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Visual object and face recognition
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The final goal is OBJECT IDENTIFICATION which will actually name

objects'by matching them with a vocabulary of known objects.

Geoals - Specific

We plan to work by getting a simple form of the system geing as
soon as possible and then elaborating upon it. Te keep the work reason-

ably coordinated there is a graduated scale of subgoals.




Visual object and face recognition

Accurate
o Fast

Tolerant to variation
Effortless

Critical to survival
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Our mission: Understand how the brain constructs a
neuronal representation that underlies object recognition

Focus the problem: core object recognition'




The non human primate model

Dorsal visual stream '

Ventral visual stream

We know where that image I
representation lives in the primate 4

(Inferior temporal cortex, IT).

We can study that representation (and its
precursors) at the level of neuronal spikes.

R
Adapted from Motter and Mountcastle 1981




The ventral visual stream

Decision
and action
V1 V4

IT

Ventral visual stream U

Memory




The ventral visual stream
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The ventral visual stream
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The ventral visual stream
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The ventral visual stream

N
IT

Ventral visual stream

How is that representation
constructed ???

Nature of this
representation ?

pixel RGC LGN Vi V2 'L IT




Our primary tools to attack this problem

Behavior Neurophysiology Computation Imaging
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Adapted from Hubel. (1988)

How is that representation Nature of this
constructed ??7? representation ?

pixel RGC LGN Vi V2 V4 IT




The computational crux of object and face recognition

;
2

Poggio, Ullman, Grossberg, Edleman, Biederman, etc.
DiCarlo and Cox, TICS (2007); Pinto, Cox, and DiCarlo, PLoS Comp Bio (2008)
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The computational crux of object and face recognition

'\

Position
Size
Pose Natural
HHlumination | yariability
Clutter

Other objects
Background scene _/

How does the brain recognize each object
across this wide range of natural variability?

It must create an image representation
that is selective for object identity, yet
tolerant (“invariant’) to this variability.

Explicit object
Poggio, Ullman, Grossberg, Edleman, Biederman, eftc. representatlon

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




The computational crux of object and face recognition

Any population
representation

an object identity manifold

- - - - -- - -

V4 IT




The computational crux of object and face recognition

Explicit object
representation

individual 2
("Joe")

A “good” population representation

separating
hyperplane

individual 1
(Ilsamll)

DiCarlo and Cox, TICS (2007)




The computational crux of object and face recognition

A “bad” population representation

individual 2
(”Joe")

ineffective
separating
hyperplane

individual 1
(”Sam")

DiCarlo and Cox, TICS (2007)




The computational crux of object and face recognition

Actual pixel representation
(~ retinal image representation)

object manifolds are “tangled” '

(Due to identity-preserving image variation.)

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

individual 2

ineffective
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hyperplane

individual 1




Understanding how the brain solves object recognition

actual pixel space

Tangled object Nature of this
information representation ?

pixel RGC LGN Vi V2 V4 IT




Background: IT neurons are rapidly selective (among images)

Behaviorally

relevant

analysis
— window

DiCarlo and Maunsell, Nature Neuroscience (2000)
DiCarlo and Maunsell, J Neurophysiology (2005)




Background: object information is explicit in IT

(n ~ 350 IT sites) 7
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Background: object information is explicit in IT - 'CategorizatioQ'

Biologically Predicted object

plausible linear category
classifiers

cat/dog

Only a small number of
Population acivity IT neurons needed for
| 01 11 | newont —§ real-time performance

e : toys
|| ® m
food
1 4 16 64 256

L] m monkey face Number of sites
(NI I |
. |

LI ] . white box contours

o
BN
|l newron hand/body

Generalization over object
position, scale, and clutter

(not possible in early visual cortex)

Response vector

(% correct)
(@]

N
o

Classification performance

(n ~ 350 IT sites)

Hung*, Kreiman*, Poggio and DiCarlo, Science (2005);
Li, Cox, Zoccolan & DiCarlo, J Neurophys (2009)




Understanding how the brain solves object recognition

IT Space

actual pixel space

Tangled object How is the IT representation
information constructed ???

Jy

pixel RGC LGN Vi V2 V4 IT

Explicit object
representation

- Focus.
- First spikes.
= No binding

Qoo ()




Understanding how the brain solves object recognition

/
image data in image data transformed to

input representation new representation

How is the IT representation

constructed ??7?

V2 V4 IT

Explicit object
representation

pixel RGC LGN Vi




The temporal contiguity of natural experience is a gold mine for learning

Size
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PR

= Hypothesis: the ventral visual stream uses the
temporal contiguity of natural visual experience to
representation

Pose

Foldiak, 1991;

Wallis & Rolls, 1997;

Wallis & Bulthoff, 2001;

Wiskott & Sejnowski, 2002;

Fiser and Aslin, 2002;

Perry, Rolls, Stringer, 2006;

Wyss, Konig, Verschure, 2006;
Sprekeler, Michaelis, Wiskott, 2007;
Masquelier & Thorpe, 2007;
Masquelier, Serre, Thorpe, Poggio, 2008
etc.




