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Abstract— To perform dynamic cable manipulation to realize
the configuration specified by a target image, we formulate
dynamic cable manipulation as a stochastic forward model.
Then, we propose a method to handle uncertainty by maximiz-
ing the expectation, which also considers estimation errors of
the trained model. To avoid issues like multiple local minima
and requirement of differentiability by gradient-based methods,
we propose using a black-box optimization (BBO) to optimize
joint angles to realize a goal image. Among BBO, we use the
Tree-structured Parzen Estimator (TPE), a type of Bayesian
optimization. By incorporating constraints into the TPE, the
optimized joint angles are constrained within the range of
motion. Since TPE is population-based, it is better able to detect
multiple feasible configurations using the estimated inverse
model. We evaluated image similarity between the target and
cable images captured by executing the robot using optimal
transport distance. The results show that the proposed method
improves accuracy compared to conventional gradient-based
approaches and methods that use deterministic models that do
not consider uncertainty.

I. INTRODUCTION

Robotic cable manipulation has been used in many fields,
such as cable harnessing in factories and sewing operations
in the medical field. However, cables are prone to deform
into various shapes during manipulation.

There have been many cable manipulation studies, which
can be broadly classified into two research perspectives.
First, we classify cable manipulation into physics-based
modeling and learning-based approaches. Analytical physics-
based modeling methods, such as mass-spring systems,
position-based dynamics, and finite element methods, are
used to model cables [1]. These are approximate predeter-
mined models and require accurate cable parameters. Some
methods model an approximate of the cable by tracking the
cable from sensor information [2]. Since these models make
a number of assumptions, they sacrifice accuracy and may
not be applicable to cables in any environment. Learning-
based approaches can learn directly from data and are useful
for flexible objects that are difficult to model. Therefore,
they have the advantage of being applied to arbitrary cables
without the need to give a model of the cable.

Next, we classify cable manipulation into their use in static
and dynamic tasks. Cable manipulation is treated as a quasi-
static task rather than a static task. Quasi-static assumes that
the motion is slow and there are no inertial effects. Although
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Fig. 1: (a) Robot setup used for the experiment of cable ma-
nipulation and examples of RGB images and binarized
images by setting a threshold so that only the cable is
extracted, and binarized images with strings thickened by
image processing at step t and step t+ 1, respectively.
(b) Probabilistic graphical model representing the depen-
dency between the joint angle Jt and the image It.

the use of deep learning has seen increased adoption in cable
manipulation, most tasks assume quasi-static [3]–[11]. For
quasi-static tasks, the deterministic approach, which means
that once the initial state is determined, all subsequent states
are determined, can be handled by modifying the prediction
error between each step as necessary. It is more challenging
to modify prediction errors for dynamic motions because
of the motion’s rapidity. Furthermore, there are two major
sources of uncertainty when dealing with dynamic motion.
The first is that slight differences in friction conditions
or delays in the robot’s motion in response to commands
can cause differences in the state of the cable (aleatory
uncertainty). Second, because flexible objects have infinite
states, such that cables change shape in various ways,
learning-based approaches require a large amount of data.
However, collecting data that covers every possible outcome
is infeasible, leading to possible errors when the model en-
counters them (epistemic uncertainty). Some related studies
dealing with dynamic motion have used additional learning
by readjusting the simulation parameters when errors occur
in the model [12]. Not many methods deal with dynamic
motion yet, but their approaches are deterministic [12]–[15].
The challenge is that errors between the model and reality
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Fig. 2: Proposed method and details of the network model
can affect the prediction due to uncertainty. Therefore, the
task we address in this research is the dynamic motion of a
cable considering uncertainty.

