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Action space: 199 different combinations of
a discard action and one pass action

I
Gamestate based on cards at
hand and current cards at the board

Three types of learning agents

vs. Random
7 Model Victories Randoml] Random?2 Random3
\} DQL 66.8 £5.60 9.7 313 129 10.6 =1.8
A2C 65.1 +5.19 9.3 +3.1 2.1 35 135 =358
PPO 83.1 1418 47 1219 6.0 1228 6.2 183
-~ vs. Myself
\ Model Gen-1 Gen-25 Gen-50 Raundom
DQL 194 478 248 £408 429 =706 129 =6.64
AC 254 £4.39 291 £6.14 11 =2.86
PPO 169 £336 32,5 4375 103 =4.1
~ vs. Orhers
5 Model Before training Alter training
DQL 359 +3.11 359 =3.11
A2C 189 £3.51
PPO 428 +£5.06
Random 24 108
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Each agent adopted a specific strategy, and adapted it
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when playing against each other.

Vs Others

Performance results after training for a
thousand games.
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https://github.com/pablovin/ChefsHatGYM
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