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A Laminar patterns of
interconnections

Area V2

B Visual anatomical hierarchy

Lateral Geniculate Mucleus {(LGN]
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hierarchical visual as a substrate for the

processing

3D
Sketch

1

2.5[1
Sketch

»

Primal
Sketch

I

Image

functional hierarchy

Area V4 T

N
C &
AreaVlT

| /7~ —
- ~A\\ |

from Hedgé and Felleman, 2007
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Superordinate
il Units

Grouping
| Entr
Edge Region L 3;
Image e —— fies —»| Leve
Units
Edge Region Figure- | Farsing
Detection Formation Ground
™~ Subordinate

Units

Palmer and Rock, 1994
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V1 simple cells

X—-—-ﬁ-—-—-——-—-
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Out of the retina

® > )3 distinct neural pathways, no simple function
division
® Suprachiasmatic nucleus: circadian rhythm

® Accessory optic system: stabilize retinal image

® Superior colliculus: integrate visual and auditory
information with head movements, direct eyes

® Pretectum: plays adjusting pupil size, track large S
moving objects

® Pregeniculate: cells responsive to ambient light éﬁ"

® |ateral geniculate (LGN): main “relay” to visual LN
cortex; contains 6 distinct layers, each with 2 % Y Q

sublayers. Organization very complex

o
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V1 simple cell integration of LGN cells

Visual field Brain

LGN
cells

Simple
cell




Hyper-column model

Hubel and Wiesel, 1978
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Where is this headed?




A wing would be a most mystifying structure
if one did not know that birds flew.

Horace Barlow, 1961

An algorithm is likely to be understood more
readily by understanding the nature of the
pbroblem being solved than by examining the
mechanism in which it is embodied.

David Marr, 1982



A theoretical approach

® [ook at the system from a functional perspective:
What problems does it need to solve?

® Abstract from the details:
Make predictions from theoretical principles.

® Models are bottom-up; theories are top-down.

What are the relevant computational principles?




Representing structure in natural images

image from Field (1994)

o
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Representing structure in natural images

image from Field (1994)

o
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Representing structure in natural images

image from Field (1994)

o
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Representing structure in natural images

¢ L

Need to describe all image structure in the scene.

What representation is best?

image from Field (1994)

o
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V1 simple cells
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Oriented Gabor models of individual simple cells

2D Receptive Field

2D Gabor Function
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figure from Daugman, 1 990; data from Jones and Palmer, 1987
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2D Gabor wavelet captures spatial structure

2D Gabor functions

Wavelet basis generated by
dilations, translations, and
rotations of a single basis function

Can also control phase and
aspect ratio

(drifting) Gabor functions are what
the eye “sees best”

*NIPS 2007 Tutorial
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Recoding with Gabor functions

Pixel entropy = 7.57 bits Recoding with 2D Gabor functions
Coefficient entropy = 2.55 bits




How is the V| population organized!?
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A general approach to coding: redundancy reduction

Correlation of adjacent pixels
1 : : : :

Redundancy reduction is equivalent to efficient coding.

o
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Describing signals with a simple statistical model
Principle
Good codes capture the statistical distribution of sensory patterns.

How do we describe the distribution?

* Goal is to encode the data to desired precision

X = ais1+assas+---+arsp+e€
As + €

e (Can solve for the coefficients in the no noise case

§=A"1x




An algorithm for deriving efficient linear codes: ICA

Learning objective:
maximize coding efficiency

= maximize P(X|A) over A.

Probability of the pattern ensemble is:

P(x1, %2, .., xn|A) = [] P(xi|A)
k

To obtain P(X|A) marginalize over s:

P(x|A) = /dsP(x\A,s)P(s)

P(s)
| det A

Using independent component analysis
(ICA) to optimize A:

0

T

AA « AA 5 log P(x|A)
= —A(zs’ —1)

where z = (log P(s))’.

This learning rule:

* |learns the features that capture the
most structure

* optimizes the efficiency of the code

What should we use for P(s)?




