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Theinferotemporal (IT) cortex is responsible for object recognition, butitis unclear
how the representation of visual objects is organized in this part of the brain. Areas
that are selective for categories such as faces, bodies, and scenes have been found'™,

butlarge parts of IT cortex lack any known specialization, raising the question of

what general principle governs IT organization. Here we used functional MRI,
microstimulation, electrophysiology, and deep networks to investigate the
organization of macaqueIT cortex. We built alow-dimensional object space to
describe general objects using a feedforward deep neural network trained on object
classification®. Responses of IT cells to alarge set of objects revealed that single IT cells
projectincoming objects onto specific axes of this space. Anatomically, cells were
clustered into four networks according to the first two components of their preferred
axes, forming a map of object space. This map was repeated across three hierarchical
stages of increasing view invariance, and cells that comprised these maps collectively
harboured sufficient coding capacity to approximately reconstruct objects. These
results provide a unified picture of IT organization in which category-selective regions
are part of a coarse map of object space whose dimensions can be extracted froma

deep network.

Object recognition, the process by which distinct visual forms are
assigned distinctidentity labels, lies at the heart of our ability to make
sense of the visual world. It underlies many neural processes that oper-
ate on objects, including consciousness, attention, visual memory,
decision making, and language. Befitting the central importance and
computational complexity of object recognition, alarge volume of the
brain, IT cortex, is dedicated to solving this challenge’.

One of the most striking features of IT is the existence of several
distinct anatomical networks that are specialized for processing spe-
cific categories®** or stimulus dimensions® ™. However, these networks
comprise only part of IT,and much of IT is not differentially activated
by any known stimulus comparison. Here we investigate whether
this ‘unexplained’ IT shows any functional specialization. Further-
more, beyond simply parcelling IT, we investigate whether there is
an overarching general principle governing the anatomical layout of
IT cortex.

Many previous studies have tried to address this latter question, but
the answers obtained remain piecemeal. Early studies using electro-
physiology in monkeys suggested a columnar architecture for visual
shape®, but the small field-of-view of electrophysiology precluded
understanding the larger-scale organization of these columns. Later
studies, using functional MRI (fMRI) in humans, proposed various
schemes to explain large-scale IT organization including retinotopy™
and real-world size™, but these proposals did not provide a complete
account of IT organization and lacked ground-truth validation at the
level of single units. Here, we combined fMRI, electrical microstimu-
lation, and electrophysiology in the same animals to investigate the

organization of macaque IT at multiple scales, and found that alarge
portionof macaqueIT cortexis topographically organized into amap
of object space that is repeated three times.

Identifying anew IT network

To discover the functional specialization of still unexplained parts of
IT cortex, one strategy would be to guess. However, lacking any good
guesses, we decided to approach the problem from an anatomical
perspective. We ran a large set of stimulus comparisons to localize
face, body, scene, colour, and disparity patches in a specific monkey
(M1) and thereby define the ‘no man’sland’ of IT cortexin this monkey:
regions that were not identified by any known localizer (Fig.1a,b). We
then electrically microstimulated a random site within this no man’s
landin central IT cortex®. This experiment revealed that the stimulated
region (NML2) was connected to two other, discrete regionsin IT (NML1,
NML3) (Fig. 1b, Extended Data Fig. 1), forming a previously unknown
anatomical network within no man’s land.

Tounderstand the function of this new network, we first recorded the
neural responses of cellsin the three patchesto1,224 images, consisting
of 51objects each presented at 24 views belonging to 6 different catego-
ries (Extended DataFig. 2a, b). Responses were remarkably consistent
(Fig.2a, Extended Data Fig. 3a-d). Cellsin all three patches responded
minimally to faces. Their preferred stimuli, while consistent across
patches, were not confined to any one semantic category (Fig. 2a).

Toinvestigate whether this network exists in every animal, we iden-
tified the five most- and least-preferred objects of the network based
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Fig.1|Microstimulationreveals anew anatomical networkinIT cortex.

a, Stimulus contrasts used toidentify known networksinIT (see Methods).

b, Inflated brain (right hemisphere) for monkey M1showing known IT networks
mapped in this animal. Regions activated by microstimulation of NML2 are
showninyellow. All activation maps shown at a threshold of P<107, not
corrected for multiple comparisons. Yellow and magenta outlinesindicate the
boundaries of TEand TEO, respectively?.
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on mean responses of cells recorded from monkey M1 (Fig. 2a). We
presented these stimuli to monkey M1 in an fMRI experiment and
confirmed that the resulting map overlapped that revealed by micro-
stimulation (Fig. 2e). We then presented these stimuli to three other
monkeys (M2-M4) and found similar networks in all three animals
(Fig. 2e). Single-unit recordings targeted to this network in monkey
M2 revealed a response pattern that was highly consistent with that
in monkey M1 (Fig. 2a) (Pearson correlation of the mean responses
to each object between monkeys M1and M2, r=0.89, P<107%). This
justifies referring to an ‘NML network’ across animals.