The task is to optimize the target joint angle J∗
t+1 of the

robotic arm with redundant degrees of freedom attached to
a cable to realize the target image Itarget from the current
image It and joint angle Jt (Fig. 1). The straightforward
approach is to directly predict the joint angle Jt+1 from
the current image It, the joint angle Jt, and the target
image Itarget. This is challenging to train a neural network
for because of infinite solutions by redundant degrees of
freedom. Another approach is to prepare a trained neural
network that predicts Iinferred from current image It and
joint angle Jt & Jt+1, as in the method of [13] (Fig. 2 (a)).
Then, when It, Jt, and Itarget are given to the neural
network, the optimal J∗

t+1 is calculated using gradient-based
methods with mean squared error (MSE) between Itarget and
Iinferred (Fig. 2 (b)).

However, there are several challenges in using gradient-
based methods. The neural network model typically has to be
differentiable to calculate the gradient. Moreover, the value
that converges by gradient-based methods depends on the
initial value, and complex neural networks are prone to local
minima. Although the robot’s range of motion is predeter-
mined, gradient-based methods can cause it to exceed its
range of motion unless some effort is made to devise a
cost function. Furthermore, in the task, the inverse model
to optimize the joint angle J∗

t+1 from Itarget is expected
to have numerous solutions. However, neural networks do
not acquire a perfect forward model. Due to the nature of
gradient-based methods, the solution is calculated where the
error is smaller due to the imperfect forward model; only
solutions that converge at a few possible solutions can be
optimized.

The challenges can be summarized by the following four
points: 1) Due to uncertainty, the deterministic approach
in a task with dynamic motion causes a gap between the
prediction and the robot motion. 2) The neural network
model has to be differentiable to calculate the gradient and
the gradient approach falls into the local minima. 3) It is
time-consuming to apply arbitrary constraints with gradient-

based optimization without affecting its performance or
correctness. 4) There are numerous solutions for inverse
kinematics (IK).

Our approach to these four challenges and the contri-
butions of this paper are the followings. 1) We formulate
the task of cable manipulation as a stochastic forward
model. We then propose a method to address the uncertainty
that maximizes the expected value, considering estimation
errors. 2) The method introduces black-box optimization
(BBO), non-differentiable optimization, to optimize J∗

t+1

without the need for gradients. Among BBO, we use the
Tree-structured Parzen Estimator (TPE) [16], [17], a type
of Bayesian optimization. 3) TPE also easily incorporates
arbitrary constraints on the range of solutions to optimize
within the range of motion. 4) Since TPE is population-
based, it can better detect multiple feasible configurations
using the estimated inverse model. Note that if the conditions
from 2) to 4) of the challenges are satisfied, then anything
other than a TPE can be used as a BBO.

II. METHOD

Given a current joint angle Jt and image It, and a target
image Itarget, our proposed method optimizes the target joint
angle J∗

t+1 by considering uncertainty to realize the target
image Itarget with high accuracy. The proposed method
consists of training and inference phases.

A. Training

The training phase is supervised learning in which the
system can be trained to predict image It+1 when image
It, joint angle Jt, and joint angle Jt+1 are given as inputs.
In other words, this is equivalent to learning the forward
dynamics of the cable. Considering this in a graphical model
can be shown as Fig. 1 (b). The neural network’s architecture
based on this graphical model is shown in Fig. 2 (a).
The formulation of the training of this graphical model is
described below.

n number of datasets x = {Iit , Iit+1, J i
t , J i

t+1}ni=1

comprises the images It & It+1 and joint angles Jt & Jt+1

at step t and t + 1. Let Pθ(x) estimate the true probability
Pdata(x) of any x. Then the maximum likelihood estimation
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of θ is defined by the following equation:
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where fθ(·) is function to predict Iinferred from Iit , J
i
t , J

i
t+1.

