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Introduction 

abstract feature space. Each axis of the feature space corresponds to a
single feature, and each stimulus is represented by one point in the
feature space. For the Kay et al. study the axes of the feature space
correspond to the phase-invariant Gabor wavelets.

In Kay et al., the input, feature and activity spaces are linked together
like a chain, where each link represents a mapping – a mathematical
transformation – between spaces (Fig. 1, middle). The mapping
between the input space and the feature space is nonlinear, while the
mapping between the feature space and the activity space is linear. The
feature space is called linearizing, because the nonlinear mapping into
feature space linearizes the relationship between the stimulus and the
response (Wu et al., 2006). Encoding models based on linearizing
feature spaces are referred to as linearizing encoding models.

Linearizing encoding models have a simple interpretation and are
relatively easy to estimate. The mapping between the input space and
the feature space is assumed to be nonlinear because most of the
interesting computations performed by the brain are nonlinear. The
mapping between feature space and activity space is assumed to be
linear because the features that are represented by an ROI should have

the simplest possible relationship to its activity. The nonlinear
mapping is the same for each voxel; only the linear mapping has to
be estimated frommeasured voxel activity. Thus, linearizing encoding
models require only linear estimation. This can be performed by
readily available algorithms for linear regression (Wu et al., 2006).
Once estimated, the linear mapping between feature space and
activity space describes the particular mix of features that evoke
activity in each voxel.

As far as we know all of the encoding models that have been
published in the field of fMRI thus far make use of a linearizing feature
space. That is, they assume that there is a nonlinear mapping from the
stimulus space to the feature space, and a linear mapping between
the feature space and the activity space. We have already discussed
the study of Kay et al. (2008) in detail. A subsequent study by
Naselaris et al. (2009) reanalyzed the data collected as part of the Kay
et al. study. However, Naselaris et al. constructed two differentmodels
for each voxel: a model based on phase-invariant Gabor wavelets, and
a semantic model that was based on a scene category label for each
natural scene. Naselaris et al. showed that the Gabor wavelet and

Fig. 1. Linearizing encoding and decoding models. [Top] The brain can be viewed as a system that nonlinearly maps stimuli into brain activity. According to this perspective a central
task of systems and cognitive neuroscience is to discover the nonlinearmapping between input and activity. [Middle] Linearizing encodingmodel. The relationship between encoding
and decoding can be described in terms of a series of abstract spaces. In experiments using visual stimuli the axes of the input space are the luminance of pixels and each point in the
space (here different colors in the input space) represents a different image. Brain activity measured in each voxel is represented by an activity space. The axes of the activity space
correspond to the activity of different voxels and each point in the space represents a unique pattern of activity across voxels (different colors in the activity space). In between the
input and activity spaces is a feature space. The mapping between the input space and the feature space is nonlinear and the mapping between the feature space and activity space is
linear. [Bottom] Linear classifier. The linear classifier is a simple decoding model that can also be described in terms of input, feature and activity spaces. However, the direction of the
mapping between activity and feature space is reversed relative to the encoding model. Because the features are discrete all points in the feature space lie along the axes.
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Introduction 
Encoding Model: general approach (Naselaris et al., 2011) 

encoding model to perform identification of natural scenes. Their
encoding model enabled highly accurate identification performance,
even when the natural scene was drawn from a potential set of
hundreds of millions. Their results provide evidence that fine-grained
visual information is represented in the activity of single voxels.

Naselaris et al. (2009) also modeled voxel activity in visual cortex
evoked by natural images. Their two encoding models were based on
the Gabor wavelet features and the semantic features described
earlier. They developed a generalization of the Bayesian decoding
approach that combined the Gabor wavelet and semanticmodels with
a natural image prior to accurately reconstruct natural images. Their
results provide evidence that combining activity from functionally
distinct areas can produce reconstructions of natural scenes that are
both structurally and semantically accurate.

Mitchell et al. (2008) modeled voxel activity across the whole
brain evoked by line drawings of everyday objects. Their encoding
model was based on word co-occurrence features described earlier.
They used their encoding model to perform identification of arbitrary
nouns (using an identification approach similar to that in Kay et al.,
2008). Their results provide evidence for a relationship between the
statistics of word co-occurrence in written language and the
representation of the meaning of nouns.

Brouwer and Heeger (2009) modeled voxel activity in retinotopic
visual areas evoked by wide-field color patterns. Their encoding
model was based on a nonlinear perceptual color space (specifically,
the L*a*b color space; Commission Internationale de l'Eclairage,
1986). They used their encoding model to reconstruct novel colors
that were not present in the training data. They found that activity in
visual area V4 enabled the most accurate reconstruction of novel
colors. Their results provide evidence that V4 represents a distinct
transition from the color representation in V1 into a perceptual color
space.

fMRI studies that use linear classifiers

We have emphasized the major advantage of encoding models
over decoding models. Nonetheless, linear classifiers (perhaps the
simplest kind of decoding model) are one of the most commonly used
data analysis techniques in fMRI research. Linear classifiers have been
used in virtually every area of research in systems and cognitive
neuroscience. An incomplete tally of some current work includes
studies of vision (Brouwer and Heeger, 2009; Carlson et al., 2003; Cox
and Savoy, 2003; Eger et al., 2008; Haxby et al., 2001; MacEvoy and
Epstein, 2009; Peelen et al., 2009; Walther et al., 2009),
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encoding models for each
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Fig. 4. The combined encoding/decoding approach. The relationship between encoding and decodingmodels suggests an ideal procedure for analyzing fMRI data that consists of four
steps (one step for each row in the figure). [Row 1] Voxel activity (jagged lines) evoked by experimental stimuli (scenes at left) is divided into a training data set and a validation data
set. [Row 2] Encoding models are specified by a nonlinear mapping (curvy arrow) of the stimuli into an abstract feature space (labeled axes represent hypothetical feature space;
stimulus depicted by line with circular end). Model weights (dashed lines with square ends) estimated from training data specify a linear mapping (straight arrows) from feature
space to voxel activity. [Row 3] Prediction accuracy is measured by comparing the activity in the validation data set to the predicted activity (far right). [Row 4] Decoding models are
derived by using Bayes' theorem to reverse the direction of the linear mapping (straight arrow).
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Introduction 
The forward encoding model (Brouwer & Heeger, 2009; 2011) 

ing accuracies across runs allowed us to determine the statistical signifi-
cance of the prediction accuracy. Because accuracies are not normally
distributed, because they are restricted between 0 and 1, we performed a
nonparametric permutation test. For each ROI and observer, we assigned
random labels to the training data and obtained an accuracy from the test
data. Repeating this 1000 times yielded a distribution of accuracies, accord-
ing to the null hypothesis that stimulus color could not be classified. Accu-
racies computed with the correctly labeled training data were then
considered statistically significant if they were higher than the 97.5 per-
centile of the null distribution (i.e., two-tailed permutation test). Similar
results were obtained with a standard Student’s t test, and both supported
the same conclusions.

Forward model and reconstruction. In addition to classification, we
defined a forward model to decode and reconstruct color from the spa-
tially distributed patterns of voxel responses. The forward model as-
sumed that each voxel contained a large number of color-selective
neurons, each tuned to a different hue. We characterized the color selec-
tivity of each neuron as a weighted sum of six hypothetical channels, each

with an idealized color tuning curve (or basis
function) such that the transformation from
stimulus color to channel outputs was one-to-
one and invertible. The shape of the tuning
curves was selected (as described below) so that
the response tuning of any one neuron could
be expressed as a weighted sum of the six basis
functions. We further assumed that the re-
sponse of a voxel was proportional to the
summed responses of all the neurons in that
voxel and hence that the response tuning of
each voxel was a weighted sum of the six basis
function. Each basis function was a half-wave
rectified (all negative values were set to 0) and
squared sinusoid, as a function of hue, in CIE
L*a*b* space (Fig. 3 A, B). The rectification ap-
proximated the effect of spike threshold for
cortical neurons with low spontaneous firing
rates, and the squaring made the tuning curves
narrower. For our stimulus set (individual col-
ors of fixed color contrast, presented one at
time), this model of color selectivity is a close
approximation to more elaborate models of
cortical color tuning (Solomon and Lennie,
2007). A rectified and squared sinusoidal tun-
ing curve with any possible hue preference (i.e.,
intermediate to the six basis functions) can be
expressed exactly as a weighted sum of the six
basis functions (Freeman and Adelson, 1992).
The hue preferences of the six channels need
not have been evenly spaced, as long as they
were linearly independent (Freeman and Adel-
son, 1992). Although a circular space can be
represented by two channels with sinusoidal
tuning curves, the rectification and squaring
operations led to the requirement of six chan-
nels. The half-wave rectified and squared basis
functions were more selective (narrower) than
sinusoidal tuning curves and strictly positive. If
the basis functions were broader, then fewer
channels would have been needed. If narrower,
then more channels would have been needed.
Saturation and luminance were not modeled,
because our stimuli did not vary along those
dimensions. The channel outputs for any stim-
ulus color were readily computed from the ba-
sis functions (the tunings curves of the
hypothetical channels).

The data (the estimated voxel response am-
plitudes) were partitioned in train (B1) and test
sets (B2), as for the classification analysis, and
the analysis proceeded in two stages (train and

test). In the first stage of the analysis, the training data were used to
estimate the weights on the six hypothetical channels, separately for each
voxel. With these weights in hand, the second stage of analysis computed
the channel outputs associated with the spatially distributed pattern of
activity across voxels evoked by each test color, and the resulting channel
outputs were associated with a stimulus color. Let k be the number of
channels, m be the number of voxels, and n be the number of repeated
measurements (i.e., eight colors times the number of runs). The matrix of
estimated response amplitudes in the training set (B1, m ! n) was related
to the matrix of hypothetical channel outputs (C1, k ! n) by a weight
matrix (W, m ! k):

B1 " WC1. (1)

The least-squares estimate of the weights was computed using linear
regression:

Ŵ " B1C1
T(C1C1

T)#1. (2)
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Figure 3. Forward model. A, Idealized color tuning curve, modeled as a half-wave rectified and squared sinusoid. B, The
response of a voxel was fitted with a weighted sum of six idealized color tuning curves, evenly spaced around the color circle, in CIE
L*a*b* space. C, Simulated response amplitude matrix, for each voxel and each color. D, Matrix of principal component scores,
computed by projecting the vector of response amplitudes (across voxels) onto each of the principal component vectors, ordered by
the amount of variance they explain in the original response amplitudes. E, Plotting the first two principal component scores as
coordinate pairs reconstructs the original color space. F, Cone-opponency model. LMS cone responses were calculated for the
stimulus colors. Four cone-opponency channels (M–L, L–M, #S, and $S) were computed from the cone responses, half-wave
rectified. G, The first two principal components of the simulated cone-opponency responses revealed results similar to those
observed in V1.
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ing accuracies across runs allowed us to determine the statistical signifi-
cance of the prediction accuracy. Because accuracies are not normally
distributed, because they are restricted between 0 and 1, we performed a
nonparametric permutation test. For each ROI and observer, we assigned
random labels to the training data and obtained an accuracy from the test
data. Repeating this 1000 times yielded a distribution of accuracies, accord-
ing to the null hypothesis that stimulus color could not be classified. Accu-
racies computed with the correctly labeled training data were then
considered statistically significant if they were higher than the 97.5 per-
centile of the null distribution (i.e., two-tailed permutation test). Similar
results were obtained with a standard Student’s t test, and both supported
the same conclusions.

