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REINFORCE, A Monte-Carlo Policy-Gradient Method (episodic)

Input: a differentiable policy parameterization m(a|s,8),Va € A,s € 8,0 € R"
Initialize policy weights 6
Repeat forever:

Generate an episode Sp, Ao, 1, ..., S7—1, Ar_1, Ry, following 7(-|-,0)

For each step of the episode t =0,...,T — 1:

G't < return from step ¢
6 « 6 + a' G Vylogm(A¢|St, 0)

def train_net(self):

R =20
policy_loss = []
self.optimizer.zero_grad()
for r, prob in self.data[::-1]:

R =r + gamma * R

loss = -torch.log(prob) * R

policy loss.append(loss.unsqueeze(0))
policy loss = torch.cat(policy loss).sum()
policy loss.backward()

self.optimizer.step()
self.data = []
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Copycat 14.63
Gradual 14.16
Copykitten 14.0
Joss 13.89
Simpleton 13.32
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DISCUSSION



HSHI=

HI &EH 2|5 He H &EH 2= 8+
All Cooperate LT L L L LT L L L L L, L 11,0, 1] 21/ 17 Joss DO L LLLL LT LT 111,110, 1] 18 /18
All Cheat [1,0,1,0,0,0,0,0,0,0,0,00,0,0,0,0,0,0, O] -2/ 6 Cheat-Tester [1,0,1,1,1,0,0,0,0,0,1,1,0,1,0,1,0,1,0, 1] 14/ 6
Copycat 1 O O O O O O P P RO A 21/ 17 Cooperate-Tester [11,11.10,0,1,1,1,1,1,0,1,0,1,0, 1,0, 1] 22 /6
Grudger LT L L L LT L L L L L, L 11,0, 1] 21/ 17 Tranquilizer O1LLLLLL1L1,0110,1,0 1,0, 00,1] 18 /10
Detective LLLOO LT L L L LT L1111, 1,0 1] 19/ 15 Gradual OLLLL L LT L L L, L 11,0, 1] 21/ 17
Copykitten LT L L L LT L L L LT L1110, 1] 21/ 17 Prober [1,1,1,0,1,0,0,0,0,1,0,1,0,0,0,1,0,1,0, O] 12/ 4
Simpleton L1111 1,1,1,1,0, 1] 21/ 17 Pavlov 1111111110, 1] 21/ 17
Random [1,0,1,0,1,10,1,1,0,1,0,0,10,0,0,0,0, 0] 4/12 Mistrust DOLLLLLL L L L LT L L1, 0, 1] 18 /18
Cheat-Downing 00T T LT L L L L1110, 1] 18 /18 Per-Kind [1,1,1,1,1,0,0,1,1,1,1,0,0,1,0,1,0,0,0, 1] 16/ 8
Cooperate-Downing LT L L L LT L L L L L1110, 1] 21/ 17 Per-Nasty [1,1,1,0,1,0,0,1,0,0,0,0,0,1,0,0,0,0, 0, 1] /5
2t M2 QHO| [HS X &S Hb




A

HI &EH 2|5 He H &EH 2= 8+
All Cooperate LT L L L LT L L L L L, L 11,0, 1] 21/ 17 Joss DO L LLLL LT LT 111,110, 1] 18 /18
All Cheat [1,0,1,0,0,0,0,0,0,0,0,00,0,0,0,0,0,0, O] -2/ 6 Cheat-Tester [1,0,1,1,1,0,0,0,0,0,1,1,0,1,0,1,0,1,0, 1] 14/ 6
Copycat 1 O O O O O O P P RO A 21/ 17 Cooperate-Tester [11,11.10,0,1,1,1,1,1,0,1,0,1,0, 1,0, 1] 22 /6
Grudger LT L L L LT L L L L L, L 11,0, 1] 21/ 17 Tranquilizer O1LLLLLL1L1,0110,1,0 1,0, 00,1] 18 /10
Detective LLLOO LT L L L LT L1111, 1,0 1] 19/ 15 Gradual OLLLL L LT L L L, L 11,0, 1] 21/ 17
Copykitten LT L L L LT L L L LT L1110, 1] 21/ 17 Prober [1,1,1,0,1,0,0,0,0,1,0,1,0,0,0,1,0,1,0, O] 12/ 4
Simpleton L1111 1,1,1,1,0, 1] 21/ 17 Pavlov 1111111110, 1] 21/ 17
Random [1,0,1,0,1,10,1,1,0,1,0,0,10,0,0,0,0, 0] 4/12 Mistrust DOLLLLLL L L L LT L L1, 0, 1] 18 /18
Cheat-Downing 00T T LT L L L L1110, 1] 18 /18 Per-Kind [1,1,1,1,1,0,0,1,1,1,1,0,0,1,0,1,0,0,0, 1] 16/ 8
Cooperate-Downing LT L L L LT L L L L L1110, 1] 21/ 17 Per-Nasty [1,1,1,0,1,0,0,1,0,0,0,0,0,1,0,0,0,0, 0, 1] /5
2t M2 QHO| [HS X &S Hb