B. Inference

In the inference phase, the neural network model trained
in the previous section is given a current image It and joint
angle Jt, and a target image Itarget, and the joint angle J∗

t+1

is optimized so that the neural network predicts Iinferred it
is close to the target image Itarget. The graphical model in
inference is the flow shown by the red arrow in Fig. 1 (b).
A schematic is shown in Fig. 2 (c). We will formulate this.
For readability, Iit , J i

t , and Iit+1 are written as It, Jt, and
It+1. Given a current image It and joint angle Jt, and a
target image Itarget, the goal is to optimize the joint angle
J∗
t+1 to realize Itarget, the joint distribution can be written

as follows.

logP (It, Jt, It+1, J
∗
t+1)

≃ log {Pθ(It+1|It, Jt, J∗
t+1)Pθ(J

∗
t+1)Pθ(It, Jt)}

= log {Pθ(It+1|It, Jt, J∗
t+1)Pθ(J

∗
t+1)}+ const. (2)

This leaves it vulnerable to uncertainty. We maximize the
likelihood expectation for this equation by considering the
estimation error rather than the log-likelihood itself. This
study applies a stochastic approach, as described in Section I.
The joint angle Jt+1 is reparameterized by µ + σ2ϵ, where
ϵ ∼ N(0, I), µ is the average joint angle, and σ2 is variance
as a parameter for handling uncertainty.

log

∫
Pθ(It+1|It, Jt, µ+ σ2ϵ)Pϵ∼N(0,I)(µ+ σ2ϵ)dϵ

≥
∫

Pϵ∼N(0,I)(µ+ σ2ϵ) logPθ(It+1|It, Jt, µ+ σ2ϵ)dϵ

(∵ Jensen′s inequality)

= EPϵ∼N(0,I)
[logPθ(It+1|It, Jt, µ+ σ2ϵ)]

≃ 1

2m

m∑
i

(It+1 − fθ(It, Jt, µ+ σ2ϵi))
2
+ const.

:= g1(µ, σ) (3)

where m is the number of sampling. Although the goal is to
minimize g1, σ2 is introduced to address the uncertainty. The
smaller this value is, the smaller the effect of uncertainty will
be treated as negligible. Therefore, the approach becomes
deterministic when the variance σ2 is set to 0. Under the
given conditions of It and Jt, the smaller the change in
Iinferred is for a significant change in J∗

t+1, the more robust
it is against uncertainty. Therefore, we will compute a multi-

objective optimization of the following two functions.

arg min
µ∈[−90, 90]

g1(µ, σ), where arg max
σ∈[0.0, 1.0]

σ (4)

Note that the joint angles and variances range can be freely
changed depending on the task and the experiment. Multi-
objective black-box optimization (MOBBO) is used for this
multi-objective optimization. Since it is an optimization of
two cost functions, it will have a Pareto front.

III. EXPERIMENTAL SETUP

The task setting of this research is to manipulate a cable
with a robotic arm. Given the current joint angle of the robot
Jt and image of the cable It, and a target image of the cable
Itarget, the task is to optimize the joint angle J∗

t+1 to realize
the target image Itarget.

A. Robot Setup for Data Collection System

Our robotic system, shown in Fig. 1, consists of a self-
designed 3-DoF robotic arm with a cable attached to the
robot arm’s end-effector. Three Dynamixel XM430-W350-
R are used for the robot’s actuator. Furthermore, we use
an Intel RealSense Depth Camera D415 to overlook the
workspace of the robot arm and cable and use them to
capture RGB images. Note that no depth information is
retrieved in this study. The robot and Realsense are connected
to a MacBook Pro PC 2021 model running macOS Monterey.
The camera is mounted at the height of 650 mm from the
workplace. The workspace size for the cable manipulation is
785 mm×515 mm. The length of the robot is 220 mm, and
the length of the cable is 250 mm.