Forward model and reconstruction. In addition to classification, we
defined a forward model to decode and reconstruct color from the spa-
tially distributed patterns of voxel responses. The forward model as-
sumed that each voxel contained a large number of color-selective
neurons, each tuned to a different hue. We characterized the color selec-
tivity of each neuron as a weighted sum of six hypothetical channels, each

with an idealized color tuning curve (or basis
function) such that the transformation from
stimulus color to channel outputs was one-to-
one and invertible. The shape of the tuning
curves was selected (as described below) so that
the response tuning of any one neuron could
be expressed as a weighted sum of the six basis
functions. We further assumed that the re-
sponse of a voxel was proportional to the
summed responses of all the neurons in that
voxel and hence that the response tuning of
each voxel was a weighted sum of the six basis
function. Each basis function was a half-wave
rectified (all negative values were set to 0) and
squared sinusoid, as a function of hue, in CIE
L*a*b* space (Fig. 3 A, B). The rectification ap-
proximated the effect of spike threshold for
cortical neurons with low spontaneous firing
rates, and the squaring made the tuning curves
narrower. For our stimulus set (individual col-
ors of fixed color contrast, presented one at
time), this model of color selectivity is a close
approximation to more elaborate models of
cortical color tuning (Solomon and Lennie,
2007). A rectified and squared sinusoidal tun-
ing curve with any possible hue preference (i.e.,
intermediate to the six basis functions) can be
expressed exactly as a weighted sum of the six
basis functions (Freeman and Adelson, 1992).
The hue preferences of the six channels need
not have been evenly spaced, as long as they
were linearly independent (Freeman and Adel-
son, 1992). Although a circular space can be
represented by two channels with sinusoidal
tuning curves, the rectification and squaring
operations led to the requirement of six chan-
nels. The half-wave rectified and squared basis
functions were more selective (narrower) than
sinusoidal tuning curves and strictly positive. If
the basis functions were broader, then fewer
channels would have been needed. If narrower,
then more channels would have been needed.
Saturation and luminance were not modeled,
because our stimuli did not vary along those
dimensions. The channel outputs for any stim-
ulus color were readily computed from the ba-
sis functions (the tunings curves of the
hypothetical channels).

The data (the estimated voxel response am-
plitudes) were partitioned in train (B1) and test
sets (B2), as for the classification analysis, and
the analysis proceeded in two stages (train and

test). In the first stage of the analysis, the training data were used to
estimate the weights on the six hypothetical channels, separately for each
voxel. With these weights in hand, the second stage of analysis computed
the channel outputs associated with the spatially distributed pattern of
activity across voxels evoked by each test color, and the resulting channel
outputs were associated with a stimulus color. Let k be the number of
channels, m be the number of voxels, and n be the number of repeated
measurements (i.e., eight colors times the number of runs). The matrix of
estimated response amplitudes in the training set (B1, m ! n) was related
to the matrix of hypothetical channel outputs (C1, k ! n) by a weight
matrix (W, m ! k):

B1 " WC1. (1)

The least-squares estimate of the weights was computed using linear
regression:

Ŵ " B1C1
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Figure 3. Forward model. A, Idealized color tuning curve, modeled as a half-wave rectified and squared sinusoid. B, The
response of a voxel was fitted with a weighted sum of six idealized color tuning curves, evenly spaced around the color circle, in CIE
L*a*b* space. C, Simulated response amplitude matrix, for each voxel and each color. D, Matrix of principal component scores,
computed by projecting the vector of response amplitudes (across voxels) onto each of the principal component vectors, ordered by
the amount of variance they explain in the original response amplitudes. E, Plotting the first two principal component scores as
coordinate pairs reconstructs the original color space. F, Cone-opponency model. LMS cone responses were calculated for the
stimulus colors. Four cone-opponency channels (M–L, L–M, #S, and $S) were computed from the cone responses, half-wave
rectified. G, The first two principal components of the simulated cone-opponency responses revealed results similar to those
observed in V1.
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•  A small number of hypothesized feature-selective channels in each voxel 
•  Compute the weights for each hypothesized channel 
•  Reconstruct population-level orientation tuning responses in each brain region 

using the weights 

Materials and Methods
Observers and scanning sessions. Five healthy observers between the ages
of 23 and 37 years participated in this study. Observers provided
written informed consent. Experimental procedures were in compli-
ance with the safety guidelines for MRI research and were approved
by the University Committee on Activities Involving Human Subjects
at New York University. Observers had normal or corrected-to-normal
vision. Normal color vision was verified by use of the Ishihara plates
(Ishihara, 1917) and a computerized version of the Farnsworth–Munsell
100 hue-scoring test (Farnsworth, 1957). Each observer participated in
three to five experimental sessions, consisting of 8 –10 runs of the main
color experiment. Observers also participated in a retinotopic mapping
session and a session in which a high-resolution anatomical volume was
acquired.

Experimental protocol. Stimuli were concentric sinusoidal gratings,
within a circular aperture modulating between the center gray point and
one of eight different locations in color space. The eight colors were
equally spaced in Commission Internationale de l’Eclairage (CIE)
L*a*b* space, at a fixed lightness of L* ! 75 (corresponding to 8.8 cd/m 2)
and equidistant from the gray point at L* ! 75, a* ! 0, and b* ! 0 (Fig.
1 A, B). The CIE L*a*b* space is a nonlinear transform of the CIE xyz
color space, intended to be more perceptually uniform (Commission
Internationale de l’Eclairage, 1986). The gratings slowly drifted either
inward or outward, with the direction chosen randomly for each trial.
Visual stimuli appeared for a duration of 1.5 s in a randomized order.
Using an event-related design, interstimulus intervals (ISIs) ranged from
3 to 6 s, in steps of 1.5 s (Fig. 1C). All eight colors were presented eight
times in each run, along with eight blank trials. This created a total of 72
trials per run, with one run lasting 7 min and 12 s.

Observers performed a “rapid serial visual presentation” detection
task continuously throughout each run, to maintain a consistent behav-

ioral state and to encourage stable fixation. A sequence of characters,
randomly colored either black or white, was displayed on the fixation
point (each appearing for 400 ms). The observer’s task was to detect a
specific sequence of characters, pressing a button when a white “K” was
followed immediately by a black “K.”

Response time courses and response amplitudes. fMRI data were prepro-
cessed using standard procedures. The first four images of each run were
discarded to allow the longitudinal magnetization to reach steady state.
We compensated for head movements within and across runs using a
robust motion estimation algorithm (Nestares and Heeger, 2000), di-
vided the time series of each voxel by its mean image intensity to convert
to percentage signal change and compensate for distance from the radio
frequency coil, and linearly detrended and high-pass filtered the resulting
time series with a cutoff frequency of 0.01 Hz to remove low-frequency
drift.

The hemodynamic impulse response function (HIRF) of each voxel
was estimated with deconvolution (Dale, 1999), averaging across all
stimuli (ignoring stimulus color so as to avoid introducing any statistical
bias in the decoding accuracies). Specifically, we computed the mean
response for 12 s (eight time points) after stimulus presentation, sepa-
rately for each voxel, using linear regression. In the first column of the
regression matrix, 1 was at the onset of stimuli and 0 elsewhere. For each
of the 11 remaining columns, we progressively shifted the ones forward
one time point. HIRFs were estimated by multiplying the pseudoinverse
of this regression matrix with the measured (and pre-processed) fMRI
response time courses. This procedure assumed linear temporal summa-
tion of the fMRI responses (Boynton et al., 1996; Dale, 1999) but did not
assume any particular time course for the HIRFs. The goodness of fit of
the regression model, r 2, was computed as the amount of variance ac-
counted for by the estimated HIRFs (Gardner et al., 2005). That is, the
estimated HIRFs computed by deconvolution were convolved with the
stimulus times to form a model response time course, and r 2 was then
computed as the amount of variance in the original time course ac-
counted for by this model response time course.

The HIRFs were averaged across the subset of voxels in each visual
cortical area that responded strongly to the stimuli. A region of interest
(ROI) was defined for each visual area, separately for each observer, using
retinotopic mapping procedures (see below). The mean HIRF of each
ROI was then computed by averaging the HIRFs of voxels with an r 2

above the median for that ROI (supplemental Fig. 1, available at www.
jneurosci.org as supplemental material).

The response amplitudes to each color were computed separately for
each voxel in each ROI and separately for each run, using linear regres-
sion. A regression matrix was constructed for each ROI by convolving the
ROI-specific HIRF and its numerical derivative with binary time courses
corresponding to the onsets of each of the eight stimulus colors (with 1 at
each stimulus onset and 0 elsewhere). The resulting regression matrix
had 16 columns: eight columns for the HIRF convolved with each of the
eight stimulus onsets and eight columns for the HIRF derivative con-
volved with each of the eight stimulus onsets. Response amplitudes were
estimated by multiplying the pseudoinverse of this regression matrix
with the measured (and pre-processed) fMRI response time courses. We
included the derivative because the HIRF of an individual voxel may have
differed from the mean HIRF of the ROI of that voxel. At least some of the
response variability was captured by including the derivative; the vari-
ance of the estimated response amplitudes across runs was smaller with
the derivative included than without it. The values obtained for the de-
rivative regressors were discarded after response amplitudes were esti-
mated. We thus obtained, for each voxel and each run, one response
amplitude estimate for each of the eight colors. These response ampli-
tudes were z-score normalized, separately for each voxel, separately for
each run.

Combining across sessions and reducing dimensionality. To increase de-
coding accuracy, we combined the data from multiple scanning sessions.
The estimated response amplitudes from a single visual area ROI in a
single session formed an m " n matrix, with m being the number of
voxels in the ROI (or dimensions) and n being the number of repeated
measurements (equal to eight stimulus colors times the number of runs
in the session, i.e., one response amplitude for each color per run). In
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clustering and with the cluster centroids near the origin of the
space.

These observations were quantified, separately for each visual
area, by computing a measure of within-color clustering and a
measure of progression through color space (see Materials and
Methods). V1 exhibited the highest clustering but only modest
progression (Fig. 6B). In contrast, areas V4 and VO1 showed the
highest progression (significantly higher than would have been
expected by chance, as determined by a permutation test; see

4

and the minimum distance in the case of included colors was 0 (correctly classifying a included
color), or, in the case of novel colors, the minimum distance was 1 (classifying a novel color as its
immediate neighbor). Error bars indicate SDs across runs (with 1 run at a time left out of training
and used for testing accuracy). Solid line, Median distance as expected by chance. Dashed line,
Statistical threshold ( p ! 0.05, two-tailed permutation test). †p ! 0.05, visual areas for which
the measured distance for novel colors was statistically smaller than expected by chance.

