler divergence (Kullback and Leibler, 1951). Comparing
DC3 proposals with and without the proposed blending and correction steps in (Schmarje
et al., 2023), we find improved results using both methods. Therefore, we confirm the ef-
ficacy of CleverLabel (a combination of these improvements) in the post-processing phase.
Additionally, we can validate that applying balanced blending to annotations without pro-
posals enhances results. Particularly, class blending based on the majority class proved
effective for this task (Only Blends). However, the benefit diminishes with more than
five annotations, at which point it becomes less effective than our strategy’s recommended
method. In applying our proposed annotation strategy (subsection 3.1), we noted that bias
introduction was not a major concern. Yet, our results affirm that the strategy leads to op-
timal outcomes even in scenarios where bias is unacceptable. Given a speedup of about 1.2,
our flow chart would recommend to annotate without proposals, using only balanced blend-
ing, which emerged as the most effective method for multiple annotations. Theoretically,
with higher speedups, we could compare a larger number of annotations with proposals to
fewer annotations without proposals. For instance, at a decision boundary speedup of 3,
five annotations with a proposal have a lower annotation cost than three without proposal
(5 - 0.33 vs. 3) and yield a reduced KL score. Hence, our strategy recommends the correct
approach even in scenarios with higher speedups.

3.3 Limitations and Future Work

The use of a single dataset for validating our strategy may appear as a limitation, and the
reliance on existing literature could be seen as a weakness. However, we contend that these
aspects are, in fact, complementary. Our strategy, derived from a synthesis of recent re-
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search, leverages verified methodologies to ensure the validity of the overall approach, rather
than just its individual components. Moreover, all potential decision paths in the graph
were empirically tested. Thus, we believe the validation using the Verse datasets is ade-
quate, chosen for their real-world relevance and abundance of ambiguous data, necessitating
complex annotations and yielding insightful results. While the Verse datasets are smaller
and less widely used than ImageNet (Russakovsky et al., 2015) or CIFAR10 (Krizhevsky
and Hinton, 2009), their advantage lies in providing non-curated, class-distinct datasets.
Although curated datasets like ImageNet include ambiguous classes (Beyer et al., 2020;
Vasudevan et al., 2022; Peterson et al., 2019), they do not exhibit the level of noise and
ambiguity found in real-world data as demonstrated in (Schmarje et al., 2021a, 2022a). The
requirement for multiple annotations under various setups for this study necessitated over
250,000 annotations for roughly 4,000 images, making such an extensive evaluation unfea-
sible for larger datasets at present. While it is easier to annotate any classification task
with our strategy, we still need many more annotations for evaluation, and thus evaluation
is currently limited to smaller datasets. Future research aims to apply and validate this
approach on a larger scale, and we invite fellow researchers to join us in this endeavor.

4 Conclusion

This study introduces a comprehensive strategy for annotating and processing ambiguous
data, with a specific focus on vertebral fracture diagnosis. Our analysis of human anno-
tator performance underscored the efficacy of proposal-guided annotation, which not only
enhanced F1 scores but also streamlined the training process. A neural network trained on
the newly annotated data exhibited superior classification performance on the original test
set, potentially halving the Kullback-Leibler (KL) divergence score compared to our new
baseline. Through thorough evaluation across all possible scenarios, we have substantiated
the effectiveness of our strategy, rooted in literature, for this specific application. By pro-
viding practical guidelines and demonstrating their successful application in a real-world
context, this research significantly contributes to the creation of high-quality datasets and
the advancement of data-centric deep learning.

5 Reproducibility Statement

To ensure reproducibility, we have documented and made accessible all essential resources
of this study. Our source code, data processing methods, model training, and evaluation
procedures, along with a model card, are provided for transparency. We utilized the publicly
available Verse'19 (Loffler et al., 2020) and Verse’20 (Sekuboyina et al., 2021) datasets,
concentrating on thoracolumbar vertebrae for classifying osteoporotic fractures. Detailed
preprocessing instructions are included to help with data reconstruction.

The human annotation process was executed on a web-based platform, employing non-
medical expert annotators who received specific training for this task. This project entailed
over 250,000 annotations across approximately 4,000 images. To minimize variability in-
herent in human annotation, we established comprehensive guidelines and criteria for a
consistent approach.
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For model training, we adopted a semi-supervised Mean-Teacher (Tarvainen and Valpola,
2017) model with overclustering, utilizing a ResNet50 architecture. Key hyperparameters
included a learning rate of 0.03 for the proposal network and 0.1 for the evaluation network,
batch sizes of 64 and 128, and a weight decay of 0.0005. The proposal network underwent
training for approximately 600 epochs, while the evaluation network was trained for about
60 epochs.
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Life Is Not Black and White - Combining
Semi-supervised Learning With Fuzzy Labels
A concept paper

Lars Schmarje’, Reinhard Koch’

"Multimedia Information Processing Group, University of Kiel, Christian-Albrechts-Platz 4, 24118 Kiel, Germany

Abstract

The required amount of labeled data is one of the biggest issues in deep learning. Semi-Supervised
Learning can potentially solve this issue by using additional unlabeled data. However, many datasets
suffer from variability in the annotations. The aggregated labels from these annotation are not consistent
between different annotators and thus are considered fuzzy. These fuzzy labels are often not considered
by Semi-Supervised Learning. This leads either to an inferior performance or to higher initial annotation
costs in the complete machine learning development cycle. We envision the incorporation of fuzzy
labels into Semi-Supervised Learning and give a proof-of-concept of the potential lower costs and higher
consistency in the complete development cycle. As part of our concept, we discuss current limitations,
futures research opportunities and potential broad impacts.

Keywords

Semi-Supervised Learning, uncertainty, variability, fuzzy, classification, clustering, annotation, consensus

1. Introduction

Deep Learning was successfully applied to many computer vision problems over the last years.
One of the biggest issues with deep learning is the required amount of labeled data for training.
Thus, many Semi- and Self-Supervised algorithms have been proposed which can decrease the
required labeled data by using additional unlabeled data [1, 2, 3, 4, 5, 6]. These methods aim
for the clear vision that we feed the complete data into the network and additionally provide
only few labeled samples per class. This step can then be used in a general machine learning
development cycle (MLDC, Figure 1a) to reduce the annotation cost. We describe the MLDC as
a three step cycle (data collection, model training and model evaluation) based on [7].
However, this vision is missing two important facts because life is not just black and white.
Firstly, we as humans have to provide such labels. We will make mistakes and suffer from
inconsistency in the form of intra- and interobserver variability [8, 9]. This means that the
labels we provide may be wrong or even differ over time or between annotators. Secondly, in
the real-world, we often encounter an ambiguous situation where a true label is either difficult
to obtain or not existing. For example, the cross bread of two different dogs can not be classified
as one of its parents. These two issues have been summarized before as fuzzy labels [10, 4]
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and have been discussed as problematic for many Semi-Supervised Learning algorithms. The
issue of fuzzy labels is common in many life science [11, 12, 13] or medical [14] datasets. Even
in curated datasets like Imagenet [15] and CIFAR10 [16, 17] these issues can exist for example
due to correlated label noise with visual similar classes [18]. In current research, these issues
are often countered by expensive label cleaning [19] or with noise estimation [20]. We believe
these perspectives are often too narrow and lead to unnecessary prerequisites of other steps in
the MLDC and/or are expensive with regard to the required annotation time. In this paper, we
will give an alternative perspective of incorporating Semi-Supervised Learning into a MLDC
which is aware of the issue of fuzzy labels (Figure 1c).

1.1. The issue of fuzzy labels

A fuzzy label ] is a probability distribution over the classes C for an image x. A label is the
aggregation of the annotations ay, ... , g, for x. These annotations are one-hot encoded estimates
of the label I by human annotators. Fuzzy labels are aggregated annotations which are not
consistent with each other (e.g. Vi : ¢; # 1 > ;4)- For example, if you have 10 annotations and 5
annotations are for class A while the other 5 are for class B, the aggregated fuzzy label could be
0.5 for each class. If all annotations are consistent with each other, we call the label consistent.
This definition is similar to soft and hard labels. However, every hard label could also be
represented by a one-hot encoded soft-label but a label is either fuzzy or consistent. Throughout
this paper, we will call also the corresponding image x fuzzy or consistent depending on its
label. A dataset is called consistent if all images are consistent otherwise it is fuzzy.

These fuzzy labels pose two issues we need to overcome to achieve the vision of Semi-
Supervised Learning. The first issue is that we need to incorporate the knowledge about the
existence of fuzzy labels into the training. Many Semi-Supervised Learning (SSL) algorithms
assume that only consistent labels exist in their dataset. Schmarje et al. [10] showed that SLL
algorithms have a inferior performance if they do not consider the existence of fuzzy labels. An
assumption for the reason for this performance was that fuzzy images are not easily classifiable
into the existing classes and thus confuse the algorithm. The fuzzy labels can be incorporate
in the training procedure with for example S2C2 which is an extension to most existing SSL
algorithms [4]. The second issue is that most algorithms aim at good hard classifications as
output for the neural network. This hard classification makes sense for consistent labels but
does not work properly for fuzzy labels as they may have no best hard label. If we want to
integrate the output of an algorithm into a MLDC, we need to consider this. For example, it
could be necessary to resort fuzzy data either into an existing class, a new class or exclude the
data.

