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Abstract

Cells in mammalian primary visual cortex respond preferentially to bars of lightness or darkness
on the retina. For a long time it has been known that the extent of this sensitivity does not depend
on the contrast of the stimulus. It has recently been shown that this invariance also exists in
the shape of the time-averaged population response. Here we examine whether invariance of the
population holds over much shorter time periods, and tentatively conclude that it does.
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1 Background

1.1 From photon to V1
1 Each human retina contains approximately 100 million light sensitive neurons, known as rods and
cones. Whenever a photon is absorbed by one of these cells, it triggers a change in the electrical
potential across the cell’s membrane. Usually these fluctuations would give rise to action potentials,
but in the case of rods and cones they do not, and are instead relayed directly to bipolar cells via gap
junctions. Each bipolar cell receives input from a circular group of either rods or cones, with some
of the inputs having an excitatory effect and others an inhibitory effect. In some of the bipolar cells
the excitatory region is in the center of the circle, and in other cells it is in the area surrounding the
center. Thus bipolar cells can be considered either on-center or off-center, responding maximally when
only the excitatory region is illuminated (see Figure 1).

Bipolar cells, like rods and cones, do not have synapses or produce action potentials, instead
they are connected via gap junctions to amacrine and retinal ganglion cells. They are also connected
recurrently via horizontal cells. This connectivity is depicted in Figure 2.

Amacrine cells and retinal ganglion cells do threshold their inputs, producing action potentials
that leave the retina and travel along axons to the lateral geniculate nucleus (LGN) in the thalami.
On route to the thalami, the axons pass through the optic chiasm where half the axons from each eye

1The content of this section can be found in many textbooks including [12].



Contrast Invariance of Cell Populations in V1 Daniel Manson 2

Figure 1: A rectangle representing a small section of light
sensitive cells on the retina, with the two black circles be-
low representing bipolar cells connected to the cells above.
Green cells have an excitatory effect on one of the bipolar
cell, red cells an inhibitory effect, and grey cells are not
connected to either of the bipolar cells shown. The bipo-
lar cell on the left is off-centre, and the one on the right
is on-centre.

cross over from one side of the brain to the other in order that axons from the left and right visual
fields are afferent on the right and left LGNs respectively (contralaterally).

LGN cells, and indeed many other thalamic nuclei, can be thought of as performing a role similar
to that performed by the registers in a microprocessor: neocortex ‘reads’ from the LGN, performs a
computation, and ‘writes’ an output back. Although this analogy is somewhat helpful, it should not
be taken too literally since many cortical regions are connected to each other directly; this is certainly
true of the visual areas.

In this work we focus on the first stage of neocortical visual processing, which takes place in an
area known simply as V1.

1.2 Cell response types in V1

Output from LGNs cells, which carries roughly the same information as that from bipolar cells, gives
rise to a variety of cell types in V1, some examples of which are given in Figures 3 and 4. The one
thing that all the cells have in common is that they respond to bars of lightness or darkness falling
on well defined receptive fields in the retina, and in all cases there is a specific orientation at which
the bar produces a maximum response. Although the distribution of these different cell types does
not appear to conform to any significant spatial pattern (ignoring small differences between layers),
V1 does exhibit several other important spatial patterns:

• The layout of V1 is said to be retinotopic, meaning that areas close together in the retina connect
to cells close together in V1.

• Cells receiving their dominant inputs from different eyes are segregated into bands, known as
ocular dominance columns.

• The orientation selectivity of cells is organized into ‘pinwheel’ shapes so that neighboring cells
respond preferentially to very similar orientations of bar. See Figure 5.

1.3 Levels of electrophysiological analysis

Most of the information provided so far has been acquired as a result of experiments in which monkeys
or cats have had very fine electrodes implanted into their brains, before being shown different light

Figure 2: Start of the visual pathway. Signals flow along the
thin black lines from top to bottom, and along the thicker
lines in both directions. Note that most of the cell types
shown can be further subdivided into classes showing only a
subset of the connections depicted here.
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patterns, all while under anesthetic [11]. Recording signals from brains in this way is an experimental
technique from the field of electrophysiology, and can be done at several different scales:

Membrane potential. The sub-threshold fluctuations of the membrane potential can be measured
for individual cells.2

Single unit. Spiking rates can be recorded for individual cells.

