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Algorithm: Robust Sampling Monte Carlo Counterfactual Regret Minimization

Function RSMCCFRALG( f):
fori=1fotdo

L RS-MCCFR (£ 2,0,1,1)

RS-MCCFR (16,11, 1)

Function RSMCCFR(¢h,i m, mP¥):

1

Z

3

4

5

8

7| L+ iih)

81 Hhelthen .

9 return F,’,’;égg;

101 elseif P(h)=-1 then

1 a~o.; (i)

12 return RS-MCCFR{ 1, ha, i, m;, m %)

131 elseif P(h)=ithen

14 0, {i,) *— CaEcuiateStraegy( e

B | v <0l .50 ,
18 A (1) «—samplng K different actions accordingto o7
17 Forac A% (/) do

18 v, (alh) «— RS-MCCFR( £, a, i, m, o (all ), m 07
19 vi(h)<—v,(h}+v,{alh)o; (alf;)

pit ForacA™(/,) do

21 if == then

2 R.‘(Ir’)*—R L)+ v (alh)-v, ()
23 Silall,}+—Si'(a I,}+Tf (1) o, all)
24 glse

% RiCH) <= (v {alh)- v, (1)

% Silell;) = m7 (1 )o {all)

27| else ‘

28 0.,(I,) < CalculateStrategy ( R.(|,), 1)

20 a~afl)

01 | retumRSMCCFR({ ha, i, 1)

3

32 Function CalculateStrategy ( R,(1/,),1,):
B sumet—L.cumax(Ri{all),0

341 ForacA{l)do

3 !_ Gl(a]i,.}-wsisumwelse
36§ relum o)

7

Wi

3/12

> informationset atsate 5
D> retum game payoff

> sample an action from o, (h)

D> calculate current sirategy

B or (| and ({1, ) aretwo veclorsover A(l;)

@ll )

B> update counterfactual value
O update cumulative ragret
B> update average strategy numerator

D> update cumulative regret
D> update average strategy numerator

D> calculate current strategy
> sample an action from o, (/)

N
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Algorithm 1: Counterfactual Regret Minimization with Two Deep Neural Networks

Function Agent{7,b):

Forf{=1f0Tdo

if t="1 and using warm starting then
initialize

fe—f+1
alse
| initialize 8} and 8 randomly
My, My <— sampling methods

remove duplicated records in M
if use reservoir method then
| My My, My W

. retum By, 6%

8 <— NerualAgent{ R(|05"), M, 857, 8:)

8¢ and 8, from an existing checkpoint

sum aggreqate value in M, by information set

95 < NemualAgent S{{657), Mg, 8¢, 8;)

B> skip cold starting

b such as Algorithm3
p>according tohe Lemma § and Equation 13

> update 8, using Algorithm?
> update 8 using Algorithm2

FIG. 5
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Algorithm 2: Optimization of Deep Neural Network

f
2
3
4
5
6
7
8
8

10
1
12
13
14
15
16
17
18
18
20

Function NeuralAgent (f(6""), M, 8"",8")
initialize optimizer, scheduler o> gradient descent optimizer and learning rate scheduler
B ") et €0 > wam starting from the checkpoint of the last iteration
For {=11 B, do
loss <+—10 o> initialize foss as an emply fist
For each training apoch do
gy ~M , > sampling a mini-batch from M
batch_joss <— £, (18" )4y 0. e "jeT)y
back propagation batch_loss with learningrate i
clip gradient of 8t0] <, ¢ : 1> d s he dimensionof 87
optimizer {batch_loss )
loss.append {baich_loss )
Ir «— sheduler (i) £> reduce leaming rate adaptively when loss has stopped improving
if avgloss) < B, then
8, <87, carlysiopping > ifloss is small enough, using early stopping mechanism

else if avg(loss) </, then
g = AV(I083), 1y *— 1,0, <— 8
iff-1,4 > B, then
e B, > resef learning rate to escape from potential saddle point or local minima
. return §7

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

1 Function Min-Batch-MCCFR-NN(t)
2] Mie0 Mi<0

3 Forall i=11o b doin paraliel then
4 MCCFR-NN (£, @,0,1,1)
5 MCCFRNN (£, 2,1,1,1)
6 | return My, M,

7

8

Function MCCFRAN( t,h, i, m,, )

