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MOTIVATION

Multi-agent sequential decision making

action observation

Environment

Agents

Trade-off { reward, profit, ... } vs. { safety, budget, fairness, ... }

Constraint-rich multi-agent systems

automated vehicles satellite communication

Challenges • safe exploration • efficiency

PROBLEM FORMULATION

Episodic learning protocol

agent environment

action

state, reward, utility

• ` = 0, . . . , L – horizon • t = 0, . . . , T � 1 – episode
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• hqt1 · qt2, rti := E[
PL�1

`=0 r
t(x`, a`, a`, b`) ] – reward value

• hqt1, gti := E[
PL�1

`=0 g
t(x`, a`) ] – utility value; also for hqt2, hti

Constrained zero-sum Markov game

maximize
q1 2�(P1)

minimize
q2 2�(P2)

T�1X

t=0

hq1 · q2, rti

subject to hq1, gi+ hq2, hi  b

• r
t

– adversarial • g, h – expectations of stochastic g
t
, h

t

• (q?1 , q
?
2) – constrained Nash equilibrium

PEFORMANCE MEASURE

Regret(K) :=
T�1X

t=0

�
hqt1 · q?2 , rti � hq?1 · qt2, rti

�

Violation(K) :=
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hqt1, gti + hqt2, hti � b

�
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t
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ALGORITHM DESIGN

One-episode constrained minimax problem

maximize
q1 2�(P1)

minimize
q2 2�(P2)

hq1 · q2, rt�1i

subject to hq1, gt�1i+ hq2, ht�1i  b

• L
t(q1, q2;�) – generalized Lagrangian

= hq1 · q2, rt�1i minimax obj.

+� ( hq1, gt�1i + hq̂t2, ht�1i � b ) min’s vio.

�� ( hq̂t1, gt�1i + hq2, ht�1i � b ) max’s vio.

Online mirror descent primal-dual step

q̂t = argmin
q1 2 �̂1

argmax
q2 2 �̂2

Lt(q1, q2,�
t�1) +

1

⌘
DKL(q, q̂

t�1)

KL regularization

�t = max
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�k�1 +

�
hq̂t1, gt�1i + hq̂t2, ht�1i � b

�

violations

, 0
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• compete for rewards • cooperate for constraints

Optimistic estimation of �̂1, �̂2

P̂1  � P̄1 + UCB1

P̂2  � P̄2

exploit

+ UCB2

explore

�̂i = Linear constraint
�
P̄i,UCBi

�

THEORETICAL GUARANTEE

Constrained Markov games with independent dynamics

Regret(K), Violation(K) = Õ
�
(|X|+ |Y |)L

p
T (|A|+ |B|)

�

• T – # episodes; • L – horizon length

• |X|+ |Y |, |A|+ |B| – state/action space sizes

• no sampling assumptions & adversarial reward function

• applicable to side constraint case and single-controller case
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