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A simple game where naive Multi-Agent RL fails



A simple game where naive Multi-Agent RL fails

Wait, what do we mean by naive Multi-Agent RL?




Naive Multi-Agent RL

argmax V1(0},67)
01

argmax V2 (0}, 07)
02



Naive Multi-Agent RL with Shared Rewards

7;1+1 — argmax(v1 + VQ)(QZ.l, 922)
01

z'2+1 — argmax (V2 + Vl)(Hil, 93)
02



MARL performance on games
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Zero-Sum games

Beats professional players
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MARL performance on games
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A simple game where naive Multi-Agent RL fails

Prisoners' pnsoner B
dilemma
confess kol
silent
(Defect) (Cooperate)
confess
¥ wr I
(Defect) 2 years | 2 years 0 years | 3 years

prisoner A
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(Cooperate)| 3 years |0 years
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Policy via 5 logits

One step of history

There are 5 possible state: start, CC, CD, DC, DD

The policy assigns the probability of cooperation given the state
The policy can just be modeled by 5 logits

P(C|start), P(C|CC), P(C|CD), P(C|DC), P(C|DD)



Always Cooperate

1.0
0.0
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Always Defect

1.0

O 1l I N N e

P(Clstart) P(C|CC)  P(CICD)  P(C|DC) P(C|DD)



Always Defect
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Nailve learners learn either AC or AD

1. Naive learners with no shared reward learn Always Defect.

2. Naive learners with shared reward learn Always Cooperate.



AD and AC, both are not desirable

e Always Defect exploits Always Cooperate, but does not cooperate well
with itself
e Always Cooperates cooperates with itself, but gets exploited
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LOLA: Learning with Opponent Learning Awareness

92-1“ — argmax V! (93, 6’2-2 )
01



LOLA: Learning with Opponent Learning Awareness

0;. , = argmax V' (0;, 07 +|A07)
01




LOLA: Learning with Opponent Learning Awareness

0;, , = argmax V' (0;, 07 +|A6%)

b 4/

A@? ~ 1.V 2 VQ(Q,}, 6’22)




LOLA: Learning with Opponent Learning Awareness

0, , = argmax V1 (0], 07 +|A67)

b 4/

A@? ~ 1.V 2 VQ(Q,}, 6’22)




LOLA learns TFT in IPD

So, what is LOLA's problem?



The problem with LOLA

1 - Need high learning rate for approximating opponent’s optimization.

2 - Large steps do not approximate optimization of neural networks accurately (at
all!) O
3 - Differentiating through explicit optimization steps of opponent is expen




Why LOLA, POLA, M-FOS are not scalable?

1-Explicit Computation graph of the optimization (LOLA, POLA)

2-Meta games are expensive (M-FOS)
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Naive RL fails on the coin game

Naive learners without shared reward learn Always Defect, to always take the coin
no matter the color. This is not cooperative.

Naive learners with shared reward learn to Always Cooperate, to always not to
take the opponent’s coin. This is exploitable.



Learning with Opponent Q-Learning Awareness (LOQA)

Key observation: The rewards that the agent observes are dependent on the
policy that the opponent plays and vice-versa.

Suppose we observe a trajectory,
L 1 2
T 1= Sg, ag, by, Ty, 75, S1,- -

The probability of T is given by

P(T) == ,LL(So)ﬂ'l(ao|80; 91)72(b0|80; 02)P(81|80, aop, bo) ce
l |

Initial distribution Transition dynamics
over states



Learning with Opponent Q-Learning Awareness (LOQA)

Key observation: The rewards that the agent observes are dependent on the
policy that the opponent plays and vice-versa.

