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Abstract: The reduction on the trial frequency is important for reinforcement learning under an actual environment. In
this report, we propose a method that can learn an unknown environment efficiently by applying an already learned Q-
table to another new learning. Concretely, an agent (Target agent) learns efficiently by using Q-table that a different
from agent (Source agent) has learned at the same environment. The proposed method uses the two Q-tables of Source
agent and Target agent and an action-translation-table (AT-table). The Q-table of Source agent has already been learned
at the same environment. The AT-table is learned for the suitable mapping of actions between Source and Target agents
by information of the stored state transition probabilities when Source agent learned. Concretely, when Target agent
takes an action at a situation, the AT-table is learned so which action of Source agent is similar to the action of Target
agent. We think that Target agent can learn the suitable action efficiently by using the previous proposed method (for
learning efficiently by using dual Q-tables) with Target Q-table and the set of Source Q-table and the AT-table instead
of dual Q-tables. We verify that the proposed method is effective in a simulation.
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for experience storing and for knowledge storing. We

L INTRODUCTION thought experience and knowledge as followings. An
experience is a collection of instances in an environ-
ment, so we use the whole space of the environment for
the Q-table of experience. A knowledge is a compres-
method for robots by using knowledge. sion of instances in an environment, SO we use a com-
When human being walks, he stores them as knowl- pressed space (partial space) of the environment for the
Q-table of knowledge. The smaller Q-table (for the
knowledge storing) makes the learning finish earlier.
The larger Q-table (for the experience storing) makes

The reduction on the trial frequency is important for
reinforcement learning. We propose an efficient learning

edge, the relations between moving and change of view-
ing. When he drives a car, he learns efficiently the steer-

ing operation by using the stored knowledge in walking. the learning be in more detail.
But, he cannot drive a car by only using the knowledge, The dual learning method consists of repeated steps,
he must learn new change of viewing, that never hap- the first step is that the action is selected by using the Q-

table with lower information entropy, the second is that
the two Q-tables are updated at the same time by the
action. This research aims at the method that learns an
robots. In ordinary research, to reuse the knowledge, a environment earlier and in more detail with using dual

learning task is separated into the smaller tasks[1], or Q-tables.

pens in walking. We apply an efficient learning method
of human being to the proposed learning method for

using multi-layered reinforcement learning system[2]. : Ry
In this report, we propose an efficient learning method imm () f‘ sk
that reuses the knowledge learned by another robot /»L """ oo 1 l/; """ Position
without transformation of learning modules. The pro- - b---
. . Whole space Partial space
posed method is an extended method from our previous Fig.1. Q-tables for the partial space and the whole space

proposed method "Reinforcement Learning with Self-
Instruction by using dual Q-tables"[3]. We verify that
the proposed method is effective in a simulation.

2. Materialization
Here, we materialize the above-mentioned concept
to the procedures, as shown in Fig.2.

II. LEARNING WITH DUAL Q-TABLES (1) Init dual Q-tables ,
The agent initializes the two Q-tables for the partial
Here, we describe that the previous proposed and for the whole Q-table.
method(the dual learning method)[3] can learn the envi- (2) Select Q-table

The agent selects the Q-table with lower information
entropy H(s), out of the partial and the whole Q-table,
that is driven by Eq.1.

ronment, earlier and in more detail by using the dual Q-
tables.

1. Algorithm
The dual learning method uses two Q-tables (Fig.1),
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where p(a ] S) is a probability of selecting action

H(s)=Y" pla|s)log,

acd

a atstate S, thatis defined by Eq.2. We consider that
the Q-table to be so effective, that the information en-
tropy of Q-table is lower.
(3) Select Action (for both Q-tables)
The agent selects an action by the Boltzmann selec-
tion used generally in Q-learning. The selection prob-

ability of the action a is shown by Eq.2.
O, ,a) Ols,.a’
plals,)=oxf 202 /5 rgf 1.2

where p(a | Sk) is probability of selecting action

(2)

a onstate S, , k istimes, T is temperature.

(4) Update Q-table (for both Q-tables)
Each Q-value is updated by Eq.3. The equation is
used generally when updating Q-value.

Q(sk,ak)<— LQ(sk,ak)+ a(r + y max Q(s,m,a)— Q(sk,ak )) 3)

where, k is time, S, is state at time k.

O(s,a) is Q-value at state § and action a .
V(S,a) is reward decided by each pair of § and a.

o is learning rate and 7y is discount rate.

3. Result of simulation

We show results of average of the 1000 trials simu-
lation in Fig.3. Fig.3(a) is a result in the case that partial
Q-table is 100% effective, In other words, the states
component of partial Q-table can distinguish the needed
states by 100%. The case of Fig.3(b) and the (c) are
50% and 0% effective, respectively. The ordinary
method uses only the partial Q-table or only the whole
Q-table. As the results of (a)(b)(c) three cases, the dual
learning method is not less effective than the ordinaries
in any case.

