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Abstract: Because the dynamic model of deformable linear object is complex, the learning based on visual model is difficult, 
and the feature information extraction is insufficient. Therefore, we propose a joint visual representation model using contrast 
learning of optimized encoder. We start with the encoder, add the residual structure to the encoder, optimize the extraction and 
compression of its feature information, and control its parameters to 3 million. In this way, we can not only obtain excellent 
feature information, but also have good efficiency. In the rope experiment, we collect information from the simulated 
environment without manual marking, extract features through the encoder and transmit them to the downstream task. 
Experiments show that the evaluation of our model at 135 ° and 45 ° is improved by about 50%. 
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1. Introduction 
In the past few decades, robot arm manipulation has 

developed rapidly, and has made great progress in many 
subdivided fields. Rigid object manipulation is extremely 
mature. Different from rigid objects, the dynamic model of 
deformable objects is complex and there is no standardized 
state, so the operation of deformable objects is still a 
challenging task, and the control of deformable linear objects 
(DLO) is one of the representative problems. The 
manipulation of deformable objects has a wide range of 
applications, such as robotic surgery, assisted dressing, cable 
routing, folding clothes, and threading in the textile industry 
[1, 2, 3, 4, 5, 6, 7, 8]. However, deformable objects have 
complex and nonlinear dynamics with high degrees of 
freedom, which makes state estimation challenging and 
training prediction expensive. 

Using the robotic arm, placing the rope from a random 
initial state to the target state, or using a two-arm robot to tie 
the rope, all of which require the robot to observe and 
generate corresponding actions to operate according to the 
current state of the rope. The dynamic model of deformable 
objects is complex and nonlinear, and even simple objects 
face complex and unpredictable behavior. We choose the 
learning based method among many methods, but if there is 
no excellent model, its effect is general and generalization 
(the purpose of learning is to learn the laws hidden behind the 
data, and the trained network can also give appropriate output 
for the data other than the learning set with the same law) is 
weak.[9, 10, 11] With the introduction and improvement of 
elf-supervised learning, elf-supervised learning directly uses 
the data itself to provide supervision information to guide 
learning, so its training cost is reduced. The emergence of 
contrast learning method based on self supervised learning 
not only reduces the training cost of images and labels, but 
also can extract a general and easy to transform feature model. 
In the shape control of DLO, the deformable object 
prediction representation learning proposed by Wilson Yan 
[12] et al. based on contrast estimation is feasible. However, 
due to its predictive control from various angles, its final state 
is easy to have a large difference from the target state. We 

speculate that the extraction of feature information is not 
perfect and the depth of the model is not enough. T Therefore, 
on this basis, a new network structure based on comparative 
learning is proposed to deal with deformable linear objects, 
improve the ability of feature information extraction and 
optimize the depth of the model. 

In terms of DLO operation, the requirements for accuracy 
are also increasing. In this paper, with the popularity of many 
efficient frameworks and the open source of various network 
structures, we learn a variety of frameworks and train a new 
framework based on visual model. The framework jointly 
learns visual representations of latent spaces and dynamic 
models of deformable objects using contrastive optimization. 
Inspired by SimCLR [13] and Resnet [14], a special deep 
convolutional network with a separable residual network is 
added to the extraction of features from the encoder to the 
latent space, which not only improves the efficiency of feature 
extraction and quality, and balances the speed and quality of 
feature extraction. The residual network structure can be 
added to most neural networks to effectively solve the 
problems such as gradient explosion, learn effective model 
dynamics after feature extraction, and use standard Model 
Predictive Control (MPC) and one-step prediction to operate 
deformable objects and let them reach the target position. In 
experiments, we have made considerable progress compared 
with other baseline methods. 

In summary, the main contributions of this paper can be 
summarized as follows: 

(a) We propose a DLO shape control compatible model 
predictive control method based on comparative learning 

(b) After modifying the network structure, compared with 
other baseline methods, we find that our method has the 
potential representation of stronger learning and more 
planning, and its feature information extraction has more 
advantages 

In this paper, we detail the shape control of deformable 
objects based on a contrastive learning method with an 
improved network structure, and we organize the rest of this 
paper as follows. In Section II, were view the work related to 
our method. In the third part, we present our model in detail, 
including a detailed description of some of the components 
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used in the method, as well as the mathematical formulations 
and parameters used in the code implementation. In Section 
IV, we have carried out experiments on a data set made of 
collected data in the simulation environment, and compared 

it with some baseline methods to show that our method is 
relatively advanced. At the end of this section, we 
demonstrate the effectiveness of the improved module 
through ablation experiments using a control variable 

 

 
Figure 1. Comparative learning process 

 
(a): The training data consists of (image, next image, 

action), the encoder, and forward model parts of the model we 
designed. The optimized contrastive loss objective makes 
positive embedding pairs closer and negative embeddings 
farther. 