B. Data Collection Process

We built a data collection system to collect data on cable
manipulation. The data collection process is as follows. First,
an image of the cable in the workspace is captured using
Realsense installed on the ceiling. At the same time, the
current joint angles of the robot are recorded. Next, the target
joint angle for the next step is randomly selected in the range
of [−90 90]. Note that the selected process is repeated until
the end-effector position is within the workspace. The robot’s
end-effector position is calculated based on the selected
target joint angles. Then, the robot executes the motion
using the selected target joint angles. Since the robot moves
quickly, the cable moves with inertia. However, since the
recording image and the robot’s joint angle are performed at
1 Hz, the image and joint angles are recorded after the robot
and cable motion completely stop. The discrepancy between
the selected target joint and the actual motion is negligible.

This data collection process was performed for 12001
seconds, and 12001 images and corresponding joint angles of
the robot were collected. From this data, 12000 datasets were
created from which the current joint angle Jt and image It,
the following joint angle Jt+1 and image It+1, were paired.
The joint angles were normalized to be [0 1]. The images
were binarized by setting a threshold so that only the cable
was extracted from the image. Then, because the cable was
too thin to train the neural network with this image well,

5860



Fig. 3: Comparison of inferred image Iinferred with optimized
joint angle J∗

t+1 using gradient-based methods, distance
transform, and BBO. Note that because of the uncertainty in
the cable’s behavior, inferred image Iinferred of the cable
will be blurry.

image processing was performed to make the cable thicker
using the cv2.dilate() function with the kernel size (3, 3).
The original RGB image at time t and t + 1, the binarized
image, and the image processed to make it thicker are shown
in Fig. 1. Of the 12,000 samples collected, 10,000 were used
for training, and 2,000 were used for validation.

For inference, the robot’s current joint angle Jt, the cable’s
image It, and the target cable’s image Itarget are given to the
trained neural network, and the joint angle J∗

t+1 to realize
the target image Itarget is optimized. This optimized joint
angle J∗

t+1 is given as the command value of the robot’s
target joint angle, and the robot moves to the joint angle.

C. Deep Learning & Training & Inference

Our neural network model comprises CNNs and FCs
layers, and details of the neural network architecture are
shown in Fig. 2. We used PyTorch as a deep learning library
and Optuna [18] as a BBO library for implementation. We
trained the neural networks and conducted inference on a
machine equipped with an Intel Xeon Gold 6524 CPU @
3.10 GHz and Tesla V100 SXM2 with 16GB. Training for
the model is about 5 minutes.

IV. EXPERIMENT RESULTS

In this experiment, we evaluate the following four items.
1) Comparison of optimization approaches between gradient-
based approaches and BBO (Section IV-A). 2) Comparison
of gradient-based methods and BBO when the robot has
numerous solutions with redundant degrees of freedom (Sec-
tion IV-B). 3) Evaluate when using the proposed method,
MOBBO (Section IV-C). 4) Evaluate the performance of the
proposed method when the cable manipulation is executed
by the robot (Section IV-D).

A. Comparison between Gradient-based Methods and BBO

This section compares the methods using gradient and
BBO. For the optimization using gradient-based methods,
a randomly set initial value was given as the joint angle

J init
t+1 in the manner described in Section I. For the method

using BBO, the variance σ2 of the proposed method was
set to 0 in eq. (4), which means treated deterministically
rather than stochastically. Therefore, the cost functions of
gradient-based methods and BBO are the same design, but
only the optimization methods differ, and it can evaluate the
differences between the two optimization methods.

Examples of pairs of inferred images Iinferred using
gradient-based methods, the target image Itarget, and images
inferred with randomly set initial values J init

t+1 are shown
in Fig. 3. As shown in Fig. 3 on the 1st row, there are
entirely different between the target image Itarget and the
inferred image Iinferred using optimized joint angle J∗

t+1

to minimize the difference between target image Itarget and
inferred image Iinferred. From the figures on the 2nd row, it
can also be seen that it depends on the initial values J init

t+1 .
The reasons for the failure of gradient-based methods can be
explained as follows. When using MSE to calculate from the
target image Itarget and the inferred image Iinferred using
J init
t+1 at the beginning of optimization of the joint angle or

in the process of optimization, if the pixels where the cable
exists do not match, the error value is treated as the same
whether the cable is misaligned by 1 pixel or 100 pixels.
If the position of the cable in the inferred image Iinferred
and the target image Itarget are far apart, the slight change
in joint angle will not change MSE values, and the gradient
will vanish (Compare the 1st and 2nd raw in Fig. 3).

