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Reusing a Search Tree in Novelty-Based Pruning
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Novelty-Based Pruning (NBP) is a Monte-Carlo Tree Search (MCTS) method that introduced a pruning mech-
anism based on the novelty of nodes to search more unknown nodes in limited time. When an action is chosen,
MCTS methods start a new search from a root node corresponding to the new state. However, it is not appropriate
for NBP because the new search clears all information on what sub-trees should be pruned and the information is
created again by redundant searches. This work proposes a novel method reusing a searched tree starting with a
node corresponding to the new state, which is a child of the old root node. It is expected to increase the number
of unknown nodes searched in limited time. In experiments of general video game playing, the number was slightly
increased; however, it was not significantly different from the normal NBP.
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if T is a winning node.

Vs = if T is a losing node.

if T is a non-terminal node.

ERORITAVT vld s OHEEFTMAME, vld ¢ (2B
SAfifE, T 13MIZ KR E W (DR KRIEE v & T
28 1 > Vpas) Z2RU. t PEEFLVRMEAZE —
N (winning node) 72> 7=85&1d v 2 T ZMA72fH, XL
SIRWVRARZE ) — B (losing node) 72572 5& & vir b T %
BTl ¢ DYRMEEE ) — R Thh o 72 (non-terminal node)
B v DIED s OHEEFIAMIE & 7525,

MEak] Tld/ — RZEBNUTREZHEST S5, [ 32—
va v CHEEEHIE % KD T2 /) — R OIFHR A/ — N8
U, ZOEMT S/ — RIZE/ — ROE#HZENT 5, Zhi
&0/ = NoBEMB T, KPHEREI NS,

MEf) TIBML 72/ — ROz L — F /) — R
BitEEs, TvIab—Yayv] TROLEMUZ ) — Fh
S HEEFHEMEDO M ZIND 2203 S A I EE 5, £ LT,
N—=h /) —=FDF/ —FIZZDEERRTESL, TOLED F
J — K ¢ OF UWWHEE TR X 1% ¢ O WEHIIEZ vey ¢ 225
BILA — FETORKEED ) — FOHELSE N.ne N D
HeE iM%z v, T2 LUTORTEREINS,

*
UC:UC‘i‘g Un

nenN

(2)

UED 4 D0iEfE%E —EDRMHNTIEVEL (K1 21) .
BRIV — b ) — RDF/ — R OFHlifiti % 7512478 25813
%, ZTUT, BIRUATHIC L > TERLZED ) — K287
b= 1/ — FIZHE LU THUBERT 5,

Yab-33a>

1. EYTF A KBER

2.2 Novelty-Based Pruning

Novelty-Based Pruning (NBP) [2][6] i MCTS % 5iR4: L
FBRBET VTV ZALD 1 DT, FITHREL 7RG & L7z RTE
DI E . T NDARRIE BRI U W IR & 1B U TR
TEHLWHLDTHS, ZOTNTY ALK, AT 2 LTI

57 — REHHRE (L 20> THNE) 288 LT, / —
NDEHRE UTCEZASIELBELDH S,

g — R e 3 gem5 ) — KOFEER 25 50O
ez /) —FOHETH, AFO42D /) — %27,

1. BRFADE ) — N
2. B/ —F

3. Bl —FDRHB/)—F
4. B/ —NOwEHE/ — 8

il LT, 2T/ —NF S;0ifs /) — Rzjkfad /) — KT
£9, TLUTEDRHIZ —F S 2 RET 56 KA
D/ —=RIZ/) =R S, ZMATHDN LfE/) —RNehb,

X 2: 3EfE/ — K

FHELIZ, TD/ —RKPEORERL W ZEUEl L 7~
LDTEWNS WVIEEH LW (Hi#lEL»H5) bDOTH S LM
WrEhd, BEEE2 HiEE BTHRELHSE —Rex
D/ —ROEHE — K% 1 2FTOHIELTHL, Thosn /) —
ROREEERTHA LR L T, ZTOMEN TS/ — NOf%E
AUy R UTWL, FElEE, Sm5E ) — RRICFIET 5 UE
BEO ) —ROB+1 Titohd, HIRIE K20 J—K S,
DIRFEZR RIS B EE L/ — RANEE ) — Rzl - 7215
G /=R S OFMEIZ0+1 Tl 2%, ZOFBEINED
EBEA T ZENE D KEWAT ) — ROFHRMEZ HWT 5,
HOHIEIL 7 — WV RETRELS . FBlED B 2 L Hl S 7zt
A% true, W0 & S NG E I false &7 5,

