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Abstract
Biological visual systems are celebrated for their ability to reliably and precisely recog-
nize objects. However, the specific neural mechanisms responsible for this capability
remain largely elusive. In this study, we investigate neural responses in the visual areas
V1, V2, and V4 of the brain to natural stimuli using a framework that includes quadratic
computations in order to capture local recurrent interactions, both excitatory and suppres-
sive. We find that these quadratic computations and specific coordination between their
elements strongly increase both the predictive power of the model and the neural selec-
tivity to natural stimuli. Particularly important were (i) coordination between excitatory
and suppressive features to represent mutually exclusive hypotheses regarding incoming
stimuli, such as orthogonal orientations or opposing motion directions in area V4, (ii) bal-
ance in the contribution of excitatory and suppressive components and its maintenance
at similar levels across stages of processing, and (iii) refinement of feature selectivity
between stages, with earlier stages representing broader category of inputs. Overall,
this work describes how the brain could use multiple nonlinear mechanisms to increase
selectivity of neural responses to natural stimuli.

Summary
Although machine vision has improved greatly, it differs from human vision in many respects.
One of the crucial ways in which it is different is that machine vision can be tricked by adding
tiny perturbations that are imperceptible to a human. To understand how biological vision
achieves its robustness, we analyzed responses of neurons from several brain areas perform-
ing visual recognition. We found that these responses could be better described when stan-
dard machine vision models were modified to include quadratic computation into their core
element. Two properties of this quadratic computation increased neuronal selectivity. First,
quadratic computation included suppressive elements that suppressed responses to visual
patterns that would be incongruent with the main pattern. Second, suppressive and excita-
tory patterns were balanced in their number, size, and other properties in almost all brain
regions studied. The results highlight unique features of brain computation that uphold neural
selectivity throughout different processing stages.
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Introduction
The visual system takes a pattern of photons interacting with rod and cone cells in the retina
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and processes this pattern through multiple stages until it is able recognize the presence
of various objects within the scene. The broad strokes of this process are known (finding
points of contrast, extracting edges from these points, combining these edges into curves and
intersections, etc.), but the details of how the presence of secondary features modifies the
responses of neurons is less well understood. To address this goal, we have designed a com-
putational model that is scalable and can be used to analyze neural responses across differ-
ent stages of visual processing. The model extends the standard convolutional neural network
model to include nonlinearities designed to mimic properties of real neural networks, includ-
ing local recurrent interactions, and at the same time remains computationally tractable.
Specifically, the model adds a quadratic filter in addition to the standard linear filter in the
basic neuron-like subunit of the model. A version of this model that included the quadratic
filter only in the first layer was previously used to characterize responses of neurons within
the visual area V2 [1]. Applying this model to responses of neurons from the next stage of
processing, the visual area V4, we found that it could not adequately account for these neu-
ral responses. Therefore, we further extended the model to include a quadratic filter in all
layers, not just the first convolutional layer (Fig 1A). From a computational perspective, the
quadratic filter provides an effective tool for capturing the contributions of local recurrent
circuitry at each stage of processing [2]. It can also describe multiple overlapping visual fea-
tures that may affect neural responses locally [3,4]. In particular, this allows one to take into
account the suppressive features that have been shown to be important for enhancing robust-
ness of neural responses at the primary [3,5–9] and the secondary [10–12] visual areas V1 and
V2. Because all layers of the model have a quadratic filter, the framework opens the possibility
for discovering the general rules for suppressive interactions.

Fig 1. Two-layer quadratic convolutional model accounts for neural responses to natural stimuli across in four brain regions. A. Schematic of the model.
For the first, convolutional layer, patches from different positions and times from the stimulus (left) are passed through identical quadratic subunits. The subunits
contain a linear filter and a quadratic filter (middle). The linear filter operates like a typical neural network subunit. The quadratic filter operates on the outer
product of the input, allowing sensitivity to multiple features in the input. The outputs of the linear and quadratic filters are added together along with a scalar
bias and passed through a sigmoid that thresholds and saturates the response. The responses from each position and time form the outputs of the first layer. These
responses are pooled by another linear and quadratic filter (right). Their outputs are added with another bias and rectified with a softplus function to produce a
predicted firing rate. B. Comparison with machine learning models. The quadratic convolutional model has comparable performance with XGBoost, a gradient-
boosted decision tree model focused only on predicting responses that is not amenable to interpretation of its parameters (mean ± s.e.m. for cat V1 values were
0.45 ± 0.03 for the quadratic convolutional and 0.32 ± 0.03 for xgboost. In primate V1: 0.59 ± 0.03 for the quadratic convolutional model versus 0.63 ± 0.03, V2:
0.34± 0.02 versus 0.28± 0.02, V4: 0.259± 0.015 versus 0.259 ± 0.014).

https://doi.org/10.1371/journal.pcbi.1013075.g001
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Our model (shown schematically in Fig 1A) is based on the convolutional neural net-
works often used in computer vision [13]. In these models, each layer is composed of sub-
units whose activity is determined by a multi-dimensional linear combination of their local
inputs that is then passed through a nonlinear function. The nonlinear function thresholds
the response and (depending on the form of the function) may cause the response to satu-
rate at some maximum value. The outputs of these subunits are convolved across the stimulus
to provide a response at each location in the image that is then used as the input for the next
layer. The advantage of convolutional models is that they provide an efficient means of encod-
ing positional invariance which enables recognition of objects regardless of where they appear
in the visual field.

We build upon this base model by adding a multidimensional quadratic filter in addition
to the linear filter at each layer of the model. This is motivated in a couple of ways. First, this
may be thought of as adding the quadratic term of a Taylor expansion of the nonlinear func-
tion describing the computations performed by upstream neurons as well as the neuron’s
own nonlinear processes. The quadratic filter can represent the interactions of multiple fea-
tures together in contrast to the single feature of the linear component. Second, certain neural
responses, such as the phase-invariant response of complex cells in area V1, can be emulated
using quadratic terms in what is called an energy model [14].

