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Abstract

An Application of Monte-Carlo Softmax Search
to the 2048 Game

WATANABE, Shota

Recently, the combination of Monte Carlo tree search (MCTS) and neural net-
works, particularly in the context of evaluation functions, has garnered significant at-
tention following the emergence of AlphaZero. Despite the versatility of AlphaZero’s
approach across various games, a notable drawback is its substantial computational
resource requirement. As an alternative, the Monte-Carlo Softmax search has been pro-
posed, integrating tree search and an evaluation function without the need for a policy
function. In this study, we implemented a computer player for the stochastic one-player
game 2048, utilizing an established convolutional neural network-based evaluation func-
tion and Monte-Carlo Softmax Search. Additionally, we explored the incorporation of
reinforcement learning by using the search outcomes as training data for the evaluation
function. To adapt the Monte-Carlo Softmax Search algorithm to the stochastic game,
six rules governing the search method were devised. Exhaustive experiments were con-
ducted, evaluating 36 different players with variations in the application of these rules
to selection and backup. The results indicated that the most successful player achieved
an average score of 533 542 under a limit of 2000 simulations per move. Notably, rules
involving non-deterministic selection and deterministic backup proved to be effective.
Further experiments focused on implementing reinforcement learning. Previous studies

on computer players for 2048 have demonstrated the efficacy of TD-based reinforcement
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learning in learning the evaluation function. In this study, we aimed to enhance learning
accuracy by employing the results of tree search for reinforcement learning. However,
a challenge emerged during the learning process using Monte Carlo tree search results:
the evaluation values diverged due to overestimation during the search. To address this,
we designed a learning method based on Double Q-learning with two sets of parameters,
overcoming the overestimation issue in Q-learning. The performance was tested across
players with eight different hyperparameters. Unfortunately, the results indicated that
none of the evaluation values remained stable, and no improvements were observed

beyond reinforcement learning using a derivative algorithm of existing TD learning.

key words 2048, stochastic one-player game, Monte-Carlo Tree Search, Monte-

Carlo Softmax Search, Reinforcement Learning, overestimation, Double Q-learning
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R — ROFEEE n & LT, BEARTX—%% T =2.0/2%0" ¥ 33,

best {HEX T =0 2EETS. BIR - Nv 77 v FOBRICITRAME T ES.

5.2 YIal—arvOzeEET SEMRERER

1 FH72D N=100 D> I a2 —>a y2fToE BRI, UMFD 2 00714 ¥

REAT

Lm-be ERHAI: L-max, v 277 v FHHI : best

be-be EIRFHI : best, Nv 7 7 v FHHAI : best

ZD2DODFVLAYERACT, 1 FH2HDOYIaL—ayEEE 25 @55 2000 [FF
TOHFAT, KO REVWEREZITo-. TNETOEBEFERKIC, 70275 4% 5x50 57—
LFEITL, PR a7, HmARRa7, n RALDERE (n = 4096, 8192, 16384, 32768) D
3ODIRETIHME L7z, FHIRa7IZo0WTIX, 5y D507 — LB 2 EEREL Z
DFEEEFTE L. R4 HERERT. £/, K511, E7LA4YD 1 FdHl-bhor
Ial—YariucHTaEERarEsay bF 5. FLAY bebeld, N =100 D
J2l—Yary TRBBVERI a7ZRL, ZRLDPR0VIIaL—2a YEHTH
BWEEZIND 225, &I 2L —avyBucets 2iEom FidhE o7z, Zhig, #
RRAT Y TNy 779 TRAT v FIZBOTRERNLHEELZ L TWE ZETH S LA
N3, —HT, PLA¥Y Lmbeld, ¥Ial—YayAECHEILTELWESZa7D
2R L2, 2000 FIOS I 2L —2aryDd e TOEHRa7 533542 1%, [F U
BA% % FH 7z expectimax 3-ply search OFEHR (¥R a7 394632[2]) # K&K k2 H D

