J Neurophysiol 102: 360-376, 2009.
First published May 13, 2009; doi:10.1152/jn.90745.2008.

What Response Properties Do Individual Neurons Need to Underlie Position

and Clutter “Invariant” Object Recognition?

Nuo Li,! David D. Cox,* Davide Zoccolan,"** and James J. DiCarlo"

'"McGovern Institute for Brain Research and Department of Brain and Cognitive Sciences, Massachusetts Institute of Technology,
Cambridge, Massachusetts; 2The Rowland Institute at Harvard, Harvard University, Cambridge, Massachusetts, and 3Neurobiology
and Cognitive Neuroscience Sectors, International School for Advanced Studies, Trieste, Italy

Submitted 7 July 2008; accepted in final form 6 May 2009

LiN, Cox DD, Zoccolan D, DiCarlo JJ. What response properties do
individual neurons need to underlie position and clutter “invariant”
object recognition? J Neurophysiol 102: 360-376, 2009. First pub-
lished May 13, 2009; doi:10.1152/jn.90745.2008. Primates can easily
identify visual objects over large changes in retinal position—a
property commonly referred to as position “invariance.” This ability is
widely assumed to depend on neurons in inferior temporal cortex (IT)
that can respond selectively to isolated visual objects over similarly
large ranges of retinal position. However, in the real world, objects
rarely appear in isolation, and the interplay between position invari-
ance and the representation of multiple objects (i.e., clutter) remains
unresolved. At the heart of this issue is the intuition that the repre-
sentations of nearby objects can interfere with one another and that the
large receptive fields needed for position invariance can exacerbate
this problem by increasing the range over which interference acts.
Indeed, most IT neurons’ responses are strongly affected by the
presence of clutter. While external mechanisms (such as attention) are
often invoked as a way out of the problem, we show (using recorded
neuronal data and simulations) that the intrinsic properties of IT
population responses, by themselves, can support object recognition
in the face of limited clutter. Furthermore, we carried out extensive
simulations of hypothetical neuronal populations to identify the es-
sential individual-neuron ingredients of a good population represen-
tation. These simulations show that the crucial neuronal property to
support recognition in clutter is not preservation of response magni-
tude, but preservation of each neuron’s rank-order object preference
under identity-preserving image transformations (e.g., clutter). Be-
cause IT neuronal responses often exhibit that response property,
while neurons in earlier visual areas (e.g., V1) do not, we suggest that
preserving the rank-order object preference regardless of clutter,
rather than the response magnitude, more precisely describes the goal
of individual neurons at the top of the ventral visual stream.

INTRODUCTION

Primate brains have the remarkable ability to recognize
visual objects across the wide range of retinal images that each
object can produce — a property known as “invariance” or
“tolerance” (see piscussioN). To accomplish this task, the
visual system must transform the object shape information
acquired as a pixel-like image by the retina into a neuronal
representation that is unaffected by identity-preserving changes
in the image (due to variation in the object’s position, size,
pose, its illumination conditions, or the presence of other
objects, i.e., “clutter”). This transformation is carried out along
the hierarchal processing stages of the ventral visual stream
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that culminates in the inferior temporal (IT) cortex (Hung et al.
2005; Logothetis and Sheinberg 1996; Tanaka 1996).

Representation of multiple objects poses an especially dif-
ficult computational challenge. During natural vision, objects
almost never appear in isolation and they appear on very
different parts of the retina. This introduces two common
identity-preserving image variations that our visual system
must simultaneously deal with to recognize each object: vari-
ability in object position and the presence of visual clutter.
Understanding the brain’s solution to this problem is compli-
cated by two observations. First, contemporary data reveal
highly varied amounts of position sensitivity in individual IT
neurons—each neuron’s response magnitude can be strongly
modulated by changes in object position; (Ito et al. 1995; Op de
Beeck and Vogels 2000; Zoccolan et al. 2007), with IT recep-
tive fields often spanning only a few degrees of visual angle
(DiCarlo and Maunsell 2003). Second, IT neuronal responses
to isolated objects are often highly sensitive to clutter—re-
sponses are powerfully reduced by the addition of other objects
(Chelazzi et al. 1998; Miller et al. 1993; Missal et al. 1999;
Rolls and Tovee 1995; Rolls et al. 2003; Sato 1989; Sheinberg
and Logothetis 2001; Zoccolan et al. 2005, 2007), in some
cases by as much as 50%.