In the face patch network, neurons in posterior patches are
view-specific whereas those in the most anterior patch are
view-invariant'. We found asimilar difference between the three NML
patches in terms of their view invariance. Significantly more cells in
NML3 were view-invariant thanin NML1 (two-tailed ¢t-test; t(137) =5.10,
P<107; Extended DataFig. 3e). Population similarity matrices to objects
atdifferent views also showed an increase in view invariance going
anteriorly, with emergence of parallel diagonal stripes in the NML3
similarity matrix (Fig. 3a (top), Extended Data Fig. 3f). Notably, many
cellsshowed view invariance to objects that the monkey had not expe-
rienced, such as an aeroplane (Fig. 3b (top)).

Next, we investigated what is being coded by cells in this network.
Scrutinizing the most- and least-preferred objects (Fig. 2a (bottom)),
we noticed that all of the preferred objects contained thin protrusions,
whereas the non-preferred objects were round. This suggested that
onefeature NML neurons might be selective for is high aspect ratio. We
confirmed this using both responses to the original object image set
(Extended Data Fig. 3g, see Methods) as well as a simplified stimulus
set consisting of aline segment independently varied in aspect ratio,
curvature, and orientation (Fig. 2f, Extended Data Fig. 2c). Thus acom-
mon preferred feature of cells inthe NML network is high aspect ratio.

NML cells encode axes of object space

We next attempted to identify the relevant shape dimensions for the
NML network in a systematic way that does not depend on subjective
visual inspection. Until recently, this was difficult because of the lack
of a computational scheme to parametrize arbitrary objects. Deep
networks trained to classify objects provide a powerful solution to this
problem". They allow parametrization of arbitrary objects through
computation of afew thousand numbers, the unitactivationsinadeep
layer. To make the parametrization even more compact, one can per-
form principal components analysis (PCA) on these unit activations.
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We built an object space by passing the stimulus set we presented
tothe monkey (Extended DataFig. 2a, b) through AlexNet, a deep net-
work trained on object classification®, and then performing PCA on the
responses of unitsin layer fcé6 of this network (Extended Data Fig. 4a).
The first principal component (PC) corresponds roughly to things
with protrusions (spiky) versus those without (stubby) (Extended Data
Fig.4b). The second PC corresponds roughly to animate versus inani-
mate (note that we use ‘animate’ and ‘inanimate’ as shape descriptors
without any semantic connotation). We determined that 50 object
dimensions could explain 85% variance in the AlexNet fc6 response
(Extended Data Fig. 4c) and thus used 50 dimensions in the remaining
analyses. We then analysed the responses of cells in the NML network
by computing a ‘preferred axis’ for each cell through linear regres-
sion, namely, the coefficients cin the equation R = c-f + ¢, where Ris
the response of the cell, fis the 50D object feature vector, and ¢, is a
constant offset (see Methods).

Cells showed significant tuning to many of the 50 object dimen-
sions (Pearson correlation P <107 between feature values and neural
responses). On average, each cell was significantly tuned to seven
dimensions. Notably, the preferred axis of each cell was stable to
the precise image set (Extended Data Fig. 5a). The 50D linear object
space model could explain 44.7% variance, or 53.3% of the explainable
variance of NML neurons on average (Extended Data Fig. 5b); this is
significantly higher than a Gaussian model and similar to a quadratic
model (Extended Data Fig. 5¢, d). Consistent with the high explained
variance by thelinear model, cell tuning along the preferred axisin the
50D object space was ramp-shaped (Fig. 3c, top). Similar ramp-shaped
tuning has previously been reported for face-selective cells®. NML
neurons also showed approximately flat tuning along orthogonal axes
(Extended Data Fig. 5e), another property that has been previously
observed in face-selective cells'. Together, ramp-shaped tuning along
the preferred axis and flat tuning along orthogonal axes implies that
cellsin the NML network are linearly projecting incoming objects,
formatted as vectors in object space, onto specific preferred axes.

