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 Abstract - This paper presents a framework for generat-

ing shape transitions for deformable linear objects. We 

adopt a GAN-based approach to generate object defor-

mations without reliance on physics simulation. We repre-

sent the deformable linear object as a point chain, and let 

individual shape configurations be represented as points in 

a low-dimensional latent space. We propose a training 

method for obtaining these latent representations. Then we 

propose a method for generating and visualizing smooth de-

formations. Furthermore, we propose a method for simu-

lating how the object will deform when one of its terminal 

points would be moved in a given direction. We evaluate the 

method on the task of generating shape transitions for lin-

ear displacements of the terminal points. 
 Index Terms – Deformable Linear Object, Generative Adversar-

ial Networks, Latent space, Manipulation 

 

I.  INTRODUCTION 

Tasks involving manipulation of deformable linear objects 

(DLOs) such as cords and cables arise in various settings, in 

both everyday life and manufacturing. Examples from everyday 

life are binding cardboard boxes with rope, and inserting the 

connector of a charging cable into a phone’s socket. Examples 

from manufacturing are the wiring of wire harnesses in car fac-

tories, and the wiring of electronic appliances. Such tasks re-

main challenging to automate, and are still mostly performed 

manually. Hence, automating DLO manipulation would have a 

substantial impact. 

The goal of this work is to construct a framework for gener-

ating shape transitions for DLOs. Consider a scenario where a 

robot needs to manipulate a rope. We may want to predict the 

shape that the rope would assume if a given manipulation were 

to be applied to it, or we may want to bring the rope from its 

current shape into a given target shape configuration. The lead-

ing approach for solving such problems is to construct a physi-

cal model of the DLO, and use this model to predict the DLO’s 

deformations. Various such methods have been explored, and 

some have been applied for actual wiring work [1-4]. 

Methods based on physical simulation are particularly well-

founded for DLO manipulation tasks. However, because the 

process of searching for a suitable manipulation requires large 

numbers of virtual manipulation trials, processing times be-

come a substantial burden. Furthermore, manual tuning of sim-

ulation parameters is required. In consideration of these issues, 

we propose a method that does not depend on physics simula-

tion. Our approach employs a Generative Adversarial Network 

(GAN) [5]. We map DLO shape configurations into a low-di-

mensional latent space, making it possible to generate defor-

mations in this latent space. 

The main contributions of this work are as follows: 

 We propose a method that maps DLO shape configurations 

represented as point chain models into low-dimensional la-

tent representations, and operates on shape configurations 

as points in a low-dimensional space. We propose a train-

ing-based method for obtaining this latent space mapping. 

 We propose a method for generating and visualizing 

smooth DLO deformations using the aforementioned latent 

space. We also propose a method for simulating how the 

shape configuration would change under displacement of 

the DLO’s endpoints in a given direction. 

The remainder of this paper is structured as follows. In the 

next section we discuss related work. In Section III, we explain 

our objectives, task setting, and approach. Section IV explains 

our training method for obtaining the latent space mapping, and 

Section V our method for generating shape transitions. In Sec-

tion VI we present evaluation experiments in simulation, and 

Section VII concludes the paper. 

II.  RELATED WORK 

Automation of DLO manipulation requires capabilities for 

deriving and evaluating manipulation trajectories. Conse-

quently, one of the core underlying technologies DLO manipu-

lation builds on is DLO modeling [6]. Numerous DLO model-

ing strategies have been proposed over the years. One method 

is to represent the DLO as a mass-spring body. Wakamatsu et 

al. [7] proposed a modeling approach based on an extension of 

differential geometry. Bergou et al. [8] proposed the discrete 

rod model and proved their model via quantitative buckling, 

stability, and coupled-mode experiments, and so on. Lv et al. 

[9] introduced a mass-spring model for calculating cable defor-

mations, including torsion. Roussel et al. [10] proposed DLO 

manipulation planning method based on kinodynamic model.  

