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Recurrent computation is pervasive throughout cortex
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Main Points

• Vision as inference

• Sparse, overcomplete representations

• Sparse coding in V1

• Learning invariances



The problem: scene analysis
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How do you interpret an edge?





Vision as inference

lens

ImageWorld Model



Bayes’ rule

P (E|D) ∝ P (D|E)︸ ︷︷ ︸
how data is
generated by

the environment

× P (E)︸ ︷︷ ︸
prior beliefs
about the

environment

E = the actual state of the environment

D = data about the environment



Principles of cortical representation

• Sparseness

• Invariance

• Hierarchy and feedback



Sparse coding

ai

I(x,y)



Why sparseness?

• Makes structure in data explicit.

• Makes it easier to do pattern matching.

• Increases storage capacity in associative memory models.

• Sparse codes are energy efficient.



Dense codes vs. local codes

Dense codes
(ascii)

Sparse, distributed codes Local codes
(grandmother cells)

. . . . . .

+ High combinatorial
   capacity (2N)

-  Difficult to read out

+ Decent combinatorial
   capacity (~NK)

+ Still easy to read out

-  Low combinatorial
   capacity (N)

+ Easy to read out



Evidence for sparse coding

• Gilles Laurent - mushroom body, insect

• Michael Fee - HVC, zebra finch

• Tony Zador - auditory cortex, mouse

• Bill Skaggs - hippocampus, primate

• Harvey Swadow - motor cortex, rabbit

• Michael Brecht - barrel cortex, rat

• Jack Gallant - visual cortex, macaque monkey

• Christof Koch - inferotemportal cortex, human

See:

Olshausen BA, Field DJ (2004) Sparse coding of sensory inputs. Current
Opinion in Neurobiology, 14, 481-487.





Simple cell receptive fields (Jones & Palmer, 1987)



Gabor-filter histogram



Overcomplete representations

• In oriented, multiscale pyramids, overcompleteness is necessary to ascribe
meaning to coefficients (Simoncelli, Freeman, Adelson, and Heeger,
1992).

• Overcomplete time-frequency dictionaries are best able to reveal time-
frequency structure embedded in signals (Chen, Donoho, Saunders,
2001).

• Area V1 is highly overcomplete, by approximately 25:1 (in cat).



Image model

I(x, y) =
∑

i

ai φi(x, y) + ν(x, y) .

Goal: Find a set of basis functions {φi} for representing natural images
such that the coefficients ai are as sparse and statistically independent as
possible.



Prior

• Factorial: P (a|θ) =
∏

i P (ai|θ)

• Sparse: P (ai|θ) = 1
ZS

e−S(ai)

ai

P(ai)



Inference (perception)

MAP estimate:
â = arg max

a
P (a|I, θ)

P (a|I, θ) ∝ P (I|a, θ) P (a|θ)

Energy function:

E(I,a) = − log P (a|I, θ)

=
λN

2
|I− Φa|2 +

∑
i

S(ai) + const.

Dynamics:

ȧ ∝ −∂E

∂a
= λN ΦT I− λNΦTΦa− S′(a)



Learning

Objective function:

L = 〈log P (I|θ)〉

P (I|θ) =
∫

P (I|a, θ) P (a|θ) da

Learning rule:

∆Φ ∝ ∂L
∂Φ

= λN

∫
[I − Φa] P (a|I, θ) da



Network implementation

I(x)

ai

φi(x)

−S’−Cij



Learned basis functions (200, 12x12)



Tiling properties
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Spatial-frequency bandwidth

Model:
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Physiology (DeValois lab):



Orientation bandwidth

Model:
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Physiology (Shapley lab):



Orientation bandwidth vs. spatial-frequency bandwidth
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Sparsification

Image I(x,y)

Pixel values

Outputs of sparse coding network (ai)



Denoising

Aoccdrnig to rscheearch at Cmabrigde Uinervtisy, it deosn’t mttaer in
waht oredr the ltteers in a wrod are, the olny iprmoetnt tihng is taht the
frist and lsat ltteer be at the rghit pclae. The rset can be a total mses and
you can sitll raed it wouthit porbelm. Tihs is bcuseae the huamn mnid deos
not raed ervey lteter by istlef, but the wrod as a wlohe.