Overall, the organization and code of the NML network are strikingly
similar to those of the face patch network. The NML network consists of
connected patches, cells within the network show a consistent pattern
of selectivity, thereisincreasing view invariance along the network, and
finally, single cellsin the network represent object identity through an
axiscode. Thusthereseemstobeaclear structural parallel between the
face network and the NML network. We therefore investigated whether
additional networks inIT cortex follow the same scheme.

The body network follows the same scheme

We next recorded from the macaque body network, a set of regions
adjacent to face patches that respond more to animate compared
to inanimate objects* (Fig. 2b), as well as the face network (Fig. 2c).
Population similarity matrices showed increased view invariance
in the most anterior body patch (Fig. 3a, b (middle), Extended Data
Fig.3e,f), consistent with a previous study”. Cells in the body network
also showed ramp-shaped tuning along their preferred axes (Fig. 3c
(middle), Extended Data Fig. 5a) and flat tuning along orthogonal
axes (Extended Data Fig. 5e). Thus the body network follows the same
general anatomical organization and coding scheme as the NML and
face networks.

A general rule governing IT organization

Thefinding of three networks (NML, body and face) that all follow the
same organization and coding scheme suggests that there might be
ageneral principle that governs the organization of IT cortex. Recall
that the first two axes of object space are roughly stubby versus spiky,
and animate versus inanimate (Extended Data Fig. 4b). We noticed a
remarkablerelationship between these two axes and the selectivity of
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Fig.2|Distinct object preferences among four different networksinIT
cortex.a-d, Top, responses of cells to 51 objects fromsix different categories.
Responsestoeachobject were averaged across 24 views. Cellswere recordedin
three patches (NML1, NML2 and NML3) fromthe NML network (a); inthree
patches of the body network (b); in patch ML of the face network (c); and in two
patches of the stubby network (d). Middle, blue charts show average responses
toeachobjectineachnetwork. Numbersindicate the five most-preferred
objects. Bottom, five most-preferred (top row) and least-preferred (bottom row)
objects for each network, based on averaged responses; images1to 5areshown
fromlefttoright.e, Coronalslices containing NML1, NML2, and NML3 from
monkeys M1, M2, M3, and M4 showing differencein activationinresponse to the
five most-preferred versus five least-preferred objects determined from
electrophysiology inthe NML network of monkey M1. In M1, the microsimulation
resultisalsoshownasacyan overlay with threshold P<107, uncorrected. Inset
numbersindicate AP coordinate relative tointeraural 0. f, Responses of cells
from patches NML2 and NML3 of the NML network to aline segment that varied
inaspectratio, curvature,and orientation. Responses are averaged across
orientation, and curvatureruns fromlow to high fromleft toright foreachaspect
ratio. Aspectratioaccounts for22.8% of response variance on average across
cells, curvature for 5.6% of variance, and orientation for 3.5% of variance.

the NML, body, and face networks. Face patches prefer stubby animate
objects; body patches prefer spiky, animate objects; and NML patches
prefer spiky objects regardless of animacy (Fig. 2a). These observations
made us wonder whether all of IT might be topographically organized
according to the first two dimensions of object space (Fig. 4a), in the
same way that retinotopic cortexis organized according to polar angle
and eccentricity.

Asafirststep totest this hypothesis, we projected all the stimuli that
we showed to the monkey onto the first two dimensions of object space,

and marked the top 100 images for the NML, body, and face networks
(Fig. 4b; orange, green, and blue dots). They approximately spanned
three quadrants of the space. If IT cortex is indeed laid out according
tothefirst two dimensions of object space, we predicted there should
beafourth network representing objects that project strongly onto the
remaining unrepresented quadrant—namely stubby, inanimate objects
without protrusions (for example, a USB stick or radio).

To test this prediction, we first ran an fMRI experiment with four
blocks, corresponding to the four quadrants of object space (Fig. 4a).
Comparison of stubby versus other blocks revealed a network that
contained multiple patches selective for stubby objects (Fig. 4c). Elec-
trophysiology targeted to two of these patches revealed cells that were
strongly selective for stubby objects (Fig. 2d), whose preferred axes
occupied the previously unrepresented quadrant (Fig. 4b, magenta
dots). The general properties of the stubby network were very similar
to those of the NML, face, and body networks. Population similarity
matrices showed increased view invariance in the most anterior stubby
patch (Fig. 3a, b (bottom), Extended Data Fig. 3f). Cells in the stubby
network also showed ramp-shaped tuning along their preferred axes
(Fig.3c (bottom), Extended Data Fig. 5a) and flat tuning along orthogo-
nal axes (Extended Data Fig. 5e). Thus, the hypothesis thatIT is organ-
ized according to the first two dimensions of object space revealed a
second new shape network.

