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Abstract

This paper presents a learning-based control framework for fast (< 1.5 s) and accurate manipulation of a flexible object,
i.e., whip targeting. The framework consists of a motion planner learned or optimized by an algorithm, Online Impedance
Adaptation Control (OIAC), a sim2real mechanism, and a visual feedback component. The experimental results show that a
soft actor-critic algorithm outperforms three Deep Reinforcement Learning (DRL), a nonlinear optimization, and a genetic
algorithm in learning generalization of motion planning. It can greatly reduce average learning trials (to < 20% of others)
and maximize average rewards (to > 3 times of others). Besides, motion tracking errors are greatly reduced to 13.29% and
22.36% of constant impedance control by the OIAC of the proposed framework. In addition, the trajectory similarity between
simulated and physical whips is 89.09%. The presented framework provides a new method integrating data-driven and
physics-based algorithms for controlling fast and accurate arm manipulation of a flexible object.

Keywords Deep reinforcement learning - Deformable object manipulation - Variable impedance control - Sim2real - Visual

tracking

1 Introduction

Humans and animals exhibit remarkable skills in manipulat-
ing tools and their bodies, such as striking whips or tails to
accurately hit targets less than 1.5 s. These rapid and precise
movements with complex dynamics are not fully understood.
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Deciphering these dynamics can not only advance robotic
arm control, but also offer new insights into the mechanisms
behind fast, accurate movement control.

Biologically, the manipulation of elongated structures like
arms, tails, or objects is common. These systems typically
consist of many flexibly connected segments, often powered
by muscles, as seen in snake bodies [1], reptile and mammal
tails [2, 3], and the legs of harvestmen [4]. Research such as
that whip and hand movements had been investigated and
analyzed in arm targeting [5], yet the intricacies of motion
planning and muscle-mimicking control are still largely
unexplored.

In robotics, manipulating flexible objects represents a
significant challenge due to computational and dynamic
complexities introduced by their high flexibility. While most
research has concentrated on slower, general manipulations,
like folding laundry [6], setting tablecloths [7], and perform-
ing surgical operations [8, 9], few studies have addressed
fast, goal-directed control with flexible objects [10-12]. Fur-
thermore, these studies have largely overlooked the potential
of reinforcement learning and optimization algorithms.

Our work contributes to the State-Of-The-Art (SOTA)
by merging data-driven and physics-based algorithms to
facilitate fast and accurate movement control. It reviews and
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Table 1 Comparison between our proposed and SOTA methods

Method Ours Zhang et al. Nah et al. Zimmermann et al. Chi et al.
Year 2023 2021 2020 2021 2023
DoFs! 2 6 2 7 22
Whip targeting v X v v v
> v X X X X
DRL v x X X X
NLO? v X X X X
GA* v v v v v
Visuomotor control ' ' b3 X v
Real robot v v X v v
DoFs Degrees of Freedom

Only two DoFs of a UR robot were controlled
NLO Non-Linear Optimization
GA Genetic Algorithm

compares existing works on targeted robotic manipulation
of flexible objects (see below), with a particular focus on
the control of a 2-jointed arm manipulating a flexible whip.
While this research specifically addresses whip manipula-
tion, the proposed control framework is versatile enough
to be applied to end-effector space control of robots with a
high degree of freedom, broadening our understanding and
capabilities in both biological and robotic domains of fast,
accurate manipulation.