Figure 5. Reconstruction. A, Color reconstruction on the basis of V4 activity. Each point
represents the color reconstructed for one run, using combined data from all sessions and
observers, plotted in CIE L*a*b* space. The reconstructed colors from all sessions and observers
cluster near the actual stimulus color, indicated in the top right of each panel. B, Reconstruction
of novel colors, not included in training the forward model. Reconstructed colors again cluster
near the actual stimulus color but with more spread than in A. C, Forward model decoding
accuracies for included and novel colors. Error bars indicate SD of the accuracies over runs. *p !
0.05, visual areas for which there was a statistically significant difference when the test color
was excluded from training (paired-sample t test). Solid line, Chance accuracy (0.125%).
Dashed line, 97.5 percentile for chance accuracy, obtained by permutation tests (identical to Fig.
4). Areas V1, V2, and V3 show a significant decrease in decoding accuracy for novel colors,
whereas areas V4 and VO1 show highly similar decoding accuracies for both included and novel
colors. The accuracies for included colors in this figure are similar but not identical to the com-
bined accuracies shown in Figure 4 B. Each run is associated with one example per color. If we
remove one color from training at a time and we leave one run out at a time, we can only predict
one example per run (the example associated with the color excluded from training). The
remaining colors in the run are not novel. Thus, for fair comparison, we determined the accuracy
for included colors in the same way. D, Performance of the maximum likelihood classifier on
included (black bars) and novel (gray bars) colors, quantified as the average distance between
the color predicted by the maximum likelihood classifier and the novel color presented. Small
distances indicate that the classifier predicted colors as perceptually similar, neighboring colors.
The maximum distance was 4 (classifying a novel color as the opposite color on the hue circle),
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progression (not self-intersecting) through color space, with similar colors evoking the most
similar responses. This is not the case for V1 or MT" activity, nor for white noise. Note, how-
ever, that V1 shows a more robust clustering of PCA scores, relative to the other areas.
B, Clustering and progression of the color spaces derived from activity in each visual cortical
area. Dashed lines, Chance levels for the progression (black) and clustering (gray) measures,
computed by a permutation test (see Materials and Methods). All areas show clustering signif-
icantly higher than chance ( p ! 0.05, two-tailed permutation test). *p ! 0.05, visual areas
with a progression measure higher than chance (two-tailed permutation test). The relatively
high progression score in MT" is artifactual because the cluster centers were all near the origin
of the space.
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Cross-orientation suppression in human visual cortex
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Brouwer GJ, Heeger DJ. Cross-orientation suppression in human
visual cortex. J Neurophysiol 106: 2108–2119, 2011. First published
July 20, 2011; doi:10.1152/jn.00540.2011.—Cross-orientation sup-
pression was measured in human primary visual cortex (V1) to test the
normalization model. Subjects viewed vertical target gratings (of
varying contrasts) with or without a superimposed horizontal mask
grating (fixed contrast). We used functional magnetic resonance
imaging (fMRI) to measure the activity in each of several hypothetical
channels (corresponding to subpopulations of neurons) with different
orientation tunings and fit these orientation-selective responses with
the normalization model. For the V1 channel maximally tuned to the
target orientation, responses increased with target contrast but were
suppressed when the horizontal mask was added, evident as a shift in
the contrast gain of this channel’s responses. For the channel maxi-
mally tuned to the mask orientation, a constant baseline response was
evoked for all target contrasts when the mask was absent; responses
decreased with increasing target contrast when the mask was present.
The normalization model provided a good fit to the contrast-response
functions with and without the mask. In a control experiment, the tar-
get and mask presentations were temporally interleaved, and we found
no shift in contrast gain, i.e., no evidence for suppression. We con-
clude that the normalization model can explain cross-orientation sup-
pression in human visual cortex. The approach adopted here can be
applied broadly to infer, simultaneously, the responses of several
subpopulations of neurons in the human brain that span particular
stimulus or feature spaces, and characterize their interactions. In
addition, it allows us to investigate how stimuli are represented by the
inferred activity of entire neural populations.

functional magnetic resonance imaging; vision; contrast suppression;
forward model; primary visual cortex

NEURONS IN PRIMARY VISUAL CORTEX (V1) exhibit cross-orienta-
tion suppression: a grating orthogonal to a neuron’s preferred
orientation (mask) suppresses the response to a simultaneously
presented grating at the neuron’s preferred orientation (target)
(Carandini et al. 1997; DeAngelis et al. 1992; Geisler and
Albrecht 1992; Morrone et al. 1982). Psychophysically, this
leads to impairment in the detection of the target grating, a
phenomenon known as cross-orientation masking (Foley
1994). The suppression in neural activity is best characterized
as a shift in the contrast gain of the neuron’s response and can
be accurately captured by a model based on contrast normal-
ization. This normalization model (Heeger 1992) encompasses
a linear receptive field, soft-thresholding, and divisive suppres-
sion. The divisive signal increases with the overall contrast in
the stimulus across all orientations and suppresses (or normal-
izes) the activity produced by the grating of the neuron’s
preferred orientation. The normalization model has been pro-
posed to explain stimulus-evoked responses in various cortical
areas including V1 (Carandini and Heeger 1994; Carandini et

al. 1997; Heeger 1992), MT (Rust et al. 2006; Simoncelli and
Heeger 1998), and inferotemporal cortex (Zoccolan et al.
2009), multisensory integration in MST (Ohshiro et al. 2011),
the representation of value in LIP (Louie and Glimcher 2010),
olfactory processing in Drosophila antennal lobe (Olsen et al.
2010), and modulatory effects of attention on visual cortical
neurons (Reynolds and Chelazzi 2004; Reynolds and Heeger
2009). Similarly, the normalization model accurately predicts
the activity of large populations of neurons in cat primary
visual cortex (measured with electrode arrays) and visually
evoked potentials in human subjects (Busse et al. 2009).

Measuring the responses of distinct subpopulations of neu-
rons (e.g., different orientation-selective channels) in the hu-
man brain poses a serious challenge. Even though functional
magnetic resonance imaging (fMRI) allows us to noninva-
sively measure human brain activity, each voxel in visual
cortex contains a large number of orientation-selective neu-
rons, most likely encompassing the full range of possible
orientations, and the voxel’s response amplitudes reflect the
pooled activity of all these neurons. Consequently, it has been
difficult to test the normalization model in humans with fMRI,
although some progress has been made (Busse et al. 2009;
Moradi and Heeger 2009).

In the present study, we employed a forward modeling
technique (Brouwer and Heeger 2009; Kay et al. 2008) to
transform voxel responses to orientation-selective channel re-
sponses. The analysis relied on the well-established finding
that there are slight biases in orientation preferences across
voxels (Freeman et al. 2011; Haynes and Rees 2005a; Kami-
tani and Tong 2005). This allowed us to measure cross-
orientation suppression and demonstrate the validity of the
normalization model in human visual cortex.

MATERIALS AND METHODS

Observers and scanning sessions. Four healthy observers between
the ages of 24 and 35 yr participated in this study. Observers provided
written informed consent. Experimental procedures were in compli-
ance with the safety guidelines for MRI research and were approved
by the University Committee on Activities Involving Human Subjects
at New York University. Observers had normal or corrected-to-
normal vision.

Each observer participated in one or two experimental sessions of
the weight estimation experiment (see below), consisting of 8–10 runs
each, one or two experimental sessions of the main cross-orientation
experiment, and one or two experimental sessions of the control
experiment (see below), with sessions of each experiment consisting
of 8 runs each. Observers also participated in a retinotopic mapping
session and a session in which a high-resolution anatomical volume
was acquired.

The weight estimation experiment, the main contrast suppression
experiment, and the control experiment were performed in separate
sessions. We would have preferred to acquire all the data in one
scanning session, but the combined number of different conditions

Address for reprint requests and other correspondence: G. J. Brouwer, Dept.
of Psychology and Center for Neural Science, New York Univ., New York,
NY 10003 (e-mail: gbrouwer@nyu.edu).
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trials in the test set, and k be the number of hypothetical orientation
channels. Let B1 (m ! n1 matrix) be the training data set, and B2 (m ! n2

matrix) be the test data set. Under the assumption that the observed
BOLD signal is a weighted sum of underlying orientation-selective neural
responses, we generated a matrix of hypothetical channel outputs (C1,
k ! n1) composed of nine half-sinusoidal functions raised to the sixth
power as a basis set (Fig. 4). The training data in B1 were then mapped
onto the matrix of channel outputs (C1) by the weight matrix (W, m ! k)
that was estimated using a GLM of the following form:

B1 ! WC1, (2)

where the ordinary least-squares estimate of W is computed as follows:

Ŵ ! B1C1
T(C1C1

T)"1. (3)

The channel responses C2(k ! n2) were then estimated based on the test
data (B2) using the weights estimated in Equation 3 as follows:

Ĉ2 ! (ŴTŴ)"1ŴTB2. (4)

The first steps in this sequence (Eqs. 2, 3) are similar to a traditional
univariate GLM in that each voxel is assigned a weight for each feature in
the model (in this case, one weight for each hypothetical orientation
channel). Equation 4 then implements a multivariate computation be-
cause the channel responses estimated on each trial (in C2) are con-
strained by the estimated weights assigned to each voxel and by the vector
of responses observed across all voxels on that trial in the test set. Thus,
one key feature of this approach is that a set of estimated channel re-
sponses can be obtained on a trial-by-trial basis so long as the number of

voxels is greater than the number of channels. If there are fewer voxels
than channels, then unique channel response estimates cannot be de-
rived as the number of variables being estimated exceeds the number of
available measurements. This ability to estimate the orientation-selective
tuning profile on each trial is exploited when comparing channel re-
sponses on correct and incorrect trials and when correlating channel
responses with accuracy and drift rates on a trial-by-trial basis (see
Results).

The shape of the basis functions used in C1 has a large impact on the
resulting channel response estimates. In the present experiment, we used
half-sinusoidal functions that were raised to the sixth power to approxi-
mate the shape of single-unit tuning functions in V1, where the 1/"2
half-bandwidth of orientation tuned cells is #20° (although there is a
considerable amount of variability in bandwidth) (Schiller et al., 1976;
Swindale, 1998; Ringach et al., 2002a,b; Gur et al., 2005). Given that the
half-sinusoids were raised to the sixth power, a minimum of seven lin-
early independent functions was required to adequately cover orienta-
tion space (Freeman and Adelson, 1991); however, since we presented
nine unique orientations in the experiment, we used a set of nine evenly
distributed functions. The use of more than the required seven basis
functions is not problematic so long as the number of functions does not
exceed the number of measured stimulus values, in which case the matrix
C1 would become rank deficient. While we selected the bandwidth of the
basis functions based on physiology studies, all results that we report are
robust to reasonable variations in this value (i.e., raising the half-
sinusoids to the fifth to eighth power, all of which are reasonable choices
based on the documented variability of single-unit bandwidths). Note
that, since the magnitude of the channel responses is scaled by the am-
plitude of the basis functions (which was set to 1 here), the units along the
y-axes of all data plots are in arbitrary units. Importantly, however, scal-
ing the basis functions to some other common value would not change
the differential response between conditions.

