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Abstract

Statistical models are increasingly being used to understand the complexity of stimulus selectivity in primary visual cortex (V1) in
the context of complex time-varying stimuli, replacing averaging responses to simple parametric stimuli. Although such models
often can more accurately reflect the computations performed by V1 neurons in more natural visual environments, they do not
by themselves provide insight into V1 neural selectivity to basic stimulus features such as receptive field size, spatial frequency
tuning, and phase invariance. Here, we present a battery of analyses that can be directly applied to encoding models to link
complex encoding models to more interpretable aspects of stimulus selectivity. We apply this battery to nonlinear models of V1
neurons recorded in awake macaque during random bar stimuli. In linking model properties to more classical measurements, we
demonstrate several novel aspects of V1 selectivity not available to simpler experimental measurements. For example, this
approach reveals that individual spatiotemporal elements of the V1 models often have a smaller spatial scale than the neuron as
a whole, resulting in nontrivial tuning to spatial frequencies. In addition, we propose measures of nonlinear integration that sug-
gest that classical classifications of V1 neurons into simple versus complex cells will be spatial-frequency dependent. In total,
rather than obfuscate classical characterizations of V1 neurons, model-based characterizations offer a means to more fully under-
stand their selectivity, and link their classical tuning properties to their roles in more complex, natural, visual processing.

NEW & NOTEWORTHY Visual neurons are increasingly being studied with more complex, natural visual stimuli, and increasingly
complex models are necessary to characterize their response properties. Here, we describe a battery of analyses that relate
these more complex models to classical characterizations. Using such model-based characterizations of V1 neurons furthermore
yields several new insights into V1 processing not possible to capture in more classical means to measure their visual selectivity.

modeling; V1; vision

INTRODUCTION

The activity of neurons in primary visual cortex (V1) sets
the foundation for the cortical processing of vision. Thus,
detailed characterization of their stimulus selectivity is of
great intrinsic utility. Since the initial discovery of their basic
selectivity to oriented bars (1), most V1 neurophysiology has
used precise manipulations of simple parametric stimuli
such as flashed or drifting gratings (2–4) to make measure-
ments of dominant aspects of V1 visual selectivity, such as
receptive field (RF) size and location, orientation tuning, and
spatial frequency and temporal frequency tuning (1, 5–7).
Because how V1 processes these simple parametric stimuli

has limited power in predicting their responses tomore com-
plex time-varying stimuli (8–10), a large number of increas-
ingly sophisticated models have been used to understand
their responses to more complex stimuli (8), using techni-
ques ranging from spike-triggered covariance (11, 12) up
through modern machine-learning methods (e.g., see Ref.
13). Although the necessity of more sophisticated models to
capture neural computation in complex stimulus contexts
suggests that these previous measures of V1 selectivity offer
an incomplete picture of its processing of natural vision, it is
not clear whether more sophisticated approaches are simply
measuring different aspects of processing, and exactly what
is gained by them relative tomore canonical measurements.

Correspondence: F. Bartsch (fbartsch@umd.edu).
Submitted 22 September 2021 / Revised 13 June 2022 / Accepted 25 June 2022

350 0022-3077/22 Copyright© 2022 the American Physiological Society. www.jn.org

J Neurophysiol 128: 350–363, 2022.
First published June 29, 2022; doi:10.1152/jn.00416.2021

Downloaded from journals.physiology.org/journal/jn at Univ of Maryland (129.002.019.102) on August 5, 2022.

https://orcid.org/0000-0002-8204-7464
https://orcid.org/0000-0002-0158-5317
mailto:fbartsch@umd.edu
https://crossmark.crossref.org/dialog/?doi=10.1152/jn.00416.2021&domain=pdf&date_stamp=2022-6-29
http://www.jn.org
https://doi.org/10.1152/jn.00416.2021


Indeed, the success of more sophisticated models in
explaining V1 neural responses is often at the expense of the
interpretability that defined more canonical approaches to
characterizing V1 neurons (8). Likewise, few studies analyz-
ing models to gain insight into neural properties have
attempted to directly relate modern nonlinear modeling
approaches to classical measures of cell (although see Ref.
14). Here, we focus on the most interpretable of these mod-
ern models: “subunit”models such as the LNLN cascade (15–
17), which consist of a linear combination of nonlinear spa-
tiotemporal stimulus filters (or “subunits”) that are each
selective to a particular stimulus feature that contributes to
the neuron’s response (15, 17–19). The array of spatiotempo-
ral filters generated by these models are determined by opti-
mization of model parameters using data recorded during
any sufficiently general spatiotemporally varying visual
stimulus paradigm and captures the set of stimulus features
that affect the neuron’s response. We present several meas-
ures that can then be derived from the resulting models,
which can be directly related to canonical aspects of neural
tuning while capturing other interpretable aspects of its se-
lectivity. Notably, while we apply these measures to the
models measured in this particular context, such measures
can be generalized to any “image-computable” model of V1
neurons (8). Because such more sophisticated characteriza-
tions of V1 processing implicitly capture V1 neural selectivity
to multiple features as well as interactions between selectiv-
ity to related features, the resulting descriptions of V1 com-
putation go beyond what can be achieved with simple
parametric stimuli, and set a new bar for measurements of
V1 neural selectivity.