The research in robotic manipulation of deformable
objects focuses mainly on slow control tasks such as folding
cloth and surgery operations [8, 9]. In this paper, we focus
on fast and accurate whip targeting. “Accurate” means that
a human arm is controlled for striking a whip tip to hit a
target in space, rather than other parts of a whip. The related
SOTA works of manipulating flexible objects (e.g., cables)
to hit targets are introduced as follows and compared to our
proposed framework (see Table 1). A self-supervised learn-
ing framework was proposed for a robot arm to manipulate
cables to knock cups [10]. Their method is based on the
use of iteration learning with a convolutional neural net-
work. Moreover, the movement is not accurate and fast (<
1.5 s) targeting, since the manipulated cable tip was fixed to
a wall. To achieve whip targeting, a simple (non-learning)
control framework based on dynamic primitives was pre-
sented, in which a DIRECT global method was applied to
optimize joint motion parameters (e.g., duration) with con-
stant impedance control [13]. The framework was validated
only in a simulated robot arm. Besides, there is no investiga-
tion into motion learning and adaptation. A batch Newton
method and differential dynamic programming were com-
pared in robotic trajectory optimization of manipulating a
soft rod to hit wooden blocks [14]. The rod flexibility is not
comparable to a whip used for accurate and fast targeting. In
addition, their trajectory optimization methods are based on
predefined wooden block positions, rather than visual feed-
back. They were not compared with learning approaches,
e.g., reinforcement learning [15]. Their optimization meth-
ods only fit to the fixed targets and one of them can not reach
convergence. The iterative residual policy, a general learning
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framework was proposed for controlling two joints (of a URS
robot) to manipulate ropes to hit targets [11]. However, the
framework was validated with prior constraint knowledge in
physical robot whipping, since learning converges only after
three iterations in some experimental scenarios. Moreover,
the framework is not data-efficient in simulated whipping
control, since it heavily depends on big training datasets,
i.e., 54 million trajectories. Furthermore, the learned motion
trajectories may fall into local optimality, because a sim-
ple (greedy) motion update rule was adopted. In addition to
control, how to bridge the gap between simulated and real
robot whip targeting remains an open issue in deformable
object manipulation [16]. This is because training learning-
based controllers is effortfully costly in real, and distorted in
simulated modeling of flexible objects. Sim2real of robotic
whip targeting control will be presented and analyzed in
this paper. Other related works and their sim2real have been
introduced in comprehensive reviews [17-19]. Most of them
focus mainly on slow manipulation of deformable objects
(e.g., cloth), rather than fast (< 1.5 ) and targeted movement
control guided by visual feedback in this paper.

The main motivation of this work is to reverse-engineer
motion learning and muscle control in a fast targeting behavior
by a flexible tool, which has not yet been well investigated. It
will push not only scenario boundary from slow and non-tar-
geted to fast and targeted manipulation control of flexible tools,
but also methodology from a data-driven or physics-based
algorithm to their integration. These progresses advance the
understanding of motion learning and muscle-like control on
sophisticated manipulation of bionic systems. Its significance
depends on a novel learning-based framework for achieving
fast and accurate manipulation by combining data-driven and
physics-based algorithms. It consists of a motion planner
learned or optimized by an algorithm, an online impedance
adaptation controller, a sim2real mechanism, and a visual
feedback mechanism (see Fig. 1). Its specific novelties lie in,

1. Integration of data-driven and physics-based methods
guided by visual feedback. Six data-driven methods
are applied, consisting of four SOTA DRLs [20-23], a
deterministic optimization [24], and a genetic algorithm
[25]. Each of them is integrated into a physics-based
control method, i.e., OIAC. The integration imitates
human arm motion planning and (online) adaptation in
whip targeting;

2. Sim2real for accurate and fast movement learning and
control. Our proposed framework is validated from sim-
ulated and real whip targeting control. The trajectories
of the whip tips are 89.09% similar in the simulated and
real environment, therefore, validating a feasible transfer
from simulated to real whip targeting control.



