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Background: Information sharing
for multi-agent teaming

Information sharing and communication, a key feature
in building team cognition.

Communication > Coordination C_>> Collaboration




Background: Iterated communication
and rationalizability

* High-performing human teams act strategically

1. I'll do this
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@ I .
T T IJIL 1 1
T 1T T 1
T T 11 1 1

3. Hmmm, | better
do this then

2. I'll probably do
that then

4. Alright, and |
will do that




Background: Prior work in multi-
agent RL

* Too strong to assume all teammates are in their decision-making!

| don’t feel like this is working!
Let’s communicate!

Move here!
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In this paper: Informational Policy
Gradient (InfoPG)

* Inspired by communication strategy in high-performing human teams, we propose iterated
decision rationalization with mutual information for cooperative MARL
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In this paper: Informational Policy
Gradient (InfoPG)

* By assuming bounded-rational agents, we build a k-level, iterative
architecture for InfoPG, inspired by the k-level reasoning from
cognitive hierarchy theory?.
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[1] Camerer, Colin F., Teck-Hua Ho, and Juin-Kuan Chong. "A cognitive hierarchy model of games." The Quarterly Journal of Economics 119.3 (2004): 861-898.
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In this paper: Iterated decision rationalization
with InfoPG for Cooperative MARL

Basic Idea — Inspired by the k-level reasoning and assuming
bounded rational agents:
* We propose, conditioning an agent’s policy on its
teammate’s policies in a fully-decentralized setting

* We hypothesize, this conditionality inherently maximizes
MI lower-bound among agents when optimizing under
policy gradient

* We hypothesize, this maximization of Ml lower-bound will
improve MARL performance




Methodology: Informational Policy
Gradient (InfoPG) Objective

e Pursuant to the general PG objective, we define the base form of the InfoPG objective as:
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* Here G} (o,ﬁ, a,ﬁ) represents the return. We propose two variants of InfoPG where:
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Methodology: Connection to Mutual
Information

Ml is difficult to estimate in practice; but we derive a lower- and an upper-bound instead:

loe(at|st, a’)log (n}}ot(ai|si, aj)) < I(n%;m/) < 2log(|A]) + 2log (nﬁot(aqsi, aj))

Depending on the sign of Vr},,, the bounds of I(r%; /) are “pushed” up or down
In InfoPG with the non-negative reward condition always pushes up the Ml lower-bound

In Adv. InfoPG, the instantaneous sign of Vr},, depends on the sign of 4,(o}, a})
. IfAt(o{l, a%) > 0 then the bounds of Ml will shift T
. IfAt(o,f, a,‘;) < 0 then the bounds of Ml will shift |

Over the full-extent of training Adv. InfoPG, Ml is expected to increase as coordination improves

Adv. InfoPG modulates Ml (rather than always maximizing it) depending on

the cooperativity among agents and environment feedback.



Empirical Evaluation: Experiments and
Evaluation Environments

(a) Pistonball (b) Co-op Pong (c) Multiwalker

Bipedal walkers maintain
individual balance and shared
payload, while moving forward

Paddles try to keep the ball in
play for as long as possible by
moving up and down

Pistons work together to push
a ball to the left wall by going
up and down

Each of these games are decentralized, cooperative games.

(d) StarCraft Il

Three Marines (allied) try to
eliminate an enemy team of
three Marines
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Cum. Team Reward

Mutual Information

Empirical Evaluation: Experimental Results (Training)

=== |nfoPG (k=1) (Ours)
== NC-A2C (Sutton & Barto, 2018)
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=== |nfoPG (k=2) (Ours)
=== CU (Zhang et al., 2018)
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=== |nfoPG (k=3) (Ours)
MOA (Jaques et al., 2019)

Multiwalker

=== Adv. InNfoPG (k=1) (Ours)
=== PR2-AC (Wen et al., 2019)

= MI LB/UB

StarCraft Il (3M)
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Summary

1- Adv. InfoPG wins Pong

2- Adv. InfoPG and InfoPG
(k=2) win PistonBall

3- Adv. InfoPG and InfoPG
(k=2, 3) win Multiwalker

4- InfoPG (k=1) wins StarCraft

5- With Adv. InfoPG, M

increases over time with some

instant fluctuations

6- InfoPG MI > MOA MI over
all experiments
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Empirical Evaluation: Experimental Results (Testing)

Table 1: Reported results are Mean (Standard Error) from 100 testing trials. For all tests, the final training policy
at convergence is used for each method and for InfoPG and Adv. InfoPG, the best level of k is chosen.

