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Artificial neural networks in nheuroscience

Advantages:

e (Can train ANNSs to accomplish tasks analogous to those studied in animals.
e (Can inspect/probe/dissect artificial networks very easily.

* (Can easily initiate a huge number of in silico studies
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rtificial & biological neural networks
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rtificial & biological neural networks
etworks have surprisingly similar representations...
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Artificial & biological neural networks
...but are composed of drastically different elements!
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Central question

When trained to perform the same task, why should we
expect artificial and biological networks to be similar,
given the drastic differences in underlying mechanism®?
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This work: an empirical approach

Network mechanisms

RNN architectures (e.g. LSTMs, GRUSs, ...)
Nonlinearities (e.g. RelLU, tanh)

Similarity measures

Canonical correlation analysis (CCA)
Centered kernel alignment (CKA)

Tasks

Decision making
Pattern generation
Working memory
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Evidence of both universality and individuality
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Evidence of both universality and individuality
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Evidence of both universality and individuality

Pattern generation task

Analyzing trained networks
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Evidence of both universality and individuality

| Analyzing trained networks
Pattern generation task
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Evidence of both universality and individuality

| Analyzing trained networks
Pattern generation task
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Evidence of both universality and individuality

Pattern generation task
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Motivation

Results

Comparing brains and artificial neural networks (ANNs) [1-4]:

Decision making: context-dependent integration
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