We use this model to characterize neural responses across different stages of visual pro-
cessing [15–17], using data from the primary visual cortex (V1) of the monkey [18] and the
cat [19], the secondary visual area V2 of the monkey [18], and finally the area V4 of the mon-
key [20]. In all cases, neural responses were probed with natural stimuli (although there were
differences in temporal statistics between different sets of stimuli, discussed below). Data
from the cat were obtained under anesthesia, while all primate data were obtained from awake
animals [18–20]. For each neuron, the fitting procedure adjusted the rank of the quadratic
filter at each layer and the relative size of the convolution layer’s filter to the size of the stim-
ulus. Despite these adjustments, the model remained computationally tractable because it
uses at its core the quadratic computational element which by itself allows for convex opti-
mization devoid of local optima [2]. We note that the linear combination is not constrained
during optimization, i.e. can be an arbitrary spatiotemporal profile, although after the fit, the
resulting profile will be approximated as a combination of Gabor functions.

Results
Quadratic convolutional model matches the performance of
non-interpretable benchmark model
Before analyzing the structures of our models to infer what computations are being per-
formed by the neurons, we first established that our models were replicating a reasonable frac-
tion of the neuron’s responses. In order to estimate how much of the neuron’s responses can
be reasonably replicated, we turned to XGBoost as a benchmark [21]. This algorithm com-
bines the weak predictions from multiple decision trees into a larger model that is far more
accurate than its individual parts. Although the XGBoost’s algorithm of forest of decision
trees does not lend itself to inspection of how selectivity was achieved, it can give us an esti-
mate of what level of performance we can reasonably expect from more interpretable models.
The quadratic convolutional model achieved comparable and, in some cases, substantially
better performance than XGBoost (Fig 1B). In the case of V1 neurons, the quadratic con-
volutional models actually outperformed the benchmark model, and they reached >97% of
the benchmark’s performance for higher visual processing stages. The high predictive power
achieved by our quadratic convolution model when accounting for neural responses in V1,
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V2 and V4 validates its use as tool for characterizing the computations performed within
these areas.

Bimodal distribution in the relative dominance of linear and quadratic
computations
Although all neurons were modeled with quadratic filters in both layers, the models did not
necessarily need to use the additional quadratic filter for their predictions of the neuron’s
responses. In order to determine which parts were relevant to the model’s response and there-
fore might contain information about the computations performed by the neurons, we calcu-
lated a quadratic index, defined as the variance of the output of the quadratic term divided by
the sum of the variances of the quadratic term and the linear term. When this index is close to
zero, the output of the linear filter dominates the response, and the output of the quadratic fil-
ter dominates the response when the index is close to one. We calculated this index for each
layer and found that the distribution was strongly bimodal in all cases (Fig 2A). We note that
the strength of bimodality is partially dependent on the choice of the sigmoid activation func-
tion in the first layer because the strength of bimodality was reduced when the activation
function was changed to a rectified linear (RELU) function (S12 Fig). The enhancement of
bimodality from the use of sigmoidal nonlinearity is expected because this nonlinearity serves
as a classifier. In principle, it can create bimodal distributions even from a purely unimodal
distribution [22]. The fact that bimodality persists when model structure is modified to use a
more linear function points to an underlying biological mechanism that separates cells into
classes based on the strength of the quadratic index at each layer of the model. We consider
the following four classes: Linear-Linear (LL), Linear-Quadratic (LQ), Quadratic-Linear (QL),

Fig 2. Fraction of variance contributed by quadratic component of first and second layers. A.The quadratic index is the variance of the contri-
bution of the quadratic component of a layer divided by the sum of the variances of the outputs of the linear and quadratic filters. Across all areas,
most neurons were dominated by either the linear or the quadratic component for both stages, so we divided them into four classes based on which
component contributed more to the outputs of the layers. B.The distribution of the neurons into four classes: linear in the first layer and linear in the
second (LL), linear-quadratic (LQ), quadratic-linear (QL), and quadratic-quadratic (QQ).

https://doi.org/10.1371/journal.pcbi.1013075.g002
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and Quadratic-Quadratic (QQ). This classification builds upon and expands the simple and
complex cells definitions in area V1 where cells are classified based on the extent to which
they respond to their inputs linearly or nonlinearly [23,24]. The distributions of neurons into
these categories for each dataset are shown in Fig 2B.

The quadratic computations were more common in the primate neurons than in the cat
neurons. Neurons with quadratic computations in the first stage of the model comprised 3/4
of the data in area V2 and V4, and a similar but even greater fraction among primate V1 neu-
rons. By comparison, QQ neurons were absent in the cat V1 altogether, with QL neurons
comprising 1/4 of the population (Fig 2). Comparing the primate and cat V1, the average
number of features at the first stage was not statistically different when counting all cells (both
quadratic and linear at the first stage, with linear cells counted as one feature). However, look-
ing at only the quadratic neurons in the first stage, these neurons were less frequent in the
cat and had more features than quadratic-at-the-first-stage neurons in the primate (S4A and
S4B Fig).

Quadratic computations were also important at the second stage, providing a dominant
contribution in just under half of neurons in primate V1, V2, V4, with no significant differ-
ences between areas, cf. S4 Fig. In the cat, quadratic neurons represented only 1/4 of the V1
population. Comparing neurons that were quadratic-at-the-second-stage, we found that these
neurons had similar number of features across all brain regions studied (no statistically signif-
icant differences, S4D Fig, ANOVA, F[3, 129] = 1.69, p > 0.05). Because quadratic cells were
less common in cat V1, overall across all neurons, the number of features was less in cat V1
compared to V1/V2/V4 of the primate (S4C Fig, ANOVA, F[3, 349] = 4.06, p < 0.01; t-test,
cat V1 vs macaque V1, D(110) = 4.29, p < 0.001; vs macaque V2, D(138) = –2.80, p < 0.01;
vs macaque V4, D(219) = –3.17, p < 0.01). Overall, these results highlight the importance of
quadratic computations for multi-stage visual processing.

Cross-orientation suppression between local features
We now describe the local feature selectivity performed by the first layer of the model. The
quadratic filter can encode combinations of arbitrary features, so we must use some frame-
work to systematically understand what features the local subunit responds to. The com-
monly used eigenvector decomposition requires the eigenvectors to be orthogonal [4,25,26],
which causes them to become linear combinations of the likely non-orthogonal features that
modulate a neuron’s response.

In order to be able to better interpret identified computations in terms of underlying
neural circuits, we sought to characterize these features as combinations of edge-detectors,
namely four different sets of features based on Gabor wavelets [27]. The first was a set of stan-
dard Gabor wavelets. The second were quadrature pairs of wavelets with identical parame-
ters except for a 90○ offset in their phase. Combined quadratically, these pairs could provide
phase-invariant response to stimuli of their preferred orientation and wavelength. The third
and fourth sets of features were curved versions of the previous sets. Using the AIC criterion,
we determined that the curved, non-paired Gabors best fit the quadratic term and used it for
the following analysis (S1 Fig).