Start simple: focus on position tolerance (“invariance”)




Natural visual experience and position tolerance (“invariance”)

Retinal image:

Unsupervised

retinal short Leal.'r!
experience: S position

tolerance?




Experimental rationale to test temporal contiguity* theories of invariance

Visual space

Cox, Meier, Oertelt and DiCarlo. Nature Neuroscience (2005)




Experimental rationale to test temporal contiguity* theories of invariance

Visual space

Cox, Meier, Oertelt and DiCarlo. Nature Neuroscience (2005)




Experimental rationale to test temporal contiguity* theories of invariance

Retinal (position) space

Cox, Meier, Oertelt and DiCarlo. Nature Neuroscience (2005)




Experimental rationale to test temporal contiguity* theories of invariance

Retinal (position) space

What if we altered the visual world?

Neuronal prediction: Perceptual prediction:

IT neurons will tend to confuse these subjects will tend to confuse these
objects across these positions objects across these positions
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What if we altered the visual world?

object A
object A

saccading |

-/,\,\

-~ v

u 3
. object B
object B

Normal
exposure

Swapped
exposure

Perceptual prediction:

subjects will tend to confuse these
objects across these positions

Cox, Meier, Oertelt and DiCarlo. Nature Neuroscience (2005)




Experiment 1 (human subject, within subject design)

swapped vs. unswapped

.y . accadi
Positian toleranc ject p g .
alt n } } experience. '
Exp. 1 Exp. 2 Exp.1 &2

1 (=12 (n=12)

4

Perfomance difference (% correct)

Related work (e.g. Bufthoff, Aslm Chun S/nha,...) L ’/\ v

d ‘/V

object / 0
object A
saccading 1
2 |
£\ v '/\ 4 “ P = 0.0007
(\' P=0.008 P =0.022
object B Confi rmed

object A
What if we altered the visual world?

200-400 swaps “same” / “different” tas subjects will tend to confuse these

Exposure phase Test phase J Perceptual prediction:
’ > k
objects across these positions

Cox, Meier, Oertelt and DiCarlo. Nature Neuroscience (2005)




Background: Role of IT neurons in position invariant object representation

Retinal (position) space

C N X X X » 2

experience and implicit “teacher” of IT

position tolerance ???
T ———— . g
pixel RGC LGN V1 V2 Rginal Positiof




Background: Role of IT neurons in position invariant object representation

Retinal (position) space ettt .

Fact: adult IT neurons are position
tolerant among common objects
Is temporal contiguity of unsupervised

experience and implicit “teacher” of IT
position tolerance ?2?

IT Response

Retinal Position




Neuronal (IT) prediction of a temporal contiguity theory of invariance

Retinal (position) space

*
RETTHE 3

Altered experience

“Ill..
** ‘.

4 *
RETTHE 3

Is temporal contiguity of unsupervised '
experience and implicit “teacher” of IT
position tolerance ?2?

IT Fesphonse

Retinal Position




Experimental design (within-neuron, longitudinal design)
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Experimental design (within-neuron, longitudinal design)

Test
phase

Screen

Retinal (position) space




Experimental design (within-neuron, longitudinal design)
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Experimental design (within-neuron, longitudinal design)
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Experimental design (within-neuron, longitudinal design)

Normal
exposure
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Experimental design (within-neuron, longitudinal design)

D Al

Swap exposure

Object P Object N Object N

~100 ms Swap 200 ms

Normal exposure
Object P Object P Object P

120

]

Spikes /s

Position (deg)

phase ' 3




Experimental design (within-neuron, longitudinal design)

Real-time eye tracking and stimulus control

Unsupervised !

Spikes /s

Position (deg)

phase ' 3




Experimental design (within-neuron, longitudinal design)

Spikes /s
S 3

. 3 0 3
’ Position (deg)

Screen




Prediction

.¢.