ThHolz. ZOHBRIZ, EFESOHMBEY, PUCT 73U X AT 12800 M ED> 3 2
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52 Y Ial—Ya YEREEET ZBINER

£51 YIaL—TayFiN=10012BF3 7L A4 YOHE

el B1s2a7
R Ny 7Ty ¥+ R R &R
ave ave 38592 + 3024 | 133028
L-log ave 36822 + 2876 80428
G-log ave 40005 £+ 2050 80076
L-max ave 41747 £ 1770 | 122256
G-max ave 41620 + 2229 | 123880
best ave 36839 + 1147 80152
ave L-log 44745 + 5702 | 157056
L-log L-log 59842 + 2810 | 177296
G-log L-log 62586 + 5997 | 269840
L-max L-log 66 247 + 4512 | 248424
G-max L-log 65873 + 7636 | 210504
best L-log 52118 + 3768 | 168132
ave G-log 60115 + 5576 | 223640
L-log G-log 76504 + 9771 | 375400
G-log G-log 76700 + 7211 | 331416
L-max G-log 93880 + 4841 | 499584
G-max G-log 90848 + 6455 | 357916
best G-log 71850 + 4374 | 290964
ave L-max 93665 £ 14257 | 385920
L-log L-max 136006 + 12909 | 626148
G-log L-max 133627 + 7481 | 734448
L-max L-max 156129 £ 17627 | 620564
G-max L-max 157096 + 7042 | 630220
best L-max 98921 + 4102 | 375876
ave G-max 152557 £ 4038 | 737616
L-log G-max 192647 £ 7156 | 696 256
G-log G-max 227751 &+ 9815 | 795488
L-max G-max 215689 &+ 16321 | 805424
G-max G-max 233091 &+ 10091 | 698616
best G-max 137383 £+ 5792 | 386340
ave best 264972 + 18360 | 741940
L-log best 284261 &+ 12275 | 733284
G-log best 293769 &+ 10852 | 743544
L-max best 314311 + 24277 | 818008
G-max best 299953 + 9637 | 630260
best best 361552 + 12842 | 819036
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52 Y Ial—Ya YEREEET ZBINER

L—a MW AlphaZero 7L A4 Y — 6] LAD=2—F 12y bV V=TT LAY XD
BELTVS.

#£52 Nv o7y SHEAOE

Ny 77T Rz ay
FAHI EEfE hofE
ave 39270 39298
L-log 58568 61214
G-log 78316 76602
L-max 129240 134816
G-max 193186 204168
best 303136 296 861
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% 5.3 SHRAIO A I

AHM%
BEPGRAN | By &eEs
ave 0.8171  0.8128
L-log 0.9873  0.9864
G-log 1.0414  1.0392

L-max 1.1257 1.1239
G-max 1.1260 1.1231

best 0.9024 0.8901

25 50 100 200 500 1000 2000
Ial—Yarvho

K51 1FH7EDD>Ial—yayAICHNT 28T LAVYOEEHRa7
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(a) R = L-max / v 77 v 7 = best

#£54 TIalb—aVBEEHELLEEROMRE

¥GXa7 2 A VERRHR
N | ‘FEE £+ FEERE N | 4096 8192 16384 32768
25 | 122641 £+ 8044 | 382584 | 83.2% 54.4% 14.4% 0.0%
o0 | 228185 & 7370 | 626 008 96.0% 86.0% 48.4% 2.8%
100 | 314311 &+ 24277 | 818008 98.4% 93.6% 72.8% 11.2%
200 | 390594 £ 14003 | 809756 99.2% 96.4% 83.2% 25.2%
500 | 438882 + 7165 | 833076 99.6% 99.2% 93.2% 32.4%
1000 | 498014 + 20658 | 819928 | 99.6% 98.8% 94.8% 46.0%
2000 | 533542 + 17753 | 833008 | 100.0% 99.6% 96.0% 54.4%

