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Abstract: Due to suffering from the diversity and complexity of robotic tasks in continuous domains, robotic skill learn-

ing is the most challenging issue in this area, especially for robots with high-dimensional state spaces. To learn structured

policies for continuous control, the graph neural networks (GNN) was previously applied to incorporate explicitly the

robot structure into the policy network. In this work, we tackle the problem of robotic skill learning in high-dimensional

state space with the help of graph neural networks. Instead of utilizing a general purpose multi-layer perceptron (MLP)

as a unified controller to output actions for all joints of the robot, we construct a separate controller for each joint of the

robot by using the individual features that have been extracted by GNN model. Empirical results on simulated continuous

systems, including applications to PR2 task and Centipede task, demonstrate that the proposed framework can achieve

satisfactory learning performance, and more importantly, it significantly reduces the parameters of the policy network.
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1 INTRODUCTION

During recent decades reinforcement learning (RL) tech-
niques have achieved notable successes in the field of
robotic control [1, 2, 3]. RL enables autonomous robots to
learn large repertoires of behavioral skills with minimal hu-
man intervention making it one of the most common meth-
ods in robotic applications [4].

Most of the research in robotic control with RL typically
uses multi-layer perceptron (MLP) as the agent’s policy
network. To be specific, MLP takes takes the state vectors
of joints from the environment as input. Then the MLP
policy network outputs actions to be taken by joints. With
the powerful representation performance, RL using MLP
as a policy network can perform complex tasks on robots
such as simulated and real locomotion [5, 6] and robotic
manipulation [7].

Despite the remarkable performance, the existing RL mod-
els are prone to overfitting with onerous data, especially for
high dimensional data in the robot state space. Yet robots
are usually formed by multiple dependent joints. As an
example, the PR2 arm is composed of numerous physi-
cally linked joints. Action to be taken by each joint may
thus not only depend on its states but also actions of other
joints. Absolutely, RL models using MLP as a policy net-
work have to discover the latent relationships between dif-
ferent joints, which typically results in longer training time,

This work is supported by National Key Research and Develop-
ment Plan of China grant 2017YFB1300202, NSFC grants U1613213,
61375005, 61503383, 61210009, the Strategic Priority Research Program
of Chinese Academy of Science under Grant XDB32050100, and Dong-
guan core technology research frontier pro ject (2019622101001).

requiring considerably large number of training samples.
Therefore, how to learn a representation that captures the
latent relationships behind the structures of the robot is of
great importance for efficiently decomposing the high di-
mensional state space of the robot.

By incorporating a prior on the structure, Wang et al. [8]
proposed learning structured policies via graph neural net-
works (GNN) [9] to learn the latent independent features of
each joint. Specifically, as the policy network of the agent,
NerveNet[8] first propagates information through the struc-
ture of the robot and then outputs actions for different joints
of the robot. By doing so, the structured policy has the abil-
ity to utilize the structure information of the robot’s body,
which contributes to learning the correct inductive bias, and
thus less tends to overfitting.

However, an important point to note here is that work in
Wang et al. [8] aimed to output actions by using a gen-
eral purpose multi-layer perceptron (MLP) as a unified
controller. Nevertheless, it is intuitively obvious that con-
trollers of different joints for the robot also differ, often
dramatically. The reason the model in [8] can achieve sat-
isfactory performance we consider is because this method
has the ability to learn a highly redundant feature repre-
sentation. While the preceding method is attractive, com-
plexities arise when agents have high dimensional features.
GNN as a policy network which requires more parameters
than traditional MLP policies tends to overfit with abundant
data, especially for high dimensional data in the robot state
space, which is a significant challenge for robotic control.

In this paper, considering that the GNN model has the abil-
ity to propagate information between different parts of the
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body based on the underlying graph structure before out-
putting the action for each actuator, this work devises a
framework that can reduce the dimension of the feature rep-
resentation. More specifically, each actuator of the agent
can construct a separate controller by using the features
that have been already extracted by the GNN model. By
doing so, the input of the separate controller can be a low-
dimensional feature, and the policy network is naturally
less prone to overfitting. Moreover, the output model in the
framework even can utilize the linear model to output ac-
tion, rather than using more sophisticated multi-layer per-
ceptrons (MLP).

The main contributions of this paper are summarized as fol-
lows. First, We investigate the problem of learning a struc-
tured policy for the robot via graph neural networks. Sec-
ond, a novel framework where different linear models are
used to output the action distribution of different joints, is
proposed to address the complicated tasks that have high-
dimensional state spaces.

