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Sensory  
information 

with uncertainty

Decisions & 
Behavior

How does the brain arrive at complex 
decisions and behaviors in response to 
sensory information with uncertainty?



Brain in action
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Studying visual cortex

System identification Probabilistic computations

V1

Encoding Decoding



s
<latexit sha1_base64="u4Y6Xfg1XXUEybnLnlvASiiDmjI=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw0mML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkfu53nlBpHssHM03Qj+hI8pAzaqzU1INS2a24C5B14uWkDDkag9JXfxizNEJpmKBa9zw3MX5GleFM4KzYTzUmlE3oCHuWShqh9rPFoTNyaZUhCWNlSxqyUH9PZDTSehoFtjOiZqxXvbn4n9dLTXjnZ1wmqUHJlovCVBATk/nXZMgVMiOmllCmuL2VsDFVlBmbTdGG4K2+vE7a1Yp3Xak2b8q1eh5HAc7hAq7Ag1uoQR0a0AIGCM/wCm/Oo/PivDsfy9YNJ585gz9wPn8A4cGNAQ==</latexit>

System identification

Encoding
r

<latexit sha1_base64="HttjaCC8XTgJJ2NJIcF4ap+AyG0=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZcFN11WsA9sS8mkd9rQTGZIMkIZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgobm1vbO8Xd0t7+weFR+fikraNEMWyxSESq61ONgktsGW4EdmOFNPQFdvzpXeZ3nlBpHskHM4txENKx5AFn1FjpsR9SM/GDVM2H5YpbdRcg68TLSQVyNIflr/4oYkmI0jBBte55bmwGKVWGM4HzUj/RGFM2pWPsWSppiHqQLhLPyYVVRiSIlH3SkIX6eyOlodaz0LeTWUK96mXif14vMcHtIOUyTgxKtvwoSAQxEcnOJyOukBkxs4QyxW1WwiZUUWZsSSVbgrd68jpp16reVbV2f12pN/I6inAG53AJHtxAHRrQhBYwkPAMr/DmaOfFeXc+lqMFJ985hT9wPn8A9zeRIA==</latexit> B
<latexit sha1_base64="aJm6NeMJpDO0ZxHRRfnqI7/EiYE=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELxwhkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj+7nffkKleSwfzCRBP6JDyUPOqLFS465fLLlldwGyTryMlCBDvV/86g1ilkYoDRNU667nJsafUmU4Ezgr9FKNCWVjOsSupZJGqP3p4tAZubDKgISxsiUNWai/J6Y00noSBbYzomakV725+J/XTU1460+5TFKDki0XhakgJibzr8mAK2RGTCyhTHF7K2EjqigzNpuCDcFbfXmdtCpl76pcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AJd9jNA=</latexit>

Studying visual cortex

Probabilistic computations

V1

Decoding

Walker*, Cotton*, Ma & Tolias. (2020) “A neural basis of probabilistic 
computation in visual cortex” Nature Neuroscience



(There will be slides with technical details)

•Some slides will contain extra technical details


•Technical details slides have titles in 
parenthesis and large star on the corner 



s
<latexit sha1_base64="u4Y6Xfg1XXUEybnLnlvASiiDmjI=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw0mML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkfu53nlBpHssHM03Qj+hI8pAzaqzU1INS2a24C5B14uWkDDkag9JXfxizNEJpmKBa9zw3MX5GleFM4KzYTzUmlE3oCHuWShqh9rPFoTNyaZUhCWNlSxqyUH9PZDTSehoFtjOiZqxXvbn4n9dLTXjnZ1wmqUHJlovCVBATk/nXZMgVMiOmllCmuL2VsDFVlBmbTdGG4K2+vE7a1Yp3Xak2b8q1eh5HAc7hAq7Ag1uoQR0a0AIGCM/wCm/Oo/PivDsfy9YNJ585gz9wPn8A4cGNAQ==</latexit>

r
<latexit sha1_base64="HttjaCC8XTgJJ2NJIcF4ap+AyG0=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZcFN11WsA9sS8mkd9rQTGZIMkIZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgobm1vbO8Xd0t7+weFR+fikraNEMWyxSESq61ONgktsGW4EdmOFNPQFdvzpXeZ3nlBpHskHM4txENKx5AFn1FjpsR9SM/GDVM2H5YpbdRcg68TLSQVyNIflr/4oYkmI0jBBte55bmwGKVWGM4HzUj/RGFM2pWPsWSppiHqQLhLPyYVVRiSIlH3SkIX6eyOlodaz0LeTWUK96mXif14vMcHtIOUyTgxKtvwoSAQxEcnOJyOukBkxs4QyxW1WwiZUUWZsSSVbgrd68jpp16reVbV2f12pN/I6inAG53AJHtxAHRrQhBYwkPAMr/DmaOfFeXc+lqMFJ985hT9wPn8A9zeRIA==</latexit>B