Modeling Non-Gaussian distributions

® Typical coeff. distributions of natural
signals are non-Gaussian.

L 4

*



The generalized Gaussian distribution

P(alq) o exp(— x|

® Or equivalently, and exponential power distribution (Box and Tiao, 1973):

I 2/(14+8)"
w(p) T —
P(:U‘:UH o, 6) — eXp _C(ﬁ) o
® [ varies monotonically with the kurtosis, Y2:
p=-0.75 v,=-1.08 p=-0.25 v,=-0.45 p=+0.00 (Normal) y,=+0.00

I RANVAN

f=+0.50 (ICA tanh) —+1 21 p=+1.00 (Laplacian) ¥y =+3.00 p=+2.00 y2=+9.26

AN

>>




Modeling Gaussian distributions with PCA

® Principal component
analysis (PCA) describes
the principal axes of
variation in the data
distribution.

® This is equivalent to fitting
the data with a multivariate
Gaussian.

p=0

p=0

*
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Modeling non-Gaussian distributions

p=2 p=4
® VWhat about non-Gaussian — —

marginals?

® How would this distribution
be modeled by PCA?

L 4

*



Modeling non-Gaussian distributions

p=2 p=4

® VWhat about non-Gaussian
marginals?

® How would this distribution
be modeled by PCA?

® How should the distribution
be described!?

The non-orthogonal ICA
solution captures the non-
Gaussian structure

L 4

*



Efficient coding of natural images: Olshausen and Field, 1996

natural scene visual input image basis functions
0 @ F
// -
ALl O

AT
/\ \7<\7\<z\
P LT 1
S=ap=Er = ’
PRy
$5efeT  AOI ‘I
AT
T !
e
§23 ;/ % 1 : :
AN 1 . -
Ve / d
padre
1 0 $ ¥
|~

before after
learning  learning

Network weights are adapted to maximize coding efficiency:
minimizes redundancy and maximizes the independence of the outputs
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Model predicts local and global receptive field properties

ANENEEENENE
EEANARNLEN
!l!l!l.ﬂlﬂ

N b
AL = VL N

Learned basis for natural images Overlaid basis function properties

EEIHIHH-IIIH

from Lewicki and Olshausen, 1999
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Learned
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Theoretical perspective: Not edge “detectors.”
An efficient code for natural images.

Algorithm selects best of many possible sensory codes
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from Lewicki and Olshausen, 1999
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Comparing coding efficiency on natural images

HH
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Gabor wavelet Haar Fourier PCA learned




Responses in primary visual cortex to visual motion




Sparse coding of time-varying images (Olshausen, 2002)
ai(t)

TAV/\ J\ A A
| YoV t

Yy
\ q)i(x) )t_t))
T
Yy
I(x,y,0)
|
t
[(z,y,t) = > >1az Jpi(x,y,t —t') + €e(x, y, 1)

_ Z ai(t) x ¢i(x,y,t) + €z, y, t)




Sparse decomposition of image sequences

convolution posterior maximum
- 42
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from Olshausen, 2002
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Learned spatio-temporal basis functions

basis
function

from Olshausen, 2002

P o
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Animated spatial-temporal basis functions

from Olshausen, 2002
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i

Principle

Idealization

‘Methodology

Prediction

) Y

&
Ned ™ Seb ¢

B e N

explains data from principles

requires idealization and abstraction

code signals accurately and efficiently

adapted to natural sensory environment

cell response is linear

information theory, natural images

explains individual receptive fields

explains population organization
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How general is the efficient coding principle:

! -.). 'r"‘a'.._
- af/ -'._-~

= B, Can it explain auditory coding?
'\\;‘:' .:‘.‘tr;.;‘.-‘-\
\" e ".__ § .
. ':,\‘.‘.. ,?:3. : . O
l',-. Tl 4 -.“T '
oy '/VO\




