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Reinforcement Learning and Its Application to the Game of Go

CHEN Xing-Guo''? YU Yang?

Abstract Reinforcement learning is a particular type of machine learning that autonomously learns from interactions
with the environment, so that its long-term reward is maximized. It has recently been successfully applied to playing
the game of Go and video games, and human expert level is demonstrated. Since these results are receiving increasing
attentions, this paper briefly introduces reinforcement learning, focusing on the methods with function approximation,

and its applications in the game of Go.
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Fig.1 Tllustration of reinforcement learning
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e W 1 AL R Tk, B 2
R BT R SE >, 2 3 T S s AL 2] L
KNI R H, 55 4 5B 4TASL.

1 ZHBHUFS]

Ak 2 2] 1) 22 JURIE S T B R B R v SR o
(Markov decision process, MDP), 5yt 3 %2 E AL
At MDP _ERHTE AR, FHE Kb R
(1) SR
1.1 BREXRRKIE

T AR B AL 2 ST 45w 2 S R B E, TESK
£ MDP: %/~ MDP f—A~PUocdl (S, A, T, R)
Hpk, Hrh S KRRESN, A RKRE M,
T:SxAxS — [0,1] 2REELBERE, LR7E
AR NPT AN JE 3 25— ARSI,
R:SxA— REXRERE, RRRERESHE
IREEE5 IS BP A3 i, Rtk S ST 55+, T
R EARMP), FFENA R, AR ES
FEARFN, HAG U7 A B PR A B A1 X AR 1)
1AL,

PLs MIRES s R, REGENE a € A(s), EIFH
BRI R(s,a), HHU T(s,a,s) MR
HRER RS s e S, Hh A(s) RARERES s
ACREGEIEM SRS, Hed R nT e BT 2%, T Lh
B2 IRAS A Z .

Hmg m RS BIBER LSS S x A — [0,1].
SRAG S ) I H bR AR B AN SRS o DR Rk
SR Ry

7 = argmax R
s

SRV E T LA 2Rk 57 5, T AU 4 A
255, WHEE TR BT R, =
E.> o], o, v e [0,1) 24,
SEAER A D ¢ 3, Be[] NS © N,
MAE N MR ELS T, wH T D RPN
R, =E.[>_ 7l

1.2 EERH

XFF AN EE, AR AT LAAE — AR B
B I HEME A A 2 B BB, X8 O
A7 ST RAR KR 7 (8, $2 3 R Iy RE FY) R KA ok
1h2 > A M R 2L (Value function). {Ep&%AT L
Gy R RS REL V (s) FUIRZS — ShYEXHE s %L
Q(s,a). Hih, #hE —ME RS m, AT BB
BN, IRASE R B X T

oo
t _
Y Tt|50 =S
t=0

V™(s) =E,

ARAS — SVERHE R EE ST

Q" (s,a) =E, Z’ytrt|so =s5,a0=a
t=0

T T 0 BT R E AR RE S ABL B
5 S, AT AT LLE BIEAT 0 R AR A . BEAVIR
A -MEX TR RS E AR, Ik, HERE
S AUAE BR A vT DL KAk Rk E ) X i 3]
(1) H bRt — 3.

T AN o, v Lo RS R 4

Z Yrelso = s]

t=0

DL RS — B pR 2

Z'Ytrt|50 = 5,00 = a]
t=0

W R PRATIAE I ) bR A ek B T — 22, R4 Bell-
man LN, A

V*(s) = E,-

Q*(s,a) = E -

V*(s) = max E[ri + 9V (si11)|s¢ = 8,0, = a] =
max ZS/ T(s,a,s)[R(s,a)+~yV*(s')] (1)

P A

Q" (s,a) = Elripn +ymax Q™ (s, )8 = 5,0 =

al = ZS/ T(s,a,s")[R(s,a)+ 7 max Q*(s',a)]
(2)
3 4 X SR PR (L R A AE DL TR R AR
V'(s) = maxQ*(s,a) (3)

1.3 REEKHE

PR ORAR 5 2] T, SR S 2 T8 SR A B
HOK T 18, T S ARE R H, T A5 P 3 A5 R ) JELAR,
R (1) M (2) HIREIFIE AR AR, KR el
M PR RL R Ay LLGE —A7E) LRI %AR (Generalized
policy iteration, GPI) |.

