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TD(A ,u) :Temporal Difference Learning using Future Observation
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ABSTRACT

The prediction-learning problem is to predict future behavior by past: experience. Temporal
Difference (TD) learning is the learning algorithm used for a multi-step prediction-learning
problefn to begin in Samuel Checker playing. Sutton-proposed the TD {ambda) that past
observation was taken into consideration, and showed that the efficiency is better than the method
that only an observation result and a final result are used for. But it is.not necessary to restrict
using information in past experience. :

We proposed a new mechanism of learning called TD( A , ¢ ) that considers both observation of
the past and the future[13]. This method takes relations not only with the past but also with the
future into consideration as if TD( A ) is done from the future direction. There was little difference -
in result though the comparative experiment of the LMS, the TD (4 ), the TD (4 , p) was done by
using the "world of 3x4". We stated that there was little difference in result though the
comparative experiment of the LMS, the TD (A ), the TD (A, p) was done by using the "world of
3%4"[13]. This depends on being the environment that the "world of 4x3" is very simple. In this
paper, we examined the learning experiment of this learning algorithm in Shogi, which is the
complicated environment. To test the effectiveness of the learnt values; a number of matches were
played between identical search engines using learnt piece values. As the result, TD( A,z ) was

the best in comparison with others.
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1 Introduction

The problem that the prediction of the future behavior is learned from the past experience is said as the
prediction-learning problem. For example, it is to learn a prediction whether the position with Shogi is
connected with the victory from the experience. In multi-step prediction problems, correctness is not revealed
until more than one step after the prediction is made. It is a multi-step prediction problem to expect the victory
or defeat of the Shogi, because it doesn't know the correctness of the prediction until the game completion.

Simple algorithm for prediction learning is the LMS (Least Mean Square) method, which was proposed by
Widrow and Hoff (1960). This algorithm is learned only from the observation and the final result. Temporal
Difference (TD) learning is the learning algorithm used for a multi-step prediction-learning problem.to begin in
Samuel Checker playing. Sutton (1988) proposed the TD( A ) methods that past observation was taken into
consideration, and showed that the efficiency was better than the LMS. TD(A ) was applied to learning of the
game, and Tesauro's TD-Gammon reached the strength of the master level.

Conventional TD(A) learns a prediction by using the only past information. While TD(A ,x ) method
considers both observation of the past and the future. ~Efficiency may be good when the prediction is not only
from the past and from the future is used. If an observation sequence was given, the learning efficiency may
be good when the prediction is not only from the past and from the future is used. For example, it is possible
that it guesses the past situation from the future situation in the case of Shogi. In other words, the past situation
is restricted at present by the situation. Therefore, TD( A ,u ) can be expected to learn more efficiently than the
TD (?) under the complicated environment. In TD( A, # ), the relations with the past predictions are being taken.
into consideration by usig the gradient vector that weighted the exponential form same as TD(A ), and the
relations with the future predictions are being taken into consideration by using the gradient vector that
weighted the exponential form. TD( A, ) is the generalization of the TD (?), because if x# =0 then TD(A ,u )
and TD (?) are the same rule.

In Chapter 2, we describe LMS, TD(A ), and TD (?, ). We describe how to learn the pieces values in chapter
3.And we describe those results in chapter 4.

2 Learning algorithms
In this chapter, we describe about LMS and TD( A ) at first. And we describe TD (2, u) that considers the
observation of the future.

2.1 LMS and TD(A )

We suppose that observation data at the time 1,2,3*"*,;n are x,x,,*,x,, and a final result is Z . And, we

n s

suppose that using the observation data and the parameter w makes the prediction P(x,w). Learning adjusts

the parameter w ofthe prediction.
Then LMS method is learned only from the observation and the final result. A parameter is updated with the
following formula:

n
we w Y Aw,
P

AW, =0z BV, P

Here, a positive constant & is called a learning rate. LMS is the procedure of updating a parameter to make
a prediction and the least mean error of the actual result the smallest:

n
Err= -l—z (z = P(x, w))2
A=t .
As for a fault of the LMS, it is ignored that each data that it is observed is not independence. For example in

the case of Shogi, there are intimate relations of a position with the position until it reaches it. Because these



relations are ignored, LMS learns slowly.