A key advantage of using a quadratic filter is that it makes it possible to simultaneously
estimate excitatory and suppressive features that affect neural responses at each layer of the
model. Considering coordination between excitatory and suppressive features we find that
in all primate visual areas, from V1 to V4, excitatory and suppressive features had a strong
preference for orthogonal orientation at the point of maximum feature strength (Fig 3A). The
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Fig 3. Excitation and suppression are orthogonal to each other in first layer quadratic cells. A. Difference between the mean orientation of the
excitatory features and the mean orientation of suppressive features at the position of maximum interaction. The distribution is biased towards
orthogonality for macaque V1, V2, and V4 but not cat V1. B. An example QL neuron from V4 showing the horizontal preference of the excitatory
feature and the vertical preference for the suppressive feature. The inner square is the size of the first layer features, and the lines show the peak of the
curved Gabors extended out to one 𝜎 with the horizontal excitatory feature in cyan and the vertical suppressive feature in magenta. Note that they are
orthogonal to each other where they intersect.

https://doi.org/10.1371/journal.pcbi.1013075.g003

bias towards 90○ was significant in all primate areas (Kolmogorov-Smirnov test versus uni-
form distribution; V1 D(46) = 0.26, p < 0.01; V2 D(60) = 0.39, p < 0.001; V4 D(115) = 0.24,
p < 0.001). It was not significant in cat V1, likely due to the small number of neurons with
a strong quadratic computation at the first layer (D(15) = 0.16, p > 0.05). Fig 3B shows an
example neuron with its orthogonal excitatory and suppressive features as well as how the first
layer’s subunits are pooled by the second layer.

Looking more closely at the properties of the fitted Gabors, we found that the orienta-
tions of excitatory or suppressive Gabors tended to be aligned with each other, with the mean
weighted angular standard deviation being: 5.4○ for cat V1 excitatory features, 5.8○ for cat V1
suppressive features, 7.0○ for macaque V1 excitatory features, 4.8○ for macaque V1 suppres-
sive features, 4.9○ for macaque V2 excitatory features, 5.5○ for macaque V2 suppressive fea-
tures, 8.4○ for macaque V4 excitatory features, and 5.8○ for macaque V4 suppressive features.
Of the four datasets, only the macaque V4 had significantly larger variation in preferred ori-
entation of excitatory features compared to other brain regions (paired difference t-test: cat
V1, D(14) = 0.15, p > 0.05; macaque V1, D(45) = 1.41, p > 0.05; macaque V2, D(59) = 0.51,
p > 0.05; and macaque V4, D(114) = 4.13, p < 0.001). The weighted mean of 𝜎 was only sig-
nificantly larger for excitatory features than suppressive features for macaque V4 (paired dif-
ference t-test: cat V1, D(14) = 1.10, p > 0.05; macaque V1, D(45) = 1.24, p > 0.05; macaque
V2, D(59) = 1.10, p > 0.05; and macaque V4, D(114) = 2.34, p < 0.001). However, the over-
all spatial coverage of the combined Gabor features was not significantly different between
excitatory and suppressive features for any area (paired difference t-test: cat V1, D(14) =
1.64, p > 0.05; macaque V1, D(45) = 1.69, p > 0.05; macaque V2, D(59) = 1.37, p < 0.05; and
macaque V4, D(114) = 1.83, p > 0.05).
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Orientation alignment across layers
Next, we examine the coordination between the convolutional and pooling layers of the
model. Using the Fourier transform to find the preferred feature orientation of the dominant
filters, we find that the orientations align between layers (Fig 4A). In other words, the domi-
nant feature of the second-layer’s pooling filter has the same primary orientation as the local
features it integrates, selecting for continuations of the features preferred by the first layer.
This alignment of preferred orientations between convolutional and pooling layers was sig-
nificant in all areas (Kolmogorov-Smirnov test versus uniform distribution; cat V1: D(60) =
0.57, p < 0.05; macaque V1: D(52) = 0.27, p < 0.001; macaque V2: D(80) = 0.22, p < 0.001;
macaque V4: D(161) = 0.19, p < 0.001). This analysis included all neurons by analyzing the
linear or quadratic filter of each layer depending on which was dominant. This selectivity
for continuations of the first layers preferred feature can be seen in the stimulus that had the
highest predicted firing rate for an example neuron (Fig 4D). In this example, the first layer
features describe selectivity for 135○ edge Fig 4B. The second pooling layer also has similar
selectivity, which in the case of pooling signifies preference for the set of edges that are shifted
in this direction (Fig 4C). The end result is selectivity for a long thin contour that is assem-
bled from constituent pieces. This way of creating selectivity for contours can afford greater

Fig 4. Orientation selectivity aligned between first and second layers. A.The difference in the dominant orientation of the first and second lay-
ers across V1, V2, and V4. The difference was significantly non-uniform across all three areas (cat V1 D(60) = 0.57, p < 3 × 10–19; macaque V1
D(52) = 0.27, p < 8 × 10–4; macaque V2 D(80) = 0.22, p < 9 × 10–4; macaque V4 D(161) = 0.19, p < 2 × 10–5). B. An example cat V1 LL neuron with
vertical orientation preference in both its first- and second-layer features. C. A schematic showing how multiple edge-detecting features can be pooled
along their preferred orientation in order to be combined to select for longer edges.D. A frame from the stimulus that provokes the highest response
from the model for this neuron. The diagonal line in the stimulus extends beyond the size of the edge-detecting feature in the first layer linear filter.
The extension of the feature along the direction of pooling causes a higher response.

https://doi.org/10.1371/journal.pcbi.1013075.g004
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robustness than building a single filter with a desired profile. We will test the impact of this
arrangement on robustness of neural responses further below.