In spite of these coding constraints at the neuronal level,
humans and primates can effortlessly identify and categorize
objects in natural scenes. This raises the question of what
mechanisms allow the ventral stream to support position-
invariant recognition in clutter. One possible explanation to
deal with position invariance relies on the observation that IT
neurons typically maintain their rank-order object selectivity
within their receptive fields even when the magnitude of their
responses is strongly modulated by changes in object position
(DiCarlo and Maunsell 2003; Ito et al. 1995; Logothetis and
Sheinberg 1996; Op de Beeck and Vogels 2000; Tovée et al.
1994). Several authors have proposed that this property may
allow a population of IT neurons to support position-invariant
recognition (e.g., Gross et al. 1993; Logothetis and Sheinberg
1996; Vogels and Orban 1996). This is a reasonable but
untested hypothesis because no study has investigated whether
preservation of object preference across position is sufficient to
support position-invariant recognition. More importantly, the
previous intuition applies to objects presented in isolation and
may not extrapolate to more natural conditions in which
multiple objects are present within a neuron’s receptive field
(i.e., clutter). In fact, several studies have proposed that addi-
tional mechanisms may be necessary to filter out the interfer-
ence of clutter—e.g., shrinking of IT neurons’ receptive fields
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(Rolls et al. 2003) or recruitment of attentional mechanisms to
attenuate the suppressive effect of flanking objects (Chelazzi
et al. 1998; Moran and Desimone 1985; Sundberg et al. 2009).

In this study, we first asked if the intrinsic response proper-
ties of a small population of IT neurons (i.e., earliest part of
response, no attentional cuing) could by themselves support
object identification while tolerating some degree of clutter.
Previous studies have shown that linear read-out of IT popu-
lation can support position invariant recognition of isolated
objects (Hung et al. 2005). Using similar techniques, we found
that the IT population as a whole can readily support position-
invariant recognition even when multiple objects are present
(i.e., limited clutter).

These neuronal results demonstrate that clutter invariant
recognition can be achieved through fast, feed-forward read-
out of the IT neuronal representation (at least for limited
clutter), and it led us to reconsider what individual-neuron
response properties allowed IT to underlie such invariant
object recognition from a population perspective. To do this,
we simulated a wide range of potential neuronal populations
with the goal of separating out the essential single-neuron
ingredients of a “good” representation from those that are
superfluous. We found that preservation of response magnitude
in the face of position change (i.e., neurons with large receptive
fields) or in the face of clutter—properties that individual IT
neurons typically lack—are not necessary to robustly represent
multiple objects in a neuronal population. Moreover, the lack
of position sensitivity in response magnitude can be detrimen-
tal in that it limits the flexibility of the representation to convey
the necessary object position information to unambiguously
represent multiple objects. Instead we show that a much more
important requirement is that individual neurons preserve their
rank-order object selectivity across object position changes and
clutter conditions. Indeed IT neurons typically exhibit such a
property, even when their response magnitude is highly sensi-
tive to position and clutter (Brincat and Connor 2004; Ito et al.
1995; Logothetis and Sheinberg 1996; Zoccolan et al. 2005),
whereas neurons in early visual areas (e.g., V1) do not.

Overall, these findings provide the first systematic demon-
stration of the key role played by preservation of rank-order
selectivity in supporting invariant recognition—a notion that
has been previously suggested (e.g., Gross et al. 1993; Logo-
thetis and Sheinberg 1996; Vogels and Orban 1996) but never
tested by decoding either recorded or simulated neuronal pop-
ulations. More importantly, these results show that, at least
under some conditions, clutter invariant recognition can be
achieved through fast, feed-forward read-out of the IT neuronal
representation, thus challenging the view that position-invari-
ant recognition in clutter must be attained through attentional
feedback.

