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How you might start to think about models of vision?
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Encodlng Decodlng _
Visual Stimulus Behavior

(e.g. Image: glass of water) models models

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

Encoding: How is the visual input represented

in the brain?
What model is
Implemented
Decoding: How is the representation used by the brain in the brain?

to carry out hehavioral tasks?

/

This needs to be defineaquantitatively to
evaluate how good the decoding models are




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

Central sulcus
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Visual Neuroscience (1996), 13, 87-100. Printed in the USA.
Copyright © 1996 Cambridge University Press 0952-5238/96 §11.00 + .10

AND J.A. MOVSHON?

(RECEveED February 24, 1995; AccepTep May 30, 1995)

A relationship between behavioral choice and the
visual responses of neurons in macaque MT

K.H. BRITTEN,' W.T. NEWSOME,' M.N. SHADLEN,' S. CELEBRINI,’

'Department of Neurobiology, Stanford University School of Medicine. Stanford
“Howard Hughes Medical Institute and Center for Neural Science, New York University, New York

more on this during the Psychophysics and data analysis tutorial

Aug 15: 8-9 pm

“Understanding how biological visual systems recognize objects Is one of the ultimate goals In
computational neuroscience.....” Riesenhuber and Poggio, 2000
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Ventral Stream model of core object recognition

Decision
and action




Behavioral Task

8 deg image at center of gaze, |00 msec viewing time

1

Define &
operationalize a
behavior




Behavioral Task

8 deg image at center of gaze, |00 msec viewing time

Define &
operationalize a
behavior




What animal model shall we choose to study the behavior?

Behavior of Behavior of
primate species A primate species B

Camel ?
Dog -
Rhino - f B
Elephant - .- -
Wrench - -

Knife -
Hanger -
Fork -
Guitar -

Which animal Pen-
Truck -

model shall we Bird - -

Hammer -
Gun -

choose? Tablo - n

Calculator -

Spider - -
Leg - -

. N N |
‘el M 1 “tank” often confused with “truck” I _ -r..FI
Shorts - ] -
Watch - .

Summary: human behavior = monkey behavior |

Now go get more internal component measurements! |

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



measlure Lesions here result in

e Where to look in the monkey brain? deficits in visual recognition.
Get Decades of neuroscience _
measurements WEVN gAY [e[1e] —
of internal measurements of macro- y
system and meso- architecture V4
components. \
& IT

IT = “Inferior
temporal cortex™

Ventral visual stream

j*
visual

input
pixel RGC LGN




measture Decades of neuroscience

©

physiology:

Get
measureme
of internal
system

component:




measure

©

Get
measuremne
of internal
system

component:

Decades of neuroscience

physiology:




measure Examples of IT neuronal spiking responses

3

Get
measuremnie
of internal R
components

2 ) -
,,,,,,

Image

duration 0O 100

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




Examples of IT neuronal spiking responses

measure

3
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Get

measurements
of internal

1007 'Categorization

system Site 1 0 Identification’
components. = 20
Image — 'g :3 60
duration 0 8_ o
nE < 8 Hung, Kreiman, Poggio, &
2 940 DiCarlo Science (2005)
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The data collection over the years have scaled up

2,000K
QD
Y- array methods
Three,¢ & 3
’ o IS 1,500K
o
i S
O
= S o
Y 0 ﬂc/:;)
D 2
X 1,000K
Array 1 O w
location O %
“ ' }g;; | ‘SE ég
RN S S
Q 500K

standard, single
electrode methods

7

2005 2007 2008 2009 2010 2011

Year



IT “features”

100-1000 | | | | |



IT “features”

100-1000 IIIIIIII

Image # 2000
(All at high SNR: ~50 repetitions = ~100,000 image presentations)




measure Behavioral performance

on categorization tasks
Camel i
o Linking 3% |
: O neurons to  “Wrenc- :
Test population ~ behavior  tanger- .
decoding "E o ;
models that can 2 Tk |
fully explain S T I SR |
behavior I: Calulator
ZelE)erg: ]
o SRR

Shorts L]
Watch :F B ..