(b): We run our model by designing multiple actions, and 
applying different actions. Ultimately, we choose a set that is 
closer to our target model approach. Section V summarizes 
our work and future research prospects. 

2. Related Work 

2.1. Deformable Object Manipulation 
Robotic manipulation of deformable objects has a rich 

history spanning diverse domains, from industrial operations 
to everyday life to surgical robotics. Manipulation of 
Deformable Linear Objects there has been a lot of previous 
work in the field of robotic manipulation of deformable 
objects. For detailed information, the reader is referred to 
Khalil and Payeur[15], Henrich and Wörn[2]. The standard 
approach to linear manipulations such as ropes is to use 
deformable object simulation in conjunction with planning 
methods [16]. Past work in this area has focused on simple 
linear deformable objects [17, 18, 19], creating better 
simulations [20], and faster planning [21]. Rodriguez et al. 
[21] developed methods for deformable simulation 
environments, and Frank et al. developed methods for faster 
planning in deformable environments. But the various states 
of deformable linear objects are difficult to plan correctly 
even with high computational efficiency. Some previous 
methods deal with complex dynamics through local 
controllers, rather than planning complete complex dynamics 
focusing on simpler approximate programming. One way to 
use local controllers is model-based serv serving [22], where 
the end- effector is controlled to the target position rather than 
being explicitly planned [23]. However, since controllers are 
optimized on simple dynamics, they often get stuck in local 
minima for more complex dynamics [24]. To address this 
model-based dependency, Berenson [25], McConachie and 
Berenson [26], Navarro-Alarcon et al. [27] investigated 
Jacobian approximation controllers that do not require 
explicit models, while Jia et al. Ren [28], Hu et al. [29] studied 
the learning-based servo technique. However, since 
controllers are still local, they are still prone to global 
suboptimal policies. To address this problem McCain’s 

McConachie et al. [24] combined planning with a local 
controller. Although this results in better behavior, 
transferring it to robots requires solving difficult state 
estimation problems [3, 4], however, these will have various 
accuracy and efficiency issues, we propose a new and 
improved training potential dynamics model based on 
comparative learning. The model uses the framework of end-
to-end comparative learning to propose an information 
encoder model, which improves the ability of feature 
information extraction, so as to improve the accuracy of rope 
at all angles. 

2.2. Contrastive Learning 
The learning of dynamic models and the extraction of well- 

representative information remains a formidable challenge in 
deformable linear object manipulation. Contrastive learning 
is developing rapidly, and a lot of research has been done to 
better represent data. Word2Vec optimizes a contrastive loss 
to demonstrate semantic and syntactic structure in the latent 
space of word learning. [30] showed that high-level 
representations for image, video and speech data can be 
learned by using a large number of negative samples. Tian et 
al[31] learn high-level representations through a framework- 
like contrast loss by keeping positive samples of different 
scenes close to each other and far away from other scenes. 
The new contrastive learning framework simclr [13] has made 
important progress in feature representation, providing a new 
method for developing flexible linear object capture. This 
method combines different samples in the embedded space, 
so that the positive samples should be as close as possible and 
the negative samples should be as far away as possible. In 
end-to-end learning, one encoder generates positive samples 
and the other generates negative samples for training and 
learning, and then passes them to downstream tasks. This 
method costs more batch size. We designed a model of a 
single encoder, and in the encoder stage, we combined the 
residual structure to optimize the structure of each step, so 
that the batch size does not need to be particularly large. We 
set it to 128, and the extraction of feature information has 
made great progress, so that it can basically reach the 
required shape in the evaluation stage. 

