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Divisive normalization and neural
noise interact in complex ways

Population response depends on
noise-normalization interaction

lowever, this interaction is poorly
understood

(Robbe et al. 2024, Coen-Cagli, Solomon 2019)

Analytic model of response statistics with noise-normalization interaction

Input noise added pre-normalization

Normalization signal depends on
iInput mean and noise structure

Output response statistics

.
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Final expressions

Efficient and differentiable
Can be fit to neural response statistics
Can be optimized for computational goals

Output response statistics: Exact formulas for isotropic case
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Response saturation
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Output response statistics
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Mean output responses saturate
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Normalization induces output correlations
from independent input noise

Covlyl=b-pu’t +c-1
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Geometric intuition
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Stimulus dependence
Output correlations depend on

= sin(0) + ¢
4_

— 31

3 2 -

Neuron index
S2

Correlation
0.5

0.0

e

Neuron index

Neuron index
Isie

BN

Neuron index

-0.5

Neuron index

Normalization induces stimulus-
dependent output correlations
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Single pair correlation

Input correlation given by p. Fixed ;o and variance
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Distance dependent correlations

X correlation

X correlation
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X correlation

A single input noise correlation can affect all output statistics via normalization.

Population correlations
W structured input correlations. o parametrizes >: ¥ =1I(1 — a) + a - Py

Output covariance is correlated with input covariance.
Pre-normalization correlations can be inferred from output correlations.
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Random correlations
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Structured normalization weights

B can instantiate diverse forms of normalization (e.g. feature specific)

B, has structured weights.

5 parametrizes B: B =1(1 — §) + 8 - B
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Structured normalization can transform uncorrelated input noise into structured
output mean and structured output correlations

Noise-normalization interaction alters output response statistics differently than

interaction:
- Saturating responses
- Stimulus-dependent correlations

normalization without noise.

Complex neural response properties
emerge from noise-normalization

- Spontaneous activity differences

Both input noise and normalization
affect output mean and covariance
due to their interaction

Potential contributor to observed
neural response properties

Implement model variants (half-
saturation constant, exponent,

stochastic gain) X
\/XTBX—I—cgo

Normative modeling of noise and
normalization interactions for specific
functions and tasks

Fit model to neuronal response data
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