A Learning-based Control Framework for Fast and Accurate Manipulation of a Flexible Object 1763

Fig. 1 The LEarning-based
MOvement coNtrol (LEMON)
framework for a whip-targeting
task. The motion planner pro-
vides the desired joint positions
44 € R™([g,, g.]) and veloci-
ties g4 € RP2([g,. g, ]) that

are sent to an online adaptive
impedance controller to gener-
ate the joint torque commands
[z, 7.]. The learning/optimiza-
tion objective is to minimize
the distance L between a whip
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The rest of this article is organized as follows. The proposed
methods are described in Sect. 2. The experimental results of
the simulated and real whip targeting are introduced in Sect. 3.
Sections 4 and 5 contain a comprehensive discussion and con-
clude the article, respectively.

2 Methods

Simulated and physical two-jointed arms were controlled
to strike a whip to hit targets, respectively. In the controller
(see Fig. 1), arm joint movements and duration are learned
or optimized by an algorithm, while the joint impedance
(control) is online modulated. The learning or optimiza-
tion process was performed in simulation and later vali-
dated in the physical whip targeting.

2.1 Simulation

A whip targeting control environment was built into the
advanced physics simulator MuJoCo, which outperforms
its counterparts in more accurate and faster modeling [26].
Moreover, it is more efficient to perform Sim2real in DRL,

L Learning/optimization J‘

i.e., to train DRL algorithms in simulations and then to
transfer knowledge into real robots [27, 28]. A ‘lumped-
parameter’ model (Fig. 2) was built to simulate complex
whip continuum dynamics, which consists of a series of
N rotational springy and damped nodes. Each sub-model
is comprised of a rotational joint and an ideal point-mass
m [kg], which connects a massless cylinder with length 1
[m]. A rotational spring with k [N - m/rad] and a rotational
damper with b [N - m - s/rad] consists of a rotational joint,
and N of these discrete sub-models are connected seri-
ally to comprise the experimentally-fitted whip [13]. The
whip parameters [N, 1, m, k, b] can be seen in Table 2.
The parameters are adopted from [29], which have been
numerically validated in real whip (targeting) kinematics
[5]. The N-node whip model is connected to the upper-
limb model with a freely-rotating hinge. Note that com-
plex whip dynamics are unknown for the following motion
planner and control system.

@ Springer
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Shoulder

Elbow

Fig.2 The combined planar upper-limb and whip model (see its
dimension in Table 2)

2.2 Motion Planner and Control
2.2.1 Zero-Torque Trajectory

The desired upper-limb joint angles follow a minimum-jerk
trajectory given by,

1} r\* 1’

9.0 =g, + (4: — ;) { 10<5) - 15<5> + 6<5) }

ey
where ¢,(t) € R? is the joint position; g; and g; denote the
initial and final zero-torque joint positions, respectively; ¢ is
the time; D means the trajectory duration time; If the current
time 7 is longer than D, the zero-torque trajectory of joints
would remain at the final positions g;. The planned motion
parameters ¢;, g¢, and D were learned or optimized by one
of six applied algorithms (see them in Sect. 2.3).

2.2.2 OIAC[30]

A first-order impedance controller with gravity compensa-
tion is used in the upper-limb model,

T=K(‘Id_Q)+B(fId—"I)+TG’ ()

Table 2 Experimentally-fitted whip model dimension [5, 13]

Whip parameters

Descrip- Number Length Mass Spring Damping
tion
Notation N 1 m k b
Units [-] [m] [kg] [NN'm/ [N'mN-s/
rad] rad]
Values 12 0.072 0.012 0.242 0.092

v =Jf + I fe + TSy 3)

where ¢ € R? is two joints displacement vector; 7 denotes
gravity compensation for the upper-limb and whip model;
J and f denote the jacobian matrices and the gravitational
forces on each part; The subscripts s, e, and w correspond
to the shoulder joint, elbow joint, and whip, respectively;
K € R>?, B € R¥?, which represent both the shoulder joint
and elbow joint neuromuscular mechanical impedance; The
proposed OIAC aims at online adapting K and B impedance
matrices to the joint tracking error reduction,

[k ke b b0
Ko = [kes(ﬂ keem] Bey = [besm bee(n] “

where the diagonal and off-diagonal terms correspond to the
impedance generated by the monoarticular and biarticular
muscles of the upper limb, respectively.

