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Object recognition in the
visual cortex

~

gradual increase in complexity
of preferred stimulus

Kobatake & Tanaka 1994

see also Oram & Perrett 1993; Sheinberg & Logothetis 1996; Gallant et al 1996; Riesenhuber & Poggio 1999



Object recognition in the
visual cortex
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Parallel increase in invariance

Kobatake & Tanaka 1994

properties (position and scale)
of neurons

see also Oram & Perrett 1993; Sheinberg & Logothetis 1996; Gallant et al 1996; Riesenhuber & Poggio 1999



Rapid recognition: monkey
electrophysiology

Hung”® Kreiman* Poggio & DiCarlo 2005



Rapid recognition:
numan benhavior

Thorpe et al ‘96
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Animal
11, VS.
45112 13 . < &
A non-animal Y

4
(Schiller et al 1976; Hubel & Wiesel 1965;

Devalois et al 1982)

2MAX operation in subset of complex cells
(Lampl et al 2004)

@ Y/as

4 Tuning for two-bar stimuli (Reynolds Chelazzi
& Desimone 1999)

4MAX operation (Gawne et al 2002)

2 Two-spot interaction (Freiwald et al 2005)

4 Tuning for boundary conformation
(Pasupathy & Connor 2001)

4 Tuning for Cartesian and non-Cartesian
gratings (Gallant et al 1996)

Y

4 Tuning and invariance properties (Logothetis
et al 1995)

4 Differential role of IT and PFC in
N o0 o900 categorization (Freedman et al 2001 2002

2003)

SO0 Q600 Q600 4Read out data (Hung Kreiman Poggio &
DiCarlo 2005)

2Average effect in [T (Zoccolan Cox & DiCarlo
dorsal stream ventral stream 2005; Zoccolan Kouh Poggio & DiCarlo in
'where' pathway 'what' pathway press)

.
4Rapid animal categorization (Sesre Oliva
(Riesenhuber & Poggio 1999 2000; O Poggio 2007)
Serre Kouh Cadieu Knoblich Kreiman & Poggio 2005;
Serre Oliva & Poggio 2007)
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This lecture

1.Learning a loose hierarchy of image fragments

»

2.Rapid recognition and feedforward processing:

« Predicting human performance

o Clutter problem”

3.Beyond feedforward processing:

« lop-down cortical feedback and attention to solve the “clutter problem”

« Predicting human eye movements
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C1 units
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Local max over
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Beyond C2 units

(Fujita 1992)

(Logothetis Pauls & Poggio 1995)

Animal
VS.

non-animal

O OO

CG0O 2600 2600



SO why hierarchies?

- ldea 1:

- ldea 2:

-



OFC e Task-specific = categorization circuits

non-animal

AT

PIT

V4
V2

V1

features of increasing complexity
and tolerance to position and scale
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Animal supervised learning from a handful of
PEC ron-anima training examples ~ linear perceptron

AT

PIT

unsupervised developmental-like
learning stage




Columns in the cortex
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(Attneave 1954; Barlow 1961; Atick 1992; Ruderman 1994; Simoncelli &
Olshausen 2001)
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|_earning invariances

N

(21T NS SernS Hrns)

N

COrr=1<t10r 1r) trrns

see also (Foldiak 1991; Perrett et al 1984; Wallis & Rolls,
1997; Einhauser et al 2002; Wiskott & Sejnowski 2002;
Spratling 2005)
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| earning a dictionary of shape-
components In visual cortex

+ Pre-attentive processing:

-

(Wolfe & Bennett 1997)

4 (Treisman et al)
+ Computer vision: (Tanaka, 1996)
4 (Perona
et al 1995, 1996, 2000; Heisele Serre & Poggio 2001, 2002)
4 (Ullman, 2002)

“ (Csurka et al 2004; Sivic et al 2005; Sudderth et al 2005)



Model data:
Experimental data:



Application to computer vision



Blo-motivated computer
VISion

Serre Wolf & Poggio 2005; Wolf & Bileschi 2006;
Serre et al 2007
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Jhuang Serre Wolf & Poggio 2007



