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Cooperative MARL: Problem Formulation



Problem Formulation

At time step t, n agents are at state s;
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Problem Formulation

The agents take actions a} ~ w!(-1|s;),...,al ~ 7"(-"|s;)
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Equivalently a; ~ 7 (-|s;)



Problem Formulation

The environment emits the joint reward r(s;, a;)
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Problem Formulation

The agents move to the next state
St+1 ~ P(:[st, ar)

state st+1



Problem Formulation

The agents want to maximise the joint return
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Multi-Agent Trust Region Learning:
A Summary of Existing Approaches
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Methodology

» To endow all agents with a single policy (homogeneity),
m=n =mx, Vi,j e N.

» To perform a trust-region update on 7, for example, PPO

Esmp, amr [min(ﬁ(a‘S)Aﬂ(s, a), clip(ﬁ(ab) 1+ €)Aq(s,a))].
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Existing Approaches

Shortcomings

» Suboptimality (possibly exponential) of the solution in case
of homogeneous policies
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Current Approaches

Shortcomings
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» Suboptimality (possibly exponential) of the solution in case
of homogeneous policies

Jshare — 2
J* - 2n .
» A loss of the monotonic improvement property for
heterogeneous policies.
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Let i1., and j;.x be disjoint, ordered subsets of agents.
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Heterogeneous-Agent Trust Region Algorithms

Let i1., and j;.x be disjoint, ordered subsets of agents.

» The multi-agent state-action velue function
i m [ m A . . [ m —i m
Qlﬂl' (s7all. ) - IE:a*ll:mr\/ﬂ-7‘1:m [Qﬂ'(s7all 7a " ):|7
» The multi-agent advantage function

Al#_m (57 ajl:k7 ail:m) L Q];}_:lﬁilzm (37 ajl:k7 ailzm) _ Q];}_:k (57 ajl:k).

Lemma. For any state s € S, joint action a'» € A, and
permutation of agents iy.p,

n
Ai}_:n (S, ailzn) — ZA;T (S, ailcm—lyaim).

m=1
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Heterogeneous-Agent Trust Region Algorithms

Algorithm 1
» Initialise a joint policy 7 at random.
» fork=0,1,2,...
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4~y max;,q |Ax(s,a)]
(1-v)?
Draw a random permutation of agents iy.,.

Compute C =

form=1,...,n
im — . im il:m—l im
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Heterogeneous-Agent Trust Region Algorithms

Algorithm 1
» Initialise a joint policy 7 at random.
» fork=20,1,2,...
4~y max;,q |Ax(s,a)]
(1—7)?
» Draw a random permutation of agents ij.,.

»  Compute C =

» form=1,...,n

77;.{";1 = arg max [ [Ai’fk (s, ail:’"*l,ai’”)]
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max /, i i
— CDg ™ (", ™).
Theorem. Algorithm 1 achieves the monotonic improvement

property, J(my, 1) > J(my), and converges to a set of Nash
equilibria.
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Deep Heterogeneous-Agent Trust Region Algorithms

Update the parameters to 6™

i1 by maximising

HATRPO
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Deep Heterogeneous-Agent Trust Region Algorithms

Update the parameters to 6™

11 by maximising

HATRPO
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Empirical Results: the New State of the Art
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