IT Response

Swap
position

Altered
World
= mp
O- O N

Retinal Position

More exposure
to altered world

More exposure to altered world




Results: IT single unit activity
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Single IT neuron
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Li and DiCarlo, Science (2008)




Results: IT single unit activity

1.57

¢\+\+\+\+ Result (IT single-units)

Normalized
response
i

1.5 0.54 . r
0 1 hr 2 hr

0.5-

0 1 hr 2 hr

Li and DiCarlo, Science (2008)




Results: pooled population data
p p ....) N
More exposure to altered world :><:
=) WP
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0 1 hr 2 hr

"7 Result (IT multi-units)

0.8- — . . . :
0 1 hr 2 hr

Li and DiCarlo, Science (2008)




Effects of experience in visual worlds with specific alterations in

temporal contiguity of object images

e Monkey IT neurons:
highly specific change in
position tolerant object selectivity
Li and DiCarlo, Science (2008)
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More important facts about this result ...

e Cannot be explained as attention or adaptation

* [ ikely reflects changes in feed-forward processing

* |s object/feature specific
* /T changes last at least weeks (indirect, preliminary)

* May share underlying mechanism with “paired
associates” lear nlng (Miyashita 1988, 1991; Erikson et al 1999; Messinger et al. 2001)

e ... but is unsupervised and on time scale of natural vision

“Unsupervised temporal tolerance learning” (UTL)

Inference: temporal contiguity of visual experience
“instructs” explicit (“invariant”) object representation




e Future experiments: characterization of UTL
* role of saccades? size, pose tolerance ? animal perception? stability? development?

307 n=14
- 20
P
x
3 104
Swap s
exposure d 77
_10_
ol UTL appears
0 _boo 100 to extend to
size tolerance
30+
n=20 of IT neurons
- 204
Control = o
a A

“Unsubervised temporal tolerance learning” (UTL)

~3 hr

~1.5 hr

Exposures/Time

Inference: temporal contiguity of visual experience
“instructs” explicit (“invariant”) object representation




Adult learning --> same mechanisms as infant? l

IT Space

temporal contiguity

unsupervised

actual pixel space Iearned

Tangled object How does this untangling
information happen ???

- First spikes.
= No binding

pixel RGC LGN Vi V2 V4 IT




Direct population comparison of the V4 and IT representation

V4

pixel RGC LGN A

140 V4 neurons 140 IT neurons

Same animal, task, stimuli.

IT

How does this untangling Explicit, untangled
happen ??? object representation

V2 V4 IT




How well can each population (V4 vs. IT) retain object selectivity?

a—
Scale ———— Position \
V -_ T

Context
1.5x scale 0.5x scale Reference 1.5deg R 1.5deg L =\

Rust & DiCarlo (in prep)




Result: the IT representation improves upon the V4 representation

V4 IT
Ref. Position and scale
€ 80 80 generalization
Perfect —»q --——--- e e _
- |
g 0.8 ' |
Big S
c 06 | ‘ | va T
% o4l Tl i
Small S |
s 0.2
8 I
None —>»Q
. +/-1.5deg +/-3deg 1/2x or 1.5x 1/3x or 3x
Right Position Scale Context
0 ‘ ‘ ‘ 0 ‘ ‘ ‘
Left 0 50 100 150 0 50 100 150
Number of neurons Number of neurons
Not due to lack of information
(IT and V4 convey roughly the same amount of natural-image information)
Rust & DiCarlo (in prep) Not simply explained by larger RF sizes in IT
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IT Space X :

temporal contiguity

unsupervised

actual pixel space Iearned

Tangled object How does this untangling
information happen ???

Explicit object
representation




Summary Canonical cortical N

learning algorithm ?
+
Natural visual statistics

Canonical
cortical
untangling
transform ?

temporal contiguity

unsupervised

actual pixel space Iearned

Tangled object How does this untangling
information happen ???

§ 3

pixel RGC LGN




Our current directions...

“Unsupervised temporal tolerance learning” (UTL)

* Experiments: characterization of UTL
* size, pose tolerance ? saccade? attention? animal perception? stability? development?




Our current directions...

“Unsupervised temporal tolerance learning” (UTL)

e Experiments: characterization of UTL
* size, pose tolerance ? saccade? attention? animal perception? stability? development?

e Search for cortical untangling transforms  Read-out

_ .
Dave Cox Nicolas Pinto |2
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Pinto, Cox & DiCarlo, PLoS Comp Bol (2008), COSYNE (2008)
Pinto, DiCarlo and Cox, ECCV (2008); Pinto, DiCarlo & Cox (submitted)




High-throughput search for a cortical untangling transform

cars versus planes
(cross validation)
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Our current directions...

“Unsupervised temporal tolerance learning” (UTL)

e Experiments: characterization of UTL
* size, pose tolerance ? saccade? attention? animal perception? stability? development?
e Search for cortical untangling transforms

Focus on understanding the building of invariance over smaller cortical steps

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




Our current directions...
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Our current directions...

Lunate

\l

DiCarlo Lab (unpublished)

\.\. 3

Adapted from Kelly et al. J. Neuroso/ (2007)
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Natural image patch identity (aritrary order)




Our current directions...
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DiCarlo Lab (unpublished)




Our current directions...

“Unsupervised temporal tolerance learning” (UTL)

* Experiments: characterization of UTL
* size, pose tolerance ? saccade? attention? animal perception? stability? development?

e Test real-world performance of these ideas

Focus on understanding the building of invariance over smaller cortical steps
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