J=J, +Jp, 5)
J =1/D<||vec(i<)||2 + [[vec(B)|I2 )dt 6)
¢ 9 0 Ok Oz ’
D . 1 .
Jp = ) V(dt V() = ¢ MI(g)e(1), @)
(

where the cost function of OIAC is J; J, is the weighted
norms of matrices K and B from the zero-torque trajectory;
Qy and Qp € R are positive symmetric weighting matri-
ces, which affect optimization speed through dimension
[31]; D denotes the duration time; Jp is the task error func-
tion; I(q) is the upper-limb model inertial matrix; £(¢) is the
time-varying tracking error given by,

€0) = ) + e €)= 440~ 4() ®

K@) = Foe! @), B = FOe' 0. FO = 0. )
_ a

O T Cleonr (10

Table 3 Arm model dimension

Arm parameters

Description Mass of Mass of Length of  Length of
upper arm  lower arm  upper arm  lower arm

Notation M, M, L, L1

Units [kel (ke] (m] [m]

Values 0.25 0.274 0.31 0.34

@ Springer
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where e(f) and its derivative calculate the joints position and

velocity error separately comparing with the desired ones; ~ LEMON is listed in Algorithm. 1.
p is 0.6; (Equation (9)) is used for the real K, B; (Equation
(10)) shows the adaptation scale factor; a is 0.2, and C is 5;
The mathematical derivation and other details can be seen

in [31].

2.3 Learning/Optimization

Four RL algorithms and OIAC are integrated into the pro-
posed LEMON control framework, respectively. To learn

Algorithm 1 LEMON algorithm for whip targeting

AN~

5'

10:
11:
12:
13:
14:

26:

Input: target position (z,y); stay time tsay; train episodes T'E; sample episodes
SE; time steps T'S
Initialize the policy parameters my; Environment E; Replay buffer R = {}
Set episode counter ep to 1
forepe {1,2,--- ,TE} do
Set step counter ts to 1
Observe initial state sts: [Xtip, Yeip, Va, Vy] from E and output ats ~ mo: [gsi,
Geis sty Gef, D]
while ep < SF do
for ts € {1,2,--- , TS} do
Set time counter ¢ to 0 and initialize L = {}
while ¢t < D + t4,y do
Use OIAC to update K, B, and T
Compute and store distance Iy
end while
Observe sis41 = min L {l; ---l;}, calculate reward 7 and done signal

dts
Store the transition tuple (Sts, Gts, Tts, dts, Sts+1) in R
end for
5 1 TS
Save average reward R = T2 ite—1 Tts
ep<ep+1

end while
for ts € {1,2,--- , TS} do
Sample a batch tuple data from R
Calculate the loss Loss and update policy g
Select optimized a;s to execute and store the new transition tuple in R
end for
Save average reward R
end for

a policy for the whip targeting task, the pseudocode of

@ Springer
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2.3.1 Proximal Policy Optimization (PPO) [20]

PPO is an algorithm for learning optimal control policies in
environments with discrete and continuous action spaces. A
trust region optimization algorithm is used to improve the sta-
bility and reliability of policy gradient methods in the actor-
critic method. The current state s, is fed into two same struc-
ture networks, actor and critic. Both feedforward networks
have hidden layers of size 64 and 64. The learning rate is set
to le-4. The actor produces the decision Gaussian distribution
7(s,|0), which the action a is sampled. The critic assesses the
output V(s) corresponding to the s,. The objective function
of PPO is the expected return of the policy, with a term that
encourages the new policy to be close to the old policy (Eq.

(1D):

T
t| t ~
Topo(0) = <MA,—/3KL[EOM Ing]>, (11)

=1 ”ozd<az | Sr)

where A, is the advantage function; KL [77,' od | ”0] is the
KL-divergence constraint; § dynamically changes with the
adaptive KL penalty.