Limitations of the linear model

® |inear
® only optimal for block, not whole signal
® no phase-locking

® representation depends on block alignment




A continuous filterbank does not form an efficient code

) —
A VATV TV VAVAVAVAVAVAYAVA
VI —
JW 5
Goal:

find a representation that is both time-relative and efficient




Efficient signal representation using time-shiftable kernels (spikes)
Smith and Lewicki (2005) Neural Comp. 17:19-45

5000

2000

1000 '

Kernel CF (Hz)

500

200
100

0 10 20 30 40 50 60 70 80 90 100 ms

M n,,
2 5m,i Om(t — Tm,i) + €(2)
m=1 1=1

® FEach spike encodes the precise time and magnitude of an acoustic feature

® Two important theoretical abstractions for “spikes”
= not binary
= not probabilistic

® Can convert to a population of stochastic, binary spikes




Coding audio signals with spikes

5000

2000

1000
500

200
100 l | ] ] ]

Kernel CF (Hz)

o

Input

Reconstruction

Residual
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Comparing a spike code to a spectrogram

5000 I -
E 4000 - =
%)
S 3000 -
S
O
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= 2000 -
1000 -
|
| ] ] | | | ] ]
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[ via, f 0 o8 : _]
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How do we compute the spikes?

o

"NIPS 2007 Tutorial 47 Michael S. Lewicki ¢ Carnegie Mellon




“can’ with filter-threshold

T'»v /} M { s jf"//f{m S Vf “a ail'f."

5000

¥ 2000 -
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Spike Coding with Matching Pursuit

|. convolve signal with kernels ’
b ““”JVMM\M- i Mww-
e
- 1
%_ T T T T
WYhoee-—
W |
v g
AMA——— & 10}
:\/\/\N;-— 0 500 = 1000 1500
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Spike Coding with Matching Pursuit

|. convolve signal with kernels }
2. find largest peak over convolution set : MNMMI\M; »M M M‘“‘"
-
- .
m—_ oy g il
Yoo
A A
M E’
AWM ——— & 10
VIV 15t ) , ]
mi -0 g W 1000 1500
e o~ ——— ime
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Spike Coding with Matching Pursuit

|. convolve signal with kernels } |
2. find largest peak over convolution set t MNW\M\WWM Mﬁi VVWM‘
3. fit signal with kernel -
-
.
“,..._ ooy B
Yoo
A A
e §
AN 15t , , :
mi -0 g W 1000 1500
e o~ —— ime
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Spike Coding with Matching Pursuit

|. convolve signal with kernels ’

2. find largest peak over convolution set t

3. fit signal with kernel t

4. subtract kernel from signal, record -

spike, and adjust convolutions m:_ s

Yoeo—
e
M 2
AN g 10 4
Vv 15

0 500 1000 1500
Time

i




Spike Coding with Matching Pursuit

|. convolve signal with kernels }
2. find largest peak over convolution set t WV‘VW&MIL,"M M \P‘N‘W—*
3. fit signal with kernel t
4. subtract kernel from signal, record -
spike, and adjust convolutions m:_ sy
Woeo-—
5. repeat A
AW 5
mfmmv g 10 4
=V 15

0 500 1000 1500
Time




Spike Coding with Matching Pursuit

|. convolve signal with kernels }
2. find largest peak over convolution set t ww'WVtMIL,"M M \]\w‘w
3. fit signal with kernel t
4. subtract kernel from signal, record -
spike, and adjust convolutions m:_ sy
Woeo-—
5. repeat e
AW 5
mfmmv S 10 4
~Wv 15

%" 0 500 1000 1500
— Time




Spike Coding with Matching Pursuit

|. convolve signal with kernels } |
2. find largest peak over convolution set t WV‘VW&MWWV’ ’WMNJ,‘NW
3. fit signal with kernel t
4. subtract kernel from signal, record -
spike, and adjust convolutions m:_ sy
Woeo-—
5. repeat s )
s £
AV 15 .