Wi 2 froR, T SRR B P A28 Bl R
H & PEAL (Policy evaluation) F15EHS it (Policy
improvement). 1, SEEEVEA i 1) 2 A4 2 1T
SR VA B B, 1T SRS X0t 48 1A 2 0 2 HiE B 2
WU L LASRAS B (1) SR . iz R R m] Rk 4 F
L m* i V*

E I 1) I
mp — V™ — 7 — VT — ...

Forp, Vi RORE 4 RS Py 0 I AR B R
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Fig.2 General value iteration: iterative update between

the value function and the policy until convergence
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FH 28 i A 27 2] rpeR s 23 [a) B AR 4 2 29 1L
A BRI, vT LT FH 3R R il S e 2, BIER A {H
BR ESON B R EIOIRZS — SRR 43 Bl — N 7 il 2 1)
0 SR O B [ BB B T R A I & g s L 2 3
FILAFEI P 24 (Temporal difference, TD) 2% 2]
5535, Sarsa % ] HIEU M Q %72 (Q-learning) &
LA Hodn ) TD S N AR, F T S PEAG,
BIIL22 3 0% 8 VR EL; Sarsa 222 il Q 24 3 Hvk
IR T SRR AL RN, B2 20508 Q
BRI IX 8 AR (PR RR T BT o ] DA —
H
flwe) — flwe) + ad (4)
Hrp

6 — (re +7vf(wp)) — flwe) (5)
a € (0,1) NEXE f:Q — R NHEHERE, we
HNEH A, W€ Q NJEdk. FAERE fOIRESE R
BV, W Q=28; FAERE f RS EEXE R %L
QM OQ=8xA % f,w, o WEEAKNEN, W
L1 pra, BB A O BT BRI L. B
Q =AM, M f o Q RELL w MIRE-BEE, o

RO RBE I, A 2] TR s Q XU

* 1 SIS R ECE A XX 5B R
Table 1 Updating formulas in classical

reinforcement learning

’

(RS f wy w
TD 14 St St4+1
Sarsa Q (s¢,aq) (St+1,a041)
Q 2] Q (s¢yae) (st41,arg @2§Q(5t+17a/))
Q F I H &AL,

1. ¥Itath Q(s, a) MATREAE
2. Repeat (4" episode)

s + episode MPIEHRZ

Repeat (episode 11572):
a — IR s KO m BB
KIENE a, WL r TGRS &
§ —r+ymaxy Q(s',a') — Q(s,a)
Q(s,0) — Q(s,a) + ad

. 5 s

10. Until s &HCIRE

10. Until episode H5¢

© XX ®

gk #As o, FR BRI T A
UERH, i TD 22 2J14-5) Sarsa 22260, Q 23079,
I B, IX LSV /N B A R) R B4 5 S AR 55
thA A AR AR L

2 REGEMELFS]

HARBE T RAME 11 28 M BEVLAE /N U B 5 Tl 11
SRAL A AT S5 R BN, H 5 2 1) SE B fi) 8 iR
AHEM L, B2 @B RE TN, KN 2 R
2 )T AME LA 20 20 R N T SR A A ) B
R, 2 e FE R Iy, B R f3 2) RPIR A
HomE B n, w7 WA TR I sl o ) A A
T8 T KRR B HOIR A B SRR A I st Ak 2 2 AT
4521 Bellman FH “HE 9 HE” KA X — K 3.

WE 5T N 53 AN [ 1 A B2 1 ] o e 4 2 KX
1, 4y 2 94k %% 2] (Hierarchical reinforcement
learning) KM T “riiiaz” AR, 88—~ ik
A2z 2 1) 8 o3 ik e — 2 5 AT 2 ) 1 AR 5 2T 1)
R, BEAG T SR X ) A2 s B 0200 SRS iR Ak,
2] (Transfer learning in reinforcement learning)
AN G ey R A 25 2 e i i 5 5 Tl i ) 22
B 53— M AHAME AN [R] AR i A 27 > Il R 2% 2] 1
REMLT 21300 s HOE Bl (Function approximation) N
K SR B BR HUH — AN SR AR R HE A 31890 4%
X RT3 AN # J52 SR A e J52 e 1) i, I
o RR B AL T VR AL B ELRR SRR T, 2B TR
K.