Opponent selectivity to motion in area V4
Suppressive features were just as prominent at the pooling layer as they were at the first, local
layer of the model (S5 Fig). Unlike the cross-orientation suppression that was dominant
between local features, here at the pooling layer, for most neurons the excitatory and sup-
pressive features had similar orientations (Fig 5A; Kolmogorov-Smirnov test versus uniform
distribution; cat V1: D(12) = 0.39, p < 0.05, macaque V1: D(23) = 0.64, p < 0.001; macaque
V2: D(29) = 0.38, p < 0.001; macaque V4: D(69) = 0.47, p < 0.001). By construction, the exci-
tatory and suppressive features cannot completely overlap with each other, so the excitatory
and suppressive features must differ in other stimulus parameters, such as spatial frequency
and/or temporal features such as motion. We did not find systemic differences across the pop-
ulation between the excitatory and suppressive features in earlier brain regions (V1 and V2).
However, in area V4 the excitatory and suppressive features were systematically organized
along opposing directions of motion (Fig 5B, Kolmogorov-Smirnov test versus uniform; cat
V1: D(12) = 0.18, p < 0.05; macaque V1: D(23) = 0.14, p > 0.05; macaque V2: D(29) = 0.18,
p > 0.05; macaque V4: D(69) = 0.28, p < 0.001). At this point, it is useful to note that selectiv-
ity to motion was stronger in area V4 compared to earlier areas V1 and V2. This was true both
for neurons that had predominantly linear or quadratic second layer (S2 Fig).

Fig 5. Excitation and suppression are aligned within the second-layer quadratic component. A.The dominant orientation of the excitatory
and suppressive components of the second layer quadratic cells were aligned for cat V1, macaque V1, V2, and V4. B. In macaque V4, second layer
quadratic cells excitation and suppression preferred motion of opposite directions. This was not significant for other brain regions. C. For macaque V4
cells quadratic in the second layer, there was a preference for orthogonal phases between the first and second excitatory or suppressive features when
there were two or more significant dimensions. This combination of features could provide excitation or suppression to motion that is invariant to the
position of the object as it crosses the receptive field.D. An example LQ neuron from V4 showing the vertical selectivity in both the excitatory and
suppressive feature of the second layer. The top two excitatory and suppressive features are shown, with each row showing a separate feature.

https://doi.org/10.1371/journal.pcbi.1013075.g005
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We tested whether these differences could be due to the differences in the stimuli used in
the experiments. The macaque V4 and cat V1 datasets used a natural movie stimulus which
contained the temporal correlations of natural motion. The macaque V2 dataset used natural
image sequences which didn’t have correlated motion across multiple frames. The macaque
V1 dataset used images with simulated saccades, which had limited motion and signifi-
cantly less power at non-zero temporal frequencies compared to natural stimulus used in V4
and cat V1. By comparison, the flashed natural image sequence dataset had constant power
across temporal frequencies, significantly larger than in the natural motion stimulus dataset,
cf. S10A Fig. To test whether these differences in stimulus statistics could affect estimation
results we generated model spikes from each stimulus set based on the direction selective
example neuron. We were able to recover the direction selectivity based on spikes generated
from natural movie stimuli, cf. S10B Fig. The spikes generated from flashed scenes (macaque
V2 dataset) did not permit us to recover direction selectivity, but we were able to recover a
stationary feature. In the case of the simulated saccade stimulus (used in macaque V1 record-
ings), we were likewise not able to recover temporal modulation. Thus, the observation of
motion selectivity in primate area V4 and lack of this observation in primate areas V1 and V2
could in part be due to reduced temporal correlation in the stimulus datasets used in primate
V1 and V2 recordings.

In area V4, we were also able to detect phase alignment within excitatory and suppressive
features in cases where there were at least two significant excitatory or suppressive dimen-
sions (Fig 5C; Kolmogorov-Smirnov test versus uniform distribution; cat V1: D(24) = 0.12,
p > 0.05; macaque V1: D(44) = 0.11, p > 0.05; macaque V2: D(58) = 0.17, p > 0.05; macaque
V4: D(128) = 0.14, p < 0.01). This alignment could provide an invariant excitation to an object
moving in the preferred direction regardless of position in the visual field or a corresponding
invariant suppression of the response to motion in the opposite direction. We tested this by
finding the moving sine gratings that maximized and minimized the response of the example
neuron shown in Fig 5D. As expected from the features shown, the model had a maximum
response to gratings moving up and to the right and minimum responses moving in the oppo-
site direction (down and to the left) (S11 Fig). The phase of these gratings had little effect on
the response, varying by 0.03 for the maximum grating and 0.009 for the minimum grating
(standard deviation divided by the mean).

Using the same procedure to find a moving sine grating that maximized the response of
each neuron, we then rotated the orientation of each grating and used the directional circu-
lar variance to measure how selective the neuron was for its preferred direction (S13 Fig) [28].
The mean circular variance was 0.25 ± 0.03 for cat V1, 0.101 ± 0.013 for macaque V1, 0.115 ±
0.015 for macaque V2, and 0.117± 0.013 for macaque V4.

Coordination between features increases image selectivity
We now examine how the computational motifs described above increase selectivity of neural
responses to natural stimuli as defined by the sparseness of the responses: var(r)/mean(r)2.

This quantity is zero when the responses are completely uniform and is maximized when
only a single stimulus causes a response. We used sparseness instead of other metrics such as
dynamic range because it takes into account all of the response values, instead of just its min-
imum and maximum values. Sparseness also has analogies to Shannon mutual information,
with a maximum sparseness indicating a single, highly informative response to a particular
input and sparseness of zero corresponding to a constant output transmitting zero informa-
tion. This is monotonically related to the measure of sparseness used by Willmore et. al. [29],
but it is not bounded on the upper end by 1.
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First, the overall presence of the quadratic filter increased the selectivity of neural
responses (Fig 6A-C). For both layers, models that were fit to neural responses without
quadratic component produced less sparse responses compared to models where quadratic
computations were allowed. This was true in all brain regions, see below for statistical
tests, except for cat V1 where quadratic cells constituted a small fraction (binomial test, the
full model versus the model without quadratic component at both layer: cat V1 p < 0.001,
macaque V1 p < 0.001, macaque V2 p < 0.001, macaque V4 p < 0.001; the full model ver-
sus the model without a quadratic component in the first layer: cat V1 p > 0.05, macaque
V1 p < 0.001, macaque V2 p < 0.001, macaque V4 p < 0.001; the full model versus the model
without quadratic component in the second layer: cat V1 p > 0.05, macaque V1 p < 0.001,
macaque V2 p < 0.001, macaque V4 p < 0.001). Therefore, in all primate areas, adding a

