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ABSTRACT

This paper proposes a novel parameter for transfer reinforcement learning to avoid over-fitting when an
agent uses a transferred policy from a source task. Learning robot systems have recently been studied for
many applications, such as home robots, communication robots, and warehouse robots. However, if the
agent reuses the knowledge that has been sufficiently learned in the source task, deadlock may occur and
appropriate transfer learning may not be realized. In the previous work, a parameter called transfer rate
was proposed to adjust the ratio of transfer, and its contribution include avoiding dead lock in the target
task. However, adjusting the parameter depends on human intuition and experiences. Furthermore, the
method for deciding transfer rate has not discussed. Therefore, an automatic method for adjusting the
transfer rate is proposed in this paper using a sigmoid function. Further, computer simulations are used to
evaluate the effectiveness of the proposed method to improve the environmental adaptation performance in
a target task, which refers to the situation of reusing knowledge.
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1. INTRODUCTION

Machine learning systems and intelligent robot systems are increasingly being deployed to solve
practical problems, such as house cleaning and conveyance systems in warehouses [1] [2]. The
reinforcement learning framework has been widely discussed in applications of machine learning,
such as deep Q-networks [3] [4]. Basic reinforcement learning techniques are usually time
consuming. Thus, they are disadvantageous for implementation in actual applications, such as
robot systems. To address this problem, transfer learning has been proposed for reinforcement
learning [5-8]. Transfer learning theory allows the application of prior knowledge to another
similar task. In reinforcement learning, a learning agent is used to draw and transfer policies from
previous tasks (source task) to current tasks (target task). Advantages of transfer learning in
reinforcement learning include: improved learning speed, fast adaptation to environments, and
exploration of more effective performances. Agent systems, including transfer learning, have
been successful in some cases. However, transfer learning is not successful in all applications,
and in most cases, it is necessary to adjust learning conditions and avoid negative transfer
situations, such as deadlock. In the previous years, adjusting the ratio of reusing policy had been
proposed as a method to increase the environmental adaptation performance in the target task.
The method of adjusting the transfer rate is a mechanism that determines the action value of the
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reusing policy, and then uses it in the target task [9] [10]. However, the transfer rate decision
depends on human intuition and experience, and the method to determine the transfer rate has not
been discussed. In addition, the transfer rate is a fixed value, and it is desirable to adjust it
adaptively according to the environment and behavioral conditions. Therefore, an adjusting
method of transfer rate using a sigmoid function is proposed in this paper. The proposed method
automatically adjusts the transfer rate, and the method adjusting the value has to be discounted
when triggered by a bad situation of learning in a target task owing to the reuse of knowledge,
such as collision with an obstacle. Computer simulation is used to confirm whether the proposed
method for transfer learning in reinforcement learning can adjust the transfer rate. The knowledge
obtained is not reused in the case of a negative transfer situation, such as a deadlock; however, it
can be reused in other cases. In particular, in recent years, transfer in reinforcement learning in
multi-agent systems and human robot teams has been discussed, and it is considered essential to
avoid deadlock, that is, negative transfer by transfer learning [11-13].

The remainder of this paper is organized as follows. Section 2 provides an overview of the
reinforcement learning and transfer learning method, and discusses the previous method. It
adjusts the transferring ratio of reusing knowledge. Section 3 discusses the adjusting method for
transferring ratio with the sigmoid function as the proposed method. Section 4 presents the
computer simulation experiments and results to evaluate the performance of the proposed method
compared with previous methods. Section 5 presents the concluding remarks.

2. PrREVIOUS WORKS

2.1. Reinforcement Learning

Reinforcement learning is a machine learning algorithm [3]. The reinforcement learning agent
explores the optimal solution via trial-and-error and creates its own knowledge as policy. Thus,
reinforcement learning does not require training datasets, unlike supervised learning. Many types
of reinforcement learning algorithms have been developed in the past decades. In this study, Q-
learning was adopted as the learning algorithm [14]. The Q-learning is defined by

Q(sp ar) < Q(sp,ap) + a{rt+1 + V%@}Q(Stﬂ' a) — Q(sg, at)}’ (€]

where s € § is the state of environments in a state space, a € A is the action of agent in an action
space, « is the learning rate (0 < a < 1), y is the discount rate (0 < y < 1), and r denotes the
reward. Q(s,a), also known as Q-table, contains all states of the environment and each action
value pair.