AR B BT ABA ) 0 AN R R 23, AT BA Gy S
2 (Policy search) FIEKEIEAL (Value function
approximation).

1) SEms I 2R AR A AR N S [ AT R, X
43 N FET B (Gradient-based) 5 2 Fl o B 5
(Gradient-free) J5i%.

BT SRS BABE (1 T NN BENLSR NS 46,
Ik SR b T PRI AR T R A W b SOk SR 48
TH FH SRmSBE I 732 (Policy gradient method)(%, [
SRACHE B 71 (Natural policy gradient)® ! 4%
I % — VP B (Natural actor-critic) 42
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o b LTV A AL BEHL SN TF 4R, AR 4 He
E2 NN RS TiB Uik = NI 11173 T K2 S 2%\ U FRaRe o <13
(1) —ZH S W, AN Wk AR AN i i DL 3R B e 0 S s,
Bl st AL 5% (Genetic algorithm)M3l, 28 X4 5
% (Cross entropy methods)#4=4°1 WCREfL Ak 515
(Ant colony optimizaition) %.

2) A8 bR BT AR AR H R S M AT R, X
93 N RS IEAL (Policy iteration) FMEIEA (Value
iteration).

TG IEA: N — D BENLENE TT 4R, I S PP Al
(Policy evaluation) Fl3ms Mt (Policy improve-
ment) PIAN A BEAS IR AR 58 B, ] 4 e — 3R 5k
% 1% X (Least squares policy iteration)3> 461, )\
I/ IR AR (Least squares A\ policy itera-
tion) 4748 ik ) S %A (Modified policy iter-
ation )95

{EAEAR: AN —ADBENUE R EOT 4R, R0 I B
SO R K. T RARIAEL 2% > (Online learn-
ing) Rk, (EE A IR S WFF0 R 1) f L ) B
FUIE .

T AR AR B HOBE R PR AN [ K1) 4, e B0l AL, 45 i
T L MR oR BOL AR A2 2]« R T AR T VAR Bk
2] RTINS ) SR A A ) IR T Rh 22 ) 2% 1)
SRAG A ST T ERATT A R BB B (9 B2 A 2 A O T
k.

2.1 ETFHMEREEURELES

L MEAE BR BOEALE L — ZHFAE o FIX AL 6
RIZ LSRR BURAL TF BEANRES s IRIMH:

Vo(s) = Z 0;0i(s) (6)

FE SR A 5 2] B BOEAA, 2 o B0 AL DA L ] £ 52
A K 157 5 o3 W B G, SRS T Ak 2 ST F 9T Y
J 2 RVE, JFR R TIRAWIIT. HAHSK TAE 2P
ANTTHRETT: B R vE A fe /N —3fed:.

BAREE: 1988 4E, Sutton 1 KHEH T £k i A]
7224y%% 2] (Linear temporal difference, linear TD)
PLK TD(N) SR JFUFW] T 4% TD(0) /M
¥)77 % (Mean square error, MSE) & ST sk
PEM. 1997 4E, Tsitsiklis Z5iF 9 T £ktE TD(N) 1
BesotE, JRgh TR S AR M 2 X & o 5L
BRI S e R AGER, &Mt TD(N) #
oK. Bradtke 575 1995 42 H 1 “H—
b TD(N)” (Normalized TD(M))B2, & A&
AL 7 17, 12 PR AR K, B> TD
ANFEEAT N LA, 1995 4, Baird %42 H T —Ff
(15% 2 7% (Residual algorithms), 76 R EYK 22 B &