MATERIALS AND METHODS

Neurophysiology Experiments

We used previously collected recordings, as described in
detail in Ref. 20. Briefly, multi-electrode recordings were
made from primary visual cortex (V1) of two awake head-
restrainedmale rhesusmacaques (Macaca mulatta; 13- to 14-
yr old) while the animals performed a simple fixation task,
where they were required to maintain gaze within a small
window around a fixation target to obtain a liquid reward af-
ter each completed 4-s trial. Eye position was monitored
continuously using scleral search coils in each eye, sampled
at 600Hz, and a model-based eye-position correction algo-
rithm (see Model-Based Eye Tracking) was applied to accu-
rately recover eye position at sufficiently high spatial
resolution (20, 21). Trials during which themonkey broke fix-
ation were discarded from analysis. In addition, the first 200
ms and last 50 ms of each trial were excluded from analysis
tominimize the impact of onset transients.

Recordings

In one animal, we implanted a 96-electrode planar Utah
array (Blackrock Microsystems; 400 μm spacing), in the
other, a linear electrode array (V-probe, Plexon; 24 contacts,
50μm spacing) was passed through the dura at the start of
each day. Spike waveforms were detected online using
Spike2 software (Cambridge Electronic Design) and recorded
at 32 kHz (Utah array) or at 40 kHz (V-Probe) sampling rate.

Single units (SUs) were identified through offline spike-sort-
ing with custom software. Spike clusters were modeled using
Gaussian mixture distributions that were based on several
different spike features, including principal components,
voltage samples, and template scores. The features providing
the best cluster separation were used to cluster single units.
Cluster quality was quantified using a variety of measures
including “L-ratio,” “isolation distance,” as well as a variant
of “d-prime.” Only spike clusters that were well isolated
using these measures—confirmed by visual inspection—
and had average firing rates during stimulus presentation of
at least five spikes per second were used for analysis. Voltage
signals were also separately low-passed at 100 Hz and used
to compute the inverse current-source density (iCSD) profile
of each recording, to categorize each isolated single unit by
layer (22, 23). All protocols were approved by the Institutional
Animal Care and Use Committee and complied with Public
Health Service policy on the humane care and use of labora-
tory animals.

Stimuli

We presented a ternary bar noise stimulus, consisting of
random patterns of black, white, and gray bars (matching
the mean luminance of the screen). These stimuli were dis-
played on a cathode ray tube (CRT) monitor at a 100Hz
refresh rate; the monitors subtended 24.3� � 19.3� of visual
angle. RFs were manually mapped online, and stimuli
were then centered over the mapped RF location. Stimuli
consisted of 36 individual bars that had a width of 0.057�

for the Utah array recordings and ranged from 0.038� to
0.1� for the linear array recordings, depending on the RF
sizes of the recorded neurons. The bar length was adjusted
to yield square stimulus patches such that stimuli sub-
tended between 1.368� and 3.6�. Bar patterns were uncorre-
lated in space and time. The probability of a given bar
being non-gray (i.e., black or white) was set to 12% (i.e.,
88% gray, relatively sparse), although in several experi-
ments we used a denser distribution (33% gray), which
yielded similar results. For the linear array recordings, the
orientation of the bars was chosen to be within 15� of the
preferred orientation of the majority of units recorded in a
given session. In Utah array recordings, where the neurons
typically had a full range of preferred orientations due to
being located across multiple orientation columns, we per-
formed the experiments with two different bar orienta-
tions (vertical and horizontal) that alternated on a block-
by-block basis, where blocks were �10 min of recording
time in duration. In this case, we modeled the orientation
that best drove neural activity, and the properties of cells
recorded using this approach were comparable with those
recorded during presentation of more optimally oriented
bar stimuli.

Model-Based Eye Tracking

Due to fixational eye movements, the stimulus projected
on the retina is shifted over time, which can result in mis-
estimation of model parameters (20, 21). As a result, we esti-
mated the precise position of the eye perpendicular to our
one-dimensional stimuli as a function of time using model-
based eye tracking (20). This algorithm uses the observed
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firing rates during each fixation period to estimate the proba-
bility of each potential eye position, and—with enough neu-
rons simultaneously recorded—these probabilities can be
combined to accurately infer the most likely eye position,
which can be accurate to arc-min resolution. Using this esti-
mated position, we then adjusted the presented stimulus by
the eye shifts and used the resulting adjusted stimulus to fit
themodels, as described in detail in Ref. 20.