To address this challenge, [13] transformed the target im-
age Itarget into a distance image to avoid gradient vanishing
instead of a binary 0 and 1 image with the representation
of cable present or absent. The results of gradient-based
methods on an image converted to a distance image by the
cv2.distanceTransform() function are shown in Fig. 3 on the
3rd-4th row. There are cases where it works and fails, and
it can be seen that it depends on the initial values of the
joint angles J init

t+1 . It may be that the latent expression is too
complex and is prone to local minima.

Next, the results for the case using BBO are shown in
Fig. 3 on the bottom row. Even in cases where gradient-
based methods failed, the method using BBO successfully
inferred an image Iinferred that was close to the target image
Itarget. Since the initial TPE (BBO) sampling stage explores
a broader parameter space, the possibility of overlap between
the image inferred from the sampled joint angles and the
pixels in the target image Itarget increases. As a result, even
when gradient-based methods fail, BBO can optimize joint
angles that produce an inferred image Iinferred closer to the
target image Itarget.

B. Multiple plots of Gradient-Based methods and BBO

In the task of the experiment in this paper, the robotic
arm with 3-DoF executes the motion in the two-dimensional
plane. Therefore, there are numerous solutions for solving
inverse kinematics (IK) given the end-effector coordinates
(x, y). We examine how gradient-based methods and BBO
behave for such a task.

For gradient-based methods, optimization of joint angle
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Fig. 4: Plots of approximate solution of IK and optimized joint
angles J∗

t+1 using gradient method and BBO when the
target images Itarget are the same, but image It and joint
Jt are different.

with randomly given initial values J init
t+1 was performed with

200 identical pairs as a current joint angle Jt, image It,
and target image Itarget. Even in BBO, the sampling values
of the joint angle J init

t+1 to be optimized start from random
values. Approximate solutions for IK were also calculated
from the end-effector coordinates calculated by forward kine-
matics using the joint angles when the target image Itarget
data was collected. To calculate the approximate solution
for IK, the joint angles within ±δ for the end-effector
coordinates were searched by grid search. The optimized
joint angles J∗

t+1 for several pairs of different joint angles
Jt, images It, and target images Itarget are plotted in Fig. 4
using the same target image Itarget but differ in joint angles
Jt and images It. The black plots are approximate solutions
for IK, the blue plots are those calculated by BBO, and the
red plots are those calculated using gradient-based methods.

In this experimental setup, the solution of IK is basically
an elliptical trajectory. However, due to the limitation of each
joint motion range, [−90 90], only a portion of the elliptical
trajectory may be plotted. Other than that, the positions of
the end-effector coordinates may be points due to the robot’s
posture. It can be seen that the optimized joint angles　J∗

t+1

are distributed as a region when BBO is used (Fig. 4).
IK uses only the robot’s end-effector coordinates at step t,
so the solution is different from the BBO method, which
calculates the optimized joint angle J∗

t+1 from a current
image It, joint angle Jt, and target image Itarget, but the
BBO method has numerous solutions. In addition, when
the target image Itarget is the same, but the joint angles
Jt and images It differ, optimized joint angles J∗

t+1 are
changed when BBO is used. This indicates that the neural
network acquires a forward model of cable manipulation that
considers the dynamics and can be calculated as an inverse
model using BBO. On the other hand, with gradient-based
methods, the optimized joint angles J∗

t+1 converge within a
narrow range at several locations (The red plots in Fig. 4).
Theoretically, numerous optimized joint angles J∗

t+1 are plot-
ted as trajectories as in the BBO. The neural network does
not acquire a perfect forward model; thus, slight differences
exist in each value, even if they can theoretically be the
same. Due to the characteristics of gradient-based methods,
the solution is calculated where the error is smaller due to
the imperfect forward model, so it converges to a point as