Research on DLO manipulation is numerous. Zhu et al. [11] 

proposed a framework that allows the robot to use contact for 

shaping the cable. Yamakawa et al. [12] simplify the problem 

of model generation by exploiting rapid hand motions, and re-

alize robotic cord-tying. Matsuno et al. [13] automatically ac-

quire model parameters through observation of real DLOs in 

static, stable shape configurations. Wakamatsu et al. [7] vali-

dated their modeling approach in a manipulation planning set-

ting. Pai et al. [14] proposed a Cosserat rod model for DLO 

modeling, and applied this approach for simulation of suture 



thread. Arnold et al. [15] proposed a method for open-goal ma-

nipulation planning using Compositional Pattern-Producing 

Networks (CPPNs). Saha et al. [16] targeted DLO tying and un-

tying manipulations, performing manipulation planning using a 

cylindrical DLO model. Chang et al. [6] tackle the task of un-

plugging a cable’s connector from one socket and inserting it 

into another, performing trajectory generation on basis of phys-

ical simulation of the cable. In recent years, methods that com-

bine differentiable simulation and reinforcement learning to al-

low robots to manipulate DLOs have attracted much attention. 

In this trend, methods for manipulating DLOs have also begun 

to be proposed [17, 18]. 
As illustrated by these examples, research on automatic DLO 

manipulation generally employs some type of model for repre-

senting the DLO’s shape. However, using e.g. a physical model 

to predict deformations requires extensive tuning of the model 

parameters and so on. Calculating a deformation using a physi-

cal model requires that we simulate the deformation’s time se-

ries. The high computational cost of accurate physical simula-

tion poses a challenge for such approaches. In response to these 

current conditions, this work focuses on computational cost in 

particular, and aims to propose a method that can overcome this 

hurdle. 

III.  OBJECTIVES AND APPROACH 

A. Strategy for generating shape transitions 

As discussed in the previous section, the dominant ap-

proaches for DLO manipulation employ numerical simulation 

using physical models. In this section, we step away from this 

paradigm, and consider the problem of learning a feature space 

for representing DLO shape transitions. One method for achiev-

ing this is to use an Auto-Encoder (AE), a type of neural net-

work. For example, we could train a Convolutional Auto-En-

coder (CAE) on a set of images depicting a cord in various 

shape configurations, and extract compressed representations 

of such images from the bottleneck layer of the CAE’s hour-

glass-shaped architecture. We can say that such representations 

represent individual cord shape configurations as points in a 

low-dimensional space. Below we will refer to this low-dimen-

sional space as a latent space. 

On basis of the reasoning above, we explore methods for 

mapping DLO shape configurations to points in a latent space. 

A key consideration here is the need to ensure that the various 

DLO shape configurations are properly positioned in the latent 

space. First of all, it should be possible to recover a clear DLO 

shape configuration from a given point in latent space. Sec-

ondly, we would like for similar shape configurations to be 

mapped to nearby points in latent space. This is because the 

goal of this work is to produce shape transitions for the purpose 

of robotic manipulation. 

Assuming that a suitable latent space can be constructed, 

moving a focal point through the latent space should let us ob-

tain the corresponding deformation. This should be substan-

tially faster than calculating the corresponding deformations 

through simulation. Furthermore, the problem of generating the 

manipulation to produce a given shape would be reduced to 

finding a suitable route through the latent space. 

B. Issues and Approach 

We train our latent mapping in accordance with the strategy 

and requirements laid out above. We introduce a Generative 

Adversarial Network (GAN) as illustrated in Fig. 1. Using the 

Discriminator network’s assessment of whether a data example 

is real or generated, we train the Generator network to generate 

synthetic examples on par with data obtained from the actual 

DLO. If this training process is successful, we obtain a mapping 

from latent variable vectors z to actual DLO shapes. 

 Assuming the above approach, realizing the goals of this 

work requires that we develop functionalities for the following: 

 Constructing a suitable latent space and generator 

 Generating DLO shape transitions 

 Finding the latent representations for given DLO shapes 

The last item is necessitated by the fact that planning manipu-

lation for an actual cord requires that we provide a start and goal 

shape configuration. Hence, we need to know where these 

shapes are located in the latent space. That is, we need a search 

procedure for finding the point in latent space that corresponds 

to a given shape configuration. Once the relevant points are 

found, manipulation planning can be performed by finding a 

curve segment that suitably connects these points. This func-

tionality falls under the second item in the above list. 

IV.  LATENT SPACE LEARNING 

A. Generative Adversarial Networks (GAN) 

Generative Adversarial Networks are a type of generative 

model that aims to generate novel data examples in close ac-

cordance with the data used to train the model. The model is 

composed of two neural networks: a Generator network and a 

Discriminator network. We functionally denote the Generator 

as ��⋅� and the discriminator as ��⋅�. The Generator takes a 

random point from the latent space as input, and is tasked with 

generating a fake example ���� resembling data from real da-

taset �, so as to deceive the Discriminator. Conversely, the Dis-

criminator alternatingly receives real examples � ∈ � and fake 

examples ����, and is tasked with distinguishing between real 

and fake examples, by evaluating ���� to 1 and ������� to 0. 

