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Algorithr: Robust Sampling Monte Carlo Counterfactual Re ret Minimization

Function RS-MCCFRALG( f)
fori=1fotde
RS-MCCFR (12,01, 1)
RSHMCCRR (1 2,1, 1, 1)

Function RS-MCCFR{{him, mpW
<= 1i(h)
if e Zthen i
return v o
else if P(h)=-1 then
a~o.,;{l)
return RS-MCCFR{ £, ha, i, m %)

P T A @ 0o i O e B €3 Pl e

13 elseif P(h)= then

14 g, (i) <+— CalculateStalegy { R/ (1), 1))

15 vi(h) =0, r,{1h) T, (1) T

16 A™ (1) «—sampling k different actions according to
17 ForacA™(l ) do

18 v, (alh) <— RS-MCCFR( £, ba, i, 7, & (&),
19 vi(h)+—v,{h) +v,(alhjo; (al;)

2 Forac A™(].) do

21 if £==(then

2 RIUL)  RIUH) (alh)-v; ()
2% i)+ S -)'*'Tf,- o,fall)
24 glse

% R 1) <= (v, (alh -, (1)

2% Sfié‘iff i) all)

21 else

28 o.,{I,) < CalculateStrateqy { R'(

2 a~o.{l)

0 return RS-MCCFR{{, ha, i, m,, m™)

1

32 Function CalculateStrategy { R,(1/,), 1)
33| sum oL ey max(R; g/}, 0)
34| ForacAll)de

3% L 6 (all )= ,Ta_?‘_(_?_!,ﬁ!_’_l_ _____ i sum > 0 else M)}
3 [ relum o (/)
3
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> informationset alsate b
> refurn game payoff

C> sample an action from ¢, {h)

D> calculate current strategy
and (11, ) are two veclors over A{f,)

)

D> update counterfaciual value
D> update cumulative regret
D> update average strategy numerator

D> update cumulative regret
b> update average strategy numerator

> calculate current strateqy
t> sample anaction from 0, {/})

FIG.3
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Algorithm 1: Counterfactual Regret Minimization with Two Deep Neural Networks

1 Funclion Agent(T, 5):

2

TO ~—f &

Fort=1ioTdo
if t= 1 and using warm starfing then
initiafize
8; and 8, from an existing checkpoint
{e—f{+1
Isa
| initialize 8} and 6} randomly
My, Mg <+ samplng methods
sum aggregate value in M, by information set
remove duplicated records in Mg
if use reservoir method then
| Mg < Mg, Mg <M
6, <— NerualAgent| R(18, ') M5, 85 ,8;)
85 <— NemaiAgent S(16¢7) Mg, 6,7, 8;

&> skip cold starling

> such as Algorithm3
&> acoording fo e Lemma § and Equation 13

1> update 8 using Algorithm2
> update 8 using Algorithm?

FIG. 5
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600
Algorithm 2: Optimization of Deep Neural Network
1 Function Neuralgent (187", M, 8. 8°)
2 | initialize optimizer, scheduler o> gradient descent opfimizer and learning rate scheduler
3| 80", et 0 t> warm starting from the checkpaint of the last iteralion
4 Fori=1t g, do
5 joss <11 initialize loss as an emply list
6 For each fraining epoch do
7 KOy ~u . > sampling a min-batch from
batch foss «— — ., {fix"|9 e’y
back propagafion batch_loss with learningra I
clip gradient of Grio{-s, s]d > ¢ is e dimension of '
oplimizer {bafch foss )
loss.append {baich loss )
3 Ir «— sheduler {ir) t> reduce leaming rate adaptively when loss has stopped improving
14 if avglss) < B, then
Bl <87 carly stopping o> ifloss is small enough, using early stopping mecharism
else if avglloss) </, then
li = aVGl0SS) 1 +— 187, 4— 8
8 fi-1,4 28, then
9 - Ir«—§, b reset leaming rate to escape from potential saddle point or focal minima
0L, ng

FIG. 6
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Algorithm 3: Mini-Batch RS-MCCFR with Double Neural Networks