(b) R = best / Ny 277 v 7 = best

ERRa7 B A VIR
N | FEfE + SR S IN | 4096 8192 16384 32768
25 | 321332 £+ 9756 | 795648 | 98.4% 93.6% 74.4% 12.4%
50 | 343376 &+ 28865 | 777064 | 98.4% 95.6% 79.2% 16.0%
100 | 361552 &+ 12842 | 819036 99.6% 97.6% 78.0% 18.4%
200 | 375202 £ 23715 | 794852 99.6% 96.8% 82.4% 20.0%
500 | 389101 &= 12543 | 811120 | 100.0% 97.6% 87.2% 20.0%
1000 | 380114 &+ 10590 | 819848 | 99.6% 98.0% 86.8% 20.8%
2000 | 379369 = 12895 | 795276 98.8% 97.2% 79.6% 24.4%
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E6E

B AT Z BT B FEFED
=5y

RETE, BAFHMOHEEZIMA DD, WKL AR ORI Z 78 X8 2 7RIS
WTHRENS 5.

6.1 FE7ILIVILOFH

HHT 2 7L A VIR NONETRREEZE 2175, b, A£713 Y X 41& Double

Q-learning D7 A 77 X=X LTW5.

2 DOFHEBM CFHEME ) — FOFHEICBWT, T X —X DR ZHEBEEE 2 O
W53, ZRZENEHEBIE A, B &35, 2RV, SFRRAHTO /) — FIZFHEEZ 2 5
o, zhzh evA, evB T 5.

RKOBRCEEAZE Ial—Yaryd, /— F2ERT 2BOEME L 2 2 7 HEEIZ—E
DRAIVT (B—vig, HLIEZYY —FE) T50 UWDOHERTLIRD 2 2D hiE
Db 1 D%ERT 5.

o T/ —FOERN ROER) ORMEL 3 25HHE: A, 287 — X3 257HfiE
B, #H X1 2% A

o T/ —FOER CROEM) OHEMEL F 25 fifE: B, 87— &%t 3 27 :
A, FHEZE5FHMEE: B

DIEITRLZ & D12, KROREHOEEYL UG, #¥ X8 25HiEE, 2oy
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6.1 R 713V X L0

TR R ZFHMIEXFES L TE D, HICFHEREL A [ ZFHIE evB &, FHlBIEL B 1%
AHIGE cvA 2B T 2. DX DI, BR300 & Fo i B KR+ & 8 o B
H&x¥5 T, B0l X 238 KGO E LA 2 Z e TE 2 L HIfFX
ns.

HMBED/NY O Ty THE Nv2r7 vy TOROFMEEDORET LI 28D H D, FHfifdz
Ny I 79T TE1DITHRAMEEDDODTDA VT YT R s ZIRETZEE, bORH
DFHIEIZ & 5T by ZRET 2H71EL, ZOFHIEEH THIES 5 HEICT 25,
Zne )ik A(Alternate), D(Direct) £ #4175, children ¥/ — FORELBE,
¥/ — FRZENZNFHIE evA, evB L BRRORRRMZRIEr ZFoL L, &/
R T ORMIED #7572 LT ITR T
Fiik A T, TR CRHMBEOEF 21T 5.

imaz = arg max(children;.r + children;.evB)

evA < children;, . .r+ children; . .evA

B, evB OHEFIIXFD evA ¥ evB ZHICHAZZ 2D TH 3.

J7iE D T, U CRHMIEfED EHr 217 5.

imaz = argmaz;(children;.r + children;.evA)

evA < children,,,,,.r + children;, , .evA

evB DFEFHIEDFETH 2. ZASDEWVZ, Ny 277 v FTOBRETHEREEY S L
ZHWIZEAGXELNEINTHS.