METHODS
Physiological recording

We recorded from well-isolated neurons in anterior IT in two
rhesus macaque monkeys. Surgical procedures, eye monitoring, and
recording methods were done using established techniques (DiCarlo
and Maunsell 2000; Zoccolan et al. 2005) and were performed in
accordance with the MIT Committee on Animal Care.

Visual stimulus displays (scenes) consisted of combinations of
three possible objects (star, triangle, and cross shapes; 1.5° in size;

solid white 57 Cd/m?) that could appear in three possible locations (at
the center of gaze, 2° above, and 2° below) on a uniform gray
background (27 Cd/m?; see Fig. 1). All combinations of one object in
each possible position (9 scenes), two objects (without duplicates, 18
scenes), and three objects (with no object repeated in the same scene,
6 scenes; 33 scenes in total) were presented to the passively fixating
monkeys with no attentional cuing to any object or retinal position.
The scenes were presented at a rapid, but natural viewing rate (5
scene/s, 100-ms presentation followed by 100 ms blank) (DiCarlo and
Maunsell 2003), and randomly interleaved. For these reasons, as well
as our previous detailed assessment of this issue (Zoccolan et al.
2005), we argue that attentional shifts do not contribute significantly
to the results presented here.

Both monkeys had been previously trained to perform an identifi-
cation task with the three objects appearing randomly interleaved in
each of the three positions (in isolation), and both monkeys achieved
>90% accuracy in this task. Monkeys performed this identification
task while we advanced the electrode, and all isolated neurons that
were responsive during this task (z-test; P < 0.05) were further studied
with the 33 scenes under the fixation conditions described in the
preceding text. Between 10 and 30 repetitions of each scene were
presented while recording from each IT neuron.

A total of 68 neurons were serially recorded (35 cells in monkey 1
and 33 in monkey 2). We took these units to be a reasonably unbiased
sample of the IT population in that we only required good isolation
and responsiveness. Because each of these neurons was tested with
multiple repetitions of the exact same set of visual scenes, we could
estimate the IT population response to each 100-ms glimpse of a scene
by randomly drawing the response of each neuron during one presen-
tation of that scene, (note that this procedure cannot optimize for any
trial-by-trial correlation in the responses, see DISCUSSION) (see also
Hung et al. 2005).

Data analysis

All analyses and simulations were done using in-house code developed
in Matlab (Mathworks, Natick, MA) and publicly available Matlab SVM
toolbox (http://www.isis.ecs.soton.ac.uk/isystems/kernel). We used clas-
sification analysis to assess neuronal population performance on two
recognition tasks: the “position-invariant” object recognition task and
the “position-specific” object recognition task, (see Fig. 1A). In its
general form, classification analysis takes labeled multivariate data
belonging to two classes (e.g., “the star is present” and “the star is not
present”) and seeks a decision boundary that best separates the two
classes. Our goal was to measure the “goodness” of a neuronal
population at conveying information that can be accessed by down-
stream areas using simple linear read-out mechanisms. Thus we used
linear discriminant analysis as a simple unbiased way of asking that
question (Fisher 1936). Because each linear discriminant simply
performs a weighted sum with a threshold (Gochin 1994), the use of
linear classifiers allows us to assess what information in a neuronal
population can be directly extracted by pooling mechanisms that
roughly parallel those available to real downstream neurons. In other
words, linear classifiers do not provide a total measure of information
in the population, but instead provide a measure of the information
explicitly available in the IT population to directly support a visual
task (i.e., information available to a linear decoder).