Multi unit. The aggregate spiking rates of several dozen [14] neighboring cells can be recorded.
Commonly [6], a spike is said to have occurred when voltage exceeds 4 s.d. from the mean.
However these events may also correspond to coincident pairs (or triples etc.) of true action
potentials within the unit, implying a more complex relationship to the true total rate of the
multiunit. Clearly multiunit analysis is only useful if neighboring cells are known to exhibit
similar characteristics, which is the case in V1.

Population. Spiking rates of many single units or many multi units can be recorded simultaneously
(separately not aggregated). We can then analyze this data to see how cells with different
selectivity preferences are responding to stimuli. Recordings of this kind are done with arrays
of approximately 100 electrodes (Utah arrays).

Local Field Potential Weakly localized temporal fluctuations of electric field can be recorded. This
activity is thought to correspond to population-wide sub-threshold fluctuations rather than mean
spiking rates. Interestingly, it has recently [13] been shown that LFP may be localized to within
aproximately 250µm. However, analysis of LFP data can only give us a coarse view of how much
activity is occurring in a particular region of the brain. In many cases we will be able to analyze

Figure 3: V1 cells are known as ‘simple’ if they have well
defined excitatory and inhibitory regions on the retina. The
meaning of the symbols here is as in Figure 1, except that
here the black circles represent V1 cells not bipolar cells, and
their connections to the light sensitive cells are not explicitly
known. Note the two main types of simple cell are edge
detectors (in the top row), and line detectors (in the bottom
row). There are a few other known patterns, but these are
the best recognized ones. Note that of course the axis can
be at any angle.

Figure 4: V1 cells are known as ‘complex’ if they do not
have specific excitatory and inhibitory regions, but instead
respond to bars placed anywhere in their field. Here the
grey rectangles represents the same patch of retina three
times over, giving a different boundary between the excita-
tory and inhibitory regions in each case. Some complex cells
are particularly responsive to moving bars.

2This is done with a pipette rather than a wire, and is known as patch clamping.
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Figure 5: The spatial distribution of orientation selectivity
in V1. Data for the image was obtained using voltage sen-
sitive dye and optical imaging. Colors indicate preferred
orientation and saturation indicates the strength of tuning.
The black dots show, to scale, the position of the electrodes
of a Utah array. Figure taken from [13].

the magnitude and frequency of oscillations at characteristic frequency bands, e.g. oscillations
in the 5-10Hz band are common and referred to as theta waves. (This is less relevant in V1,
except perhaps during development.)

Each of these levels of analysis has its shortcomings as well as its benefits - see Figure 7 for a discussion
of one problem with population analysis. At this point it is important to emphasize that each of
these levels of recording and analysis is distinct. We need to be especially careful in V1 because the
mathematics and statistics can seem deceptively similar at all scales. Let us not forget though, that
although we may be analyzing at the population level, ultimately we wish to elucidate the cognitive
algorithm that that is being implemented at the single unit level.

1.4 Motivation for studying V1

The pioneering work of Hubel and Wiesel in the 1960s, some of which has been presented here, led
Marr and others to make significant advances in the theory of visual processing. Over the course
of several papers, and in his book, Vision [15], published posthumously in 1982, Marr described in
some detail how V1-like cells might form the first stage in a complex chain of processing steps leading

Figure 7: Current electrophysiological techniques only
permit us to record from about two or three neighboring
single units simultaneously. If the cells are tuned to simi-
lar stimuli their responses will obviously be correlated, i.e.
when Neuron 1 has a high rate it is likely that Neuron 2
will also. In addition to the signal, these rates have an
element of stochasticity, which sometimes exhibits a weak
correlation across neurons. These two types of correlation
interact and can either increase or reduce the amount of
information theoretically extractable from the signal.