BTV TDORREBRD ) —F 2=V TR (LA YRFEERLZE) 1, DT
RET—EDHEDWITNPICHEDONTEE T — ROV 7Y ¥ 7 *1T 5.
topd 2/ —FD>5%5, SHEED LA 5 DUAD ) — R 2¥E T -2 3 5.
child #/—FDOFD5%5, RDFHMEIEN — F2EET -2 T 5.
INSDOFEERNT, WKFHEOHEEOME 24 S.
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6.2 SHHHD T LA vEHWIEEERED

6.2 STEHOILAVERUVWIEEZUEEDLE

RICEBRTHHT 2 SEHEO LA YERT. IHOIRARKOEHLEELHEEZEET
RAIVY, X7 v THE BTV THENRERS.

A-ts-turn Ny 77 v FHE A YTV VI toph, KRODER & EE T IEDHIE |
R— VR T I

A-ts-ep Ny 7y IHE A F YTV Y ITE  toph, KD &R TIED R |
IV — NETH

D-t5-turn Ny 27y FHIE D, B ) 2 Z 51K T top, RO & B IEOHE |
R — VT h

D-t5-ep Nv 27 v 7LD, Y 2 ITE D toph, KRDREH & B TTIEOHE |
IV — NETH

A-ch-turn Ny 277 ThHEIA BTV T child, KOER &8T5 RO
R— VT I

A-ch-ep Ny 77w THE A YTV U TTEE L child, KROER & BT |
IEY— NETI

D-ch-turn Ny 277 v 7HE D, 7V Y ZHE I child, ROER & 2R T5IEDHGE
R — VT

D-ch-ep Ny 277y 7HiE:D. 27V 27 )0k child, RORER 28 5EOHE !

IV — FRTIR

R, TV AYHFEEORERBCED, Ra7o FRERAKR» o, 27V
YIHEDBFRIT T LAY OREHEOHIR a7 %, K6.1, 6.21c7vy 35, £z,
EHORHOETD Tay b5 5. il LT, Atb-ep D/ — FDFHIIE evA OHEEZ X 6.3
Y. FEEREERENCHEEM L T 0 R Z e b b.

CDRERNS, RIS ZePbhrb. 3, ROEROFEEIHEN D >7-DI1F, K
DEMEFHEE T VX LNCHBIRT 224 IV Thole. X—VHBICEHERLEZTL
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6.3 FHME D FERL D KN B3 5 &%

A¥E, TEY— FEREERLE LA VICHART T 07 5 ADEIERER - 7 (=3
BEOHBGEESE P o72) . £z, FRCZDEZY VTV V7 Hikch TEETHS. 7
VY7 hHiEch TR, R —FDF, 2F D ROFPTHRDHBEIV/ — FOFT, &b IHED?
MW/ = F2EET—2r 55, ZHEROF TR FHEfEDEHEEIZ W/, — R TH 3
MERIE L, ZOHLEBRRKHADOHELZIIRTVWEEZLNS. UKD, R
Y — FRTRERICBOWTHRT 2 /mAILE> TWd 78, X—VBIZKDRERH & EH
HiEZRYIDEZ 5 Z & TRHMERIB D 0 OB RD Z & 3T ER L Lo TV B A[REMED?
FEZ2oNDB. F2, Nv 77y THRGTHEEOFEEBGEER R 2 7 O EL Tk
WEITHo. MR LT, SHEONEDATITERICGTHEEOHEMEMNZ 5 Z LI TE