By training the networks using loss functions set in accordance 

with these goals, it is possible to obtain a Generator that pro-

duces clean examples indistinguishable from real data. 

Fig. 1 Generative Adversarial Network  



The Generator and Discriminator are optimized using the fol-

lowing Minimax loss function. 

       min� max� � ��, �� � 

��~������log �����  ��~�!�"� #log $1 & �'��(�)*+   �1� 
Where ��~������∙� denotes the expected value for examples 

�  drawn from distribution -.��� of the set of real data, and 

��~�!�/��∙� similarly denotes the expected value for examples � 

from the Generator’s distribution -0�/�. Early GAN models 

suffered from instability in the training process, but Deep Con-

volutional GANs (DCGANs) [19] are comparatively stable. 

DCGANs incorporate a number of tweaks that have been shown 

to improve performance empirically, e.g. batch normalization 

[18], avoiding the use of fully connected hidden layers in deep 

architectures, and using the LeakyReLU activation function 

throughout the Discriminator network. This work builds on the 

DCGAN architecture. 

B. Shape Representation using Point Chain Models 
GANs have primarily been applied on images. In early stages 

of this work, we attempted to construct our latent space using 

greyscale images of a cord. However, it proved difficult to 

achieve proper representation of shape configurations not pre-

sent in the training data. One problem was the difficulty of re-

covering high quality cord images. Therefore, we explored al-

ternative representations. Eventually we settled on the more di-

rect shape representation provided by a point chain model. 

A point chain model represents a DLO as a connected se-

quence of positional coordinates. A cord discretized into 1 

points is represented as � � �23, 24, ⋯ , 26�, with each 27  de-

noting the coordinates of one point in the chain. Since this rep-

resentation is more compact that an image-based representa-

tion, computational cost is reduced, leading to faster processing 

times. Furthermore, in contrast to image-based representations, 

3-dimensional cords can also be represented easily. The Gener-

ator outputs sequences of point coordinates as arrays of size 1 8
9, where 9 denotes the coordinate dimensionality. 

C. Constructing the Latent Space 

As explained in Section IV-A, our approach employs a 

DCGAN. To improve performance on our use case, we intro-

duce a number of modifications. First, in order to further ex-

pand the variability of the generated examples, we replace 

Batch Normalization in the Discriminator with Spectral Nor-

malization [20, 21]. Spectral Normalization imposes an upper 

limit on convolution kernel weights by normalizing the kernel’s 

spectral norm to 1. Its implementation is simple and its compu-

tational cost is small. 

Secondly, we modify the loss function as follows. In initial 

experiments, we observed that the points in the point chains 

���� generated by the Generator were not evenly spaced. To 

promote proper point spacing, we add the following loss func-

tion to the function shown in Equation (1). 

min� :;��� � <'9= & 9>7���)4
6?3

7@3
�2� 

Here 9= is the average distance between adjacent points in the 

training data, and 9>7 is the distance between two points, calcu-

lated as follows: 

9>7��� � B'����7,C & ����7D3,3)4  '����7,3 & ����7D3,3)4  

The full loss function then becomes 

: � E min� :; ���  �1 & E� min� ���, ��  max� ���, �� ,  

where E is a weight coefficient. 

Using the latent space obtained with the above method, it is 

easy to generate continuous transitions from one shape config-

uration to another. We locate the latent representations of the 

initial shape and goal shape in the latent space, and connect 

them with a straight line. Then, by sampling closely spaced 

points on this line and mapping them to point chain representa-

tions, we obtain a continuous shape transition. Fig. 2 shows an 

example. First, we find the latent representations for the shapes 

in panels (1) and (10). Then we connect these points in latent 

space with a straight line, and find a set of points evenly divid-

ing this line. Panels (2) through (9) show the point chain repre-

sentations reconstructed from these points. 

V.  SHAPE TRANSITION GENERATION 

A. Shape Search in Latent Space 

To leverage the latent space for DLO manipulation planning, 

we need to be able to locate a given real-world shape configu-

ration in the latent space. We do this as follows. We assume to 

have a trained Generator. We couple this generator to an En-

coder network, as illustrated in Fig. 3. We functionally denote 

the Encoder as ��⋅�, and the Generator as ��⋅� as before. Input 

for the Encoder is the point chain representation � to be en-

coded, and output is the corresponding latent representation 

����. The Generator receives Encoder output ���� as input 

Fig. 3 Shape Search in the Latent Space Using Encoder 
Fig. 2 Shape search in the latent space using the Encoder 



and outputs the point chain representation ������� . While 

keeping the Generator fixed, we train the Encoder so as to make 

the Generator’s output match the Encoder’s input, using the fol-

lowing squared error loss function. 

