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Learning Positional Evaluation Functions and Simulation Policies
by Policy Gradient Algorithm

HARUKAZU IGARASHI"'  YUICHI MORIOKA KAZUMASA YAMAMOTO'

This paper applies policy gradient reinforcement learning to shogi, a traditional Japanese board game that resembles chess. First,
we propose a move evaluation function, which is defined by the expectation of the values of all leaf nodes produced by the move
in a search tree that is weighted by the transition probabilities to the leaf nodes from the root node produced by the move. Since
policy gradient reinforcement learning does not require Markovian properties of reward functions and policies, system designers
can create the rewards functions and policies more freely than when using other reinforcement learning methods that must be
applied in Markov decision processes. The learning rules of the parameters in the positional evaluation function can be calculated
recursively when the Boltzmann distribution function gives the probabilities of taking branches in a search tree. We also consider
three approximation methods to reduce the computation time for tree searching and parameter learning. Second, we derived the
learning rules for both positional evaluation functions and simulation policies for Monte-Carlo simulation search and controlling
the search depth by the policy gradient algorithm. This approach can also be applied to supervised learning problems of a

teacher’s moves in a given position.

1. [FC®HIZ

T, arCa—2fEoE T e B8 s b on
HDH[1]. BlZIE, 2013 R IfToN T8 2 BIEEH TIE, 7
et s LA Ea—2 Y T ROy T b L DORE
WTbhh, A Ca—Z O3B IR0 NIRRT
Hotz[2]l. ZTO—HE RS> TWBDN, £ Y 7 +Bonanza
TRE SN D B B FE Th 5 [3]. BAETIE, 7T
iB8% % 7 o it L OMEET — X% X— X Z R L7 Zhhift &
FREICEVBERT DR ERE RTINS,

—J7, it & Tk < mibEE T X 0 FHnBI S A
FERTLHELEZLNTNS. TOMREN LR FEEIE
& L TIITD(A)¥E & TDLeaf(A)iEH 8 D . TD(AEIT /Ny 7 F
YE Y TIEHKEIZIDH TE Y [4], TDLeaf(A)iEIFT = A
WCBWTH A E~OFRMENHER SN TWAH[5]. LasL,
R CIXEEZNIEERVEAMSRESHRE S LTIV 20,

Z 2 TR TIXZ N E TOTD(L)#E°TDLeaf(1)1 Tl
72, “HRAEE LIRS B0k kA AT S

1M LR T H TR
Shibaura Institute of Technology

PR B aXE - v =T
Cosmoweb Co., Ltd.

(© 2013 Information Processing Society of Japan

T EBX . HRABEIHRM A BRICHRET DI &0
TEX 50T, HAM BT T S EEOFE I Ciix pst
HEMIZK L TIREAS @ATE 5.

L LR S, 0 K 5 ICEFIREDBITHESR (F)
I HMBETIE, HREABOPICERAEZ IR AhD
ODLRNVMBETHD. TIT, KHXTIHES, EF
WREDFTHRE LT, ‘48 LFFTMOMAHE” 2 Ao
FRERETD. ZOFRIE, BRADleaf R H O 7wt
fliRSEZ W CHIRIMICRBLS NS DT, iR o%Y
IR MBI R DR E ST A —Z OFEICRET S
ZOFEANEEH U, ERERE S L CPGLeaflE % #)
HETDHNL ONDOFEEEERETD.

WIZ, & LFFTMOMFHEZFH R T BRI, leaffsifi~
DEBHEROMZETBIRO G R EITHO “VI 21—
a K7 (simulation policy) % W THEAET AL G55 2
5. 2h0E, FUrTAAnERO XS ICREE LFOR
EEM S NDL I 2 —3 gV TIRETHHATHS.
F7o, ZOEBBHEOMEIT W [6]D “EBLME” [a]

a) WIEOERMBEROFFFITIENTR=RLR> T2 [HELFOEBRE
R L, TOFEETNRSRVD»O 2ERIRORBRERTH Y, FET
DR TORIRFER LT R 2. ARIXTRIREOLEZEALTVD.



TR 2T IR E
IPSJ SIG Technical Report

WA L, BERAOHIAE O] MBS Z & A]
BThd. KHEXTIE, ZovIal—iariFEfos
T A —& L Rl BIE R O R E N T A — & Ol % [F
R E CE b BA A ST 5. 61, Mm{beH
T2, TORECTOEMRFEH 2 2HMFEFEH 0%
HAOEEAG RS FIETEHTE 52 L &R T.

2. ARDBEEIZK HRIEFEE

2.1 ARBEEEE

SRALFE T, QFEO X O IITEMEEEI KAWL T,
& D WIETDIED K 5 I IRBEME BA S &0 L T, M)y
WA FEE T B MM — 2 O 58 % E ¥ (value-based
algorithm)23 K< HI LN TV B[4]. —F, HFRHPIZ T A—
A ANNTEBE, /NT A —FZ2MN T ORI B D i
BAMEHET A LICLY, FREEEFEET 5%
BIENH D . Williams®OREINFORCET /b = U X A[7]R°, #B

S BLH~ v 3 7 3R GE I FE POMDP  (Partially Observable
Markov Decision Processes) BRIRIZI51T 5 ARHKT & Ofife SR AIMH
FHER R ETHD. Fi, QEEHWT LT OAREHA
KB 25 LA 10][11]%°, ARAEZFIMHT 25 5 [12]
HEBRINTND. Zihb— EODE%A*X@%WIT‘“{JE
X, “ IR AELE” (policy gradient method) & FEIE AL, 1l 2 1%
Peters 5> O CHR[13]FICERICE LD BTV D