Fig 6. Quadratic computations increase neuronal selectivity to natural stimuli. Alignment between first and second layer, orthogonality of exci-
tation and suppression in the first layer, and alignment between excitation and suppression in the second layer all increase selectivity. For all panels,
the bars show the fraction of cells where the responses of the Quadratic-Quadratic model were sparser than the responses of the alternative model.
A-C. Quadratic-Quadratic model responses were sparser significantly more often than the Linear-Linear, Linear-Quadratic, and Quadratic-Linear
alternatives except for cat V1 for the Linear-Quadratic models and Quadratic-Linear models.D. For neurons that were quadratic in the first layer,
rotating the suppressive features by 90○ reduced the sparseness of the modeled responses. E. Rotating the suppressive component of the second layer
had the same effect on neurons that were quadratic in that stage. F. For all neurons, breaking the alignment between the first and second layer by
rotating the first layer reduced the sparseness of the responses. V1c = cat V1. V1m = macaque V1. V2m = macaque V2. V4m = macaque V4.

https://doi.org/10.1371/journal.pcbi.1013075.g006
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quadratic component to either or both the first and second layer significantly increased the
selectivity of neural responses to natural stimuli. This finding is not necessarily expected.
For example, a counterexample is provided by complex cells that have stronger quadratic
components than simple cells, yet are less sparse than simple cells [30,31].

Furthermore, the three computational motifs observed above (cross-orientation suppres-
sion in the convolutional layer, pooling along the preferred direction of the first layer, and
orientation alignment between spatiotemporal excitatory and suppressive features in the
second layer) all increase the selectivity of the response. Applying a 90○ rotation to the sup-
pressive features of the quadratic filter in the first layer (breaking the orthogonal relation-
ship with the excitatory features) decreased the selectivity of the responses (Fig 6D, binomial
test, cat V1 (p < 0.01), macaque V1 (p < 0.001), macaque V2 (p < 0.001), and macaque V4
(p < 0.001)). Similarly, rotating the suppression within the quadratic filter of the second layer
significantly reduced selectivity in all brain regions (p < 0.01 for cat V1, p < 0.001 for macaque
V1, p < 0.001 macaque V2, and p < 0.001 for macaque V4, cf. Fig 6E). We note that there are
multiple possibilities where such changes in sparseness would not be observed. For exam-
ple, were excitatory and suppressive filters were oriented randomly relative to each other, all
of these manipulations would not have resulted in statistically significant differences in the
sparseness.

Finally, the alignment of features across layers was also important for maintaining response
selectivity (Fig 6F). Rotating the first layer relative to the second layer decreased the sparse-
ness in all areas (binomial test versus 0.5, cat V1: p < 0.001, macaque V1: p < 0.001, macaque
V2: p < 0.001, and macaque V4: p < 0.001). One way this alignment can increase selectivity is
by selecting for extensions of elongated contours along their preferred direction. An example
of such refinement in selectivity is shown Fig 4D. It is also worth noting that because of corre-
lations present in natural scenes across scales, convolution pre-filtering of visual scenes at the
first layer strongly biases the power spectrum of signals received by the second layer (S3 Fig).
By aligning with the preferred orientation of the first layer, the second layer is most able to
refine the stimuli into different groups and become more selective in its response. This impact
on sparseness is perhaps least expected, because it needs to overcome a decrease in sparseness
that occurs with standard pooling across spatial positions of similarly tuned sub-units.

Discussion
We have analyzed neural responses across several stages of visual processing in order to deter-
mine computational motifs that increase neuronal selectivity to natural inputs and sustain it
across processing stages. To achieve good predictive power, we extended the standard convo-
lutional architecture with a quadratic filter in each layer of the models. This not only increased
predictive power, but also revealed specific properties that maintained the neural selectivity to
natural scenes.

The quadratic filters included both excitatory and suppressive features that were organized
to represent mutually exclusive interpretations of visual inputs. For example, at the first, local
layer of the models, excitatory and suppressive features had orthogonal orientation. This find-
ing is consistent with previous analyses of neurons in area V1 and V2 demonstrating that
cross-orientation suppression between local features increase the selectivity of these neurons
to natural scenes [1,5–9]. Here we extend this finding to other visual areas as well as to other
forms of suppressive mechanisms. For example, we find that in area V4, quadratic features at
the second layer of the model consist of excitatory and suppressive pairs of features that are
selective for opposing directions of motion. This is interesting because area V4 is not conven-
tionally thought of as motion-selective area [32,33]. Nevertheless, motion signals are known
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to aid in object segmentation [33] and that some motion selectivity was detected in V4 neu-
rons by prior studies [34,35]. We note that while we did not detect as strong motion selectivity
in primate areas V1 and V2, this lack of detection was likely due to the diminished motion
energy in the stimuli used in those experiments compared to the more natural stimulus used
in V4.

The excitatory and suppressive features were balanced in many respects, including their
number, spatial extent, and range of orientations within the set of excitatory and suppres-
sive features for each neuron. This balance between excitatory and suppressive features links
to the balance theory of cortical circuits. The balance hypothesis is one of the leading theo-
retical frameworks within which cortical circuits and their computational functions are ana-
lyzed [36,37]. The quadratic filter was designed to capture filtering properties of local recur-
rent circuits. The fact that it turns out to have similar number of excitatory and suppressive
features serves as supporting evidence for the balanced hypothesis in cortical circuits at the
functional computational level. The fact that this balance was maintained at similar levels
across different brain regions further speaks to the generality of balanced networks across
different brain regions, which have so far been studied predominantly in the primary visual
cortex.

For both neural and machine learning systems, the multiple stages of processing are gen-
erally believed to yield selectivity to more extended objects [38–40]. Despite exhibiting more
invariance, real neurons maintain their selectivity across stages of processing [41]. The analy-
ses described above show that quadratic computations contribute to the maintenance of this
selectivity. Suppressive features are a key part of the quadratic computations. They can pro-
vide a mechanism not only for cross-orientation suppression mentioned above, but also for
surround suppression [42] and contrast normalization more generally. Contrast normaliza-
tion in particular is appreciated for allowing neurons to maintain information transmission
across changes in stimulus conditions [43], through both adaptive [44,45] and fixed mech-
anisms of individual neurons (via nonlinear gain function implementing threshold and sat-
uration) [46–48]. Suppressive features add to these nonlinear mechanisms by capturing the
contributions of local recurrent circuits to contrast normalization. From this perspective, the
increase in sparseness from the action of suppressive features is in the same vein as previous
observations of increases of information transmission from contrast normalization [43]. After
all, sparseness is closely related to the Shannon mutual information [49].

