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Hardware design of autonomous snake-like robot for

reinforcement learning based on environment
-Discussion of versatility on different tasks-
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Abstract—In this paper, we propose the design of a robot with
a snake-like body based on a test environment. We explore the
abstraction of state-action spaces for reinforcement learning.
Additionally, we discuss the versatility of the proposed
mechanism by showing that different tasks can be completed by
simply changing the reward of the reinforcement learning.
Finally, we mention the importance of a body design based on an
environment by considering the concept of ecological niches.

I. INTRODUCTION

Recently, robots that are able to adapt and operate in
unknown environments have attracted a great deal of
attention. The snake-like robot is one such robot, and there are
expectations that it will eventually be deployed in real-world
rescue operations and other similar tasks [1-8].

To control snake-like robots autonomously, various
approaches have been proposed. Reinforcement learning is one
of the more effective candidates because it allows a high
degree of autonomy and versatility [9-18]. Using this method,
the robot can learn through trial and error without a supervisor.
By applying reinforcement-learning methods for robot control,
the robot can adapt to an unknown environment autonomously.

Conventional reinforcement learning does have two serious
drawbacks for practical use. The first drawback is the curse of
dimensionality [7], and the second drawback is the inability to
generalize between similar situations and actions. Because of
the curse of dimensionality, the time required for learning is
increased exponentially. It often becomes impossible to
complete the learning process within a reasonable time limit.
Moreover, if the learning process is completed on time, even
trivial changes in the environment restart the learning process.
This results from the inability to generalize acquired learning.
In order to realize the necessary level of automation that the
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snake-like robot would require to operate in the real world, we
have to solve these two problems without losing autonomy or
versatility.

In our previous work, to solve these problems, we proposed
the utilization of real-world properties for abstracting
state-action spaces. For example, we designed the body of the
snake-like robot by taking into account the dynamics of the
real world. We showed the effectiveness of the proposed
snake-like robot by demonstrating its ability to complete a task
of going towards a light while avoiding obstacles [15].
Unfortunately, the previous experiment was limited to only
one task, and the versatility of the proposed mechanism was
not explored.

In this paper, we discuss the versatility of the proposed
mechanism by showing that different tasks can be completed
by simply changing the reward value of the reinforcement
learning. We also discuss the importance of the robot’s
environment-based body design using the framework of an
ecological niche.

II. CONVENTIONAL WORKS

In conventional works, various approaches employing the
previous knowledge of tasks have been proposed in order to
reduce the learning time. One of the most effective and
well-known approaches has been to divide a given task into
smaller tasks and then learn each of these tasks independently.
This approach is very effective and applicable for practical use,
only if the task is fixed beforehand. This approach has
problems with regard to autonomy and versatility; prior
knowledge of the task is required for dividing the task. Both
autonomous learning and versatility are lost due to the
necessity of prior knowledge.

Our current study is focused on methods that require no
prior knowledge and that allow a high degree of autonomy and
versatility. Unfortunately, universal learning algorithms suffer
from the curse of dimensionality; therefore, the robot’s
learning process is very time consuming.

Next, we consider approaches for generalization between
similar situations and actions. In conventional works, various
approaches for generalizing state-action spaces are proposed
[12, 16-18]. Usually, the generalization process is carried out



by combining reinforcement learning with other techniques.
Some of these techniques include the use of neural networks,
Fuzzy logic, or a stochastic approach. By combining
techniques, the size of state-action spaces is decreased, and the
load of reinforcement learning is reduced; however, these
approaches still have problems.

On one hand, if we employ a learning algorithm, such as the
addition of neural networks, greater time is required for
generalization. As a result, the total learning time, including
the time taken for reinforcement learning and generalization is
still too long to be practical.

On the other hand, if we employ techniques in which a
designer creates a state-action space by using the prior
knowledge of a given task, it implies that versatility and
autonomy are lost for previously stated reasons. Therefore, it is
difficult to achieve generalization in a reasonable amount of
time without losing versatility and autonomy.