3. Proposed Method 
In this section, we describe the framework we trained for 
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deformable linear object manipulation: forward modeling 
based on contrastive learning. In this section, we first discuss 
the predictive models of contrastive learning, and important 
improvements to the models inspired by Resnet, and secondly, 
we discuss the formalism of predictive modeling and 
contrastive learning. For our training program, please refer to 
Figure 1. 

3.1. Predictive Models 

 
Figure 2. From the initial state, through our model to reach 

different target states, we select several classical target states as 
levels respectively. 45°. 90°. 135° 

 
 

 
Figure 3. This is the encoder structure we designed, which contains two residual structures. The image is input and extracted by the encoder 

and compressed into the potential space. 
 

For the formulation of the problem, an environment is set 
where observations o ∈  O, actions a ∈  A, and 
deterministic transition dynamics f	ሺot	,	at	ሻ	= ot൅1	 . This can 
learn to train latent features through pixel latent space to 
predict the action of the next time step, and obtain 
observation-action-observation tuples [33] through 
observation. When training a prediction model, we can use it 
to plan deformable linear objects in different states to reach 
different expected target states. For example, please refer to 
Figure 2 for the different operations of the rope. If the 
planning is done through the pixel space of the picture, that is, 
the pixel value of the picture, there will be a great precision 
deviation, because the distance between the pixel values of 
the picture cannot have a good correlation with the real 
distance. For example, in a task where the screw is placed in 
the center of the box, the screw needs to be placed in the 
center of the hole. If the screw is farther from the center of the 
box, then if comparing in pixel space, the next action may be 
the same distance from the center image when using the 
predictions of the vision-forward model, since there is no 

image overlap here. Therefore, the prediction framework 
we consider is to compress the image in the latent space 
for training and prediction, and then train and predict 
through the encoder. We design a Resnet-based encoder, 
the network structure is shown in Figure 3, the training data 
is embedded in a latent space, and a forward prediction 
model is combined in the latent space. Contrastive 
Methods learn through positive and negative samples, so 
we found that end-to-end contrastive learning is more 
suitable for learning the latent space, in which the design 
of the encoder part is particularly important, which 
determines the efficiency of training and the success of 
downstream tasks. 

3.2. Contrastive Learning 
In the overall process of contrastive learning, first collect 

data and make data sets. Then press the data into the latent 
space. This is the most important step. Only by designing the 
encoder well can the overall efficiency and data compression 
quality be guaranteed, as shown in Figure 3. Finally, the data 
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of the positive and negative samples are compared. The 
gradient calculation is performed by comparing the loss 
function so that the embedding of positive samples is closer, 
and the embedding of negative samples is farther. We design 
the encoder assuming gθ	(ot	) = zt	and the forward model 
fφ(zt	 ,  at) ≈zt൅1 ,  using the InfoNce contrastive loss 
described by Oord et al [37] InfoNce contrastive loss Lq	ൌ 

ሻ
ሻ 	(1)  q	represents the data to be checked,  

and k൅	represents the sample similar to q. The numerator is 
the similarity of positive samples, and the denominator is the 
similarity of positive samples and all negative samples. The 
minimized InfoNCEloss is to maximize the numerator and 
minimize the denominator, that is, to minimize the similarity 
of positive samples and the similarity of negative samples. 
Then we use the loss proposed by Wilson Yan [12] et al. L	
ൌെED	 ሾlog	 	 (2) On this basis, where h is the 

similarity function between the computed embeddings,  ẑt+1 
represents the next state of the negative sample, and k 
represents that there are k such negative samples. The essence 
of contrastive learning is to separate the positive and negative 
samples, the positive samples are together, and the negative 
samples are further separated, as shown in Figure 1. Then we 
need to learn a minimal forward model ‖fφሺzt,	at	ሻ	െ	zt൅1‖(3) 
The similar function used is ݄ሺz1,	 z2ሻ	 ൌ	 expሺെ‖λ1	 െ	
z2	‖2ሻ(4) After learning the encoder we enter the action stage 
of the objective function, that is, the realization of the 
downstream task. Here we also need to use a simple model 
predictive control (MPC), according to the type of our action 
Select azt	forward model to run, and select the next action that 
is closest to the target within the distance of (4) the similarity 
function, which also completes the operation of the 
deformable linear object based on contrastive learning. In the 
feature extraction, the encoder that compresses the data into 
the latent space is an important link between the previous and 
the next. 

