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Multi-agent simulation in Move Forward

NetLogo [2]
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Steered by a Spiking Neural
Network (SNN) in NEST [3]

Optimization Workflow Performance Comparison
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- Optimization of weights and delays with L2L [4]
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» 32 individuals (colonies) optimized in parallel

« Each colony is comprised of 15 ants

Mapping Sensing to Behaviour

- Ants learn to collaborate by depositing pheromones close to the food
and nest
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