The rest of this paper is organized as follows. Preliminaries
and a brief review of related work are presented in Section
2. Section 3 shows the novel framework to learn the la-
tent independent features of each joint. In Section 4, the
main experimental result is presented and discussed. Fi-
nally, some concluding remarks are given in Section 5.

2 RELATED WORK

In spired by the huge success of deep neural networks in the
supervised learning domain, recently there has been a large
number of methods trying to apply neural networks on RL
domain [5, 9, 10]. Due to the burden of expensive data
collection for learning large repertoires of complex robotic
skills, it has remained a significant challenge to decompose
the high-dimensional feature space of the robot effectively.
Therefore, this work proposes a novel framework to learn
the latent independent features of each joint to decompose
the high-dimensional feature space via graph neural net-
work (GNN).

This paper improves on policy network by utilizing graph
neural networks [11]. A graph data structure consists of
a finite set of vertices (objects) and edges (relationships).
It is worth noting that graphs have complex structure with
rich potential information [12]. Researches of graph with
machine learning methods have been receiving more and
more attention, given that graph structure data is ubiquitous
in the real world. GNN was introduced in [11] as a general-
ization of recursive neural networks that can process graph
structure data. Due to its good generalization performance
and high interpretability, GNN has become a widely used
graph analysis method in recent years. GNN [13, 14] has
been explored in a diverse range of problem domains, in-
cluding supervised, semi-supervised, unsupervised, and re-
inforcement learning settings. GNN has been used to learn
the dynamics of physical systems [15, 16, 17] and multi-
agent systems [18, 19, 20]. These GNN models have also
been used in both model-free [8] and model-based [21, 22]
continuous control. GNN models also have potential appli-
cations in model-free reinforcement learning [23, 24], and
for more classical approaches to planning [25].

In this paper, the work is based on the idea of represent-
ing a robot as a graph. Here, we define the graph struc-
ture of the robot as G = (u, V,E). u is the global at-
tribute of the graph. V = {vi}i=1:Nv is the set of nodes(of
cardinality Nv), where each vi is the attribute of a node.
E = {ej , sj , rj}j=1:Ne

is the set of edges (of cardinality
Ne), where each ej is the attribute of an edge, sj is the in-
dex of the sender node and rj is the index of the receiver
node. In our tasks, the nodes correspond to the joints and
the edges correspond to the bodies.

Battaglia et al. [26] presented the Graph Networks(GN)
framework that unified and extended various graph neural
networks. The GN framework defined a set of functions for
relational reasoning on graphs and supported constructing
complex structures from simple blocks. The main unit of
the GN framework is the GN block which takes a graph
as input and returns a graph as output. A GN block con-
tains three ”update” functions, φ, and three ”aggregation”
functions, ρ.

e
′
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′
i = ρe→v(E

′
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′
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= ∪iE

′
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As a graph, G, is the input value of a Graph Network, the
computations propagate from the edge, to the node and the
global level. Algorithm 1 shows the steps of computation
for details.

Algorithm 1 Steps of computation in Graph Networks

Input: Graph, G = (u, V,E)
for each edge {ej , sj , rj} do

Compute updated edge attributes e
′
k ← φe(ek, vsk , vrk , u)

end for
for each node{ni} do

Let E
′
i = {e′

k, sk, rk}rk=i,k=1:Ne

Aggregate edge attributes for each node e
′
i ← ρe→v(E

′
i)

Compute updated node attributes v
′
i ← φv(e

′
i, vi, u)

end for
Let V

′
= {v′

i}i=1:Nv , E
′
= {e′

k, sk, rk}k=1:Ne

Aggregate edge and node attributes globally e
′ ←

ρe→u(E
′
), v

′ ← ρv→u(V
′
)

Compute updated global attribute u
′ ← φu(e

′
, v

′
, u)

Output: Graph, G
′
= (u

′
, V

′
, E

′
)

Recent work by Wang et al. [8] modelled the structure of
the reinforcement learning agents using NerveNet model.
They aim at learning structured policies for continuous
control to achieve transfer learning from one structure to
another. Despite the powerful transfer performance, the
NerveNet [8] model has more parameters than traditional
MLP policy, and also needs longer training time. This so-
phisticated algorithm have not been applied to domains as
difficult as robotic control, not to mention complex tasks
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Figure 1: In this figure, we use PR2 as an example of the framework. In the feature extraction model, a MLP fetches the
state vector of each joint. Then GNN model updates the initial feature of each joint to get the final feature of each joint. In
the action model, the policy is produced by collecting the output from each linear model controller.

with high-dimensional state space. For robotic tasks with
high-dimensional state space, the features of each joint are
not sufficiently independent and will inevitably result in
redundant representations. So it is of very importance to
encourage independence among the learned features. To
address the the problem of robotic skill learning in high-
dimensional state space, this work propose a novel frame-
work to learn features that discover the latent relationship
between different joints with desired independence prop-
erty.

