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• A fundamental challenge in multi-robot systems is resource and task allocation, where 

different resources and/or tasks must be assigned to different agents to optimize overall 

system performance.

• Typical multi-robot allocation formulations assume independent or additive contributions of 

agents, where the performance of a team depends primarily on the number of assigned 

robots [2].

• In heterogeneous systems, robots may possess complementary sensing, actuation, or 

computational capabilities, and the contribution of a robot depends on the composition of 

the team it joins.

• Graph neural networks (GNNs) provide a framework for learning decentralized policies over 

relational structures, enabling scalable decision-making in multi-robot systems.

• Hamilton’s rule characterizes altruistic behavior through a trade-off between cost and 

benefit weighted by genetic relatedness [3].
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Hamilton’s Rule for Team-Level 
Heterogeneous Resource Allocation
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Tractability and scalability problem:
Solving an NP-hard problem at each iteration of the algorithm!

Learning-Based 
Solution GNN policy to approximate the solution of the problem at each iteration
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max global performance - global cost

s.t. assignment constraints

mission constraints
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This work provides the 

following advantages:

• Decentralization

• Heterogeneous 

Collaboration

• Tractable and Scalable 

Resource Allocation

• Near-optimal 

approximation of the 

NP-hard optimization

• Ecology-inspired 

altruistic and local 

decision-making

• Convergence
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