In each of the panels in the figure, the two circles/ellipses
represent a range of responses to two distinct stimuli; the
black line, wdiag, indicates the optimum division between
the two responses if the noise is uncorrelated, and on the
right the red line, woptimal, indicates the optimum given the
noise correlation depicted.
In a the signals are positively correlated; on the left the
noise is uncorrelated and on the right there is a positive
correlation. Here the correlation of the noise acts to reduce
the information in the two neurons, which is shown by the
large area of each ellipse on the incorrect side of wdiag. In
this example, knowledge of the noise’s correlation does not
help us improve the amount of information we can extract
from the pair of signals, which is shown by the equivalence
of the red and black lines.
In b the signals are not correlated; again on the left the
noise is uncorrelated, and on the right there is a positive
correlation. Here the correlation of the noise acts to in-
crease the information, which is shown by the fact that the
red line now perfectly separates the two response regimes.
However it is only possible to benefit from this if we know
what gradient to give the line, i.e. what is the correlation
of the noise. Simply using wdiag would actually gives us less
information than in the case on the left.
Importantly, a weak effect of this kind between pairs of neu-
rons - which may be very difficult to identify experimentally
- will result in large changes in the information content of
large populations of neurons.
Figure taken from [4]. See [17] and [9] for some experimen-
tal evidence of correlations in the retina and V1 respec-
tively, and [1] for details of the mathematics.
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from retinal data through what he called the raw primal sketch, full primal sketch, two-and-a-half
dimensional sketch and ultimately to a full three dimensional model of the exterior world. Since the
publication of this work, significant progress has been made in computer vision, but this has had
little bearing on our understanding of visual cognition. The apparent lack of progress is due to the
fact that until recently, the tools available for experimenting on live animals at the cellular level had
changed little since the 1960s3, and even now it is still not possible to record simultaneously from
large populations of single neurons. As a result, due to its spatial patterns and simple responses, V1
remains one of the only brain regions that can be studied in any detail. Refining our understanding
of V1 is no doubt a perquisite for studying V2 and beyond, but it will also serve to teach us the sorts
of mechanisms that the brain employs in order to accomplish the tasks required of it.

2 Modeling V1 orientation selectivity

2.1 Single units

At the single unit level, a cell which is maximally selective for orientation θ will have a spiking rate
rθ(ϕ, c) when exposed to a stimulus of orientation ϕ and contrast c. The nature of this function r is
well described by the following [18, 2]:

rθ(ϕ, c) = rmax
cn

cn50 + cn
eκ cos(ϕ−θ)

I0(κ)

The nice thing is that this function consists of two separate factors: a contrast factor and an orien-
tation factor. This separability is known as contrast invariance. The contrast factor is a hyperbolic
ratio parameterized by two numbers, n and c50. And the orientation factor is a circular Gaussian
parameterized by θ, describing the location of the peak; and κ or 1/κ, describing the spread. I0 is a
modified Bessel function of order zero, this and rmax are only required for normalization.4

The observed rate (i.e. spike count in a short interval) resulting from this idealized rate is reason-
ably well modeled as a Poisson process with parameter λ = rθ(ϕ, c), this is despite the fact that the
probability of an action potential is dependent on the recent history of the neuron.

2.2 Noise and the iceberg effect

As noted in the 1970s and still discussed [8], contrast invariance at the single unit level is difficult to
explain with Hubel and Wiesel’s original wiring model [11], which proposed that V1 simple cells sum
the responses from a set of collinear LGN on-center (or off-center) cells and then apply a threshold to
give a spiking rate. The problem is that low contrast stimuli produce weaker retinal signals and thus
cannot drive the V1 cells over their threshold - the ‘iceberg effect’. Or rather, the orientation selectivity
should decrease notably with contrast - which it does not. As it happens, low contrast signals are
significantly amplified in the retina and LGN (this is termed ‘gain control’ and is remarkably consistent)
but it still remains to explain why r is smooth across the domain of θ.

Further to this, two other mechanisms may be involved: perhaps recurrent inhibitory connections
in V1 act to reduce firing at non-preferred orientations, thus permitting the use of a lower thresh-
old; alternatively [3] sub-threshold ‘noise’ in V1 could play an important role, turning what was a
fixed threshold into a stochastic boundary. As stated in [8], recent evidence strongly supports the
later mechanism, although there is also substantial evidence of significant lateral connectivity in V1.
And it is noted that noisy thresholds may be an important computational feature widely implement
throughout the brain.

2.3 Multiunits

We now define a rate RV (ϕ, c), where V ⊂Wθ : {i | neuron i is roughly selective for orientation θ}:

RV (ϕ, c) =
∑
i∈V

riθ(ϕ, c)

3Recent advances in optical microscopy and fluorescence techniques hold the promise of offering higher resolution
data.