2.3.2 Deep Deterministic Policy Gradient (DDPG) [21]

To some extent, it could be seen as an extension of the Deep
Q Network (DQN), since it follows similar strategies of
Q-learning. There are two kinds of neural networks, i.e.,
an actor that maps the states to actions and a critic that esti-
mates the value of taking a specific action in a specific state.
The Q-network is used to compute the gradient of the policy
expected return with respect to the policy parameters, and
the actor and critic networks are both updated by using the
transitions stored in the replay buffer. Each network is a two-
layer feedforward neural network with 256 hidden nodes.
Rectified Linear Units (ReLLU) [32] activation functions are
employed between each layer for both the actor and critic
networks. Additionally, a final fanh unit is applied following
the actor network output. The critic network takes both the
state and action as input for its first layer. The learning rate
for these networks is set to 3e-4. The objective function of
DDPG is given by,

T

Topea®) = Y. (Q4(s-a,) —In7g(a, | 5,)) (12)

t=1

2.3.3 Twin Delayed Deep Deterministic Policy Gradients
(TD3) [22]

TD3 is an extension of DDPG that applies clipped dou-
ble Q-learning, delayed policy updates, and target policy

@ Springer

smoothing, and the target Q-value for the Q-network update
is the minimum of the two Q-network predictions.

There are two sets of critic networks and an actor network
adopted in TD3. The state s, is the input to the actor network,
which is formed by three-layer feedforward neural network with
(9, 256, 256) hidden nodes and ReLLU activation functions. The
input of critic network is a state-action pair to compute a target
value Q and through two Q-network and reduce the risk of devi-
ation, shown in (Eq. (13)). A soft updating factor 7 is imported
TD3 to update network parameters, thus the delayed method
brings a low variance action updates (Eq. (14)). Moreover, a
Gaussian noise € is added to the target policy to improve TD3
capacity of exploration (see Eq. (15)). Therefore, the stability
of the DDPG is facilitated by this network structure, and TD3
becomes more robust and more reliable in learning than DDPG
in some tasks [33]. It also uses fixed target networks for the
actor and the critic, which helps reduce the correlation between
the target and the prediction, making the training more stable
and consistent. TD3 also introduces a delay between the update
of the actor and the critic networks to further improve the stabil-
ity and robustness of the algorithm.

Qtarget =r+ y?:llngd’i(st’ a;)a (13)
¢y < 1+ (1 = 1)y, (14)
€~ Chp(N(O’ 6)’ —C, C) (15)

2.3.4 Soft Actor-Critic (SAC) [23]

SAC is an off-policy algorithm, which is used to optimize
the expected cumulative reward of a stochastic policy. The
hidden layers neuros and learning rate are set the same as
DDPG and TD3. Different from these two off-policies, it
includes an entropy regularization term in the objective
function. The term will balance exploration and exploitation,
making it suitable for tasks with unknown dynamics, so it
encourages exploration and stability in the learning process.
The objective function of SAC is given by,

T

Jsac®) = Y (r(sa,) +aH(x(-16,))), (16)

t=1

where H(x(- | 5,)) reflects how random the policy in state
s; a s regularization coefficient to control the entropy, it is
0.2 in the whip task;

2.3.5 Reward Design

The reward function decides how to evaluate the action
value, it affects the policy formulation and entire training
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Fig.3 Vision tracking of the
whip tip and targets over time ¢

-~ t200s  t=0.6s  t=Lls

results. Here the distance is utilized in the reward function
given by,

r=-10xd if0.1 <d
r=-5%d if0.06<d<0.1 a7
r=>50 if d < 0.06,

r(s;,a,) =

where if the distance is smaller than 0.06m, it would be con-
sidered as the tip hits the target successfully in the simulated
and real environment;