One potential concernis that the 51objects at 24 views that we used
to assess the selectivity of cells in each network were too sparse and
may not have allowed identification of the true selectivity of cells. We
presented 1,593 completely different objectsto asubset of cellsinthe
NML, body, and stubby networks and found responses consistent with
those to our original stimulus set (Extended Data Fig. 6a, b). In particu-
lar, preferred axes measured using the new stimulisegregated into three
different regions of object PC1-PC2 space (Extended Data Fig. 6a),
and the preferred stimuli of each network were qualitatively similar
to those identified using the original stimuli (Extended Data Fig. 6b).

It might seem suspiciously serendipitous for IT to be organized
according to the first two dimensions of an object space computed
using a specificimage set with a specific deep convolutional network. In
fact, these first two axes do not depend strongly on the particularimage
set (Extended DataFig.4d-f) or network (Extended DataFig. 4g-j) used
to compute them (see Supplementary Information).

A map of object space

What is the anatomical layout of the face, body, NML, and stubby net-
works? An overlay of the four networks onto coronal slices and a cor-
tical flat map revealed a remarkably ordered progression (Fig. 4c, d;
see Extended Data Fig. 7 for response time courses from each patch).
There s a clear sequence from body to face to stubby to NML in both
hemispheres that is repeated in the same order in posterior, middle,
and anterior IT. This pattern was consistent across animals (Fig. 4c,
d) and confirmed by quantitative analysis of the linear fit between
patch-ordered label and cortical location of patch peak (P <107 for
posterior, middle, and anterior IT, Fig. 4e-g). This strikingly regular
progression suggests the existence of a coarse map of object space
that is repeated at least three times, with increasing view invariance
ateach stage.

These four networks, together with the disparity, scene, and colour
networks, occupy about 53% of IT cortex, so additional networks may
exist. Not all of the networks consisted of exactly three patches; for
example, the stubby and NML networks each contained four patches
(Fig. 4d, see Supplementary Information), and previous work has
suggested that there are six face patches in each hemisphere, with
some individual variability?®. Thus, IT cortex may contain additional
repetitions of the object space map. Furthermore, we emphasize that
our study addresses IT organization at a coarse spatial scale and does
not exclude the possibility of additional organization at finer spatial
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Fig.3|Each network contains a hierarchy of increasingly view-invariant
nodes, andsingle cellsin each node show ramp-shaped tuning.

a, Population similarity matrices in the three patches of the NML network (top),
three patches of the body network (middle) and two patches of the stubby
network (bottom) pooled across monkeys M1and M2. An 88 x 88 matrix of
correlation coefficients was computed fromresponses of cellsin each patch to
88 stimuli (8 views x top 11 preferred objects). b, Responses from three example
cellsrecorded inNML3 (top), the body network (middle) and the stubby

scales (Extended DataFig. 8; see Supplementary Information). Record-
ings from multiple grid holes suggest that each patch spans 3-4 mm
(Extended Data Fig. 8a—d). Although we failed to find clustering at
finer scales within a patch (Extended Data Fig. 8e, f) or clustering for
any dimensions beyond the first two (Extended Data Fig. 8g, h), itis
possible that mapping techniques with higher spatial resolution may
reveal additional substructure within patches.

If the first two dimensions of object space derived from a deep
network are indeed meaningful in terms of brain representation, we
shouldbe able to design novel stimuli to identify the four networks. To
thisend, we generated three new image sets (silhouettes, fake objects,
and deep dream images) with very different properties from those
of the original image set of Fig. 4a. In each case, fMRI revealed four
networks similar to those in Fig. 4c (Extended Data Fig. 6¢c-e).

Explaining previous accounts of IT

The principle that IT cortex is organized according to the first two
axes of object space provides a unified explanation for many previous
observations concerning the functional organization of IT, including
not only the existence of face' and body areas?, but also gradients for
representing animate versus inanimate and small versus large objects™
(Extended Data Fig. 9a, b), a gradient for representing open versus
closed topologies (Extended Data Fig. 9c), the curvature network™
(Extended Data Fig. 9d), and the visual word form area® (Extended
Data Fig. 9¢). Furthermore, within category-selective regions, the
object space model explains activity better than the semantic category
hypothesis? (Extended DataFig.10). Overall, these results demonstrate
the large explanatory power of the object space model.