Using this modeling approach, the center position of each function in
the basis set can be systematically shifted across orientation space to
estimate the response in a channel centered at any arbitrary orientation
(as long as the channels remain linearly independent) (Freeman and
Adelson, 1991). While this method of shifting the center of each channel
across orientation space could in principle be used to generate channel
response profiles with a resolution of 1° (or even smaller), we opted to
reconstruct the response functions in 5° steps as no additional insights
were gained by estimating the responses at a higher resolution. After
generating a channel response function on each trial in 5° steps across
orientation space, each function was circularly shifted to a common
stimulus-centered reference frame, and these recentered response func-
tions were averaged across left and right V1 and across all trials of a like
kind. Thus, by convention, the 0° point along the x-axis in all plots refers
to the stimulus that evoked the response profile. Finally, since all channel
response functions were found to be symmetrical about their center
point, we averaged data from corresponding offsets on either side of the
0° point (i.e., data were averaged from the channels offset by $5 and %5°
from the stimulus, $10 and %10°, and so forth) to produce the reported
orientation tuning functions. Note that, in the process of collapsing
across channels centered on both positive and negative offsets from 0°,
we necessarily collapsed across mismatch trials in which there was either
a clockwise or a counterclockwise offset between sequentially presented
gratings within a trial. However, sorting the data by the rotational offset
of the deviant grating had no qualitative impact on any of our results,
presumably because the two gratings were flickering back and forth on
sequential presentations over the course of the 3 s trial (Fig. 1) and
because there was a random jitter of up to &6° introduced on each trial
(see task description above), which was on the same order as the offset
between sequential gratings on mismatch trials (&5°).

Bootstrapping/randomization procedure for evaluating statistical signif-
icance. Because the basis functions used to estimate channel responses
overlapped—thus violating the independence assumption of traditional
statistical tests—we estimated statistical significance using a nonpara-
metric bootstrapping/randomization procedure. Note that this boot-
strapping/randomization procedure was used for all comparisons related
to BOLD tuning functions (see Figs. 6, 7, AE vs SE, correct AE vs incorrect

Figure 4. Schematic of the forward encoding model. A, Basis set comprised of nine half-
sinusoidal functions raised to the sixth power: the functions are evenly distributed across ori-
entation space. B, Depiction of the design matrix C1. There is one column corresponding to each
observation in the training data matrix, and each row represents the response profile of one of
the nine half-sinusoidal basis functions shown in A. This matrix is used to calculate the weight
matrix (W) that estimates the magnitude of the response in each voxel in each of the nine
hypothetical orientation channels. This weight matrix can then be used to infer the response
profile across all nine channels on each trial in the test data set. For more details, see Equations
2– 4 (see Materials and Methods, Estimating feature-selective BOLD response profiles using a
forward encoding model).
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Example (Brouwer & Heeger, 2011) 

•  Stimuli & Procedures 

between experiments (26) was too high to robustly estimate response
amplitudes for all of these conditions at once. Therefore, we opted to
dedicate each session to one experiment only, so that the response
amplitudes could be estimated robustly. This does require coregistra-
tion of the data acquired in different sessions to align the same voxels
from session to session. However, imperfections in the registration
across scanning sessions were not problematic. The orientation biases
in each voxel reflect a coarse-scale bias for radial orientation across
the retinotopic map, not the fine-scale columnar architecture for
orientation (Freeman et al. 2011). Consequently, neighboring voxels
have a very similar orientation bias, i.e., very similar channel
weightings.

Visual stimulus presentation. Visual stimuli were presented with an
LCD projector (Eiki LC-XG100; Eiki, Rancho Santa Margarita, CA)
with a pixel resolution of 1,024 ! 768 and a 60-Hz refresh rate.
Subjects viewed the image from the LCD projector on a rear projec-
tion screen placed inside the bore of the magnet at a distance of 57 cm,
yielding a field of view of 32 ! 20°. The monitor was calibrated by
using a spectroradiometer (SpectraColorimeter PR650; Photo Re-
search, Chatsworth, CA) to achieve a linear gamma.

MRI acquisition. MRI data were acquired with a 3-T, head-only
MRI scanner (Allegra; Siemens, Erlangen, Germany) using a head
coil (NM-011; NOVA Medical, Wakefield, MA) for transmitting and
an eight-channel phased-array surface coil (NMSC-071; NOVA Med-
ical) for receiving. Functional scans were acquired with gradient-
recalled echo-planar imaging to measure blood oxygen level-depen-
dent (BOLD) changes in image intensity (Ogawa et al. 1990). Func-
tional imaging was conducted with 24 slices oriented perpendicular to
the calcarine sulcus and positioned with the most posterior slice at the
occipital pole (repetition time, 1.5 s; echo time, 30 ms; flip angle, 75°;
2 ! 2 ! 2.5 mm; 64 ! 64 grid size). A T1-weighted magnetization-
prepared rapid gradient echo (MPRAGE, 1 ! 1 ! 2.5 mm) anatom-
ical volume was acquired in each scanning session with the same slice
prescriptions as the functional images. This anatomical volume was
aligned with a robust image registration algorithm (Nestares and
Heeger 2000) to a high-resolution anatomical volume. The high-
resolution anatomical volume, acquired in a separate session, was the
average of several MPRAGE scans (1 ! 1 ! 1 mm) that were aligned
and averaged and was used not only for registration across scanning
sessions but also for gray matter segmentation and cortical flattening
(see below).

Defining visual cortical areas. Primary visual cortex was defined
by standard retinotopic mapping methods (Engel et al. 1994, 1997;
Larsson and Heeger 2006; Sereno et al. 1995). Visual area boundaries
were drawn by hand on the flat maps, following published conven-
tions (Larsson and Heeger 2006), and the corresponding gray matter
coordinates were recorded.

Stimuli and experimental protocols. Stimuli were contrast-revers-
ing sinusoidal gratings (spatial frequency: 1 cycle/° of visual angle;
temporal frequency: 1.33 cycles/s), within an annular aperture (inner
radius: 0.5° of visual angle; outer radius: 8° of visual angle) at
different orientations (weight estimation experiment) and/or different
contrasts (cross-orientation suppression and control experiments). The
mean luminance of the stimulus and background was 526 cd/m2. At
maximum contrast, the minimum luminance of the stimulus was 31
cd/m2 and the maximum luminance 1,083 cd/m2. In the weight
estimation experiment (Fig. 1A), we presented stimuli at maximum
contrast, with six different possible orientations (0°, 30°, 60°, 90°,
120°, and 150°). In the cross-orientation suppression experiment (Fig.
1B), we presented a vertical (0°) target grating at five different
contrasts (1.56%, 3.125%, 6.25%, 12.5%, and 50%) either in isolation
(target-only condition) or superimposed with a horizontal (90°) mask
grating of a constant contrast of 50% (target " mask condition). Size,
extent, and spatial and temporal frequencies of the stimuli were
identical to those in the weight estimation experiment. In the control
experiment, we used identical gratings; however, the target and mask
were temporally interleaved: the target grating modulated from zero

contrast to the maximum contrast and back to zero contrast, followed
by the mask grating, which modulated from zero contrast to the
maximum contrast and back to zero contrast. Two of these cycles
made up each stimulus presentation. In addition, we doubled the
contrasts of the target stimuli (3.125%, 6.25%, 25%, and 100%) and
the mask stimulus (100%) to compensate for the 50% reduction in
duty cycle compared with the cross-orientation suppression experi-
ment.

Stimuli were presented for 1.5 s in randomized order, interleaved
with interstimulus intervals (ISIs) that ranged from 3 to 6 s, in steps
of 1.5 s. In the weight estimation runs, all six possible orientations
were presented eight times in each run, along with eight blank trials.
This created a total of 56 trials per run (including blank trials), with
one run lasting 5 min and 42 s. In the cross-orientation suppression
and control experiments, all 10 different stimuli (5 different contrasts,
target-only/target " mask condition) were presented 6 times in each
run, along with 6 blank trials. This created a total of 66 trials per run
(including blank trials), with one run lasting 6 min and 42 s.

Observers performed a two-back detection task continuously
throughout each run to maintain a consistent behavioral state and to
encourage stable fixation. A sequence of digits (0 to 9) was displayed
at fixation (each appearing for 400 ms). The observer’s task was to
indicate, by means of a button press, whether the current digit
matched that from two steps earlier. We have used this or a similar
protocol in previous fMRI experiments and have found that the
measured fMRI responses are more reliable under these conditions,
even though the subjects’ attention is diverted away from the target
stimuli in the periphery. Without any attentional control, or if subjects
are attending the peripheral/parafoveal target stimuli, we (and others)

Fig. 1. Stimulus and experimental protocol. Stimuli were contrast-reversing
sinusoidal gratings, within a annular aperture. A: in the weight estimation
experiment, stimuli were full-contrast gratings, with 6 different orientations.
ISI, interstimulus interval. B: in the cross-orientation suppression experiment,
stimuli were vertical target gratings with different contrasts either in isolation
(target-only condition) or superimposed with a high-contrast, horizontal, mask
grating (target " mask condition). In the control experiment (not shown) we
used identical gratings, but the target and mask were temporally interleaved
and doubled in contrast.

2109CROSS-ORIENTATION SUPPRESSION IN HUMAN VISUAL CORTEX

J Neurophysiol • VOL 106 • NOVEMBER 2011 • www.jn.org

 on N
ovem

ber 11, 2011
jn.physiology.org

D
ow

nloaded from
 

between experiments (26) was too high to robustly estimate response
amplitudes for all of these conditions at once. Therefore, we opted to
dedicate each session to one experiment only, so that the response
amplitudes could be estimated robustly. This does require coregistra-
tion of the data acquired in different sessions to align the same voxels
from session to session. However, imperfections in the registration
across scanning sessions were not problematic. The orientation biases
in each voxel reflect a coarse-scale bias for radial orientation across
the retinotopic map, not the fine-scale columnar architecture for
orientation (Freeman et al. 2011). Consequently, neighboring voxels
have a very similar orientation bias, i.e., very similar channel
weightings.

Visual stimulus presentation. Visual stimuli were presented with an
LCD projector (Eiki LC-XG100; Eiki, Rancho Santa Margarita, CA)
with a pixel resolution of 1,024 ! 768 and a 60-Hz refresh rate.
Subjects viewed the image from the LCD projector on a rear projec-
tion screen placed inside the bore of the magnet at a distance of 57 cm,
yielding a field of view of 32 ! 20°. The monitor was calibrated by
using a spectroradiometer (SpectraColorimeter PR650; Photo Re-
search, Chatsworth, CA) to achieve a linear gamma.

MRI acquisition. MRI data were acquired with a 3-T, head-only
MRI scanner (Allegra; Siemens, Erlangen, Germany) using a head
coil (NM-011; NOVA Medical, Wakefield, MA) for transmitting and
an eight-channel phased-array surface coil (NMSC-071; NOVA Med-
ical) for receiving. Functional scans were acquired with gradient-
recalled echo-planar imaging to measure blood oxygen level-depen-
dent (BOLD) changes in image intensity (Ogawa et al. 1990). Func-
tional imaging was conducted with 24 slices oriented perpendicular to
the calcarine sulcus and positioned with the most posterior slice at the
occipital pole (repetition time, 1.5 s; echo time, 30 ms; flip angle, 75°;
2 ! 2 ! 2.5 mm; 64 ! 64 grid size). A T1-weighted magnetization-
prepared rapid gradient echo (MPRAGE, 1 ! 1 ! 2.5 mm) anatom-
ical volume was acquired in each scanning session with the same slice
prescriptions as the functional images. This anatomical volume was
aligned with a robust image registration algorithm (Nestares and
Heeger 2000) to a high-resolution anatomical volume. The high-
resolution anatomical volume, acquired in a separate session, was the
average of several MPRAGE scans (1 ! 1 ! 1 mm) that were aligned
and averaged and was used not only for registration across scanning
sessions but also for gray matter segmentation and cortical flattening
(see below).