T InfoPG Adyv. InfoPG MOA CU NC-A2C PR2-AC
R  #Steps R #Steps R  #Steps R #Steps R #Steps R #Steps
CosobPen 0.17 203.2 0.22 2136 -04 447 005 1347 -02 844 -085 387
p & (0.00) (1.70) (0.00) (1.53) (0.03) (0.35) (0.00) (1.11) (0.00) (0.93) (0.03) (0.30)
Pistonball 736 1511 710 273 373 826 089 1466 086 1419 -146 169
) 0.02) (0.22) (0.02) (0.40) (0.03) (0.71) (0.04) (0.78) (0.05) (0.83) (0.04) (0.71)
Milbisilkes 432 4573 791 481.7 421 460.8 1852 179.6 -28 939 -155 1473
(0.10) (1.08) (0.08) (0.80) (0.27) (0.92) (0.09) (1.04) (0.12) (0.43) (0.81) (1.55)
StarCraft Il 6.47 30.1 540 435 272 263 029 572 000 60.0 0.88 28.9
(0.00) (0.03) (0.02) (0.13) (0.01) (0.05) (0.00) (0.09) (0.00) (0.00) (0.04) (0.09)
[Pistonball] Goal — Move the ball to left-side wall [Co-op Pong] Goal - Play Ping Pong [Multiwalker] Goal — Hold on to Package and Move to Right
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Baseline Performances — The fastest playing method wins! Baseline Performances — The longest playing method wins!

Video Link: https://youtu.be/rK itCF9hPc 12



https://youtu.be/rK_itCF9hPc

Empirical Evaluation : The Byzantine
Generals Problem (BGP)

* We particularly studied Adv. InfoPG benefit by analyzing its performance in the Byzantine Generals
Problem (BGP?)

 The BGP describes a decision-making scenario in which involved agents must achieve consensus on an
optimal collaborative strategy without relying on a trusted central party, but where at least one agent is
corrupt and disseminates false information or is otherwise unreliable.
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leading to victory! leading to

Curtesy of Medium. Available online at: https://medium.com/swih/bitcoins-proof-of-work-the-problem-of-the-byzantine-generals-

33dc4540442

[2] Lamport, Leslie, Robert Shostak, and Marshall Pease. "The Byzantine generals problem." Concurrency: the Works of Leslie Lamport. 2019. 203-226.
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Empirical Evaluation : The Byzantine
Generals Problem (BGP)

* We particularly studied Adv. InfoPG benefit by analyzing its performance in the Byzantine Generals
Problem (BGP?)

* The BGP describes a decision-making scenario in which involved agents must achieve consensus on an
optimal collaborative strategy without relying on a trusted central party, but where at least one agent is
corrupt and disseminates false information or is otherwise unreliable.

* We designed a BGP scenario in Pistonball where there is one "faulty” agent who the other agents
shouldn’t listen to
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Summary

Adv. InfoPG attains larger cumulative rewards because agents learn not to maximize mutual information with Piston #3

[2] Lamport, Leslie, Robert Shostak, and Marshall Pease. "The Byzantine generals problem." Concurrency: the Works of Leslie Lamport. 2019. 203-226.
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Conclusions

InfoPG is a framework for decentralized, cooperative MARL and implicit Ml maximization without
the need for auxiliary regularization terms.

InfoPG uses a k-level theory of mind to deeply rationalize agents’ action-decisions.

InfoPG sets a new SOTA against other decentralized baselines in learning emergent cooperative
policies in complex, discrete/continuous domains.

Results between InfoPG and Adv. InfoPG, as well in the BGP scenario show that strict-non-negative
MI maximization may not always be desirable.

Adv. InfoPG modulates MI among agents, rather than always maximizing it, to improve
coordination based on agents’ observed cooperativity and environment feedback.
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Demo Code

Full-Read: https://arxiv.org/pdf/2201.08484 .pdf

Thank you!
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