M E%EEE T NBP OfiH%2 T 5, HiElEOFHRKT ) —
RO HIMED MW IE MCTS @ NER | O@RRIZ TEITINS,
DEIN ] QMWL CHEDO RN S 5 /) — RGBS Nz & &
[YIab—Yav] BT 50, O/ —FOLTOT
J—=RIZOWTHHERG S, TNho6DOT/ — NOhT, Fill
FEASED 7B & D RE W — RIZHHIED 2 & FIlr (%
false 129°%) L. MHEER] O@ETARIGENET, #EIR] ©
WRETHRPERD ) — R LTHlbERW, T UTHHENED
BHEA R DT/ — NIZHBIED S % L W (% true 127
%) L, MCTS (2B} 2 ZDHOMETHRONRE 15, %,
WD MCTS & RICHREDOH 51/ —RicfLTyIa
L— M2V, 2O/ — NZBEMUTARZIRES ST, §TlifE
ZIV—b/) = NETEHRSEE, TLTERRMEYIEL -
iz, RO FHIE % I AT BN &IN5, T LT, BINL7Z
FENZ X > TEB LD ) — RE2HIZV— b — Rk
UTHOERT 3, 5B, 2TOT/ — RTHBEMEAZ N &



2E1-J-1-04

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

WrxhzEaiE, Thon/ — KO/ — 8 ( [EIR] ok
TERI N — F) SFHEL L HIE L, FrikofE %
false IZA T 5,

3. REFE

AWFZETIITE 2 E LU TER T 2RI, BB L2 LoRE
EV—F /) —=FELUTHUSHEET S (K3 M) oTldil,
T E>TERTZED ) —FE2Z0EEL—F/—F
ELTEETS (X3 4M) .

RERTFIETIE, BREFBT IS DREER ) — N TF
BL, O/ —FZ2)L—F/—=RNIZEELTLV— /) —=FDA
MOMMINDEAREMET S, TLUT, KREIIRL MRS BR
EHED B,

SEHRET D TFER. UAFOEB ItV —h /) — NE2&E
T BB ZF DRTOR TRE LTIz L > TIL—F / —FKH»
LEBTLHDOT /- NEROHL, TO/ —RF2R->TWwW3
[EHEMSE LTV —F /) —NIZEET 5,

1. BAHTB720D1 /) —F2 D15

2. ROWoGBIEZDT/ —REl—h/ — FIZRET
)
(ROWP oo BB UINV— ) — FERET S)

3. NBP 25479 5%

TEeRFE

REFE

B 3: ERTHE L IRETIRD K
PERFIETEERLD ) — R o BRERBK L TV B
FHETETFAREHEMNELTFROE ) — P o R 2MIEL T
W3,

ZOFETIE, REOLEDFOREEIZMK > TELT S (7
NATHERD D) GEIEBBED ) — RO+ — KT A
(FK) DR OWHELS Z 2GS I LA TEE 20,
FTARZEHAATAZENATEL L WS HELDH B, THIZ&
D, FROENSHRT B ENTE, RTE R85
BEOEBRTLIENTREICRS,

4. EE

4.1 ERAE

AW T, FEBIZ NBP 2MEHINTWAE T —L T L1 >
2" Al “MaastCTS2”[5] &, ZFAUTIREFHRDMEZE X Tk
RUET—L7 VA7 Al “MaastCTS2_R” T. EFIZ 10
D 1-Player 7' — 24 (1 AFO 7 —2) 2FnFh 10 @9 D
TUA UL, BRUE— T —ADAAT 2 ILEKT 3,