Defining visual cortical areas. Primary visual cortex was defined
by standard retinotopic mapping methods (Engel et al. 1994, 1997;
Larsson and Heeger 2006; Sereno et al. 1995). Visual area boundaries
were drawn by hand on the flat maps, following published conven-
tions (Larsson and Heeger 2006), and the corresponding gray matter
coordinates were recorded.

Stimuli and experimental protocols. Stimuli were contrast-revers-
ing sinusoidal gratings (spatial frequency: 1 cycle/° of visual angle;
temporal frequency: 1.33 cycles/s), within an annular aperture (inner
radius: 0.5° of visual angle; outer radius: 8° of visual angle) at
different orientations (weight estimation experiment) and/or different
contrasts (cross-orientation suppression and control experiments). The
mean luminance of the stimulus and background was 526 cd/m2. At
maximum contrast, the minimum luminance of the stimulus was 31
cd/m2 and the maximum luminance 1,083 cd/m2. In the weight
estimation experiment (Fig. 1A), we presented stimuli at maximum
contrast, with six different possible orientations (0°, 30°, 60°, 90°,
120°, and 150°). In the cross-orientation suppression experiment (Fig.
1B), we presented a vertical (0°) target grating at five different
contrasts (1.56%, 3.125%, 6.25%, 12.5%, and 50%) either in isolation
(target-only condition) or superimposed with a horizontal (90°) mask
grating of a constant contrast of 50% (target " mask condition). Size,
extent, and spatial and temporal frequencies of the stimuli were
identical to those in the weight estimation experiment. In the control
experiment, we used identical gratings; however, the target and mask
were temporally interleaved: the target grating modulated from zero

contrast to the maximum contrast and back to zero contrast, followed
by the mask grating, which modulated from zero contrast to the
maximum contrast and back to zero contrast. Two of these cycles
made up each stimulus presentation. In addition, we doubled the
contrasts of the target stimuli (3.125%, 6.25%, 25%, and 100%) and
the mask stimulus (100%) to compensate for the 50% reduction in
duty cycle compared with the cross-orientation suppression experi-
ment.

Stimuli were presented for 1.5 s in randomized order, interleaved
with interstimulus intervals (ISIs) that ranged from 3 to 6 s, in steps
of 1.5 s. In the weight estimation runs, all six possible orientations
were presented eight times in each run, along with eight blank trials.
This created a total of 56 trials per run (including blank trials), with
one run lasting 5 min and 42 s. In the cross-orientation suppression
and control experiments, all 10 different stimuli (5 different contrasts,
target-only/target " mask condition) were presented 6 times in each
run, along with 6 blank trials. This created a total of 66 trials per run
(including blank trials), with one run lasting 6 min and 42 s.

Observers performed a two-back detection task continuously
throughout each run to maintain a consistent behavioral state and to
encourage stable fixation. A sequence of digits (0 to 9) was displayed
at fixation (each appearing for 400 ms). The observer’s task was to
indicate, by means of a button press, whether the current digit
matched that from two steps earlier. We have used this or a similar
protocol in previous fMRI experiments and have found that the
measured fMRI responses are more reliable under these conditions,
even though the subjects’ attention is diverted away from the target
stimuli in the periphery. Without any attentional control, or if subjects
are attending the peripheral/parafoveal target stimuli, we (and others)

Fig. 1. Stimulus and experimental protocol. Stimuli were contrast-reversing
sinusoidal gratings, within a annular aperture. A: in the weight estimation
experiment, stimuli were full-contrast gratings, with 6 different orientations.
ISI, interstimulus interval. B: in the cross-orientation suppression experiment,
stimuli were vertical target gratings with different contrasts either in isolation
(target-only condition) or superimposed with a high-contrast, horizontal, mask
grating (target " mask condition). In the control experiment (not shown) we
used identical gratings, but the target and mask were temporally interleaved
and doubled in contrast.
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C              Control experiment 



Example (Brouwer & Heeger, 2011) 

•  Results  

trasts. There was little, if any, interaction between conditions,
such that the presence of the mask did not lead to an observable
suppression of the mean responses to the target. If it had, the
two contrast-response functions should have converged at high
contrasts. To test this formally, we fitted the mean responses of
the main cross-orientation suppression experiment and the
control experiment to the normalization model with (Eq. 7) and
without (Eq. 8) suppression. Both models used the ! and n
parameters obtained in fitting the channels separately, allowing
only rmax and b to vary. For the cross-orientation suppression
experiment, the model without cross-orientation suppression
provided a better fit to the mean responses (mean r2 ! 0.84)

than the model with cross-orientation suppression (mean r2 !
0.71); cross-validation of the fits confirmed that this difference
was statistically significant (P " 0.01). This is in agreement
with the observation that there appears to be little interaction
between the conditions, as shown in Fig. 9A. A small but
significant (P " 0.05) difference was found for the fits to the
mean responses of the control experiment (normalization
model including suppression: mean r2 ! 0.94; without sup-
pression: mean r2 ! 0.98). Using the ! and n parameters
obtained in fitting the channels separately could have poten-
tially biased our fits of the mean responses. We therefore
repeated the fitting procedure, allowing ! and n to vary freely.
This yielded very similar and high r2 values for both models,
to the mean responses of both the main and control experiment
(r2 #0.96). However, the low number of data points compared
with the number of free parameters (4) resulted in overfitting.
Indeed, when unconstrained, the ! and n parameters varied
greatly between permutations during the cross-validation pro-
cedure and differed greatly from the parameter values reported
for the channel responses.

DISCUSSION

We used fMRI, in combination with a forward modeling
analysis (Brouwer and Heeger 2009; Kay et al. 2008), to
measure cross-orientation suppression in human primary visual
cortex (V1) and test the normalization model. We found that
for the channel tuned to the orientation of the target grating,
responses to the target grating were suppressed when a second,
orthogonal mask grating was added. The remaining channels,
tuned to either intermediate orientations or the mask orienta-
tion, also showed clear evidence of suppression. We found this
suppression to be implemented as a change in the contrast gain
of the channel responses. When the target and mask were
temporally interleaved, no suppression was observed.

Fig. 7. Cross-orientation suppression in individual subjects. A: V1 channel
responses for the cross-orientation suppression experiment. Each row corre-
sponds to a different subject (same format as Fig. 5). B: best-fit contrast gain
(!) parameter values. x-Axis, target only; y-axis, target $ mask. Circles,
cross-orientation suppression experiment; squares, control experiment; filled
symbols, individual subjects; open symbols, fit of the mean responses across
subjects. For the cross-orientation experiment, the ! values for target only
were lower than those for target $ mask, indicating a shift in contrast gain. For
the control experiment, the contrast gain was similar with and without the
mask.

Fig. 8. Population responses. A: population responses to the cross-orientation
suppression experiment. Left: target-only condition. Right: target $ mask
condition. Target contrast increases from top to bottom in each column. Solid
curves depict the best-fit normalization model. B: control experiment. Same
format as A. Error bars: SE across subjects.
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Methodology  
•  Training dataset: B1 (Weight estimation experiment) 

•  Test dataset: B2 (contrast suppression & control experiments) 

•  Hypothesized channel responses for B1: C1  
•  Weight matrix: W 
•  Actual channel responses for B2: C2 

•  Step 1: 
•  Step 2: 
•  Step 3:    
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where* !is* the* target* color* and* !is* the* response* color,* !is* the* von* Mises* distribution* with* mean* of* zero* and*
concentration*parameter*κ.* !correspond*to*colors*of*the*m*non@target*stimuli.**
Maximum*likelihood*estimates*of*parameters*pT,*pN,*pU*and*κ*will*be*obtained*using*Matlab*routines*(available*from*
http://www.bayslab.com).*
MRI*scanning*
Scanning*will*be*conducted*using*a*Philips*Intera*Achieva*3T*MRI*scanner,*with*a*32@channel*head*coil.*Anatomical*image*
will* be* obtained*using* a* standard* T1@weighted*MPRAGE* anatomical* scan* for* each*observer* in* each* scanning* session.*
Functional*imaging*will*be*conducted*using*standard*Echo@Planar*Imaging*(EPI)*techniques*(TR*=*2*s,*FOV*=*220*x*122.5*x*
240*mm,*TE*=*35*ms,*voxel*size*=*3*x*3*x*3*mm).*
Imaging*analysis*
Functional* MRI* data* will* be* preprocessed* using* the* Analysis* of* Functional* NeuroImages* (AFNI)* software* package*
(http://afni.nimh.nih.gov;* Cox,* 1996).* All* volumes* will* be* spatially* aligned* to* the* final* volume* of* the* final* run* and*
corrected* for* slice@time* acquisition.* The* data* will* then* be* motion* corrected,* linearly* detrended,* and* normalized.*
Localizer*data*will*be*spatially*smoothed*with*a*3*mm*kernel.**
ROI*definition*
All* the* ROIs* will* be* drawn* on* the* cortical* surface* reconstructed* using* the* FreeSurfer* software*
(http://surfer.nmr.mgh.harvard.edu;* Fischl* et* al.,* 1999,* 2001).* Early* visual* areas* (V1/V2/V3)* will* be* defined* through*
standard*retinotopic*mapping*procedures*(Engel*et*al.,*1994;*Sereno*et*al.,*1995).*A*visual*field*localizer*will*be*used*to*
localize*the*regions*within*each*visual*cortex*that*correspond*to*different*stimulus* locations*by*presenting*a* flickering*
checkerboard* pattern* at* different* locations* in* a* block* design.* IPS* and* FEF* will* be* defined* using* a* working* memory*
localizer,*which*will*have*the*exact*same*procedure*as*the*main*working*memory*task,*but*shorter*retention*period*(2*s).***
Forward*encoding*model**
We*will*use*a*forward*encoding*model*to*extract*neural*tuning*responses*to*color*from*multi@voxel*responses*within*an*
ROI*(Brouwer*&*Heeger,*2009;*Brouwer*&*Heeger,*2013;*Ester*et*al.,*2013).*This*model*characterizes*the*color*selectivity*
of*each*neuron*as*a*weighted*sum*of*a*small*number*of*hypothesized*channels*(in*our*experiment,*the*number*will*be*
eight).*The*idealized*color*tuning*curve*of*each*channel*is*a*half@wave@rectified*and*squared*sinusoid*raised*to*the*fifth*
power.*Furthermore,*the*model*assumes*that*the*response*of*each*voxel*can*also*be*characterized*by*the*weighted*sum*
of*the*eight*hypothesized*channels.**
The* next* step*will* be* to* construct* the*weight*matrix* ( )* that* projects* the* hypothesized* channel* responses* ( )* to*
actual*measured*fMRI*signals*in*the*training*dataset*( ),*and*then*to*estimate*the*channel*responses*( )*for*the*test*
dataset*( )*through*the*weight*matrix.*In*detail,*let*k*be*the*number*of*hypothesized*color*tuning*channels,*m*be*the*
number*of*voxels*in*the*ROI,*n*be*the*number*of*repeated*measurements.*The*relationship*between*the*training*dataset*
( ,*m*×*n)*and*the*channel*responses*( ,*k*×*n)*will*be*characterized*by:*

*
Where* *is*the*weight*matrix*(m*×*k).*
Therefore,*the*least@squared*estimate*of*the*weight*matrix*( )*will*be*calculated*using*linear*regression:*