1.2. Concept

Our main concept is illustrated in Figure 1c. We will first repeat the issue of most Semi-
Supervised Learning (SSL) in the MLDC on uncurated data and than show the difference to our
idea.

As stated above, SSL aims at reducing the annotation cost by leveraging unlabeled data which
is often expected to be consistent or resulting in inferior performance [10]. However, if we have
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a uncurated dataset, we argue that the requirement of consistent labels is not given. It is costly
to detect these consistent labels in the given dataset and determine their label. The costs are
so high because we need to use strategies e.g. a consensus process or strict protocols like [21]
to counter intra- and interobserver variability. Moreover, we need a post-processing to decide
what we do with difficult, fuzzy images. If we have for example an image with a label of 50%
for two classes we have to select a hard label or ignore this image. After this costly dataset
cleaning, we can apply any SSL algorithm with a relative low cost (Figure 1b). The generated
predictions can than be used to annotate more data more easily. The main issue is that the
SSL algorithms expect also cleaned unlabeled data e.g. no fuzzy intermediate images between
classes as [10] hypothesises. Otherwise, some main assumptions like the separation of classes
in a higher feature space might not be valid.

We envision a machine learning cycle that includes the knowledge of fuzzy labels into the
SSL algorithm (Figure 1c). Thus, the initial annotation could then be limited to a small portion
of the data which we leverage as labeled data. No assumptions and annotations are then need
for the unlabeled data. This could for example be achieved by additional clustering of the
data or an automatic distinction between consistent and fuzzy images. A consensus step could
still be required in the MLDC to use these output predictions as additional input. But this
step could be implemented based on predictions of the network and thus make the annotation
and consensus cheaper. Overall, we expect a lower number of required annotations and thus
cost while achieving a higher consistency in the data for our envisioned development cycle in
comparison to the previous one. We give a proof-of-concept in the next section.

2. Proof-of-Concept

2.1. Dataset

We use the Mice Bone dataset proposed in [4] and show examples in Figure 1d. This dataset
consists of gray-scale images of collagen fibers of mice bone. The classification problem has
three classes: similar, dissimilar and not relevant fiber structures. We follow [4, 10] and use only
consistent images for training and validation and enforce a class balance in this data. We call
this consistent and balanced training data seed and use the rest of the data as unlabeled data.

We use two different seeds for the Mice Bone data. The first seed is based on the segmentation
masks from [22]. Due to the dimension reduction from a segmentation to a classification label
and the uncertain segmentation, the labels show high variability and only one annotation is
available. We treat all labels as consistent and this leads to an inconsistent seed. The second
seed is based on three independent annotations of each image. These annotations allow us to
estimate the fuzziness of each image and thus lead to a valid seed.

2.2. Metrics

We aim at faster and more consistent annotations throughout the complete MLDC. Every
presented experiment is executed on the same raw data with one of above-described seeds. An
experiment consists of three independent annotations of the same person over time for the
complete dataset. For ease of referencing, we view these independent annotations over time as
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Model
Training

(a) Machine Learning Develop-
ment Cycle

[t

(d) Mice Bone Example Images

Figure 1: The left image (a) illustrates a simplified machine learning development cycle. The middle (b)
and right (c) image how this process can be visualized with Semi-Supervised Learning (SSL) without and
with the consideration of fuzzy labels. The light gray circles represent unlabeled images. The colored
circles represent labeled images or the prediction of these labeled images. Dark gray circles represent
datapoints which are identified as fuzzy. The number of thunderbolts indicates the number of required
annotations by humans in each step. In the lower figure (d), we show 9 real-world Mice Bone examples
from [4]. The images of the classes similar (green) and dissimilar (orange) fiber orientations are easy to
consistently annotate. The middle images (grey) are more difficult to consistently annotate and thus are
fuzzy.

three (intra-)annotators. The annotations were either done without any additional information
or with different outputs of an SSL algorithm given as support (predictions). These support
predictions could be accepted or manually corrected. This support can also be an overclustering
of the data. An overclustering is a clustering with more cluster than used classes [10, 4]. We
give in total 6 different evaluation metrics which are either average over the three annotators
or the cross-combinations between them.

Cohen’s kappa coeflicient (k) is a statistical metric that is often used to measure the intra- and
inter-observer variability [23]. The coefficient measures the agreement between two annotators
for a classification task. Accuracy (Acc.) measures the true positives in relation to all annotations
between two annotators. F1-Score aggregate the precision and recall between the annotation
of two annotators. Total Accuracy (T.Acc.) counts the consistent annotations between all
annotators and divides them by the total number. This metric is like Acc. but not for a pair
of annotators but for all three annotators in parallel. Consistency (Cons.) divides how many
predictions were considered consistent by the total number of images. An image is consistent
with the given support predictions, if no manual correction was applied. Time is the time it
took the annotator to label the complete dataset.

2.3. Results

We discuss six different experimental setup with support predictions as proof-of-concept results
in Table 1. The first experiments used no support predictions. These results of this experiment
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Table 1

The first three rows describe the experiment in each row. An x marks the usage of a clean seed and
— means not applicable because no support predictions were used. The abbreviations for the other
columns are defined in subsection 2.2. The best result per column is marked bold.

Scores

Method for Valid Used k1 Acc. 1 F11 T.Acc. T Cons. T Time |
support predictions  Seed  Output [%] [%] [%] [%] [%] [min]
None None 7135+ 257  84.53+1.23 80.23 + 2.05 77.21 — 13.95 +2.25
FOC [10] Pn 48.14 £11.9 71.78 £ 7.37 64.48 + 8.25 59.24 65.15 9.09 + 0.57
FOC [10] Po 56.4 + 8.67 73.76 £ 5.55 68.69 + 6.54 62.85 69.66 7.08 + 0.44
S2C2 [4] X Pn 79.95 +£ 1.03 87.92 + 0.56 85.66 = 1.14 82.01 85.26 5.15 + 0.60
S2C2 [4] X Po 74.82 +£0.17 84.15 £ 0.15 83.57 £ 0.24 76.74 84.96 5.51 £ 0.32
S2C2 [4] X p&p, 8317+216 89.59+1.29 88.08+1.62 84.58 84.70 5.18 £ 0.63

were used to calculate the above-mentioned clean seed. The second and third experiments used
support predictions from the inconsistent seed with the method FOC [10]. Either a classification
head p, or an overclustering head p, was used as output resulting in a classification or over-
clustering of the data respectively. The last three experiments used a support calculated on the
clean seed with the method S2C2 [4]. As output either classification head p,, a overclustering
head p, or both heads ( p, & p,) based on the fuzziness estimation were used.

We want to highlight three important aspects. Firstly, the usage of support reduces the
required annotation time while not necessarily improving its consistency. Secondly, the consis-
tency with support is worse with an inconsistent seed and the method FOC in comparison to the
others. Due to the similar architecture of FOC and S2C2, we attribute this worse performance
rather to the inconsistent seed than to the method. Thirdly, S2C2 (with both outputs) more than
halves the required annotation time while increases almost all other metrics.

3. Discussion

3.1. Future Research

Our proof-of-concept experiments show that using the output SSL algorithms that are aware of
fuzzy labels can improve the consistency of acquired labels and reduce their annotation time.
However, this benefit is not always achieved when using network predictions which enforces
the importance of careful seed selection and/or SSL algorithm. As a first proof-of-concept,
these results lack additional experiments such as different cross-combinations and comparisons
to noise estimation and other algorithms. While these issues have to be addressed in future
research, the results illustrate the potential benefits of our concept for a MLDC that considers
fuzzy labels. Future research could also incorporate uncertainty estimates from humans and
neural network predictions into the annotation process. A promising research direction would
also be large user studies and the simulation of such studies for detailed ablations.
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3.2. Broader Impact

Semi-Supervised Learnig (SSL) aims at decreasing the required amount of labeled data to a few
samples per class. We envision a MLDC which allows us to apply SSL to most classification
problems with relatively low cost. Especially, in domains like medical imaging, the required
labeled data is a severe limiting factor. If we could resolve this issue with SSL which considers
fuzzy labels, we would open a vast variety of new research opportunities at a large scale which
is currently not feasible.

If we incorporate model predictions into our annotation process, we need to be aware that
we might suffer from a confirmation bias. In the worst cases scenario, we could create a self-
fulfilling prophecy which would lead to a degeneration of the complete MLDC. However, by
carefully monitoring our processes as part of the development cycle we can detect these issues
early. Additionally, we assume that cautiously leveraging this bias can lead to more high-quality
data which can improve future algorithms and research.

Moreover, we advocate a change of evaluation perspective. While it is important to evaluate
on highly curated datasets for algorithm development, we also have to look at the complete
MLDC. Otherwise we can not detect the issues described in this paper that fuzzy labels are a
limiting factor for applying SSL to different real-world data. We already see great benefits when
applying deep learning to other research fields but decreasing such limiting factors further can
potentially increase the impact of deep learning even more.