3 PROPOSED METHOD

In this section, to tackle a sequence of complicated tasks
that have high-dimensional state spaces, we devise a in-
terchangeable framework to decompose high-dimensional
feature space of robots efficiently.

Robotic skill learning in RL typically use MLP as the
agent’s policy network. Specifically, MLP takes the ob-
servartions vector from the environment as input, and then
outputs actions to be taken by every joints of the robot. Ac-
cordingly, the task of the MLP policy has to discover the la-
tent relationships between states, which naturally results in
longer training times, not to mention is prone to overfitting
with high dimensional data in the robot state space. The
proposed framework integrate these desiderata directly into
the framework: high dimensional data is solved by GNN
model, while longer training time is prevented by the Ac-
tion Model.

3.1 Feature Extraction
The joint u of the robot gets an observation vector su at
each time step in the environment. Passing the observation
vector through a neural network, a fixed-size feature vector
can be obtained as follows:

fu = F (su) (2)

where the subscript denote the joint index. Here, F is a
MLP having 3 layers with 64 the number of units at the hid-
den layer. The caveat is that the observation vectors need
to be padded with zeros if different joints have observation
vectors of different dimensions.

3.2 GNN Model
In particular, for each joint u, we have access to a fixed-size
feature vector fu. Using the GNN model, joints u com-
putes a final feature vector as below,

gu = GNN(fu) (3)

where GNN is the propagation model which mimics the
NerveNet framework [12] applied across all nodes infor-
mation. The GNN model propagates nodes information be-
tween different parts of the robot based on the underlying
graph structure before outputting the action for each joint.
With the ability to utilize the structure information encoded
by the robot’s body, the GNN model is advantageous in
learning the correct inductive bias for the final feature of
each joint.

3.3 Action Model
Previous work in the field of RL, agents typically utilize a
MLP as the policy, where the single network outputs the
mean of the Gaussian distribution for all joints. Note that
we do not attempt to output the action distribution of all
joints by a sophisticated MLP, but instead use different lin-
ear models to predict the action distribution for each indi-
vidual joints. For example, for each joints, a Linear Model
takes its final feature vectors gu as input and produces the
mean of the action distribution for the corresponding joints,
as shown in Fig.4. Therefore, we have the following action
model:

μu = Au(gu) (4)

where μu is the mean value for action applied on each joint.
Here, Au is the Linear Model for joint u.

4 EXPERIMENT

In the following experiments, we first investigate the rea-
sons why GNN with a single network can achieve satisfac-
tory performance. Then, the proposed framework is com-
pared with NerveNet to show its good potential in feature
reduction. It is important to point out that feature reduc-
tion represents a very difficult, and more often the case,
unsolved problem in RL field. Most feature reduction al-
gorithms have not been applied to RL domains, not to men-
tion complex robotic skill learning.
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Figure 2: The performance of MLP for the feature reduc-
tion experiment

4.1 PR2 Task
We run experiments on a simulated continuous control task
from Gym, Brockman et al. [27], which is based on Mu-
JoCo, Todorov et al [28]. Particularly, we use a robotic arm
task: PR2 arm. The maximum number of training steps
is set to be 1 million. In this paper, the proximal policy
optimization(PPO) [10] is used to optimize the expected
reward.

Experimental settings To fully evaluate the perfor-
mance of the proposed framework, the experiments are run
on the simulated environments from the Gym. Similar in
vein to the structure of the PR2 arm, the first environment
is created. The goal of the agent is to get the end of the
PR2 arm to the precise point. For each time step, the total
reward is the negative value of the distance from the end of
the arm to the precise point.

Results To explore the reasons why GNN with a single
network can achieve good performance, we first run ex-
periments of the NerveNet model on PR2 environment. A
important point to note here is that we gradually reduce the
dimension of the feature vector, but train the NerveNet in
1 million time steps for all different dimension of the fea-
ture vector, which is shown in Figure 3. On the other hand,
the proposed framework and the MLP is appled on the PR2
environment while the dimension of the feature vector is
reduced as before. The results of the experiments can be
seen in Figure 2 and Figure 4.

