Deep learning in the
visual cortex

Brown University

|. Fundamentals of primate vision

Il. Computational mechanisms of rapid
recognition and feedforward processing

lll. Beyond feedforward processing:

Attentional mechanisms and cortical
feedback
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Invariant recognition
N natural iImages
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Mobileye (c) 2005

Already available on volvo S60

|\/|Qbi|eye System and soon on most car

manufacturers




Machine: Millions of labeled
examples for real-world applications

e.g., Mobileye pedestrian detection system
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Source: Tenenbaum

Humans: learning from | By age 6, a child knows 10-30K
very few examples | °@egeres




Invariant recognition
N natural Images

e Subjects get the gist of the scene at 7
images/s from unpredictable random
sequence of images

- No time for eye movements

- No top-down / expectations

movie courtesy of Jim DiCarlo

Potter 1971, 1975; see also Biederman 1972; Thorpe 1996
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Invariant recognition
IN natural iImages

e Subjects get the gist of the scene at 7
images/s from unpredictable random
seguence of images

- No time for eye movements

- No top-down / expectations

e Coarse initial base representation

- Enables rapid object detection/recognition
(‘what is there?’)

- Insufficient for object localization

- Sensitive to presence of clutter

J Potter 1971, 1975; see also Biederman 1972; Thorpe 1996



Two classes of
models
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Two classes of
models

. Fundamentals of primate vision Recognition __BOttom-up /.
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Dorsal visual stream '

Ventral visual stream

Streams of processing
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Simple eye vs.

camera E> “ ]?

container

13
Source: unknown
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Simple eye vs.

camera : ]/
N o
2’\7 1S

* ~10M pixels o

) 7
light-
sitive
iy diaphragm light-tight surface
container
iris ‘ retina

e ~100M photoreceptors

- ~5M cones
- ~90M rods
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—ye stimulated by stuff in the world
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Fig. 13. Tangential section through the human fovea.
Larger cones (arrows) are blue cones. From Ahnelt et al. 1987.

Source: webvision
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—ye stimulated by stuff in the world
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—ye stimulated by stuff in the world

source: webvision
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—ye stimulated by stuff in the world

source: webvision
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—ye stimulated by stuff in the world

source: webvision
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source: webvision
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Normalization via pool

—ye stimulated by stuff In the worlo of neighboring units

(e.g., tuned to
different orientations)

source: webvision
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RF organization in V1

Simple cell

Hubel & Wiesel 569 '62 '68



RF organization in V1 |
Simple cell
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RF organization in V1

Complex cell

Hubel & Wiesel 569 '62 '68



RF organization in V1

Complex cell
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source: Thorpe & Fabre-Thorpe ‘O

Hierarchical architecture:
atencles

Nowak & Bullier ’97
Schmolesky et al '98
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Hierarchical architecture:
Function

€ O
> 0
@ (? @ gradual increase in complexity
@ X

olor command

140-190 m ’ “'_ Simple visual forms,
20-160 ms. o

edges, comers

1 —~
7

faces, objects
\\ .
e To spinal cord

o finger muscle = 160-220 ms

180-260 ms

of preferred stimulus

source: Kobatake & Tanaka '94; Freiwald & Tsao '10
see also Oram & Perrett 1993; Sheinberg &

Logothetis ‘96; Gallant et al ‘96; Riesenhuber &
Poggio '99
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Hierarchical architecture:
Function

1“-190 ms Simple visual forms,

e~dge5 comers

120-160 ms PMG

e To spinal cord

o finger muscle < .___ e 160-220 ms
180-260 ms

gradual increase in complexity

of preferred stimulus

source: Kobatake & Tanaka ’94; Freiwald & Tsao '10
see also Oram & Perrett 1993; Sheinberg &
Logothetis ‘96; Gallant et al ‘96; Riesenhuber &
Poggio '99
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Rior command

, ‘_ Simple visual forms,

edges. comers

120-160 m: &
L 75
_ 0-60 ms
/ g
~ O ms
‘ = " 3O .~
H object

I'Iﬂ" .