Because each task had more than two possible answers (e.g.,
“which of the 3 objects was present?”), overall performance was
assessed using standard multi-classification methods in which multi-
ple two-way linear classifiers were constructed (Hung et al. 2005;
Rifkin et al. 2007) (see following text for details). Each two-way
linear classifier had the form

fx)=w'x+b )

where the classifier reported “object present” for f{x)=0 and “ob-
ject not present” for f(x)<<0. x is an N-dimensional column vector
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containing the responses of N neurons in a population to a given
presentation (i.e., in a given trial) of a particular scene (spike counts
in a small time window for real neurons or simulated response rates
for simulated neurons). w is a N-dimensional column vector of
weights, b is a constant threshold that, together, describe the position
and orientation of the decision boundary. w and b were found using
the standard method of Fisher linear discriminant using neuronal
response data from a labeled training set (Duda et al. 2001). Perfor-
mance testing was always carried out using data that was not included
in the training set (data partitioning for training and testing is de-
scribed in sections in the following text)

o 1 A
w = Sil(ﬂl — ) b= 5(}11 + lj«2)571 (dr — )

where

1 ”
M = ﬁ,n; X, S=

f1, and [, are the mean of all the training data belonging to each of
the two classes (x,’s and x,’s) and 8 is the total within-class covari-
ance matrix (Fisher linear discriminant analysis assumes that the data
belonging to 2 classes are identically distributed, S, = S, = 8). K, is
the number of data points in each class used for classifier training.
How well the classifier learns the decision boundary from training
data can impact classification performance—more training data can
lead to better estimate of the decision boundary and more advanced
classifiers such as a support vector machines (SVMs) (Duda et al.
2001) are better at finding the optimal decision boundary. However,
for the results presented here, linear classifier performance is almost
entirely dependent on how well the data are formatted. (That is, how
linearly separable are the two classes?) This was verified by using
SVM classifiers in some tested conditions. Results obtained were
qualitatively unaffected: SVM led to slightly better absolute perfor-
mance, but the relative performance for the key comparisons was
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unaffected. Thus here, we equate goodness of a representation for a
recognition task with linear separability of the data with respect to that
task, and our methods are designed to measure this.

Recognition task performance of the real IT population

For each recorded IT neuron, we computed spike counts over the
time window from 100 to 200 ms following the presentation onset of
each scene. The start of this time window was based on the well-
known latency of IT neurons (Baylis and Rolls 1987). The end of the
window is well below the reaction times of the monkeys when
performing an identification task with these objects (DiCarlo and
Maunsell 2000) and is thus consistent with an integration window that
could, in principle, be used by downstream neurons to support
recognition. Previous work has shown that although the length of this
window can have small quantitative effects on performance, the
ability of the IT population to support categorization and identification
tasks using different portions of this window is qualitatively similar
(Hung et al. 2005).

In the “position-invariant task,” three binary linear classifiers (pre-
ceding text) were trained to report if their particular object (e.g.,
“star”’) was present or not in any position (i.e., 1 classifier for each of
the 3 objects). The reported performance in the recognition task was
the average performance across all three classifiers (Fig. 1B). In the
“position-specific task,” a binary classifier was trained to report if a
particular object was present or not at a particular position (e.g., “star
in the top position”). A total of nine such classifiers were built (3
objects X 3 positions), and the reported performance in the task was
the average performance across all nine classifiers (Fig. 1B). Since
each classifier was binary, chance performance for each was 50%.

The performance of each binary classifier was determined using
leave-one-out cross-validation. For each question (e.g., of the sorts in
Fig. 1A), the classifier performance was evaluated as following: spike
counts of individual neurons to a given scene were randomly drawn
(without replacement) from the recorded set of presentations (trials)
and were used to assemble a “single-trial” population response vector

] Recorded IT population (n = 68)
- Simulated V1 population (n = 68)