%" 0 500 1000 1500
— Time




Spike Coding with Matching Pursuit

|. convolve signal with kernels
find largest peak over convolution set

fit signal with kernel

EWIEN

subtract kernel from signal, record
spike, and adjust convolutions

5. repeat

Wi
= ﬁ.ﬂlf WV

Kemel




Spike Coding with Matching Pursuit

|. convolve signal with kernels
find largest peak over convolution set

fit signal with kernel

B W

subtract kernel from signal, record
spike, and adjust convolutions

5. repeat...

1500




Spike Coding with Matching Pursuit

|. convolve signal with kernels }
2. find largest peak over convolution set b
3. fit signal with kernel t
4. subtract kernel from signal, record -
spike, and adjust convolutions &";—_
Woeo-—
5. repeat... A
oy lf;'alﬁ T g ]
. . o *A/'u"l'\f\.’v f" 10 .
6. halt when desired fidelity is reached AAA— | JAILI _
= e 500 1000 1500

— Time




“can” 5 dB SNR, 36 spikes, 145 sp/sec
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“can” 10 dB SNR, 93 spikes, 379 sp/sec
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“can” 20 dB SNR, 391 spikes, | 700 sp/sec
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“can” 40 dB SNR, 1285 spikes, 5238 sp/sec
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Efficient auditory coding with optimized kernel shapes
Smith and Lewicki (2006) Nature 439:978-982

What are the optimal kernel shapes?

M n,

z(t) =Y Y Smyim(t — Tmi) + ()

m=1 i1=1
| | | | |

L e

B - n .

5000 [~ -

b 0 0 : -
N

L 2000} -
O

T 1000F ' . \ -

T = =

<~ 500 F :

200 [ ' < ' -

100 E | | | | | | | | | -

0 10 20 30 40 50 60 70 80 90 100 ms

Adapt algorithm of Olshausen (2002)




Optimizing the probabilistic model

Mnm

()= Y Tt — 1) +€(),

m=1 1=1

p(z|®)

[ #al@,s Ip(s)p(r)dsar
p(z|®, 3, 7)p(8)p(7)

e(t) ~ N(0,0¢)

Q

Learning (Olshausen, 2002):

5o logp(al®) = " logp(a|®,5,7) + logp(3)p(7)
M nm
B 20’58¢m[x—'mz:1; d)m(t—’l' ]

— —:c—:f:Z§m
Ue[ ]i ;

Also adapt kernel lengths







Kernel functions optimized for coding speech
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Quantifying coding efficiency

N Wb

fit signal

quantize time and amplitude values

prune zero values

measure coding efficiency using the
entropy of quantized values

reconstruct signal using quantized

values

measure fidelity using signal-to-noise
ratio (SNR) of residual error

identical procedure for other codes
(e.g. Fourier and wavelet)

M n,,

)

m=1 1

-
=1

Sm.i Pm/(t

— Tm.i) + €(t)

spike code

original

reconstruction

residual
error




Coding efficiency curves

40 1 1
35 I T
30 T
— 25r T
a2 +14 dB
~ 20 ] / -
oC
Z
@ 15 " 4x more efficient -
10 === Spike Code: adapted |
=== Spike Code: gammatone
5 === Block Code: wavelet -
=== Block Code: Fourier
O | | | | | | | |
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Rate (Kbps)
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Using efficient coding theory to make theoretical predictions

Natural Sound Environment

evolution theory
physiological data: optimal kernels:
* auditory nerve filter shapes * properties
* population trends * coding efficiency

, N .

g 1F ii%*} E a -

: S

g o R only compare to the data after optimizing

e we do not fit the data
s Prediction depends on sound ensemble.

*

L 4



Learned kernels share features of auditory nerve filers
|
v ]t “\\[\N\WWHJ\]\/\WN
e il

T
!
§

Auditory nerve filters Optimized kernels
from Carney, McDuffy, and Shekhter, 1999 scale bar = | msec
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Learned kernels closely match individual auditory nerve filters

W e = e = —
e VV\'WV‘W‘A”j\/\’\’“wmWx\/\/\/\/WWW\J

for each kernel find closet matching auditory nerve filter
in Laurel Carney’s database of ~100 filters.
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Learned kernels overlaid on selected auditory nerve filters

e e e e
e o e
e o b e
s |\ ot | s <\ A
o e e

For almost all learned kernels there is a closely matching auditory nerve filter.
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Coding of a speech consonant

Input

Reconstruction

Residual
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How is this achieving an efficient, time-relative code?

