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Abstract

Divisive normalization of the neural responses by the activity of the neighboring neurons has been
proposed as a fundamental operation in the nervous system. Nevertheless, experimental evidence
for this operation is still scant. Here, using functional MRI, we explored the role of normalization
across the visual hierarchy in the human visual cortex. Presenting objects in isolation or in clutter
and asking subjects to attend or ignore the presented stimuli, we modeled single voxel responses
and demonstrated that the response to multiple stimuli as well as attentional modulations could be
captured by a model that takes normalization into account. Our results provide compelling evidence
for normalization as a canonical computation operating in the human brain.
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The brain makes use of fundamental operations to perform neural computations in various modal-
ities and different regions. Divisive normalization has been proposed as one of these fundamental
operations. Under this computation, the response of a neuron is determined based on its excitatory
input divided by a factor representing the activity of a pool of nearby neurons'® . Normalization was
first proposed based on responses in the cat primary visual cortex!' , and evidence of its operation in
higher regions of the monkey visual cortex has also been demonstrated both during passive viewing*
and when attention is directed towards a stimulus®® .

Normalization has also been proposed as a critical operation in the human brain based on evidence
demonstrating sub-linear addition of responses to multiple stimuli in the visual cortex? . However, no
study to date has directly tested the validity of the normalization model in predicting human cortical
responses’ 11 . To fill this gap, here, we aimed to test the predictions of the normalization model
against observed responses to visual objects in several regions of the human brain in the presence and
absence of attention.

In a blocked-design fMRI paradigm, human participants (n=19) viewed semi-transparent gray-
scale stimuli from the two categories of houses and human bodies (Figure 1A). Each experimental run
consisted of one-stimulus (isolated) and two-stimulus (paired) blocks, with attention directed either
to one of the two objects or to the color of the fixation point. The experiment, therefore, had a total
number of 7 conditions (four isolated and three paired conditions, see Figure 1C). In paired blocks, we
superimposed the two stimuli to minimize the effect of spatial attention and force participants to use
object-based attention (Figure 1B,C). Independent localizer runs were used to localize the primary
visual cortex (V1), the object-selective regions in the lateral occipital cortex (LO) and posterior
fusiform gyrus (pFs), the extrastriate body area (EBA), and the parahippocampal place area (PPA)
for each participant (Figure 1D).

To examine the response variation in different task conditions, we fit a general linear model and
estimated the coefficients for each voxel in each task condition. We then defined the preferred (P) and
null (N) stimulus categories for each voxel in the five regions of interest (R Ols), including V1, LO,
pFs, EBA, and PPA, according to the voxel’s response to isolated body and isolated house conditions.
We then rearranged the seven task conditions according to each voxel’s preferences. The conditions
are hereafter referred to as: P3t, P#N, PN2¢, N2 P, PN, N, with P and N denoting the presence of
the preferred and null stimuli, respectively, and the superscript at denoting the attended category.
Mean voxel responses in the five ROIs for all task conditions are illustrated by navy lines in Figure
2A-E. The change in the BOLD response across task conditions demonstrates how presented stimuli
and attention affect voxel responses.
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Figure 1: (A) The two stimulus categories (body and house), with the ten exemplars of the body
category. (B) Experimental paradigm including the timing of the trials and the inter-stimulus interval.
In the example block depicted on the left, both stimulus categories were presented, and the participant
was cued to attend to the house category. The two stimuli were superimposed in each trial, and the
participant had to respond when the same stimulus from the house category appeared in two successive
trials. The color of the fixation point randomly changed in some trials from red to orange, but the
participants were asked to ignore the color change. The example block depicted on the right illustrates
the condition in which stimuli were ignored and viewers were asked to attend to the fixation point color,
and respond when they detected a color change. (C) The 7 task conditions in each experimental run.
For illustration purposes, we have shown the attended category in each block by orange outlines. The
outlines were not present in the actual experiment. (D) Regions of interest for an example participant,
including the primary visual cortex V1, the object-selective regions LO and pFs, the body-selective
region EBA, and the scene-selective region PPA.
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Figure 2: (A-E) Average fMRI responses and model predictions in the five regions of interest. Navy
lines represent average responses. Light blue, gray, and orange lines show the predictions of the
weighted sum, the weighted average, and the normalization models, respectively. The x-axis labels
represent the 7 task conditions, P2*, P#N, PNt N*' P PN, N, with P and N denoting the presence
of the preferred and null stimuli and the superscript at denoting the attended category. For instance,
P refers to the condition in which the unattended preferred stimulus was presented in isolation, and
P*N refers to the paired condition with the attended preferred and unattended null stimuli. Error
bars represent standard errors of mean. (F) Mean explained variance, averaged over voxels in each
region of interest for the 5 conditions predicted by the three models. Light blue, gray, and orange
bars show the average variance explained by the weighted sum, weighted average, and normalization
models, respectively. Error bars represent the standard errors of mean. Dashed lines above each set
of bars indicate the noise ceiling in each ROI, with the gray shaded area representing the standard
errors of mean.
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Next, we used the three models of weighted sum, weighted average, and normalization to predict
voxel responses in different task conditions. The weighted sum model which has the advantage of
simplicity is a linear model according to which the response to multiple stimuli is determined by the
sum of the responses to each individual stimulus presented in isolation, and attention to each stimulus
increases the part of the response associated with the attended stimulus:

Rpn =Rp+ RN (1a)
Rpat n = BRp + Ry (1b)
RP’Nat = Rp + BRN (1C)

Here, Rp x denotes the response elicited with the preferred and null stimuli present in the receptive
field, and Rp and Ry denote the response to isolated preferred and null stimuli, respectively. The
superscript at specifies the attended stimulus, and the stimulus is ignored otherwise. The response
related to the attended stimulus is weighted by (8, which is the parameter related to attention.

The weighted average model has previously been successful in explaining responses to multiple
stimuli in the absence of attention.!? 14 According to this model, the response to paired stimuli is
the average of the response to each stimulus presented alone, weighted by 3 as the attention-related

parameter:
Rpn = @ (2a)
Rpor y = %’%RN (2b)
Rp not = Rl)zﬂ (2¢)

The normalization model of attention is a more elaborate model based on which each neuron receives
an excitation caused by a stimulus present in its receptive field, in addition to a suppression due to
that stimulus because the neighboring neurons are also excited by the same stimulus. This model can
therefore be described using divisive normalization with a saturation term in the denominator!:257

Rox = cpLp+cnLy (3)
cp+cey+o
Here, Lp and Ly denote the excitatory drive induced by the preferred or the null stimulus, respectively
and o represents the semi-saturation constant. cp and cy are the respective contrasts of the preferred
and null stimuli. Zero contrast for a stimulus denotes that the stimulus is not present in the visual
field. When attention is directed towards one of the stimuli, both the excitation and the suppression
related to that stimulus are enhanced. We can therefore rewrite Equation 3 as:

cpLp +cnLy
R = 3
PN cpt+cecy+o ( a)

BepLp +cnLy

R at - 3b
PN Bep+ceny+o ( )
cpLp + BenLy
Rppyat = ———— 3
PN cp+ fBeny +o ( C)

To compare these models, we split the fMRI data into two halves (odd and even runs) and estimated
the model parameters separately for each voxel of each participant using the first half of the data.
All comparisons of data with model predictions were made using the second left-out half of the data.
Note that this independent prediction is critical since the numbers of parameters in the three models
are different. Possible over-fitting in the normalization model with more parameters will not affect
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the independent predictions. Figure 2A-E shows average BOLD responses for the five modeled task
conditions in all ROIs (the two isolated ignored conditions P and N were excluded as they were used
to predict responses in the remaining five conditions, see supplementary methods). As evident in
the figure, the predictions of the normalization model (in orange) very closely follow the observed
data (in navy), while the predictions of the weighted sum and weighted average models (light blue
and gray, respectively) have significant deviations from the data. To quantify this observation, the
goodness of fit was calculated for each voxel by taking the square of the correlation coefficient between
the predicted model response and the respective fMRI responses across the five modeled conditions.
Noise ceiling was calculated by taking the r-squared of the correlation between voxel responses in the
two halves of data. As illustrated in Figure 2F, the normalization model (orange bars) explained the
variance in the responses significantly better than the weighted average and the weighted sum models
in all regions of interest. Moreover, the explained variance by the normalization model predictions
was not significantly different from the noise ceiling in LO, pFs and PPA ( ts < 1.7, ps > 0.11 ).

Interestingly, just focusing on the paired condition in which none of the stimuli were attended
(the PN condition), the normalization model was not necessarily better than the weighted average
model (the gray and orange isolated data points on the subplots of Figure 2 are similarly close to the
navy line). For this condition, the normalization model was better than the weighted average model
in V1 and PPA (ts > 2.7, ps < 0.013) but the two models showed no difference in predicting the
data in all other regions (ts < 1.7 , ps > 0.11). These results are in line with previous studies that
have shown that the weighted average model can predict neural and voxel responses in the absence
of attention.'' 13 However, we show that in the presence of attention, the normalization model has a
significant advantage.