Recognition accuracy

Dollar et al

05 model chance

KTH Human 81.3% 91.6% 16.7%

86.7% | 96.3% | 11.1%

Welz. Human

UCSD Mice

75.6% | 79.0% | 20.0%

Jhuang Serre Wolf & Poggio ICCV’07



Automatic recognition of
rodent behavior

Serre Jhuang Garrote Poggio Steele in prep



Automatic recognition of

rogdent behavior
agreement
system

Serre Jhuang Garrote Poggio Steele in prep
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1.Learning a loose hierarchy of image fragments

w Ihe algorithm

«» Recognition in the real-world

2.Rapid recognition and feedforward processing:

o

»

3.Beyond feedforward processing:

« lop-down cortical feedback and attention to solve the “clutter problem”

« Predicting human eye movements



Database collected by Torralba & Oliva (2003)



Serre Oliva Poggio 2007



“Clutter effect”

Close-body

< INNExdnnE! nountt oif iniiinnnEiion lEsEint

.

(Reynolds
Chelazzi & Desimone 1999)

(Zoccolan, Cox, DiCarlo, 2005; Zoccolan, Kouh,
Poggio, DiCarlo, in sub; Rolls, Aggelopoulos, Zheng, 2003)



Interval
Image-Mask

~

~
30 ms ISI Sa

or rior /

(Thorpe et al 1996; Van Rullen & Koch 2003; Bacon-Mace et al 2005)



Serre Oliva Poggio 2007



Further comparisons
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Serre Oliva Poggio 2007






This lecture

1.Learning a loose hierarchy of image fragments

o'

o

2.Rapid recognition and feedforward processing:

o'

o

3.Beyond feedforward processing:

o'

o



This lecture

1.Learning a loose hierarchy of image fragments

w Ihe algorithm

«» Recognition in the real-world

2.Rapid recognition and feedforward processing:

« Predicting human performance

o Clutter problem”

3.Beyond feedforward processing:

o

»



Spatial attention solves
the “clutter problem”

see also Broadbent 1952 1954 Treisman 1960; Treisman & Gelade 1980; Duncan &
Desimone 1995; Wolfe, 1997;
and many others
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Spatial attention solves
the “clutter problem”

see also Broadbent 1952 1954 Treisman 1960; Treisman & Gelade 1980; Duncan &
Desimone 1995; Wolfe, 1997;
and many others
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see also Broadbent 1952 1954: Treisman 1960; Treisman & Gelade 1980;
Duncan & Desimone 1995: Wolfe, 1997;
and many others

Parallel and Serial Neural Mechanisms for
Visual Search in Macaqgue Area V4



Spatial attention solves O§Ov
the “clutter problem”

see also Broadbent 1952 1954: Treisman 1960; Treisman & Gelade 1980;
Duncan & Desimone 1995: Wolfe, 1997;
and many others

Parallel and Serial Neural Mechanisms for
Visual Search in Macaqgue Area V4

Answer: Parallel feaiura-oasacl arianiion



Parallel feature-based
attention modulation

N

normalized spike activity

o

0 100 200 0 100
time from fixation (ms)

200



Serial spatial attention o§°"®“
modulation

Test for serial (spatial) selection

* >

N

attend within RF

attend away from RF

normalized spike activity

> C 0
. RF stimulus is
SACCADE: / target of saccade 0 ) 1(,)0 .
vs. AF stimulus is not time from fixation (ms)

SACCADE: —»
target of saccade



Attention as Bayesian
INnference

rro

1]

V2

see also Rao 2005; Lee & Mumford 2003 Chikkerur Serre & Poggio in prep
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l feature-based
attention
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vz

see also Rao 2005; Lee & Mumford 2003 Chikkerur Serre & Poggio in prep



Attention as Bayesian

iINference

PFC

l

1
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F

F/LIP l

N

spatial attention

l

vz

see also Rao 2005; Lee & Mumford 2003

feature-based
attention

Chikkerur Serre & Poggio in prep



Attention as Bayesian
INnference

rrC )
l feature—t?ased | object priors
attention
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spatial attention location priors rf
N
V /

see also Rao 2005; Lee & Mumford 2003 Chikkerur Serre & Poggio in prep