To select action by the agent, an action selection method was employed in previous
reinforcement learning research. In this study, the Boltzmann distribution model is adopted as an
action selection function [3]. The action selection probability adopted from the Boltzmann
distribution is defined by

Q(se, ai)/T}
Q(s, a)/T} ’
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where T is a parameter that determines the randomness of action selection. The following

discussion is based on Watkins’s Q-learning and action selection function is derived from the
Boltzmann distribution model.
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2.2. Policy Copy in Transfer Learning

For traditional transfer learning in reinforcement learning, Tyalor et al. defined a method for
transferring the learned action-value function [5] [6]. This method is referred to as policy copy in
transfer learning, and is defined as follows:

Q¢(s,a) « Q¢(s,a) + Qs(s, a). 3

Here, Q. (s, a) is the policy that includes the initial value in the target task. It is used for learning
and action selection. Q¢(s, a) is reusing policy from the source task. Reusing policy has state-
action values obtained from the source task. In Taylor’s method, the agent in the initial state of
the target task sums the initial value of Q.(s,a) and transferring policy Q,(s,a). The agent is
learned using the assimilated policy Q;(s,a) in the target task. Simply, the agent is reusing the
transferred policy and overwriting the policy through trial-and-error simultaneously.

Originally, Taylor’s method includes inter-task mapping, which defines the mapping between the
agent’s observable environmental state S and the executable action A. Inter-task mapping is not
mentioned in this paper owing to the description of simplicity.

In Taylor’s method, if the transferred policy is sufficiently learned in the source task, it will
behave according to the policy when used in different environments, and deadlock, such as
collision with obstacles, may occur. This phenomenon is called over-fitting and over learning.
The agent can overwrite the policy through behavior in the target task, and some learning time is
required.

2.3. Adjusting of Transfer Ratio

Takano et al. proposed a method to adjust the action value of the transferred policy [9] by using
parameters C in the policy assimilation equation. One of the methods in Takano’s study is defined

by
0uls,®) =31~ 0) Qu(5,0) +{0.(s, ), @

Where T is the adjusting parameter (0 < { < 1). Q.(s,a) is the assimilation policy, and is used
for action selection. Learning in the target task is used as a policy Q.(s,a). This method
discounts Q. (s, a) by T, and conversely uses Q; (s, a) by the amount of 1 — . Thus, it is possible
to reduce the effect on the target ask even if a policy Q, (s, a)with a high action value is reused.
However, Takano’s method requires the value of ¢ to be determined before operation and
depends on human intuition and experience. Furthermore, the policy Q.(s, a)that should be
trusted is discounted.

2.4. Transfer Rate

Kono et al. proposed the transfer rate to adjust the ratio of transferring the obtained policy [10].
The method is based on Takano’s method, and it is similar and simpler than Takano’s method.
Transferring method with transfer rate can be defined as

QC(S! a) < Qt(s! a) + TQS(SI a), (5)

where 7,(0 < t < 1) is transfer rate, and Q.(s,a) is an assimilated policy, which is used for
action selection in the target task. Q;(s, a) is the policy in the target task., and is used for learning
in the target task. Q4(s, a) is a reusing policy that was learned in the source task. Kono’s method
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is also used to determine the parameters T before the learning operation, and the value setting
depends on human intuition and experience. In this paper, apart from Taylor’s method, Kono’s
and Takano’s methods are collectively called Takano’s method.

3. PROPOSED METHOD

In previous study, transferring policy method overwrote transferred policy and fixed discount
parameters. An automatic method for adjusting the parameters is proposed in this section. When
considering the situation of negative transfer, the action of the agent that can be originally
executed cannot be executed by the target task because the policy is reused, and thus, a collision
with an obstacle occurs. Therefore, to avoid the above situation, if the agent becomes unable to
act, the transfer rate value should be lowered. To lower the value of the transfer rate, the value is
adjusted using a sigmoid function according to the number of times that the agent cannot act. The
sigmoid function is defined as:

! 6
1+e799’ ©
where g is the gain value, which is determined by an arbitrary value, and ¢ is the input value of
the sigmoid function. The transfer method is reformulated using the sigmoid function as defined

by

1
QC(SJ a) « Qt(SJ a) + ﬁQs(s! a)! (7)

—og

o is the increment or decrement with state s; = s;,1 and s; # s;,q, respectively. The inability of
the agent to act means that the current environmental state s; and the next environmental state
s;+1 are the same; thus, o is subtracted by an arbitrary constant value «&. Conversely, if the action
is performed by reusing the policy, only an arbitrary constant & is added for each action. This
mechanism is defined as follows:

_ fo— a (s = 5¢41)
a {0'+ d (s; # Spyq) ®)
The above function is calculated for each action, such as a step of the agent. It is possible to
adjust the rate of reuse of the observes by comparing the environmental condition at each time
step in a generalized form, regardless of actual situations, such as collisions with obstacles.

4. EVALUATION WITH COMPUTER SIMULATION

4.1. Experimental Setup

This experiment aims to confirm the performance of an agent’s environmental adaptation using
the proposed method. Furthermore, the shortest path problem is adopted in this study as the basic
evaluation with a single agent. The learning environment is shown in Figure 1 in the computer
simulation. Figures 1 (a) and (b) show the source task environment and target task environment,
respectively. In this environment, if the agent achieves the goal, the agent can obtain a reward
r = 1 from the environment. An agent can observe self-localization. The reinforcement learning
parameter is set as a = 0.1 and y = 0.99. The parameter T of the Boltzmann distribution model
is set as T = 0.01. These parameters are common to all conditions. In each experiment, 300
episodes were conducted for the source and target tasks. The agent can move to 1 grid in each
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step, and there are four directions that can be moved: front, right, back, and left. The time when
the agent reaches the goal from the start is referred to as a single 1episode.

(a) Source task (b) Target task.

Figure 1. Grid world of shortest path problem. Circle mark is agent and initial position in each simulation.
Green square is set as goal position. In each sub-figure, red is shortest path between start position and goal
position with reinforcement learning.

For experimental conditions, the learning results are compared using Taylor, Takano, and the
proposed methods. In Taylor’s method, reinforcement learning is executed, as shown in Figure 1
(@), and the acquired policy is transferred to the agent in Figure 1 (b) for transfer learning. In
Takano’s method, Kono’s method was adopted for the implementation of this experiment. It is
clear that Takano’s method is overfitting, and it assumes a considerable amount of time to learn
with the target task. Therefore, the agent is set up to obtain a negative reward r = —1 in the event
of a collision with a wall. In addition, it was confirmed in advance that the transfer learning was
possible, and the transfer rate was set to T = 0.1. In the proposed method, the parameter & is set
t0 0.1, and the gain g is set to 9.0.

4.2. Results

In this section, the experimental results under the three conditions are presented. The obtained
learning curves are shown in Figure 2. The learning curve represents the performance related to
the learning progress, whereby the horizontal axis is the number of learning episodes and the
vertical axis is the number of steps required from the start to the goal. Each learning curve had 10
trial averages. In Figure 2, the learning curve of reinforcement learning that does not reuse the
policy in the target task is the standard for performance evaluation. The black line in Figure 2
represents the learning curve of reinforcement learning.

4.2.1. Result of Taylor’s Method

Taylor’s method is believed to have a high number of steps in the early stage of learning, and it is
considered that an overfitting state emerges. However, because the target task is relearned, the
optimal solution, i.e., the convergence to the shortest path, appears from the learning curve of
reinforcement learning.

4.2.2. Result of Takano’s Method

The learning curve of Tekano has a relatively small number of steps from the early state of
learning compared with the learning curve of reinforcement learning, and its convergence is
considered to be equivalent to the learning curve of reinforcement learning. High performance in
the early stages of the learning curve is called the jump start, and is one of the basic profits of
transfer reinforcement learning. It has been confirmed that relearning in the target task is not
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possible when the transfer rate T = 1.0 because if the learning in the target task progresses, the
value of the update is small and it is time-consuming to cancel the action value of the transferred

policy.
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Number of episodes
Figure 2. Learning curves
4.2.3. Result of the Proposed Method

The learning curve of the proposed method also has jumpstarted. The speed of convergence is
slower than that of Takano’s method and is close to the learning curve of reinforcement learning.
From the figure, it can be observed that the proposed method performs better than reinforcement
learning. In the initial state, the proposed method is equivalent to the transfer rate T = 1.0 of
Takano’s method, which normally requires time for learning. However, to adaptively change the
transfer rate, the performance of the proposed method is verified by Takano’s method with a
transfer rate 7 = 0.1.