**

The*channel*responses*( )*for*the*test*dataset*( )*will*then*be*estimated*using*the*weight*matrix*( ):*

*
In* Aim* 1* and* Aim* 2,* we*will* use* a* leave@one@run@out* procedure* to* build* the*weight*matrix.* In* Aim* 3,* we*will* use* a*
separate* color* tuning* session* to* build* the* weight* matrix.* The* technical* details* will* be* described* under* each* aim*
separately.**
Background*connectivity*analysis*
Background* connectivity*will* be* obtained* by* removing* the* stimulus@evoked* responses* and* examining* the* correlation*
between* the* residual* signals* of* different* brain* regions.* A* finite* impulse* response* (FIR)* model,* which* makes* no*
assumptions*about*the*shape*of*the*hemodynamic*response,*will*be*used*to*fit*the*evoked*responses.*Each*trial*with*k*
time*points*will*be*fit*using*a*GLM*consisting*k*constant@height*candlestick*regressors*(the*procedure*will*be*carried*out*
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where* !is* the* target* color* and* !is* the* response* color,* !is* the* von* Mises* distribution* with* mean* of* zero* and*
concentration*parameter*κ.* !correspond*to*colors*of*the*m*non@target*stimuli.**
Maximum*likelihood*estimates*of*parameters*pT,*pN,*pU*and*κ*will*be*obtained*using*Matlab*routines*(available*from*
http://www.bayslab.com).*
MRI*scanning*
Scanning*will*be*conducted*using*a*Philips*Intera*Achieva*3T*MRI*scanner,*with*a*32@channel*head*coil.*Anatomical*image*
will* be* obtained*using* a* standard* T1@weighted*MPRAGE* anatomical* scan* for* each*observer* in* each* scanning* session.*
Functional*imaging*will*be*conducted*using*standard*Echo@Planar*Imaging*(EPI)*techniques*(TR*=*2*s,*FOV*=*220*x*122.5*x*
240*mm,*TE*=*35*ms,*voxel*size*=*3*x*3*x*3*mm).*
Imaging*analysis*
Functional* MRI* data* will* be* preprocessed* using* the* Analysis* of* Functional* NeuroImages* (AFNI)* software* package*
(http://afni.nimh.nih.gov;* Cox,* 1996).* All* volumes* will* be* spatially* aligned* to* the* final* volume* of* the* final* run* and*
corrected* for* slice@time* acquisition.* The* data* will* then* be* motion* corrected,* linearly* detrended,* and* normalized.*
Localizer*data*will*be*spatially*smoothed*with*a*3*mm*kernel.**
ROI*definition*
All* the* ROIs* will* be* drawn* on* the* cortical* surface* reconstructed* using* the* FreeSurfer* software*
(http://surfer.nmr.mgh.harvard.edu;* Fischl* et* al.,* 1999,* 2001).* Early* visual* areas* (V1/V2/V3)* will* be* defined* through*
standard*retinotopic*mapping*procedures*(Engel*et*al.,*1994;*Sereno*et*al.,*1995).*A*visual*field*localizer*will*be*used*to*
localize*the*regions*within*each*visual*cortex*that*correspond*to*different*stimulus* locations*by*presenting*a* flickering*
checkerboard* pattern* at* different* locations* in* a* block* design.* IPS* and* FEF* will* be* defined* using* a* working* memory*
localizer,*which*will*have*the*exact*same*procedure*as*the*main*working*memory*task,*but*shorter*retention*period*(2*s).***
Forward*encoding*model**
We*will*use*a*forward*encoding*model*to*extract*neural*tuning*responses*to*color*from*multi@voxel*responses*within*an*
ROI*(Brouwer*&*Heeger,*2009;*Brouwer*&*Heeger,*2013;*Ester*et*al.,*2013).*This*model*characterizes*the*color*selectivity*
of*each*neuron*as*a*weighted*sum*of*a*small*number*of*hypothesized*channels*(in*our*experiment,*the*number*will*be*
eight).*The*idealized*color*tuning*curve*of*each*channel*is*a*half@wave@rectified*and*squared*sinusoid*raised*to*the*fifth*
power.*Furthermore,*the*model*assumes*that*the*response*of*each*voxel*can*also*be*characterized*by*the*weighted*sum*
of*the*eight*hypothesized*channels.**
The* next* step*will* be* to* construct* the*weight*matrix* ( )* that* projects* the* hypothesized* channel* responses* ( )* to*
actual*measured*fMRI*signals*in*the*training*dataset*( ),*and*then*to*estimate*the*channel*responses*( )*for*the*test*
dataset*( )*through*the*weight*matrix.*In*detail,*let*k*be*the*number*of*hypothesized*color*tuning*channels,*m*be*the*
number*of*voxels*in*the*ROI,*n*be*the*number*of*repeated*measurements.*The*relationship*between*the*training*dataset*
( ,*m*×*n)*and*the*channel*responses*( ,*k*×*n)*will*be*characterized*by:*
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Where* *is*the*weight*matrix*(m*×*k).*
Therefore,*the*least@squared*estimate*of*the*weight*matrix*( )*will*be*calculated*using*linear*regression:*

**

The*channel*responses*( )*for*the*test*dataset*( )*will*then*be*estimated*using*the*weight*matrix*( ):*

*
In* Aim* 1* and* Aim* 2,* we*will* use* a* leave@one@run@out* procedure* to* build* the*weight*matrix.* In* Aim* 3,* we*will* use* a*
separate* color* tuning* session* to* build* the* weight* matrix.* The* technical* details* will* be* described* under* each* aim*
separately.**
Background*connectivity*analysis*
Background* connectivity*will* be* obtained* by* removing* the* stimulus@evoked* responses* and* examining* the* correlation*
between* the* residual* signals* of* different* brain* regions.* A* finite* impulse* response* (FIR)* model,* which* makes* no*
assumptions*about*the*shape*of*the*hemodynamic*response,*will*be*used*to*fit*the*evoked*responses.*Each*trial*with*k*
time*points*will*be*fit*using*a*GLM*consisting*k*constant@height*candlestick*regressors*(the*procedure*will*be*carried*out*
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where* !is* the* target* color* and* !is* the* response* color,* !is* the* von* Mises* distribution* with* mean* of* zero* and*
concentration*parameter*κ.* !correspond*to*colors*of*the*m*non@target*stimuli.**
Maximum*likelihood*estimates*of*parameters*pT,*pN,*pU*and*κ*will*be*obtained*using*Matlab*routines*(available*from*
http://www.bayslab.com).*
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Scanning*will*be*conducted*using*a*Philips*Intera*Achieva*3T*MRI*scanner,*with*a*32@channel*head*coil.*Anatomical*image*
will* be* obtained*using* a* standard* T1@weighted*MPRAGE* anatomical* scan* for* each*observer* in* each* scanning* session.*
Functional*imaging*will*be*conducted*using*standard*Echo@Planar*Imaging*(EPI)*techniques*(TR*=*2*s,*FOV*=*220*x*122.5*x*
240*mm,*TE*=*35*ms,*voxel*size*=*3*x*3*x*3*mm).*
Imaging*analysis*
Functional* MRI* data* will* be* preprocessed* using* the* Analysis* of* Functional* NeuroImages* (AFNI)* software* package*
(http://afni.nimh.nih.gov;* Cox,* 1996).* All* volumes* will* be* spatially* aligned* to* the* final* volume* of* the* final* run* and*
corrected* for* slice@time* acquisition.* The* data* will* then* be* motion* corrected,* linearly* detrended,* and* normalized.*
Localizer*data*will*be*spatially*smoothed*with*a*3*mm*kernel.**
ROI*definition*
All* the* ROIs* will* be* drawn* on* the* cortical* surface* reconstructed* using* the* FreeSurfer* software*
(http://surfer.nmr.mgh.harvard.edu;* Fischl* et* al.,* 1999,* 2001).* Early* visual* areas* (V1/V2/V3)* will* be* defined* through*
standard*retinotopic*mapping*procedures*(Engel*et*al.,*1994;*Sereno*et*al.,*1995).*A*visual*field*localizer*will*be*used*to*
localize*the*regions*within*each*visual*cortex*that*correspond*to*different*stimulus* locations*by*presenting*a* flickering*
checkerboard* pattern* at* different* locations* in* a* block* design.* IPS* and* FEF* will* be* defined* using* a* working* memory*
localizer,*which*will*have*the*exact*same*procedure*as*the*main*working*memory*task,*but*shorter*retention*period*(2*s).***
Forward*encoding*model**
We*will*use*a*forward*encoding*model*to*extract*neural*tuning*responses*to*color*from*multi@voxel*responses*within*an*
ROI*(Brouwer*&*Heeger,*2009;*Brouwer*&*Heeger,*2013;*Ester*et*al.,*2013).*This*model*characterizes*the*color*selectivity*
of*each*neuron*as*a*weighted*sum*of*a*small*number*of*hypothesized*channels*(in*our*experiment,*the*number*will*be*
eight).*The*idealized*color*tuning*curve*of*each*channel*is*a*half@wave@rectified*and*squared*sinusoid*raised*to*the*fifth*
power.*Furthermore,*the*model*assumes*that*the*response*of*each*voxel*can*also*be*characterized*by*the*weighted*sum*
of*the*eight*hypothesized*channels.**
The* next* step*will* be* to* construct* the*weight*matrix* ( )* that* projects* the* hypothesized* channel* responses* ( )* to*
actual*measured*fMRI*signals*in*the*training*dataset*( ),*and*then*to*estimate*the*channel*responses*( )*for*the*test*
dataset*( )*through*the*weight*matrix.*In*detail,*let*k*be*the*number*of*hypothesized*color*tuning*channels,*m*be*the*
number*of*voxels*in*the*ROI,*n*be*the*number*of*repeated*measurements.*The*relationship*between*the*training*dataset*
( ,*m*×*n)*and*the*channel*responses*( ,*k*×*n)*will*be*characterized*by:*
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Where* *is*the*weight*matrix*(m*×*k).*
Therefore,*the*least@squared*estimate*of*the*weight*matrix*( )*will*be*calculated*using*linear*regression:*
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The*channel*responses*( )*for*the*test*dataset*( )*will*then*be*estimated*using*the*weight*matrix*( ):*

*
In* Aim* 1* and* Aim* 2,* we*will* use* a* leave@one@run@out* procedure* to* build* the*weight*matrix.* In* Aim* 3,* we*will* use* a*
separate* color* tuning* session* to* build* the* weight* matrix.* The* technical* details* will* be* described* under* each* aim*
separately.**
Background*connectivity*analysis*
Background* connectivity*will* be* obtained* by* removing* the* stimulus@evoked* responses* and* examining* the* correlation*
between* the* residual* signals* of* different* brain* regions.* A* finite* impulse* response* (FIR)* model,* which* makes* no*
assumptions*about*the*shape*of*the*hemodynamic*response,*will*be*used*to*fit*the*evoked*responses.*Each*trial*with*k*
time*points*will*be*fit*using*a*GLM*consisting*k*constant@height*candlestick*regressors*(the*procedure*will*be*carried*out*
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Application 
•  Orientation (Anderson et al., 2013; Brouwer & Heeger, 2011; Garcia 

et al., 2013; Ho et al., 2012; Scolari et al., 2012)  

•  Color (Brouwer & Heeger, 2009; 2013) 

 
•  Motion direction (Kok et al., 2013) 

•  Spatial location (Sprague & Serences, 2013) 

ing accuracies across runs allowed us to determine the statistical signifi-
cance of the prediction accuracy. Because accuracies are not normally
distributed, because they are restricted between 0 and 1, we performed a
nonparametric permutation test. For each ROI and observer, we assigned
random labels to the training data and obtained an accuracy from the test
data. Repeating this 1000 times yielded a distribution of accuracies, accord-
ing to the null hypothesis that stimulus color could not be classified. Accu-
racies computed with the correctly labeled training data were then
considered statistically significant if they were higher than the 97.5 per-
centile of the null distribution (i.e., two-tailed permutation test). Similar
results were obtained with a standard Student’s t test, and both supported
the same conclusions.

