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Introduction

In evidence integration tasks, subjects make a categorical decision from a 
sequence of (typically i.i.d.) sensory information. 

A psychophysical kernel (PK) quantifies the ‘weight’ subjects give to evidence 
in space or in time. 

A confirmation bias (CB) occurs when people upweight information confirming 
existing beliefs, thus strengthening those beliefs. 

A Perceptual CB implies a PK that decreases over time. 
Different studies have reported different temporal PK shapes, typically flat or 

decreasing.
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Category information: probability of an ideal observer guessing the category of 
a single ‘frame’ xt given C

We define sensory or likelihood information as the probability of guessing xt 
given et

2 Sources of uncertainty: 
With high-contrast stimuli that are 

each weakly predictive of the 
correct choice, recency (or flat 
weights) observed 

With low-contrast stimuli that are 
each highly predictive of the 
correct choice, primacy is 
observed. 

Threshold performance is achieved 
at a balance between these.
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Experiments
We used an orientation-discrimination paradigm with orientation-band-pass stimuli.
• In the LSHC context staircase on the noise is run to reach 70% performance
• In the HSLC context, a staircase is run on pprior
• Both tasks’ staircases begin at the same set of parameters.

Task Design

Behavioral Results

Trial starts 0 200 ms 1030 ms

Choice (2s) Feedback tone
(ideal observer)

fixation 
point appears

stimulus
 cue appears

10 frames

next trial
83 ms each 

frame

Change in PK slopes consistent with our framework's predictions, but significant variability 
between subjects (possibly explained by different γ?).
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Generative model:
C = category / decision-area
x = sensory representation
e = evidence

Goal: compute posterior over C given e

…using online updates

…using importance sampling from the full posterior to marginalize 
over the sensory variable x

p0(C) ⌘ p(C)

update to log posterior 
odds each frame
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!�1 Final update rule:

Same setup and objective as sampling model, except approximation is due to 
mean field assumption:

Inference is be done using Mean Field Variational Bayes, which passes 
messages between q(C) and q(x) to approach a minimum of KL(q||p). Here, the 
updates (with an auxiliary variable z) are: 

p(C, x|e) ⇡ q(C)q(x)
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log q(C) = log p(C) + µzµx/�
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Sampling Model
gamma = 0

Sampling Model
gamma = 0.1

w ≈ a exp[βt]

Variational Model
gamma = 0

Variational Model
gamma = 0.1

Conclusions
Feedback of priors is required for sensory areas to represent full posteriors, but potentially 

at the cost of biased evidence accumulation due to “double counting" the prior.
This perceptual confirmation bias effect explains discrepancy in past studies as well as 

within-subject differences in the present study.
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Introduction

In evidence integration tasks, subjects make a categorical decision from a 
sequence of (typically i.i.d.) sensory information. 

A psychophysical kernel (PK) quantifies the ‘weight’ subjects give to evidence 
in space or in time. 

A confirmation bias (CB) occurs when people upweight information confirming 
existing beliefs, thus strengthening those beliefs. 

A Perceptual CB implies a PK that decreases over time. 
Different studies have reported different temporal PK shapes, typically flat or 

decreasing.
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at a balance between these.
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Experiments
We used an orientation-discrimination paradigm with orientation-band-pass stimuli.
• In the LSHC context staircase on the noise is run to reach 70% performance
• In the HSLC context, a staircase is run on pprior
• Both tasks’ staircases begin at the same set of parameters.

Task Design

Behavioral Results

Trial starts 0 200 ms 1030 ms

Choice (2s) Feedback tone
(ideal observer)

fixation 
point appears

stimulus
 cue appears

10 frames

next trial
83 ms each 

frame

Change in PK slopes consistent with our framework's predictions, but significant variability 
between subjects (possibly explained by different γ?).
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Generative model:
C = category / decision-area
x = sensory representation
e = evidence

Goal: compute posterior over C given e

…using online updates

…using importance sampling from the full posterior to marginalize 
over the sensory variable x

p0(C) ⌘ p(C)

update to log posterior 
odds each frame

p(et|C = c) =
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!�1 Final update rule:

Same setup and objective as sampling model, except approximation is due to 
mean field assumption:

Inference is be done using Mean Field Variational Bayes, which passes 
messages between q(C) and q(x) to approach a minimum of KL(q||p). Here, the 
updates (with an auxiliary variable z) are: 

p(C, x|e) ⇡ q(C)q(x)
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Sampling Model
gamma = 0

Sampling Model
gamma = 0.1

w ≈ a exp[βt]

Variational Model
gamma = 0

Variational Model
gamma = 0.1

Conclusions
Feedback of priors is required for sensory areas to represent full posteriors, but potentially 

at the cost of biased evidence accumulation due to “double counting" the prior.
This perceptual confirmation bias effect explains discrepancy in past studies as well as 

within-subject differences in the present study.

A Perceptual Confirmation Bias from Approximate Online Inference 
Richard D. Lange1, Ankani Chattoraj1, Matthew Hochberg1, Jeffry M. Beck2, Jacob Yates1, Ralf M. Haefner1
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Introduction

In evidence integration tasks, subjects make a categorical decision from a 
sequence of (typically i.i.d.) sensory information. 

A psychophysical kernel (PK) quantifies the ‘weight’ subjects give to evidence 
in space or in time. 

A confirmation bias (CB) occurs when people upweight information confirming 
existing beliefs, thus strengthening those beliefs. 

A Perceptual CB implies a PK that decreases over time. 
Different studies have reported different temporal PK shapes, typically flat or 

decreasing.

Nienborg & 
Cumming 2009

Kiani et al. 2008

Brunton et al.  
2013

Wyart et al. 2012
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Category information: probability of an ideal observer guessing the category of 
a single ‘frame’ xt given C

We define sensory or likelihood information as the probability of guessing xt 
given et

2 Sources of uncertainty: 
With high-contrast stimuli that are 

each weakly predictive of the 
correct choice, recency (or flat 
weights) observed 

With low-contrast stimuli that are 
each highly predictive of the 
correct choice, primacy is 
observed. 

Threshold performance is achieved 
at a balance between these.
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Experiments
We used an orientation-discrimination paradigm with orientation-band-pass stimuli.
• In the LSHC context staircase on the noise is run to reach 70% performance
• In the HSLC context, a staircase is run on pprior
• Both tasks’ staircases begin at the same set of parameters.

Task Design

Behavioral Results

Trial starts 0 200 ms 1030 ms

Choice (2s) Feedback tone
(ideal observer)

fixation 
point appears

stimulus
 cue appears

10 frames

next trial
83 ms each 

frame

Change in PK slopes consistent with our framework's predictions, but significant variability 
between subjects (possibly explained by different γ?).
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Generative model:
C = category / decision-area
x = sensory representation
e = evidence

Goal: compute posterior over C given e

…using online updates

…using importance sampling from the full posterior to marginalize 
over the sensory variable x

p0(C) ⌘ p(C)

update to log posterior 
odds each frame

p(et|C = c) =

Z
p(et|xt)p(xt|C = c) ⇡ 1

S

X

x(i)⇠Q
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t )
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t ⇠ Q(x) /
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SP
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� � log
pt�1(C = +1)

pt�1(C = �1)| {z }
bias correction (small S)

log
p(et|C = +1)

p(et|C = �1)
⇡ log

P
p(x(i)

t |C = +1)wi
P

p(x(i)
t |C = �1)wi

wi =

 
X

c

p(x(i)
t |C = c)pt�1(C = c)

!�1 Final update rule:

Same setup and objective as sampling model, except approximation is due to 
mean field assumption:

Inference is be done using Mean Field Variational Bayes, which passes 
messages between q(C) and q(x) to approach a minimum of KL(q||p). Here, the 
updates (with an auxiliary variable z) are: 

p(C, x|e) ⇡ q(C)q(x)
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Sampling Model
gamma = 0

Sampling Model
gamma = 0.1

w ≈ a exp[βt]