III. PROPOSED FRAMEWORK

A. Importance of design based on environment

As mentioned in section I, it is difficult to solve the curse of
dimensionality and the inability to generalize without losing
versatility and autonomy. However, higher organisms in the
real world can learn in real time in spite of the fact that they
learn by trial and error, and acquired policies can be applied
generally. Using a conventional framework, we cannot explain
why these organisms can learn general policies within such a
short time.

We are forced to consider the fact that the conventional
framework has two causes that cannot explain the behavior of
organisms. One is the notion that the learning process can be
expressed as an algorithm using mathematics. This would
imply that almost all studies on reinforcement learning would
belong to the information or software sciences. The other
notion is that all prior knowledge results in a loss of versatility.
Certainly, we can observe that employing the prior knowledge
of tasks causes the loss of versatility; however, we also have to
consider that employing the prior knowledge of an
environment does not always cause a loss of versatility.

Generally, organisms live in various places, and we tend to
think that they have a universal mechanism for adapting to
their environment. We tend to try to describe this universal
learning mechanism independently from the real environment;
however, if we focus on one species, the environment in which
the species lives is restricted. The adaptive mechanism of each
species is dependent on its environment—it is not universal.
Each species has a body suited to its environment, and it
adapts itself by utilizing the properties of that environment. In
biology, this is called an ecological niche.

Therefore, there is a possibility that higher organisms utilize
the properties of their environment to improve their learning
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efficiency. Even if a body is dependent on its environment, its
versatility and autonomy are not lost. This is because an
organism lives in its environment and can always utilize
properties of its environment.

We must consider that the problems caused by the curse of
dimensionality and the lack of generality could be solved not
through the improvement of the universal learning algorithm
but by the improvement of the body so that it can utilize the
properties of the environment.

Keeping this in mind, we designed the body of the
snake-like robot by utilizing the prior knowledge of the
environment it would be operating in. This will allow the robot
to utilize the properties of the environment for abstracting
state-action spaces. The objective of this experiment is to show
that versatility for different tasks is maintained even if we
design the robot by utilizing the prior knowledge of the
environment.

B. Environment

Fig. 1 shows an example of the environment used. There is
one light source that the robot must move towards, and many
obstacles. The obstacles are wooden sticks, plastic pipes, and
sponges. The obstacles are placed randomly, and the spaces
between them are 1.5 times greater than the width of the robot.
The robot may touch the obstacles, and it can use reactive
force to move. Some obstacles are not sufficiently fixed in
place; therefore, they can be moved when sufficient force is
applied. The amount of force necessary to move these
obstacles is unknown, and the robot does not have any
information regarding the environment. The robot does not
know the positions of the obstacles or which obstacles are
fixed in place. In addition, the positions of the obstacles are
changed after the robot has learned them.

There are many obstacles in the experiment environment,
and the snake-like robot has many degrees of freedom;
therefore, the curse of dimensionality is a serious problem. All
acquired learning should be generally applicable for adapting
the robot to changes in the environment.
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Fig. 1 Environment



C. Snake-like robot

Fig; 2 Proposed snake-like robot

Fig. 2 shows the snake-like robot we employed in this
experiment. We have improved our previous robot [15]. This
robot has the ability to turn in a small radius, and the range of
the light sensor module is improved. With regard to the
versatility of the proposed framework, the mechanism for
abstracting state-action spaces is the same as that in our
previous paper [15]. Details of the design are provided in the
subsection below.

D. Hardware design of body

We employed the physical properties of the environment
like a law of motion. Fig. 3 shows the passive mechanism of
the proposed snake-like robot [15]. We did not use any
actuators for joints; therefore, all the joints were passive.
Additionally, we did not employ force sensors for the body or
angle sensors for the joints. Two wires were embedded in the
robot, and the length of these wires was controlled by a motor
embedded into the rear end (Fig. 4). Rubbers that generate
conservative force were embedded between all the links. The
head of the robot is an acute-angled triangle, and it has a small
free wheel attached to the tip to avoid reactive force from
obstacle.
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Fig. 4 Mechanism for pulling wires
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Fig. 5 shows that when the robot contacts obstacles, some
free joints are moved by the reactive force. The affected links
pull the wire on one side, and the wire pulls the other links to
compensate for the change in direction of the robot. When the
robot has avoided the obstacle, the rubber pulls the affected
links, returning them to their initial straight shape. If more than
one obstacle hits the body, the resultant force of the reactive
forces determines which links are moved.