Model Structure

We used the Nonlinear Input Model (NIM) to model V1
neurons (15). The NIM (Fig. 1A) operates on the stimulus s(t)
with a number of linear-nonlinear (LN) subunits, each con-
sisting of a stimulus filter k (Fig. 1B) and a rectifying nonli-
nearity f(.). Subunit outputs are then weighted by either þ 1
or�1 (depending on whether each is excitatory or inhibitory,
respectively), and summed together and passed through a

final spiking nonlinearity F[.] to result in a predicted firing
rate r(t): given stimulus s(t) is given as:

r tð Þ ¼ F½
X

n
wnfn kn � s tð Þð Þ� ð1Þ

where wn is þ 1 or �1 as described earlier. We use a “Relu”
(rectified linear) function for the subunit nonlinearity f(),
and a softplus nonlinear function for the spiking nonlinear-
ity: F(x) = log[1 þ exp(x)] as in our previous work (15).

We initially fit NIMs to each neuron using standard maxi-
mum a posteriori optimization in the context of sparseness
(L1) and smoothness (Laplacian) regularization. Both the
number of subunits and the regularization parameters were
optimized through nested cross-validation, as described pre-
viously (8, 15). We then leveraged the resulting collection of
models to yield additional model improvements, using
dimensionality reduction on the spatiotemporal filters
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Figure 1. Extracting receptive field (RF) components using stimulus models. A: schematic of the linear-nonlinear-linear-nonlinear (LNLN) cascade stimulus
processing models. Stimulus frames (top) are passed through spatiotemporal filters ki, the outputs of which are then passed through a rectifying nonlinearity
(NL). The outputs of these “LN subunits” are then summed to give the “generating signal” g(t), which is transformed into a firing rate by the spiking nonli-
nearity (bottom). In the case of the principal component nonlinear input model (PCNIM), filters ki were not fit using the full stimulus space, but rather its low-
dimensional projection into the space outlined by the principal components. After fitting, they were retranslated into full space for interpretation. B: example
spatiotemporal filter. C: example of filters fit using the PCNIM with eight excitatory (Exc) and two suppressive (Inh) filters. The nonlinearity associated with
each filter is shown below (blue), as is the distribution of stimulus projections onto each filter (red). D: example of filters fit by a GQM architecture with four
excitatory quadratic filters. Nonlinearities are again displayed below each filter in blue. The scale bars in B–D indicate 0.1� of visual angle.
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pooled across all models. Specifically, this database (over all
neurons in the data set fit using standard NIMs) consisted of
2,061 filters, which were then centered to remove any spatial
shifts between them. We computed the principal compo-
nents (PCs) of this filterbank, finding that 80% of its variance
could be explained by the first 50 PCs, with diminishing
returns from including more (see Fig. A1A). We then applied
these top 50 filters to the spatiotemporal stimulus s, result-
ing in a 50-dimensional “dimensionality-reduced” stimulus
in place of the 360-dimensional “full” stimulus that was
composed of 36 spatial dimensions and 10 lags.

The resulting dimensionality-reduced stimulus was used
in Eq. 1 in place of the full stimulus, and NIMs were refit
using the filtered, dimensionality-reduced stimulus, result-
ing in principal component NIMs, or PCNIMs. The fit model
subunits thus had a set of coefficients corresponding to the
weights on the PCs, and the full spatiotemporal filters could
be recovered by matrix multiplication. This allowed for the
potential inclusion of many more subunits without overfit-
ting (see Model Parameter Optimization). Furthermore,
because the PCs did not reflect noise in the filter estimation
that was not shared amongmany filters, it was not necessary
to apply any regularization in subsequent stages of fitting.
Representing model filters using PCA yielded better model
performance (Fig. A1C) than the standard NIM approach,
including finding more subunits that improve model per-
formance that would have been suppressed by regularization
penalties for the standard NIM.

In addition to using the standard structure of the NIM
with rectified subunits, we also compared LNLN cascades
with linear and quadratic subunit nonlinearities fn(.) (Eq. 1)
(15, 16, 18) (Fig. 1C). This “quadratic”model is also commonly
used to model V1 neurons because it embodies the “energy
model” (24, 25), although it is less flexible in approximating
more general nonlinearities (8, 15). We applied a subspace
approach to fitting quadratic models as well but found that
both full and subspace quadratic models converged on
equivalent subunit structures with similar cross-validated
performance. As a result, we report results from the more
straightforward quadratic model fits that do not rely on the
filter subspace.

Model Parameter Optimization

The parameters of the filters are fit and optimized through
a maximum-likelihood approach as described in detail (15).
This approach maximizes the log-likelihood (LL) of the
model, which is given by the equation

LL ¼
X

t
ðRobs tð Þlog rðtÞ � rðtÞÞ ð2Þ

where r(t) is the predicted firing rate and Robs(t) is the
observed spike count, assuming a Poisson noise model. The
goodness of fit of the models is assessed using fivefold cross
validation: with model parameters fit using 80% of the data,
and performance assessed using the LL of the models on the
remaining 20% of the data.