h oz,

6.3 FHEEORBADFERICETIER

FDFEEIZ, max / — FIZBIF2EIR - Nv 77y TOBCEKEZFROTF 2SR LT
WBREIWICRREDH 2 L WO RHD R TITHNTz. b LIOMDRERDH 3 & X, 2048
DFEOT VR LNBERIH D EEZ NS, KRIFKED MCSS T, chance / — FIZBI) %%
ROBE R A VEMOHERIZE > TT Y X LAFEREML, Ny 277y FRBVTEFD
AHiE D MEFEZFHET 2. ZAE—RBEI KWL S ICBZ 20, Z0kDY I aL—
¥ a YTk, EVIHEEEZ RO 2 — KBS ER - FiEii X, RWFHIEEE R ) —
RN S, Zhuc kD, FERIOAMTNEFHEE L D b @V ELFHi(E e L CHEHE
XNHET 2720, WAFHIAFEEL TV B LW RHAEZ NS, b LZ I THho2A,
MCSS DX 5%ba— AT 4y ZHRER7 LI X L% 2048 ICHA T % LT, HRIC

X o TRHTSAULPER ) — ¥ Ofl % PRI 8 S 5 & L GHEYI TRV ATHENED S 5.
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6.3 FHME D FERL D KN B3 5 &%

P2 A7 (x10%)

—— A-tb-turn
—— D-t5-turn
— A-th-ep
—— D-tb-ep
2.5 5.0 7.5 10.0 125 15.0
BrfE(h]

6.1 YTV THED S DT LAY ORED Y R a7 O

A-ch-turn
D-ch-turn
A-ch-ep
D-ch-ep

5 10 15 20

BFfE[h]
6.2 Y IV YT HEDN ch DT LA YORREEDIEE R a7 OHE
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TffifE(x1011)
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i

0 1 2 3 4 5 6
REY— > (x10°)

6.3 REX— KT 2 R OFHIEDOHER

— 26 —



ETE

=R

RIFFTIE, RERWILFEEEHALBER 7 VI ) X 20E 2 HEL, BEFEO
CNN R — 2 DA% ¥ Monte-Carlo Softmax #R% H\WT, HERM—AF — 2 2048
DAYE2—=RTLAYEIERL .

%9, Monte-Carlo Softmax KD 7L 3V X A ZBHERN Y — ATHEISSE 272012,
HTOBEZMACTEAL, HROGEZHIET 2 6 DOMAIZREI L. ZhzERy
Ny 779 7D 2 DITHA L 36 BEO T LA Y2 RMBENCFEES 2 720 O iR %
fTol=. #ER, 1 FH=D 2000 I 2L —aryeWSHIRORT, R a7 533542
RER L. 2RI, [ UM E AW expectimax HFEREH WS LAY ED
BT\,

T/, b EERET 2200 EEDBITo7. 2048 DAY a—X T LA YICEHT 3
FATHIRIC K 5 &, TD FERN— 2058 I & DMl E P X B 2 FIENENTH
5. AR TE, ¥EREZED S0, KRERZT- LR 2 At e oRs 2 H
L7, LaLiass, By T AV e ARBEROBREHWTEEE2TS ¥, HRFO
AR & D FHHEDFES 2 & WS B Z > TLE S MENRE L. Zo#EI
WIHF 2L, AFETIE, @RFHlORE % 5/l 3 % Double Q-Learning 22#12, 2D
DRI A=Kty PRV FEFEERG Lz, W — RO X 2 1E6EM % B
L, X779 7Y TV THEREDRIA=ZEEB L SHEEO T LAY EHL
T, FEMREEMEEL 2. BRI, WIS FHMlENZER S, BAFHMIOMEZ ks 5
ZlETERPo. LI L, BHOFEERLOFEBRICBOTIIHEROBEMMENRENTE
D, D/ — KHPFHEEE AEDOEER > TWa®), ¥EF—X e LTUEHATES 22 h
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2ELW. 207D, FEEZEALL ETHEENEEURT 2 2 LI35ROFETH 2 LW

Z%.
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A B

KRR ZITO DD, FEEHAETDH 2 mA LR LG AR DRI AR B ITIIFR 4 72
THREZWEREE LA, DIDEHBL ETES. £, KMXORIFEZTI R T
FWEHE—#IE, MHNEE#EMCOIDEHBFL LITETd. ARCH0NLe 5 T3 nE
L7.
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