4. Conclusion

Semi-Supervised Learning (SSL) has great potential by solving one big issue of deep learning:
The required amount of labeled data and its cost. However, many SSL algorithms do not
take fuzzy labels into account and thus require expensive prepossessing steps of the data. By
including the knowledge of fuzzy labels into our machine learning development cycle (MLDC),
we envision that we can decrease the overall annotation time and thus its costs while achieving
a higher consistency. We give a proof-of-concept of this concept on a Mice Bone dataset with
fuzzy labels. We highlight that a lot of future research opportunities exist to validate and
improve the presented ideas. We advocate to broaden our view from the algorithm development
to the the complete MLDC to detect and overcome issues like fuzzy labels. This could spark
a variety of before-infeasible research opportunities and thus lead to new breakthroughs in
science in general.
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Abstract

High-quality labeled datasets are critical to the advances in machine learning and
tend to benefit all kinds of model-centric algorithms, such as novel architectures and
loss functions. The labeling process is usually label-intensive and time-consuming
since it includes many turns of data selection, data cleaning, and data analysis.
There are tons of work that aim to solve each specific step, but it lacks an un-
derstanding of how to combine them and, most importantly, a standard testbed
for different dataset improving techniques. We, therefore, present the concept of
a multi-domain benchmark for acquiring consistent labels with limited budgets.
In contrast to most benchmarks that encourage novel model-centric algorithms,
our multi-domain data-centric benchmark encourages algorithms to improve the
provided dataset. The proposed benchmark consists of different resolutions, class
distributions and domains ranging from biological to medical domains.

1 Introduction

Various benchmarks are used to gauge the advances in machine learning. Most benchmarks usually
introduce a set of new tasks and a corresponding fixed dataset, such as ImageNet [11]. Machine
learning researchers are encouraged to compete by devising novel algorithms on model architectures,
loss functions, optimization techniques, etc., while discouraged to improve the data, such as relabeling
the existing dataset or utilizing other in-domain datasets. Given that label errors are prevalent in
machine learning datasets [25], this constraint can lead to overfitting the label errors in the train set.
Recent work [3, 43] echo the importance of the data quality by showing that almost every model
architecture improves after cleaning the train set labels.

There are many ways to improve datasets. Many data cleaning algorithms [1, 7, 14, 6] have been
translated into tools and possibly repair errors. Removing biased [40, 23, 23, 39] or sprious correla-
tions [38] from train set is particularly important in safety-critical applications, such as health care
system. Active learning aims to sample new labeled data from the unlabeled pool [28, 12, 36] The
advances in semi-supervised learning show that adding in-domain unlabeled data increases model
performances [37] and model robustness [S]. While there are many different ways to improve datasets,
it still lacks a systematic way to combine them, and most importantly, a standard testbed for different
dataset improving techniques.

Most dataset improving techniques acquire additional human annotations, hampering direct compar-
isons between different approaches. To provide a reproducible and reliable benchmark for different
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Figure 1: Illustration of data-centric Benchmark — The input for the benchmark a set of unlabeled
images (grey dots) which are separated into training and test data. The unlabeled training data
is labeled (green block) and a classifier is trained on the labeled data (yellow block). The target
challenge is a classification of the test data with the trained model. Common benchmarks [18, 8, 17]
focus on the model training and expect the labeled data to be given. In our benchmark, we fix the
used model and focus on better data labeling e.g. by roughly labeling all samples, by detailed labeling
of few samples or removing (dashed circles) or adding training data (double stroked circles).

dataset improving approaches, we need to include the worker simulations. Worker simulation has
been widely discussed in many different domains, such as emergency and evacuation simulations [2],
competitive crowd marketplaces [29], team performance [30], etc. In this work, we take the first step
by focusing on image classification.

A major reason for label errors in image classification is the intra- and interobserver variability [27,
9,26, 16, 31, 4, 10, 32, 15]. Following previous work [21], we simulate the worker responses from
the underlying label distribution. Specifically, we model the underlying labels by assuming that
every image has an unknown soft probability distribution [ € [0, 1]* for classification task over k
classes. The assumption is motivated by two reasons. Firstly, the mislabeled images exist due to
annotators’ subjective opinions, e.g., the grade of an illness. A hard label I € {0,1}* could not
model such a difference over the complete annotator population. Secondly, if we look for examples
of biological processes, there are images of intermediate transition stages between two classes, e.g.,
the degeneration of living plankton to dead biomass.

The literature describes a variety of method to solve the classification task of images. Many of these
algorithms are non-data-centric and thus either expect high quality hard labels [37] or consider some
image as falsely classified [20]. These algorithms do not consider the unknown soft label distribution
and thus ignore valuable information in the data. A consensus processes can be used to get more
consistent labels but this requires many annotations and thus is often not viable on a large scale.
Data-centric algorithms like [31, 32] consider the soft label distribution to create proposals for more
consistent annotations e.g. by clustering visual similar images and therefore can solve the task most
likely with better and fewer labels. However, no general testbed exists to compare these algorithms
which hinders the research in this area.

As shown in Figure 1, we present the concept of a multi-domain benchmark for acquiring consistent
labels with limited budgets. In contrast to most benchmarks, our benchmark includes the worker
annotations simulations, providing participants noisy annotations at a fixed cost. The benchmark
expects a fixed number of images and labels from the data-centric algorithms. The performance is
determined by the test set performance of the neural network trained on the provided labels.

2 Benchmark

The main goal of our benchmark is acquiring consistent labels with as few annotations as possible.
The benchmark can be used to compare a wide variety of data-centric methods. With the amount of
annotation being fixed, the participants need to decide which image to annotate and how much they
trust each annotation.

In general, the described task is a two dimensional problem with regard to the quality labels and
the amount of annotations.A two-dimensional optimization is difficult to evaluate across different
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Table 1: Overview of possible usable dataset — # is an abbreviation for number. The class imbalance
is given as the percentage of the smallest and largest class with regard to the complete dataset. n is
the average of annotations per image

Name #classes Inputsize [pz] #Images Class Imbalance [%] n

Smallest ~ Largest

Plankton [31] 10 96x96 12280 4.16 30.37 24
Turkey [41] 2 96x96 8040 9.66 90.33 3
Mice Bone [34] 3 224x224 724 10.81 63.98 3
CIFAR10-H [27] 10 32x32 10000 9.88 10.16 51
= - -

- | - S

4| 4 |-

() Plankton [31] (b) CIFAR10-H [27] () Turkey [41] (d) Mice Bones [33]

Figure 2: Example images for possible datasets — The red and blue rows are examples of two
different with a high agreement between the annotators. The grey center row show images with a
high annotation variability between the red and blue class. Images taken from [32] with authors
permission.

methods and thus we decided to simplify the task by introducing an annotation budget b. An
annotation budget b € R+ describes how many annotations can be used relative to the size of the
dataset.For example a budget of 0.5 for a dataset with 1000 images means that we can use 500
annotations. However, we can decide how we distribute the annotations between the images e.g. 5
images with 100 annotations each or 100 images with 5 annotations each. An annotation a € {0, 1}*
is a hard approximation of / from a human or an oracle in an automatic environment. The annotations
can be automatically be acquired from an annotation oracle which is described in subsection 2.1.

The benchmark challenge is to relabel the data with a given budget b so that an given model ¢ could
be trained more successfully. The usage of one or few annotations will be insufficient to approximate
the unknown soft probability distribution [ in all cases. Thus the participants of the benchmark have
to decide how to use their budget. Possible decisions could be the following: labeling many images
roughly, labeling few images in detail, add or remove data points. A main goal is to identify and
relabel poor approximation of / which are misleading during the training of ® and thus improve
the final classification [32, 43]. We can evaluate the consistency of the generated labels with the x
metric [22] and the prediction accuracy of ® on the test set. We will describe suitable datasets the
benchmark in subsection 2.2.

2.1 Annotation Oracle

For the systematic evaluation of our benchmark, we need ideally the soft label distribution { for every
image and humans which provide new annotations during the relabeling. However, the soft label
distribution is unknown and including humans in an automatic benchmark is not feasible. Thus, we
need to approximate [ and provide an annotation oracle based on the approximation of /.

If we have n annotations ay, ..., a, € {0, 1}* per image, we can approximate [ with the average of
the annotations | = 15 {1,..,n} @i- We assume that for n — oo the approximation [ is identical
to [ because it represent the consensus of different annotations. The annotation oracle models the

human annotations by sampling from the approximated underlying label distributions I. We might
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need add some simple thresholds to model elements like confirmation bias if the annotation should
also consider a given proposal.

‘We are aware that this annotation oracle is a simplification of the reality and discuss possible benefits
and issues in section 3.

2.2 Datasets

The main requirement for using a dataset in the benchmark is that we have » annotations per image
with n as high as possible to approximate [ better. We focus on 2D image classification with
hundreds to thousands of images because otherwise the required annotations would not be obtainable.
Preferable we would use already existing published [27] or unpublished [32, 4, 41, 24, 35] datasets
with multiple annotations. An non-extensive overview about possible datasets is given in Table 1 and
some example images are given in Figure 2. Overall, we aim at 5 to 10 different datasets with a wide
variety. The variety should include the domains, resolutions, image modalities, number of classes,
number of approximations and class distributions.

3 Discussion

In this part, we will discuss the beneficial effects, limitations and open questions of the our benchmark.

Evaluation — The general image classification task is very flexible and can be a proxy task for
many use cases depending on the evaluation metric. For example we can use the Kullback-Leiber
divergence [19] to measure the similarity between the predicted and the approximated ground-truth
distribution [ instead of classification score like accuracy or F1-Score . This score would focus more
on understanding the underlying distribution than to focus on possibly overconfident predictions [13]
and could improve even the classification performance [42].