4I0(κ) =
P∞
a=0

1
a!(a+1)!

“
κ2
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For which we note that the neurons in V all have the same value of θ, but different values of κ, n and c50.
To the experimenter, these three values can be treated as random variables K, N , and C50, sampled
independently from three distributions of some unknown shape (see [6, 16, 2] for experimentally
obtained distributions of these variables and evidence of independence). Using this idea we can
express an expectation for R as:

E[RV (ϕ, c)] = E
[∑
i∈V

riθ,ϕ,c(K
i, N i, Ci50)

]
=
∑
i∈V

E
[
riθ,ϕ,c(K

i, N i, Ci50)
]

= mE
[
riθ,ϕ,c(K,N,C50)

]
where m is the number of neurons in V . Then, since the three variables are independent for individual
cells, we can further expand the expectation:

= mE
[ cN

CN50 + cN

]
E
[eK cos(ϕ−θ)

I0(K)

]
This expectation will be a good approximation only if m is large,which is probably the case (we noted
earlier that it is of the order of several dozen; Figure 8 shows what can happen when m = 2). As with
the case of single units, this formula is separable, and thus contrast invariant. However the shapes
of the contrast function and the orientation function are no longer known - Jensen’s Inequality in its
weakest form says that in general E[f(X)] 6= f(E[X]).5 As it happens, it is reasonable to approximate
RV (ϕ, c) with an identical equation to that of rθ(ϕ, c), but we should be clear that no analytical link
has been demonstrated.

As before it is possible to model the observed rate as a Poisson process,6 this time despite the
possible complex internal correlations within the unit and the complexities of the definition of multi-
unit spiking.

2.4 Population

Having stated our definition for R, we can now define the population response:

Pϕ,c(θ) =
1
n

∑
V⊂W (θ)

RV (ϕ, c) =
1
n

∑
V⊂W (θ)

∑
i∈V

riθ(ϕ, c)

where n is the number of multiunits with preferred orientation roughly equal to θ. This double sum
is equivalent to the single sum in the previous section, but now with a higher value of m. Thus we
have effectively improved upon the approximation to the expectation. We can further increase n by
expressing P as a function of ϕ− θ rather than θ, and aggregating over responses at different values
of ϕ.

A slightly confusing point worth mentioning is that whether or notm is large, R will be a continuous
function of ϕ since it is the sum of continuos functions. However P may have discontinuities in θ if
the number of neurons in each W (θ) is too small. And to reiterate the point made earlier, no amount
of neurons will allow us to claim that P or R will be of the same form as r, though experimental
evidence suggest this is the case [6].

Observations of Pc(ϕ− θ) are observations of a distribution (or vector) not of a scalar, so we must
leave the domain of simple Poission statistics. However it is crucial that we understand the statistics
of P , since it is the instantaneous state of the population which is the input to downstream neurons,

5To see this, imagine taking the expectation of a simple gaussian G = e−ax
2

where the parameter a has a uniform

distribution on the interval [1, 4]. We get E[G(A)] =
R 4

1
p(A)e−Ax

2
dA which is 1

3x2 [e−x
2
− e−4x2

], i.e. it has a different
form from G. Note that here we are deterministically summing Gaussian functions, i.e. we are not summing random
variables drawn from Gaussian distributions, which would produce a further Gaussian.

6There is some debate as to whether this is true: in some experiments [7] responses appear almost Poisson, but not
in others [10]. It is thought that higher variance may be due to fluctuations in the animal’s state of awareness during
the experiment.
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Figure 8: The mean/total rate of two contrast invariant neu-
rons, with the same preferred orientation, in general is not
itself contrast invariant [6]. The light-shaded Gaussian and
dark-shaded Gaussians are the same in both panels except
their magnitudes are smaller in the second panel. In other
words the panel on the left represents response to a high
contrast stimulus, and that on the right represents the re-
sponse to a lower contrast stimulus. In both panels the red
line shows the mean of the two Gaussians. For ease of com-
parison, a dotted black line is shown on the right in the same
location as the red line in the left panel.

as well as likely impacting on V1 itself via recurrent connections. This brings us to the problem we
wish to address in this work: how can we test whether the population response is contrast invariant
over a short (one or two-second) time window? If it proves not to be invariant, we may have to adjust
the model. Either way, we will improve our understanding of how sub-threshold ‘noise’ is regulated
during changes in contrast.