Next, comparing the responses in different conditions, we observed two features in the data. First,
for the paired conditions, shifting attention from the preferred to the null stimulus caused a reduction
in voxel responses. We calculated this reduction in response for each voxel by (P*N — PN%) (Figure
3A). This response change was significantly greater than zero in all ROIs (ts > 5.9 , ps < 1.5 x 1079)
except V1 ( t(18) = 0.18 , p = 0.43 ). Because the same stimuli were presented in both conditions
but the attentional target changed from one category to the other, this change in response could
only be related to the shift in attention and the stimulus preference of the voxels. Second, the effect
of the unattended stimulus on the response depended on voxel selectivity for that stimulus, with the
unattended preferred stimulus having larger effects on the response than the unattended null stimulus.
Attending to the preferred stimulus in the presence of the null stimulus caused the response to approach
the response elicited when attending to the isolated preferred stimulus. Therefore, attention effectively
removed the effect of the null stimulus. However, attending to the null stimulus in the presence of
the preferred stimulus did not eliminate the effect of the preferred stimulus and yielded a response
well above the response elicited by attending to the isolated null stimulus. This is the first time such
asymmetry has been reported in human fMRI studies, but similar results have been found in monkey
electrophysiology studies® 71 . To quantify the observed asymmetry we calculated an asymmetry
index for each voxel by (PN — N) — (P2 — P2 N) which is illustrated in Figure 3B. This index
was significantly greater than zero in all regions (ts > 6 , ps < 107°).

We compared the observed features of the data (Figure 3A,B) with those predicted by the three
models to investigate model results in more detail. As illustrated in Figure 3C,D, the orange bars
depicting the predictions of the normalization model are very close to the navy bars depicting the
observations, while the predictions of the weighted sum and weighted average models (light blue
and gray bars, respectively) were significantly different from the data in both the response change
and the asymmetry index. First, the normalization model predicted that shifting attention from the
preferred to the null stimulus in the paired conditions reduces voxel responses. The amount of this
reduction in response was also the same as what we observed in the data in all regions ( ts < 1.94
, ps > 0.068) except for LO (¢(18) = 2.87 , p = 0.01). The weighted average model predicted very
little response reduction, significantly different from what was observed in the data in all regions (
ts > 4.2 | ps < 0.0005 ) except for V1 ( ¢(18) = 0.32 , p = 0.75). The weighted sum model predicted
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no significant reduction in response. Figure 3C illustrates the observed and predicted reductions
in response in different ROIs. The normalization model was also better at predicting the observed
asymmetry in the data. Figure 3D illustrates the asymmetry indices for the data and the three
models in all regions. The normalization model predicted the asymmetry index more accurately than
the weighted sum model in all regions (ts > 5.7 , ps < 107°) except for V1 and PPA (ts < 1.9
, ps > 0.07). Notably, the predicted index by the normalization model in LO and pFS was not
significantly different from the observed index (¢s < 1.7 , ps > 0.11). The weighted average model
predicted no significant asymmetry in attentional modulation.
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Figure 3: (A) Change in BOLD response when attention shifts from the preferred to the null stimulus
in the presence of two stimuli, illustrated here for EBA. (B) The observed asymmetry in attentional
modulation for attending to the preferred versus the null stimulus, depicted for EBA. (C) The observed
response change and the corresponding amount predicted by different models in different regions,
calculated as illustrated in plot A. Error bars represent the standard errors of mean. (D) The observed
and predicted asymmetries in attentional modulation in different regions, calculated as illustrated in
plot B. Error bars represent the standard errors of mean.

Taken together, our results provide evidence that the normalization model can explain responses at
the voxel level beyond the primary visual cortex and across the visual hierarchy, especially in category-
selective areas of the human visual cortex, with and without attention, and in conditions with isolated
or cluttered stimuli. We also demonstrate for the first time that the normalization model is superior
to the weighted average model, which has often been used interchangeably with the normalization
model'!'12 | in its ability to account for fMRI responses in the presence of attention. It is noteworthy
that here, we are looking at the BOLD responses. We are aware of the limitations of the fMRI
technique as the BOLD response is an indirect measure of the activity of neural populations. We hope
that future research will directly test the effectiveness of the normalization model in predicting neural
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responses in the human brain. Our current results provide strong evidence for divisive normalization
as a canonical computation operating in the primate brain.
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