Simulation — A limitation of this benchmark is the simulation of human annotations. We can only
approximate the unknown distribution [ with an average over multiple annotations. The annotation
oracle uses random samples from our approximated distribution { as annotations and thus do not
consider the difference between annotators. These simplifications could lead to a simulation of
humans which is incorrect and thus would lead to ill-defined evaluations. However, this assumption is
often used in the literature [32, 31] which makes us confident that the oracle can simulate the reality
sufficiently.

Dataset Size — Moreover, we can not consider datasets with million of images because multiple
annotations for approximated distribution / would not be feasible.

Some open questions remain which need to be experimentally verified or be discussed in the commu-
nity. It is currently unclear how much improvement can be gained from only tuning the data with a
fixed model for training. It might be of interest to allow more recent models for training over time but
this would limit the comparability. If we evaluate on fixed test set we need to ensure perfect labels.
However, as we argued above we can only approximate the unknown ground-truth distribution and
this will make mistakes which leads to misleading results.

Conclusion - Overall, we believe the benchmark to beneficial for data-centric research as it considers
the complete label distribution and does not ignore several aspects. Some restrictions have to be
considered but the potential gain for machine learning research in general is invalueable.
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Beyond Hard Labels: Investigating data label distributions

Vasco Grossmann“! Lars Schmarje”' Reinhard Koch'

Abstract

High-quality data is a key aspect of modern ma-
chine learning. However, labels generated by hu-
mans suffer from issues like label noise and class
ambiguities. We raise the question of whether
hard labels are sufficient to represent the under-
lying ground truth distribution in the presence of
these inherent imprecision. Therefore, we com-
pare the disparity of learning with hard and soft
labels quantitatively and qualitatively for a syn-
thetic and a real-world dataset. We show that the
application of soft labels leads to improved per-
formance and yields a more regular structure of
the internal feature space.

1. Motivation

Modern machine learning relies on high-quality data, but
even large and manually cleaned datasets like ImageNet
contain errors and uncertainties (Yun et al., 2021; Northcutt
et al., 2021). In a model-centric view (Santarossa et al.,
2022; Damm et al., 2021), we could try to increase the
robustness of models to overcome such issues. However, in
this work, we take a data-centric perspective and investigate
the possibilities of improving data-quality (Marcu, Antonia;
Prugel-Bennett, 2021; Schmarje et al., 2021b). In machine
learning, we compare model predictions with ground-truth
labels to measure the model performance and inherently
also the data-quality. As ground-truth, we often use class
labels created by humans and indirectly expect them to be
perfect for the evaluation.

This approach has two major shortcomings: errors and un-
certainties. Firstly, when humans create labels, errors and
mistakes are unavoidable. Even extensive cleaning does not
remove all of these issues as recent works showed (Beyer
et al., 2020; Northcutt et al., 2021). Thus, we still have to
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expect incorrect labels in our ground truth data. We call
these errors noise (Li et al., 2020) and they lead to partially
false evaluation results. Secondly, the human perception
of image content can vary. Recent work (Peterson et al.,
2019; Wei et al., 2021) showed that human provide different
labels e.g., even for classifications of cats and dogs. This
uncertainty can arise from different factors like subjective
interpretations (Karimi et al., 2020), imperfect image qual-
ities (Peterson et al., 2019) or arbitrary class distinctions
(Beyer et al., 2020). We call this issue of data uncertainty
ambiguity.

In the literature, we find more robust methods (Liu et al.,
2020) or improved datasets (Beyer et al., 2020; Northcutt
et al., 2021) to resolve the issues of noise and ambiguity.
Most approaches share the common assumption that one
hard label per image as ground truth is sufficient to capture
the image information. In theory, this approach can remove
all noise in our labels with sufficient effort, but the literature
also shows that ambiguity is present in many real world
datasets (Peterson et al., 2019; Wei et al., 2021; Schmarje
et al., 2022a; Durden et al., 2016; Schmarje et al., 2022b;
2021a). Thus, we must use a consensus process or a majority
vote if we want to collapse the annotations to one hard label.
We raise the question whether such a collapse can represent
the inherent ambiguity in the images.

We investigate the label distributions of one synthetic and
one real-world dataset to answer this question. The focus
lies on the comparison between hard and soft labels as input
for the model. We evaluate the impact of these two rep-
resentations quantitatively and qualitatively for estimating
the label distribution. We discuss the implications of our
findings for future data-quality estimations.

Several comparisons on different label types have been pub-
lished. Tyrviinen showed that models trained on their own
soft-labeled CIFAR10 dataset (Peterson et al., 2019) are
more robust against adversarial attacks than models trained
on hard-labeled data (Tyrviinen, 2021). Geng et al. intro-
duced a association classification on soft labels to character-
ize their imprecisions and lead to more robust classification
results (Geng et al., 2021). A survey on classifications with
different label types is given in (Song et al., 2022).

Our main contributions are that we illustrate and discuss (1)
the negative impact on data-quality of ambiguous images
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Figure 1. T-SNE plots for the synthetic dataset using hard / soft labels — The left images show the ground truth color interpolation, while

the right images show the ground truth shape interpolation.

even without noise and (2) the insufficient representation of
hard labels for ambiguous data.

2. Method

‘We compare the effect of hard and soft labels on one syn-
thetic and one real-world dataset for image classification
using deep learning. For a classification problem with %
classes and for every image =, we use multiple human an-
notations a;(2) € {0, 1}* to create the hard and soft label.
The hard label is the (relative) majority vote across all N
annotations (I (z) = argmazy, Y n ai(x) € {0, ..., k})
and soft label is the average across all annotations (/5(z) =
& Liloailz) € [0.1]%).

As a synthetic dataset, we use red, blue and green circles or
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ellipses and their color and shape interpolations on a black
background. We generated 15,000 images and used 60%
for training, 20% for validation and 20% for testing. The
generated images are either directly one of the six classes
(40%) or an interpolation of the classes (60%). Because of
our knowledge of the used interpolation, we can estimate
the labels perfectly. This means that we do not have any
noise in our data but still have ambiguity. As a real-world
dataset, we used the MiceBone dataset from (Schmarje et al.,
2022b) but added more annotations per image for a better
label distribution estimation. We have about 15 annotations
on average per image for 7,240 images total and use the
same training, validation and test split proportions as for the
synthetic dataset. We have three classes: directed collagen
fibers, undirected collagen fibers and not relevant structures.
‘We have a class imbalance of about 70% for the non-relevant
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Figure 2. T-SNE plots for the MiceBone dataset using hard / soft labels — The different colors represent the three classes and the
interpolated color directly corresponds to the ground truth class distribution.

class and 15% for the directed and undirected fibers. We
can estimate an image label only based on the collected
annotations and therefore have noise and ambiguity in our
dataset.

‘We determined the hyperparameters like model, batch size
and learning rate heuristically across the same predefined
parameter grid. For the synthetic dataset, we used a pre-
trained DenseNet121 (Huang et al., 2017) with a batch size
of 128, a learning rate of 0.1 for 60 epochs and SGD with co-
sine learning rates (Loshchilov & Hutter, 2016) and weight
decay of 0.0005. For the MiceBone dataset, we used a pre-
trained ResNet50v2 (He et al., 2015) with a batch size of
128, a learning rate of 0.1 for 60 epochs, SGD with cosine
learning rates, warm restarts (Loshchilov & Hutter, 2016)
and weight decay of 0.001. All experiments were executed
on an RTX 3090 Ti with 24GB VRAM.

We report the macro accuracy (AC'C) and Kullback Leiber
Divergence (K L) between the model predictions and the
soft ground truth label distributions on the test set. The
macro accuracy is the per class average of true positives
divided by the samples of the class. For the synthetic dataset,
this value is equivalent to the accuracy over the complete
dataset but is more robust to the class imbalance on the
MiceBone dataset. The Kullback Leiber Divergence is an
established metric for measuring the difference between
two distributions (Murphy, 2012). This metric allows a
better insight into the difference between the ground truth
and predicted distribution, since the accuracy only looks
at the most likely class from the distribution. We report
the average and standard deviation across three randomly
generated training, validation, and test splits.

Table 1. Quantitative comparison between hard and soft labels — A

small arrow after the metrics indicates if lower or higher values are

better. The best results per metric and dataset are marked bold.
Using Hard Labels Using Soft Labels

ACCH KL Acct KL|

Synthetic  0.8247 £0.05002 04137 £0.0836  0.9096 = 0.0137  0.0394 + 0.0009

Mice Bone 06217 +0.04658 07884 +0.1089  0.6903 + 0.0669 0.2280 + 0.0227

Dataset

For the qualitative comparison, we used the internal global
average pooling (GAP) layer features of the trained models.
We calculated the T-SNE (der Maaten & Hinton, 2008) plots
by aligning their feature distances with a perplexity of 30
over 5,000 iterations.