Before considering this question it is temping to ask a more fundamental one: how exactly do
downstream neurons ‘interpret’ (or ‘decode’) the population response? It is often assumed that this
decoding is simply a vector averaging of the population, but there is some evidence [10] that individual
neurons may be reliable enough to act as the population signal. Elsewhere, [9] a range of possibilities
have been discussed and tested and it has been concluded that the optimal decoding technique (which
uses units’ covariance) is probably not being implemented, though with current technology it is difficult
to make any strong statements. Another approach has been [6] to probe the population with two
super-imposed stimuli of different orientation and contrast, and then fit the population response to
various candidate models.7 The data show that as the difference in contrast between the two stimuli
is increased, the population transitions from representing both stimuli, to a winner-takes-all scenario
in which the weaker contrast stimulus is underrepresented by the population.

However, without knowing the decoding algorithm, it is not clear whether we are characterizing
the population response appropriately, or in other words we cannot be sure that we are looking at the
true information content of the population.

3 Data analysis

3.1 Multiunits

The data presented in [6] were used again here.8 The data consisted of multiunit spike times recorded
from layers 2 and 3 of V1 cortex in cats. In each experiment approximately 95 multiunits were
successfully recorded. The stimuli were sinusoidal gratings like those in Figure 9. Spatial frequency
was chosen to maximize the response of the multiunits.

The first stage of analysis described in [6] can be broken into several steps:

Figure 9: Example stimuli used in experiment. Each stimu-
lus has a fixed angle and a maximum contrast and all stim-
uli have the same spatial frequency. Contrast is temporally
modulated by a 4Hz sine wave.

7The first model was the weighted sum of two r(ϕ, c) functions. It provided good fits to the data, but had a large
number of parameters and was not predictive. The second model took the form of a ‘contrast normalization’:

R1+2(c1, c2) = rmax
cn1G1 + cn2G2

cn50 + (c21 + c22)
n
2

where G1 and G2 were the Gaussian responses to the stimuli when presented separately. This model has fewer parameters
and still provides a good fit to the data.

8Approximately half the stimuli were not suitable for this analysis due to having two gratings rather than one.
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Figure 10: Example responses of two multiunits taken from
CATZ082 series 6 experiment 3. Note that the response
of the unit in the left panel drops significantly below the
background rate, whereas the response of the multiunit on
the right does not. Error bars show ±1SE.

1. Calculated a mean rate for each unit for each presentation of the stimuli. A more rigorous,
though less successful, approach would be to extract the power in the 4Hz (or 8Hz) band of
the signal, since this corresponds to the stimuli at maximum contrast. In the past, attempts
were made to use different frequency components of the signal to distinguish between simple and
complex cells (using a modulation ratio) but this was later found not to be possible - see [16].

2. Calculate the vector average for each unit over all orientations of the full-contrast stimuli:

R =
∑

k rke
i2θk∑

k rk

where rk is the mean rate of the unit for stimulus orientation θk. Define the unit’s preferred
orientation, ϕ, as Arg[R]12 .

3. The circular variance, given by 1 − |R|, indicates of how well tuned the unit is. Discard units
with variance greater than 0.85.

4. Subtract each unit’s mean background firing rate (obtained when no stimulus is present) from
all its responses. Zero any negative rates that result. It is likely that this background rate not
only corresponds to the baseline firing rates of cells comprising the multiunit [16], but also to
the unrelated firing of cells that we do not wish to include in the multiunit. Figure 10 gives
examples where one or other of these sources of background may be dominating, though there
are a number of other possible explanations.

5. Normalize each unit’s firing rate by dividing by the mean response to the maximum contrast
stimuli).

There are a couple of problems with this approach. Firstly, the variance of the rates is roughly
proportional to their means, which weakens the case for using the naive vector average. Secondly, it
may be wrong to subtract out both sources of background: our definition of rθ(ϕ, c) does not permit
negative values (since rates cannot be negative), so perhaps we should treat sub-baseline responses as
fractional rates rather than negative rates.