Model Hyperparameter Optimization

In addition to the parameters corresponding to the spatio-
temporal filters, each model had several “hyperparameters”
corresponding to other aspects of the model architecture,

including the number of filters used and the ratio of excita-
tory to inhibitory filters (E-I ratio). The number of filters and
E-I ratio were determined through nested cross-validation
across a range of possible combinations, refitting model pa-
rameters for each new combination and choosing the combi-
nation yielding the best cross-validated performance. Note
that because subunits were fit in a subspace, they inherited
the regularization of the models that were used to generate
the filter subspace. When fitting quadratic models, regulari-
zation hyperparameters were optimized through nested
cross-validation using the same process used to generate the
models used for the NIM models that filter subspace was
based on.

Estimating Spatial Frequency Tuning Using Forward
Correlation

To compare model-based measures of spatial frequency
(SF) tuning to a model-free measure, we used forward corre-
lation. We first extracted spatial frequency spectra of each
stimulus frame via fast-Fourier transform (FFT) and ranked
frames by power in each resulting frequency bin. For each
frequency, we then extract two peristimulus time histo-
grams (PSTHs) corresponding to frames with power at that
frequency in the top 30th percentile and in the bottom
30th percentile. The difference between these two PSTHs
provides a model-free estimate of the neuron’s SF tuning
directly comparable with those obtained using classical
measures of SF tuning. We defined the cell’s preferred fre-
quency as the peak of this curve.

Estimating Nonlinearity across Space Using Forward
Correlation

We also used forward correlation to validate measures of
nonlinearity, computing the average response following the
presentation of black, white, or gray bars at a given spatial
position: �rblack xð Þ, �rwhite xð Þ, and �rgray xð Þ, respectively. As
described in the text, the phase-reversal correlation as a
function of spatial position is then given by:

PRFCðxÞ ¼ j�rblack xð Þ � �rwhite xð Þj
2 max½�rblack xð Þ � �rgray xð Þ; �rwhite xð Þ � �rgray xð Þ� :

This measure can also be summed across space, weighted
by the spatial power (cumulative variance of model filters
across time, as described in the results), to result in a single
phase-reversal forward correlation difference (PRFC) mea-
sure for a given neuron.

RESULTS

Estimation of a Neuron’s Spatiotemporal Feature Space

To characterize the stimulus processing of V1 neurons, we
fit the nonlinear input model (NIM) (15) to a database of 122
V1 neuron responses recorded in the context of noise stimuli
consisting of ternary bars aligned to preferred orientation
(Fig. 1A) (15, 20) (see MATERIALS AND METHODS). The resulting
subunit model of a given V1 neuron provides a set of spatio-
temporal stimulus filters that modulate the neuron’s
response, as well as a positive or negative weight correspond-
ing to whether the feature was excitatory or suppressive (Fig.
1B). As described earlier, these model components (Fig. 1C)
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contain rich information about the selectivity of the neuron
being modeled, and here we are interested in analyzing the
properties of these filters to extract such information.

We first analyzed the spatial profile of the filters: comput-
ing the amount of power (i.e., variance across time lag) at
each spatial position, which defines the spatial profile for
each spatiotemporal filter (Fig. 2, A and B). The overall spa-
tial profile of the neuron is then defined as the average of its
filter profiles, weighted by the relative contribution of each
filter’s output to the overall predicted firing rate (Fig. 2B, bot-
tom). To associate a single “width” to a given spatial profile,
we defined the width of a given profile using the spatial
extent between 30% and 70% of the cumulative spatial
power is under the profile curve. The same procedure was

applied to assess each neuron’s temporal profile by comput-
ing power across spatial positions at each time lag; we define
temporal onset and offset of each temporal profile using the
same cumulative power thresholds as were used for the spa-
tial profiles.

This analysis reveals that, in a large fraction of neurons,
there was a significant difference between the extent of each
neuron’s summed spatial profile and those of its individual
subunits. Across the population, 31/122 cell RFs were com-
posed of filters with a mean width less than 75% of the total
RF width (Fig. 2C). This discrepancy can be explained by a
scatter of the locations of a given neuron’s filters (Fig. 2B),
such that the full profile of the neuron results from the com-
bination of the spatial extent of its component subunits and
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the spatial scatter of these elements. This model-based ob-
servation is not readily accessible using direct experimental
measurements of RF spatial potential and scale, which pro-
duce a single scale and location or preferred phase (25–28).

This observed scatter is unlikely to be caused by our
eye-tracking procedure. First, the amount of scatter is
neuron-dependent: neurons with small RFs display less
scatter, even though inaccurate eye tracking should make
scattering of the filters in such highly localized RFs more sa-
lient and disproportionately broaden them. Second, we
have already corrected for eye-position estimates in the
data we use using our model-based eye-tracking proce-
dure as previously reported (20), and the observed scatter
is at a much larger scale than the arcminute accuracy of
this procedure. Finally, the spatial scatter of subunits is
observed in our quadratic model fits (Fig. 2F), as well as in
previous studies using other data sets and modeling
approaches (e.g., spike-triggered covariance) (11, 29), sug-
gesting that it is not dependent particular choice of model
architecture.

