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Methodology



Methodology

We aim to investigate the impact of 
communication strategies and see how it 
impacts the performance overall. We 
decided to choose the Pistonball 
environment for its simplicity and 
abstract settings to focus on the 
coordinations performance.  

We chose PPO as the baseline to train multi-agents policy because it’s a 
simple yet effective method. It also has been successfully used with 
competitive Multi-Agent Racing.



Problem Settings
Definitions and notations

The Pistonball environment can be modeled 

as a Markov Decision Process (MDP).

Environment: Markov Decision 

Process (MDP)

(S, A, P, r, ⍴0, γ)

•A finite set of actions

•S finite set of states

•P : S x A x S → ℝ

•r : S → ℝ

•⍴0 : S → ℝ

•γ є (0, 1) (discount factor)



Methodology

Agents each use the observed state space to generate some emission that is 
used to augment the input to every agent’s policies.  

Using a separate Neural Network, agents condense information from their 
observation into a single “communication” scalar. Each agent’s communicatio 
scalar is shared with every other agent via a communication vector. 

Simple implementation and does not require much modification to the agents 
network and policy structure. 

Intuition

Multi-Agent Communication Vector
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Methodology

Multi-head attention for communication processing

Agents are receiving informations from multiple sources, it needs to 
cherry pick the suitable ones for the moment decision-making.

In multi-agents settings, agents must coordinates their actions to 
effectively complete the goal.

Intuition

As the number of agents increases, redundant information can lead to 
overload info and suboptimal performance.



Methodology
Multi-head attention for communication processing
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Experimental Results
Communication Vector

With a communication vector agent 
was able to converge to a solution 
within 500 steps.

High Variance Learning with 
communication. Learning what to 
communicate can create very large 
changes in the value function compared 
to a baseline. 



Experimental Results
Multi-head attention

Comm-Attn (blue)  learn faster and 
performs much better than base-line

Since Comm-Attn learn from more 
complex input (communication vectors 
and attention), it learns slower from the 
start. It also has slightly higher variance 
in policy loss, showing that learning from 
communication is harder.



Multi-head attention vs Communication Vector

Experimental Results

Comm-Vec seems to prioritize 
aggressive learning, reflected in its 
higher variability in both value and policy 
losses but achieves better peak 
performance in returns

Comm-Attn trades off slightly lower 
returns for greater stability and 
consistency in the learning process, 
making it potentially more reliable.



Experimental Results
Multi-head attention

Our method Base-line 
(Siqi Liu, et el 2019)



Experimental Results
Multi-head attention -

Attention weights

Diagonal dominance: higher 
attention to themselves or 
immediate neighbors

Agents near the end 17-19 
seems to give higher 
attention to specific 
attended agents

Low attention for far agents



Experimental Results
Multi-head attention - Neighbor range

Agents only need to focus on relevant, 
nearby neighbors (3-5) to perform well. 
Overloading them with information (all 
agents) or underloading them (1 agent) 
hurts performance.
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Conclusion

Simple methods such as 
using a communication 
vector and more complex 
methods using Multi Headed 
Attention were sufficient to 
solve simple environment

Implementing 
communication can 
improve learning in 
collaborative multi-agent 
environments (which is 
observed in the results)

Future work would be 
to explore more 
complex multi-agent 
environments
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