ABFFETIE, TR S 2RE LTV D R ARLIA[14] %
Ansg. ZokxRiL, Willlams® =&Y — REALOE 7
2. (episodic REINFORCE algorithm) [7)IZ3-3W\W TV, B3
FET L (REESME W) & RIS 2 i~
aT7EEMLEE LR, ZRETICY AT -V b
HOBEHERBEE L TH STV D IBIESS, hi1its A
W= (b FE TH HPSO (Particle Swarm Optimization) ¢
~EA S, BRI TV D[15][16].
22 AERAEEICLDEE

t BIHEEL2,.. L) FERH u llBNTERT—x
b ADBRLTF o BRI 2R (FR) %

ﬁa(a,|ut;a)):exp( a,,u,; w/T /Z (1)

Z,= ), exp(E, (xu;0)/T,) @

xeA(u,)

ET D L, o FFHEREEFOEE AT A—2, T,0%
BENRT A= T, Au)E A ODFFRHE u, \ZB T 5L2TO
BETFOHERETHSH. (1)DFA1E Boltzmann 5347 & ML
DRERSFEBTH Y, Efauso) X TR u 2B 55
LT qOfHliz £ fHECch 0 BB LIRS —F,
ST — 2 b BOFEK n (b )IBEMTH B LT B, -
L, v — =0 b ¢ [FE =12, ,L) D FER
HTHY, bIZFOLEDHELTFERLTND

—JRDOELF L HBRE L ORERYT — & (*ﬁ ) &”
TV — R LERTLH. Y- FRTRICBRSELE

(© 2013 Information Processing Society of Japan

Vol.2013-GI-30 No.6
2013/6/28

BLTFEEH =Y MIHREN r 252 5. —f&IC, Wixt
JRE O L FOREITMENFRICLDL2bDETH. Lo
NoT, PRV PADIKRLFH, (==Y —LFE
L) WM r 0B = Y — RZ L IZEET .

HR[14] D FRAREEZHA LT, — /4720 O
MR E[r) 2R kT2 2 L 2EA L. £ TR
L[l
6E[ﬂ/6ar:E{r§:ew(ﬁ} 3)
=1
e,(1)=0lnz,(a, |u,;a))/6a) “)

LERINDZLnb, FHAIE LT

La
Aw=¢c-r) e, (1) (5)
=1
BHWHLA TS, ¢ IFFERBET/HIRERICED. (5)
I & EBRTFORREROAR L OFE (FHEE) 1THA S
HTENTA=FE2TH (G8{k) LTWD. 4, FHRBIQ)
DEE, (DDA EE e, ()i

e ()= (Y )[3E, (a,10) 00
_ Z ( |ul;a))8E X,u,; a)/aa)] 6)

xeA
LRIND. K YT%“%%%T&&@?»:)XA%
FLDDHLROBEICRD.

[(FRAEEOFEET LT X A]

stepl: &I 1 IZBWTH R nafuso)ll EVFELF o %
B L, RSO0 IEE e ()& RIET 5.

step2' TEY— NETRHICHM - 252 2.

step3: FEHAGHT LV EFEA0 ZFHFHT 5.

stepd: 0 & wtAw BT L, stepl 2BV IRT. 7277 L
TR Z2METIERTT 5.

3. BREBETMBIRIC & H1E L F DA

fELFORMmIL, T EERBEARDOERM) 245 HFNLY
EfeEtEzbNS. 22T, ()OO BB Eau0) %,
& T ORI v=v(a,u) TIE72 <, HEEKR Gyla,u)DEKixmD
Jot (LAT, leaf o) OFMEZE HW-EL T 5. =
T, Gplamu)iXRE va,u)s/— b ET DS D OBRRE
ARThHD. 2L, FEZ—V2 FADTFENLIRD A
ODFEHEFETERSOIHEME L, HERPE o, 23S 0 D,
Gplau)?D leaf A ZRE D D ADOFHFRTETS.

ARFIETIX, AT O “F§ L FaHl o #H5HE”

E,(a,u;0)= Y P(ula,u;0)E (10) )

uEUD(a,,u,)

(D HWEEK E auz0) e LTHWD Z L2 RT 5.



TE LB 2 T
IPSJ SIG Technical Report

Uy ¢ Uy
-0 | —O {1 @, \D t
m& \E*(a u a))
d -_
P(ula,u; )
d=D 00 0 0O0 _J
P u -
Gp (apu,) U Ej(we)

B 1 LRl O MAHE E(a.us0) & leaf JFiH TR
P E (u;00), BB Pula,u;o) DR EERT.

Figure 1 Expected evaluation function £ * (apuzw) of move a,
positional evaluation function E*,(u;w) of leaf node u,

and transition probability P(ula,u,;w).
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Flgure 2 Search depth, positions and moves.
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Figure 3 Recursive calculation in “PG expectation algorithm™:
(a) Expected evaluation function E”,(a,u";), and (b) its first

derivative 9E" (a " u’ ; w) /ow.
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Figure 4 PGLeaf algorithm.
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Figure 5 An iterative-deepening search applied to

PG expectation algorithm.
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Figure 6 Expectation with different positional evaluation

functions.
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WEEEL, d=a, u'=u, uP=u 55, LEB-T, ()
DFE LT O A,
E:(at,ut;a)ﬁ)z z P(u
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