Reconstructing general objects

We next investigated the richness of the feature space represented
by cells in the four networks that comprise the map of object space.
To quantify the object information available in the map of object
space formed by the four networks, we attempted to decode object
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network (bottom) to 51objects at 24 views. Four different views of the most
preferred object are shown below each response matrix. ¢, Responses of
neuronsrecorded from patchesinthe NML network (top), the body network
(middle) and the stubby network (bottom) as a function of distance along the
preferred axis. The abscissais rescaled so that the range [-1,1] covers 95% of the
stimuli. Half the stimulus trials were used to compute the preferred axis for
eachcell,and held-out datawere used to plot the responses shown.

identity using the responses of cells from these networks. We used
leave-one-object-out cross-validationto learnthe linear transformthat
maps responses to features (Extended Data Fig.11a, b). The explained
variance for each dimension showed that many dimensions are coded
in each network beyond the first two (Extended Data Fig. 11c), allow-
ing a target object to be identified among distractors (Extended Data
Fig.11d-f).

To directly visualize the information about object features that is
carried by neuronsinthese four networks, we attempted toreconstruct
general objects using neural activity. We passed decoded object feature
vectors through agenerative adversarial network trained to invert layer
fcé of AlexNet?. Reconstructions were impressively accurate in details
(Fig. 5a). Figure 5b shows the distribution of normalized reconstruc-
tion distances between the actual and best possible reconstructions
(see Methods). As a second method to recover objects from neural
activity, we searched a large auxiliary object database for the object
with afeature vector closest to that decoded from neural activity. This
method also yielded recovered images that picked up many fine struc-
tural details (Extended Data Fig. 11g). Overall, these results suggest that
the four networks of the IT object space map are sufficientto encodea
reasonably complete representation of general objects, and thus the
number of networks used to solve general object recognition need not
be astronomically high.

Discussion

We have shown that IT contains a coarse map of object space that is
repeated three times, with increasing invariance at each stage. This
map consists of at least four regions that tile object space. This map
parsimoniously accounts for the previously reported face and body
networks, as well as two new networks: the NML network and the stubby
network. Single cellsin each of the four networks use a coding principle
similar to that previously identified for the face network—projection
of incoming objects, formatted as points in object space, onto a pre-
ferred axis. The four networks that comprise the IT object-topic map,
together with the scene, colour, and disparity networks, cover about
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Fig.4|Amap of objectspacerevealed by fMRI. a, Aschematic plot showing
the map of objects generated by the first two PCs of object space. The stimuli
intherectangular boxes were used for mapping the four networks shown
inc,dusing fMRI. b, All the stimuli used in the electrophysiology experiments
(Extended DataFig.2a, b) projected onto the first two dimensions of object
space (grey circles). For each network, the top 100 preferred images are marked
(body network: green, face network: blue, stubby network: magenta, NML
network: orange). Numbersin parenthesesindicate the number of neurons
recorded from each network. ¢, Coronalslices from posterior, middle, and
anterior IT of monkeys M3 and M4 showing the spatial arrangement of the four
networks (maps thresholded at P<1073, uncorrected). Here, the networks were
computed using responses to thestimuliina.d, Asin ¢, showing the four
networks in monkeys M3 and M4 overlaid on aflat map of the left hemisphere.

e, Left, spatial profiles of the four patches along the cortical surface within
posterior IT for data from two hemispheres of four animals. The y-axis shows the
normalized significance level for each comparison of each voxel, and the x-axis
shows the position of the voxel on the cortex (see Methods). Right, anatomical
locations of the peak responses plotted against the sequence of quadrantsin
objectspace.f, g, Asin e for voxels from middle IT (f) and anterior IT (g).

53% of IT. Pooling responses across the four networks enabled rea-
sonable reconstruction of general objects, suggesting that these four
networks provide a basis that spans general object space. By showing
that the modular organization previously thought to be unique to a
few categories may actually extend across a much larger swath of IT,
we provide a powerful new map for experiments that require spatially
specificinterrogation of object representations.