Fig. 5: Plots of Pareto solution with multi-objective black-box
optimization

shown in Fig. 4). When the optimization starts, the points
that converge depend on the initial values of joint angle
J init
t+1 . Some fall into local minima, resulting in entirely

different between target images Itarget and images Iinferred
inferred using the optimized joint angles J∗

t+1 by gradient-
based methods. Note that when numerous solutions exist,
using the ensemble method to reduce the bias and variance of
the neural network and calculating the average of the optimal
solution output by each model does not necessarily give good
results. It can be said that using a neural network does not
always mean that gradient-based methods are a good choice.
The proposed method is expected to decrease the model’s
bias and variance and will be validated in the Section IV-D.

C. Multi-Objective Black-Box Optimization

In the proposed method, multi-objective black-box opti-
mization (MOBBO) is performed with joint angle Jt+1 and
variance σ2 as optimization parameters, as shown in eq. (4).
A plot of the Pareto solution of the MOBBO for a given
current image It, joint angle Jt, and the target image Itarget,
is shown in Fig. 5. In this MOBBO, the number of trials is
1000, and the range of each joint angle is searched in the
integer range as [−80 80] and the range of variance as [0 0.5]
in eq. (4). The number of sampling m is 200 in eq. (3).
The Pareto front is shown in the red plot. The Iinferred
shown in Fig. 5 is calculated with reparameterized joint
angle µ+ σ2ϵ (= Jt+1) of µ. As the variance σ2 increases,
the reconstruction loss in eq. (3) increases because the
difference from the target image Itarget is more significant
in the calculation. However, when the variance σ2 is 0, if
there is uncertainty in the trained neural network and robot
environment, there would be a probability that the target
image Itarget would not be close to the image Irobot when
the robot moves using optimized joint angle J∗

t+1. Therefore,
selecting an appropriate variance σ2 for the model from the
Pareto front becomes necessary. In this study, optimization
is performed in the range of variance [0.03 0.05], and the
robot is tested using the optimized joint angle J∗

t+1 with the
lowest reconstruction loss (See Section IV-D).

D. Robot Experiment

This section shows the evaluation results of cable manip-
ulation with the robot motion. The following three methods
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TABLE I: The cost is calculated using EMD among the target
image Itarget, the inferred image Iinferred, and the
images obtained by the robot’s motion Irobot. And the
percentage of the EMD cost below the thresholds.

EMD b/w Methods EMD mean ± std w/n 125 w/n 175

Target- Gradient 2103.1 ± 2842.9 20.0 ± 4.6 30.0 ± 5.3
Inferred BBO 528.8 ± 1557.5 38.1 ± 5.6 52.7 ± 5.7

Ours 452.5 ± 1533.9 46.7 ± 5.8 58.7 ± 5.7

Target- Gradient 2590.7 ± 3216.4 17.3 ± 4.3 20.6 ± 4.6
Robot BBO 722.3 ± 1786.7 28.0 ± 5.2 36.7 ± 5.5

Ours 569.5 ± 1531.6 30.0 ± 5.3 42.0 ± 5.7

Robot- Gradient 429.7 ± 445.1 26.0 ± 5.1 40.7 ± 5.7
Inferred BBO 334.8 ± 402.3 43.4 ± 5.7 54.0 ± 5.8

Ours 241.1 ± 343.1 53.3 ± 5.8 64.7 ± 5.5

Fig. 6: Example of cost value by EMD

are evaluated: gradient-based methods, BBO, which is the
proposed method with variance σ2 set to 0 in eq. (4), and the
proposed method. σ2 = 0 in eq. (4) means that the method
is treated deterministically rather than stochastically.

