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A normative approach to
neural computation

* Reconstruction/decoding approach
— Single-neuron PCA
— Multiple neurons -> difficulties
* Similarity matching approach
— Linear dimensionality reduction
— Non-negative output

— Two—compartment neurons



‘ Similarity matching approach ‘

Similarity of neural activity patternsin IT
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‘ Similarity matching approach ‘

Similarity of neural activity patternsin IT
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Similarity matching approach

Neural representation is
representation of similarities
Shimon Edelman (1998)



Similarity matching approach

Similarity matching: Similar input activity

patterns evoke similar output activity patterns

Hu, Pehlevan, Chklovskii (2014)
Pehlevan, Chklovskii (2014)
Pehlevan, Hu, Chklovskii (2015)
Pehlevan, Chklovskii (2015)
Bahroun, Hunsicker, Soltoggio (2017)
Seung & Zung (2017)



Similarity matching approach ‘

Similar inputs produce similar outputs
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Similarity matching approach - linear ‘

Deriving a neural network
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A normative approach to
neural computation

* Reconstruction/decoding approach
— Single-neuron PCA
— Multiple neurons
e Similarity matching approach
— Linear dimensionality reduction
— Non-negative output
— Two-compartment neurons



Similarity matching approach — non-negative ‘

Non-negative output
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Similarity matching approach — non-negative ‘

Deriving a neural network
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Similarity matching approach — non-negative ‘

Similarity alignment can (softly) cluster

input, x
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Similarity matching approach — non-negative ‘

Similarity alignment network learns V1
features from natural images

natural images

Pehlevan & Chklovskii (2014)



A normative approach to
neural computation

* Reconstruction/decoding approach
— Single-neuron PCA
— Multiple neurons
e Similarity matching approach
— Linear dimensionality reduction
— Non-negative output
— Two-compartment neurons



‘ Similarity matching approach — 2 compartment neurons ‘

A pyramidal neuron: 2 electrotonic compartments
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(prediction
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Schiller, Larkum, Spruston, Magee...
Mel, Poirazzi, Senn, Haga, Fukai, Machens,
Deneve...



Similarity matching approach — 2 compartment neurons ‘

Canonical Correlation Analysis (CCA)
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Similarity matching approach — 2 compartment neurons ‘

Canonical Correlation Analysis (CCA)
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Similarity matching approach — 2 compartment neurons ‘

CCA learning rule
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‘ Similarity matching approach — 2 compartment neurons ‘

Pyramidal neuron as a Canonical Correlation Analyzer

L
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Experiments: Golding et al., 2002; Bittner et al., 2017; Greinberger & Magee, 2020

Related algorithms: Lai & Fyfe, 1999; Pehlevan, Zhao, Sengupta & C, 2020



Similarity matching approach — 2 compartment neurons ‘

Multi-channel CCA
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‘ Similarity matching approach — 2 compartment neurons ‘

A similarity matching objective for the CCA
neural network
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Lipshutz, Bahroun, Golkar, Sengupta & C (2021)



‘ Similarity matching approach — 2 compartment neurons ‘

Pyramidal network for multi-channel CCA
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‘ Similarity matching approach — 2 compartment neurons ‘

Comparison with other algorithms
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Lipshutz, Bahroun, Golkar, Sengupta & C (2021)



Family of similarity matching networks

BIOLOGICAL FEATURE MATHEMATICAL CONSTRUCT
Hebbian plasticity Similarity alignment

Neural rectification, local RFs Nonnegativity constraint
Adaptive neural thresholds Rank and sparsity regularizers

Anti-Hebbian inhibitory interneurons | Constrained output similarity matrix

2-compartment neuron Canonical correlation analysis (CCA)

Hu, Pehlevan & C (2014), Pehlevan & C (2014), Pehlevan, Hu & C (2015), Pehlevan & C (2015), Pehlevan & C
(2016), Pehlevan, Mohan & C (2017), Pehlevan, Sengupta & C (2017), Tepper, Sengupta & C (2017),
Pehlevan, Genkin & C (2017), Bahroun, Hunsicker, Soltoggio (2017), Seung & Zung (2017), Sengupta, Tepper,
Pehlevan, Genkin & C (2018), Minden, Pehlevan & C (2018), Pehlevan & C (2019), Lipshutz, Windolf, Golkar,
& C (2020), Golkar, Lipshutz, Bahroun, Sengupta & C (2020), Lipshutz, Bahroun, Golkar, Sengupta & C (2021)
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