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Plan Better Amid Conservatism:
Offline Multi-Agent Reinforcement Learning
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Offline Reinforcement Learning
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Reinforcement learning

OMAR Offline RL

Offline Reinforcement learning

* Key challenge
e Distribution shift
» Extrapolation error




Offline Reinforcement Learning

 Existing Approaches

* Behavior regularization: TD3+4Behavior Cloning (Fujimoto et al., 2021) ...
* Add a behavior cloning term to the policy update of TD3

T = argmax,[Eg4)~p [AQ (S,T[(S)) — ((s) — a)z]
- Largely depends on the quality of the dataset

OMAR Offline RL



Offline Reinforcement Learning
 Existing Approaches

» Critic regularization: Conservative Q-Learning (Kumar et al. 2020) ...
* Based on a conservative estimation of the Q-function

minimize Q-values of (s,a) sampled
from a uniform distribution/the policy

/
Ep, [(Qi (0, a;) — ¥:)*] + aEop, [108 2a; €Xp(Qi (04, @) — Eq~zig (ail0) Qi (o, ai)]]
AN

maximize Q-values for (s,a) in the

dataset to be large
-- The performance degrades dramatically with an increasing number of agents

OMAR Offline RL



Offline Multi-Agent Reinforcement Learning
a
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* Multi-agent actor-critic
 Centralized value function
* Multi-agent DDPG (MADDPG) [Lowe et al., 2017]
e Critic i: Q;(s,a,+,ay)
L(6;) = Ep[(Qi(s,a1,*+,a,) — y:)?], where y; = 1; +yQ;(s",ay, -, a%)|a;.=7—tj(oj'.)
* Actor i: m;(0;)
Vo () = Ep [V<pini(ai|0i)vaiQi(S» ai, "'»an)lai — )]

OMAR Offline MARL



Offline Multi-Agent Reinforcement Learning
a
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* Multi-agent actor-critic
* Decentralized value function 8,

* Independent DDPG (IDDPG) [de Witt et al., 2020] &l :
e Critic i: Qi(oi’ al-) o
* Actor i: m;(0;)

OMAR Offline MARL



From (Offline) Single-Agent RL to Multi-Agent RL

Online

\ N

Independent PPO or Multi-Agent PPO

Offline

From Offline RL to Offline MARL



Offline Multi-Agent Reinforcement Learning

* A motivating example
Task Baselines

agent medium-replay

—— MA-TD3+BC
/\ — MA-CQL
3007 —— OMAR

landmark

The Spread environment
(n>1)

0.0 0.2 0.4 0.6 0.8 1.0
Million step

« Multi-agent setting: * Multi-agent TD3+BC (behavior cloning)
» Cooperate to cover all landmarks * Largely depends on the quality of the dataset

OMAR Offline MARL



Offline Multi-Agent Reinforcement Learning

* A motivating example

100

* Multi-agent CQL

80 -
60
. Performance improvement percentage of MA-CQL over
the behavior policy with varying number of agents
20+
< X100
0f- : - SCOT€pehavior

1 2 3 4 5
Number of agents

Percentage (%)

-20

./
/{' » The performance of CQL degrades dramatically with an increasing number of agents.

w ?

Offline MARL



Offline Multi-Agent Reinforcement Learning

* Key issue

368

-+ The policy gets stuck in a bad local optimum.

366 -

£
MA-CQL's
update

 First-order policy gradient method is prone to local optima

3544

* The agent can fail to globally optimize the conservative
35—21_.00 -0.75 -0.50 -0.25 0.00 025 050 075 1.00 Value function We”

Action
® Predicted action from the MA-CQL agent
A Updated predicted action by MA-CQL
m Updated predicted action by OMAR

* Lead to suboptimal, uncoordinated learning behavior

,g“il'he problem is exacerbated severely in the off/ine multi-agent setting!
~ A

OMAR Offline MARL



Offline Multi-Agent Reinforcement Learning

* Requires each of the agent to learn a good policy for a successful joint policy.

One fails to learn a good policy

]

Fails to cooperate with others

]

Leads to uncoordinated global failure

How to Play Basketball

Offline MARL



Offline Multi-Agent RL with Actor Rectification (OMAR)

* |dea the action provided by the zeroth-order optimizer

e
minIEDi[(l — T)Qi(Oi,T[i(Oi)) — t(m;(0;) — ai)z]

[Escape from bad local optima]

* Zeroth-order optimizer: @; = argmaxg .y Q;(0;, a;)
* Behavior cloning (TD3+4+BC): @;~D;




Offline Multi-Agent RL with Actor Rectification (OMAR)

* |dea . . -
the action provided by the zeroth-order optimizer

. <
mmIEDi[(l — T)Qi(Oi;T[i(Oi)) — 7(m;(0;) — @;) ]
* Zeroth-order optimizer (evolution strategy)

For agent i

1
~a; Qi W e Yk=1 exp(ﬁQ{‘)af
l %:1 exp(,BQim)

N, 07) ~aX 0K N (i 07)

l l

— Sample K candidate actions —— Evaluate Q-values —— Update the sampling distribution —