Applications

Denoising:

I(x, y) =
∑

i

ai φi(x, y) + ν(x, y)

Deblurring:

I(x, y) = B(x, y) ∗
∑

i

ai φi(x, y) + ν(x, y)

Filling-in:

ν(x, y) ∼
{
N (0, 1/λN) x, y ε valid data
N (0,∞) x, y ε missing data



Space-time image model

I(x, y, t) =
∑

i

ai(t) ∗ φi(x, y, t) + ν(x, y, t)

. . .

t

t

ai(t)

τ
x

y

x

y

t’

φi(x,y,t−t’)

I(x,y,t)

Goal: Find a set of space-
time basis functions {φi} for
representing natural images such
that the time-varying coefficients
ai(t) are as sparse and statistically
independent as possible over both
space and time.



Learned space-time basis functions (200, 12× 12× 7)

Training set: nature documentary



V1 space-time receptive field

(Courtesy of Dario Ringach)



Basis function properties
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Spike encoding and reconstruction
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Sparse codes and spikes

From Rieke et al., “Spikes”
(1997)

Sest = ρ(t) ∗K(t)

“...it seems clear that—at least
under some conditions—many
neurons make use of sparse coding
in the time domain”



Cat V1 - natural movies (J. Baker, S.C. Yen, C.M. Gray, MSU Bozeman)
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Firing rate distribution is power-law
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Responses are not well-predicted from RF filter models
Data from Gray lab (J. Baker and S. Yen)
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Responses of nearby units are heterogeneous
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Context in natural scenes sparsifies responses

Vinje & Gallant (2000, 2002)

metabolic load by lowering mean spike rates. Furthermore, these
three findings suggest that nCRF stimulation reduces the effective
bandwidth of single neurons, thereby restricting the range of
stimuli that they represent.

nCRF stimulation increases information
transmission rate
Does this shrinkage in effective bandwidth reduce the amount of
information represented by V1 neurons? If information is lost,
then the stimulus representation will be coarsened rather than
made sparser (Foldiak and Young, 1995; Olshausen and Field,
1997; Barlow, 2001). Information must be preserved if nCRF
stimulation truly increases sparseness. Information transmission
can be preserved in numerous ways. One possibility is that the
overall information transmission rate might be preserved at the
level of individual neurons. Alternatively, some neurons may
increase their information transmission rates while other neurons
transmit less information.

Information transmission rates (bits per second) for our sample
of V1 neurons are shown in Figure 6A–D. For each neuron at
each stimulus size, we compared information rates observed with
and without nCRF stimulation. Neurons with significantly in-
creased information rates are shown in black, while those with sig-
nificantly decreased rates are shown in white (p � 0.01). The effects
of natural nCRF stimulation vary across neurons. Some exhibit
decreases in information transmission rates, whereas others exhibit
increases. Interestingly, significant increases in information trans-
mission rates occur more frequently than significant decreases. The
ratio of significant increases to significant decreases is 3.8:1 at 2 �
CRF, 3.4:1 at 3 � CRF, and 3.7:1 at 4 � CRF.

For our sample of neurons, the average information transmis-
sion rate also increases with stimulus size (Fig. 6E). The increase
in mean rate is modest but statistically significant for stimulus
sizes of 2 � CRF and 3 � CRF (p � 0.05) and is marginally
significant for stimuli of 4 � CRF diameter (p � 0.07).

Table 1 shows the average information rate as a function of
stimulus size and time-bin duration. In general, the average rate
increases as time-bin duration decreases. From 50 msec to 4.6
msec, the information transmission rate increases by �250%. The
increase in information rates for short binning times is commonly
observed in neurophysiological data sets (Strong et al., 1998) and

occurs because H(r) increases more rapidly than H(r�s) as bin
duration shrinks.