RIS R TR I, B2 T SR BB 2008 4F,
Sutton &54E H T BRFEI 8] 22534 2] (Gradient tem-
poral difference, GTD) H.i%, ZH LM EZ LN
O(n), & H T B SRS 1) 2 21, IF HoAkuk il a] Ok
BN Pl ANk, GTD Hyk 54 gtk
TD J5iktl, WSOEEZERIR S, LR LM AER
H #5425 /ME Bellman #)77 % (Mean square Bell-
man error, MSBE), 5t A, 2009 4F, Sutton %%
P T PR AT BRI R SR S, GTD AR
(GTD2) LA K TDC, XML 1) H b5 dse /M %
# Bellman ¥/ 7% (Mean square projected Bell-
man error, MSPBE)P. Sutton % A7~ T X P
T SR A B AE B BT B T vk (3 e — i
FHEE), BN E R AR O(n), JF H WS HH
bt GTD AR 22, {H LU B Febh B V0 RN Bk 22 1 v
8. 2010 4, Maei il fie/ME A-BUE ¥ MSPBE,
BT AN IR GQN) B I A2
H— A P Greedy-GQP.

/N vk 1996 4, Bradtke ZEHEH T B/
RN ) 2243 519% (Least square temporal differ-
ence, LSTD)B3, Boyan 12002 4E# LSTD §"Ji#
# LSTD(N)BY. 2003 4F Lagoudakis #&H T &/
TR mE AL (Least square policy iteration,
LSPI), LAZRAS i dese Pk 3°). Bradtke %51 1996
TERRE I ORI T, R T AR i H LSTD 5
% (Recursive LSTD, RLSTD)®3. RLSTD %51
TR IR IE O(n?), XX TR 2 H A KEkr
AR (1 W LR EAT 100 2 )7) 1M 5 & A
SEfP=3T1 2006 4F, Geramifard #2H T # F /N
I ) ZE4r 24 3] (ILSTD) Sk, Hat S22 N
O(n), A EEZE N O(n?), fHLLTAL% M TD J5
i, HAT A B 2, AHEE T LSTD Jivk Ay
U R kPO 4R, Geramifard XAHREH T
7 DA% PR IR M B g/ RN () 22 432 2 (ILSTD
with eligibility traces), Jf-45 H T WSCIEIE B,
Gh, EHARZ AT T TR WA T VA I B /)
CARIEAREIVLTOU. 2010 4F, 4 T vk 4k ERFAE
Ry s 2y > e) R, G R AR 3 H R I e AS Y H I
Ghavamzadeh $& i 7R TR K LSTD J7ik
(LSTD with random projections, LSTD-RP)[6%;
2011 47, 24 T AR AR DR IDRHE g SR T o H 3P 30 7 A
519/, Bertsekas $2& H T B (KA ) 2 43 5168

2.2 BEFEAZEHRLES]

1998 4, Sutton 5¢ AN$&H T —F I T18 ) 2
PR 2% (Radial basis function, RBF) [#]5#1k 2%
7R 2002 4E, Ormoneit 25 A B4 1 T 3%
TRkt 22 3] (Kernel-based reinforcement
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learning, KBRL), #5377 KBRL 5% J7 1164
I4E, KBRL W5l T Ak 2 (0 = N Ab sk Ak 5 2] iF
A&, 7F 2006 1) International Conference on
Machine Learning (ICML) & b, L[ 1%L T —
/N Workshop on Kernel Machines and Reinforce-
ment Learning K+ KBRL )@, [H x4
#HT IEEE Transactions on Neural Networks and
Learning Systems T 2012 F & [J4141 T Special
Issue on Online Learning in Kernel Methods.

FR A e B, BE T2 07 ik i A 27 ) A R
ok — AL R k(- ) FON A 6 (1) 2 1 3 iR
KAV HARES s HO1H:

Va(s) = Zeik(s, si) (7)

Hrp, 85 {s,} AT M (Dictionary /D). £ T#
JiVE WAL 2 ) 5 FE B LR = AN i) 8 L R A
k(-,-) ik £, F M D e s A At . DA AAE
BRI 2 BB R

R (-, ) BOIEFE: AN TR A% of 208 H T A
[ FR) 3 A 2 > i) R o) T 52 2% B N A P i A0 2 > T
B, A RBOTAE R LKk AE. Ak, 78
H X T KBRL AT, % ek O 2 iR 4 22 50
BRI GRR B YOS ). DRI, BT R B A
2 Ta) R, dn ey R B AN 5 R 7 v R R A Bl ik
PRz R AL, ¥ KBRL TR #.