Time-relative coding of glottal pulses
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explains data from principles

e requires idealization and abstraction

il e code signals accurately and efficiently
Principle ,
e adapted to natural sensory environment
Idealization || ¢ analog spikes
1 4
32 e information theory, natural sounds
‘Methodology T b
e oOptimization
:
Prediction | e explains |nd|V|du211Iv receptive fields
i exPIg.lgs popul&tlén'orgzi_glzathn

4 . ALl
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—

from Hubel, 1 995

in the theory?

A gap

) 4
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Redundancy reduction for noisy channels (Atick, [992)

¢ input ¥ recoding | Ay output
- channel A channel
y=X+V y = Ax +0

Mutual information

I(xz,s) = Z P(x, s)log, [Pi)s()mf”!z)x)]

I(x,s)=0iff P(x,s) = P(x)P(s), i.e. x and s are independent.




Profiles of optimal filters

(a) S/N=10 ® high SNR
= reduce redundancy
- center-surround

(b) S/N=2

(c) S/N=0.1

® |ow SNR
1 I 3 - average

- low-pass filter

® matches behavior of
~10 _5 0 5 10 retinal ganglion cells
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An observation: Contrast sensitivity of ganglion cells

1000
- Cat data 1000 k= Macaque data
e =
> il L
> 100k
-~ - 100 E
V) P p—
c p— :
- - L -
v
g 10 = 10 =
cC - s
o - -
- _/_D\ -
ot tot L R TR RN TN (R I T
0.01 0.1 1 i 10 100

Spatial frequency (cycles/deg) Spatial frequency (cycles/deq)

Luminance level decreases one log unit each time we go to lower curve.
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Natural images have a |/f amplitude spectrum

4.0 o

a0k C

1.0 |

Log,,amplitude |
> o

0.0 F, | , ; Field, 1987

Log,,spatial frequency (cycles/picture)

o
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Components of predicted filters

1000 C whitening filter

300
L B low-pass filter
100
=
¥ ~ »
:;_ 30 —
w =
c
v 10
A optimal filter
 § -
—
1 ' R 1 Lluull 1 lJlM
A 3 1 3 10 30 100

Spatial frequency (cycles/deqg) from Atick, 1992
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Predicted contrast sensitivity functions match neural data

1000

l Fllllll

.+ 300

100

'lllll[

o

Tl !il

Contfrost sensritvity
&
S

-l | ; ¢ ltl!ll
S . 10 20 100
Spatial frequency {¢yclesideq)




Ganglion  Horizontal
cell cell

Robust coding of natural images

Bipolar Rod

cell
cone

® Theory refined:

= image is noisy and blurred

= neural population size changes

(
= neurons are noisy
Amacrine

cell

' Optic
Retina nerve

from Hubel, 1995

40 degrees eccentricity

\ ea

retinal image (c)

(a) Undistorted image (b) Fovea

A

AAAAAAAAAAAAAAAAAAAAAAAAAS

-4 0 4
Visual angle [arc min]

Intensity

v V ! v v

4

from Doi and Lewicki, 2006

o
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Problem |: Real neurons are “noisy”

Estimates of neural information capacity

system (area) stimulus bits / sec Dbits / spike
fly visual (HI) motion 64 ~|
monkey visual (MT) motion 55-12 0.6 -1.5
frog auditory (auditory nerve) noise & call 46 & 133 1.4 & 7.8
Salamander visual (ganglinon cells) rand. spots 3.2 1.6
cricket cercal (sensory afferent) mech. motion 294 3.2
cricket cercal (sensory afferent) wind noise 75 -220 0.6 - 3.1
cricket cercal (10-2 and 10-3) wind noise 8 - 80 avg. = |
Electric fish (P-afferent) amp. modulation 0 -200 0-1.2

Limited capacity = neural codes need to be robust.




