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• Lessons from the retina

• Lessons from invertebrates

• Vast overcompleteness of V1

• Non-linearities of cortical neurons

• Difficulty of predicting neural responses to 
time-varying natural images

Why I am skeptical of the 
standard model



Lessons from the retina





On vs. off cone
bipolar cells



Rod bipolar cell is
of on-type only

Net convergence of
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AII amacrine 
cell links rod 
bipolar cells to 
ganglion cells



Lessons from invertebrates



Jumping spiders



Jumping spiders



Vast overcompleteness of V1



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





V1 output is overcomplete by a 
factor of 50:1

Parvo cell input fibers V1 output fibers (layer 2/3)

70 μ



Non-linearities of cortical neurons



be difficult to achieve ([71]; see also Figure 7 in [72]). The
precise lower limit on compartment size in the thin
dendrites of pyramidal cells remains to be determined,
perhaps through the use of voltage-sensitive dyes [73] and
highly focal uncaging techniques [74].

Getting at the inner neuron
What are the implications of these findings for single-
neuron computation? Could there be an underlying prin-
ciple that permits the full complexity of a dendritic tree to
be represented in highly simplified terms? The available
data suggest that the thin terminal branches of the apical
and basal trees of pyramidal cells provide a set of inde-
pendent non-linear ‘subunits’ that sum up their synaptic
inputs and then apply a sigmoidal thresholding non-
linearity to the output. In this scenario, how should the
outputs of multiple subunits be combined to influence
the cell’s overall response? In the few experimental
studies that have addressed the question of location
dependent synaptic summation, so far only involving

simple spatial integration scenarios, the data are most
consistent with a linear or sublinear summation rule for
signals that originate in different dendritic branches
[30,75–78]. Building on these findings, one can formulate
a working model in which the thin branches are the
integrative subunits of pyramidal neurons. According to
this model, each thin-branch subunit sums up its synaptic
drive and then applies a sigmoidal thresholding non-
linearity to the result, and the subunit outputs are
summed linearly within the main trunks and cell body
before output spike generation. This hypothesis is inter-
esting, in that it states that an individual pyramidal
neuron functions something like a conventional two-layer
abstract ‘neural network’ [12], in which the thin dendritic
branches themselves act like classical point neurons
(Figure 3b).

Poirazi and co-workers [79!!] used a detailed CA1 pyr-
amidal cell model [80!] to test the two-layer neural net-
work hypothesis. The authors used a complex set of
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Current Opinion in Neurobiology

Simplified models of pyramidal cells. (a) CA1 pyramidal cell morphology [123]. A grey triangular soma was added for clarity. (b) Two-layer sum-of-
sigmoids model as discussed by Poirazi et al. [79!!]. All thin branches are treated as independent subunits with sigmoidal thresholds whose outputs
are summed linearly in the main trunks and cell body. Small grey circles labelled ai represent subunit weights, which might vary as a function of
location or branch order. (c) A next generation single neuron model could include a multiplicative interaction between proximal and distal integrative
regions of the cell. Overall output of such a three-layer model might be expressed using the form y1 " ay2.

Dendrites, bug or feature? Häusser and Mel 377

www.current-opinion.com Current Opinion in Neurobiology 2003, 13:372–383

Hausser & Mel (2003)



Difficulty of predicting V1 neural
responses to time-varying natural 

images
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Responses of V1 neurons are not well predicted 
by RF models

receptive field:
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Proportion of cells studied
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There’s hope.



Silicon polytrodes
(Swindale, Blanche, Spacek)







• What does a “day in the life of  V1” look like?

• Explaining away (sparsification)

• Phase

• Figure-ground

• Synchrony

• Laminar distribution of function (microcircuit)

What to look for
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Explaining away



Phase

Phase-Quadrant Demodulation Code
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Figure 2: The phase demodulation process used to
encode iris patterns. Local regions of an iris are pro-
jected (Eqt 2) onto quadrature 2D Gabor wavelets,
generating complex-valued coefficients whose real
and imaginary parts specify the coordinates of a pha-
sor in the complex plane. The angle of each phasor
is quantized to one of the four quadrants, setting two
bits of phase information. This process is repeated all
across the iris with many wavelet sizes, frequencies,
and orientations, to extract 2,048 bits.