It remains unknown whether borders between the patches are con-
tinuous or discrete®, as fMRI-guided single-unit recording is notideal
for mapping sub-millimetre-scale structure. Iftheborders turn out to
be continuous, this would imply that the entire notion of IT modular-
ity may be an artefact of limited field of view. On the other hand, if the
borders turn out to be discrete, this would suggest that additional
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Fig.5|Reconstructing objects using neuronal responses from the IT
object-topicmap. a, Reconstructions using 482 cells from NML, body, stubby,
and face networks. Example reconstructed images from the three groups
definedinbare shown. Each row (group) of fourimages shows from left to
right:1, the originalimage; 2, the reconstructed image using the fc6 response
patternto the originalimage; 3, the reconstructed image using the fc6
response pattern projected onto the 50D object space; and 4, the
reconstructed image based on neuronal data. b, Distribution of normalized
distances between reconstructed feature vectors and best-possible
reconstructed feature vectors (see Methods).

factors (for example, extensive experience with specific categories®)
may support the formation of uniquely specialized modules of cortex.
The coarse map of object spaceidentified here provides afoundation
for future fine-scale mapping studies to tackle this question.

Thefindingthat neuronsinIT are clustered according to axis similar-
ity resonates with recentapproachesto unsupervised learning of object
representations that seek optimal clustering of datain low-dimensional
embeddings”. It willbe important to understand why IT physically clus-
ters neurons with similar axes—something not currently implemented
indeep networks. One possible reason s that physical clustering may
help to refine object representations through lateral inhibition and
aid object identification in clutter?.

Our results cast the face patch system in a new light. Previously,
it was thought that the face system, with its striking clustering of
face-selective cells, was a unique evolutionary consequence of the
importance of face recognition to primate social behaviour. Here we
show that the face system arises naturally from the statistical structure
of object space. One prediction is that face-deprived animals should
stillshow a network specialized for round objects (for example, clocks,
apples), evenifitis not specialized for faces per se. Selectivity for addi-
tional features may develop with face experience®.

Our hypothesis that IT cortex is organized according to the first
two dimensions of object space makes multiple new predictions. We
have already confirmed several of these, including the existence of
the stubby network (see Supplementary Information). Additional new
predictions are that lesions in any part of IT should lead to agnosias
in specific sectors of object space?, and that other brain regions that
contain face patches may also harbour maps of object space®. Finally,
it will be important to discover whether remaining unaccounted-for
regions of IT can be explained within the same general framework of
amap of object space.
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Any methods, additional references, Nature Research reporting sum-
maries, source data, extended data, supplementary information,
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Methods

Five male rhesus macaques (Macaca mulatta) between 5 and 8 years
old were used in this study. All procedures conformed to local and US
National Institutes of Health guidelines, including the US National
Institutes of Health Guide for Care and Use of Laboratory Animals. All
experiments were performed with the approval of the Caltech Institu-
tional Animal Care and Use Committee.

No statistical methods were used to predetermine sample size. The
experiments were not randomized and investigators were not blinded
to allocation during experiments and outcome assessment.

Visual stimuli

Stimuli for electrophysiology experiments. Three different stimu-
lus sets were used. 1) A set of 51 objects from 6 different categories,
each presented at 24 different views (Extended Data Fig. 2a, b).
Except for face models, other 3D models were downloaded from https://
www.3d66.com. Face 3D models were generated by Facegen (Singular
Inversions) software using random parameters. Theimages at 24 views
for each object were generated using 3dMax (Autodesk) software.
Eachimage was presented for 250 ms interleaved with150 ms of agrey
screen. Eachimage was presented 4-8 times. 2) A set of line segments
that varied along three dimensions: curvature, aspect ratio, and orien-
tation (Extended Data Fig. 2¢). Each image was presented for 150 ms
interleaved with 150 ms of a grey screen. Each image was presented
6-8times. 3) A set of object images consisting of 1,392 different im-
ages downloaded from www.freepngs.com. We alsoincluded 201 face
images from the FEI database (https://fei.edu.br/~cet/facedatabase.
html). Thus there were 1,593 images in total (Extended Data Fig. 2d).
Eachimage was presented for 150 msinterleaved with 150 ms of agrey
screen. Eachimage was presented 4-8 times.