TD( A) is based on the supposition that present observation condition influences past observation condition
and happens, and past condition is being taken into consideration at the time of learning. TD( A ) update the
parameter from the difference between the predictions. And, relation with the past is being taken into
consideration by using the gradient vector that weighted the exponential form. A parameter is updated with the
following formula: ’

n
we wt Y Aw,
=]

1
Aw, =a(Py = PYY AV, P,
k=1

Here, A is the positive constant that relations between the predicﬁons are expressed. Especially, it knows that
it corresponds to the LMS with TD(1) made A =1.

22TD(A ,u) .

TD(A) is based on the supposition that present observation condition influences past observation condition
and happens, and past condition is being taken into consideration at the time of learning. As for the future
observation condition, there is relation in present observation condition in the same way as present observation
condition has relations with the past observation condition. And we can think that it can guess condition at
present from the future. TD( A, ) is based on the idea that better learning is done by using both relations of the
past and the future.

When relations with the future are taken into consideration, it thinks about the method of the various
considerations. We will take it into consideration in the same way as the TD( A ) by using the gradient vector
which weighted the exponential form. A parameter is updated with the next formula:

n
wée— wt ZAw,
=1

Aw, = ol P, —P,)(i)ﬁ"‘vak + iukﬁvak)

k=1 k=t+1

TD( A ,u) is the generalization of the TD(/\ ), because if u =0 then TD(A ),‘ and TD(A ,u ) are the same
algorithms . Also TD(0,0) are same as LMS.

TD(4A,u ) takes both condition of the past and the future into consideration by using the gradient vector
which weighted the exponential form. That can be computed incrementally as in TD(A ). To do this, we
calculate from the past to the future, and from the future to the past separately. The caluculation from the past to
the future are following:

!
e =Y AV, P
k=t
1+ B i
e = Zﬂ-lﬂ—kvw-"’k =V, Pnty NHY Py =V Pry + e
k=1 k=1

And the caluculation from the future to the past are following:

m

' e; = Eauk‘,Vka

k=r41
m m
— k=141 — k-t -
e =g WV R =V Pt Y ATVLR =V P+ e
k=t k=t+]

We can update incrementally using e, and e;.




3 The Experiments

We examined the experiment of learning of piece values-in Shogi by using LMS, TD (?) and TD (?, n). Game
records were used for learning. Game records were made by the self-play of Kakinoki Shogi I (level 1:it is the
weakest). A weak level was used in the experiment to try to reduce influences by other factors because only
piece value was being used for the evaluation function.

The setup of a problem to learn is made the following. The setup of a problem to learn is made the following.
The difference vector of pieces is defined as follows:

x; = (the number of the piece i of the black) — (the number of the piece i of the white)
ie {5 B R IR, & AL IR & RUE, UL, R, BB )

x:(x,ﬁ,x,«ﬁ,w,xﬁ)

States of positions were observed by using this difference vector:

12 B
x,x%, %" x™ = z (final result)

Here, m isthe number of the states that is observed during a game. The weight vector that value of each piece
was arranged is defined as follows:
w=(w,;:,w,§,m,wﬁ)
We define the prediction with the following formula:
y=x-w
_ 1
T+ exp(-y)
The differences of the piece values (the difference in evaluation value of the position) are mapped to interval
[0,1]. Using

P(x,w)

weight vectors are updated with the following formula:

Aw=a(z-P P (1-PHx, (for LMS)

Aw= o™ - p' ))i MEPA-PYx,  (for TD(A))
k=1
Aw=a(P’+'—P’)X[i/1”"P" (1-P*)x, + ﬁ‘,u“"P"(l—P*)xk) (for TD(A, 1))

k=1 k=l

Table 3.1 shows the parameters used in the learning.

Table 3.1 Parameters

@ A “
LMS 0.01 - -
TD(A) 1.00 0.80 -
TD(A,x) 1.00 0.80 0.20

It was converge in the unrealistic value when a of LMS was set up in 1.0 in the same way as TD. For that reason,
a is set up in the little value in the case of LMS. The value of ? and p was decided as a result of doing the spare
experiments. « is made to decrease together with the number of updating in each algorithm :

o, =(xexp(— ——10’;0 ]

Here, n is number of updating. Learning stopped when the updating of the weight was 3000 times.



4 Results
In this chapter, we present results of the learnt piece values. And to test the effectiveness of the learnt values,
a number of matches were played between identical search engines using learnt piece values.