Forward model and reconstruction. In addition to classification, we
defined a forward model to decode and reconstruct color from the spa-
tially distributed patterns of voxel responses. The forward model as-
sumed that each voxel contained a large number of color-selective
neurons, each tuned to a different hue. We characterized the color selec-
tivity of each neuron as a weighted sum of six hypothetical channels, each

with an idealized color tuning curve (or basis
function) such that the transformation from
stimulus color to channel outputs was one-to-
one and invertible. The shape of the tuning
curves was selected (as described below) so that
the response tuning of any one neuron could
be expressed as a weighted sum of the six basis
functions. We further assumed that the re-
sponse of a voxel was proportional to the
summed responses of all the neurons in that
voxel and hence that the response tuning of
each voxel was a weighted sum of the six basis
function. Each basis function was a half-wave
rectified (all negative values were set to 0) and
squared sinusoid, as a function of hue, in CIE
L*a*b* space (Fig. 3 A, B). The rectification ap-
proximated the effect of spike threshold for
cortical neurons with low spontaneous firing
rates, and the squaring made the tuning curves
narrower. For our stimulus set (individual col-
ors of fixed color contrast, presented one at
time), this model of color selectivity is a close
approximation to more elaborate models of
cortical color tuning (Solomon and Lennie,
2007). A rectified and squared sinusoidal tun-
ing curve with any possible hue preference (i.e.,
intermediate to the six basis functions) can be
expressed exactly as a weighted sum of the six
basis functions (Freeman and Adelson, 1992).
The hue preferences of the six channels need
not have been evenly spaced, as long as they
were linearly independent (Freeman and Adel-
son, 1992). Although a circular space can be
represented by two channels with sinusoidal
tuning curves, the rectification and squaring
operations led to the requirement of six chan-
nels. The half-wave rectified and squared basis
functions were more selective (narrower) than
sinusoidal tuning curves and strictly positive. If
the basis functions were broader, then fewer
channels would have been needed. If narrower,
then more channels would have been needed.
Saturation and luminance were not modeled,
because our stimuli did not vary along those
dimensions. The channel outputs for any stim-
ulus color were readily computed from the ba-
sis functions (the tunings curves of the
hypothetical channels).

The data (the estimated voxel response am-
plitudes) were partitioned in train (B1) and test
sets (B2), as for the classification analysis, and
the analysis proceeded in two stages (train and

test). In the first stage of the analysis, the training data were used to
estimate the weights on the six hypothetical channels, separately for each
voxel. With these weights in hand, the second stage of analysis computed
the channel outputs associated with the spatially distributed pattern of
activity across voxels evoked by each test color, and the resulting channel
outputs were associated with a stimulus color. Let k be the number of
channels, m be the number of voxels, and n be the number of repeated
measurements (i.e., eight colors times the number of runs). The matrix of
estimated response amplitudes in the training set (B1, m ! n) was related
to the matrix of hypothetical channel outputs (C1, k ! n) by a weight
matrix (W, m ! k):

B1 " WC1. (1)

The least-squares estimate of the weights was computed using linear
regression:

Ŵ " B1C1
T(C1C1

T)#1. (2)

A

R
el

at
iv

e 
R

es
po

ns
e 

V
ox

el
s

20

40

60

80

100

PC1 score

P
C

2 
sc

or
e

Response matrix
PCA score matrix

(cropped) 2D score space

Examples (colors)

1
2
3
4
5
6
7
8
9

10

C
om

po
ne

nt
s

Hue (angle in L*a*b* space)

Hue tuning model

Hue (angle in L*a*b* space)

Cone opponency tuning model

2D score space

B

C ED

F G
L-M -S M-L S

Examples (colors)

Hue (angle in L*a*b* space)

R
el

at
iv

e 
R

es
po

ns
e 

PC1 score

P
C

2 
sc

or
e

Basis function

Figure 3. Forward model. A, Idealized color tuning curve, modeled as a half-wave rectified and squared sinusoid. B, The
response of a voxel was fitted with a weighted sum of six idealized color tuning curves, evenly spaced around the color circle, in CIE
L*a*b* space. C, Simulated response amplitude matrix, for each voxel and each color. D, Matrix of principal component scores,
computed by projecting the vector of response amplitudes (across voxels) onto each of the principal component vectors, ordered by
the amount of variance they explain in the original response amplitudes. E, Plotting the first two principal component scores as
coordinate pairs reconstructs the original color space. F, Cone-opponency model. LMS cone responses were calculated for the
stimulus colors. Four cone-opponency channels (M–L, L–M, #S, and $S) were computed from the cone responses, half-wave
rectified. G, The first two principal components of the simulated cone-opponency responses revealed results similar to those
observed in V1.
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ing accuracies across runs allowed us to determine the statistical signifi-
cance of the prediction accuracy. Because accuracies are not normally
distributed, because they are restricted between 0 and 1, we performed a
nonparametric permutation test. For each ROI and observer, we assigned
random labels to the training data and obtained an accuracy from the test
data. Repeating this 1000 times yielded a distribution of accuracies, accord-
ing to the null hypothesis that stimulus color could not be classified. Accu-
racies computed with the correctly labeled training data were then
considered statistically significant if they were higher than the 97.5 per-
centile of the null distribution (i.e., two-tailed permutation test). Similar
results were obtained with a standard Student’s t test, and both supported
the same conclusions.

Forward model and reconstruction. In addition to classification, we
defined a forward model to decode and reconstruct color from the spa-
tially distributed patterns of voxel responses. The forward model as-
sumed that each voxel contained a large number of color-selective
neurons, each tuned to a different hue. We characterized the color selec-
tivity of each neuron as a weighted sum of six hypothetical channels, each

with an idealized color tuning curve (or basis
function) such that the transformation from
stimulus color to channel outputs was one-to-
one and invertible. The shape of the tuning
curves was selected (as described below) so that
the response tuning of any one neuron could
be expressed as a weighted sum of the six basis
functions. We further assumed that the re-
sponse of a voxel was proportional to the
summed responses of all the neurons in that
voxel and hence that the response tuning of
each voxel was a weighted sum of the six basis
function. Each basis function was a half-wave
rectified (all negative values were set to 0) and
squared sinusoid, as a function of hue, in CIE
L*a*b* space (Fig. 3 A, B). The rectification ap-
proximated the effect of spike threshold for
cortical neurons with low spontaneous firing
rates, and the squaring made the tuning curves
narrower. For our stimulus set (individual col-
ors of fixed color contrast, presented one at
time), this model of color selectivity is a close
approximation to more elaborate models of
cortical color tuning (Solomon and Lennie,
2007). A rectified and squared sinusoidal tun-
ing curve with any possible hue preference (i.e.,
intermediate to the six basis functions) can be
expressed exactly as a weighted sum of the six
basis functions (Freeman and Adelson, 1992).
The hue preferences of the six channels need
not have been evenly spaced, as long as they
were linearly independent (Freeman and Adel-
son, 1992). Although a circular space can be
represented by two channels with sinusoidal
tuning curves, the rectification and squaring
operations led to the requirement of six chan-
nels. The half-wave rectified and squared basis
functions were more selective (narrower) than
sinusoidal tuning curves and strictly positive. If
the basis functions were broader, then fewer
channels would have been needed. If narrower,
then more channels would have been needed.
Saturation and luminance were not modeled,
because our stimuli did not vary along those
dimensions. The channel outputs for any stim-
ulus color were readily computed from the ba-
sis functions (the tunings curves of the
hypothetical channels).

The data (the estimated voxel response am-
plitudes) were partitioned in train (B1) and test
sets (B2), as for the classification analysis, and
the analysis proceeded in two stages (train and

test). In the first stage of the analysis, the training data were used to
estimate the weights on the six hypothetical channels, separately for each
voxel. With these weights in hand, the second stage of analysis computed
the channel outputs associated with the spatially distributed pattern of
activity across voxels evoked by each test color, and the resulting channel
outputs were associated with a stimulus color. Let k be the number of
channels, m be the number of voxels, and n be the number of repeated
measurements (i.e., eight colors times the number of runs). The matrix of
estimated response amplitudes in the training set (B1, m ! n) was related
to the matrix of hypothetical channel outputs (C1, k ! n) by a weight
matrix (W, m ! k):

B1 " WC1. (1)

The least-squares estimate of the weights was computed using linear
regression:

Ŵ " B1C1
T(C1C1

T)#1. (2)
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Figure 3. Forward model. A, Idealized color tuning curve, modeled as a half-wave rectified and squared sinusoid. B, The
response of a voxel was fitted with a weighted sum of six idealized color tuning curves, evenly spaced around the color circle, in CIE
L*a*b* space. C, Simulated response amplitude matrix, for each voxel and each color. D, Matrix of principal component scores,
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Materials and Methods
Observers and scanning sessions. Five healthy observers between the ages
of 23 and 37 years participated in this study. Observers provided
written informed consent. Experimental procedures were in compli-
ance with the safety guidelines for MRI research and were approved
by the University Committee on Activities Involving Human Subjects
at New York University. Observers had normal or corrected-to-normal
vision. Normal color vision was verified by use of the Ishihara plates
(Ishihara, 1917) and a computerized version of the Farnsworth–Munsell
100 hue-scoring test (Farnsworth, 1957). Each observer participated in
three to five experimental sessions, consisting of 8 –10 runs of the main
color experiment. Observers also participated in a retinotopic mapping
session and a session in which a high-resolution anatomical volume was
acquired.

Experimental protocol. Stimuli were concentric sinusoidal gratings,
within a circular aperture modulating between the center gray point and
one of eight different locations in color space. The eight colors were
equally spaced in Commission Internationale de l’Eclairage (CIE)
L*a*b* space, at a fixed lightness of L* ! 75 (corresponding to 8.8 cd/m 2)
and equidistant from the gray point at L* ! 75, a* ! 0, and b* ! 0 (Fig.
1 A, B). The CIE L*a*b* space is a nonlinear transform of the CIE xyz
color space, intended to be more perceptually uniform (Commission
Internationale de l’Eclairage, 1986). The gratings slowly drifted either
inward or outward, with the direction chosen randomly for each trial.
Visual stimuli appeared for a duration of 1.5 s in a randomized order.
Using an event-related design, interstimulus intervals (ISIs) ranged from
3 to 6 s, in steps of 1.5 s (Fig. 1C). All eight colors were presented eight
times in each run, along with eight blank trials. This created a total of 72
trials per run, with one run lasting 7 min and 12 s.

