Neurobiologically Inspired Encoding and Transfer Learning

Stanford

University George Sivulka (gsivulka), Satchel Grant (grantsrb)
Josh Melander; The Baccus Lab at Stanford University

Biological Encoding (CNN) Synthetic Video Data

the feedback loop between (Deep Retina) trained on 40 Synthesized videos of simple artificial stimuli known to evoke yields almost perfect accuracy across the
neuroscience discovery and machine learning breakthroughs binned 10ms frames of a natural movie labeled with experimentally retinal response--allowing for a proof of concept first pass at this board, as expected

a transfer learning method employing the measured neural spiking. transfer learning system o Pretrained DR learns faster and both trainable and
computations and mechanisms of the human retina as an encoder to investigate encoding problems the fully untrainable DR models have the least stochasticity

for time-dependent visual stimulus --analyzing their efficacy in convolutional model learns a filter from one cell type generalizable is more difficult, yet DR outperforms

video classification tasks. to all locations on an input. o Frozen DR weights have higher accuracy, quicker learning
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encoded by Deep Retina. Video classification (y) is performed on a
_ FC-layer’s output of the final internal units (h) of the LSTM. TRAINABLE UNTRAINED DR FROZEN PRETRAINED DR (!) REfe rences
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Schematic of the LSTM architecture with input (X) frame bins first

Retina model Fully Convolutional (see right pane) a “semantic loss” % _ _
regularizer [2] was employed. This ensured that a selection matrix _,| Fc _.® 17 g [1] Mclntosh, L., Maheswaranathan, N., Nayebi, A., Ganguli, S., &
during training was “one-hot,” selecting only one cell per learned filter, ® ® ® @~ 0101 Baccus, S. (2016). Deep learning models of the retinal response to
so the filter could capture its dynamics. L» l _J B l o l - l l 008 ?atur1a3I 635:61rge737.)ln Advances in neural information processing systems
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