4.1 Weight traces and learnt values

Figure4.1 shows the weight for pieces learned by LMS. It is a gentle learmng curve of the LMS compared
with (?), and TD (?, p), because the a was set up small. We can see that the relative ordering of the pieces has
been decided at the carly grade of learning. Ratios between values of pieces are being adjusted after that.
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Figure 4.1 Weight traces (LMS)

Figure4.2 shows the weight for pieces learned by TD( A ). We can see that the relative ordering of the pieces has
been decided after about 800 games. We guess that it can't learn about the promoted pieces, because it seldom
appears.-
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Figure 4.2 Weight traces (TD( A ))

Figure4.3 shows the weight for pieces learned by TD(A). The learning curve of TD(A ,x) and TD(A )
resemble.
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Figure 4.3 Weight traces (TD( A , 1))




Figure 4.4 Shows relative values for the pieces (We defined #%=1). The learning result of LMS is greatly
different from others. On the other hand, TD (?) and TD (?, u) are the results that it often looks alike. We guess
that it can't learn about the promoted pieces, because used data were only 50 and promoted pieces seldom
appear.
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Figure 4.4 Learnt values

The value learned with LMS is greatly different from the value that a human being thinks about. The value of
the piece learned with TD @) and TD (@, p) isn't greatly different from the value that a human being thinks
about. But, the value of the 7 is a little big. The value of the dragon shows especially big value. We guess that
it is because the data of the lowest class person are being used. When a beginner plays Shogi, the power of the
# has an influence very greatly.

It was not realistic value as a result of doing learning as a=1.0 in the LMS. When a was made small, it was
the same result. For that reason, it was set up in a=0.01 and the extremely little value in this experiment. But, it
couldn't still learn well. There was little difference in result though the comparative experiment of the LMS, the
TD (?), the TD (?, u) was done by using the "world of 3x4"[?]. We aren't thought that LMS works well under a
complicated environment like Shogi. It depends on having set up p in the little value that the result of TD (?)
and TD (?, p) looks alike .

4.2 Matches to Test the Learnt Values
To test the effectiveness of the learnt values in Shogi, a number of matches were played between identical
search engines using learnt values. Shogi program "Sexy -Al-chan" being made in Kotani laboratory was used
for the experiment. An experiment went on the following condition:
use alpha-beta pruning
-use iterative deepening search
use search depth is three-play
-use capture extension
-use check extension
factors of evaluation function are:
piece value, distance form I, effect near £
‘piece values are learnt values
Table 4.1 shows the number of matches between learnt values. As for the matches of TD and LMS, TD beat it
greatly. Therefore, it is stopped by 200 matches. Because a match result was close, it was made to play about
1000 games with the TD (?) and the TD (?, w).



Table 4.1 Number of matches

LMS | TD(A) | TD(A,u)
LMS black 219 214
white 235 211
TD(A) |black 235 505
white 219 545
TD( A, 1) |black 211 545
white 214 503

Table 4.2 shows the match results. A result is shown in the percentage of victories. Each upper raw is the
percentage of victories of the black move turn. Each middie raw is the percentage of victories of the white move
turn. Each bottom raw is the percentage of victories of the total.

Table 4.2 Match results
LMS | TD(A) | TD(A,p)
LMS black 0.062 0.014
white 0.013 0.033
total 0.024 0.024
TD(A) |black 0.938 0.448
white 0.987 0.445
total 0.976 0.446
TD( A, black 0.986] 0.552
#) white 0.967 0.555
total 0.976 0.554

There was a big difference in the match with the LMS and others. On the other hand, TD (?, ) beat it 55% in
the game of TD (?) and TD (7, p). Though a game experiment was done several times, a result was the same,
and the percentage of victories of TD (?, p) was the highest.

§ Conclusions and Future Work
We examined the experiment of learning of piece values in Shogi by using LMS, TD (?) and TD (2, n). The
percentage of victories of the piece value that learnt with TD 2, pu) was the highest. We showed the possibility
that TD (?, p) was more effective than TD (?). There is the following thing as a future subject.
There are few game records used for learning with 50 games. It is necessary to increase this number further.
We did the learning experiment of only piece value of Shogi. The evaluation function of Shogi is more
complicated.
It tries to apply TD (?, u) to other games as well like Shogi.
We don't show that TD (?, i) converges to the ideal prophecy.
We think that TD (?, p) is more effective than conventional TD (?) under the complex environment.
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