2.3.6 Locally-based Divide Rectangle (DIRECT-L)

A DIRECT-L algorithm was applied to control simulated
whip targeting control [13]. It weights more toward the local
search than the global and samples the objective function
points at € (Eq. (18)) to start its search. To simplify the
analysis and reduce the algorithm running time, it is usu-
ally normalized as [0, 1], and also considered as a bound-
constrained optimization problem. It is used for sampling the
new centers of the new hypercube. The DIRECT-L selects
potential hypercube in S. Normally, the optimal potential
hypercube exists either in the local search low function val-
ues at the centers or in the large enough to be good targets
for global search. Thus, not all such hypercube is divided,
selecting the smallest and biggest value of fto subdivide the
hypercube into subgroups.

Fig.4 The real two-joint robot arm consisting of the joints J; ; for 2D
movement control. Detailed parameters of its weight and length refer
to a real human arm model [37], which can be checked in Table 3

@ Springer
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Fig.5 Targets distribution zone N

* Target position L

Center of circle

=0.1 m * 8
®

1.45m J

Q={xeR":b<x<hh}~Q={xeR¥:0<x<1},
(18)

minf(x), f:RY >R, (19)

where fis Lipschitz continuous on Q; N is the number of
dimension; /b is the low boundary of the action; hb is the
high boundary of the action.

2.3.7 Genetic Algorithm (GA)[34]

Since the objective function is hard to express with the action
space elements, another powerful optimization method GA
is raised to solve the black box problem. A complete GA
includes three main operators such as selection, crossover,
and mutation. Each solution is represented as a chromosome
and every parameter corresponds to a gene. Fitness (f) is the
GA evaluation standard. Generally, the value of fis higher,
the individual is fitter for the environment, so the objective
minimum distance is transferred as,
D,.—d

f — _max real

D k]

max

(20)

@ Springer

where D, means the maximum distance value from the
tip to the target; d,.,; means the real distance value from the
tip to the target.

2.4 Visual Tracking

The Intel camera D435' was used for the vision tracking
mission, located 3.5 meters in front of the robot arm and
targets. It provides the distance between the whip tip and
a target as feedback to learning/optimization algorithms.
Mean-shift is a popular method for object tracking in com-
puter vision because it does not require any prior informa-
tion about the object’s shape or motion [35]. Therefore, the
method was selected for real-time tracking deformable and
fast whip movements. After the pre-processing of the Gauss-
ian filtering, the target and whip tip were segmented by the
different Hue, Saturation, and Value (HSV) thresholds in
frames, respectively. Figure 3 shows how to track the real-
time distance between the tip and the target.

! https://www.intelrealsense.com/depth-camera-d435/?_ga=2.86552

923.293598258.1670164775-171451401.1668173604.
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Fig.6 Trial averages for hitting 300 random targets (see Eq. 21) by
six learning or optimization algorithms

3 Results

The length of the real robot arm is the same as the simu-
lated one (see Fig. 4). Each joint of the upper limb model
is driven by a Dynamixel motor” [36]. This simple actua-
tion design has no external spring, damper, and gear. It fol-
lows an actuation trend in robotic movement control, i.e.,
lightweight and reduced inertia. Its resulting control chal-
lenges (e.g., adaptivity) will be addressed by our proposed
LEMON framework (see Fig. 1). The experiments were run
on Ubuntu 20.04 laptop with graphic card RTX3060, and
each RL learning or optimization algorithm took seven train-
ing hours on average. The experimental video can be seen
at the footnote.’

3.1 Comparisons between Learning/optimization
Methods

3.1.1 Task Definition

The task is to learn or optimize the planned movement
parameters (see Eq. (1)) of the proposed LEMON con-
trol framework by one of the six algorithms. They aim at
minimizing the distance L between a whip tip and a target.
300 random targets were generated to compare the gener-
alization performance of the six algorithms in simulated
whip targeting. The targets were situated in a circle with

2 XM430-W350,
w350/.

http://emanual.robotis.com/docs/en/dx1/x/xm430-

a radius of 0.1 m (see green dots in Fig. 5). Note that the
hit threshold value L* is set to 0.06 m, i.e., the target is
considered to be hit if L < L*.