Notably, increased selectivity came not only from the suppressive computations, but also
from the alignment in pooling across stages of processing (Fig 6F). This increase in response
sparseness is unexpected because typically pooling across similarly tuned subunits would
increase invariance and therefore decrease sparseness. However, because of nonlineari-
ties within each subunit, the overall result is the increased refinement of stimulus selectiv-
ity (Fig 4C) and increase in response sparseness on average across a set of natural stimuli
(Fig 6F).

Another unexpected observation here was the clear dominance of either the linear or
quadratic computation at each model layer (Fig 2). We observed neurons that were linear at
the first model layer, and quadratic at the second model layer, and vice versa, as well as those
that were linear/quadratic in both model layers. One way to interpret this finding is to note
that quadratic computations likely reflect cases with strong recurrent processing. Therefore,
the observed dichotomy may reflect the parallel signaling pathways that connect brain areas
via cortical connections [50] or thalamus [51]. Within our modeling framework, thalamic
processing would contribute more linear computations. The observation of four classes of
cells builds upon and expands the classic simple and complex receptive field mechanisms and
suggests new processing stages to add to deep learning networks.
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Overall, our results suggest how neurons respond to the interactions of multiple features
in order to increase their selectivity for a specific type of stimulus. Within a computational
layer, features congruent with these stimuli combine to increase the neuron’s response while
those inconsistent with these stimuli are suppressed to sharpen the neural response. Across
computational layers, pooling responses along the preferred orientation of the previous layer
increases selectivity, responding more strongly when a feature extends beyond the receptive
field of the first computational layer. Analysis of areas beyond V4 will likely require incorpo-
rating additional layers of the model to make it deeper. Nevertheless, we hope that the basic
quadratic convolution motif introduced here will continue to generate improvements in pre-
dictive power and interpretability in higher brain areas as we have observed here for mid-level
visual processing areas.

Methods
Electrophysiological recordings
We fit our model to neuronal recordings from four different datasets. The first dataset was
from the primary visual cortex of cats [19]. Tetrode electrodes recorded spike trains as the
anesthetized animals were exposed to natural movie stimuli. The movies were 128 × 128 pix-
els with a resolution of 0.12○ per pixel. We downsampled the movies to 32 × 32 pixels before
fitting our model.

The second dataset was recorded from the primary visual cortex of macaque monkeys [52].
Tungsten electrodes recorded the spike trains while the animals fixated on the screen for juice
rewards. The movies were natural image sequences or natural images with simulated saccades.
The size of the movies was 50 × 50 pixels with a resolution of 0.1-0.5○ per pixel. We took the
central 40 pixels and downsampled them to 20 × 20 pixels before fitting.

The third dataset was recorded from visual area V2 of macaque monkeys [18]. The spike
trains were recorded while the animals performed a fixation task for liquid reward. The stim-
uli were random patches of images chosen to favor high contrast and were scaled to match the
size of the measured classical receptive field. We downsampled the stimuli to 20 pixels.

The final dataset was recorded from visual area V4 in awake macaque monkeys [20]. The
spikes were also recorded during a fixation task. The stimuli were natural movies displayed at
a 120 × 120-pixel resolution with a fixed size of 14 × 14○. The movies were downsampled to
20 × 20 pixels and were analyzed in color.

Low-rank quadratic convolutional model
Themodel seeks to make a prediction (Ŷt) of a neuron’s response Yt (measured in action
potentials/spikes per time bin) given the stimulus Xt presented. The stimulus was normalized
to have a mean of zero and a variance of one.

The stimulus begins with a size of D(0)t × D(0)c × D(0)x × D(0)y , where D is the size along the
time, color, horizontal, and vertical directions. In the first layer, the stimulus is convolved
with H(1), U(1), and V (1). H(1) is the linear term with a single component. U(1) and V (1) com-
bine to form the quadratic term and havem(1) components. Each component has size 1 × 1 ×
d(1) × d(1). The outputs of these convolutions are

h(1) =H(1) ∗X (1)

u(1) =U(1) ∗X (2)

v(1) =V(1) ∗X, (3)
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and they are combined like

x(1) = a(1) + h(1) +
m(1)

∑
j=1

u(1)j v(1)j . (4)

a(1) is a scalar bias. This is passed through a logistic function to give the output of the first
layer:

r(1) = 1
1 + exp(–x(1))

. (5)

The second layer is similar to the first with the following exceptions: the kernels are dotted
with the input rather than convolved, the components have size D(0)t ×D(0)c ×d(2)×d(2) where
d(2) =D(0)x – d(1) + 1, and the activation function is

Ŷ = c log (1 + exp x(2)) . (6)

c is a positive scalar that adjusts the mean response. In total, the model has nine sets of
parameters: a(1),H(1), U(1), V(1), a(2),H(2), U(2), V(2), and c.

Fitting the model
Themodel was implemented using the Keras python package usingTheano as a backend. We
used the adadelta optimizer and terminated optimization when the Poisson log-likelihood on
the validation set failed to improve for more than two passes.

The model has nine hyper parameters: the spatial size of the first layer kernels (d(1)), the
ranks of the quadratic filters for each layer (m(1),m(2)), individual regularization parameters
for each layer’s linear and quadratic filters (𝜆H(1) , 𝜆H(2) , 𝜆UV(1) , 𝜆UV(2)), and regularization
parameters for the difference UUT–VVT for each layer (𝜖UV(1) ,𝜖UV(2)). d(1) ranged from 6 to
18 (28 in the case of cat V1).m(1) ranged from 1 to 24, andm(2) ranged from 1 to 20. 𝜆H(1) ,
𝜆H(2) , 𝜆UV(1) , 𝜆UV(2) , 𝜂UV(1) , and 𝜂UV(2) all ranged from 10–7 to 100, distributed logarithmi-
cally.

We chose the hyperparameters that produced the best predictions on a cross-validation
set consisting of a quarter of the training/cross-validation data. We fit a model to each of four
different training/cross-validation splits and used the average correlation with the observed
responses as our performance metric. In order to choose the values of the hyperparameters,
we used the Spearmint package [53], which fits the performance in the space of hyperparam-
eters as a Gaussian process. Based on this fit, the program suggests new values of the hyper-
parameters that have the highest expected improvement. We ran 100 sets of hyperparameters
and selected the set with the best correlation for further analysis.