3. Discussion

We give in Table 1 a quantitative comparison for both
datasets between using hard and soft labels. Across both
datasets and metrics, we see that soft labels result in superior
results. We see an average increase of 7-8% for AC'C, while
K L is reduced by a manifold. Due to the fact K L measures
the difference in distribution and hard labels collapse the
whole training distribution to one label, this difference can
be expected. However, the increase in AC'C indicates that
the model can also obtain better majority votes if the input
distribution contains the image ambiguity. We credit this
to the possibility of differentiating between images with a
high or low ambiguity with the same majority class. During
back propagation with hard labels, both images are enforced
to be treated equally, while with soft labels we allow a soft
distribution of the error.

Qualitative evaluations using T-SNE plots are given in Fig-
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ure 1 and Figure 2. If we compare the color interpolation
in the embedding space for the synthetic dataset, we see
smooth transitions for the hard and soft labels. However,
with the soft labels, we see six distinct clusters surround-
ing a cyclic interpolation region. This structure exactly
represents the data generation process where we generated
non-interpolated images and interpolated images. If we look
at the shape interpolations, we see that hard labels generate
more individual clusters, while soft labels have a more con-
nected interpolation space. Only with soft labels we give
the model an exact representation of the expected feature
space. With hard labels, the model must create an appropri-
ate feature space based on the majority votes. These results
indicate that the model automatically detects ambiguity in
hard labels and tries to shape the feature space accordingly.
Soft labels help structure the feature space. When we look
at the MiceBone results, we can confirm this hypothesis.
For hard labels as input, we see a feature space with clusters
of low ambiguity and interpolations for images with high
ambiguity. However, the separation and transitions are not
as clear as in the synthetic dataset. When using soft labels
as input, we see a better structure and more well-defined
transitions between the ambiguous classes.

The found results are of high importance for the data-quality
estimation. On the synthetic dataset, we do not have any
noisy and only ambiguity. Thus, we can credit the perfor-
mance difference completely to the better representation of
soft labels in contrast to hard labels. This difference can
also be confirmed on a real-world dataset. In the qualitative
analysis, we showed that soft labels help structure the inter-
nal feature space for a better representation of the expected
label distribution. If we look at our motivation, we know
that label images suffer from ambiguity and thus it also
theoretically impossible to capture this information in just
one hard label. We conclude that soft labels are potentially
more suitable representations of label distributions than hard
labels. We should further investigate soft labels and their
potential to create higher quality data. Of special interest is
the question, how to obtain such soft labels. In many cases
it is not feasible to annotate all images multiple times. Possi-
ble solutions for this issue include semi-supervised learning
approaches (Tarvainen & Valpola, 2017; Sohn et al., 2020;
Chen et al., 2020a) and proposal system (Schmarje et al.,
2021a; 2022b).

A limitation of our work is that we only used two datasets
and standard supervised learning. We must check whether
our conclusions generalize to other datasets and different
training protocols. We also neglected the issue of acquiring
the annotations for estimating soft labels. For many datasets,
it is not feasible to create multiple annotations for thousand
or even millions of images. We are confident that combina-
tions of recent developments in the field of semi-supervised
/ self-supervised learning (Chen et al., 2020b; Sohn et al.,

258

2020) and soft labels could be used to close the gap of re-
quired labeled images to the investigated fully supervised
setting.
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Artificial intelligence-driven hip fracture prediction based on pelvic radiographs exceeds
performance of DXA: the “Study of Osteoporotic Fractures” (SOF)

Timo Damm1, Lars Schmarje2, Niklas Koser1, Stefan Reinhold2, Eren Yilmaz1, Nicolai Krekiehn1, Li-
Yung Lui3, Steven R. Cummings3, Reinhard Koch2, Claus-C. Glierl

1) Section Biomedical Imaging, Intelligent Imaging Lab (lIL), Department of Radiology and
Neuroradiology, University Hospital Schleswig-Holstein (UKSH), Kiel University, Germany

2) Department of Computer Science, Multimedia Information Processing Group (MIP), Kiel University,
Germany

3) California Pacific Medical Center, San Francisco, CA, USA

Background/Aim: Prediction of hip fracture (HF) risk using automated analysis of plain radiographs
using artificial intelligence (Al) methods. Such methods could expand availability of diagnostic tests,
automate, and potentially improve the overall identification of patients at risk . Methods: In the
Study of Osteoporotic Fracture (SOF) Al methods based on deep convolutional neural networks
(DCNNs) were used to analyse digitized pelvic radiographs from visit 1. Data were split into a training
and validations dataset and an independent test dataset. In Step 1 preprocessing steps were
performed that included placement of DXA-like region of interest (ROIs) to guide the DCNNs. These
ROIs were placed automatically based on anatomical landmarks using a key-point-detector CNNs
(CenterNet). Additional quality control measures were performed. For risk classification in step 2 we
developed 3 different Al models. Two Al models were based on Resnet architecture. Resnetl
included additional image preprocessing steps while ResNet2 required only reduced-supervision
during training. The third Al model was based on DenseNet architecture. Dual X-ray Absorptionmetry
data was used as the reference standard, based on the femoral neck region (aBMD_FN). Cox
proportional hazard models incorporating aBBMD_FN or Al based risk estimates without and with age
& BMI adjustment were evaluated and compared for difference in Harrell’s C. Results: Of a total of
7964 women (age 71.615.1 at baseline) preprocessing resulted in a dataset of 6338 women for
training and validation of the DCNNs (with 924 incident HF during 14.0%6.3 years of follow-up) and of
1252 women for the test dataset (with 184 incident HF during 15.0+5.7 years of follow-up).
aBMD_FN and all of the Al predictors were significantly associated with HF incidence in univariate
and in age & BMI adjusted models (all p<0.001, table). Age & BMI adjusted DenseNet based
predictors showed significantly better predictive power than age-adjusted aBMD_FN on same
subjects (p<0.05). Future refinement options: DCNN models including the confounders, enhanced
spatial resolution and gray level depth, and complete automation of the preprocessing steps.
Conclusion: Automated Al driven analysis of pelvic radiographs based on a DenseNet model predicts
HF better than DXA based aBMD of the femoral neck. Al of plain radiography demonstrates potential
for predictive power better than DXA and high quality HF prediction at sites without access to DXA.

Table: Prediction of hip fracture

univariate age-& BMI-adjusted
Predictor sHR C-statistic| AlCc adj sHR C-statistic AlCc
aBMD FN 2.1(1.8- [.682+.020(2373.9|1.9(1.5-2.3)| .711+.020 | 2342.9
Al ResNetl 1.9(1.6- [.667+.021]|2386.1]|1.7(1.4-2.1)| .707+.020 | 2348.3
Al ResNet2 2.0(1.7- |.688+.019(2370.5|1.8(1.5-2.1) .720+.018 | 2339.1
Al DenseNet | 2.2(1.8- |.705+.019]2347.2(2.1(1.7-2.4)| .741+.018* | 2314.6
*: significantly better than age& BMI adjusted aBMD model on same subjects
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A.3.2 Opportunistic hip fracture risk prediction in Men
from X-ray: Findings from the Osteoporosis in Men
(MrOS) Study

The original paper is not openly available. This is the camera ready
version which I'm allowed to share in combination with the following
statement: “This version of the contribution has been accepted for pub-
lication, after peer review but is not the Version of Record and does
not reflect post-acceptance improvements, or any corrections. The Ver-
sion of Record is available online at ttps://doi.org/10.1007/978-3-031-16919-9_10.
Use of this Accepted Version is subject to the publisher’s Accepted
Manuscript terms of use https://www.springernature.com/gp/open-
research/policies/accepted-manuscript-terms.”
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Opportunistic hip fracture risk prediction in
Men from X-ray: Findings from the Osteoporosis
in Men (MrOS) Study

Lars Schmarjel'*[0000’0002’6945’5957], Stefan Reinholdl[0000—0003—3117—1569]7
Timo Damm?2 [[]00[]—[]002—5595—5205]7 Eric OI.WOHS[0000—0002—8520—7355]’ Claus-C.
Gliier2[00”0’00”3’3539’8955], and Reinhard Kochl[0000—0003—4398—loh.‘)]

1 MIP, Computer Science, Kiel University {las,sre,rk}@informatik.uni-kiel.de
2 MOINCC, Kiel University, Germany {timo.damm,glueer}@rad.uni-kiel.de
3 Oregon Health & Science University, United States orwoll@ohsu.edu
* Corresponding author: las@informatik.uni-kiel.de

Abstract. Osteoporosis is a common disease that increases fracture
risk. Hip fractures, especially in elderly people, lead to increased mor-
bidity, decreased quality of life and increased mortality. Being a silent
disease before fracture, osteoporosis often remains undiagnosed and un-
treated. Areal bone mineral density (aBMD) assessed by dual-energy
X-ray absorptiometry (DXA) is the gold-standard method for osteoporo-
sis diagnosis and hence also for future fracture prediction (prognostic).
However, the required special equipment is not broadly available every-
where, in particular not to patients in developing countries. We propose
a deep learning classification model (FORM) that can directly predict
hip fracture risk from either plain radiographs (X-ray) or 2D projection
images of computed tomography (CT) data. Our method is fully au-
tomated and therefore well suited for opportunistic screening settings,
identifying high risk patients in a broader population without additional
screening. FORM was trained and evaluated on X-rays and CT pro-
jections from the Osteoporosis in Men (MrOS) study. 3108 X-rays (89
incident hip fractures) or 2150 CTs (80 incident hip fractures) with a
80/20 split (training / validation) were used. We show that FORM can
correctly predict the 10-year hip fracture risk with a validation AUC of
81.44% =+ 3.11% / 81.04% =+ 5.54% (mean + STD) including additional
information like age, BMI, fall history and health background across a
5-fold cross validation on the X-ray and CT cohort, respectively. Our ap-
proach significantly (p < 0.01) outperforms previous methods like Cox
Proportional-Hazards Model and FRAX with 70.19 + 6.58 and 74.72 +
7.21 respectively on the X-ray cohort. Our model outperform on both co-
horts hip aBMD based predictions (validation AUC 82.67% + 0.21% vs.
71.82% + 0.50% and 78.41% =+ 0.33 vs. 76.55% =+ 0.89%). We are confi-
dent that FORM can contribute on improving osteoporosis diagnosis at
an early stage.