Variational Model
gamma = 0

Variational Model
gamma = 0.1

Conclusions
Feedback of priors is required for sensory areas to represent full posteriors, but potentially 

at the cost of biased evidence accumulation due to “double counting" the prior.
This perceptual confirmation bias effect explains discrepancy in past studies as well as 

within-subject differences in the present study.
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We build on previous 
work to show that, 
(1) the brain adapts to 

the rate at which it 
receives independent 
information

(2) we compared the 
strength of the 
primacy effect near 
the fovea and in the 
periphery, and did not 
find a significant 
difference

In evidence integration tasks, subjects make a 
categorical decision from a sequence of (typically 
i.i.d.) sensory information.[1,2,3,4,6,7,9]

A psychophysical kernel (PK) quantifies the ‘weight’ 
subjects give to evidence in space or time.

A perceptual confirmation bias (CB) occurs when 
people upweight information confirming existing 
beliefs, thus strengthening those beliefs. This is 
implied by a PK that decreases over time.[4,6]

We recently showed perceptual CB could be explained 
by assuming that the brain performs approximate 
inference in a hierarchical model in which 
expectations influence sensory inferences. These 
expectations are facilitated by feedback connections 
(FB).[5]

We here ask two key questions: 
1. Does the brain adapt its inference algorithm to 

the temporal correlations in the inputs?
2. Is FB as strong in the periphery as in the fovea 

(which has been suggested is not the case)[8,10,11]
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Possible PK
 profiles

Generative model
of stimulus 
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Study2: Show temporal stimuli in fovea vs periphery
Observation: No significant difference in PK slope

Conclusion: FB in fovea and periphery are comparable
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A Perceptual Confirmation Bias from Approximate Online Inference 
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Introduction

In evidence integration tasks, subjects make a categorical decision from a 
sequence of (typically i.i.d.) sensory information. 

A psychophysical kernel (PK) quantifies the ‘weight’ subjects give to evidence 
in space or in time. 

A confirmation bias (CB) occurs when people upweight information confirming 
existing beliefs, thus strengthening those beliefs. 

A Perceptual CB implies a PK that decreases over time. 
Different studies have reported different temporal PK shapes, typically flat or 

decreasing.
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Category information: probability of an ideal observer guessing the category of 
a single ‘frame’ xt given C

We define sensory or likelihood information as the probability of guessing xt 
given et

2 Sources of uncertainty: 
With high-contrast stimuli that are 

each weakly predictive of the 
correct choice, recency (or flat 
weights) observed 

With low-contrast stimuli that are 
each highly predictive of the 
correct choice, primacy is 
observed. 

Threshold performance is achieved 
at a balance between these.
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Experiments
We used an orientation-discrimination paradigm with orientation-band-pass stimuli.
• In the LSHC context staircase on the noise is run to reach 70% performance
• In the HSLC context, a staircase is run on pprior
• Both tasks’ staircases begin at the same set of parameters.

Task Design

Behavioral Results

Trial starts 0 200 ms 1030 ms

Choice (2s) Feedback tone
(ideal observer)

fixation 
point appears

stimulus
 cue appears

10 frames

next trial
83 ms each 

frame

Change in PK slopes consistent with our framework's predictions, but significant variability 
between subjects (possibly explained by different γ?).
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Generative model:
C = category / decision-area
x = sensory representation
e = evidence

Goal: compute posterior over C given e

…using online updates

…using importance sampling from the full posterior to marginalize 
over the sensory variable x

p0(C) ⌘ p(C)

update to log posterior 
odds each frame

p(et|C = c) =

Z
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!�1 Final update rule:

Same setup and objective as sampling model, except approximation is due to 
mean field assumption:

Inference is be done using Mean Field Variational Bayes, which passes 
messages between q(C) and q(x) to approach a minimum of KL(q||p). Here, the 
updates (with an auxiliary variable z) are: 

p(C, x|e) ⇡ q(C)q(x)
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Sampling Model
gamma = 0

Sampling Model
gamma = 0.1

w ≈ a exp[βt]