Traditional codes are not robust

encoding neurons

sensory input

Original

o
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Traditional codes are not robust

encoding neurons
Add

noise equivalent
to | bit precision

sensory input

Original reconstruction (34% error)

g L~ . v o

;. \ 4
oW B n N
Bt -

I x efficient coding

| bit precision

-------

4
4
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Redundancy plays an important role in neural coding

Response of salamander retinal ganglion cells to natural movies

Cell A
Cell B
Cell C
Cell D
Cell E |
Cell F
Cell G
Cell H
Cell I

Cell J

o
()

o
B

o
o

fractional redundancy
o
AV}

O
N

0 200 400 600 800
cell pair distance (Um) From Puchalla et al, 2005

o
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Robust coding (Doi and Lewicki, 2005,2006)

Encoder Decoder
N\
X > W—u—> A—>X
Data Noiseless Reconstruction
Representation
Model limited precision using
additive channel noise: Channel Noise
n
Encoder i Decoder
AN
X —>W—>u >»O—>r — | A—>X
Data Noiseless Noisy Reconstruction
Representation Representation

r = Wx+n = u-+n.

X = Ar = AWx+ An.

Caveat: linear, but can
evaluate for different
noise levels.

*
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Generalizing the model: sensory noise and optical blur

(a) Undistorted image (b) Fovea retinal image (c) 40 degrees eccentricity
. S
i)
-
(0))
- |
()
s
H
vy v v
-4 0 4 0 4
Visual angle [arc min]
SeNsory noise channel noise
‘ V ’ ‘ O , only implicit
. ‘¢ . . T
optical blur encoder | decoder ‘
I
<:>—>(:)—>(i>—>W—>(i>—'—>A—><:> |
: : . .
1mage observation representation | reconstruction |
\

Can also add sparseness and resource constraints

o
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Robust coding is distinct from “reading” noisy populations

a b

100 100 @

@)
,T’\ 80 ,’T\ 80 —
n (9p]
0©

© 60- 8 60 ©
. % S
Z 40+ > 40 - @ %o
= = © ©
5 g o e

20 — 20 — QO @Q@ o A

0 o@ | | O@@&)_Qi
-100 0 100
Direction (deg) Preferred direction (deg)
c A s d As
100 100 — Q
@)

= 80 ~— 80
» 0
9p] n
2 60+ £ 60 -
: ~ 5
> _ > ]
E 40 @@ 45 40 o
g e g

207 o0 20

0 | 0 I |
-100 0 100 -100 0 100
Preferred direction (deg) Preferred direction (deg) From Pouget et al, 200/

Here, we want to learn an optimal image code using noisy neurons.

o
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How do we learn robust codes?

Sensory noise channel noise

encoder | decoder

W—(O—{a}—@©

image observation representation reconstruction

Objective:

Find W and A that minimize reconstruction error.

® Channel capacity of the it neuron:
1
Ci — 5 IH(SNRi -+ 1)

® To limit capacity, fix the coefficient signal to noise ratio:

2
SNR, — (us)

2
o
" Now robust coding is formulated as a
constrained optimization problem.




Robust coding of natural images

encoding neurons
Add

noise equivalent
to | bit precision

sensory input

Original

I x efficient coding

reconstruction (34% error)

(o8

| bit precision

-------

e — |
Pl oW e
L | \’

4
4
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Robust coding of natural images

encoding neurons

Weights adapted for optimal
robustness

sensory input

Original reconstruction (3.8% error)

I X robust coding

| bit precision

*
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Reconstruction improves by adding neurons

encoding neurons

Weights adapted for optimal
robustness

sensory input

Original

reconstruction error: 0.6%

2

8X robust coding

| bit precision

o
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Adding precision to |x robust coding

original images | bit: 12.5% error 2 bit: 3.1% error

o
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Can derive minimum theoretical average error bound

£ — 1 1 Z oy if SNR > SNR..