In reinforcement learning we aim to optimize the expected return of the agent
given by:

Vip) = B,

ZV Staatabt ]

Hence, we can dlfferentlate the value and Q functions of the opponent w.r.t. the
parameters of the agent (and vice-versa) using the reinforce estimator:

T) Z Ve, log Wl(atlst)]

t=1

vel VQ(:LL) =E, R2




Differentiable approximation of the opponent’s policy

Q(b1|s)=1.0
Q(b2|s) = 2.0 Intuition: The policy will be
optimized to increase
ility of b2
Q(b3ls) = -1.0 probability of b

Q(b4|s) = 0.2



Differentiable approximation of the opponent’s policy

Approximated Optimized Opponent’s Policy

Q(b1s) = 1.0 D
Q(b2ls) = 2.0 ]
Q(b3[s) = 1.0 [

]

Q(b4|s) = 0.2



Differentiable approximation of the opponent’s policy

Q(b1|s)=1.0

Q(b2|s) = 2.0 We make an approximation to
the optimized policy by a

Q(b3ls) = -1.0 softmax over g-values

Q(b4|s) = 0.2



Differentiable approximation of the opponent’s policy

2(p ~ exp(Q*(s¢, by))
Q(b1|s) = 1.0 ™ (else) > €Xp(Q?(s¢, b)) -

Q(b2|s) = 2.0 We make an approximation to _

the optimized policy by a
softmax over g-values 0

Q(b3|s) = -1.0

Q(b4|s) = 0.2 ]



Differentiable approximation of the opponent’s policy

exp(Q?(st, b))
>y exp(Q?(st, b))

Wz(bt\st) ~

Q(b1|s)=1.0

Q(b2|s) = 2.0 This softmax is differentiable w.r.t agent
parameters as action-values are differentiable.

Q(b3|s) =-1.0

Q(b4|s) = 0.2



Differentiable approximation of the opponent’s policy

exp(Q?(st, br))
D v exp(Q? (s, b))

7T2(bt\st) ~

Q(blls) = 1.0 m
& Qb2ls) = 2.0 D
Q(b3[s) = -1.0 0

Q(b4|s) = 0.2 ]



Differentiable approximation of the opponent’s policy

exp(Q?(st, br))
D v exp(Q? (s, b))

7T2(bt\st) ~

Q(blls) = 1.0 m
& Qb2s)=15 D
Q(b3[s) = -1.0 0

Q(b4|s) = 0.2 ]



Differentiable approximation of the opponent’s policy

exp(Q°(s¢, bt))

2(b ~
) S S exp(@2 (s, )
Q(b1[s) = 1.0 ]
N 2 Q(b2|s) = 1.5 _ «
Q(b3|s) =-1.0 I

Q(b4|s) = 0.2 ]



Differentiable approximation of the opponent’s policy

exp(Q°(s¢, bt))

2(b ~~
O R S exp(@2(50, 1))
Q(blls) = 1.0 m
& Qb2|s)=1.5 -«
Q(b3[s) = -1.0 [

Q(b4|s) = 0.2 ]



Approximating the opponent’s policy

Key assumption: The policy of the opponent can be approximated as a softmax

over the Q-Values.

We first approximate the Q value with Monte Carlo rollouts:
32 2

Q (St7 bt) c= IE’vamc [R (T)‘S — St, b= bt}

Then we approximate the opponent’s policy:

_ eXp(QQ(Sta bt))
exp(Q?(st, b)) + Dy, XP(Q* (51, V)

Differentiable w.r.t ¢!

7%2(bt|8t) =

Non differentiable w.r.t 9*



LOQA is an Actor Critic Algorithm

LOQA'’s actor-critic update: Given that we assume control over the opponent’s
policy, a new term emerges in LOQA's policy gradient.