3.1.2 Performance

The generalization performance of a learning or optimiza-
tion algorithm is quantified by its average required trials
of successfully hitting 300 targets,

B
Ny = 300 Z Mhit> 2D
i=1

where m means the average required trials; n,; denotes the
required trials of successfully hitting a target. A fewer N_h]t
refers to a better learning generalization.

DRL algorithms excluding the PPO, perform better than
the nonlinear optimization DIRECT-L and a genetic algo-
rithm, since the on-policy strategy adopted in the PPO
is low-efficient in exploration and exploitation. Besides,
we can see that the SAC outperforms the other five coun-
terparts in learning generalization (see Fig. 6). This is
because entropy regularization is introduced to boost its
exploring capacity in the SAC, therefore leading to better
learning generalization with fewer average hits.

Figure 7 shows the average rewards of four DRL algo-
rithms over 500 episodes. An episode reward was the aver-
age of 100 (trial) accumulated rewards. The first 50 episodes
were used for allocating random data into the replay buffer.
We can see that the SAC outperforms the three counterparts
owing to its better exploration ability.

3.2 Comparison between the OIAC and Constant
Impedance Controller

The comparison indicates the benefits of replacing con-
stant impedance control with the OIAC. The stiffness
matrix K and damping matrix B used for the constant
impedance controller are given by [13]:

(o [295143] L _[295 143
= 143303 T |143303] (22)

We can see that the position tracking error governed by the
OIAC is reduced to 22.36% of constant impedance control
(see Fig. 8 and Table 4). Besides, the velocity tracking error
guided by the OIAC is decreased to 13.29% of constant
impedance control. Therefore, the integration of the SAC
and OIAC outputs others in better learning generalization
and higher tracking control accuracy.

3 www.youtube.com/watch?v=-N4GWXABSno.
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Fig.7 Average rewards of

four DRL algorithms over 500 —— SAC
episode training 1500 D03
= DDPG
— PPO
© 1000
©
2
o
o
(o]
S 500
g
<
0
% 100

3.3 Sim2real

We can see that the whip trajectories in the simulated and
real environments are 89.09% similar (see Fig. 9), which
is quantified by the average similarity parameter pgii.»

(P, - S}
(P)?

: (23)

where n denotes the number of simulated and physical whip
tip trajectories, i,e, n=18 (trials), each of which has m data

points; y /(P — S})? is the Euclidean distance between P, of
a physical whip tip trajectory and Sj{ of the related simulated
one. Learned trajectories of hitting three different targets in
simulated and physical whip targeting are 89.09% similar
over iterations (see Fig. 9), respectively. The high similarity
indicates that it is practicable to achieve sim2real in this task
though some slight gaps between the simulated and real
environments.

Thus, it is feasible to achieve sim2real because the whip
movements are very similar in both environments. Fig-
ure 10 (b-d) shows the distance L between a whip tip and
a target, stiffness, and damping values in a whip targeting
task. The amplitudes of the shoulder joint stiffness and

Table 4 Performance of different impedance controllers with SAC

SAC and constant SAC and OIAC
Position  Shoulder 0.161 0.036
error Elbow 0.038 0.009
[rad]
Velocity  Shoulder 1.038 0.138
error Elbow 0.229 0.073
[rad/s]
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damping values are higher than those of the elbow joint,
as the shoulder joint is a leading joint in the control task.

