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3. Background on Learning and strategy game

E =Fo] AAStE action & strategy generator Al2:
B9 o]3st7] ¥4 non-monotonic reasoning & 2
el TEE 23 Ay FE JNe GG F
o superv1sed learning 7} ¢! decision tree & & °] 33}
ofo} &t} T3 action & strategy generator A]2: *"—“9— kS|
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non-monotonic reasoning & d1}o] =229 oful §
2} ol2o) tish AMEY u, oleid =4 #A™
g2 olgo] FAATD HE Fo] AL FAY ¥
27t g1+ =88 2%} non-monotonic logic & Lt
q YEE FE& “od Hazxd a7l AMHolE X
FHE § 9 ¢7F A2 EAd oot BEE Qo
1A @god, pele AEL UY F U e @
Hef o Aol

dg 59 “ dAYole HAEHolr}” 2l To] ¢
B3 AMEE FHIYE, “ AA o] FUFHE 4§
9l Atgoelrl” g dvrE AL 3 5 YUt

Decision tree
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2 AYEE A1 A58 BAA HAF $AE 71
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4. Key representation

£ =Fo| M action & strategy generator Al
. state, action, strategy, result 2 X #@Hct. o] o 7}
A key word = action & strategy generator A Z2%-& o]

sate A4 gl

state B

state = PFE Sdolo9] AgEe] AN AHE
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action
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s1 o1 | ow1,2) | 011,3)
s2_ | 012,1) | Q2,2) | 02,30 JF 050
s3_|orE.1] 0@E,2) ] 03,3)
Y Set of all possible
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33 1. strategy: 9 Elo)Bo)A, 859 4 AU @A FF
2 YeEhE state, W 919 & A} Aslor & Zge)
& JeE action olth. EHelE9 7 A& state b FAA
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result

result = AYE 9 PFA Qg AAE Yedk S
strategy 7} H W3] FAHJATE ARG BT =
7} Ao, 459 0iE Bae dHojy2 tha HAHo)
action & strategy generator A%l &3] dgse A
BE AQIt},

5. System description
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B2 A A8lo], Default Inference Engine o dAZETh
Default Inference Engine o} A48 TEE &3 dA¥
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modeler, default inference engine, decision Tree learning
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