As a result of the wire constraints and the dynamics of the
rubbers, the robot moves as shown in Fig. 5. If the length of
the wires on both sides is equal and the obstacles are set
uniformly, the expected result is straight movement while
avoiding the obstacles (Fig. 5 a)). If the length of the wire of
the left side is shorter than the wire on the right side, the
expected movement is a turn to the left (Fig. 5 b)).
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a) Move forward b) Turn left

Fig. 5 Expected behavior

The movement of each joint is realized passively in this
mechanism. Which joint should be moved, and to what extent
is determined by the dynamics of the real world. The reactive
force from the obstacles is used directly to move the joints.
The state of each joint has an effect on the balance of wire
constraints; therefore, these states are used to control the robot.
These states do not have to be measured; the necessary
calculation is processed by the dynamics of the real world.

The moving direction of the robot is determined by one
equilibrium point. This point is the difference between the
lengths of the wires. We can reduce the dimension of state of
the body to only one by using the difference between the
lengths of the wires as the state of the body. In this
experiment, we used the angle of the tail motor, instead of the
difference between the lengths of the wires as the state of the
body; the result was the same.

We can also reduce the dimensions of the action space to
only one. We define the action as to move the tail motor for
changing the lengths of the wires.

E. Hardware design for sensing

We employed many CdS cells, and we used an equilibrium
point of the output of the CdS cells as the direction. CdS cells
are electrical cells that convert light intensity to electrical
resistance. They have directional characteristics, and the front



side of a CdS provides the best response. Fig. 6 shows a CdS  state space is two, and the total number of states is 35.
cell, a module of CdS cells, and their layout in the robot. We Table 3 lists the actions executed by the robot. The actions
developed one module using 6 CdS cells, as shown in Fig. 6 b), consisted of turning the tail motor, which pulled the wires.
and we embedded the module into every link of the robot, as
shown Fig. 6 ¢). TABLEI
We calculated Equation (1) in parallel using an analog STATE OF THE LIGHT DIRECTION S

electrical circuit, and we used the result as the direction. NV is stgte d%
the number of links, and x is the direction (0 < x <5). When T q 197 75]
light is put at the front side of the robot, x is 2.5, and if x is ) q .45: 2.05]
smaller than 2.5, it implies that the light is on the right side of 3 ©.05,295]
the robot. If x is greater than 1.5, it implies that the light is on 4 .95, 3.55]
the left side of the robot. 5 8.55, 3.80]
S W/R)+2Y (/R)+3Y (/R +4Y " (/R +5Y (I/Ry) o 6 3.80, 5]
x= 6 6
2 2 (VR TABLE II
We used x to trigger the reward used in reinforcement SATE OF THE BODY
learning. state 0 1 2 3 4
oo cet angel [deg]] -50] -25| 0 | 25 | 50
] TABLE 11l
Top view ACTION
a) Cds Cell b) Module of CdS Cell action motion
0 turn tail motor —25 degree
1 hold tail motor
2 turn tail motor+25 degree
) Photo-resistors for snake-fike robot When the state of the light direction was 1 and the state of
Fig. 6 Sensing system using CdS cells the body was 1, » = 100 was given as a reward. When the state
of the light direction was 3, 4, 5, 6, or the light went out of the
IV. EXPERIMENT observable range, » = —100 was given as a penalty. The trial
A Task was then be halted, and the next trial started from the initial
We created a task that uses a light source as a goal. We position.
placed the light source at the center of the environment. C. Experiment
B. Setting of Q-learning We conducted 50 trials using the environment shown in Fig.

7, and we applied acquired policies for the environment shown
in Fig. 8. In Figs. 7 and 8§, the broken line is an auxiliary line
that expresses a circle; the robot cannot see the line.