Because individual subunits in the NIM are rectified, sub-
units are implicitly either excitatory (only generating posi-
tive or zero output) or suppressive (with a negative weight so
its output can only be less than or equal to zero) (15). Such
computational distinctions are difficult to assess using clas-
sical characterization methods and reveal systematic differ-
ences in the selectivity of putative excitatory and inhibitory
elements. For example, suppressive subunits typically had
an increased width compared with excitatory subunits (Fig.
2G; sign-rank test, P = 0.0021). This finding is consistent with
intracellular recordings that found that the tuning of inhibi-
tory V1 neurons typically has broader spatial profiles than
excitatory V1 neurons (30).

To verify that our observations were not dependent on the
specific form of the model, we applied the same analysis to
model fit using quadratic subunits (see Fig. 1D for an exam-
ple model) (15, 16, 20). Measurements we applied to the
quadratic models, in general, displayed the same overall
trends for filter width (Fig. 2E) and scatter in subunit loca-
tion (Fig. 2F) as the PCNIM, indicating that these results do
not depend solely on our model architecture. The fact that
filter scatter appears more pronounced in the NIM can be
explained by the quadratic model’s arrangement of filters
into quadrature pairs that approximates spatial invariance of
V1 neuron selectivity (10, 14, 29). Because the quadratic
models also underperformed the NIM at predicting neural
responses (Fig. A1D), we take this as an indication that
one aspect of the increased flexibility with the NIM as a
general function approximator (8, 31) is its ability to iden-
tify more spatially localized feature selectivity, and that
this more localized feature selectivity allows us to more
clearly see trends present in the quadratic models.

Measuring Spatiotemporal Selectivity

The dominant conception of V1 neuron selectivity is that
it extracts local information about the spatiotemporal con-
tent of the stimulus (24, 25), which is whymost classical tests
of V1 tuning involve measuring its responses to gratings.
Here, we can instead extract information about such tuning
by Fourier analysis of the model subunits.

Applying two-dimensional Fourier transforms to each
subunit (32) yields a two-dimensional power frequency spec-
trum (Fig. 3A). Summing this spectrum along either axis gen-
erates a tuning curve representing the subunit’s selectivity
to either spatial or temporal frequency. We define the neu-
ron’s preferred frequency by the peaks of the relevant subu-
nit spectra. To then determine the model’s overall frequency
tuning, we average the tuning spectra across subunits (again
weighted by each subunit’s contribution to the model out-
put) (Fig. 3B). The resulting tuning curves, as well as peak
tuning measures, can be directly compared with classical
measures, while also allowing them to be decomposed into
each subunit’s contribution.

To validate the model-based measures with experimental
data in the absence of direct measurements of the classical
tuning curves using gratings, we used a model-free estima-
tion of spatial frequency tuning using forward-correlation of
the spike train of each cell (33, 34), where we extracted the
spatial frequency components of each stimulus frame and
identified the frequency components most correlated with
the observed neural response (see MATERIALS AND METHODS).
In applying this procedure to both the observed and the
model-predicted firing rates, we found that the two agree well
(Fig. 3D) as statistical tests did not detect any difference in dis-
tributions (paired t test, P = 0.8577), indicating that themodels
are successfully capturing the cell’s SF tuning.

Model-based characterization also can address how SF
tuning relates to other properties in our models. For exam-
ple, inhibitory subunits generally have selectivity to lower
SFs (Fig. 3C, sign-rank test, P = 0.0061), in line with previous
results indicating that inhibitory inputs into V1 tend to act
on broader spatial scales (30, 35, 36). In addition, we found a
positive relationship between subunit SF selectivity and la-
tency (Fig. 3E, Pearson’s correlation, r = 0.3407, 95% CI =
[0.1656, 0.4950], P = 0.0002), consistent with the study by
Mazer et al. (37), indicating that low-frequency features have
lower onset latencies and thusmay be processed faster.

Using a similar approach applied to the full spatiotempo-
ral spectra, we inferred V1 neuron direction selectivity (DS)
from our models by extracting the direction selectivity index
(DSI) (38) from each filter’s two-dimensional fast Fourier
transform (2DFFT) (see Fig. 3A, red lines in bottom). We
found that subunits of the same model exhibit a variety of
spatial frequency sensitivities and DS strengths (Fig. 3G),
suggesting that some direction-selective cells will be modu-
lated by stationary inputs. We additionally tested for rela-
tionships between DS strength and other tuning properties
including SF selectivity and RF size but did not find signifi-
cant relationships.

