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Enhancements of Monte Carlo Tree Search for GVG-AI

On HyunWoo!® ToMmoyukl KANEKO?3:P)

Abstract: General Game Playing(GGP) is aimed to develop game Al agents that can play diverse games
without pretraining. General Video Game-AI (GVG-AI) is specialized for GGP in video games. In this re-
search, we propose two enhancements for the Monte Carlo Tree Search which is commonly used for GVG-AL
The first one is to apply mixmax backups to GreedyUCB1 which gives additional rewards to improve the
speed of finding small rewards of the future, to make an accurate search for wider range than GreedyUCBI.
We call this method as MixMax-Greedy-UCT. The second one is for exploration of new states by giving a
penalty to frequent actions. We call this method as Novelty of Action based Penalty (NAP). Our exper-
iments comparing agent applying plain-UCT, agent applying MixMax-Greedy-UCT, agent applying NAP,
agent applying MixMax-Greedy-UCT and NAP with GECCO 2015’s game set showed that  agent with
NAP make better performance than the other agents.
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2. Background
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2.3 Upper Confidence Bound
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3. Monte Carlo Tree Search
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3.1 Algorithm
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1 One iteration of the general MCTS approach.
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T back up 5.
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3.2 Upper Confidence Bound for Tree
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(2)

3.3 Algorithm’s Characteristics
MCTS Db EELEAI, ’AA ORISR
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4. Related Research
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4.2 MixMax Backups
Mixmax backups (& UCT @ Exploitation term (Z#
TEFET, X4 Dkt 5.

Q x Maxscore + (1 — Q) x X (4)
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4.3 Reversal Penalty
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5. Enhancements of MCTS
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5.1 MixMax-Greedy-UCT
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5.2 Novelty of Action Based Penalty
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6. Experiments

6.1 GVG-AI Game
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6.2 Results of Training Set
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6.3 Results of Test Set

==y —hty s TRDZELE AT
FIED plain-UCT & GreedyUCBI1, $EEFIED MixMax-
Greedy-UCT, NAP, MixMax-Greedy-UCT + NAP O T —
Vv bOWREET AN =Lty NTIHELZ. K4k
F2IFZOMRRTH L. KRELUTIE NAP OABEHAL 7Z
IV VIR REEVWEEE T, GreedyUCB1 %
WET 27O DFETH S MixMax-Greedy-UCT 1%, b
V==V 07—ty NTREGEDRH D L DICRZN,
TANT =Lty NCHHI U 728 R, GBS T IR
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7. Conclusions and Future Works

AIFZEIE, GVG-AL D72 287D MCTS DHLETF
T#H 5 GreedyUCBI1 2T 572817, mixmax-backups
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ZIEHIEEA D B Z LR TE . ZhixDF D, BEL
RETDI =Yy MHPREDHEED T —LDHEE S F <
TVATERILEZREKRT S, NL—=v I =Ly b
TD MixMax-Greedy-UCT OFERTHBK 6 TH, Q D
L FBARAR L, BRRT— L GRBRT—LPRET
WBZehbhd, 7z, AL ==V I T =Lty
N TOD NAP OFERTHBX 7 TH, size, penalty rate D
fE & XEARR K, BRERT L EREBERT—LPRES
TWBZ ehbhbd. GreedyUCB1 FiEILE INEREN % F FH
LT, REDNS WM ZERR T 2 HEDM 25, (8]
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% 1 Results of Training Set

game \agent GreedyUCB1 MixMax-Greedy-UCT  NAP
solar fox 0.0 0.0 0.04
enemy citadel 0.04 0.0 0.12
defender 0.48 0.76 0.84
crossfire 0.04 0.04 0.0
lasers 0.0 0.0 0.0
sheriff 1.0 1.0 1.0
chopper 0.88 0.84 1.0
superman 0.0 0.0 0.0
waitforbreakfast | 0.0 0.4 0.08
cakybaky 0.0 0.0 0.0
sum 2.44 2.68 3.08
% 2 Results of Test Set
game \agent plain-UCT  GreedyUCB1 MixMax-Greedy-UCT NAP MixMax-Greedy-UCT + NAP
roguelike 0.0 0.0 0.0 0.0 0.0
surround 1.0 1.0 1.0 1.0 1.0
catapults 0.04 0.04 0.04 0.08 0.0
plants 0.12 0.08 0.04 0.08 0.16
plaque attack | 0.88 0.92 0.8 0.88 0.96
jaws 0.76 0.8 1.0 0.92 0.88
labyrinth 0.12 0.04 0.04 0.16 0.12
boulder chase | 0.24 0.12 0.08 0.2 0.12
escape 0.0 0.0 0.0 0.0 0.0
lemmings 0.0 0.0 0.0 0.0 0.0
sum 3.0 3.16 3.0 3.32 324

%7z, Novelty of Action based Penalty %, & 217EjDE
TEEIZ & > TRFVT 4 — 259528 T, LHFEL
W8T T2 25, UL, RANARED
5D — LTI AR & D EREREER D S H
HETHLDT, RELEZFEMONEREEZ REZEE R
Lhb.

SHOMEE LT, WEEMEIr-7T —LTH XL TV
1T TCELLIIHETIRENDD. Ty XLV Ial—
Va v TERIMIBIOMEEY, 227 & BT LS ICEET
5FIET, Xk [4) OFENH L. TnzEHELT, HU
BiF % B TR 72BN KD ST BMENEZEZ 5N
TWa. 7z, Novelty of Action based Penalty 1%, 7L
WTHEIZ TS 2 LD ICFEET 2 FIETH 7Y, CHR [11]
IZREINTWS Novelty Based Pruning 1&#i7-72 7 —
LRRBIZHEDL L S IZFFEE T 52F1ETHS. Novelty Based
Pruning #2% L C, pruning Tl&72 <, Penalty %5
THHEICHET2MEEEZERI TS, F£72, GVG-AI O
Zeid, MCTS (2B 25 A B A G D ERED
HEIA R, GVG-AI D720 7 — LIEDWi5ERE, Bk~
RWRET—< M Db. FIZ, SCHk [12) Ok, 55D
L&) ERED GGP 28T AMifERIE D E ORIz HE)
HFIZH A OEREZ ERT 2 FEEZRELEZ. ZThits
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