V(gl‘/l( ZAl St, Qg, bt> (Vgﬂog 7 (CLt|St) + VQllOg 7T bt SL)
t=0 1 2

1. Reqular Advantage policy gradient

2. LOQA's opponent shaping component: Induces the opponent to select
actions that are beneficial to the agent.




Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA

Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
qbtlarget, actor parameters 6, opponent action-value parameters ¢?, target action-value parameters

2 2
¢target9 actor par ameters 0




Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA
Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
qbtlarget, actor parameters 6, opponent action-value parameters ¢?, target action-value parameters

¢t2arget9 actor parameters 02
for iteration= 1,2, ... do




Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA

Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
qbtlarget, actor parameters 6, opponent action-value parameters ¢?, target action-value parameters
Drurget» ACtOr parameters 6
for iteration=1,2,... do

Run policies ! and 72 for T timesteps in environment and collect trajectory 7




Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA

Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
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for iteration=1,2,... do
Run policies ! and 72 for T timesteps in environment and collect trajectory 7
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Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA

Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
qbtlarget, actor parameters 6, opponent action-value parameters ¢?, target action-value parameters
Drurget» ACtOr parameters 6
for iteration=1,2,... do

Run policies ! and 72 for T timesteps in environment and collect trajectory 7

1 2
Ly <+ 0,L5 <0
fort=1,2,..., T —1do




Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA
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Actual steps of the LOQA algorithm step by step
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Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA
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Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA

Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
qbtlarget, actor parameters 6, opponent action-value parameters ¢?, target action-value parameters

2 2
¢target9 aCtor par ameters 0

for iteration=1,2,... do
Run policies ! and 72 for T timesteps in environment and collect trajectory 7

LL 0,13 « 0
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end for
Optimize L¢, w.r.t. ¢' and Lg, w.r.t. ¢* with optimizer of choice




Actual steps of the LOQA algorithm step by step
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Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA

Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
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for iteration=1,2,... do
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L} «+ LOQA_ACTOR _LOSS(r, 7!, v,{4],...,A%L})



Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA

Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
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Lé < LOQA_ACTOR_LOSS(7, 7,7, {Ai, . ,Alg})
5 < LOQA_ACTOR_LOSS(7, 72,7, {41,...,A%})



Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA

Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
d)tlarget, actor parameters 6, opponent action-value parameters ¢?, target action-value parameters
Drurget» ACtOr parameters 6
for iteration=1,2,... do
Run policies ! and 72 for T timesteps in environment and collect trajectory 7
L%Q + 0, L2Q +«0
fort=1,2,...,T—1do
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Optimize L¢, w.r.t. ¢' and Lg, w.r.t. ¢* with optimizer of choice
Compute advantage estimates { A1, ..., AL}, {A2,..., A2}

Lé < LOQA_ACTOR_LOSS(7, 7,7, {Ai, . ,Alg})
2 + LOQA_ACTOR LOSS(r,72,v,{A%,...,A%})
Optimize L. w.r.t. §' and L2 w.r.t. 2 with optimizer of choice



Actual steps of the LOQA algorithm step by step

Algorithm 1 LOQA

Initialize: Discount factor 7y, agent action-value parameters ¢!, target action-value parameters
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for iteration=1,2,... do
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end for
Optimize L¢, w.r.t. ¢' and Lg, w.r.t. ¢* with optimizer of choice
Compute advantage estimates { A1, ..., AL}, {A2,..., A2}

L! + LOQA_ACTOR_LOSS(T, 7,7, {Ai, . ,Alg})
8 « LOQA_ACTOR LOSS(r, 72, v, {A%, ..., A2})
Optimize L. w.r.t. §' and L2 w.r.t. 2 with optimizer of choice
end for




Actual steps of the LOQA algorithm step by step

Algorithm 2 LOQA_ACTOR _LOSS

Input: Trajectory 7 of length 7', actor policy 7*,|opponent action-value function Q_'!I, discount
factor -y, advantages {A},..., A%}




Actual steps of the LOQA algorithm step by step

Algorithm 2 LOQA_ACTOR _LOSS

Input: Trajectory 7 of length 7', actor policy 7*, opponent action-value function Q ¢, discount
factor -y, advantages {A},..., A%}
L,+ 0




Actual steps of the LOQA algorithm step by step

Algorithm 2 LOQA_ACTOR _LOSS

Input: Trajectory 7 of length T, actor policy 7*, opponent action-value function @ *, discount
factor v, advantages {A%, ..., A%}