We used the example of typical Q-learning [10] for
reinforcement. We did not modify the algorithm, because the
aim of this experiment was not to improve learning algorithms,
but to discuss the versatility of the proposed mechanism.
Equation (2) shows Q-learning.

O(s,a) « (1-a)0(s,a)+afr(s,a)+ ymax O(s’,a")} (2)

s: state, a: action, r: reward, : learning rate, : discount rate

3

DR 5
Fig. 7 Environment for learning

We set @ as 0.2 and p as 0.5. Action is selected using -
.

the & -greedy method, and the probability of random selection
is 0.1. The duration of one trial was 50 s, and calculations were
performed using Equation (2) every 2.5 s.

Table 1 shows the state of the light direction. The resulting
values are the outputs of Equation (1). Table 2 shows the state
of the body. These values represent the angle of the tail motor.

As shown in Tables 1 and 2, the number of dimension of the ‘ 8 Environment with obstacles
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Fig. 9 shows acquired behavior and Fig. 10 shows the
realized behavior using the acquired policy.

We found that the behavior of the robot revolving around
the light was acquired in real time, and the learned behavior
was generally applicable in a different environment. In
particular, the results showed that the acquired policy from the
simple environment was applicable to the complex
environment, which is a very promising outcome.

=40 =106
Fig. 9 Acquired behavior

Fig. 10 Realized behavior using acquired policies
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V. DISCUSSION

First, we confirmed that the curse of dimensionality has
been solved for our purposes. In the proposed mechanism, the
size of dimension of the state space is only two and that of the
action space is only one, though the snake-like robot has 6
links and there are many obstacles in the environment. We
found that the size of the state-action space is significantly
reduced, and the curse of dimensionality is overcome. The
learning process of the experiment was conducted by a real
robot, and it was completed in an acceptable time.

S, i: state of light direction
J: state of body

Fig.

Fig. 12 State transition graph in an environment with obstacles

Fig. 11 shows the state transition graph of Fig. 9, and Fig.
12 shows state transition graph of Fig. 10. From these figures,
we can observe that the state transition in both the graphs is
very similar. This implies that a learning machine using
Q-learning can adapt to different environments as if they were
a similar environment, because of the functionality of the
machine’s body. A learning machine can apply acquired
knowledge to different environments. In other words, by using
the universal properties of the environment, the body of the
robot can generalize changes of that environment. Therefore,
we can confirm that the inability to generally apply learned
principles is solved by the proposed mechanism.

Fig. 13 shows behavior going towards a light source that
was acquired in our previous paper [15]. In that case, a reward
was given when the light was on the front side of the robot.
We found that by changing the reward, different behaviors
were acquired. When designing the body of the proposed



mechanism, we utilized this prior knowledge. It is important to
differentiate that the knowledge used was not knowledge of
the task, but knowledge of the environment. This body can be
applied to many different tasks, as long as the environment has
similar properties to the one used in this experiment. That fact
effectively demonstrates the versatility of the proposed robot.

No. 6

No. 3
Fig. 13 Behavior going towards a light source

We can conclude that by designing the body around the
properties of an environment, we can abstract state-action
spaces. As a result, the problems of the curse of dimensionality
and the inability to generally apply learned knowledge can be
solved without losing versatility.

The important role of a designer must be considered when
developing an autonomous robot controlled by reinforcement
learning. The designer must assess what the universal and
changeable properties of an environment are and understand
how to implement these factors in the design of a mechanized
body. These design considerations are what allow for the
generalization between similar situations and actions.

VI. CONCLUSION

In this study, we explored the autonomous control of a
snake-like robot that learns through reinforcement. We
observed that the hardware design must take the environment
into account. The universal properties of the environment
allow the robot to generalize between similar actions and
situations.

To demonstrate the validity of the proposed framework, an
experiment was conducted, and we confirmed that by
designing the body for utilizing the properties of the
environment, we can abstract state-action space. As a result,
the problems of the curse of dimensionality and the inability to
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generalize between similar situations and actions can be solved
without losing versatility.

Our future efforts will focus on applying the proposed
framework to more complex environments, such as a
rubble-strewn rescue operation.
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