1 Function Min-Batch-MCCFR-NN(t)

2 My M0

3 Forall i=11{o bdo in parallel then

4 MCCFRNN (£ 2,0, 1, 1)

5 MCCFR-BN (12,1, 1,1)

6  miun My,

7

8 Function MCCFRNN{{ h, i m,, ms®):

§ I =—1{h}

10 i he Z then y

| retum

12 elsedf Plh)=- A then

13 a~o.,{l)

| retum MCCFRAN (1 ha,i,m;,

15 elseif Ph)= :then

16 Ri{|l)=—RU, 1185 if 1> 1 else f)*
17 ol )%Caicu!ateSraiegy( L
18 vi(h) <= Ori{ll;) +— s (1)) <

A™ ([} <—samgling kdifferent ac tsansacmfdang o o,"

o (all )

ForaeA™(1 ) do

v.(alh) <—MCCFRAN( . he,  {a])

vy, {h) +v (ah)o, (e
23 ForacA™ (/) do
r, {all )“@“”Vialﬁ  {h)
s {allye—m{l) o {all))

26 Store updatec cumulative regretiup!e( ALY
27 Store updated current srategy dictionary {

28 return v, (h)

29 else ‘

30 R <= R(L18) > 1else §

3 v.,{l,) = CalculateStralegy { R_[11.), 1)

32 a~d, (ii ,'}

3 refurn MCCFR-NN (1, ha, i,

35 Function CalculateStrategy { R.{4/ )1 )
3 | sum eI, maxR (&ll),0)
3| FeracAll;}de

v max{Ryiai;), 0)

38 L ofall)= S5 i sum> 0 else TA(J,")F

39 L reium o (/)
40

B> information set af sale h
D> relurn game payoff
t> samgle an actionfrom @, (A
> inference the vector of cumulalive regret  a¢ A{l))

&> calculate curent strategy
B ory ¢l and () are two veclors over A{l)

&> update counterfactual value

£ Update cumulative regrat
I> update average strategy numerator

{15 M

p> inference cumislative regret
t> caloulate curent strafegy
> sample anactionfrom o,{/;)

N

700
FIG.7
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|dentify N1 possible actions of a first player in a first state of the first player

800

1-810

Sample a possible action out of the N1 possible actions in the first state of the first player
with a first sampling probability

1-820

|dentify N2 possible actions of the first player in a second state of the first player, wherein
the first state of the first player is closer to a beginning state of the IIG
than the second state of the first player

1-830

Sample a possible action out of the N2 possible actions in the second state of the first
player with a second sampling probability, wherein the first sampling
probability is less than the second sampling probability

1-840

Perform counterfactual regret minimization (CFR) for solving the imperfect information
game (lIG) based on the possible actions out of the N1 possible actions in the first
state of the first player and the possible action out of the N2 possible actions in
the second state of the first player

1-850

FIG. 8
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Initialize parameters of a first neural network for predicting a regret value of a possible
action in a state of the player and parameters of a second neural network for predicting a
strategy value of a possible action in a state of the player

900

1-910

Store a number of regret samples in a first data store, wherein each of the number of regret
samples includes a state of the player and a regret value of a possible action in the state
of the player, wherein the number of regret samples are obtained in two or more
iterations of a counterfactual regret minimization (CFR) algorithm in

solving an imperfect information game (llG)

1-920

Store a number of strategy samples in a second data store, wherein each of the number of
strategy samples includes a state of the player and a strategy value of a possible
action in the state of the player

1-930

Update parameters of a first neural network for predicting a regret value of a possible action
in a state of the player based on the number of regret samples in the first data store

1-940

Update parameters of a second neural network for predicting a strategy value of a possible
action in a state of the player based on the number of strategy samples in the second data store

1-950

|dentify a first state of the player and a first possible action in the first state of the player

1-960

Predict a first regret value of the first possible action in the first state of the player using the
parameters of the first neural network

1-970

Predict a first strategy value of the first possible action in the first state of the player using the
parameters of the second neural network

1-980

FIG. 9
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First identifying module

1101

First sampling module

1102

Second identifying module

1103

Second sampling module

~1104

Processig module
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First storing module 1201
Second storing module 11202
First updating module 1-1203
Second updafing module 1204
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