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Setting: Cooperative MARL - Dec-POMDP

Goal:
*

n* = argmaxy Egyop aor (000 7 R(51,a1)]



Adaptivity: Individual Specialisation vs Shared Behaviours

Specialisation - Shared Behaviours

Source: Google Football, Search and Rescue, Robots, Birds, Fish.



https://arxiv.org/abs/1907.11180
https://blog.ml.cmu.edu/2021/06/04/decentralized-multi-robot-active-search/
https://nmbtc.com/blog/autonomous-warehouse-robots-help-alleviate-fulfillment-strain/
https://www.earth.com/news/bird-flocking-dynamics-inspire-advancements-in-technology/
https://roctopusecotrust.com/blog/104-noise-pollution-and-its-effect-on-schooling-fish.html

Efficient Adaptivity in MARL
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Challenges: Parameter Sharing + Specialisation
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Study Adaptivity in MARL - HyperMARL
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HyperMARL.: Gradient Decoupling

Weights of the hypernetwork:
I T {4 i i\
V¢J(¢) = Zz’:l vcf-*hz,g;(e') En, a;~m [A(hta az) Vi log my (at | hi)_"

/ . _/

Vv vV
J; (agent-conditioned) Z; (observation-conditioned)

< Agent-conditioned: deterministic wrt to mini-batch samples, separating agent
identity from traj noise.

% Observation-conditioned: averages trajectory noise per agent.



Environments - Specialisation, Homogenous
Behaviours, Mixed - 22 scenarios, 6 baselines
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Results: 1. Competitive to NoPS and Baselines in

Specialised Tasks
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Results: 2. Adaptive Tasks
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Results: 3. Large Scale - Humanoid-v2 17x1
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Ablations -
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IQM Mean Episode Return
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* Gradient decoupling and initialisation is important.
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Ablations - Agent Embeddings - Match Goal
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Number of Parameters

10M
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Challenges and Future Work - Num. of Params

0= FuPS + One Hot '

- Linear Hypernets+ One Hot
=&~ MLP Hypernets + Embed
-~ NoPS

Scaling of IPPO on Dispersion

| N T T T T 1 1 L PR T I W M

4 16 64 256
Number of Agents

1024

*More efficient
hypernet
architecture like
chunked
hypernetworks.

* When parameter

count is matched,
HyperMARL > FuPS
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Takeaway & Thanks

Simple Idea:

©)

» Gradient decoupling is a key ingredient in mitigating cross-agent
interference & obs-ID coupling — correlates with a lower grad variance.

Instantiation of this gradient decoupling:

©)

{_) HyperMARL - Agent-conditioned Hypernetworks can achieve
gradient decoupling — possible to learn adaptive behaviour, across
diverse tasks, without altering the learning objective, preset diversity
levels or sequential updates.

Future work and challenges:

©)

), Number of params -> chunked hypernets or low-rank approximations.
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