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How do humans and animals learn fast & with few samples?
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A bio-grounded neural network for explore-exploit balance

Brain Bandit Network (BBN) Continuous Hopfield network (with stochastic input)
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BBN samples the Bayesian posterior of the decision variable
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BBN generates tunable bias for or against input uncertainty

Hopfield energy
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Uncertainty bias scales to high-D without re-tuning
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BBN closely captures human and animal bandit choice patterns
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Model for exploration behavior across species



Optimistic BBN promotes efficient exploration in MDP tasks
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Exploiting attractor persistence further enhances exploration
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Current limitations & future promises

» How to estimate uncertainty in continuous space MDP tasks? How
does the brain do it?

» How does the network learn? >Hebbian learning may work

» Computational cost with SDEs?
1. Replace simulation with better analytical approximation
2. Neuromorphic device
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