Our second prediction is that the average information trans-
mission rate should not decrease as stimulus size increases. Our
results demonstrate that information transmission actually in-
creases with stimulus size. This is consistent with the predicted
preservation of information. It also suggests that nCRF stimula-
tion may be necessary to fully realize the information-processing
potential of V1 neurons.

nCRF stimulation increases information per spike
As discussed in the introductory remarks, sparse coding offers
several potential advantages to the nervous system. It may sim-
plify development of neural connections, increase learning rates,
and increase memory capacity (Barlow, 1961, 2001). Sparse cod-
ing also reduces the number of action potentials required to
represent a scene and thereby decreases the metabolic demands
of information processing (Srinivasan et al., 1982; Laughlin et al.,
1998). If the system is to maintain the fidelity with which a scene
is represented, this reduction in spiking activity must be accom-
panied by an increase in the average amount of information each
spike provides about the stimulus. Thus, natural nCRF stimula-
tion should increase the average information carried by each
spike.

The average information that a spike transmits about the stim-
ulus is found by simply dividing the information per second by the
mean number of spikes per second: Ispike � Isec/�, where � is the
mean spike rate of the neuron for all stimuli of a given size.

Information transmission per spike is shown in Figure 7A–D.
Figure conventions are identical to those used in Figure 6. Stim-
ulation of the nCRF can increase or decrease the information per
spike, but the trend is strongly toward increasing the information
content of spikes. The ratio of neurons with significant increases
to those with significant decreases is 6.5:1 at 2 � CRF and 26:1 at
3 � CRF. For data obtained with stimuli of 4 � CRF diameter,
all significantly modulated neurons show increases in their infor-
mation transmission per spike.

The mean information per spike also increases substantially as
a function of stimulus size (Fig. 7E, black circles). For stimuli of
4 � CRF diameter, the mean information per spike is 1.85 times
larger than that of the value obtained with CRF-sized stimuli. All

Figure 4. The nCRF modulates responses dur-
ing natural vision. A, PSTH obtained from one
V1 neuron in response to a natural-vision movie
confined to the CRF. Responses are weakly mod-
ulated by the simulated fixations (information per
second, 13.1 bits/sec; information per spike, 0.18
bits/spike; efficiency, 10%; selectivity index, 13%).
B, Responses of the same cell to a natural-vision
movie composed of the CRF stimulation used in
A plus a circular surrounding region. The overall
stimulus size was 4 � CRF diameter. Stimulation
of the nCRF dramatically increases variation of
responses across fixations (information per sec-
ond, 28.4 bits/sec; information per spike, 0.67 bits/
spike; efficiency, 26%; selectivity index, 51%). Re-
sponses to some stimuli are significantly enhanced
(black bins; p � 0.01). For this neuron, enhance-
ment is concentrated in the onset transients oc-
curring at the beginning of simulated fixations.
Other responses are strongly suppressed (white
bins; p � 0.01). The under-bar highlights those
time bins where significant enhancement and sup-
pression occur.

Vinje and Gallant • nCRF Stimulation Increases Efficiency of V1 Cells J. Neurosci., April 1, 2002, 22(7):2904–2915 2909



V1 responses to natural movies - summary

• Precise

• Sparse (power-law)

• Non-filter like

• Heterogeneous response

• Context sparsifies response



1 mm2 of cortex analyzes ca. 14 x 14 array of retinal
sample nodes and contains 100,000 neurons





How close are we to understanding V1?

Five problems with the current view of V1:

1. Biased sampling (single unit recording)

2. Biased stimuli (bars, spots, gratings)

3. Biased theories (data-driven vs. functional theories)

4. Interdependence and context (effect of intra-cortical inputs)

5. Ecological deviance

See:

Olshausen BA, Field DJ (2005) How close are we to understanding V1?
Neural Computation, 17(8), in press.