M
M.SNR+1 N

A; - ith eigenvalue of the data covariance
N - input dimensionality

M - # of coding units (neurons)

Algorithm achieves theoretical lower bound

Results Bound
0.5x 19.9% 20.3%
| x 12.4% 12.5%

8x 2.0% 2.0%




Sparseness localizes the vectors and increases coding efficiency

normalized histogram
of coeff. kurtosis

encoding vectors (W) decoding vectors (A)

- ul’. - -ll -I!
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Non-zero resource constraints localize weights

(@) 20dB 10dB -10dB
fovea

(b)

s :zis’: :
r@?%;i..

:% Stk
"@; 5;& ?' ?'3?—‘ i
ammmaﬁi "!ﬁsm
agnsgfew a:aa:'?%
i lﬁi%‘% %"

40 degrees

o
v
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Principle

Idealization |

Methodology

Prediction

——— e —a———

explains data from principles

requires idealization and abstraction

code signals accurately, efficiently, robustly

adapted to natural sensory environment

cell response is linear, noise is additive

simple, additive resource constraints

information theory, natural images

constrained optimization

explains individual receptive fields

explains non-linear response

explains population organization

S
h
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What happens next?

o
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Joint statistics of filter outputs show magnitude dependence

histo{LZI L1 ~0.1}

histo{LZI L1 ~0.9}

11

0.6

0.2¢

| histo{L,| L, }

from Schwartz and Simoncelli (2001)
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Using sensory gain control to reduce redundancy
Schwartz and Simoncelli (2001)

A divisive
normalization
model

oL . .
1 10 4

Other squared ! /
filter responses ‘\ I

0
/
2
o
F1 \'l S‘g / N

|
Stimulus ! !
|

Adapt weights to
Other squared minimize higher-
filter responses order dependencies

from natural images




Model accounts for several non-linear response properties
Schwartz and Simoncelli (2001)

Cell Model

(Cavanaugh et al., 2000)

Mask  Signal

o
© 80
@) Mask contrast:
:E m No mask
< 40 40.13
8 ® 0.5
=
0.03 0.3 1 0.03 0.3 1
Q
© 80
2 Mask contrast:
= m No mask
< 40| A0.13
> © 0.5
= 9
0.03 0.3 1 0.03 0.3 1
Signal contrast Signal contrast
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What about image structure?

® Bottom-up approaches focus on the non-linearity.
® Our aim here is to focus on the computational problem:
How do we learn the intrinsic dimensions of natural image structure?

® |dea: characterize how the local image distribution changes.




Perceptual organization in natural scenes

image of Kyoto, Japan from E. Doi

) 4
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Palmer and Rock’s theory of perceptual organization

Superordinate

B Units
Grouping
: Entry
Edge Region
I Level
e Map Map Units
Edge Region Figure- |Farsing
Detection Formation Ground

Subordinate
Units

Palmer and Rock, |1 994




Gestalt grouping principles

Ale @ © © o o o o No Grouping

Bl ee o0 o0 e @ | Proximity

CEag " " g 8 2 Similarity of Color

Dl e ©o ® ® ¢ o ©® © Similarity of Size

E| wm wm | | o= == | | Similarity of Orientation
Fl e @ i i ® @ i ﬁ Common Fate
2/ 2 /
Symmetry Parallelism
Continuit Closure
d from Palmer, 1999
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Malik and Perona’s (1991) model of texture segregation

Spatial
Filtering

Lateral

Inhibition

Edge
Detection

Visual Features

A\ \ N2 w2
"IN 0

input image

output of dark
bar filters

output of light
bar filters

*

L 4



Malik and Perona algorithm can find texture boundaries

Painting by Gustav Klimt texture boundaries from Malik and
Perona algorithm
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Can we apply these to natural scenes?

natural scenes are more complex, and the structures more subtle

P
) 4
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A different representation of a natural scene
(Kersten and Yuille, 2003)
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A representation we're more familiar with

o
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A representation we're more familiar with

o
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This is what our brain does
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How do neurons in the visual cortex generalize?