3.3. Encoder 
We add domain randomization to data processing, generate 

a large number of different simulation scenes, extract better 
feature information, and make the network adapt to different 
domains. In contrast learning, the most important part is 
feature extraction. Only good enough feature information can 
help subsequent tasks. In the network proposed by Wilson 
Yan [12], only six layers are implemented. Simple 
convolution network has low feature dimension and strong 
local information, but it lacks the diversity of feature 
information. However, the network with too deep depth is 
easy to lead to gradient dispersion, while the simple depth 
network is more prone to feature redundancy, and only a small 
part of image features is extracted. The result of adding the 
remaining network structure has changed significantly. We 
designed a new encoder structure, as shown in Figure 3. It is 
mainly composed of two residual structures: 
RestNetBasicBlock and RestNetDownBlock. The difference 
between the two remaining structures is that in the final output 
accumulation stage, our RestNetDownBlockis increased by 1 
× 1. This can reduce the number of parameters in the deep 
network and improve efficiency. The joint effect of the two 
structures is to deepen the network structure and improve the 
accuracy. At the same time, it can solve the problem of 
network degradation, so as to achieve a more efficient feature 

extraction. 64 ×64× 64 images are input into our encoder, first 
through a layer of convolution kernel with a size of 7 × 7. The 
step size is 1 and the Paddingis 3, which can better focus the 
required feature information. Then through Maxpool and the 
two residual structures we designed, and finally through 
linearization, the output data is added to the potential space. 
The encoder we designed reduces the number of parameters 
of Resnet network to 3.8 million. The number of parameters 
of the original resnet18 network far exceeds this number, 
reaching the level oftens of millions. LeakyReLu [27] is 
added to the neural network to introduce nonlinearity. At the 
same time, it solves the problem of Relu neuron death. It 
improves the efficiency and diversity of feature extraction. 

4. Experiment and Evaluation 
In this section, we will conduct experimental evaluation of 

our method and simulate different rope operation tasks in 
different environments. We will compare different models on 
a unified dataset to prove that our method really works. It also 
addresses the question of whether contrastive learning for 
improved encoders has a better potential for manipulation of 
deformable linear objects. Later in this section, we will also 
conduct ablation experiments of separate modules on the 
same dataset, demonstrating the layer-by-layer progress of 
our method. 

4.1. Data Collection 
The Deep Mind Control [33] platform of the MuJoCo [34] 

engine we use uses a 64×64×3 RGB image as input. The 
deformable linear object we designed is a rope composed of 
25 geometric bodies, as shown in Figure 4. Supervised 
learning is expensive and time-consuming to collect samples 
for manual labeling, while comparative learning like self-
supervised learning does not require manual labeling 
information, and directly uses the data itself as supervision 
information to learn the feature expression of sample data and 
use it as a downstream task, then we solve this problem by 
perturbing the rope through random actions in the simulation 
environment. We collected 20,000 rope trajectories with a 
length of 10 (200k samples). Part of the rope with different 
trajectories. 

 
Figure 4. The first two figures are generated pictures, and the last 

two pictures are 25 geom simulation environment ropes 

4.2. Baselines Training 
We employ several methods to compare our improvements, 
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a visual forward model[38], an autoencoder trained jointly 
with a latent dynamics model[37], and PlaNet [36]. and 
Wilson Yai's unimproved contrastive learning-based control 
prediction [12]. To ensure that the action point is on the rope 
lock, we use RGB thresholds to limit its action point, and the 
MPC method of one- step prediction is used in these methods. 

 Visual Forward Model: Kaise's forward model is used to 
model the pixel space to control the prediction. 

 Autoencoder: Compress the model trained on the latent 
space via a classical autoencoder and a simple forward 
dynamics model. 

  PlaNet: By simulating a VAE variational autoencoder, 
the training and learning of the latent space are performed, 
and the temporal variation downline is optimized. 

 CFM: Based on the sample processing of contrastive 
learning, the latent space is trained and learned through a 
simple 6-layer convolutional encoder. 

We have the same environment in all methods, and all ropes 
have the same number and length. We collected the 
predictions of all its methods to compare with our method and 
the predicted trajectory of each method. 