Hierarchical representation
Hawkins & Blakeslee (2004) - “On Intelligence”

touch
motor

audition vision

spatially
specific

spatially
invariant

fast
changing

slow
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“features”
“details”

“objects”



Invariance manifolds



Phase shifting in complex Gabor wavelets

αi µi

vi

ai



Image model with ‘shiftable’ basis functions

I(x, y) =
∑

i

<{zi φi(x, y)}

zi = ai e
j αi

φi(x, y) = φR
i (x, y) + j φI

i (x, y)

I(x, y) =
∑

i

ai [cos αi φR
i (x, y) + sin αi φI

i (x, y)]



Image model with ‘shiftable’ basis functions
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Learned complex basis functions (144, 12 × 12 patches)

real imag

animate!



Iris recognition is based on local phase (Daugman)

How Iris Recognition Works

John Daugman, PhD, OBE

University of Cambridge, The Computer Laboratory, Cambridge CB2 3QG, U.K.
www.CL.cam.ac.uk/users/jgd1000/

Abstract

Algorithms developed by the author for recogniz-
ing persons by their iris patterns have now been tested
in six field and laboratory trials, producing no false
matches in several million comparison tests. The
recognition principle is the failure of a test of statis-
tical independence on iris phase structure encoded by
multi-scale quadrature wavelets. The combinatorial
complexity of this phase information across different
persons spans about 249 degrees of freedom and gen-
erates a discrimination entropy of about 3.2 bits/mm2

over the iris, enabling real-time decisions about per-
sonal identity with extremely high confidence. The
high confidence levels are important because they al-
low very large databases to be searched exhaustively
(one-to-many “identification mode”) without making
false matches, despite so many chances. Biometrics
that lack this property can only survive one-to-one
(“verification”) or few comparisons. This paper ex-
plains the iris recognition algorithms, and presents re-
sults of 9.1 million comparisons among eye images
from trials in Britain, the USA, Japan, and Korea.

1 Introduction

Reliable automatic recognition of persons has long
been an attractive goal. As in all pattern recognition
problems, the key issue is the relation between inter-
class and intra-class variability: objects can be reli-
ably classified only if the variability among different
instances of a given class is less than the variability
between different classes. For example in face recog-
nition, difficulties arise from the fact that the face is
a changeable social organ displaying a variety of ex-
pressions, as well as being an active 3D object whose
image varies with viewing angle, pose, illumination,
accoutrements, and age. It has been shown that for fa-
cial images taken at least one year apart, even the best
current algorithms have error rates of 43% (Phillips et
al. 2000) to 50% (Pentland et al. 2000). Against this
intra-class (same face) variability, inter-class variabil-
ity is limited because different faces possess the same
basic set of features, in the same canonical geometry.

Figure 1: Example of an iris pattern, imaged
monochromatically at a distance of about 35 cm. The
outline overlay shows results of the iris and pupil lo-
calization and eyelid detection steps. The bit stream
in the top left is the result of demodulation with
complex-valued 2D Gabor wavelets to encode the
phase sequence of the iris pattern.

For all of these reasons, iris patterns become in-
teresting as an alternative approach to reliable visual
recognition of persons when imaging can be done at
distances of less than a meter, and especially when
there is a need to search very large databases without
incurring any false matches despite a huge number of
possibilities. Although small (11 mm) and sometimes
problematic to image, the iris has the great mathemat-
ical advantage that its pattern variability among dif-
ferent persons is enormous. In addition, as an inter-
nal (yet externally visible) organ of the eye, the iris is
well protected from the environment, and stable over
time. As a planar object its image is relatively insen-
sitive to angle of illumination, and changes in viewing
angle cause only affine transformations; even the non-
affine pattern distortion caused by pupillary dilation is
readily reversible. Finally, the ease of localizing eyes
in faces, and the distinctive annular shape of the iris,
facilitate reliable and precise isolation of this feature
and the creation of a size-invariant representation.