This optimization method allowed us to manage the trade-off between the increased
explanatory potential of a larger number of parameters with the danger of overfitting. This is
primarily handled by the hyperparametersm(1) andm(2) which control the rank of the first
and second layers’ quadratic filters and therefore the number of parameters each has. This
trade-off increasingly favored the number of parameters for later areas, starting with a median
spikes per parameter of 13 and 8 for cat V1 and macaque V1 and going down to 3 and 2 for
macaque V2 and macaque V4, respectively.
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Benchmark model
In order to determine how well our model was at predicting neural responses, we also fit
XGBoost models [21].

Evaluating model performance
To calculate the performance of the models, we evaluated

acosh( 1
𝜌2 ) (7)

for subsets of the test dataset of varying lengths (where 𝜌 was the correlation) and calculated
a linear regression with respect the inverse of the number of samples in the subset [54,55].
The y-intercept of this line corresponds to the projected value in the limit of infinite data. This
procedure aims to remove bias due to coincidental correlations. Inverting Eq 7 provides our
estimate of the correlation between our model predictions and the observed responses.

Dividing cells into linear and quadratic classes
We calculated the variances of the linear (xh) and quadratic (∑ xUixVi) contributions to each
later to get 𝜎2

h(1) , 𝜎
2
UV(1) , 𝜎

2
h(2) , and 𝜎

2
UV(2) . With these we calculated the fraction of the layer’s

variance contributed by the quadratic component

QuadraticIndex =
𝜎2
UV(i)

𝜎2
UV(i) + 𝜎

2
h(i)

. (8)

If the quadratic index was greater than 0.5, we classified the layer as quadratic (Q1 for the
first layer and Q2 for the second). Otherwise, we classified it as linear (L1 or L2). Each layer
was classified independently, creating four classes: Linear-Linear (LL), Linear-Quadratic (LQ),
Quadratic-Linear (QL), and Quadratic-Quadratic (QQ).

Feature fitting using differential evolution
In order to extract perceptually relevant properties from the parameter weights of the model,
we fit the kernels as various types of features using differential evolution [56], which ran-
domly initializes sets of parameters and generates new sets by taking a set and modifying ran-
dom values using the values of the other sets. If the child set has a lower error than its parent,
it takes its parent’s place. The specific variation of the algorithm is termed “rand/2/bin” [1].

The types of features that we used to analyze each neuron depended on what class (LL, QL,
LQ, QQ) the neuron belonged to. For neurons dominated by the quadratic term on the first
layer, we fit the quadratic kernel J(1) using curved Gabor wavelets:

g = exp(–u
2 + v2𝛾2
2𝜎2 ) cos(2𝜋𝜆𝜎u + 𝜙) (9)

J(1)CG = ∑
i
wigigTi , (10)

where

(x
′

y′
) = (x – x0

y – y0
)R𝜃
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and

u = x′ –
𝜅
𝜎 y

′2

v = y′.

The parameters for each curved Gabor wavelet are the weight (w), the position (x0, y0), the
orientation (𝜃), the curvature (𝜅), the aspect ratio (𝛾), the size (𝜎), the spatial wavelength (𝜆),
and the phase (𝜙).

Variations were also tested. Uncurved models fixed 𝜅 to be zero while paired models had
pairs of Gabor wavelets with identical parameters except that 𝜙 was set to be 0 and 𝜋/2. The
combination of paired and unpaired, curved and uncurved created four alternative models.

For the second layer quadratic cells, we fit two moving cosine functions:

g = cos(2𝜋𝜆 x′ +𝜔t + 𝜙) . (11)

Fig 1A shows the structure of the model. The stimulus has two-spatial dimensions, a color
dimension (in the case of V4 data), and a temporal dimension. A series of linear spatial ker-
nels are convolved across each position, time, and color (if applicable). One of these kernels is
treated linearly while the rest are passed through a quadratic function before being combined
into a single value at each part of the stimulus. These values are passed through a sigmoid
function to create the input for the second layer. Another set of linear and quadratic kernels
are applied to this input to create a single value that is passed through a rectifying nonlinearity
to produce a predicted firing rate.

Local orientation difference
Starting with the parameters of a curved Gabor, one can calculate the local orientation using

𝜓(x, y) = arctan( sin𝜃 + 2𝜅 cos𝜃((y – y0) cos𝜃 + (x – x0) sin𝜃)
cos𝜃 – 2𝜅 sin𝜃((y – y0) cos𝜃 + (x – x0) sin𝜃)

) . (12)

Each local orientation was given a weight with three factors: |w| (the Gabor’s weighting in
J), the weight of the curved Gaussian envelope a(x,y), and the norm of the projection of the
Gabor into the significant eigenvectors

b =
⎛
⎝

n
∑
j=1
(g ⋅ ̂ej)2

⎞
⎠

0.5

. (13)

Using the weighted angular mean

anglemean (𝜶,w) = angle⎛
⎝
∑
j
exp(i𝛼j)wi

⎞
⎠
, (14)

we calculated the mean excitatory or suppressive orientation at a location as

anglemean(2𝝍(x, y),wa(x, y)b)/2. (15)
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The factors of two causes 𝜓 and 𝜓 + 𝜋 to add together rather than cancel each other out
since the orientation is not directional.

We selected the point of maximum interaction between excitation and suppression by
summing the weights at each location for the excitatory and suppressive Gabors respectively
and then multiplied them together. Using the absolute angular difference

Δ𝜃(𝜃1,𝜃2) = 𝜋 – |𝜋 – mod (|𝜃1 – 𝜃2|, 2𝜋) |, (16)

the difference between the excitatory and suppressive orientation preference is

Δ𝜃(2𝜓E(xmax, ymax), 2𝜓S(xmax, ymax))/2. (17)

Once again, the factor of two makes the calculation direction independent.

Measuring orientation and direction selectivity in second-layer features
Given a spatiotemporal feature ax,y,t, we calculated the dominant orientation by first calculat-
ing the Fourier transform with respect to the two spatial dimensions: âl,m,t. We also calculated
the orientation of each Fourier component

kx = mod (2𝜋l
Nx
+ 𝜋

2
,𝜋) – 𝜋

2
(18)

ky = mod (2𝜋m
Ny
+ 𝜋

2
,𝜋) – 𝜋

2
(19)

𝜃l,m = angle (kx + kyi) . (20)

These angles are averaged together weighted by the Fourier transform

̄𝜃 = anglemean (2𝜃l,m, |âl,m,t|) /2. (21)

The weights for the zero spatial frequency components and the Nyquist frequency compo-
nents are set to zero since the orientation is undefined. The factors of two ensures that 𝜃 and
𝜃 + 𝜋 are treated as the same orientation.