Single
objects

Multiple objects
80 -

Position- Position-  Position-
invariant invariant specific
task task task

A: visual recognition tasks. Three objects (star, triangle, cross) were shown at three possible positions (—2, 0, and +2° relative to the fovea) either

in isolation or in combinations of pairs or triplets. Using the inferior temporal cortex (IT) population response data to each visual scene, linear discriminant
classifiers were used to measure how well the population had solved 2 different visual recognition tasks. One task required the linear discriminants to classify
object identity irrespective of its position (position-invariant task). In the particular example illustrated, the classifier was asked to classify the presence of a star
(report yes to all visual displays that contain a star regardless of the star’s position). In the other task, the classifier had to report object identity at a particular
position (position-specific task). In the example illustrated, the classifier had to report yes only to the visual scenes in which the star was present in the top position
while disregarding other displays (even those in which the star was present in another position). B: classification performance for a real IT population and a
simulated V1 population on the position-invariant and -specific tasks. All performance was averaged performance using “leave-one-out” cross validation

procedure (see details in METHODS).
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for that scene. Any scene presentations from one neuron could “go
with” any particular scene presentation from another neuron. The final
data set was obtained by repeating this procedure 10 times for each
scene, yielding a labeled M X N matrix, where N is the number of
neurons and M is the number of trials (10) times the number of visual
scenes (33) that were presented (i.e., M = 330). Once the response
matrix was created, we carried out classification (training and testing)
on that matrix. Specifically, in every round of classification, we first
left out one population responses vector (1 row in the response matrix)
for testing, the remaining trials were used to train the classifier. We
repeat this procedure 330 times such that every trial (row) in the
response matrix was tested once. Finally, the overall mean classifier
performance and its standard error (obtained by bootstrap re-sam-
pling) across all questions for a task were reported in Fig. 1B.

Recognition task performance of hypothetical
neuronal populations

To explore hypothetical single-unit response properties for support-
ing the two recognition tasks, we created an abstract stimulus space
that captured the essence of the recognition tasks and allowed us to
succinctly specify the responses of IT neurons in accordance with
previous empirical results and variations of those results. Specifically,
the abstract stimulus space has two continuous dimensions that
formed the two axes of the space (object identity, s € [—1.0, 1.0];
object position, p € [—1.0, 1.0]) and provides a graphical perspective
on the nature of the recognition tasks (Fig. 2A). In this space, a single
point represents a visual “scene” containing a single object. To
establish a recognition task that is comparable to what was tested in
the real IT population (preceding text), three objects (A—C) and three
positions (X—Z) were selected, indicated by the nine square regions
evenly placed as a 3 X 3 grid in this stimulus space (see Fig. 24, left).
We then generated a large class of hypothetical neuronal populations
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to differently represent this stimulus space (see following text for
detail), such that we could evaluate and compare them in the exact
same recognition task with the goal of separating out the essential
single-neuron ingredients of a “good” representation.

To determine the performance of a hypothetical population on a
given recognition task, the following four steps were carried out in
each simulation “run”: /) construct a population with particular
single-unit parameters (our key independent variables), 2) simulate
the population responses (i.e., the vectors x, Eq. I) to a set of labeled
stimulus scenes, 3) use these responses to build classifiers for the
recognition task (i.e., find w and b, Egq. 1), and 4) test the performance
of those classifiers on the recognition task using an independent set of
stimulus scenes.

Because of variability in each simulated population and its re-
sponses (described in the following text) as well as variability in the
exact test stimuli, performance was reported as the mean and SD of
=15 such runs (in practice, variation in performance across runs was
almost entirely the result of variability in the make-up of each
population). Given a recognition task, the key manipulation was step
1—the selection of single unit properties to construct a population.
The details of steps 2—4 are described next; the details of step 1 are
specific to the different types of population we simulated (IT, V1,
“abstract”) and are described at the end of METHODS.