:��, �� � F� & �'����)G4                         �3� 
The trained Encoder provides latent representation � of point 

chain representation � in the latent space. To verify that this la-

tent representation is accurate, we feed � into the Generator to 

obtain �I. We calculate the mean squared error between � and 

�I, and if this error is below a given threshold, we consider � an 

accurate latent representation of �. 

B. Constrained Shape Transition Search 

In Section IV-C, we showed how a continuous DLO shape 

transformation can be obtained. However, for the purpose of 

manipulation we need to solve the reverse problem. For exam-

ple, we may want to know how the DLO’s shape will change 

when a specific part of it is moved along a given trajectory. In 

this section, we explain how to generate shape transitions, using 

the example of linear motions applied to the DLO’s endpoints. 

We assume to have a fully trained Generator and Encoder. 

We start by defining the current and goal shape configura-

tions. Then, using the method explained in the previous section, 

we find the latent representations for these shapes, and verify 

their accuracy. Then we generate the shape transformation for 

a linear motion of the DLO’s endpoint using the following pro-

cedure. 

1. Initialize a list containing just the latent representation of the 

initial shape. 

2. Select a random point P from the latent space. From the list, 

find the point Q nearest to P. 

3. Draw a line between P and Q, and find point R on the line at 

distance J from point P. Point R is a candidate for addition 

to the list. 

4. Feed point Q and candidate point R into the Generator to 

obtain a sequence of point chain representations. 

5. Check whether the similarity between these point chain rep-

resentations exceeds a given threshold, and whether the end-

point under manipulation is moving in a straight line. If both 

conditions are met, candidate point R is added to the list, 

with Q recorded as its parent point. 

6. If either condition is unmet, return to step 2 and continue the 

process with a different random point P. 

The search process ends when the distance between the latent 

representation of the goal shape and the nearest point in the list 

drops below a given threshold. By tracing the sequence of par-

ent points from this point, we obtain a sequence of latent repre-

sentations connecting the initial shape to the goal shape. By 

feeding this sequence into the Generator, we then generate the 

shape transformation that occurs when a linear motion is ap-

plied to the DLO’s endpoint. 

VI.  VERIFICATION BY SIMULATION 

A. Settings for Neural Network Training 

We define the DLO as a point chain model consisting of 20 

points, i.e. 1 � 20. The network architecture of the Generator 

is given in Fig. 4. Based on preliminary experimentation, we set 

the dimensionality of the latent space to 5. Latent representa-

tions are sampled from a 5D uniform distribution on the interval 

[-1,1]. We use the hyperbolic tangent activation function on the 

output layer of the Generator, and LeakyReLU on all other lay-

ers. The architecture of the Discriminator is given in Fig. 5. All 

layers of the Discriminator apply spectral normalization and 

LeakyReLU activation. For each connection weight update of 

the Generator, we run five updates of the Discriminator. We use 

a batch size of 6000 and the Adam [22] update rule with learn-

ing rate 0.0002, and first order momentum set to 0.5, training 

the net for 200000 epochs. Weight coefficient α in the loss func-

tion is set to 0.5. 

The Encoder’s architecture follows that of the Discriminator, 

except for the size of the output layer, which is changed to 5×1 

in order to output points in latent space. Training settings follow 

those of the Discriminator, except that the number of training 

epochs is reduced to 50000. The Encoder uses hyperbolic tan-

gent activation on its output layer, and LeakyReLU on all other 

layers. 

B. Data Collection 

Data for training the GAN and Encoder was collected by 

means of simulation. For considerations of speed and interac-

tivity, we used Blender [23]. We place a DLO in the simulation 

environment, and record its shape in point chain format while 

we apply linear displacements to its endpoints. 