To prepare the target image Itarget, the joint angle Jt, and
the image of the cable It with diversity in the state of the
cable, we let the robot perform 6 steps. The third step was
set as the target image Itarget, the joint angle of the robot
after 6 steps were set as Jt, and the image of the cable was
set as It. Then, optimized joint angle J∗

t+1 is calculated.
If MSE is used as an evaluation method, a 1-pixel and 100-

pixel shift are considered the same error, making it difficult
to evaluate the result appropriately. Therefore, the optimal
transport distance, Earth Mover’s Distance (EMD), is used.
EMD is also known as the Wasserstein metric. Given image
A and image B, it is the cost of minimizing the product of
the pixel shift distance and the shift amount to make image A
resemble image B. Note that since EMD is computationally
expensive, it could not be used as a substitute for the MSE,
which is used for training errors, inference, and MOBBO
costs in this study.

This EMD is used to compare three images. (1) the
target image Itarget and the inferred image Iinferred, (2)
target image Itarget and the image of the cable obtained
when the robot is moved Irobot using the optimized joint
angles J∗

t+1, and (3) Irobot and Iinferred. In (1), it can
be evaluated whether realizing the target image Itarget is
difficult with a one-step motion or whether the optimal
joint angle using gradient-based methods falls into the local
minima. (2) evaluates how close the target image Itarget　is
to the image Irobot captured by the robot’s motion with
the optimized joint angles J∗

t+1, which allows the method’s
effectiveness to be assessed. In (3), the accuracy of the neural
network’s predictions can be evaluated by assessing how
close the inferred image　Iinferred is to the image Irobot

obtained from the actual robot’s motion.
The results of the evaluation with these values are shown

in Table I. For each method, 150 trials of motion were
performed to evaluate the results. The mean and variance
of the cost of EMD are shown. When the images Irobot
captured when the robot executed the motion deviated from
the target image Itarget significantly, the value of the cost
of EMD sometimes became huge, resulting in a large mean
and variance. Therefore, we also calculated the percentages
of EMD cost values below 125 and 175, respectively. We
calculated the mean and standard deviation of success rates
by bootstrapping. The EMD cost values less than 125 to 175
are similar to the target image Itarget and the images Irobot
taken by the robot as it moves the cable (Fig. 6). Although the
EMD does not take cable topology into account, the results of
this experiment suggest that if the EMD cost value is around
125-175, the cable misalignment is slight, and topology is
less of an issue.

When gradient-based methods are used, the average cost
of EMD between Target-Inferred is much larger than the
other two. This indicates that gradient-based methods fall
into the local minima, as mentioned in Section IV-A. Next,
we compare the proposed method with the BBO (determin-
istic approach) case between Robot-Inferred. The proposed
method has a smaller value of the average EMD cost and
larger values of w/n 125 and w/n 175 compared to BBO.
In other words, if the optimal joint angles J∗

t+1 using the
deterministic approach (BBO) are selected and the robot
moves, the trained neural network has uncertainties, leading
to misalignments. In contrast, the proposed method considers
these uncertainties to increase the probability of achieving
an image Irobot close to the target image Itarget. As a
result, the proposed method performs better than the other
methods when the robot performs motions. This shows the
effectiveness of the proposed method.

V. CONCLUSION

This paper formulated dynamic cable manipulation as a
stochastic forward model to realize the target image. We
proposed a method to handle uncertainties that maximizes
the expectation and considers estimation errors. This method
avoids the risk of falling into local solutions by applying
BBO. Moreover, by incorporating the BBO, namely TPE,
as a constraint, we could obtain a solution within the range
of motion. Furthermore, since TPE is population-based, we
were able to confirm that it can handle numerous solutions.
We used EMD to evaluate the similarity of the cable’s
image Irobot to the target image Itarget when the robot
moves. The results confirmed the improved accuracy of the
proposed method compared to conventional methods, such as
the gradient-based methods and the deterministic approach
that does not consider uncertainty.
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