4.2 TLAEBT—LA

TVUA T 57 —51E GVGAI DD R— Y Thi S
TWb 7L —AL7—27 %KM 2 (3], ZHidbk LFEEEHD 2D
F—LhETOTTLATHRADEDICFHEICEHRLI-H DT,
Al OVBER T 2720 DRV F =2 b, &7 =14
WWIREF Y7272 — (AGPEETEF Y77 X —) ML
L, T—=VxzV  MIZDF vy 77X =L TTr—LZ 21
R DB RN HIET, AMETIEAMIN TS TD
10 fEDr —L%ZMHLT ¢ aliens, digdug, jaws, labyrinth,
missilecommand, pacman, racebet, sheriff, survivezombies,
waitforbreakfast,
F—LEEHTSE, TV MIEREHBT A2
1 O 5 X 50, DAL 40 I VBRI (Z DO
fR% tick L MES) OHFERT HRMIPG R oS, T—V Y
MEA tick DEICHEREEZ L TED X S ITEET 20 %2 E L,
TOBFIT LT Y I 7 R—%8ET 5, ThET—LDWT
TRETHEORL NS T —LEEDT WL [4],

ZOITV—=LT—=IBPHRNELTWE T =Lt TOT—LAh
EADRIL (BB, BEORA AT E) | 7F—LRNIZBT
LZEEFEORE (Ax v 727 X—DOAE, KD, 71 7 4
L) . BUEDRIED S & 0 152 BifFn ¥ oA 2 Bl af
REREDILR->TEY, TV MIINSOfEHEMD L
UCARERIZBIIS ) —RIZER DI LT, 7= LO&NREE
J—REUTHS ZEDBAHEIZHR > TWD (7], FlAIXEAEH
XY IO RX=DVBEEE x, vy D 2IRTCOHETRIL, HD
TATLERFELTVWA WS 2% 1 TRETLE, /—
NIzl ((x,y),1) EWIIHEHRVPERO5ND,

4.3 MaastCTS2

SEIOFEBRTHNSE S =57 LA > 2 Al % 2016 4E1Z Denis
Soemers [KAFAFE U 72 “MaastCTS2” EIEHEND EHEDTH 5,
ZNET = LT B BTEIREE NBP Tfi>T\W5 Al Th
V. 2016 FED GVGAI DBHRUTSMLUTH D, 1-Player
7= LD B W TEF LEE XL TW5 5,

Z D Al TlE NBP THHE ZF 2802, 7 — R2EEDRHE
RS A8 (BUEWD IR, ik T 1 7T LADOF ML) O
HEFLODTIOOERLARL, Tho2TH-HT 2
BOME—DREERB L TWE ) — R RAT, T UTHHH
PEDH WA IZ, HHEN 1 TH D, ThbLEERE/ — K
IR —DIRIEE R LT\ D ) — RD 0o 72358 O A M
HB YT 5,

4.4 MaastCTS2_R

L3R U7z MaastCTS2 IZIREFIEOMI 2 1A 72 AT
“MaastCTS2.R” TH 5, Z®D Al i MaastCTS2 IZH W T
W—h ) —RERET UMD %2, / — KGR EMRFL
72EFN—F /) —NIZRESINDEDIZHR UL AITHD, ©
NS DEMZBE LU TIREF XL TE ST, 2D MaastCTS2
LRI XD IR Z T 5,

4.5 EREREER

RLIZENETNOFETERUMEREZRT, A7 &
L) — RBUZZFNENOTX —LAT10H 7L 1 XD
T, E55B REVAPIDRVERTHD Z L E2RLTY
%, RBROERNS, 2TOT —LMIBVWTREFEOMI %
A 7z MaastCTS2_R D Jih3%E & 72 o 72 MaastCTS & iz L
TEWEL D) = NEHKE Lz, £/, TREHEFIZT—L%
DEDDA AT H labyrinth %R T MaastCTS2_.R 28k D
FVIEREZHLTW5,



2E1-J-1-04

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

# 1. EREER
MaastCTS2 MaastCTS2_R
A7 [ BR/ VR 237 | BE/ —FE
aliens 28.8 302.2 36.4 336.3
digdug 2.9 71.7 5.9 75.4
jaws 1.4 7.2 2.9 78.2
labyrinth 0 331.2 0 382.5
missilecommand -1.5 82.7 0.8 86.3
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sheriff -0.1 107.1 1.4 111.2
survivezombies 2044.2 187.5 | 2694.6 201.1
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