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How does the brain arrive at complex
decisions and behaviors In response to
sensory information with uncertainty”
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Studying visual cortex

System identification

Probabilistic computations
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Studying visual cortex

Probabilistic computations
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Walker*, Cotton*, Ma & Tolias. (2020) “A neural basis of probabilistic
computation in visual cortex” Nature Neuroscience
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(There will be slides with technical details)

e Some slides will contain extra technical details

* Technical detalls slides have titles In
parenthesis and large star on the corner



Why did the cat decide to jump?




This IS a common behavior




This IS a common behavior




Cucumber looks like...




Cucumber looks like...




...Snake”




Cats do not always jump to
cucumber...




Cats do not always jump to
cucumber...




What does the stimulus look like”

Probability of
observed image

Low uncertainty




What does the stimulus look like”

Probability of
observed image l
High uncertainty .
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Uncertainty affects decision!

* |n multi-sensory integration, human and monkey
combine information about the stimulus weighing

each evidence by thelir reliablility (e.g. Ernst and Banks,
2002 Nature)

e Uncertainty information is utilized on a trial-by-trial
basis

 But how is uncertainty represented by a
population of neurons?



|[dentical stimulus presentations
result In variable spike counts

Stimulus: s=-15° Population response Activity pattern
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any particular spike count pattern may be
consistent with multiple stimulus values!



|[dentical stimulus presentations
result In variable spike counts

High contrast

Low contrast

Stimulus: s=-15°

Stimulus: s=-15°

Population response
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Likelihood function
captures uncertainty

Likelihood function = P(activity pattern | hypothesized orientation)

Stimulus: s=-15° Activity pattern Likelihood function

Neurons
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Pouget et al. 2000; Ma et al. 2006



Likelihood function
captures uncertainty

Low contrast

Stimulus: s=-15° Activity pattern

High contrast Z%

Likelihood function
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Likelihood function
captures uncertainty

Likelihood function
Uncertainty on the stimulus

/ (more uncertain — wider)
\ Best stimulus estimate

Pouget et al. 2000; Ma et al. 2006




Probabilistic Population Code
(PPC)

Populations of sensory neurons
represents the best stimulus estimate
and the assoclated uncertainty
simultaneously by representing
likelihood functions

Ma et al. 2006 Nature Neuro



Ma et al. 2006 Nature Neuro

Hypothesis under
Probabilistic Population Code

S

Best stimulus estimate and uncertainty is
simultaneously represented by V1 population
as a likelihood function




Alternative hypothesis to PPC

V1 population only encodes the best point estimate



Testing two hypotheses

PPC

Figure 1

PPC predicts that the trial to trial
fluctuations in the shape of the likelihood
helps to predict the behavior

Walker, Cotton et al., 2020 Nature Neuro



Critical pieces in testing PPC

* Jask that requires the use of trial-by-trial sensory
uncertainty

e Jo decode trial-by-trial likelihood tunction, you need a
simultaneous population recording of sensory
neurons

* Good method for decoding likelihood function on
each trial

Previous studies fail to satisfy all these criteria



Approach

1.

Train macague monkeys on a task in which optimal
performance requires trial-by-trial use of
uncertainty on stimulus

Record from a population of V1 neurons

Decode likelihood function over stimulus on each
trial

Predict the monkey'’s trial-by-trial decisions using
models with and without uncertainty in the shape
of likelihood function



Step 1: Train monkeys on a
task that requires the use of
trial-by-trial sensory uncertainty



Classification task

Classify an oriented stimulus into one of two classes:
C=1or (C=2

=l ot 2
that Is the question

Optimal performance requires the use
of trial-by-trial sensory uncertainty
iInformation (Qamar et al., 2013)



Trial flow

* Pick a class randomly: C=1 or C=2

e Fach class defines a distribution over stimulus orientation
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(Qamar et al., 2013)




Trial flow

* Pick a class randomly: C=1 or C=2

e Fach class defines a distribution over stimulus orientation
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Trial flow

* Pick a class randomly: C=1 or C=2

e Fach class defines a distribution over stimulus orientation
C=2

p(s|C = 2) = N(0;05 = 15%)

@WWWW@@
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(Qamar et al., 2013)



Trial flow

* Pick a class randomly: C=1 or C=2

e Fach class defines a distribution over stimulus orientation

DODDOO S

 Pick an orientation from the selected class’s
distribution

e Contrast is varied from trial to trial



Optimal strategy
C=2 C=1 C=2




NoIsy observation

True Distributions

Observed orientations



NoIsy observation

/\ True Distributions

Observed orientations



Optimal decision boundary
changes with uncertainty

True Distributions

50
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Observed distributions

Stimulus contrast is varied on trial-by-trial basis—
optimal decision boundary changes on each trial according
to the uncertainty




Step 2: Record activities of a
population of V1 as they
perform the task



Recording from V1 population

10 X 10 Multielectrode
(Utah) array
= Up to 96 multi-units
recording




Recording from V1 population
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Recording from V1 population
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Recording from V1 population
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Step 3: Decode trial-by-trial
Ikelihood functions



Decoding likelihood function
from population response

e Traditional method makes assumption about the how a
population of neurons would fire to each stimulus

* This is known as the generative model of the population
response r: p(r | s)

e Common choice includes Tuning curve + Independent
Poisson distribution

* Wrong assumptions can lead to biases in the decoded
likelihood functions!