Keywords: fracture risk prediction - osteoporosis - opportunistic screen-
ing
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2 L. Schmarje et al.
1 Introduction

Osteoporosis is a wide-spread systemic disease that leads to deterioration of bone
mass and micro structure and subsequently to decreased bone strength inducing
an increased fracture risk [23]. According to the United States Preventive Ser-
vices Task Force, the lifetime risk of an osteoporotic fracture is about 50% in
women and about 20% - 25% in men [34,22]. While osteoporosis affects all bones,
fractures of the spine and hip are the most frequent. Especially hip fractures lead
to increased morbidity, decreased quality of life and increased mortality — 20%
of osteoporotic hip fractures lead to death within six month[7]. Being a silent dis-
ease before fracture, osteoporosis often remains undiagnosed and consequently
untreated. Especially in men, only about 2% are diagnosed before fracture [22].

The gold-standard method for osteoporosis diagnosis is based on areal bone
mineral density (aBMD) assessed by dual-energy X-ray absorptiometry (DXA).
This modality is in general broadly available to patients in many countries world-
wide - with some degree of uneven distribution among industrial nations. In
developing countries in African and South America and the Middle East, the
availability is poor [17,11]. More elaborate methods like volumetric bone min-
eral density (VBMD) assessed by quantitative computed tomography (QCT)
or finite element modeling (FEM) of bone strength, either based on QCT or
DXA, have shown to be superior to standard aBMD [39,20,29,35,2]. However,
all these method either require special equipment, protocols or domain experts
and the prognosis of osteoporotic fractures is an even more challenging and
labor-intensive task.

In this paper, we focus on fracture prognosis in an opportunistic screening sce-
nario: whenever radiographic imaging is available an automated method inspects
the image for indicators of possible future fractures. Patients with high fracture
risk could be advised to see a specialist to confirm the risk and possibly initiate
preventive actions. Due to their outstanding capacity to learn task-relevant im-
age features such methods - in particular convolutional neural networks (CNN) —
have outperformed “classical” machine learning algorithms in many image analy-
sis tasks[31,25,24,27,10,26]. We predict the risk of future fractures (prognostics),
in contrast to detecting acute osteoporosis or incident fractures (diagnostics).

The goal is to develop a pipeline that can be used for opportunistic screen-
ing and hence beneficially leverage additional risk factors. For this purpose we
propose a two-stage deep learning based classification method that is able to
predict the 10-year fracture risk using only X-ray or CT scans and optionally
case history as inputs. We train and evaluate our method on a dataset from the
Osteoporotic Fractures in Men (MrOS?) study. We restrict our main evaluation
to information (e.g. age, weight, height, etc.) that would be collectible in this
setting; other information (e.g. aBMD) is only included for comparison.

Our key contributions are: (1) a fully automated system that can be
used in an prognostic opportunistic screening scenario, (2) val AUC results of
81.44% and 81.04% on the X-ray and CT cohort respectively. (3) we signifi-

4 The Osteoporotic Fractures in Men (MrOS) Study: https://mrosonline.ucsf .edu
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Fig. 1: Tllustration®of proposed pipeline. (a) Inputs and pipeline stages: prepro-
cessing, feature extraction and risk estimation. (b) Detailed view of models in
(a) (yellow, green). Parameter of fully connected (FC) layers: number of hidden
neurons. Further information can be found in section 2.

cantly outperform previous methods like Cox Proportional-Hazards Model and
FRAX" in the opportunistic use case and achieve improved or competitive results
for non-opportunistic settings, (4) beneficial integration of clinical risk factors
with image based features into a deep learning pipeline.

1.1 Related Work

In the past numerous risk factors for osteoporotic fractures were identified.
Among them are increased age, low body mass index (BMI), previous fragility
fractures, smoking or alcohol intake. While aBMD alone has shown to be a
not sufficiently sensitive predictor for screening applications[18], the combina-
tion with other risk factors (RF) is more promising. In [28] Schousboe et al.
found that additional RF are better than a model using only aBMD and age for
vertebrae fracture prediction. Elaborate statistical shape and density modeling
based on volumetric QCT data has proven to be superior to DXA based aBMD
models[3] for hip fracture prognosis. Hippisley-Cox et al. proposed the QFrac-
tureScores algorithm [13] to predict the 10-year fracture risk. FRAX' [18] is a
fracture risk assessment tool that uses various RF with or without additional
aBMD measurements to predict a 10-year fracture risk. The National Osteo-
porosis Foundation included FRAX" in its guidelines to recommend aBMD mea-
surements or even treatment based on predicted fracture risk[36]. Su et al. [32]
used classification and regression trees (CART) on common RF to predict frac-
ture risk on the MrOS data and found a slight improvement over FRAX" based
predictions. Treece et al. [33] used cortical bone mapping (CBM) to predict os-
teoporotic fractures in the MrOS study. They found that adding CBM to aBMD
can improve fracture prognosis performance. Most of these methods do, however,
require special protocols, modalities or in-depth interviews of the patient that
might not be applicable to an opportunistic screening setting.

In [21], Pickhardt et al. were able to discriminate manually between patients
with osteoporosis and with normal BMD using opportunistic abdomen CTs.
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Recently, several related deep learning based approaches for semi-automated os-
teoporosis diagnosis have been presented. Ho et al. [14] and Hsieh et al. [15]
used a deep learning architecture to predict DXA based aBMD from hip X-ray.
Other works like [16] or [38] detect osteoporosis directly from image features
of X-ray using end-to-end classification networks. They achieve high classifica-
tion performance (AUC > 0.9) which could even be slightly improved [38] by
incorporating clinical risk factors (AUC > 0.92). However, this diagnosis task it
not comparable to the prognosis task that we target in our work. For progno-
sis, Hsieh et al. [15] used their predicted aBMD as input to FRAX to predict
a 10-year fracture risk. However, since the performance of this combination is
limited by the performance of DXA-based aBMD, they were unable to achieve
any improvement over baseline FRAX" + (DXA-based) aBMD.

Recently, Damm et al. proposed a fully automatic deep learning method to
predict hip fractures in women using X-rays from the Study of Osteoporotic
Fractures (SOF)[6]. They showed that deep learning based methods are able
to improve the prognostic performance of classical aBMD based models while
maintaining a high degree of automation. However, they did not investigate
additional risk factors and other image modalities as input such as CT.

2 Method

We propose an automatic image processing pipeline for the prediction of Future
Osteoporotic Fractures Risk in Men for Hips (FORM). The pipeline consists of
a preprocessing, a feature extraction and a risk estimation stage for each patient
. An overview is given in Figure la.

2.1 Preprocessing

The proposed method should be able to process 2D X-rays as well as 3D CT
scans. To share both architecture and hyperparameters for both input modalities,
we compute 2D projections from the 3D CT scans. This way, however, most
of the 3D structural information from the CT scans is lost. To fully exploit
the 3D information, a native 3D CNN could have been used, but this would
have resulted in a much larger memory footprint and thus higher hardware
requirements. Therefore, in this work, we have focused at first on confirming the
usefulness of CT image data for predicting future fractures. In the following, the
CT projections will be referred to simply as CT.

A Hough transform is used to detect the QCT calibration phantom that is
present in all scans in order to remove it and the underlying table from the
image”. Since the phantom is always located beneath the patient, the scans

§ The Study of Osteoporotic Fractures (SOF:) https://sofonline.ucsf.edu

6 Example image and key points only for illustrative purpose; image source https:
//radiopaedia.org/cases/normal-hip-x-rays

" In the MrOS study, the phantoms are used to calibrate HU to BMD. In this work
no BMD calibration is performed for a more realistic opportunistic screening setting
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can easily be cropped to exclude the phantom and the table. The cropped 3D
scans are then projected onto the coronal plane and re-scaled by a constant
value to achieve pixel value range of [0, 1]. We also investigated a re-scaling per
patient to investigate the influence of the scanner HU calibration; results on
these normalized CTs (CTN) are reported in the supplement.

CT projections and X-ray images I(z) were split into two halves depicting the
right and the left hip, respectively; images of the left hip were vertically flipped.
A key point detection CNN inspired by [6] were used to detect 12 key points
located around the femur. The key point detector was trained jointly on 1797 X-
ray images and 208 CT projections (104 CT, 104 CTN) with manually annotated
key point positions. The key point CNN classifies the image halves into three
classes: complete (full proximal femur is visible), incomplete (proximal femur
not completely visible) and implant. A selection of key points is used to crop
the image to the proximal femur region (including the trochanter minor and
the femoral head). This automatic selection of the region of interest leads to
a more suitable input size for the neural networks without any loss of quality.
These cropped images G(z) are included in the dataset if the predicted class is
complete with a confidence above 0.01 (X-ray) or 0.2 (CT).