L,+0

fort=1,2,...,T—1do
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factor v, advantages {A%, ..., A%}
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fort=1,2,...,T—1do
Q= (54, be) S, Y¥ (s, ag, bi) > r~* made differentiable using DiCE




Actual steps of the LOQA algorithm step by step

Algorithm 2 LOQA_ACTOR _LOSS

Input: Trajectory 7 of length T, actor policy 7*, opponent action-value function Q~*, discount
factor v, advantages {A%, ..., A%}
L,+0
fort=1,2,...,T—1do

Q_i (Sta bt) £ Zgzt ’yk—t’r_i(ska ag, bk)

> r~* made differentiable using DiCE



Actual steps of the LOQA algorithm step by step

Algorithm 2 LOQA_ACTOR _LOSS

Input: Trajectory 7 of length 7', actor policy 7*, opponent action-value function Q ¢, discount
factor -y, advantages {A},..., A%}

L,+0
fort=1,2,...,T—1do
Q~i(s4,b;) < Sk Ak—tr—i(s, ag, by > r~¢ made differentiable using DiCE
k=t

Compute 7% using Q~*(s¢, by) and Q*(s;, b;) according to equation (2)



Actual steps of the LOQA algorithm step by step

Algorithm 2 LOQA_ACTOR _LOSS

Input: Trajectory 7 of length 7', actor policy 7*, opponent action-value function Q ¢, discount
factor -y, advantages {A},..., A%}

L,+0
fort=1,2,...,T—1do
Q~i(s4,b;) < Sk Ak—tr—i(s, ag, by > r~¢ made differentiable using DiCE
k=t

Compute 7 ~* using QAf'i(st, b:) and Q" (s¢, b) according to equation (2)
La — La + A% [lOg w'(at|st) +|]0g ﬁ_z(bt|8t

| —




Actual steps of the LOQA algorithm step by step

Algorithm 2 LOQA_ACTOR _LOSS

Input: Trajectory 7 of length 7', actor policy 7*, opponent action-value function Q ¢, discount
factor -y, advantages {A},..., A%}

L,+0
fort=1,2,...,T—1do
Q~i(s4,b;) < Sk Ak—tr—i(s, ag, by > r~¢ made differentiable using DiCE
k=t

Compute 7 ~* using QAf'i(st, b:) and Q" (st, b;) according to equation (2)
Lo <+ Lo + A} [log ' (at|st) + log #7%(be|st)]
end for



Actual steps of the LOQA algorithm step by step

Algorithm 2 LOQA_ACTOR _LOSS

Input: Trajectory 7 of length 7', actor policy 7*, opponent action-value function Q ¢, discount
factor -y, advantages {A},..., A%}

L,+0
fort=1,2,...,T—1do
Q~i(s4,b;) < Sk Ak—tr—i(s, ag, by > r~¢ made differentiable using DiCE
k=t

Compute 7 ~* using QAf'i(st, b:) and Q" (st, b;) according to equation (2)
Lo <+ Lo + A} [log ' (at|st) + log #7%(be|st)]

end for

return: L,




Actual steps of the LOQA algorithm step by step

Algorithm 3 LOQA_ACTOR_LOSS with loaded-DiCE

Input: Trajectory 7 of length T', actor policy 7, opponent action-value function Q ¢, discount
factor -, action discount factor )\, advantages {A%, ..., A%}

L,+0

fort=1,2,...,T—1do

Q (s, be) Zfzt yE=tr=t(sk, ak, bi)

Compute 7% using Q~*(s;, by) and Q~%(s, b;) according to equation (2)
Lo < Lo + A} [log 7 (at|s¢) +log 7% (by|s)]

end for

return: Lg

end function




For curious minds, and anyone who actually wants to implement LOQA

Actual steps of the LOQA algorithm step by step

Algorithm 3 LOQA_ACTOR _LOSS with loaded-DiCE
Input: Trajectory 7 of length T', actor policy 7, opponent action-value function Q ¢, discount

factor -, action discount factor )\, advantages {A%, ..., A%}
Lo+ 0
fort=1,2,...,T—1do