9 1« {{h) B> information set at safe h
10 i he Z then wlh

]| rtum gy > retum game payoff

121 elseif Plh)= A then

131 a~o. ) > sample an actionfrom ¢, (h)
W1 | retum MCCFRAN (4 ha,i,m, ™)

15| elseif P(h)=ithen

16 Rif{l;} =R} 185 > 1else § o> inference the vector of cumulaive regret Aac A(J,)
17 0.,{l;) < CalculateStrategy { R,{}/,),1} &> calculate cument strategy

18 vilh) <=0, (1) 7,5 (1) T _ D ri () and 1) are two vectors over A{l)
18 A (1) =—sampling kdiferent actions accordingto o7

20 ForacA™ (1) do

21 v (alh) <— MCCFR-NN( £, ha, i, ;0 (all ), w0 ™ (alf )

22 v, (h)&—v,(h +v (aplo, (all,) > update counterfactual value
23 ForacA™ (/) do

%4 r{all; )+ (alh v; (f) B> update cumulative regret
25 s;{allye—n/{l,) o {alf} D> Update average strategy numerator
2 Store updated cumulative regret tuple { 1,1, ( [ in Mg

2 Store updated current strategy dictionary (£, 8, {1/, }}in M,

28 return v, ()

291 else

Kl R.(6) < RO 416 > 16lse T t> inference cumulative regret
i 0,{l;) < CalculateStrategy { R.(1/,).1) &> calculate cument strategy
32 a~o.,(l) o> sample anactionfrom a,;{/;)
B L return MCCFR-NN (t, ha, i, m, m/™¥)

34

35 Function CalculaleStrategy ( R, {{/,).1;)

6| sum eI 0 max(R (all 3,0) \

I} ForacAll,)deo
B | o= msfsum@eiseﬁ 700

39 L reum o, (/) FIG 7

40
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Identify N possible actions of a first player in a first stale of the first player

800
e

1-810

¥

Sample a possible action out of the N1 possible actions i the first state of the firs! player
wiith a first sampling probabilify

1-820

v

Ideniify N2 possible actions of the first plaver in a second state of the first player, wherein
the first state of the frst player is closer 1o a beginning state of the G
than the second stafe of the first player

1-830

¥

Sample a possible action out of the N2 possible actions in the sscond stale of the first
player with a second sampling probabiity, wherein the first sampling
probabilify is lass than fhe second sampling probabifity

1-840

¥

Perform counterfactual ragret minimization {CRF} for sclving the imperiect information
game {I1G) based on the possible actions ouf of the N1 possible actions in the first
stale of the first player and the possible action out of the N2 possible actions in
the second state of the first player

FIG. 8
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900
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Initialize parameters of a first neural nefwork for predicling a regret value of a possible
aclion in a state of the player and parameters of a second neural network for predicling a 1 'S 910
strategy value of & possitie action in a state of the player

A

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 ¢f a possible aclion in the state
of the player, whereln the number of regret samples are oblained in wo or more 1 920
ferations of a counterfactual regret minimization (CRF) algorithm in
solving an imperfect information game (HG)

k4

Store a number of sirateqy samples in a second dala store, wherein each of the number of
strafegy samples includes a state of the player and a shrategy value of a possible 1-930
aclion in the stale of the player

¥

Update parameters of a first neural network for predicting a regret value of a possible action 940
in a state of the plaver based on the number of regret samples in the first data store |

a4

Update parameters of a second neural natwork for predicting 2 siralegy value of a possible -850
action in a state of the plaver based on the number of stralegy samples in the second data store |

. 1960

Identify a first state of the player and a first possible action in the first stale of the player

k4

Pradict a first regret value of the first possible action in the first state of the player using the 970
parameters of the first neural network |

Predict a first srateqy value of the first possible action in the first state of the player using the 980
parameters of the second neural network ’

FIG.9
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First identifying module
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First sampling module

~1102

Second identifying module

1103

Second sampling module
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Processing module
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1200

e
First storing module 1-1201
Second storing module 11202
First updating module 1-1203
Second updating module - 1204
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