Observers performed a “rapid serial visual presentation” detection
task continuously throughout each run, to maintain a consistent behav-

ioral state and to encourage stable fixation. A sequence of characters,
randomly colored either black or white, was displayed on the fixation
point (each appearing for 400 ms). The observer’s task was to detect a
specific sequence of characters, pressing a button when a white “K” was
followed immediately by a black “K.”

Response time courses and response amplitudes. fMRI data were prepro-
cessed using standard procedures. The first four images of each run were
discarded to allow the longitudinal magnetization to reach steady state.
We compensated for head movements within and across runs using a
robust motion estimation algorithm (Nestares and Heeger, 2000), di-
vided the time series of each voxel by its mean image intensity to convert
to percentage signal change and compensate for distance from the radio
frequency coil, and linearly detrended and high-pass filtered the resulting
time series with a cutoff frequency of 0.01 Hz to remove low-frequency
drift.

The hemodynamic impulse response function (HIRF) of each voxel
was estimated with deconvolution (Dale, 1999), averaging across all
stimuli (ignoring stimulus color so as to avoid introducing any statistical
bias in the decoding accuracies). Specifically, we computed the mean
response for 12 s (eight time points) after stimulus presentation, sepa-
rately for each voxel, using linear regression. In the first column of the
regression matrix, 1 was at the onset of stimuli and 0 elsewhere. For each
of the 11 remaining columns, we progressively shifted the ones forward
one time point. HIRFs were estimated by multiplying the pseudoinverse
of this regression matrix with the measured (and pre-processed) fMRI
response time courses. This procedure assumed linear temporal summa-
tion of the fMRI responses (Boynton et al., 1996; Dale, 1999) but did not
assume any particular time course for the HIRFs. The goodness of fit of
the regression model, r 2, was computed as the amount of variance ac-
counted for by the estimated HIRFs (Gardner et al., 2005). That is, the
estimated HIRFs computed by deconvolution were convolved with the
stimulus times to form a model response time course, and r 2 was then
computed as the amount of variance in the original time course ac-
counted for by this model response time course.

The HIRFs were averaged across the subset of voxels in each visual
cortical area that responded strongly to the stimuli. A region of interest
(ROI) was defined for each visual area, separately for each observer, using
retinotopic mapping procedures (see below). The mean HIRF of each
ROI was then computed by averaging the HIRFs of voxels with an r 2

above the median for that ROI (supplemental Fig. 1, available at www.
jneurosci.org as supplemental material).

The response amplitudes to each color were computed separately for
each voxel in each ROI and separately for each run, using linear regres-
sion. A regression matrix was constructed for each ROI by convolving the
ROI-specific HIRF and its numerical derivative with binary time courses
corresponding to the onsets of each of the eight stimulus colors (with 1 at
each stimulus onset and 0 elsewhere). The resulting regression matrix
had 16 columns: eight columns for the HIRF convolved with each of the
eight stimulus onsets and eight columns for the HIRF derivative con-
volved with each of the eight stimulus onsets. Response amplitudes were
estimated by multiplying the pseudoinverse of this regression matrix
with the measured (and pre-processed) fMRI response time courses. We
included the derivative because the HIRF of an individual voxel may have
differed from the mean HIRF of the ROI of that voxel. At least some of the
response variability was captured by including the derivative; the vari-
ance of the estimated response amplitudes across runs was smaller with
the derivative included than without it. The values obtained for the de-
rivative regressors were discarded after response amplitudes were esti-
mated. We thus obtained, for each voxel and each run, one response
amplitude estimate for each of the eight colors. These response ampli-
tudes were z-score normalized, separately for each voxel, separately for
each run.

Combining across sessions and reducing dimensionality. To increase de-
coding accuracy, we combined the data from multiple scanning sessions.
The estimated response amplitudes from a single visual area ROI in a
single session formed an m " n matrix, with m being the number of
voxels in the ROI (or dimensions) and n being the number of repeated
measurements (equal to eight stimulus colors times the number of runs
in the session, i.e., one response amplitude for each color per run). In
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Similarly, representations of more eccentric stimuli were more diffuse 
compared to those of more foveal stimuli (for example, when com-
paring eccentric to foveal representations within each ROI). We also 
observed higher-fidelity representations of the upper visual field when 
using only voxels from the ventral aspects of V2 and V3 and higher-
fidelity representations of the lower visual field when using only voxels 
from the dorsal aspects of these regions (Supplementary Fig. 5a). 
These observations, which are consistent with known receptive field 
properties in nonhuman primates, confirm that our encoding-model 
method recovered known properties of these visual subregions and 
these reconstructions were not merely the result of fitting idiosyncratic 
aspects of our particular data set (i.e., overfitting noise). We further 
demonstrated this point by using the model to reconstruct representa-
tions of completely new stimuli (Supplementary Fig. 5b).

Second, the profile of reconstructed spatial representations within 
many regions also varied with task demands, which is consistent with 
the notion that these spatial representations reflect spatial maps of 
attentional priority. Notably, especially in human visual area V4 (hV4), 

the human middle temporal cortex (hMT+), the intraparietal sulcus 
(IPS) and the superior precentral sulcus (sPCS), the magnitude of 
the spatial representations increased when the participant was either 
attending to the flickering checkerboard stimulus or performing the 
spatial working memory task compared to when they were perform-
ing a task at fixation.

Size of spatial representations across eccentricities and ROIs
Before formally evaluating the effects of attention on the profile of 
spatial representations, we first sought to quantify changes in the 
size of these representations due to stimulus eccentricity and ROI 
for comparison with known properties of the primate visual system. 
To this end, we fit a smooth surface to the spatial representations 
associated with each of the three task conditions separately for each 
of the 36 possible stimulus locations in each ROI (Online Methods 
and Supplementary Fig. 2). These fits generated an estimate of 
the amplitude, baseline offset and size of the represented stimulus 
within each reconstructed spatial representation. We averaged the 

Figure 2 Task design and behavioral results.  
(a) Each trial consisted of a 500-ms 
target stimulus (T1), a 3000-ms flickering 
checkerboard (6 Hz, full contrast, 2.33°  
(or 2.326°) diameter) and a 500-ms probe 
stimulus (T2). T1 and T2 were at the same 
location in 50% of trials and were slightly 
offset in the remaining 50% of trials. During 
the stimulus presentation period, the stimulus 
dimmed briefly in 50% of trials, and  
the fixation point dimmed in 50% of trials  
(each independently randomly chosen). 
Participants maintained fixation throughout the experiment, and eye position measured during scanning did not vary as a function of either task 
demands or stimulus position (Supplementary Fig. 1). ITI, intertrial interval. (b) In each trial, a single checkerboard stimulus appeared at 1 of 
36 overlapping spatial locations with a slight spatial offset between runs (Online Methods). Each spatial location was sampled once per run. This 
six-by-six grid of stimulus locations probes six unique eccentricities, as indicated by the color code of the dots (which is not present in the actual 
stimulus display). (c) In alternating blocks of trials, participants detected either a dimming of the fixation point (attend fixation) or a dimming of the 
checkerboard stimulus (attend stimulus) or they indicated if the spatial position of T1 and T2 matched (spatial working memory). Notably, all tasks used 
a physically identical stimulus display—only the task demands varied. Each participant completed between four and six scanning runs of each of the 
three tasks. (d) For the attend fixation task, performance was better when the stimulus was presented at peripheral locations. In contrast, performance 
declined with increasing stimulus eccentricity in the attend stimulus and spatial working memory conditions. Error bars, s.e.m.

Figure 3 The encoding model that was used to reconstruct spatial 
representations of visual stimuli. Spatial representations of stimuli in each 
of the 36 possible positions were estimated separately for each ROI.  
(a) Training the encoding model. Shown is a set of linear spatial filters 
that forms the basis set, or information channels, that we used to estimate 
the spatial selectivity of the BOLD responses in each voxel (Online 
Methods and Supplementary Figs. 2 and 3). The shape of these filters 
determines how each information channel should respond in each trial 
given the position of the stimulus that was presented (thus forming a 
set of regressors or predicted channel responses). Then we constructed 
a design matrix by concatenating the regressors generated for each trial. 
This design matrix, in combination with the measured BOLD signal 
amplitude in each trial, was then used to estimate a weight for each 
channel in each voxel using a standard general linear model (GLM).  
(b) Estimating channel responses. Given the known spatial selectivity  
(or weight) profile of each voxel as computed in a, we then used the 
pattern of responses across all voxels in each trial in the test set to 
estimate the magnitude of the response in each of the 36 information 
channels in that trial. This estimate of the channel responses is thus 
constrained by the multivariate pattern of responses across all voxels 
in each trial in the test set and results in a mapping from voxel space 
(hundreds of dimensions) onto a lower-dimensional channel space (36 dimensions; Online Methods). We then produced a smooth reconstructed spatial 
representation for every trial by summing the responses of all 36 filters after weighting them by the respective channel responses in each trial. An 
example of a spatial representation computed from a single trial using data from V1 when the stimulus was presented at the location depicted in a is 
shown on the lower right.
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paring eccentric to foveal representations within each ROI). We also 
observed higher-fidelity representations of the upper visual field when 
using only voxels from the ventral aspects of V2 and V3 and higher-
fidelity representations of the lower visual field when using only voxels 
from the dorsal aspects of these regions (Supplementary Fig. 5a). 
These observations, which are consistent with known receptive field 
properties in nonhuman primates, confirm that our encoding-model 
method recovered known properties of these visual subregions and 
these reconstructions were not merely the result of fitting idiosyncratic 
aspects of our particular data set (i.e., overfitting noise). We further 
demonstrated this point by using the model to reconstruct representa-
tions of completely new stimuli (Supplementary Fig. 5b).

Second, the profile of reconstructed spatial representations within 
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the notion that these spatial representations reflect spatial maps of 
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representations of visual stimuli. Spatial representations of stimuli in each 
of the 36 possible positions were estimated separately for each ROI.  
(a) Training the encoding model. Shown is a set of linear spatial filters 
that forms the basis set, or information channels, that we used to estimate 
the spatial selectivity of the BOLD responses in each voxel (Online 
Methods and Supplementary Figs. 2 and 3). The shape of these filters 
determines how each information channel should respond in each trial 
given the position of the stimulus that was presented (thus forming a 
set of regressors or predicted channel responses). Then we constructed 
a design matrix by concatenating the regressors generated for each trial. 
This design matrix, in combination with the measured BOLD signal 
amplitude in each trial, was then used to estimate a weight for each 
channel in each voxel using a standard general linear model (GLM).  
(b) Estimating channel responses. Given the known spatial selectivity  
(or weight) profile of each voxel as computed in a, we then used the 
pattern of responses across all voxels in each trial in the test set to 
estimate the magnitude of the response in each of the 36 information 
channels in that trial. This estimate of the channel responses is thus 
constrained by the multivariate pattern of responses across all voxels 
in each trial in the test set and results in a mapping from voxel space 
(hundreds of dimensions) onto a lower-dimensional channel space (36 dimensions; Online Methods). We then produced a smooth reconstructed spatial 
representation for every trial by summing the responses of all 36 filters after weighting them by the respective channel responses in each trial. An 
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Discussion 
•  Circular feature space? 

•  Separate training dataset? 

•  Technical issues: 
•  Preprocessing steps 
•  Raw data or beta weights? 
•  Voxel selection? 
•  …… 



Thanks! 