Measuring the preferred direction is done similarly with a few modifications. The Fourier
transform is taken with respect to the temporal dimension in addition to the spatial dimen-
sions to produce âl,m,n. The angle is also calculated slightly differently:

𝜔t = mod (2𝜋n
Nt
+ 𝜋

2
,𝜋) – 𝜋

2
(22)

𝜃l,m,n = angle (𝜔t ∗ (kx + kyi)) . (23)

The angles are averaged using

̄𝜃 = anglemean (𝜃l,m,n, |âl,m,n|) . (24)

In addition to the non-oriented components zeroed above, the components for 𝜔t = 0
were also zeroed as they had no directed motion. The factors of two are removed from this
variation because 𝜃 and 𝜃 + 𝜋 are no longer equivalent.
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Themoving grating that found the maximum (minimum) response was found by using
differential evolution to generate gratings of the form

cos (𝜔t + kxx + kyy + 𝜙) . (25)

For the macaque V4, the color was determined by adding three additional parameters rep-
resenting the color in HSV space. This color was converted to RGB and then normalized to
unit length. The algorithm selected the candidates with the higher (lower) response from the
model until convergence.

To measure direction selectivity, kx and ky were replaced with

kx(𝜃) = k cos(𝜃) (26)
ky(𝜃) = k sin(𝜃), (27)

where k = (k2x + k2y)0.5 and 𝜃 ranged from 0 to 2𝜋. The directional circular variance was calcu-
lated from the responses:

Ldir =
∣∑j R(𝜃j) exp(i𝜃j)∣

∑j R(𝜃j)
. (28)

The circular variance ranges from 0 when the response is uniform with respect to 𝜃 to 1
when only a single direction provokes a response.

Supporting information
S1 Fig. Individual curved Gabor have better AIC scores than alternative models for all
areas. Quadratic and linear comparisons only for those cells that were quadratic or linear in
the first layer, respectively. Examples of the alternative Gabor models are below their respec-
tive bars with the dominant curved Gabor models on the top.
(PDF)

S2 Fig. V4 cells are more selective for motion.The dominant filter of the second layer of V4
neurons had a higher motion selectivity index than the other areas we studied, i.e. the filters
were less separable into spatial and temporal components. This indicates that the models for
V4 had a higher capacity to select for motion. This may be in part due to the differences in the
stimuli used in the experiments.
(PDF)

S3 Fig. Orientation distribution at the first layer biases inputs to the second layer towards
its orientation Distribution of oriented energy in Gaussian noise (black), natural movies
(green), the first layer with a linear filter (red), and the first layer with a pair of excitatory
features in the quadratic filter. The insets show examples of the associated images. The dis-
tributions for horizontal, diagonal (45○), and vertical features are shown. The linear exam-
ple created the largest shift in the distribution relative to the natural image inputs, but the
quadratic example also shifted the distribution towards the preferred direction of the first
layer’s features.
(PDF)

S4 Fig. Number of relevant features per neuron at each layer of the model. A, B.The num-
ber of features in the first features for the quadratic cells only or for all cells counting the lin-
ear cells as having one dimension. For both measures, V4 has more features than earlier visual
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areas. C, D.The number of features for the second layer. The number of features was not sig-
nificantly different across areas except that cat V1 had significantly fewer when linear cells
were included.
(PDF)

S5 Fig. Balance of excitation and suppression across brain areas. A.The distribution of the
relative strength of excitation in the first layer as a fraction of the total eigenvalue weights.
There were no significant differences between the areas. B.The excitatory fraction for the
second layer. Macaque V1 had more suppression than the other areas.
(PDF)

S6 Fig. Sparseness scatter plot for cat V1. Scatter plot of data in Fig 6.
(PDF)

S7 Fig. Sparseness scatter plot for macaque V1. Scatter plot of data in Fig 6.
(PDF)

S8 Fig. Sparseness scatter plot for macaque V2. Scatter plot of data in Fig 6.
(PDF)

S9 Fig. Sparseness scatter plot for macaque V4. Scatter plot of data in Fig 6.
(PDF)

S10 Fig. Stimulus statistics limit types of computations that can be observed. A. Fourier
spectrum along the temporal and horizontal axes. The simulated saccade stimulus (used for
macaque V1) had almost all of its power in the stationary band. The natural movie stimu-
lus (used for cat V1 and macaque V4) has power spread through the motion bands, decay-
ing in intensity with increasing spatial and temporal frequency. The image sequence stimulus
(use for macaque V2) has a lot of power spread evenly across different temporal frequencies
with decaying intensity with increasing spatial frequency. All frequencies are in fractions of
𝜋 radians. B.The response of different models to sine grating stimuli. We designed a base
model with strong selectivity for motion of a particular spatial and temporal frequency to
test whether models trained from spikes generated from the various stimuli could recover
this behavior. The models trained on responses generated from simulated saccade and image
sequence stimuli were not able to reproduce the motion selectivity, finding only the weaker
selectivity to stationary stimuli. In contrast, the natural movie stimulus was able to respond
strongly to the motion preferred by the base model. This is likely due to the natural movies
having plenty of examples of coherent motion. The simulated saccade stimuli had extremely
limited representations of any motion, and the image sequence had a lot of motion, but it
is unlikely that a sequence of five images would have the phases of their spatial frequencies
coordinate in a way to give the impression of constant motion.
(PDF)

S11 Fig.Moving gratings that maximize and minimize response for example neuron. For
the example neuron shown in Fig 5, the moving sine gratings that maximize and minimize
the response for a given intensity. As predicted from inspection of the first layer’s linear fil-
ter and eigenvectors of the second layer’s quadratic filter, the neuron responds most strongly
to gratings moving to the up and right and least strongly to gratings moving down and to the
left.
(PDF)
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S12 Fig.Models with RELU activation function in first layer show more mixed contribu-
tions from linear and quadratic filters.While the model quadratic index in each combina-
tion of dataset and layer still has either the linear (index of 0) or quadratic (index of 1) filter
dominating the layer’s response, many more models had intermediate values of the quadratic
index compared to models fit with a sigmoid function, except in cat V1.
(PDF)

S13 Fig.Direction selectivity found in cells from all areas.The distribution of the direc-
tional circular variance of the responses of models to optimal sine gratings with different ori-
entations. While the models for most cells show low directional selectivity, direction selective
cells can be found in all areas.
(PDF)
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