The DLO was simulated as a softbody. This formalism al-

lows us to treat the DLO as a point chain model directly. Phys-

ical parameters were set as follows: friction: 10, mass: 2, pull: 

0.95, push: 0.8, damp: 0.5. Other parameters (plastic, bending, 

length) were set to 0. To manipulate the DLO, we used 

Fig. 4 Generator Architecture 

Fig. 5 Discriminator architecture 



Blender’s empty object. Attaching the empty object to a point 

on the DLO allows us to deform the DLO by moving the empty 

object around. However, motion in random directions can pro-

duce shapes that fail to resemble real cord. Hence we assess 

whether a given shape is cord-like, and add only shapes passing 

this assessment to the dataset.  
The assessment is performed using cosine similarity. The 

main goal is to filter out shapes with overly acute curvatures. 

Starting from the cord’s endpoint, we find the difference vector 

from each point to the next, and calculate the cosine similarities 

between subsequent vectors in this sequence. If any fall below 

a given threshold, the sample is rejected. Fig. 6 shows examples 

of point chain representations obtained with (b) and without (a) 

this criterion. 

C. Additional Training 

In Section V-B we explained latent representation search. 

However, if the latent space is not structured properly, this 

method may fail to find an accurate latent representation for a 

given shape. In this case, we can improve the latent space 

through additional training as follows. 

As previously explained, the point chain model has its roots 

in physical simulation. Hence, it is easy to instantiate a point 

chain representation as a physical cord in simulation. From a 

cord shape we wish to incorporate into the latent space, we pro-

duce a set of slightly deformed variations, and perform addi-

tional training of the GAN and Encoder with this data. Then, 

we again search the latent space for the corresponding latent 

representation. 

This improvement process is performed offline, but over time 

it makes it possible to construct a practically applicable latent 

space. 

D. Shape Transition Search 

Figure 7 shows an example of point chain representations re-

covered from given latent representations. For shapes from the 

training data, and shapes closely resembling these, we find that 

uninterrupted point chain representations are recovered from 

the corresponding latent representations. This shows that it is 

possible to construct a latent space in which point chain repre-

sentations of the cord are distributed as latent representations. 

Furthermore, it shows that it is possible to construct a Generator 

that can reconstruct uncompressed, high-dimensional shape in-

formation from compressed representations of point chains.  

Next, we experimentally evaluated our method for generat-

ing shape transformations. With the cord in a given shape con-

figuration, we move one endpoint by some distance in a straight 

line, and let the pre- and post-displacement shapes be the initial 

and goal shape for transformation generation. The threshold for 

cosine similarity introduced in Section VI-A is set to 0.25. We 

perform additional training as described in Section V-C for 100 

epochs. The threshold for the mean squared error of Equation 

(2) is set to 0.2.  
Figure 8 shows three examples of generated shape transfor-

mations. We observe that appropriate intermediate shapes are 

generated in each example. These results indicate that function-

ality for finding the latent representation of a given point chain 

was constructed successfully for part of the latent space. How-

ever, we also observed cases where the latent representation of 

a given point chain could not be found, even when additional 

data collection and training was performed. We hypothesize 

that such failures could be avoided by training the GAN and 

Encoder on a wider variety of shape configurations in the initial 

training phase. Another factor may be the number of training 

iterations. In this experiment, we performed 100 epochs of ad-

ditional training of the GAN and Encoder. We confirmed 

proper convergence for the Encoder by graphing the loss curve. 

However, the loss function for the GAN provides no clear indi-

cation of how well the Generator’s output approximates the 

training data, so whether the number of training iterations is 

sufficient for the GAN remained unclear. Addressing this issue 

will require a method for better assessing a GAN’s training pro-

gress. 

VII.  CONCLUSIONS 

We introduced a framework for generating shape transfor-

mations for Deformable Linear Objects, using a GAN to gener-

ate deformations without reliance on physical simulation. We 

represent DLO shape configurations as points in a low-dimen-

sional latent space, and generate shape transformations within 

that space. We confirmed that this method can generate arbi-

trary DLO shape by sampling a point in the latent space and 

then decoding it. We presented a method to find the latent ex-

pression of the specified shape from the latent space. Finally, 

we confirmed shape transformations for linear displacements 

applied to a DLO’s endpoints. 

(a) (b) 

Fig. 6 Examples of point chains created in Blender. (a) Point chains 

generated without cosine similarity-based filtering. (b) Point chains 

generated with cosine similarity-based filtering. 

Fig. 7 Examples of generated point chains. 



In future work, we aim to improve our training methods in 

order to construct a more effective latent space, and expand the 

variety of shape transformations that can be generated. We also 

hope to introduce functionalities for handling DLO rigidity and 

kinks. Then, we will realize a real-world DLO manipulation 

task through experiments using actual robots, and make wide 

use of the proposed approach. 
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