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Visual Stimulus Behavior

How you might start to think about models of vision?

Decoding 
  

models

Decoding: How is the representation used by the brain 
 to carry out behavioral tasks?

Encoding 
  

models

Encoding: How is the visual input represented  
in the brain? 

(e.g. Image: glass of water) (e.g. pick up the  
glass of water)

behavioral tasks?

This needs to be defined quantitatively to  
evaluate how good the decoding models are

What model is 
implemented 
in the brain?



* more on this during the Psychophysics and data analysis tutorial
Aug 15: 8-9 pm

Let’s talk today about behaviors associated with the ventral stream

Lets mainly talk about visual object 
recognition today

“Understanding how biological visual systems recognize objects is one of the ultimate goals in 
computational neuroscience.….”  Riesenhuber and Poggio, 2000



Rapid object identity inference  



+

Decision 
and action

Memory

Ventral Stream model of core object recognition



When do primates outperform state-of-the-art deep CNNs?8 deg image at center of gaze, 100 msec viewing time  

Define & 
operationalize a 
behavior
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Behavioral Task
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What animal model shall we choose to study the behavior?

Behavior of 
primate species A

Summary: human behavior = monkey behavior

“tank” often confused with “truck”

Now go get more internal component measurements!

Rajalingham, Schmidt, & DiCarlo, J. Neuroscience (2015) 
Rajalingham, Issa, Bashivan, Kar, Schmidt, & DiCarlo, J. Neuroscience (2018)

Behavior of 
primate species B

Which animal 
model shall we 
choose?

2



Ventral visual stream IT = “Inferior 
temporal cortex” 

3
measure

Get 
measurements 
of internal 
system 
components.

Lesions here result in 
deficits in visual recognition. 

Decades of neuroscience 
have provided 
measurements of macro- 
and meso- architecture

visual 
input

Where to look in the monkey brain?



3
measure

Get 
measurements 
of internal 
system 
components.

Ventral visual stream

~100ms

Constraint data from the non-human primateDecades of neuroscience 
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3
measure

Get 
measurements 
of internal 
system 
components.

Ventral visual stream

~100ms

Constraint data from the non-human primateExamples of IT neuronal spiking responses

Hung, Kreiman, Poggio, & 
DiCarlo  Science (2005)

Image 
duration

msec

visual 
input



Ventral visual stream

Constraint data from the non-human primateExamples of IT neuronal spiking responses

Hung, Kreiman, Poggio, & 
DiCarlo  Science (2005)

Image 
duration

msec

r = 60
spikes / sec

r = 71 r = 25 r = 7

3
measure

Get 
measurements 
of internal 
system 
components.



The data collection over the years have scaled up

V1

V2

V4

PIT

CIT
AIT

10 mm
Array 1 
location Array 2 

location Array 3 
(in place)

2

3

1

Three, 96-electrode arrays

Adapted from Kelly et al. J. Neurosci (2007)
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array methods



1

100-1000

100 ms

IT
 “

fe
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Image #1 2000+
100-1000

(All at high SNR: ~50 repetitions = ~100,000 image presentations)

IT
 “

fe
at

ur
es

”
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Behavioral performance 
on categorization tasks

Majaj, Hong, Soloman, & DiCarlo, J Neuro (2015)

Linking 
neurons to 
behavior

The specific parameters here are 
important to brain machine 

interface applications. 

Hong*, Yamins*, Majaj & DiCarlo. Nat. Neuro. (2016)

IT
 “

fe
at

ur
es

”4
measure

Test population 
decoding 
models that can 
fully explain 
behavior
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interface applications. 

Hong*, Yamins*, Majaj & DiCarlo. Nat. Neuro. (2016)

IT
 “

fe
at

ur
es

”4
measure

Test population 
decoding 
models that can 
fully explain 
behavior

70 170



“Joe’s” identity manifold

neuron 2
neuron 3

neuron 1

neuron 4

neuron 5 ...

“Joe”
“Joe”

“Joe”

The visual brain represents the 
image as populations of visually-
evoked “features”



DiCarlo and Cox, TICS (2007);  Pinto, Cox, and DiCarlo, PLoS Comp Bio (2008)

(Due to identity-preserving image variation.) 

object manifolds are “tangled”

Object manifolds get untangled along the ventral stream

V1-like population representation



“Joe’s” identity manifold

neuron 2
neuron 3

neuron 1

neuron 4

neuron 5 ...

“Joe”

“Joe”

“Joe”

IT-like 
representation



individual 2
(”Joe”)

individual 1
(”Sam”)

separating 
hyperplane

DiCarlo and Cox, TICS (2007)

The computational crux of object and face recognition

== “Explicit” representation 
of object shape

“Joe”

A “good” set of visual features: e.g. IT

linear 
classifier

downstream 
neuron(s)

~~

“not Joe”

Neural 
population
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Behavioral performance 
on categorization tasks

Majaj, Hong, Soloman, & DiCarlo, J Neuro (2015)

Linear 
decoder 

accurately 
predicts!

The specific parameters here are 
important to brain machine 

interface applications. 

Hong*, Yamins*, Majaj & DiCarlo. Nat. Neuro. (2016)
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Behavioral performance 
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Test against  
finer grain 
behavior

Test whether the 
same population 
decoding models 
can  explain finer 
grain behavioral 
measurements
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FACE

Kar*, Kubilius, Issa, Schmidt, DiCarlo. BioRxiv (2018) time from image onset (msec)
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Kar*, Kubilius, Issa, Schmidt, DiCarlo. BioRxiv (2018) time from image onset (msec)
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Kar*, Kubilius, Issa, Schmidt, DiCarlo. BioRxiv (2018)
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Kar*, Kubilius, Issa, Schmidt, DiCarlo. BioRxiv (2018) time from image onset (msec)
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Time of solution completion in IT (msec from image onset)

100 125 150 175 200

(Here only show 16 of 5570 images measured)

We precisely measured time of brain’s penultimate 
solution product for thousands of images
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can  explain finer 
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measurements
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THANKS …

Now you have 19 more days to grill me