For the position-invariant task, we built three binary classifiers (1
for each of the 3 objects; A/not-A, B/not-B, C/not-C). Correct per-
formance with each visual scene required that all three classifiers were
correct, regardless of how many objects were present. For example, if
the scene consisted of only object A, the A/not-A classifier must
report yes, and the B/not-B and C/not-C classifiers must report no,
regardless of the object A’s position. For the position-specific task, we
built three binary classifiers, one for each of the three objects at a
given position (e.g., A/not-A at position X, B/not-B at position X,
C/not-C at position X). If the scene did not contain any object at

B An example unit
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Object Identity
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A schematic drawing of the simulation design and tasks. A: the 2 recognition tasks that each simulated population was asked to solve. The tasks are

analogous to those tested for the real IT population (cf. Fig. 1A4). On the left, the “2-dimensional (2D) stimulus space” is displayed: the y axis shows a dimension
of object shape (identity) and the x axis shows a dimension of retinal position, and a point in the space corresponds to the presence of a single visual object at
some position (in a scene). One example question for each task is illustrated by a black rectangular region. For these questions, visual scenes that contain a point
within the black region should be reported as yes. To approximate the 3 objects and 3 positions used during the collection of the real IT data (Fig. 1A), all scenes
were drawn to contain points only within the 9 dotted squares regions (objects A—C; positions X—Z). The tasks are re-displayed on the right in the same format
as Fig. 1A. B: the response profile of an example simulated IT unit in the 2D stimulus space. C: an example simulated IT population (i.e., a set of simulated units
like that in B but with randomly chosen center positions, see METHODS for details). Each colored circle indicates 1 unit. The color indicates the strength of spiking

response.
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position X, all three classifiers must report no. For each classification
task, the chance performance was established from “shuffle” runs, in
which we tested the classifiers after having randomly shuffled the
labeling of the training data. We ran a corresponding shuffle run for
all the simulation runs and we plotted shuffle performance as the
average of these runs.

In our simulations, we assessed the performance in recognition tasks
with and without the presence of clutter. That is, we considered both the
simple case in which all scenes contained only a single object, and the
more natural case in which some scenes contained more than one object.
Specifically, for the simulations “without clutter,” the labeled training
data were 3,000 single-object scenes (3,000 points randomly selected
from within the 9 square regions of the 2-dimensional stimulus space, see
Fig. 2A) and the test data were 300 single-object scenes randomly
selected in the same manner. For the simulations with clutter, the labeled
training data were a mixture of 1,000 single-object scenes, 1,000 two-
object scenes, and 1,000 three-object scenes (we ensured that no 2 objects
occupied a single position), and the test data were a mixture of 100
single-object scenes, 100 two-object scenes, and 100 three-object scenes
randomly selected in the same manner.

In summary, the testing of each hypothetical population on each
recognition task (position-invariant task or position-specific task)
consisted of =15 simulation runs. For each run, a new population of
neurons was randomly sampled from a prescribed distribution of single-
unit response properties (details of these are described in the following
text). A set of classifiers was then trained and tested on the recognition
tasks (e.g., Fig. 2A). All performance was reported as the mean and SD
of the 15 runs.

Note that here we are simply interested in investigating how well a
representation can support the recognition tasks free of the limitations
from the classifier training (e.g., learning from sparse training data).
Therefore we trained the classifiers using all the position and clutter
conditions (including the conditions the classifier would be tested on
later) and asked how well a representation could possibly support a
task given all the benefits of experience. This approach sets an upper
bound on the goodness of a representation but does not address how
well a representation allows the classifier to generalize outside the
realm of its experience (see DISCUSSION).

Simulating hypothetical neuronal populations

Each hypothetical population consisted of N single “neurons” (N
was varied for some simulations, see RESULTS) where we specified
each neuron’s response (R) to the visual scene (v) using a response
function (H), a small nonzero response baseline (c), and trial-by-trial
response variability (Noise)

R(v) = H(v) + ¢ + Noise(v) 2)

Our main goal was to understand how differences in single-unit
response functions (H) lead to differences in population performance.
The form of H(v) for IT, V1 and “abstract” populations is given
below, as well as how it was varied (e.g., different hypothetical IT
populations). The absolute value of H(v) is not important except
insofar as it relates to the magnitude of Noise(v), which was propor-
tional to H(v) (see following text). In practice, each neuron’s response
function H(v) was scaled so that one of the single-object conditions
produced the maximum value of 1.0, and ¢ was always set to 0.1.