<latexit sha1_base64="aJm6NeMJpDO0ZxHRRfnqI7/EiYE=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELxwhkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj+7nffkKleSwfzCRBP6JDyUPOqLFS465fLLlldwGyTryMlCBDvV/86g1ilkYoDRNU667nJsafUmU4Ezgr9FKNCWVjOsSupZJGqP3p4tAZubDKgISxsiUNWai/J6Y00noSBbYzomakV725+J/XTU1460+5TFKDki0XhakgJibzr8mAK2RGTCyhTHF7K2EjqigzNpuCDcFbfXmdtCpl76pcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AJd9jNA=</latexit>

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

High uncertainty



Uncertainty affects decision!

• In multi-sensory integration, human and monkey 
combine information about the stimulus weighing 
each evidence by their reliability (e.g. Ernst and Banks, 
2002 Nature) 

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

• But how is uncertainty represented by a 
population of neurons?



Identical stimulus presentations 
result in variable spike counts

any particular spike count pattern may be 
consistent with multiple stimulus values!



High contrast

Low contrast

Identical stimulus presentations 
result in variable spike counts



Likelihood function = P(activity pattern | hypothesized orientation)

Likelihood function 
captures uncertainty

Pouget et al. 2000; Ma et al. 2006



High contrast

Low contrast

Likelihood function 
captures uncertainty



Likelihood function 
captures uncertainty

Likelihood function

Best stimulus estimate

Uncertainty on the stimulus 
(more uncertain → wider)

Pouget et al. 2000; Ma et al. 2006



Probabilistic Population Code 
(PPC)

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

Ma et al. 2006 Nature Neuro 



Hypothesis under  
Probabilistic Population Code

Best stimulus estimate and uncertainty is 
simultaneously represented by V1 population 

as a likelihood function

Ma et al. 2006 Nature Neuro 



Alternative hypothesis to PPC

V1 population only encodes the best point estimate

uncertainty
estimate



Testing two hypotheses

PPC predicts that the trial to trial 
fluctuations in the shape of the likelihood 

helps to predict the behavior

PPC Non PPC

uncertainty
estimate

Figure 1

Walker, Cotton et al., 2020 Nature Neuro



Critical pieces in testing PPC

• Task that requires the use of trial-by-trial sensory 
uncertainty 

• To decode trial-by-trial likelihood function, 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 macaque monkeys on a task in which optimal 
performance requires trial-by-trial use of 
uncertainty on stimulus 

2. Record from a population of V1 neurons  

3. Decode likelihood function over stimulus on each 
trial 

4. 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=1 or C=2

C=1 or C=2,  
that is the question

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



Trial flow
• Pick a class randomly: C=1 or C=2 

• Each class defines a distribution over stimulus orientation

0° 20°-20°
(Qamar et al., 2013)



C = 1

σ1=3°

p(s|C = 1) = N (0;�2
2 = 32)

Trial flow
• Pick a class randomly: C=1 or C=2 

• Each class defines a distribution over stimulus orientation

0° 20°-20°
(Qamar et al., 2013)



σ2=15

C = 2

p(s|C = 2) = N (0;�2
2 = 152)

Trial flow
• Pick a class randomly: C=1 or C=2 

• Each class defines a distribution over stimulus orientation

0° 20°-20°
(Qamar et al., 2013)



• Pick an orientation from the selected class’s 
distribution  

• Contrast is varied from trial to trial

Trial flow
• Pick a class randomly: C=1 or C=2 

• Each class defines a distribution over stimulus orientation



Optimal strategy

0° 20°-20°

C=1 C=2C=2



Noisy observation
True Distributions

Observed orientations



Noisy observation

Observed orientations

True Distributions



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

Optimal decision boundary 
changes with uncertainty

Contrast (%)

Observed distributions

True Distributions



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



10 X 10 Multielectrode 
(Utah) array


Up to 96 multi-units 
recording

Recording from V1 population
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Figure 3a