A

HI &EH 2|5 He H &EH 2= 8+
All Cooperate LT L L L LT L L L L L, L 11,0, 1] 21/ 17 Joss DO L LLLL LT LT 111,110, 1] 18 /18
All Cheat [1,0,1,0,0,0,0,0,0,0,0,00,0,0,0,0,0,0, O] -2/ 6 Cheat-Tester [1,0,1,1,1,0,0,0,0,0,1,1,0,1,0,1,0,1,0, 1] 14/ 6
Copycat 1 O O O O O O P P RO P 21/ 17 Cooperate-Tester [11,11.10,0,1,1,1,1,1,0,1,0,1,0, 1,0, 1] 22 /6
Grudger LT L L L LT L L L L L, L 11,0, 1] 21/ 17 Tranquilizer O1LLLLLL1L1,0110,1,0 1,0, 00,1] 18 /10
Detective LLLOO LT L L L LT L1111, 1,0 1] 19/ 15 Gradual LT L L LT L L L1110, 1] 21/ 17
Copykitten LT L L L LT L L L LT L1110, 1] 21/ 17 Prober [1,1,1,0,1,0,0,0,0,1,0,1,0,0,0,1,0,1,0, O] 12/ 4
Simpleton L1111 1,1,1,1,0, 1] 21/ 17 Pavlov 1111111110, 1] 21/ 17
Random [1,0,1,0,1,10,1,1,0,1,0,0,10,0,0,0,0, 0] 4/12 Mistrust DOLLLLLL L L L L LT L0, 0, 1] 18 /18
Cheat-Downing 0O L L L L LT L1110, 1] 18 /18 Per-Kind [1,1,1,1,1,0,0,1,1,1,1,0,0,1,0,1,0,0,0, 1] 16/ 8
Cooperate-Downing LT L L L LT L L L L L, L 11,0, 1] 21/ 17 Per-Nasty [1,1,1,0,1,0,0,1,0,0,0,0,0,1,0,0,0,0,0O, 1] /5
2t M2 QHO| [HS X &S Hb




A

HI &EH 2|5 He HIE &EH 2= 8+

All Cooperate 1 1 T A U O O O RO A 21/ 17 Joss R 15O A A A A O A O P P P R RO T 18 /18
All Cheat [1,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0] 2/ 6 Cheat-Tester [1,0,1,1,1,0,0,0,0,0,1,1,0,1,0,1,0, 1,0, 1] 4/ 6
Copycat 1 O O O O O O P P RO A 21 N1/ Cooperate-Tester [11,11.10,0,1,1,1,1,1,0,1,0,1,0, 1,0, 1] 22 16
Grudger 1 A A U O O O RO A 21/ 1Y Tranquilizer 01 1111111,0,1,1,0,1,0,1,0,0,0,1] 18 /10
Detective L0011, 11001, 1,1,1,1,1,0, 1] 19 /15 Gradual 1N 1 A A A U O O O RO B 21/ 17

Copykitten 1 1 T T A O P P P R OB 21/17— Prober [1,1,1,0,1,0,0,0,0,1,0,1,0,0,0,1,0,1,0, O] 12/4—
Simpleton LT LT LT, 11,0, 1] 21/ 17 Pavlov R T O T P P R OB 21/ 1
Random [1.0,1,0,1,1,0,1,1,0,1,0,0,1,0,0,0,0,0, 0] 4 /)2 Mistrust O LT L LT L LT 1,110, 1,0, 1] 18 //18
Cheat-Downing 1O 7 T A A O O O A P R R R OB 18/18 Per-Kind [1,1,1,1,1,0,0,1,1,1,1,0,0,1,0,1,0,0,0, 1] )6/ 8
Cooperate-Downing 1 A A U O O O RO A 21/ 17 Per-Nasty [1.1,10,1,00,1,0,0,0,0,0,10,0,0,0,0,1] /5
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