Variational Model
gamma = 0

Variational Model
gamma = 0.1

Conclusions
Feedback of priors is required for sensory areas to represent full posteriors, but potentially 

at the cost of biased evidence accumulation due to “double counting" the prior.
This perceptual confirmation bias effect explains discrepancy in past studies as well as 

within-subject differences in the present study.
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Evidence integration task

A Perceptual Confirmation Bias from Approximate Online Inference 
Richard D. Lange1, Ankani Chattoraj1, Matthew Hochberg1, Jeffry M. Beck2, Jacob Yates1, Ralf M. Haefner1

1. Brain and Cognitive Sciences, University of Rochester, 2. Department of Neurobiology, Duke University

Introduction

In evidence integration tasks, subjects make a categorical decision from a 
sequence of (typically i.i.d.) sensory information. 

A psychophysical kernel (PK) quantifies the ‘weight’ subjects give to evidence 
in space or in time. 

A confirmation bias (CB) occurs when people upweight information confirming 
existing beliefs, thus strengthening those beliefs. 

A Perceptual CB implies a PK that decreases over time. 
Different studies have reported different temporal PK shapes, typically flat or 

decreasing.
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Kiani et al. 2008

Brunton et al.  
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Wyart et al. 2012
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Category information: probability of an ideal observer guessing the category of 
a single ‘frame’ xt given C

We define sensory or likelihood information as the probability of guessing xt 
given et

2 Sources of uncertainty: 
With high-contrast stimuli that are 

each weakly predictive of the 
correct choice, recency (or flat 
weights) observed 

With low-contrast stimuli that are 
each highly predictive of the 
correct choice, primacy is 
observed. 

Threshold performance is achieved 
at a balance between these.
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Experiments
We used an orientation-discrimination paradigm with orientation-band-pass stimuli.
• In the LSHC context staircase on the noise is run to reach 70% performance
• In the HSLC context, a staircase is run on pprior
• Both tasks’ staircases begin at the same set of parameters.

Task Design

Behavioral Results

Trial starts 0 200 ms 1030 ms

Choice (2s) Feedback tone
(ideal observer)

fixation 
point appears

stimulus
 cue appears

10 frames

next trial
83 ms each 

frame

Change in PK slopes consistent with our framework's predictions, but significant variability 
between subjects (possibly explained by different γ?).
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Generative model:
C = category / decision-area
x = sensory representation
e = evidence

Goal: compute posterior over C given e

…using online updates

…using importance sampling from the full posterior to marginalize 
over the sensory variable x

p0(C) ⌘ p(C)

update to log posterior 
odds each frame

p(et|C = c) =

Z
p(et|xt)p(xt|C = c) ⇡ 1

S

X

x(i)⇠Q

p(et|x(i)
t )p(x(i)
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t )
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!�1 Final update rule:

Same setup and objective as sampling model, except approximation is due to 
mean field assumption:

Inference is be done using Mean Field Variational Bayes, which passes 
messages between q(C) and q(x) to approach a minimum of KL(q||p). Here, the 
updates (with an auxiliary variable z) are: 

p(C, x|e) ⇡ q(C)q(x)
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log q(C) = log p(C) + µzµx/�
2
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Sampling Model
gamma = 0

Sampling Model
gamma = 0.1

w ≈ a exp[βt]

Variational Model
gamma = 0

Variational Model
gamma = 0.1

Conclusions
Feedback of priors is required for sensory areas to represent full posteriors, but potentially 

at the cost of biased evidence accumulation due to “double counting" the prior.
This perceptual confirmation bias effect explains discrepancy in past studies as well as 

within-subject differences in the present study.
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FB 

FB determines the strength of 
feedback connection or top-
down connection from C to x

LSHC condition Fovea Stimulus

LSHC condition Periphery Stimulus

…

d) d)

f)

a) b) c)

g) h)

e)

LSHC condition Fovea Stimulus

LSHC condition Periphery Stimulus

…

d) d)

f)

a) b) c)

g) h)

e)

LSHC condition Fovea Stimulus

LSHC condition Periphery Stimulus

…

d) d)

f)

a) b) c)

g) h)

e)