Model-Based Characterization of SF Tuning

Having established model-based measures of spatiotem-
poral selectivity, we can now compare to more classical ways
of estimating SF tuning using drifting grating stimuli (39,
40) to learn how selectivity to SF might be generated. One
advantage of model-based approaches is that the models
are “image-computable,” meaning that we can simulate
the responses of the model to arbitrary stimuli. Although
our data set did not include recordings of responses to
drifting gratings, we used the models of our sample cells to
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simulate their firing rates in response to static and drifting
gratings and measured the F0 (mean) and F1 (modulation
depth) components of the response to each grating fre-
quency (Fig. 4B, solid lines show the responses of the
model displayed in Fig. 4A, left) and compared those to
our purely model-based estimates of SF preference. This
led to a surprise: for some models (27/122), the predicted
preferred SF tuning in the context of gratings of the full
simulated model was a much lower frequency than that

predicted by the model-based measures that were derived
from the filters themselves, as described earlier. Closer
inspection of these cells’ SF tuning curves revealed two
peaks both in their F0 and F1 spectra, with the low-fre-
quency peak in the F1 spectrum indicating the highest
response. Normally, the low-SF F1 peak being the largest
response would be interpreted as indicating a simple cell
tuned to a low SF. However, the F1 outputs of individual
filters showed that all were preferentially tuned to higher
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frequencies (Fig. 4C), indicative of a more complex-like
cell that could detect high-frequency inputs. Plotting the
outputs in response to different gratings over time
revealed that for high-frequency gratings, individual fil-
ters were being driven most strongly, but that the output
of each subunit did not coincide across time due to their
different spatial locations. In contrast, to low-frequency
gratings, the relatively small outputs of each subunit did
overlap in time and summed (Fig. 4D). Therefore, the
apparent selectivity to a low-SF grating was in fact

generated as a result of a low-SF “envelope” driving multi-
ple high-SF features suboptimally, but simultaneously.
Thus, this type of cell appears to be simple-like for low
SFs, but complex for high SFs.

Indeed, this apparent discrepancy between subunit tuning
and the tuning to gratings can be explained by the previously
observed spatial scatter between filters. To demonstrate this,
we simulated two models for each neuron, the original
model of the data, along with a second model constructed
with identical subunits, except that the filters of each
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subunit were spatially aligned to have the same position,
eliminating their spatial scatter (Fig. 4A, right). As expected,
these peak-aligned models display greatly enhanced tuning
to the carrier frequency (Fig. 4B, dotted lines) relative to the
original models. Across our sample, peak alignment resulted
in the model completely eliminating the striking discrep-
ancy between model-based and simulated-grating-based
estimates of SF tuning (Fig. 4F, paired t test, P = 0.0086),
resulting in the two measures closely in register with one
another (Fig. 4H, paired t test, P = 0.4831). In the context of
classical F0/F1 measures, these results indicate that some
cells may show large modulation in their F1 component at a
lower frequency, while still having significant tuning to a
higher SF that is obscured by the choice of gratings used,
similar to some previously observed properties of complex
cell responses (41). Thus, we interpret tuning at the envelope
frequency as not being caused by the presence of an explicit
envelope filter, but rather as arising from the interactions
between individual, rectified, high-resolution filters.

Quantifying the Degree of Nonlinearity across Cortical
Layer

Model-based measures can also be useful to identify the
degree that a given V1 neuron is nonlinear in its spatiotem-
poral processing. Traditionally, nonlinearity in V1 processing
is referenced to the distinction between simple (relatively
linear) and complex cells (nonlinear) (1, 42, 43), usually esti-
mated from the F1/F0 ratios described earlier. In such char-
acterizations, however, the degree of nonlinearity does not
necessarily generalize across stimulus contexts (8, 14, 32,
44), and thus we propose alternative model-based measures
that can be easily adjusted for use with arbitrary spatiotem-
porally varying stimuli.

We consider two time-varying spatiotemporal stimuli s(t)
and ~sx(t), which are different only because the stimulus at
position x is inverted (i.e., black instead of white and vice
versa). By comparing the response of the neuron to both
stimuli, we can gauge whether it has a linear (inverted) or
nonlinear (same sign) response, analogously to how the neu-
ron responds to opposite phases of a drifting grating. This
motivates our definition of the spatial phase-reversal modu-
lation sPRM(x):

sPRMðxÞ ¼ 1
T

X
t

jr s tð Þ½ � � r½~sx tð Þ�j
�r

ð3Þ

where �r is the firing response rate, and T is the total experi-
ment duration. Notably, this is analogous to our previously
proposed PRM measure (20), but provides spatial resolution
across the receptive field, allowing for direct model-free vali-
dation using forward correlation.