faces, objects

— -— ~

o finger muscle «

_—

e To spinal cord
e 160-220 ms

| = _ | 180-260 ms
By ﬂ?/ i %\ Parallel increase in invariance

| poroperties (position and scale)
of neurons

HlerarChlcal arChIteCtU re: source: Kobatake & Tanaka 1994

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

Columnar organization in V1 sl _'/-" - Simple visual forms,

£ edges, comers

' : 'd
20‘1“ ms PMc \ /, ’.’
: \,,/ ; / " il ¥ 1
: F
; ik, ~ JM ms
R { ; N .
: 80-80ms o
' V4
3 Retina < 7 Intermediate visuai
20-40 ms forms, feature
2 3 = groups, etc.
/éo/-wo me :H SR
Qrientation and ocular dominance columns dosctbﬂongses: et
¥ faces, objects
Figure 23. The ice-cube model of the cortex. It illustrates how the cortex is divided, at the same lime, S~ — » Yo spinal cord
into two kinds of slabs, one set of ocular dominance (left and right) and one set for orientation.
% i . 5 % z e e
The model should not be taken literally: Neither set is as regular as this, and the orientation Tofingermuscle . ———160-220ms
slabs especially are far from parallel or straight. 180-260 ms

Spatial Frequency (c/deg)
0.26 0.43

Orientation
(degrees)

of = N

Source: unknown

Spatial
Frequency
(c/deg)

<0.16
0.26
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Columnar organization in V1

Orientation and ocular dominance columns

Figure 23. The ice-cube model of the cortex. It illustrates how the cortex is divided, at the same lime,
into two kinds of slabs, one set of ocular dominance (left and right) and one set for orientation.

The model should not be taken literally: Neither set is as regular as this, and the orientation
slabs especially are far from parallel or straight.

x+

Tsunoda et al.

Tanaka et al.

Columnar organization

o finger muscle «

Simple visual forms,
edges, comers

\\ .
e To spinal cord

e 160-220 ms
180-260 ms

Dictionary of visual features of
intermediate visual areas (V4/PIT)

Kobatake & Tanaka 1994
see also Oram & Perrett 1993; Sheinberg &
Logothetis 1996; Gallant et al 1996;

Riesenhuber & Poggio 1999
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. Simple visual forms,
s edges, comers
A y
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] ’//> T e To spinal cord
o finger muscle . ___ i 160-220 ms
180-260 ms
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Invariant iImage
representation in the |T
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Decoding possible from around 100 ms

77 unique stimuli
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77 unique stimuli Decoding possible from around 100 ms
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Feedforward processing

Button release and touch
screen on targets

- Head-free monkeys

- Multiple electrodes implanted
along ventral stream (V4+PIT)

100 human Ss
MIT undergrads :-)

O
o

(0]
o

60

Accuracy (% correct)
~
o

(o)
o

Fam New

Data collected by Maxime Cauchoix
and Denis Fize (CNRS, France)
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e \We know very little (i.e., STDP) about

the learning rules at work in the visual

cortex
Normal exposure
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o finger muscle « e 160-220 ms

180-260 ms

Very fast learning in IT

Li & DiCarlo '08
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Simple visual forms,
edges, comers

e \We know very little (i.e., STDP) about
the learning rules at work in the visual
cortex

Plasticity /
object

faces, objects
\

-

e To spinal cord
,—————TJofingermuscle . . ———160-220ms
180-260 ms

Baseline Sample Delay Choice

13F

10}

Firing rate (Hz)
g88RRReaY

Supervised category learning in PFC

——|Cat 100%
——|Cat 80%
~|Cat 60%

0 500 1000 1500 2000 2500
Time (ms)

Learning and plasticity | Li& bicarlo 08
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Motor command
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Ventral visual stream '

Summary

Two modes of processing:

Bottom-up vs. recurrent
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Ventral visual stream '

Summary

Two modes of processing:

Bottom-up vs. recurrent
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Deep learning in the
visual cortex

Brown University

|. Fundamentals of primate vision

Il. Computational mechanisms of rapid
recognition and feedforward processing

lll. Beyond feedforward processing:

Attentional mechanisms and cortical
feedback
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Vision i1s complex but the solution might be simple...

Cavanagh '95
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SPEAKER

What we think
we see

What we really
see
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