Localizer for NML network. Preferred and non-preferred objects
were identified from electrophysiological responses recorded in
the NML network of monkey M1 (Fig. 2a, top) by computing average,
baseline-subtracted responsesinthe window [60 220] ms after stimu-
lus onset (the baseline was computed from the window [-25 25] ms),
averaging across all 24 views. The localizer contained three types of
block. Block 1 contained images of the five most-preferred objects
each at eight views (0° rotationin the y-zspace, first row in Extended
Data Fig. 2b). Block 2 contained images of the five least-preferred
objects each at eight views. Block 3 contained images of five objects
that belonged to the animal category each at eight views. A block con-
taining phase-scrambled noise patterns preceded each stimulus block
(using the images shown in blocks1-3). To construct phase-scrambled
images, we performed fast Fourier transform (FFT) onimages, added
arandom phase to each frequency component, and then performed
aninverse FFT. During the fMRI experiment, stimuli were presented
in 24-s blocks at an interstimulus interval of 500 ms. In each scan,
the order of the stimulus blocks was fixed as follows: preferred
objects, non-preferred objects, animals, non-preferred objects,
animals, preferred objects, animals, preferred objects, non-preferred
objects. In addition, a block containing phase-scrambled
noise was added at the end of each scan. Each scan lasted 456 s.
Four monkeys were tested with this localizer, and 6-9 scans
were performed for each monkey.

Localizer for body network. The localizer contained eight types
of block, each consisting of 16 images taken from the following
8 categories: monkey bodies, animals, faces, fruits, hands, man-made
objects, houses, and scenes. Stimuli were presented in 24-s blocks at
aninterstimulusinterval of 500 ms. Ineachrun, the eight blocks were
each presented once, interleaved with phase-scrambled noise pat-
terns (computed using images from the eight object blocks). A block
containing phase-scrambled noise was added at the end of each scan.

Each scan lasted 408 s. Four monkeys were tested with this localizer,
and 6-9 scans were performed for each monkey.

Localizer for stubby network. The localizer contained four types of
block, each consisting of 20 images taken from the four quadrants
of object PC1-PC2 space (Fig. 4a). The images were selected from an
image set containing 19,300 background-free object images (http://
www.freepngs.com). The images were passed through AlexNet, and
projected to object PC1-PC2 space built using the original 1,224
images (see ‘Building an object space using a deep network’). Then
20 different images were selected from each of the four quadrants
of object PC1-PC2 space, each with a polar angle roughly centred on
the respective quadrant. The images were presented in 24-s blocks
ataninterstimulus interval of 500 ms. In each run, the four blocks
were each presented twice, interleaved with phase-scrambled noise
patterns (computed using images from the four object blocks). Ablock
containing phase-scrambled noise was added at the end of each scan.
Each scan lasted 408 s. Four monkeys were tested with this localizer,
and 6-18 scans were performed for each monkey.

Localizer for face network. The localizer contained five types of block,
consisting of faces, hands, technological objects, vegetables/fruits, and
bodies. Face blocks were presented in alternation with non-face blocks.
Stimuli were presented in 24-s blocks at an interstimulus interval of
500 ms. In each run, the face block was repeated four times and each
of the non-face blocks was shown once. Blocks of grid-scrambled
noise patterns preceded each stimulus block. A block containing
grid-scrambled noise was added at the end of each scan. Each scan
lasted 408 s. Additional details were as described previously*. Four
monkeys were tested with this localizer, and 5-12 scans were performed
for each monkey.

Localizer for scene network. The localizer contained ten types of
block: five scene blocks and five non-scene blocks. Stimuli were pre-
sentedin24-sblocks ataninterstimulusinterval of 500 ms.Ineachrun,
the ten blocks were each presented once, interleaved with blocks of
grid-scrambled noise. Additional details were as previously described®.
Two monkeys were tested with this localizer, and 8-12 scans were
performed for each monkey.

Localizer for colour network. The localizer contained two types of
block:acolourblock and agrey block. The colour block consisted of an
equiluminant red/green colour grating (2.9 cycles/degree, drifting at
0.75cycles/s), while the grey block consisted of an identical black-white
grating. Stimuli were presented in 24-s blocks, 16 blocks toarun.Each
scan lasted 432 s. Additional details were as previously described®*.
Four monkeys were tested with this localizer, and 8-14 scans were
performed for each monkey.

Localizer for 3D network. The 3D localizer contained two sets of
blocks. One set of blocks contained 3D shapes generated by ran-
dom dot stereograms, including curved shapes such as ripples and
saddles and simple flat shapes such as stars and squares. The other set
ofblocks contained random dots presented at zero disparity. The two
setsof blocks wereinterleaved, and each block lasted 24 s. Theimages
were presented at aninterstimulusinterval of 500 ms. Eachscan lasted
600 s. Monkeys viewed the stimuli through red-green glasses. Four
monkeys were tested with thislocalizer, and 5-12 scans were performed
for each monkey.