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

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

The specific parameters here are
Important to brain machine
Interface applications.

pixel RGC LGN V1 V2 V4 IT




Human-to-human consistency
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The visual brain represents the
image as populations of visually-
evoked “features”

'y .

“Joe’s” identity manifold

neuron 1

neuron 4

neuron 3
neuron 2

pixel RGC LGN



Object manifolds get untangled along the ventral stream

V1-like population representation individual 2

Y

ineffective
separating
hyperplane

object manifolds are “tangled” ' individual 1

(Due to identity-preserving image variation.)

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



neuron 1

neuron 2

neuron 3

LGN

“Oe

neuron 5 ... .

neuron 4

'y .

S

‘(Joe

identity manifold

. ¢¢ O e )
IT-like
representation

9




The computational crux of object and face recognition

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

== “Explicit” representation

of object shape individual 2
("Joe”)

’

“Joe

Neural

population

separating
hyperplane

linear . downstream
classifier | =  neuron(s)

“not Joe” individual 1

("Sam")
DiCarlo and Cox, TICS (2007)



measure Behavioral performance

on categorization tasks
Linear ‘;aﬁs_fgz' —— :
decoder E\I/(\alph;nnﬁt - Z
accurately Hrﬁﬂﬁei . '
predlcts’ “Fork - Z
Guitar - I
Pen4{ -
Tank -
TrElaji?g: i
Harcrj\rl;ljler:: ‘
Calcule;ltoer:
Spider -
Leg -
o] n I -
Bear - .-

Test population
Watcn 1 L

decoding
models that can
fully explain
behavior

IT “features”

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

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

The specific parameters here are
Important to brain machine
Interface applications.

pixel RGC LGN V1 V2 V4 IT




LaWS of RAD IT linking hypothesis —
16 sites 128 sites : Human—l[ke :

I
4
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o
o 168
/ sites

o
T
/‘ 128
~ 64
LaWS of RAD V4 linking hypothesis

16 sites 64 sites 128 sites
n = 64 tasks
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Predicted d'on tasks

0.2 0.4 0.6 0.8

Human d'on tasks Performance




Test against
finer grain
behavior

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

IT “features”

Behavioral performance

on categorization tasks
Linear Ca&% N :
decoder Eﬁﬁﬂénn‘g Z
accurately Hrﬁﬂﬁe I '
predlcts’ “Fork - .
Guitar - -
Pen - -

Tank -
T :
Hamrr:er- -
Tob '

Calculator -

Spider -

Leg -

Zebra -

House -

Bear -

Shorts
Watch

Majaj, Hong, Soloman, & DiCarlo, J Neuro (2015)
Hong*, Yamins®, Majaj & DiCarlo. Nat. Neuro. (2016)




Test against
finer grain
behavior

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

IT “features”

CAMEL

X X GUITAR
, I
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I
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Watch
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Kar*, Kubilius, Issa, Schmidt, DiCarlo. BioRxiv (2018)

IT population vector

n=383
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ZEBRA

Kar*, Kubilius, Issa, Schmidt, DiCarlo. BioRxiv (2018)

I'T population vector

n=383

Neural Decode
)
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time from image onset (msec)

Neural activity level (au)



CAR

Kar*, Kubilius, Issa, Schmidt, DiCarlo. BioRxiv (2018)

| -
S
@
O
>
C
O
©
-
Q.
O
O
-
N=383
O te te te
2 I
Q
5
0O %\ 4 - V.Y,
—_— _ Y
S Monkey accuracy
- 2 —
)
Zz 1-
0] —~l
I I I
0 100 200 300

time from image onset (msec)

Neural activity level (au)



Kar*, Kubilius, Issa, Schmidt, DiCarlo. BioRxiv (2018)

Neural activity level (au)

I'T population vector

n=383
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We precisely measured time of brain’s penultimate
solution product for thousands of images

(Here only show 16 of 5570 images measured)

—0—0—0-0-0—0—00—0—800—(o ®
100 125 150 175 a5 200
Time of solution completion In IT (msec from image onset)



Test against
finer grain
behavior

IT “features”

e
?? KNIFE |

Test whether the ranK g . .
same population =
decoding models s
can explain finer ‘ ‘
grain behavioral I
measurements
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THANKS ...

Now you have 19 more days to grill me