4.2.4. Discussion

The transfer ratio was used to quantitatively compare the performance. The transfer ratio can be
evaluated by improving the learning time compared with the basic learning curve, such as
reinforcement learning. Transfer ratio r can be defined as follows:

. X Le() = XLy ()
B Z Lwt (t) '

)

where L,(t) is the learning curve with transfer and t is the number of episodes. Therefore,
Y. L:(t)is calculated as the learning curve area. In addition, L, (t) is the learning curve without
transfer, which indicates reinforcement learning in the target task. ) L,,.(t) is the calculated
learning curve area of without transfer. Table 1 presents the transfer ratios in Taylor, Takano, and
the proposed methods after evaluation.

Table 1. Comparison of transfer ratio in each conditions

Type of transfer r

Taylor's method 1.410
Takano's method -0.310
Proposed method -0.037
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In Table 1, it can be observed that only Taylor’s method increases the learning time by
approximately 1.41 times. Takano’s method and the proposed method decrease learning time.
Figure 3 shows the transition of the output value of the sigmoid function at the beginning and end
of learning. In the early stage of learning, the value corresponding to the transfer rate is adjusted
by interaction with the environment. Sometimes, the transferred policy is used by the agent
moving to the goal. At the end of learning, the reusing policy may not be used once. It time-
consuming to use the policy at the end of learning than in the early stages of learning because the
agent learns a new policy and obtains a high action value; therefore, it becomes possible to reach
the goal without being affected by the reusing policy. However, if the agent obtains sufficient
policy, there is no need to adjust the ratio of reusing policy. The learning curve of the proposed
method does not converge because the ratio is still adjusted, even at the end of learning.

Therefore, compared to Takano’s method, the result suggested that the proposed method allows
the agent to interact with the environment to automatically adjust the ratio of reuse of the policy
without manual adjustment or determining the transfer rate. Moreover, compared with the
previous method, it was shown that the agent can improve the environmental adaptability while
maintaining the characteristic of not overwriting the reusing policy from the source task.

1 T
1
08 _‘\ 08

06

04 - 04

02 02 -

Calculated value from sigmoid function
Calculated value from sigmoid function

0 50 100 150 200 250 0 5 10 15 20 25 30 35

Number of steps Number of steps

(a) Early stage of learning (1 episode) (b) End of learning (300 episodes)

Figure 3. Transition of the value output from the sigmoid function
5. CONCLUSIONS

This paper proposed a novel parameter for transfer reinforcement learning to avoid over-fitting in
the relearning process of the target task. In the proposed method, the ratio of reusing policy from
the source task is adjusted by the sigmoid function and input value, such as collision with
obstacle. Basic experiments were performed with the shortest path problem with transfer
reinforcement learning based on Taylor’s method without inter-task mapping. The result suggests
that the learning agent can be adapted to the environment. Moreover, compared with the previous
method, it was shown that the agent can improve the environmental adaptability while
maintaining the characteristic of not overwriting the reuse policy from the source task. This result
suggests that it can be applied to reusing policy selection in future applications of reinforcement
learning agents.

Our proposed method does not show convergence in the target task compared with the previous
method. For future work, it is necessary to discuss the adjusting method of reusing the ratio of
transferring policy at the end of learning. In the proposed method, the ratio of reuse was adjusted
adaptively. The effect of the transferring policy cannot be ignored even at the end of learning.
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Moreover, the proposed method is evaluated in a simple task and environment in this study. The
computer simulation environment is a Markov decision process (MDP), which is different from
the real-world environment. To demonstrate the effectiveness of the proposed method, it is
necessary to carry out various types of more complex experiments and evaluations. In addition,
the proposed method should be evaluated not only in various environments but also in non-MDP
environments, such as multi-agent systems.
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