Specifically, to validate the nonlinearity measurements
provided by the sPRM(x), we measure the average response
of the neuron across all instances in the experiment where a
black bar was at position x, comparedwith when it was a white
bar. The resulting phase-reversal forward correlation differen-
ces (PRFC, Fig. 5C) closely mirror the sPRM (Fig. 5B). In simple
cells, presentation of white and black bars at the same spatial
location is associated with opposite-sign modulation of firing
rate relative to the firing rates elicited by gray bars, yielding
overall PRFC values close to 1; in complex cells, either change

in luminance elicits the same response, causing the firing rates
to sumand leaving the PRFC near 0 (Fig. 5C). Likewise, the dis-
tribution of PRFC values (Fig. 5D) shows a high prevalence of
complex cells and reflects a bimodal distribution often seen in
previous V1 cell classifications (42, 43, 45).

Like the PRM, the average PRFC (average weighted across
the receptive field of the neuron) can also be used to summa-
rize the overall degree of nonlinearity of the neuron. As
expected, these two overall measures of nonlinearity also
closely corresponded; we found significant agreement
between the two measures (Fig. 5E), further validating the
PRM and sPRMmeasures.

To demonstrate the utility of such model-based measures
of nonlinearity, we computed the degree of nonlinearity
across cortical layers, expecting increasing degrees of nonli-
nearity outside the input layers of V1 (layer IV). The PRFC
measure of phase-invariance displays the expected distribu-
tion across cortical layers, with cells in layer IV having large
values on this indicator of phase-invariance, indicating more
simple-like cells, whereas extragranular layers show signifi-
cantly lower values more associated with complex-like cells
(Fig. 6A) (44, 46, 47). Notably, both simple and complex cells
can have a large number of subunits, indicating that simple
cells still typically have nonlinear processing (11, 48). Finally,
we also compared model features across layer. Notably, our
models also featured an additional aspect of infra-granular
cells; their temporal kernels display longer onset latencies
on average compared with layer IV cells (Fig. 6B) as previ-
ously described (49, 50).

DISCUSSION
We have demonstrated how model-based characteriza-

tions of V1 neurons offer a more sophisticated description of
their visual processing that is consistent with—but goes
beyond—classical measures of V1 selectivity. Indeed, the
underlying motivation is that nonlinear statistical models
that are fit to more complex spatiotemporal stimuli capture
aspects of V1 selectivity that are not evident in their
responses to simpler stimuli, and thus measures based on
such models will necessarily provide more information.
Similarly, classical measures may not be possible where the
stimulus cannot be precisely controlled, as is the case in an
increasing number of experiments performed in awake ani-
mals in more natural contexts (51–53). Model-based charac-
terization bridges the gap between recent advances in
statistical modeling of neuron responses to complex stimuli
(8) and the descriptions of V1 tuning established by classical
stimuli. Thus, it can fill an important gap in relating what
can be relatively uninterpretable, complex models to the
fundamental stimulus selectivity of the modeled neurons.
As such, we propose this approach as a new benchmark for
describing V1 neuron selectivity that is applicable to its proc-
essing of complex stimuli.

We have illustrated suchmeasures, and their implications,
using an established nonlinear modeling framework (15).
Much of our analysis relies on our model’s ability to identify
a given neuron’s selectivity as a function of multiple subu-
nits, as opposed to a single receptive field filter. Based on our
analyses, most V1 neurons exhibit a diversity of subunit se-
lectivity, in that individual cells are well described by many
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subunits that are often selective to multiple distinct spatio-
temporal elements. For example, some V1 neurons might
combine direction-selective subunits with those tuned to
nonmoving features (such as the example model in Fig. 1C,
where only subunit 6 is direction-selective). Our results thus
not only highlight the diversity of selectivity known to be
exhibited by V1 neurons but also emphasize the need for
model-based characterization to understand this diversity.

Furthermore, the approaches presented here can be
applied to any model of V1 whose first stage consists of mul-
tiple spatiotemporal processing elements and otherwise is
image-computable (e.g., generates a predicted response to
stimulus input), and thus in principle can be applied to the
range ofmodels from spike-triggered neural characterization
(e.g., see Refs. 11, 12, and 28) to more recent models based on
deep neural networks (e.g., see Refs. 13 and 54–58), as the
first stage ofmany such networks likely approximates a simi-
lar dimensionality reduction process as our filter subspace
approach. However, we expect that such characterizations
will be most accurate in models that accurately capture the
neural computations (i.e., have high predictive power) and

spatiotemporal processing attributable to individual V1 neu-
rons, and thus use the NIM (14, 15) in this paper for the basis
of these characterizations.