A possible solution to both these problems is to parametrically fit rθ(ϕ) to the data, using an
exhaustive search for the least squares solution. In addition to κ and θ, we parameterized the function

Figure 11: Parametrically fitted curves for the 52 well-tuned
units in series 6 experiment 3 for CATZ082. Colors are
purely to aid visualization. Curves are all mean normal-
ized to one. For the 52 units pictured, the weighted-MSE of
the fit is 0.17 ± 0.12. In the end these fits were not used in
the analysis.
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Figure 12: Example population response to the presentation
of a stimulus at 0 degrees with 12% contrast. The left panel
shows the response of the population averaged over repeats,
the right panel shows the values for a single presentation of
the stimulus. The black diamonds show the rate of individ-
ual multiunits and the blue line shows the binned, smoothed
rates. The green curve is the result of fitting a circular Gaus-
sian to the binned values. FVE values give the fraction of
variance explained for the green curve applied to the black
points. Data from CATZ084 series 12 experiment 16.

by a background level offset and a magnitude.9 At the multiunit level this approach gave reasonable
fits, however it proved difficult to use the results at the population level. So, in the end this method
was abandoned - see Figure 11 for an example set of fits.

3.2 Population

The standard approach when analyzing the time-averaged population response is to bin units into 12
groups according to their preferred orientation and then find the mean rate in each group [6]. As
mentioned in the modeling section, it is also possible to aggregate over all orientations of stimuli by
binning according to the difference between the stimulus orientation and the preferred orientation,
rather than the absolute stimulus orientation. After this processing step it is relatively easy to fit
circular Gaussians to the population response.

Here, however, we do not have the luxury of averaging over either repeats or stimuli. Referring
back to the modeling section, this means that not only will the observed values of R have a greater
error, but P (θ) may also have some discontinuities.

In response to these issues it was decided to discard two out of the eight experiments, leaving only
those with a greater number of well-tuned units (32, 32, 45, 51, 52, and 66). In addition, instead of
using 12 bins, the population was binned into 180 bins and then smoothed with a gaussian kernel
(σ2 = 36 degrees2). The mean values were obtained from this by dividing by analogously binned and
smoothed unit counts. It was hoped that this would make P more Gaussian-like. To account for the
greater Poisson-type nature of the data, during fitting it was decided that the squared errors should
be weighted by an indicator of variance. To ensure this weight was neither too high nor too low, and
reflected both the sample variance and the expected variance of a Poisson process, the weights were
defined as:

W =
2

1 + v/maxθ(v)
where v =

√
P (θ)σ(θ)

where P (θ) is the binned-smoothed mean and σ(θ) is the smoothed variance.10

Figure 12 shows an example of this fitting process applied to a low contrast stimulus, and the full
set of results are given in Figure 13. Inevitably the fitting improves with contrast which makes it
difficult to compare values of kappa, especially using the data in this aggregate form. Qualitatively
however, kappa appears not to depend on contrast.

It might have been better to calculate ranked correlations from each experiment separately, and
then summarize the results using p-values and an appropriate false discovery rate correction. Alter-
natively, we could calculate two FVE statistics for each trial, firstly using the fit to the individual
trials and then using the fit to the average (as in Figure 12). A comparison between between these
two values would indicate the strength of the fits obtained.

9The fit is performed on the mean normalized data, so the magnitude should be close to unity. Also note that when
adjusting the offset and magnitude we have to take care to normalize the goodness of fit appropriately.

10Smooth variance was calculated by finding the squared error of each unit’s response relative to P (θ) and then
binning, smoothing, and normalizing as was done with P itself.
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Figure 13: Box plots showing the results of fitting for all
trials of all experiments. Outliers lie beyond the 5th and
95th percentiles. As in Figure 12, FVE stands for fraction
of variance explained by fit.

3.3 Fluctuations of population response

We now consider a different approach. As has already been stated, the population response appears
contrast invariant when averaged over enough trials. So if we wish to show that invariance exists for
single trials, all we need to do is compare across trials of the same stimulus and demonstrate that the
response is ‘the same’.

The simplest way for the response to be different across repeats is for the peak rate to fluctuate
around the value of the true stimulus orientation – see top two panels of Figure 14. If this is the case,
we might be able to detect these fluctuations by measuring the angular variance of the population
mean.

Figure 15 shows the results of such an analysis. Although there is some drop in the variance as
contrast is increased, the relationship appears weak, and is difficult to interpret.