T D PR IE: BT RO R R Bl
X PIE: 1) I D T E (s;) MOBZ, {H R
(M2 IL R Jplkag; 2) 7t D hocEk (s;) M Z,
DUMEL R R S B BOR, AR TS 07 2.

7t KBRL [#F5THI, 700 D 2 W56 %E i
(1, WSCHk 2, 64—73]. dbJE, I B B AL
P Tk 80 T O 1) T KIS (Approx-
imate linear dependence, ALD) J7 k™= i%Jy
ERHROP T EE IR O(n?); 2) At A Jr ik
(Bounded kernel-based perceptron)™8=8%; 3) JtF-
WEPEPELE 2% 2] (Selective ensemble learning) [f]
F IR, WSS T AZ R B (0 E R Ak g v B,

B o8 £ Z 50 Al v 28 T RS R R B
bR £ n] DLl i 2 M 7 v R EAT S 5, e
W ok B B ) %2 43 %2 2] (Gaussian process tempo-
ral difference, GPTD)!™=7) 314 J5 vk () 2% %
[F1)9 (Kernel rewards regression, KRR)!), 3tF
% 053 A 56 HE e i 7 77 1 (Kernel-based prior-
itized sweeping, KBPS)I66l, 3t F % J5 i (1) #i i
e /N e I [H) 22 43 2 2] J7 % (Kernel-based LS-
TD, KLSTD)6, 3t F % J7 v 1) e /s — 3 5 s
1A U7 ¥ (Kenel-based least-squares policy it-

eration, KLSPI)["| Bellman %% % &t /Mt (Bell-
man residual minimization)®. Bellman %% % i
B 575 BRE(SV)™ JE 4% %5 JE AL UH 10 8 2 8)
A H L (Non-parametric dynamic programming,
NPDP)"3I DL R JE T 4% 07 725 (W 1E 25 3% 6 1 1) 2
*#:>] (Online selective kernel-based temporal dif-
ference learning, OSKTD)®!.

2% 2] U7 1R AT AL g A S A ) — AN

PRECHEAT AL A, v DO TR AR 5 R b . B AR
L AEAERARE EL K REAS TN 1Y 5 43 A 25 ) 1183841,
Rk, B2 #2251 N KBRL 4R fift 2 ok [H
ME ) B Ak 27 > )

2.3 ETFMHEEHELES

T ASE TR A A 5 ) Hh A O AL, i
Boosting J5 15 2 (FR R H L I PERR, 3K — A
TG Z A BTG Al ok, ARSRIKIRSAETT, 1M
FESRAL S 2 BT INPE R K 5 e R D Hr 2
AT AL T IR A TR 1) 5t Al 2 3 15 VR 2 SR A L5 5
T2, RIS 7k L N PR B R R 7R S, i A
E NI E

m(s) = Z 0:fi(s)

b f; AT DURAT A B A ) [l AABE A 5 dn
TR B PP W25 PRI IR 2 > ANub R
FER f; 2% 2], G fi T eI 5 2] ok AR
Y, BNk A5 BENLARMR G & P L8 2 2 &
PRI A ) SR TR R AL (K R AR
T WHZBREAEE, X f; — AN —ABIURAE ], Eied
NPPG T2 5 —ANFE TIPS 2 1) S mes of 2
BLVEISO R JE K& B, NPPG AL AE fi] 8 o) i 147
B, 1) A Ry 2 IR FULA ) R, 2 e TR SR (1)
206 4R H T PolicyBoost J7 kB0 #iE
IR, BRI G — A S B I — AN SRR
MIERIRBUR Z 1, IR B & B O
IR, bt T Napping 7775 K08 £ 18 in ) 5
TR B2 T 5 /BT
2.4 ETHENEHIELFS]