DNN based likelihood decoding

96 -

Neurons

r

1_x*

Likelihood
functions

L(s)

Figure 3c

Train a network to directly decode likelihood
function from the population response r

Walker, Cotton et al., 2020 Nature Neuro



(Detai\s on likelihood decoding)

(s)=> L = f(r)

(discretized) DNN

[logL ~ log L(s) = logp(r\s)]

Likelihood function

target: S

+
softmax&

(log s ~ lozp(s)

Prior

[10 gp ( S ‘ I’)] Posterior

Cross-entropy loss

Could learn the likelihood function up to a

multiplicative constant for each value of r

*



Step 4: Model comparison



Full Likelihood Model (PPC)

Both the center and the shape of likelihood
function changes from trial to trial

Walker, Cotton et al., 2020 Nature Neuro



Alternative model (non-PPC)

Walker, Cotton et al., 2020 Nature Neuro



Alternative model (non-PPC)

* \/1 population only provides trial-by-trial best
estimate of the stimulus

e Uncertainty information is NOT represented by the
shape of the likelihood function decoded from V1

 \When contrast is fixed, the uncertainty is
expected to stay the same across tr.ials

Fixed-Uncertainty model




(Fixed Uncertainty Model) *

L

Channels

Across trials from the same contrast, only the
center of the likelihood function shifts and the

shape remains the same
Walker, Cotton et al., 2020 Nature Neuro



For trials from the same contrast

Full Likelihood Model Fixed Uncertainty Model
(PPC) (hon PPC)
l?“
LI
4 '
| | N
’ : \
q . N
v’ I s
*
Stimulus orientation Stimulus orientation
Both center and shape changes Only center changes

from trial to trial from trial to trial



Step 4: Model comparison

Full Likelihood

A\/ D

Bayesian
Decision
Maker

Fixed Uncertaint
- y N Y,

Figure 3d

Compare trial-by-trial predictions of monkey’s
choices by the two models

Walker, Cotton et al., 2020 Nature Neuro



Model comparison resultS m  Monkey L

A Monkey T
Figure 5a
0.02+ Full Likelihood model
performance 000
difference ' Fixed Uncertainty Model
(relative
log likelihood) —0.02 -
—0.04 1

1 10 100
Contrast (%)

Model using the full likelihood function predicts
monkey’s decisions better!

Walker, Cotton et al., 2020 Nature Neuro



Average likelihood shape varies
with orientation

Extended Figure 9c
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Walker, Cotton et al., 2020 Nature Neuro



Shuffling of likelihood shapes
conditioned on the stimulus

Figure 5¢  5/iginal likelihoods Shuffled likelihoods
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(Shuffling preserves stimulus- *
conditioned expected likelihood shape)

Extended Figure 9c
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Shuftling shapes deteriorates

f B MonkeylL
Performance Fiqure 52 A Monkey T
0.02 -
performance
difference  %-0OT;
(relative RSN 2
log likelihood)  —(.02-  a i
\\ / original
_0.04- ¥ shuffled

110 100
Contrast (%)

Shuffling of likelihood function shape Kkills the
benefit of Full-Likelihood Model, as expected



&
summary

r
[

Results:

* Trial-by-trial fluctuations in the shape of likelihood
function are informative about the monkey’s trial-by-trial
decisions on the task

Significance:

* First population level electrophysiological evidence
IN support of the hypothesis that the population of V1
neurons encode uncertainty in the form of likelihood
function on trial-by-trial basis, supporting PPC
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Recording from V1 population

Figure 3b

Population response, r
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(Effectiveness of

DNN likelihood decoder)

Extended Figure 3b: Ground truth - independent Poisson distribution
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(Effectiveness of

DNN likelihood decoder)

Extended Figure 3d: Ground truth - scaled correlated Gaussian distribution
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Width of decoded likelihood
varies with contrast

Figure 4a—c

Contrast = 4% Contrast = 32% Contrast = 100%
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Width of decoded likelihood
varies with contrast

Figure 4d Contrast (%)

Likelihood (a.u.)
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20 -10 0 10 20
Relative hypothesized orientation ( ° )

Walker, Cotton et al., 2020 Nature Neuro



Which neurons contribute to different aspects of
the likelihood functions?

Figure 6 Saliency Maps
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Accounting of stimulus as a confounad

Likelihood Likelihood does not
mediates decision mediate decision

Extended Figure 4



Time course of a trial

Figure 2b

Walker, Cotton et al., 2020 Nature Neuro



Prediction of monkey’s decisions

Extended Figure 7a—d
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Full-likelihood model performs better than
Ikelihood functions based on parametric
generative models —— Full-Likelihood

—-— Fixed-Uncertainty
Poisson-Like
........ Indep. Poisson

Extended Figure 7e —f
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| Ikellhood functions under
different models

— Full-Likelihood

Extended Figure 2 Poisson-Like
--------- Independent Poisson
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Likelihood functions under different models

Extended Figure 5b
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Monkeys perform the task well

Figure 2c
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Monkeys perform the task well

Figure 2d
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Monkeys perform the task well

Figure 2e
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