Conjecture |:

Iwo regions are similar if they
come from the same
statistical distribution.

Conjecture 2:
Neurons encode the local
distribution of natural images.

(image data from Doi et al, 2003)
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Perceptual generalization in natural scenes

P F

o
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Perceptual generalization in natural scenes

o
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Linear representations do not separate the image classes

hillside

4

a' |Eas

* tree edge




Modeling local natural scene statistics

® need to model local scene
structure, not average scene
statistics

® need to model all structure
- want a “‘complete” code

= 2 universal “texture” model

® code should be distributed and
statistically efficient

o
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|CA mixtures for similar images
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Characterizing different natural image densities

o
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Characterizing different natural image densities

-3

-2

—1

0

1 2 3

o
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Characterizing different natural image densities

-3

_2

~

0

1 2 3

o
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Characterizing different natural image densities
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Characterizing different natural image distributions
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Generalizing the standard ICA model
Karklin and Lewicki (2003;2005)
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Generalizing the standard ICA model
Karklin and Lewicki (2003; 2005)

g
oo lllo T
V' —logp(ulB,v) x ) exp([Bwv];)
B (/
- " qiT
U  P(ug|A) cexp )\z-
) !
log \; = [Bv], o
0 b
log \;

0.5
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Independent density components

—log p(u|B, v) x Z exp([Bv);)

P(ulv=2.0) j\ A oA N AL ]\ ﬂ
Puv=00 A A A A A A A A A
e | L LAk




lllustration of inference in the model using synthesized data

P(v;) ox exp(—|v;

log \; = [Bv].

1

Qz’)

P(u;)  exp [—

Synthesis

v = argmax P(v|B, u)

Inference

—_——
A=cexp(Bv)| 5 [u~p(ur)l A — ¥
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Learning higher-order structure of natural images

e A is learned with ICA

* B is learned by maximizing
the posterior distribution

Train on natural images

o
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Interpreting higher-order density components

raw weights Bi

Gabor function fits

] o (9
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Interpreting higher-order density components
V.

\
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Interpreting higher-order density components
v

A RS T T H 275
\/ e~ y N ZD “ . - X e
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Interpreting higher-order density components
V.
|

"NIPS 2007 Tutorial 135 Michael S. Lewicki ¢ Carnegie Mellon



Interpreting higher-order density components
v
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Interpreting higher-order density components
V.
|

VAR
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Interpreting higher-order density components
V.




Interpreting higher-order density components
V.
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Learned density components of natural images
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(30 out of 100 shown)
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Full set of natural image density components
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What about a feed-forward non-linearity?

Isn’t this the same?

3. Do ICA again on output:

2. Add non-linearity:

|. Take standard ICA model:
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ICA on non-linearity reveals no structure

subset of ICA basis functions on log |[s|
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Most typical images for selected density components
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Distributed representation of natural image densities
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Comparing the degree of abstraction
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ixel

Maximum |u.| for each p

Winner maps

) 4
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Winner maps: Maximum |v.| for each pixel

4
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A distributed code for visual surfaces
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Smooth changes in representation for texture gradients

higher-level output First 3 PCs



Smooth changes in representation for texture gradients

higher-level output First 3 PCs



Clustering the higher-order representation yields segmentation

o e
N £

’,‘ "f"';' . f i | 3
clustering v's

clustering color




Model can be extended to model local covariance structure




Linear code of image regions

distributions in simple cell space (V)

2D projection of 400D space



Distributed covariance model of image regions

distributions in higher-order space

2D projection of 150D space

For more, see workshop talk



explains data from principles

e requires idealization and abstraction

. e code signals accurately and efficiently
Principle ,
e adapted to natural sensory environment

Idealization e neurons encode |ocal image distributions
1 i
e information theory, natural images
Methodology . { o3 N
e hierarchical, probabilistic models
|
!
|
“Prediction | e good generallzathn in natural images
| o functional explanation of non-simple cells?
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