w40

Q7 (54, be)  Yopy ¥ (5K, i, i)
fork=2,...,Tdo
w <+ X w + log (7(ast))
v A-w —log (7" (at|st))
Q" (6, b) = Q7" (s, be) + Ap(f(w) — f(v))
end for L .
Compute 7~ using QQ~%(s, b) and Q ~*(s¢, b) according to equation (2)
Lo < Lo + A} [log 7 (at|s¢) +log 7% (by|s)]
end for
return: L

function f(x)
return: exp(z— STOP_.GRADIENT(z))
end function




1.0

o o o
EN o [

Probability of Cooperation

°
(N

0.0

IPD experiments

START

CC

LOQA (Ours)

cDh
State

DC

DD



POLA

AC

AD-

Random

0.12

-0.15

Coin Game League

-0.05 -0.03

0.07

-0.13

§
S
&
Q_

@
<

-0.15

Return

0.5

0.4

0.3

0.2

0.1



POLA

AC

AD-

Random

Coin Game League

-0.05 -0.03

0.07

-0.13

Return

0.5

0.4

0.3

0.2

0.1



POLA

AC

AD-

Random

0.12

-0.15

Coin Game League

-0.05 -0.03

0.07

-0.13

§
S
&
Q_

-0.15

Return

0.5

0.4

0.3

0.2

0.1



POLA

AC

AD-

Random

0.12

-0.15

Coin Game League

-0.05 -0.03

0.07

-0.13

§
S
&
Q_

@
<

-0.15

Return

0.5

0.4

0.3

0.2

0.1



POLA

AC

AD-

Random

0.12

-0.15

Coin Game League

-0.05 -0.03

0.07

-0.13

§
S
&
Q_

-0.15

Return

0.5

0.4

0.3

0.2

0.1



POLA

AC

AD-

Random

0.12

-0.15

Coin Game League

-0.05 -0.03

0.07

-0.13

§
S
&
Q_

-0.15

Return

0.5

0.4

0.3

0.2

0.1



How does LOQA solve coin game intuitively?




How does LOQA solve coin game intuitively?




How does LOQA solve coin game intuitively?




How does LOQA solve coin game intuitively?

1. Increase probability of defecting after opponent defects.
2. Decrease probability of defecting after opponent
cooperates.



Wall Clock Time

LOQA’s scalability (most important plot)

Weak Threshold Medium Threshold Strong Threshold
15000 30000
15000 »
®@ @ LOQA ® LOQA ; A ® LOQA
12000 A POLA 12000 A POLA ,I 24000 <A A POLA
. ® M-FOS @ ®© MFOS| A ® M-FOS
) 5 /
9000 S 9000 "y / 18000
’ \ ® ./ /7] S /
e ° \ /’ ,/ Vo
6000 e N A 6000 & . 4 @ 12000
/ ] @ 1 I
// @ 7 5 8] 0.\ /
3000 % ¢ _pg-—-a" o 3000 ~~pt 6000
-

/’.
) o-—---0--w"F g _o--@--® ) @---9--—0--®
3 4 5 6 7 3 4 5 6 T 3 4 5 6 7
Grid Size Grid Size Grid Size






So, is the problem solved?

Not yet, there are problems:



So, is the problem solved?

Not yet, there are problems:

1. Number of players > 2



So, is the problem solved?

Not yet, there are problems:

1. Number of players > 2
2. Access to opponent’s g-value function is not granted,
sometimes you don’t know the reward of the opponent



So, is the problem solved?

Not yet, there are problems:

. Number of players > 2
. Access to opponent’s g-value function is not granted,
sometimes you don’t know the reward of the opponent

. Continuous action values



B~ W

So, is the problem solved?

Not yet, there are problems:

. Number of players > 2

Access to opponent’s g-value function is not granted,
sometimes you don’t know the reward of the opponent
Continuous action values

Scalability to more complex environments (MeltingPot,
RICE-N, Pure-Diplomacy, etc)



Thank You!