Offline Multi-Agent RL with Actor Rectification (OMAR)

* |dea . . -
the action provided by the zeroth-order optimizer

e
minIEDi[(l — T)Qi(Oi,T[i(Oi)) — t(m;(0;) — @i)z]

o Zeroth-order optgagpizer (evolution strategy) ours

350 ‘//
—— MA-TD3+BC

— MA-CQL
— OMAR

352 0.0 02 0.4 06 08 1.0
-1.00 -0.75 -0.50 —0.25 0.00 0.25 0.50 0.75 1.00 Million step
Action

@ Predicted action from the MA-CQL agent ub Better leverage the global information in the critic

A Updated predicted action by MA-CQL

I]b Help the actor to escape from the bad local optima
W Updated predicted action by OMAR

» Safe policy improvement guarantee

OMAR OMAR




Offline Multi-Agent RL with Actor Rectification (OMAR)

* |s OMAR effective with an increasing number of agents?

. 40
PN
@ 30 Performance improvement percentage of OMAR over MA-CQL
2 20 with varying number of agents
3
o 10 . :
a * Multi-agent > Single-agent
0
1 2 3 4 5
Number of agents
—— - _/
single- multi-

agent agent




Offline Multi-Agent RL with Actor Rectification (OMAR)
* Is OMAR effective in online/offline, single/multi-agent settings?

40

N
(@)

o

Percentage (%)

N
(@)

40

OMAR OMAR

Single-

‘agent

| Offtine

| Online

Multi-

agent

uﬁ Generally applicable in all settings

* Multi-agent > Single-agent
« Offline > Online

uﬁ Most significant in the offline MARL case

\- Offline MARL

1

2 3 4
Number of agents

5

I Online RL
0 Online MARL
I Offline RL




Experiments

* Multi-agent particle environments

cooperative

OMAR Experiments

navigation

MA-ICQ MA-TD3+BC MA-CQL OMAR

g Cooperative navigation 6.3 £3.5 9.8+4.9 24.0 £ 9.8 344+5.3

o Predator-prey 22+26 5.7+ 3.5 9.0+ 8.2 11.1 + 2.8

5 World 1.0+ 3.2 2.8+5.5 0.6 2.0 5.9+5.2
g >  Cooperative navigation ~ 13.6 £5.7 15.44+5.6 20084 379+t123
g e, Predator-prey 34.5 £ 27.8 28.7+£20.9 24.8+17.3 471+153
§ & World 12.0+ 9.1 174+ 8.1 29.6 £13.8 429 +19.5

g Cooperative navigation  29.3 +£ 5.5 290.3 +4.8 34.1+£72 479 +18.9

5 Predator-prey 63.3 £+ 20.0 65.1 £29.5 61.7+£23.1 66.7 £ 23.2

= World 71.94£200  734+£93 586+11.2 746+115

o Cooperative navigation 104.0 £+ 3.4 108.3 £ 3.3 98.2+5.2 1149+2.6

é Predator-prey 113.0£+14.4 11524125 93.9+14.0 116.24+19.8

) World 109.56 +£22.8 110.34+21.3 71.9+281 1104+ 25.7

random medium-replay medium expert
(
o
[
°
@ o ° o 0
o [




Experiments
* Multi-agent MuJoCo

agent 1: control the front joints

Two-agent Random  Medium-reply

Medium Expert
MA-ICQ 7.4+0.0 35.6 £ 2.7 73.6 £5.0 110.6+3.3
MA-TD3+BC  7.4+0.0 27.1£5.5 75.5+£3.7 1144+ 3.8
MA-CQL 7.4+0.0 41.24+10.1 504 £10.8 64.2+24.9
OMAR 154 +12.3 57.7+£5.1 80.7 +£10.2 1135443

agent 2: control the back joints

OMAR Experiments



Experiments
e StarCraft Il Micromanagement Benchmark

253z 3s5z 1c3s5z 2c_vs_64zg
1.0 0.30
0.8 0.44
0.8 4 025
o w 0.6 Yo3 g 020
008 ® e e
£ £ £ £ o015
= 2 041 = 0.2 z
04 e 7o 2
K g g & o101
0.2 0.2 0.14 0.5 /\/\ AA
—— MA-CQL —— MA-CQL —— MA-CQL ' — MA-CQL
o — —— —l N
" OMAR oo OMAR ool OMAR - OMAR
0.0 05 10 15 2.0 2.5 0.0 05 10 15 2.0 25 0.0 05 1.0 15 2.0 25 0 1 2 3 4 5
Steps (x10°) Steps (x10°) Steps (x10°) Steps (x10°)

ub The average performance gain of OMAR over MA-CQL is 76.7%.

OMAR Experiments



Experiments
* D4RL

umaze medium large

TD3+BC 41.1x49 75.5x27.1 103.9=x31.4
ICQ 4.8 + 3.8 13.0£79  9.2+20.0
CQL 109.8 239 106.4+=11.0 94.6 =44.6

OMAR 1247 7.6 125.7+12.3 157.7 £12.3

ub OMAR is compatible for single-agent control.

OMAR Experiments



Thank you!
Q& A




