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Infinite 1-up as The Theme

TAKATA Ryosuke(!:® HasHiMoTo TsuyosHi!:P)

Abstract: There are many tricks in action games that make behaviors unintended by the producers, but in
general they are discovered by humans playing. If machines can find tricks, it can not only expand user’s
way of enjoying but also help to debug of the game development. In this paper, by using the reinforcement
learning by which agents repeatedly try and try to grow. A method to discover tricks without teaching is
proposed here. As a theme, “Infinite 1-up” is used and as an experiment, an Al to be discovered by the deep
reinforcement learning by using MLP and ES. As a result, the agent performed action like Infinite 1-up is
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Proposal of A Self Learning Method to Discover Secret Tricks Using

confirmed. Likewise, it is considered possible to discover tricks in other games.
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Fig. 1 Infinite 1-Up(Nintendo, Super Mario Bros.).

3.1 Mario AI Competition

IEEE ¥/ Computing Intelligence and Games (BL'F,
CIG) &I EERRHELH 5. CIG & 2005 2> SHAE, 2
HRTHEEINTE D, K= 7 —LPHIE T — 4, &
T—Lh, T2 avr—LigE4MIThiz57 — L Al Dt
EAfibhTwad. 1 TH 2009 455 2012 4 % T Mario
AT Competition & \W5 < U A4 Al OEFH A CIG TfF
bNTED, V4 Al OfFRITED B30 % HE7- [4).

3.2 Mario AI Benchmark

ARWFE T T 5 D1 Mario AI Competition THW 5
7z Mario AT Benchmark &N 255 5] THD. Z
NFIA—NR=< VA TS —-X% M) Va—- LT —24
W Java TEMEL, EHOZ -V VYV N 2HEALRL I ET
YVAERBETEIENTES. ) A ORAMADERIL T
0J5 A ETHETE, THIXETHSITREINS. £
72, ATF—U < v 7% Benchmark OFEEIZ & » HETE
25515 TWwa. Zhizkb, MR 1UP ORAEL S
LAT—=VEEAEL, FBIZL o TITEZERTLZ &N
AREIZR > T\ 5.

3.3 Mario AI Benchmark TO&[R 1UP

Mario Al Benchmark TD ¥ U & O EEILFERED A —
N= VAT I =X R D[NBE N, FIZ, ) AN
HEZEADT-ROBENRKESEL S, BAERNIZIE,
Mario AI Benchmark Tl LT WA HEEZEADIT 72
BUIZX VA E Y Yy TT 0, A== V4T ITH-X
TRY Y7L, ZOERIIHER IUP OBfFICKE
KBEbBFEHXTHB7-8, Mario Al Benchmark TIZ5EE
DO 1UP L 2<FAUEERFKELRVWEZFZ NS,
ZITAMETIZRINE D T2 7 PNEEITH AT 58
fE)] 28R 1UP ¥ L Cikind 5. 2 Z TR 1UP ¥4
THEEFERAONSIEEZUTIIRT.



BERLEBF SR RIRE
IPSJ SIG Technical Report

(1) BiATHE NS & MR BHF v 52 R —HEIE
(2) F@ABRINE S 70 v 2 AHFAE

4. REFE

AETIHMR IUP 2 KWL T 572007177 LFEF
FEIZOVWTHAT 5.

41 TATT

SEEdH BN T A =X BERFIZEVREE R AT
RIfRT, 1 DONRIA—RIZFEHLTFHEIELZL%2H
Z5. HHUTWA NI A—=ZDRmKIZRD LD II%E%
BB Z T, HEEAFRRE UKD A — X |IREHEZ
AT EFRTES. FEHOMAE LT, MFL LT
BWTI—LATHBI Ly, BEIFATHRZELTHRE
NHZHLDTHLEEZLND Z e oERHRILEE %2
W5, Zhizkbd, T—Yx v bDOITEIORED S HME
T4 —RKRNw oL, TG U THIMERAMET S L 512
¥H89 5.

$ERR 1UP 13~ ) A OB OFRTHEIZZ a7 AL,
BAEA DA TIEEE TV A TIRELD 2722 WHEIZR 5 Z & 035
SNTWVW5S., ZHNEFMALT, B2 a72EHTENS
A—=REUTHEL, AT 2 &> b
RETEBEEZOND.

42 —a—OTRYa—>3v
—a—puTRY)a—varvidDa—JIIxyv hT—2
(BAF, NN) ([2#B7 L3y X4 (BUF, EA) A4
LB FEHOFIETH S, ShHlli=a—nTRY a—
¥ a VO TH HyperGP & EEN B Fik 6] ZHWD. Z
o=y bOMEZEFE L, EAREIEEN BT S
IVIERAVWSEETHS. BARIZIE, NN OEAGHE
ICEA ZHW2Z 2T, #MARA(LT 2 & 5% NN IZIX
HEE3. 4EIE, NN &ULTEE -k hur%, EA
& U TR Z FAW 5.
4.2.1 ZBNR—tSbtOv

%@ —t 7 ray (LR, MLP) 3% NN T,
B—H I DA T B IEEHE NN TH 5. MLP OE
TIEEE 2R T. #@EO MLP X3 LS EBIRIC L -
Ta=y MUDEAZEHT D, SHEIEEAICL -T2
=y MNEOEAZFEHFIE 5.
4.2.2 HEIRERS

HALEE (LT, ES) 1%, EA 0T EBEBOIER
WaEBESBIZHNSNE Z A%, ERER A Yo iife
U TR ZAT D . RAREEITIIEHER 2 O B2 i %
Foil 2 W5, SHIIBIER & TERI DM 5 H 5 ki
ROMEEEZEIRT D (u+ X)) — ES VS, ZOETI
M%EE 3 I1ZRT.

© 2018 Information Processing Society of Japan

Vol.2018-GI-39 No.5
2018/3/2

2 MLP E7)[¥
Fig. 2 MLP model.
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Fig. 3 (p+ A) — ES model.
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Fig. 6 Stage 3.
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Fig. 7 Stage 4.
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Fig. 8 Stage 5.
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Fig. 9 Stage 6.
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Fig. 11 Random stage 2.
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Fig. 10 Random stage 1.
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Fig. 12 Random stage 3.
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Fig. 13 Random stage 4.
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Fig. 15 Random stage 6.
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Fig. 14 Random stage 5.
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Fig. 17 Random stage 8.
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Fig. 16 Random stage 7.
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Fig. 19 Random stage 10.
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Fig. 18 Random stage 9.
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Fig. 20 Transitive graph of max reward for each generation

at Infinite 1-up stage.
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Appearance of Infinite 1-up in stage 6.
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Fig. 22 Transitive graph of max reward for each generation
at random stage(rise value around 100).
1600
1400
1200 I-
1000
~
2 500 ——Stagel
& —Stage3
[
00 ——Stage6
Stage8
400

) (_’_fi

mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm
N R R R - R R R
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm

X 23 TV XLAT—IEEMNEOREHRMER
(L5 1000 gi%)

Fig. 23 Transitive graph of max reward for each generation

at random stage(rise value around 1000).
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at random stage(rise value around 3000).
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Fig. 25 Transitive graph of max reward for each generation

at random stage(rise value around 9000).

B 26 7 XLAT— 2 TER 1UP BRAEL THEHEF
Fig. 26 Appearance of Infinite 1-up in random stage 2.
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