3 Iris Feature Encoding by 2D Wavelet
Demodulation

Each isolated iris pattern is then demodulated to
extract its phase information using quadrature 2D Ga-
bor wavelets (Daugman 1985, 1988, 1994). This en-
coding process is illustrated in Fig 2. It amounts to
a patch-wise phase quantization of the iris pattern, by
identifying in which quadrant of the complex plane
each resultant phasor lies when a given area of the iris
is projected onto complex-valued 2D Gabor wavelets:

h{Re,Im} = sgn{Re,Im}

!

!

!

"
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where h{Re,Im} can be regarded as a complex-valued
bit whose real and imaginary parts are either 1 or 0
(sgn) depending on the sign of the 2D integral; I(!,")
is the raw iris image in a dimensionless polar coor-
dinate system that is size- and translation-invariant,
and which also corrects for pupil dilation as explained
in a later section; # and $ are the multi-scale 2D
wavelet size parameters, spanning an 8-fold range
from 0.15mm to 1.2mm on the iris; % is wavelet fre-
quency, spanning 3 octaves in inverse proportion to $;
and (r0, &0) represent the polar coordinates of each re-
gion of iris for which the phasor coordinates h{Re,Im}

are computed. Such a phase quadrant coding se-
quence is illustrated for one iris by the bit stream
shown graphically in Fig 1. A desirable feature of
the phase code portrayed in Fig 2 is that it is a cyclic,
or grey code: in rotating between any adjacent phase
quadrants, only a single bit changes, unlike a binary
code in which two bits may change, making some er-
rors arbitrarily more costly than others. Altogether
2,048 such phase bits (256 bytes) are computed for
each iris, but in a major improvement over the earlier
(Daugman 1993) algorithms, now an equal number
of masking bits are also computed to signify whether
any iris region is obscured by eyelids, contains any
eyelash occlusions, specular reflections, boundary ar-
tifacts of hard contact lenses, or poor signal-to-noise
ratio and thus should be ignored in the demodulation
code as artifact.

Figure 3: Illustration that even for poorly focused eye
images, the bits of a demodulation phase sequence
are still set, primarily by random CCD noise. This
prevents poorly focused eye images from resembling
each other in the pattern matching stage, in the way
that (e.g.) poorly resolved face images look alike and
can be confused with each other.

Only phase information is used for recognizing
irises because amplitude information is not very dis-
criminating, and it depends upon extraneous factors
such as imaging contrast, illumination, and camera
gain. The phase bit settings which code the sequence
of projection quadrants as shown in Fig 2 capture
the information of wavelet zero-crossings, as is clear
from the sign operator in (2). The extraction of phase
has the further advantage that phase angles are as-
signed regardless of how low the image contrast may
be, as illustrated by the extremely out-of-focus image
in Fig 3. Its phase bit stream has statistical proper-
ties such as run lengths similar to those of the code
for the properly focused eye image in Fig 1. (Fig 3
also illustrates the robustness of the iris- and pupil-
finding operators, and the eyelid detection operators,
despite poor focus.) The benefit which arises from

3

Iris recognition (Daugman)



Time-varying phase encodes information
about transformations

time time

co
ef

fic
ie

nt
 in

de
x

amplitude phase



Modeling phase dependencies
(Charles Cadieu)

sparse



Learned D
(space domain)
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Figure-ground



V1 simple cells can represent amodal completion
Sugita (1999)



Synchrony

LGN spikes are phase-locked to ongoing retinal oscillations
(Koepsell, Sommer, Hirsch)



Distribution of function across laminae
Principal Investigator/Program Director (Last, First, Middle):    Gray, Charles, Marshall 

PHS 398/2590 (Rev. 09/04) Page   35    Continuation Format Page 

 
 
Figure 18. Schematic of the main cell 

types in striate cortex and their 

excitatory synaptic connections. 