BT PP 0 5 1) i A 2 ) i 44 S8 SR I ph 2
2854 Ay BR HIT AR A A

ZIAMAE Mgt ik 7 E RIS AT IR
Lk im il ZEMAEME T Eikad 80 FEA TR
Feml U=, w2z ) 2% F T SR AR SR A A ) Tn) A
ue LI ARER AR 2 1995 AF R G &8 — W i TD-
Gammon. BRH T =2 Mg 58 (RN )Z
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RS B 2), 456 TD(N) 2220 AR, B
FE R I i 22 S AR FRIE N LA & 2 2L i R, 3
H1, TD-Gammon 1.0 WA I 2R K FH AT o] 78 7 XU i
B (Backgammon) RSN, 18 2] T 24 N HL i
P ) i K TD-Gammon 2.0 AT N T 3
TR AR IR AR VR A A2 25 N, TS5 &
B, BB T NG K K889,

BT =R I e AR I oA A 2] SRk, bk
A8 (ANEBSHE R T ) MO T 52 R M4 5mN
— BEAGH] TR KPR AR, 1) SR ARG 2 5 oK
filt, R SAR LGS SRS bR N FH b, & K ) 40
SR IEANZE By AR I, 00T £ 8 A U R R PR 15
NARAG EPERE A T T AR SR BRAY 2 2] IR TR

IRPEANZE W 2. YR JE 2 ST BT S IR 2 R A 22 1Y
& OIHZA (EALLE) BEE. B 2006 4 IF4,
W e S VO TEEA SRS AT
VB 55 A A AL BEEN A TSm0 000U YR A
SN AE T, 0 IR A s 8 e — G ] A ) 2
A 2 P PR BT 200 A AR A B v S R, BE A R W 3R
K. XA REATT LR T TRk 1), 2l
FH— ot Y 2 2] ok 5 AR 22 ) . DR, R
F 2 2] S Bs b — R R A% 2] 7%, Conference on
Neural Information Processing Systems (NIPS) M
2015 T AR 28 IR BE ARG 7 I 2%, PR IR
JEE AR o7 ) T AR R R

TRBES: 2] T oAk 2% S RIS [ AR s T
2% 2]. 2010 4F, Deep fitted Q-iteration (DFQ) X
FIEET- VR B F Bl 2 ) i P b 28 0 2% 2 > MR IR RRAE,
il Q 230, IR T AR RSk 02, Hoh ) &
W IR 5 I 2 BRIOR 2% 2 L (Restricted
Boltzmann machine, RBM) A, DFQ KM T ¥
JE AN AR ] RProp M3 BE4T3 2 1)l
SRR A Gt , AL P 2 1) S AR AIE . A
A () PG e 4R B R0 L S, 45 SRR VR 2
) R NS 4 e T I bE 3 mlgy g3 B O i
(Principal component analysis, PCA) I 1) Kl 4.
H TR A 2 AR A s b o th A3, 2
TURFEANZE W 25 1K) YR B2 s Ak 27 217 F 5 52 I g
WELK A, DFFUR AR ICML, NIPS 4%
2L E.
3 ELFEI K LRI A
3.1 BAFFK

BN IR RPN B0 5 A TR TR R 47 s b e
WX EATAT SN, H il 5 2 oA o (19 gk

D5 by B AW, H bR 2 B 20
) BRIk H AR (B iz ST, H s 2

W23 T I 59T H ARy Rz ).

FNTERGE ST WL P A IR, BLas 7E U xR
o E B 2] W ES H AR, X — U A R
22T HRESE, DRt mT DA F s Ak 27 S ke fid vk i o Vi
X R JR) T SCHL s PSR IRAR A, Vi x i v C 48
€ ST AT AT R sl AR, B2 it i R 43 204 SR
WoRk, BRI E R E N 0, A2 AR 1, &
KK AR HIRIRAF R —1.

TE 5 A2 2] F T B0 N UK 7 TR A d5 52 O 1)
TAE, & 2013 % Google DeepMind [ BAZE NIPS
(¥R %2 2] Workshop F42 H ) DQN (Deep Q-
networks) 579204 T8 B B N I )R F 46 A AT
YRR AT A% 2], 78 “HEER]” (Atard) JiERk
a7 AR 6 Bk EEE T AR A, IF
EH A 3 G AR & AR 2015 44
Ji€ 2245 Nature 119 75 49 Fiiiak k3] T A%
7K.

DQN J& & TR HOE U Q 22 %, 18
Q 5 I HEA b T T PRIt SRR A AR
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