The risk factors (RF) are additional information about the patient which
might improve the hip fracture risk prediction. As we are not interested on the
impact of a single risk factor, but rather whether the information is helpful
in combination with image data, we grouped the RF for better referencing:
Base, Multiple, aBMD, FRAX and TBS[30]. The details are summarized in
the supplementary. The Base group contains basic patient information like age
and BMI. The Multiple group extends base and adds additional information from
the case history and health background. This information might not be present in
clinical routine but could be acquired from every patient via a questionaire (non-
densitometric). The other groups consists of other well-known risk factors, also
including densitometry. For densitometry, additional imaging and evaluation is
required and thus is not suitable for opportunistic screening. We included these
risk factors as a comparison. 52 patients were excluded from the dataset due to
missing data for at least one risk factor.

2.2 Feature Extraction

We train a CNN as a Feature Extractor with output 7/(z) on the cropped femur
images G(z) and extract the predicted Global Average Pooling (GAP) Features
of the network. These GAP features Ig(z) € R?%® are used as input for the
next pipeline stage. For the training of the CNN, a ground truth label F,(x)
is needed indicating whether the patient 2 will fracture by time horizon ¢ (e.g.
10 years) or not. All patients with unknown fracture status, e.g., due to death
before time horizon ¢, were excluded from the dataset. This renders all predicted
risks conditional on the patient survival to time horizon ¢. This is acceptable for
an opportunistic screening because we need to screen all patients regardless of
whether or not they would survive to ¢[4] but might introduce a bias. FORM has
a ResNet50v2 [12] backbone pretrained on ImageNet[19] with three additional
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layers depicted in Figure 1b. Data was augmented with random flips, zooms and
color changes; classes were weighted. Input image dimensions were 96x96 (CT)
or 224x244 (X-ray) pixels. Training was performed for 50 epochs, a batch size
of 36, learning rate of 10~%, dropout (0.5)%. A cross-entropy loss was used and
input samples were weighted based on their class distribution. GAP features
G(x) were extracted after early stopping (see subsection 3.1 for details about
the metrics).

2.3 Risk Estimation

For the risk estimation r(z), we train a multi layer perceptron (MLP) to predict
hip fractures up to the horizon ¢ with the target Fi(z). Its input can be varied:
GAP-Features I¢(z), RF Ig(z) or both. Categorical data is one hot encoded
and concatenated with normalized continuous data into the input vector Ig(z).
Using many RF together with the high-dimensional GAP features might make
the model more prone to overfitting because individual datapoints become more
distinct [9,1]. This is counteracted by a high dropout rate. To prevent imbalanc-
ing between I(z) and Ig(z) due to high dimensional differences (e.g. 2048 vs.
4) an MLP with 128 and s- & hidden nodes is used to reduce the dimension of the
GAP features before concatenation. Here k is the dimension of Ip(z) and s is a
scaling hyperparameter set to 5. Hyperparameters are mostly shared in Feature
Extraction and Risk Estimation and the differences are illustrated in Figure 1b.
An ablation study to inspect the impact of the hyperparameters is included in
the supplementary material and discussed in subsection 3.3.

3 Evaluation

3.1 Datasets and Baseline Methods

For training and evaluation, we used the dataset from the Osteoporosis in Men
(MrOS) study. Patients were followed for more than 10 years. We used the first
hip fracture that occurred after the baseline visit as our primary outcome. A
detailed overview of the datasets statistics for the X-ray and the CT cohort
in comparison to the complete study population can be found in Table 1. The
number of included patients n is decreased by about one third of the overall
number of patients with available image data due to censoring and excluded im-
age halves (e.g. due to implants). During a 5 / 10 year follow-up 1.45% and 3% of
the men suffered a hip fracture, respectively. This low number of cases limits the
generalizability but it is possible to identify trends which repeat across different
modalities, horizons and settings. Therefore, we use the same training validation
split based on the patient IDs across all experiments for the respective cohorts.
We used area under the receiver-operator curve (AUC) as the main metric. A

& Implemented in Tensorflow 2.4, source code will be release on publication, experi-
ments executed on Nvidia RTX 3090, inference < 1 second per image
8 https://mrosonline.ucsf.edu, Update august 2021
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Table 1: Statistics for three different cohorts (all, CT or X-Ray data available).
For each cohort we give the statistics for the complete cohort and with respect to
the hip fracture horizon with (w) and without (w/o) fracture (fx). n represents
the number of samples. Age is given as relative percentage for a specific range
from n. Training / Validation refer to the number of used images in the respective
sets in the first fold. - means that no data was used for training or validation.
All other risk factors are given as mean (STD in brackets).

Cohort All Cohort CT Cohort X-Ray

t = 10 year t = 10 year t =5 year t = 10 year
all  wjofx wix all  w/ofx wix w/ofx wix o al w fx

n 5994 4004 185 3165 2150 80 2198 32 3895 89
64-69 2051 3669 1027 30.74 37.86 1625 3744 1250 3299 15.73
g ) 10T 2850 3187 1622 2844 3200 1500 3L7L  9.38 3040 19.10
75-79 2411 2198 3351 2370 2144  37.50 2184  34.38  23.90 39.33
80+ 17.88 947 4000 17.12 870 3125 9.0l 4375 1271 25.84
Height [m] 174 175 173 174 175 174 175 172 174 1.74
(0.07) (0.07) (0.06) (0.07) (0.07) (0.06) (0.07) (0.06) (0.07) (0.07) (0.06)
BMI [24] 2590 2600 25.11 2580 25.8) 2477 25.86 24.68 2586  25.00 24.86
(3.65) (351) (3.63) (3.60) (3.48) (3.38) (349) (3.02) (357) (3.48) (3.65)
Femoral aBMD 078 079 066 078 079 065 079 062 079 079  0.68
(522 (0.13)  (0.13) (0.11) (0.13) (0.13) (0.08) (0.13) (0.08) (0.13) (0.12) (0.10)
Spine aBMD 107 107 101 107 106 100 106 107 107 100
(2] (0.19)  (0.18) (0.19) (0.19) (0.18) (0.16) (0.18) (0.18)  (0.18)  (0.20)
ins 123 123 119 123 124 120 124 124 124 119
X T (0.13) (0.13) (0.13) (0.13) (0.12) (0.12) (0.12) (0.12) (012) (0.12)
FRAX' %) 414 314 704 401 304 629 307 354 307 576

(439)  (307) (5.67) (4.28) (293) (5.85) (2.94) (3.56)  (2.89) (4.87)

FRAX (w.aBMD)  4.45 3.38 10.86 4.33 3.35 10.47 3.45 3.85 3.34 9.41

%] (5.54)  (4.04) (9.09) (5.41) (3.95) (8.92) (4.12) (9.41) (474) (3.95) (8.56)
Training - - - - 3403 128 3478 53 - 4353 107
Validation - - - - 790 27 810 7 - 1086 35

5-fold cross-validation was used to ascertain the validity of the comparison with
the established baselines; across folds validation means and standard deviations
(STD) are reported. To ensure reproducibilty training was repeated 10 times for
deep learning models. In the ablation studies, we analyzed only one fold across
10 repetitions and report means with their standard errors (SE). A two-sided
Welch-Test[37] was used to compare the calculated means.

As baselines a Cox Proportional-Hazards Model (Cox) [5] and FRAX was
used. For the Cox model the same input as to our model FORM was used.
However, the low variance of the high dimensional GAP features lead to a nu-
merical degeneration of the Cox model. This was circumvented by performing a
dimensionality reduction using Principal Component Analysis (PCA) [8] of the
GAP feature space. The Cox model was fitted on the training data and used for
prediction on the validation data. Best performing number of PCA components
are reported based on the validation set.

3.2 Results

The proposed method (FORM), a Cox Proportional-Hazards Model (Cox) and
FRAX are compared using a five-fold cross-validation analysis in Table 2. It
can be seen, that the proposed method outperforms Cox and FRAX  on both
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Table 2: Cross-validation results (mean val. AUC £+ STD) — columns: different
methods / inputs; rows: cohort. Bold: results within a one percent margin of the
best for each cohort.