A noise term was included in Eg. 2 to make the simulations roughly
consistent with noise levels seen in spiking neurons. However, our
goal was to achieve an understanding that was largely robust to the
details of the spiking noise model. Because spike counts of real
neurons are approximately Poisson (Shadlen and Newsome 1998;
Tolhurst et al. 1983), we simply assumed that the response variability
was proportional to the mean of the response. In practice, the Noise(v)
in Eg. 1 was drawn from a normal distribution with mean zero and
variance proportional to the neuron’s response. That is

Noise (v) ~ M0,p-[H(v) + c]}

Thus the response, R(v), of each unit approximates the averaged
responses from a pool of m Poisson neurons, where p is smaller for
larger m. Responses were cut off at zero. For all the simulation results
presented in this paper, we set p to 0.25, such that each simulated
neuron approximated the averaged responses from four Poisson neu-
rons. Not surprisingly, the noise magnitude relative to the signal (p)
and the number of neurons () in a population both had strong effects
on absolute performance of simulated populations. The strategy of all
our simulations was to hold these two parameters constant at reason-
able values while varying the more interesting single-unit properties
of the population. Indeed we found that, other than floor and ceiling
effects, changing the magnitude of p and N did not change the relative
performance of any two populations (i.e., the key measure in our
study).

Simulated IT populations

We simulated IT-like neuronal responses by first defining how a
neuron responds to single objects (the condition for which the most
data exists in the literature) and then defining how the responses to
single objects are combined (“clutter rules”). We note that these IT
models are not complete models (because they do not describe the
response of each IT neuron to any possible real-world image) but are
functional quantitative descriptions of IT neurons based on existing
results (see DISCUSSION).

The response to single objects was modeled using a two-dimen-
sional (2D) Gaussian centered somewhere in the 2D stimulus space
(Fig. 2B), and we assumed independent tuning for shape and position.
Although we assumed Gaussian tuning, our main results were quali-
tatively robust to this assumption (e.g., see Fig. 5). Thus each
simulated neuron’s response function (H) to single objects [single
points in the 2D-stimulus space (s,p)] was

H(v) = H(s,p) = G(u,, 0)*G(u,, 0,)

where G is a Gaussian profile. For each simulation run, each neuron’s
parameters were drawn as follows: the Gaussian center location (u,,
u,) was randomly assigned within the stimulus space according to a
uniform distribution. o specified the SD of a neuron’s Gaussian
tuning along the object identity axis, and we will refer to it as the
neurons’ object (shape) selectivity. In all results presented in the main
text, o, was kept constant at 0.3 (except in Fig. 5, “IT” units o, = 0.2).
g, specified the width of a neuron’s tuning along the position axis.
Therefore the position sensitivity, i.e., receptive field (RF) size, of all
individual neurons could be manipulated by varying o,. In the
reported results, each population had a single value of o, (i.e., the
position sensitivity of all neurons in each population was identical).
The tails of the Gaussian profiles were cut off at 3 SD (value =
0.011). To avoid potential edge effects, the stimulus space was
toroidal, i.e., each tuning function with a tail extending beyond one of
the edges of the stimulus space was continued into the opposite side
of the space by joining the two opposite edges of the space (see Fig.
2(C). The uniform tiling of the RF centers along the position axis was
chosen for simplicity although it does not match the observed foveal
bias in the position preference of real IT neurons (Op de Beeck and
Vogels 2000). However, this departure from empirical observations
does not affect the conclusions of our study because variations in the
density of the RFs over the stimulus space would not affect the
relative classification performance of different simulated populations,
as long as the training and testing stimuli were drawn from the same
distribution for all the tested populations (as done in our simulations).

To simulate the IT responses to visual scenes containing multiple
objects, we defined four different clutter rules (CCI, LIN, AVG, DIV,
Fig. 3D) specifying how a neuron’s responses to multiple objects
could be predicted from its responses to single objects (i.e., descrip-
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