1. PROPOSED METHOD

We propose a learning method that reuses the al-
ready stored Q-table and stored Environment table for
another agent with different structure by extending the
dual learning method. We call the previous learning

Init Q-tables (1)
Episode Loop

Select Q-table (2)

Partial Whole

Select Action by
Partial Q-table (3p)
Update Partial Q-table(4p)
Update Whole Q-table (4w)
Until getting reward
Fig.2. NS chart of the previous proposed method

Select Action by
Whole Q-table (3w)
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Fig.3. Results of computer simulation

agent, Source agent, and the current learning agent, Tar-
get agent. For the proposed method, we assume that the
agent(Target) can access a result, that another
agent(Source) with a different structure, learned in the
same environment for the same goal.

1. Algorithm

In the proposed method, Target agent has four tables,
two information tables and two learning tables. One
information table is the already stored Q-table for
Source agent. The other is the already stored Environ-
ment table(Env-table), that is the probability table of
state transition by the state-action of Source agent. One
learning table is an action-translation-table(AT-Table)
for associating the actions of Source agent with the ac-
tions of Target agent. The other is a new Q-table for
state and action of Target agent.

In the proposed method, the action of Target agent
by a state is selected in two ways. In one way, the action
for Source by the state is selected by using already
stored Q-table for Source agent, and then the action for
Source is translated to the action for Target by using AT-
Table. By these steps, the action for Target agent by the
state is selected. In this way, the learning space cannot
be expressed perfectly for Target, but it is small. In the
other way, the action by the state is selected directly by
using a Q-table only for Target agent.

We apply the dual learning method mathematically
to the learning of the AT-table and Target Q-table as
smaller Q-table and larger Q-table. We expect as similar
to the dual learning, that only by the first way Target
agent learn more roughly and earlier, only by the second
way it learn later and in more detail. But applying the
previous, Target agent can learn earlier in more detail.
In the proposed method, in order to learn more earlier,
the agent can be evaluated by each action step, adding
an evaluation by the Env-table to the first way.

2. Materialization
Here, we materialize the concept in the above-
mentioned to the procedures of the proposed method, as
shown in Fig.5.
(a) Leaning of the Source Agent (the previous learning)
Source agent learns a suitable action at the environ-
ment and stores the state transition probabilities to Env-

100[episod
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table at each combination of action, current state and
next state. The Env-table is shown in Fig.6(a).
(b) Learning of the Target Agent(the main learning)
(1) Init Target Q-table and Load Source Q-table and
Env-table
Target agent initializes the Q-table of Target agent to
set each Q-value to an init value and load the AT-table
and the Env-table from the previous learned data. The
values of the AT-table and the Env-table are fixed
(shown by the hatching areas in Fig.4(b)).
(2) Select way
Target agent selects the way with lower information

entropy H,,, orH ., outof the two ways, that are
driven by Eq.4, Eq.5, Eq.6, Eq.7 and Eq.8.
1 “4)
H = log, ————
targm‘fQ(S) H[ZGI;[ p(at ‘s) 0g, p(a, |s)

Hoppeeos8)= 22 pla, \S)l"gzm v

ageA

Current State

!

Suitable action for SA

(a) Leaning of the Source Agent

Current State

way1 | way2
Stored Learhed Q-table-of
EnveTable: Source Agent(SA)

Suitable action Suitable action

for SA for TA
Suitable action
for TA

‘ Select way ‘

Training Data

Suitable action for TA
(b) Learning of the Target Agent
Fig.4. Block diagram of the proposed method

Init Source Q-table (1)
Episode Loop
Select Action by Source Q-table (2)
Update Source Q-table (3)
Store Env-table (4)
Until getting reward
(a) Leaning of the Source Agent
Init Target Q-table and Load Source Q-table and Env-table(1)
Episode Loop

way1 Select way (2)

Select Action by Select Action by
Source Q-table (3.1) Target Q-table (3.2)

way2

Action transformation by
AT-table (4)

Update AT-table by
Env-table(5)

Update Target Q-table (6)

Until getting reward
(b) Learning of the Target Agent
Fig.5. NS chart of the proposed method
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_ 1 (6)
H;oela, )= a,|a,)log, —
AT ~1abl, ( ) aleA;P( | ) g> P(at ‘as)
Hwayl (S) = H.murce—Q (S) + HAT—tahle (as (S)) (7)
Hwayz(s) = H!arget—Q (S) (8)

where a; is an action of Target agent, ds is ac-

tion of Source agent, p(a | s ) is probability of select-

ing action @ at state s, that is defined by Eq.2.
p(at ]as) is probability of selecting action a; at
already selected action as, that is stored in the AT-

table. We consider that the way to be so effective, that
the information entropy of the way is lower. Function

a, (S) in Eq.7 is represented for that a_ is decided by

S (selected by using Boltzmann selection with Source
Q-table).
(3) Select Action (for both Q-tables)
Target agent selects an action by the Boltzmann se-

lection. The selection probability of action a is shown
by Eq.3.
(4) Action Translation by AT-table
Action a; selected by Source agent Q-table is
translated to action a: by using the AT-table. Action

a: corresponding to action ds is selected by the
Boltzmann selection with AT-table. The selection prob-

ability of action a; is driven by Eq.9.