Stronger top-down feedback 
gives stronger primacy

PK unchanged when the brain adjusts 
as per temporal correlation of inputs

PK changes when the brain does not 
adjust as per temporal correlation of inputs
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S is the number of samples per update to 
the log likelihood odds.
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<latexit sha1_base64="DN9xQG4bsjNVjfXDMt9xb3htnU0=">AAACEHicbZDLSsNAFIYn9VbrLerSzWARXZWkCgoiFN24rNAbNCFMppN26OTCzIlQQh/Bja/ixoUibl26821M0gja+sPAz3fO4cz53UhwBYbxpZWWlldW18rrlY3Nre0dfXevo8JYUtamoQhlzyWKCR6wNnAQrBdJRnxXsK47vsnq3XsmFQ+DFkwiZvtkGHCPUwIpcvTjluPhK1w3sAUkdtQltkYEktY0x+YPrjh61agZufCiMQtTRYWajv5pDUIa+ywAKohSfdOIwE6IBE4Fm1asWLGI0DEZsn5qA+IzZSf5QVN8lJIB9kKZvgBwTn9PJMRXauK7aadPYKTmaxn8r9aPwbuwEx5EMbCAzhZ5scAQ4iwdPOCSURCT1BAqefpXTEdEEgpphlkI5vzJi6ZTr5mntfrdWbVxXcRRRgfoEJ0gE52jBrpFTdRGFD2gJ/SCXrVH7Vl7095nrSWtmNlHf6R9fANfTJpK</latexit>

Tf = 10⌧s; T̂f = 10⌧s
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Tf = 5⌧s; T̂f = 10⌧s
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is the brain's sampling time⌧s
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	 is the experimenter’s duration of a stimulus frame

	    

	 is the brain’s estimate of stimulus frame duration.

Tf
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T̂f
<latexit sha1_base64="zLGD7Wh0PyaDOmiuQf8kjb8gerU=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4j5AXZJcxOZpMhsw9meoWw5De8eFDEqz/jzb9xNtmDJhY0FFXddHf5iRQabfvbKm1sbm3vlHcre/sHh0fV45OujlPFeIfFMlZ9n2ouRcQ7KFDyfqI4DX3Je/70Pvd7T1xpEUdtnCXcC+k4EoFgFI3kEndCMWvPhwGpDKs1u24vQNaJU5AaFGgNq1/uKGZpyCNkkmo9cOwEvYwqFEzyecVNNU8om9IxHxga0ZBrL1vcPCcXRhmRIFamIiQL9fdERkOtZ6FvOkOKE73q5eJ/3iDF4NbLRJSkyCO2XBSkkmBM8gDISCjOUM4MoUwJcythE6ooQxNTHoKz+vI66TbqzlW98Xhda94VcZThDM7hEhy4gSY8QAs6wCCBZ3iFNyu1Xqx362PZWrKKmVP4A+vzB91xkOo=</latexit>
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     Experimental observations7
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T̂f
<latexit sha1_base64="zLGD7Wh0PyaDOmiuQf8kjb8gerU=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4j5AXZJcxOZpMhsw9meoWw5De8eFDEqz/jzb9xNtmDJhY0FFXddHf5iRQabfvbKm1sbm3vlHcre/sHh0fV45OujlPFeIfFMlZ9n2ouRcQ7KFDyfqI4DX3Je/70Pvd7T1xpEUdtnCXcC+k4EoFgFI3kEndCMWvPhwGpDKs1u24vQNaJU5AaFGgNq1/uKGZpyCNkkmo9cOwEvYwqFEzyecVNNU8om9IxHxga0ZBrL1vcPCcXRhmRIFamIiQL9fdERkOtZ6FvOkOKE73q5eJ/3iDF4NbLRJSkyCO2XBSkkmBM8gDISCjOUM4MoUwJcythE6ooQxNTHoKz+vI66TbqzlW98Xhda94VcZThDM7hEhy4gSY8QAs6wCCBZ3iFNyu1Xqx362PZWrKKmVP4A+vzB91xkOo=</latexit>

Study1: Vary the duration of each stimulus frame
Observation: No significant difference in PK slope
Conclusion: Brain infers and adapts to correct rate                

at which it receives independent information