Pyramidal, spiny stellate, and 

inhibitory neurons are shown blue, red, 
and black, respectively. Local 

connections are shown as filled circles 

and efferent projections are indicated 

by arrows. Adapted from Jones (1991), 

Thomson and Bannister (2003), Douglas 
and Martin (2004). 

Duration will be characterized by the number of contiguous 
epochs of statistically significant correlated firing. 

From these data, we will compile distributions of each correlation 

measure as a function of five key parameters of each cell pair:  
Cellular Parameters 
1) Laminar position. 

The laminar position of each cell will be determined by 

comparing the channel locations on the polytrode that have the 
largest spike amplitude to the histological reconstruction of the 

polytrode track and the responses to electrical stimulation.  
2) Signal distribution. 

The signal distribution of each cell will be calculated as the 

number of contiguous channels on the polytrode that the spike 
waveform appears (see Fig.14). This will provide valuable 
information to help distinguish pyramidal from non-pyramidal 

neurons (Blanche et al., 2005). 
3) Receptive field type (simple or complex). 

The receptive field type of each cell will be calculated from the 
reverse correlation analysis of the responses to the sparse noise 
stimulus using methods similar to those previously published (Hirsch 
et al., 2002,2005). 

4) Responses to electrical stimulation of the LGN, SC and Area 18. 

Cells will be characterized as orthodromically or antidromically 
driven on the basis of the absolute latency, latency jitter, and 
ability to follow high frequency stimulation. These data will aid in 
the identification of cortical layer, provide important information 

on the stage of processing between afferent input and efferent 
output, and aid in the identification of cell types. 

5) Interspike interval (ISI) distribution. 
The ISI histogram will be computed from the responses to the 

movies and the sinewave gratings. The relative refractory period, a bimodality index, and the modal 
value will be computed to help distinguish between different electrophysiological classes of neurons 
(Gray and McCormick, 1996; Azouz et al,1996; Nowak et al., 2003). This information will also aid in the 

identification of laminar position and the separation between pyramidal and non-pyramidal neurons. 
Possible Outcomes 

Once these analyses are completed, it will be possible to address a large number of questions within the 
context of the striate cortical microcircuit. A well established model of this circuit, shown schematically in 
figure 18, illustrates the main features of the cell types and the excitatory synaptic connections in a local 
column of striate cortex. While the number of possible outcomes are too numerous to discuss in a 

comprehensive manner, the model does suggest some likely outcomes. The dominant excitatory pathway 
progressing from LGN ! layer4 ! layer2/3 ! layer5 ! layer6 ! layer4  suggests a pattern of correlated 

firing among the principal excitatory cell groups having a phase progression consistent with the anatomical 

connections. This is perhaps an overly simplified view, and many other possibilities are likely. Additional 
excitatory connections within each layer, from layer 5 to the middle and superficial layers, and between the 
superficial layers in different columns suggests a more complex outcome that would depend on the 

properties of the stimulus and on the activity of inhibitory cells in each layer. Additionally, spike timing 

correlations will not be present if cells do not fire at the same time. Thus, the occurrence of correlated 
firing is also likely to depend on the receptive field properties of the cells. Because the cortical microcircuit 
is well characterized as a nested set of feedback loops, patterns of correlated firing are likely to be highly 
dynamic, and we therefore expect to observe patterns of correlated firing that are not predicted from the 
dominant anatomical projections. Finally, we do expect to observe substantial differences in the patterns of 

correlated firing evoked by the movies and the sinewave gratings. The grating stimuli will likely lead to 

more homogeneous and sustained patterns of interactions than those evoked by the movies. 



The Unknown

As we know, 
There are known knowns. 

There are things we know we know. 
We also know 

There are known unknowns. 
That is to say 

We know there are some things 
We do not know. 

But there are also unknown unknowns, 
The ones we don't know 

We don't know.

Feb. 12, 2002, Department of Defense news briefing

From: The Poetry of Donald Rumsfeld
Hart Seeley, Slate Magazine