A key finding of our analyses is that multiple subunits
conferred tuning to a broader range of stimulus properties
than would have been observable under classical contexts
using traditional analyses. In the case of spatial frequency
tuning, we find that some cells, although capable of resolv-
ing high-resolution inputs as indicated by the SF tuning of
their subunits, are also tuned to broader stimulation by low-
resolution inputs that spread across the cell’s entire RF. This
also potentially offers an explanation of how complex cells
can still show some phase-selective response patterns when
presented with low-frequency gratings moving across the
receptive field, while stationary gratings failed to elicit the
same response, and explains the previously demonstrated
dependence of the classical F1/F0 measure on spatial fre-
quency (41). These findings are also consistent with findings
of envelope tuning (59, 60), in which V1 processing for
boundary segmentation is described as a theoretical LNLN
cascade-style model with high-frequency filters in the first
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LN step and a coarse-scale boundary determined by the sec-
ond LN step. They similarly observed responses to high-SF
stimuli when presenting contrast-reversing luminance gra-
tings (59), implying that the ternary bar stimuli used in this
study likely drives V1 activity in similar ways. However,
unlike their model, we did not observe a single filter outlin-
ing the envelope, but instead find that the response to the
low-frequency envelope emerges out of the combined contri-
bution of many more localized filters that are spatially scat-
tered around the cell’s RF.

In addition, our model filters capture the high-resolution
components of the cell RF as predicted by that study and
thus provide a way of quantifying the differences between
tuning to envelope and carrier frequencies of a visual signal.
Because related theoretical work (61) found that scattered
high-frequency inputs may also be indicative of cells with
broad orientation tuning, the interaction between subunit
scatter and orientation tuning will need to be investigated in
the future using stimuli with more dimensions than those

used in our study, such as bar stimuli presented at multiple
orientations or two-dimensional noise stimuli. Such an
approach might also yield clearer insight into other tuning
properties where we observed significant variability between
subunits, such as direction selectivity.

Our model-based approach also allows us to investigate
the degree of nonlinearity needed to capture the responses
of different V1 populations despite the well-established di-
versity of nonlinearity and tuning properties of primary vis-
ual cortex (42, 62, 63) at much higher spatial resolution than
was previously possible. Our model-based measures demon-
strate a bimodal distribution of the degree of nonlinearity (5,
42) and allows for additional insight into the construction of
phase-invariant RFs by showing the spatial extent of individ-
ual subunits and their overlap. Because of this increased spa-
tial resolution, the utility of our models as a measure of
phase-invariance thus also goes beyond what is possible
with classical analyses, such as using relative modulation
analysis after presenting grating stimuli (27). A key point to
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emphasize is that it is only possible to study the effects of
nonlinear interactions across space in the context of suffi-
ciently complex stimuli. Our analyses of the resulting mod-
els could focus on interactions between filters at the same
spatial position, which appear to be the real mark of whether
the cell exhibits linear “simple-cell-like” stimulus processing
or spatial-phase invariant “complex-cell-like” processing.

Likewise, simpler measures such as the number of sub-
units is not a reliable indicator of cell complexity [consist-
ent with previous modeling studies (11, 13, 15, 16, 48)].
Indeed, we see that the smaller scale of spatial selectivity rel-
ative to the full RF of the neuron can require multiple filters
regardless of whether neurons are phase-invariant. However,
how this scale difference manifests depends on the assump-
tions of modeling; techniques such as spike-triggered covari-
ance will often explain the “most variance” of the subunit
ensemble with large quadrature pair filters (11, 18, 28) and
leave finer elements of spatial selectivity to later filters—but
such characterizations are consistent with small, localized fil-
ters (29). Indeed, statistical models that have flexibility in
their nonlinear processing, which for example is afforded by
rectified subunits (8, 15, 31) not only can better capture neural
responses but also offer a finer description of such nonlinear
interactions.

We propose that our approach for model-based measures
provides a new benchmark for quantitative estimation and
comparison of tuning properties. The investigation of differ-
ences between neurons across cortical lamina is just one
application of our approach—future experiments may
make comparisons between other neural populations,
such as across eccentricity or between CO blobs, to probe
the functional organization of the visual cortex by identi-
fying which computational subunits change in different
contexts. Furthermore, although we used relatively low-
dimensional bar stimuli, the approach is applicable to
responses to any complex stimuli, including more natural
stimuli that vary in additional dimensions such as color
and stimulus contrast. Indeed, while probing more stimu-
lus dimensions requires more data to support the resulting
models (8), models fit using those stimuli could reveal how
such properties integrate with the selectivity measures
described in this paper. Likewise, model-based character-
izations might similarly be applied to “deeper” models
with additional stages of nonlinear processing than the
two LN stages we used here (8, 13, 31, 56, 57, 64), either to
describe later regions in the visual system or to further
explore the additional nonlinearities present in V1. Such
deeper networks would also be a more powerful tool to
accurately identify shared computation in the context of
more complex, and thus more high-dimensional, stimuli.
Finally, due to the structural similarities among sensory
cortical areas, model-based characterization might be fur-
ther adapted to auditory or somatosensory modalities,
potentially providing insight into general processing pat-
terns in cortex by allowing for more direct comparison of
shared or distinct computational subunits.

APPENDIX

Figure A1 shows the components and performance of the
principal component nonlinear inputmodel.
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