P(a, la, ): CXP[AT(;S‘ s )J/Z exp[AT(;“A it )j )

AT

where P(‘%W:k) is probability of selecting action

a, at already selected action g , k is times, Tur
Sk

is temperature.
(5) Update AT-table
The AT-table is learned for the associating of actions
between Source and Target agents by Env-table. AT-
table is updated by Eq.10.

AT({ZM 4y, )(— (GATAT(‘%‘ a, )+ }/ATp(Sk+] ‘ Sir Ay, » (10)

where P(SM \ Sk,lls) is state transition probability to
state s,,, by pair of action g _and state s, ,
Sk

a,andy aresuchthat 0<qg, <1 and 0<y, <1.
(6)Update Q-table
Each Q-value is updated by Eq.3.

Next Action of
state, Target agent
Current
state
Action Action of

Source agent

(a) Env-table (b) AT-table
Fig.6. Env-table and AT-table



IV. SIMULATION

In this chapter, we verify that the proposed method
is effective in a simulation.

1. Environment

Experiment environment is shown in Fig.7. It con-
sists of an agent, a goal and an object in a
field(100[cm]x50[cm]). In the experiment, the agent
learns the task to carry the object to the goal area, given
reward at the case that the object carried into the goal.
We define an episode to be time until getting reward.
The initial pose of the agent, the object and the goal are
shown in Fig.7. An initial pose of agent is selected ran-
domly from two pose shown in Fig.7 at each episode.
The pose of agent is changed 0.5[cm] and 0.1[deg] per
move respectively. We define one step to be time until
the current state is changed to next state. The agent
keeps taking the same action until the current state is
changed.

2. Action set and State set

Action set: The actions of Source and Target agents
are shown in Fig.8. Source agent has 4 actions “go for-
ward”, “go backward”, “pivot turn right” and “pivot
turn left” and Target agent has 6 actions “go forward”,
“go backward”, “turn right (forward)”, “turn left (for-
ward)”, “turn right (backward)” and “turn right (back-
ward)”.

State set: A state set consists of the position states of
goal and object. The state set has 160 states that are
each position and size of the object and the goal. The
object state has 6 states, combinations of positions(left,
center, or right) and sizes(large or small). The goal state
has 18 states, combination of positions(left, center, or
right), sizes(large or small) and directions(left, front,
right). In addition to these 78 states, we add states that
only the object or only the goal view or lose.

3. Result
The results of the simulation are shown in Table.1
and Fig.9. Each graph is the average of 1000 trials. In
these results, all the values of Q-tables, AT-table and
Env-table are initialized to 0.0 and the parameters for
Q-learning and AT-table mapping are set to following.

0 100,
X

(20, 15
) Goal

\I (100, 25)

Object

50

Fig.7. Experiment environment
Pivot Tum Right

Backward
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J

(a) Source agent (b) Target agent
Fig.8. Actions of the Source and Target agents
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The reward r» is setto 1.0, the learning rate a is set
to 0.4, and the discount rate y is set to 0.9, the tem-

perature 7' of Boltzmann selection is set to 0.05,
a,,issett0 0.9, y issetto0.35, Tar issetto0.5.

In Table.1, high value is represented for correct
mapping between Source and Target action pair. For
example, “Forward Right” of Target agent allocated to
“Pivot turn Right” of Source agent. So in Fig.9, the
method with Source agent Q-table and AT-table (wayl)
can learn earlier than the method with Target agent Q-
table (way2). But wayl cannot learn in detail since the
pair of Q-table of Source agent and AT-table cannot
express all the corresponding action to Target agent.
Way2 can learn in detail but needs a lot of time. How-
ever, the proposed method (wayl and way2) can learn
the environment earlier and in more detail by using
Source and Target Q-table and AT-table.

Table 1. Result of AT-table

Source Forward | Backward Pivot turn | Pivot turn
Target Right Left
Forward 2.573 0.172 0.517 0.150
Backward 0.175 1.761 0.469 0.405
F Right 0.874 0.405 1.758 0.002
F Left 0.652 0.339 0.028 1.292
B Right 0.451 0.645 0.002 1.189
B Left 0.687 0.711 1.848 0.003
450
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Fig.9. Results of computer simulation

V. CONCLUSION

We verified that the proposed method can learn
more efficient than the MTQ and MSQAT in simulation.

In the future, we will apply the proposed method to
an actual environment and verify that the proposed
method can learn efficiently in an actual environment.
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