Walker, Cotton et al., 2020 Nature Neuro
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Step 3: Decode trial-by-trial 
likelihood functions



Decoding likelihood function 
from population response
• 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)


• Common choice includes Tuning curve + Independent 
Poisson distribution


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



DNN based likelihood decoding

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

Neurons

1

96

Likelihood  
functions
L(s)

<latexit sha1_base64="JMly8IP2aARNqCGxR5a2FImV5jE=">AAAB9XicbVDLSsNAFL2pr1pfVZduBotQNyWpgi4LbrpwUcE+oI1lMp20QyeTMDNRSuh/uHGhiFv/xZ1/4yTNQlsPDBzOuZd75ngRZ0rb9rdVWFvf2Nwqbpd2dvf2D8qHRx0VxpLQNgl5KHseVpQzQduaaU57kaQ48DjtetOb1O8+UqlYKO71LKJugMeC+YxgbaSHQYD1hGCe3M6r6nxYrtg1OwNaJU5OKpCjNSx/DUYhiQMqNOFYqb5jR9pNsNSMcDovDWJFI0ymeEz7hgocUOUmWeo5OjPKCPmhNE9olKm/NxIcKDULPDOZplTLXir+5/Vj7V+7CRNRrKkgi0N+zJEOUVoBGjFJieYzQzCRzGRFZIIlJtoUVTIlOMtfXiWdes25qNXvLiuNZl5HEU7gFKrgwBU0oAktaAMBCc/wCm/Wk/VivVsfi9GCle8cwx9Ynz8qbpJO</latexit>

r

Figure 3c
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L(s)
<latexit sha1_base64="JMly8IP2aARNqCGxR5a2FImV5jE=">AAAB9XicbVDLSsNAFL2pr1pfVZduBotQNyWpgi4LbrpwUcE+oI1lMp20QyeTMDNRSuh/uHGhiFv/xZ1/4yTNQlsPDBzOuZd75ngRZ0rb9rdVWFvf2Nwqbpd2dvf2D8qHRx0VxpLQNgl5KHseVpQzQduaaU57kaQ48DjtetOb1O8+UqlYKO71LKJugMeC+YxgbaSHQYD1hGCe3M6r6nxYrtg1OwNaJU5OKpCjNSx/DUYhiQMqNOFYqb5jR9pNsNSMcDovDWJFI0ymeEz7hgocUOUmWeo5OjPKCPmhNE9olKm/NxIcKDULPDOZplTLXir+5/Vj7V+7CRNRrKkgi0N+zJEOUVoBGjFJieYzQzCRzGRFZIIlJtoUVTIlOMtfXiWdes25qNXvLiuNZl5HEU7gFKrgwBU0oAktaAMBCc/wCm/Wk/VivVsfi9GCle8cwx9Ynz8qbpJO</latexit>

(Details on likelihood decoding)

(discretized) DNN

target:

Cross-entropy loss

+

PriorLikelihood function
softmax

Posterior

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)

uncertainty
estimate
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Alternative model (non-PPC)
• V1 population only provides trial-by-trial best 

estimate of the stimulus


• 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 trials

Fixed-Uncertainty model
uncertainty
estimate



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

shape remains the same

(Fixed Uncertainty Model)

Walker, Cotton et al., 2020 Nature Neuro
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Full Likelihood Model

(PPC)

Fixed Uncertainty Model

(non PPC)

For trials from the same contrast

Stimulus orientation Stimulus orientation

Only center changes  
from trial to trial

Both center and shape changes 
from trial to trial



Step 4: Model comparison
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Summary
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



Sinz Lab 
University of Tübingen 
(Tübingen, Germany)

Tolias Lab 
Baylor College of Medicine 

(Houston, TX)

Big thanks to all collaborators…

Ma Lab 
New York University 
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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

Walker, Cotton et al., 2020 Nature Neuro
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Width of decoded likelihood 
varies with contrast
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Likelihood functions under 
different models
Extended Figure 2

Li
ke

lih
oo

d 
(a

.u
.)

í�� 0 �� í�� 0 ��

Contrast = 4%

í�� 0 �� í�� 0 ��

&RQWUDVW� ����

í�� 0 �� í�� 0 ��

Contrast = 100%

(ಣ)Orientation

Full-Likelihood
Poisson-Like
Independent Poisson



Likelihood functions under different models
Extended Figure 5b
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