4.3. Training 
The encoder we use is a convolutional neural network 

with a residual structure. The encoder first goes through a 
two- dimensional convolution with a kernel size of 7 and 
a stride of 1. After the maximum pooling layer, the amount 
of computation is reduced to remove redundant structures 
and reduce Our parameters are then added to the 
RestNetBasicBlock and RestNetDownBlock layers, and 
LeakyReLU [27] activations are added between each layer, 
and the final output is flattened and passed into the fully 
linked layer. Our kernel size [7,3,1,3,3,3,3,1,3,3, 3,3,1,3, 
3,3,3,1] per layer for our method, we use contrastive 
learning with 127 negative samples per batch. The 
learning rate used is 1e-3, the weight_decay is 1e-6, the 
optimizer is Adam [21], and 30 epochs are trained. All 
methods are trained on Intel® Xeon(R) W-2102 CPU @ 

2.90GHz × 4 and GeForce GTX 1050 Ti. 

4.4. Quantitative Assessment 
In this section, we quantitatively evaluate our method 

against baseline methods. The training results of all our 
methods are shown in Table 1. The evaluation unit used for 
the evaluation of all our methods is geom, which represents 
the sum of the geometric distance between the final result and 
the target result. It can be found that our proposed method has 
obvious advantages in different angles, and the error is the 
smallest in horizontal angles. This shows that our method has 
better generalization ability and better performance in the 
latent space, which proves that our method is indeed effective 
and has progressed. All methods run 20 actions in the same 
environment with the same initial state and target state, and 
our method first reaches the target state. As shown Figure 5. 

4.5. Ablation Experiment 
In this section, we will perform ablation experiments 

on network structures and datasets to demonstrate the 
superiority of our method. 

(1) In the first experiment, we will replace the simple 
convolutional network in the encoder with a new network 
with our improved residual network structure. The original 
simple convolutional network is a network with only six 
layers of two-dimensional convolution and Relu activation 
functions. The complexity of the simple network is low, and 
the extracted information is not perfect. And our network has 
more advantages in feature information extraction. The 
training results are shown in Table 3. 

(2) In the second experiment, we will discuss the dataset, 
adding domain randomization, the rest being the same. After 
adding this operation, the data set samples have a variety of 
changes, which will be more suitable for the display 
environment, and it can be seen in the simulation test that 
there is indeed progress. The experimental results are shown 
in Table 2. 

 
Table 1. Quantitative comparison between different methods of manipulation in the rope task. The evaluation unit is the geometric distance 

(Geom) between the final task and the target state. The smaller the distance, the better. 
Rope 

method 90。 0。 135。 45。 Random 

Visual Forward Model 2.38 2.09 2.10 2.29 1.52 

Autoencoder 1.96 1.72 1.85 2.11 4.30 

PlaNet 2.58 1.81 2.18 2.31 3.03
CFM 1.89 0.58 1.34 2.29 1.52
Our 1.07 0.48 0.62 1.01 1.40 

Table 2. The data set has undergone Domain Randomization to adapt it to more environments. In quantity evaluation of various methods on 
its data set, the evaluation criteria are the same as those in Table 1. 

Rope with DR 

method 90。 0。 135。 45。 Random 

Visual 
Forward 
Model 

5.28 2.60 4.07 4.47 4.59 

Autoencoder 2.23 1.79 2.16 2.05 3.16 

PlaNet 2.22 1.79 2.12 2.07 2.80 

CFM 1.13 0.68 0.82 0.92 1.38 

Our 0.83 0.47 0.51 0.73 1.37 
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Figure 5. All methods run 20 actions whose target state is the rope 

vertical, and we sample every 4 actions. Obviously our method 
reaches the target state first 

 
Table 3. Regarding the ablation experiments of the encoder, all the 

criteria are the same, only the network model of the encoder is 
different, and the evaluation criteria are the same as Table 1.  

method 90。 0。 135。 45。 Random

simple 1.8 05 1.3 2.2 1.5 

ours 1.0 0.4 0.6 1.0 1.4 

5. Conclusion 
In this paper, we focus on modifying the encoder 

network structure, deepening the network structure and 
avoiding network degradation and over fitting. Under the 
condition of appropriate parameters, it greatly improves 
the extraction ability of feature information, obtains more 
effective feature information, and makes the final state 
of rope shape closer to the target state. In the future work, 
we will do more experiments on the expansion of 
deformable objects, from ropes to more deformable 
flexible objects, so that they can achieve more types of 
operation tasks. 
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