1



Sparse space-time bubbles
Hyvarinen et al. (2003) JOSA 20

that z(t) is Gaussian white noise with unit variance.
The interesting statistical properties of s(t) are thus due
to v(t) alone.

The crucial assumptions are that v(t) is sparse and has
temporal correlation. To model such a signal, we assume
that it is a low-pass filtered (smoothed) version of a very
sparse signal possibly followed by a pointwise (scalar)
function:

v~t ! 5 f(f~t ! * u~t !) 5 fS (
t

f~t!u~t 2 t! D , (13)

where f is a simple low-pass filter, such as the Gaussian
kernel exp@2t 2/(2s 2)#. The random process u(t) is ob-
tained by sampling a very sparse nonnegative random
variable independently at each time point, resulting in
something similar to a point process with nonnegative
values. The function f is a technical addition that has
little influence on the basic principle, and in most cases
we could just take a linear f. However, a suitable nonlin-
ear f enables us to get a simple approximation of the prob-
ability densities involved, as will be seen below.

The signal generation is illustrated in Fig. 3. (Note
that we ignore any border effects that will occur in the
convolution of finite-length signals.) The resulting signal
s(t) has both sparseness and temporal coherence. The
sparseness can be shown as follows21:

kurt@s~t !# 5 E$@s~t !#4% 2 3~E$@s~t !#2%!2

5 E$@v~t !#4@z~t !#4% 2 3~E$@v~t !#2@z~t !#2%!2

5 3@E$@v~t !#4% 2 3~E$@v~t !#2%!2#, (14)

which is always positive because it is the variance of v(t)
multiplied by 3. The correlation of squares follows from
a proof similar to the one following Eq. (7).

Thus, if one mixes linearly independent signals of this
kind, the original signals can be separated by using either
of these two properties.5,17 In particular, if we consider
the image sequences to be linear sums of spatial basis
vectors, i.e.,

I~x, y, t ! 5 (
i51

n

ai~x, y !si~t !, (15)

and assume that the signals si(t) consist of temporal
bubbles as defined above, it is natural that we obtain
similar basis vectors with either criterion, since both are
applicable on data of this type.

For illustration, let us look at the output of a spatial
ICA/sparse coding filter when the input consists of an im-
age sequence. The output for a randomly sampled se-
quence of 1000 points is shown in Fig. 4. One can clearly
see bubblelike behavior.

Fig. 3. Illustration of a temporal bubble. The original signal
z(t) (top) is multiplied by a variance (activity) signal v(t)
(middle) to obtain the observed signal s(t) (bottom). The ob-
served signal is both sparse and temporally coherent.

Fig. 4. Output of a filter estimated by ICA when the input con-
sists of an image sequence. A temporal bubble structure is
clearly visible. For details on the data, see Subsection 3.C.

Hyvärinen et al. Vol. 20, No. 7 /July 2003 /J. Opt. Soc. Am. A 1241
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Learning invariance via slowness

Bilinear model of basis function coefficients:

ai(t) = σi(t)︸︷︷︸
slow

× zi(t)︸︷︷︸
fast



Image models

Pixel histograms
(white noise)

Power spectrum
(1/f noise)

3D/occlusion
(surfaces)

Natural scenes

Sparse, linear causes
(edges)



Conclusions

• The response properties of many neurons in the nervous system may be
understood in terms of principles of efficient coding.

• The receptive fields of V1 neurons are well suited for producing
sparse representations of natural images, and there is accumulating
neurophysiological evidence that V1 employs such a strategy.

• One can also understand the local invariance properties of complex cells
in terms of a bilinear model that factors apart amplitude (what) and
phase (where) information.

• A full understanding of V1 function will require us to consider how it
performs inference on natural scenes in the context of feedback from
higher cortical areas.



Further information and details

baolshausen@ucdavis.edu
http://redwood.ucdavis.edu/bruno