Perhaps a more powerful approach would be to examine correlations between pairs of cells across
repeats of the same stimulus. In some regions we will expect a positive correlation and in other regions
a negative correlation - see bottom panel of Figure 14. If on the other hand the population response
is constant, there will not be any detectable correlations across repeats of a single stimulus.

An analysis of this type was explored using the following method: for each stimulus we can calculate
the Spearman’s rank correlation coefficient, ρab, for all possible pairs of units a and b (e.g. with 32

Figure 14: When presented with a stimulus of orientation
s, perhaps the population recognizes it with some error,
shifting the population response by a small angle relative
to s. This is depicted in the top panel, with the center of
the red curve being slightly offset from the true stimulus
orientation. Over multiple repeats of the same stimulus,
this error will presumably have a roughly normal distri-
bution. This is depicted in the centre panel, with the
dotted black lines representing the population response
on individual trials, and the red line representing the av-
eraged population response. Note that the width of the
averaged response (red) is larger than the width of indi-
vidual trials (black).
In the bottom panel, the response curves of a pair of
neurons, a and b, are depicted (mean normalized). If the
population response fluctuates around the true value as
shown in the top two panels, we should expect a correla-
tion between a and b across repeats of a single stimulus.
The correlation will be negative in the shaded regions,
and positive in the unshaded regions. If, on the other
hand, the population response is always centered on the
true stimulus orientation, we should not expect any cor-
relations.
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units we have 32× 31× 1
2 = 496 pairs).11 Then for each pair we identify in which region of Figure 14

each stimulus lies. From this we calculate weights, wθab, for each stimulus, where the sign of w is
given by the sign of the expected correlation, and the magnitude is defined as one over the number of
stimuli in the region (positive or negative region). Thus the weights in the negative region sum to −1,
and in the positive region to +1. Once we have calculated weights and correlations, we can calculate
a metric, Mab, for each pair of cells at each contrast, c:

Mab(c) =
∑
θ

wθabρθab

Strongly positive values of M correspond to differences in the population response across trials, and
values of Mab close to zero correspond to consistent population responses. However computing all
the values of M is not enough to distinguish between the two hypotheses; we need to compute the
distribution of M values under shuffles of the data and calculate significance values.

This approach does not require us to subtract background or normalize the units’ rates, which is
good. Also, in theory it should be relatively agnostic of the distribution of tuning widths within the
population. We cannot say it is truly agnostic because values of Mab will tend to be low when a or b
has either a very wide or very narrow tuning width. The value and interpretation of Mab will depend
upon the number of repeats of the stimulus, making it non-trivial to compare across experiments with
different protocols. More importantly, we should note that the variance of Mab will depend on the
number of stimuli in each region. For example if a and b have very similar preferred orientations, all

Figure 15: In the figure, each color corresponds to a separate
experiment. The dots show the angular variance of the pop-
ulation mean across repeats of the same stimulus. The lines
connect the average (geometric mean) of the angular vari-
ance at each contrast. Given the multiple levels of summary
statistics used to produce this data, it was considered more
appropriate to display it graphically rather than summarize
it further and test for correlations.

11Spearman’s rank correlation coefficient is given by:

pab =

P
(ai − ā)(bi − b̄)P

(ai − ā)
P

(bi − b̄)

where ai and bi are the ranked values of rates for units a and b for the ith presentation of a stimulus, and ā and b̄ their
means. Tied values are assigned the mean of the tied ranks.
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stimuli will fall in the positive region and the variance of M will be related to 1
n , whereas if a and b

have perpendicular preferred orientations the weights will be equal to ± 2
n and the variance of Mab will

be related to 2
n + 2

n = 4
n . It may be possible to adjust the definition of Mab to account for this, but

it was hoped that by comparing against appropriate shuffles of the data, the analysis could be made
insensitive to this problem.

This method is reasonably complex, and as such it remains to be fully implemented (no results
are shown here).

4 Concluding remarks

We have described the link between averaged population responses and single unit responses, and
have presented some initial analysis to test whether contrast invariance exists over short time scales.
The initial results suggest invariance holds, but they are not conclusive. Further potential analytical
approaches have been discussed. Ideally we would like to consider shorter and shorter time frames,
but with the experimental protocol used it is not clear that this is possible.
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