Data-driven, model-optimized stimuli to probe visual projection neurons in Drosophila
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Motivation Data-driven and task-driven DNN models to predict visual projection neurons
fruit fly visual system
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Model-optimized stimuli to probe stimulus preferences of VPNs
optimization 1: greedy frame-by-frame optimization 2: synthesize all frames at once via latent embedding
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- DNNs can accurately predict VPN responses to many standard artificial stimuli.  References
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