FORM Cox FRAX
Cohort GAP GAP + Base  GAP + Multiple GAP GAP + Base GAP + Multiple
X-Ray 8157 + 3.13 81.09 + 3.18  81.44 + 3.11  61.14 £ 16.80 70.26 + 5.71 70.19 + 6.58 T4T2 £ 721
cT 77.53 £ 581 80.66 £ 3.75 81.04 + 5.54 67.56 & 23.97  73.69 £ 9.22 75.35 £ 9.11 T4.74 £ 5.70

Table 3: Comparison fracture risk prediction — columns: different inputs which
were used to train FORM; rows: different cohorts. All scores are given as mean
val AUC =+ SE. Significant differences between the first and the other columns
are marked italic (p < 0.05) or bold (p < 0.01). { input not used for FORM
Cohort  GAP + Multiple | Base Multiple GAP GAP + Base | FRAX {

X-Ray 78.41 £ 0.33 66.38 = 1.76 69.67 = 0.99 77.2/ £ 0.30 77.81 = 0.38 7743
CcT 82.67 = 0.21 60.89 + 0.73 67.03 + 0.93 82.58 + 0.21  82.48 + 0.24 75.94

(a) Non-densitometric Settings

Cohort  GAP + Multiple | aBMD + Base FRAX + aBMD + Base  TBS + Base | FRAX + aBMDf

X-Ray 78.41 £ 0.33 76.55 + 0.89 81.50 + 0.83 72.66 + 1.34 80.92
cT 82.67 + 0.21 71.82 + 0.50 81.08 + 0.34 71.56 + 0.39 79.19

(b) Densitometric Settings

cohorts by around 6%. In general, using more risk factors in the GAP feature
input improves the prediction; this benefit is slightly higher on the CT cohort.
Especially for Cox, a high variance without risk factors can be observed which
can be credited to one or two folds with significant lower performance (e.g.
around 35% on one fold for the X-ray Cohort). On one fold the power to predict
hip fractures were analyzed further by adding comparisons without GAP features
and evaluations including densitometric inputs variables in Table 3. Across both
cohorts, a significant improvement of around 20% to only using the risk factors
group Base or Multiple can be seen. Moreover, a significant improvement of up
to one percent is achieved when adding information about risk factors on X-
ray and the vanilla FRAX is worse for both cohorts. Overall the image-based
result are all similar and within a range of around three percent of 80%. For the
densitometric settings, only the usage of Base risk factors is reported, because
further information did not improve the results. In the comparison of the best
non-densitometric model, with densitometric settings FORM still outperform
most risk factors or the vanilla FRAX  +aBMD predictor. Only X-ray based
imaging is up to three percent worse than FRAX  based predictions. We see an
improvement of using the FRAX" +Base as input to FORM in comparison to the
vanilla FRAX" predictor. Further results and ablations are in the supplementary.
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3.3 Discussion

We conclude three major results: (1) FORM outperforms Cox and FRAX on
two image cohorts and performs similarly or better even if we include densito-
metric inputs as comparison, (2) only image information can be used for fracture
risk prediction but additional risk factors can help the risk estimation and (3)
FORM can leverage the combined information of image information and risk
factors better than Cox. Across all experiments FORM outperforms the other
non-densitometric models. Only the densitometric FRAX predictor (including
aBMD) performs better on the X-ray cohort than FORM. However, our models
do not require additional imaging with DXA. Future research could highlight im-
portant image regions for the risk estimation or the importance of additional risk
factors which could improve the interpretability and therefore the acceptance of
the system in clinical routine. For Cox and FORM in Table 2, it can be seen that
a fracture risk estimation only based on image information is possible and even
outperforms predictions only based on risk factors in Table 3. Using additional
risk factors as input can improve the results significantly by up to four percent.
This shows that risk factors are a valid source for additional information but also
that a majority of the information is already encoded in a patient’s X-ray or CT.
The Cox model performs in the best case similar or worse than FRAX" but is
outperformed by FORM. While FRAX" might use other input variables, the Cox
model is trained with the same inputs as FORM. We conclude that our model
can learn from the high dimensional data better than Cox due to two reason:
The Cox model required preprocessed inputs via PCA to prevent degeneration.
The overfitting prevents adding more than one or two PCA components as in-
put. In subsection 2.2, we explained that patients were excluded due to early
death. The censored patients cannot be directly evaluated, but their subgroup
which survived for at least the first 5 years without a fracture. The number of
false positive predicted patients across 20 repetitions are 3.63% + 0.51% SE
and 5.01% =+ 0.80% SE for the validation and censored subset, respectively. We
conclude that our model is performing at least plausible on this subset.

3.4 Limitations and Future Work

This study is based solely on the MrOS dataset, which consists only of men and
contains an expected low number of incident (future) fractures. The identified
trends are supported across different cohorts and settings but have to be con-
firmed on other studies. This study can only analyze the benefits of image data
for opportunistic screening in a proof-of-concept fashion, since the strict imaging
protocols were imposed for the study. A long term study in clinical routine is re-
quired to evaluate the practicability and questions about sensitivity / specificity
calibration.

3.5 Conclusion

We have shown that X-ray and CT data can be automatically analyzed and
processed by our method FORM for opportunistic hip fracture prognosis. We
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achieved a mean validation AUC of greater than 80% for 10-year hip fracture
risk in a five-fold cross-validation in both cohorts based on radiographic and CT
data. This is signifcantly better than previous methods like Cox or FRAX" on
the same or comparable input. Even in most cases, with additional densitometric
RF, our method is signficantly better. Overall, we are confident that our method
FORM and image input in general are promising candidates for improving the
identification of men at high risk of future osteoporotic hip fractures.

Acknowledgements We acknowledge funding of Lars Schmarje and Stefan Rein-
hold by the ARTEMIS project (grant no. 01EC1908E) funded by the Federal
Ministry of Education and Research (BMBF), Germany.
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Pulling while jidging?
Veranderte Beurteilung von Fotos zu

Pickverletzungen bei Puten durch Wiederholungen

.
Nina Volkmann'2, Lars Schmarje?, Reinhard Koch? und Nicole Kemper? _=WI n

!Wissenschaft und Innovation fiir Nachhaltige Gefliigelwirtschaft (WING) ung Tierarztliche Hochschule Hannover
Institut firr Tierhygiene, Tierschutz und Nutztierethologie (ITTN), Stiftung Tierarztiche Hochschule Hannover Wissenschaft und Innovation
*Institut fur Informatik, Christian-Albrecht iversitat zu Kiel fiir Nachhaltige Gefligelwirtschaft

Fragestellungen

+ Neigen Beobachter dazu, bei einer wiederholten Betrachtung von potentiellen Pickverletzungen,
ihre Beurteilung zu andern?

« Tritt ein solcher (“Gewdhnungs-") Effekt bei verschiedenen Beobachtern gleichermaf3en auf?

« Bearbeitet im Rahmen einer Forschungsarbeit zu verschiedenen Annotationstypen
(Schmarje et al., 2022)

Tiere, Material und Methoden

« Ausschnitte von Bildaufnahmen, erstellt unter « Bewertung durch drei Beobachter:
Praxisbedingungen in einem Putenstall + OBS1 = Person thematisch erfahren bzgl. Pick-
« Bildausschnitte zur Bewertung auf Web-Server verletzungen bei Puten
(Abb. 1) » OBS2 und OBS3 = Studenten der Informatik

+ Beurteilung von Annotationssets mit insgesamt 2.076
Bildausschnitten, aus drei einzelnen Arbeitspaketen
(804/636/636 Bilder)

+ OBS1 und OBS2 bewerteten die Annotationssets je dreimal,
OBS3 sechsmal

+ Klassifizierung der Bilder:

« Kopfverletzung, Verletzung des Gefieders oder
keine Verletzung

« Auswertung des prozentualen Anteils der Klassifizierung in
zeitlicher Abfolge der Beobachtungen

Abbildung 1: Screenshot des Web-Servers, auf dem die Bildausschnitte
zur Bewertung zur Verfiigung gestellt wurden.

Ergebnisse

+ OBS1[@]:
* 60% Gefiederverletzung

« 12% Kopfverletzung ¥

+ 28% keine Verletzung || .
+ OBS2 und OBS3 [2]: ¥ il -

« 70% Gefiederverletzung i : II I -

+ 13% Kopfverletzung ' :

« 17% keine Verletzung
< bei wiederholter Bewertung stieg Anteil der Bilder, Abbildung 2 a-c:
klassifiziert als ,keine Verletzung“ (Abb. 2 a-c) Prozentualer Anteil von Bildausschnitten, die von
«  Effekt am deutlichsten bei OBS1 bei 3 den Beobachtern (OBS1, OBS2, OBS3) mit keine
. . ! o 1 Verletzung* bewertet wurden. Die Arbeitspakete d
Wiederholung durchschnittlich > 5% der Bilder Ai’niéfg%ss:ff' e(sv: ' eln.a) © Wijleipa Tesveﬁsr

zusétzlich als ,keine Verletzung” gewertet ; |I || | ||| ||| ||| w1 nacheinander beurteilt.

Rickschlisse

« wiederholte Durchfiihrung von Bewertungen kann zu veranderten Urteilen filhren (,Abstumpfung“?)
« auch andere Bgi§turen/Klassifizierungen eventuell nicht frei von Effekten wie Gewdhnung, Zeit, Midigkeit oder Abnutzung
Weiterer Klarungsbedarf:

Kénnen unbedarfte, fachfremde Beobachter objektiver beurteilen?

Ab welcher Anzahl von Bildern findet eine solche ,Abstumpfung* statt?

Wir bedanken uns bei J. Krambeck, E. Ustalar und R. Lange fii ihre Unterstitzung bei der Annotation der vielen Bilder. Lars Schmarje wurde unterstitzt durch das ARTEMIS-Projekt gefordert vom fiir Bildung und
Forschung (BMBF, Deutschiand)

Schmarie, L., Grossmann, V., Zelenka, C., Dippel, S., Kiko, R., Oszust, M., Pastell, M., Stracke, J.,Valros, A., Volkmann, N., Koch, R. (2022). Is one annotation enough? A data-centric image classification benchmark for noisy and ambiguous label estimation. arXiv
preprint arXiv:2207.06214.
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