4 Discussion
4.1 Algorithmic Comparison

GA and DIRECT-L optimization methods are worse than
most DRL methods in learning generalization of whip tar-
geting control. Required iterations by the GA depend heavily
on the quality of initial population formulations. The new
population is composed of operations such as replication,
crossover, and mutation of the previous generation of indi-
viduals. There is no clear direction for optimization in the
whip task, so the recursive iterations are more than other
algorithms. For the DIRECT-L, the optimization process
presents regularity, as the optimal solution is either a small-
est or largest hypercube. Thus, it has a specific optimization
direction for the fixed target and will change to the opposite
one when the result is always divergent. However, the divid-
ing hypercube method is usually better at the low-dimen-
sion discrete space. As the spatial dimension increases, the
optimization becomes hard. Therefore, its performance is
worse than off-policy DRL in continuous control tasks, e.g.,
whip targeting control. The PPO, as an on-policy DRL, is
the same as an updated policy. Therefore, the data used in
a previous policy will be replaced. It is a good algorithm
to solve the continuous action problem, but not fit for the
whipping task in this project. If a target is not hit in one
single trial, a robot will try a new policy to generate new
datasets. The historical data from previous policies is not
kept, thus its optimization effect is worse than off-policy
DRL. Off-policy DRL algorithms refer to the previous data
experience saved by a replay buffer. The performance of
DDPG and TD3 is similar in whip targeting control, since
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both of them are based on a determined policy. Besides, the  efficient than the DDPG and TD3. A Q-function and policy
TD3 is an extension of the DDPG. Different from the DDPG  are used to estimate the action-value and determine the best
and TD3, a central feature of the SAC is entropy regulari-  actions, which allow for learning a policy and a value func-
zation that prevents the policy from converging to a local  tion in the SAC. Its output action is within the range of the
optimum. Therefore, the exploration of the SAC is more  tanh formula, while the TD3 output action refers to the tanh
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Fig. 10 Sim2real: (a) 12 (a.)
snapshots of a simulated

whip targeting and a physical

whip targeting; (b) distance L

between a whip tip and a target;

(c, d) stiffness K(¢) and damping

B(t), respectively (parameters of
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formula with noise. The actor-critic network will be more
robust with the noisy formula, but its generated actions will
be close to the boundary. The TD3 is a good strategy for
other tasks, but not for the presented whip targeting. This
is because the actions which can hit targets are usually not
around the boundary. Based on the above reasons, SAC is
more suitable to learn whip targeting control tasks.

4.2 Limitations

The proposed learning-based control framework is a prototype
with several limitations that illustrate directions for future work.
First, it was validated on joint space control of a two-DoF robot.
Further work is required for end-effector space of a URS robot
arm with the combination of reinforcement learning and online
adaptive admittance/impedance control [15, 31, 38]. This will
reduce control dimension to three, compared to six of URS
joint space. Second, it assumes that the targets are fixed. An
advanced vision algorithm can be developed to predict moving
target trajectories, which is integrated into the presented control

@ Springer
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framework. Third, its application is limited to flexible tool tar-
geting control, which can be extended to industrial scenarios,
e.g., pick and throw objects into boxes. Finally, its motivation
is to explore the benefits of integrating data-driven and phys-
ics-based algorithms into fast and accurate robot manipulation
with flexible tools. In future, experimental data of human whip
targeting will be recorded to analyze and compare differences
between human and machine intelligence. This may lead to
next-generation robot arm manipulation and novel understand-
ings on fast and accurate human motor control.

5 Conclusion

The upper limb model is used to reverse-engineer the fast
movement control of a deformable object, e.g., whip target-
ing. The whole process includes an impedance controller to
ensure the stability of the movement. When the coordinates
of targets are fixed, the tracking error of OIAC is better than
that of the constant impedance controller. At the same time,
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a variety of optimization methods were tested to compare
learning strategies for hitting different targets, where the
model has to provide quickly adjustments. Finally, SAC and
OIAC showed better effects and is a more suitable optimiza-
tion method for this paper. Human muscle properties will be
analyzed and understood by reproducing whip targeting in
a 7-DoF robot with a muscle-like controller in future [38].
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