As can be seen from the figure above, NerveNet is ac-
tually not able to achieve satisfactory performance when
the dimension of the feature vector drops sufficiently low.
One reason is that the highly redundant feature vector en-
able a single network to output the action distribution of
all joints well. However, low-dimensional features do not
have enough information to make a single network to out-
put the action distribution of all joints. Therefore, we argue
that different networks should be used to predict the action
distribution for each joint. The results, as shown in Figure
4, indicate that, despite the dimension of the feature vector
is very low, the proposed framework is still able to achieve
satisfactory performance.

Figure 3: The performance of NerveNet for the feature re-
duction experiment

Figure 4: The performance of the proposed framework for
the feature reduction experiment

We further explore that we do not utilize MLP to output the
action distribution when the dimension of the feature vector
drops sufficiently low, but instead attempt to use a simple
linear model. It can be seen from the training curves in
Figure 5 that the linear model in the proposed framework
achieves comparable performance to the MLP based meth-
ods. Nevertheless, as can be seen from the Table 1, the
parameters number of the proposed framework is 99.67%
less than traditional MLP policy, and also the training time
is reduced by 30.41%. The results, as shown in Figure 5
and Table 1, indicate that the proposed framework has the
ability to achieve comparable results to NerveNet method
while greatly reducing the complexity of the algorithm.

4.2 Centipede Task
In order to illustrate the performance of our propsed frame-
work, we also use a robotic task: Centipede. The maximum
number of training steps is set to be 1 million for the Cen-
tipede task.

Experimental settings We use the second environment
in which the agent has a similaer structure to a centipede,
which is common in robotics [8]. The goal of the agent is to
run as fast as possible along a certain direction in the Mu-
JoCo envrionment. The agent is composed of three repet-
itive torso bodies where each one has two legs attached.
Each leg of the agent has two joints, accordingly the agent
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Table 1: Result of the proposed framework on PR2 environment

Model Number of parameters Training time (mins)

NerveNet 33591296 43.88

MLP 100352 35.87

The proposed framework 334 24.96

Figure 5: The performance of the proposed framework in
linear model setting on PR2

Figure 6: The performance of NerveNet for the feature re-
duction experiment

has fifteen joints totally. For Centipede task, the total re-
ward is the speed reward minus the energy cost and force
feedback from the ground.

Results The feature-reduction performance for NerveNet
and the proposed framework on Centipede environment is
summarized in Figure 6 and Figure 7. A more important
benefit is that as the dimension of the feature vector de-
creases, the proposed framework is still able to achieve sat-
isfactory performance. While for NerveNet, with the lower
dimensional feature vectors, the agent can not complete the
task.

We also summarize the training curves of linear model in
Figure 8. Note that when the feature dimension is low
enough, we try to use linear models to output the action
distribution for different joints. Although the dimension of
the feature is low enough, the linear models in the proposed
framework can still achieve good performance. From Ta-
ble 2, one can observe that the parameters number of the
proposed framework is 99.86% less than MLP. At the same

Figure 7: The performance of the proposed framework for
the feature reduction experiment

Figure 8: The performance of the proposed framework in
linear model setting on Centipede

time, the training time of the proposed framework is re-
duced by 26.13% on the Centipede environmet. Hence, the
proposed framework greatly reduces the complexity of the
algorithm and also accomplishes the task well. One possi-
ble reason is that GNN model has the ability to discover the
latent relationships between different joints. Therefore, the
proposed framework can leverage different linear model to
output the action distribution of different joints.

5 CONCLUSION

GNN model is naturally suitable for discovering the latent
relationships between different joints by incorporating a
prior on the structure of the robot, making it an ideal spring-
board for addressing state decomposition problems. In this
paper, we take a small step in this direction and propose
a generic framework for learning individual features for
each joint and reducing the complexity of the algorithm.
In the framework, a separate controller is constructed for
each joint of the agent by using the individual features that
have been already extracted by GNN model. Experimental
results demonstrate that the proposed framework has the
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Table 2: Result of the proposed framework on Centipede environment

Model Number of parameters Training time (mins)

NerveNet 33636352 72.61

MLP 1152000 39.19

The proposed framework 1596 28.95

ability to significantly reduces model parameters without
hurting the learning performance.
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