Silhouette experiment. The localizer contained four types of block,
each consisting of 20 images taken from the four quadrants of object
PC1-PC2space (Extended DataFig. 6¢). Theimages were selected from
animage set containing 19,300 background-free objectimages (images
from http://www.freepngs.com). The images were first binarized by
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setting any pixel that belonged to the object to 0 and any pixel that
did not belong to the object to 1. Images were then passed through
AlexNet and projected to object PC1-PC2 space built using the original
1,224 images (see ‘Building an object space using a deep network’).
Then, 20 differentimages were selected from each of the four quadrants
of object PC1-PC2 space. The images were presented in 24-s blocks
atan interstimulus interval of 500 ms. In each run, the four blocks
were each presented twice, interleaved with blocks only showing a
background with fixation point. A block containing a background
with fixation point wasadded at the end of each scan. Each scan lasted
408s. Three monkeys were tested with this localizer, and 12-24 scans
were performed for each monkey.

Fake object experiment. The experiment was largely identical to the
silhouette experiment, but with different stimuli. We used a deep GAN*
togenerate ‘fake object’images (Extended Data Fig. 6d). The GAN was
trained to generateimages using response patternsin AlexNet layer fcé.
Togenerate fake objects, we first passed animage set containing 19,300
real objectimages through Alexnet; for each objectimage, a4,096-unit
response pattern for layer fc6 was generated. We randomly selected
pairs of different patterns, and evenly and randomly recombined these
pairsinto new patterns®, Each new pattern was passed into the GAN to
generate one fake object image. Twenty thousand new ‘fake objects’
were generated, and four groups of stimuli (twenty images per group)
wereselected from this set on the basis of their projection onto PC1-PC2
space. Three monkeys were tested with this localizer,and 10-32 scans
were performed for each monkey.

Deep dream experiment. The experiment was largely identical to the
silhouette experiment, but with different stimuli. We used deep dream
techniques (Matlab 2017b, Deep Learning Toolbox, deepdreamIm-
age function) to generate images projecting strongly onto the four
quadrants of object space. Instead of performing gradient ascent
on activity of a single fcé6 unit, four groups of images were generated
through gradient ascent on activation of four fictive units (PC1+PC2,
PC1-PC2,-PC1-PC2,-PC1+PC2),correspondingto linear weighted
sums of fcé units (Extended Data Fig. 6e). For each fictive unit, 20 dif-
ferentimages were generated after 100 iterations of gradient ascent,
starting with different Gaussian noise patterns. We further confirmed
that the images projected to extreme coordinatesin PC1-PC2 space by
passing the images through AlexNet and projecting the resulting fcé6
response pattern onto PC1-PC2 space. Three monkeys were tested
with this localizer, and 12-22 scans were performed for each monkey.

fMRI scanning and analysis

Five male rhesus macaques were trained to maintain fixation ona small
spot for ajuice reward. Eye position was monitored using an infrared
camera (ISCAN) sampled at 120 Hz. Monkeys were scannedina 3T TIM
(Siemens, Munich, Germany) magnet equipped with AC88 gradient
insert while passively viewing images on a screen. Feraheme contrast
agent was injected to improve the signal/noise ratio for functional
scans. A single-loop coil was used for structural scans at isotropic
0.5 mmpresolution. A custom eight-channel coil was used for functional
scansatisotropiclmm resolution. Further details about the scanning
protocol were as described previously®.

MRI data analysis. Surface reconstruction based on anatomical
volumes was performed using FreeSurfer® after skull stripping using
FSL’s Brain Extraction Tool (University of Oxford). After applying these
tools, segmentation was further refined manually.

Analysis of functional volumes was performed using the FreeSurfer
Functional Analysis Stream®. Volumes were corrected for motionand
undistorted based on acquired field map. The resulting datawere ana-
lysed using a standard general linear model. For the scene contrast,
the average of all scene blocks was compared to the average of all

non-scene blocks. For the face contrast, the average of all face blocks
was compared to the average of all non-face blocks. For the colour
contrast, the colour block was compared to the non-colour blocks. For
thebody contrast, monkey body and animal blocks were compared to
all other blocks. For the stubby contrast, the stubby, inanimate object
block was compared to three other blocks. For the 3D contrast, the 3D
shape blocks were compared to zero disparity blocks. For the micro-
stimulation contrast, blocks with concomitant electrical stimulation
were compared to blocks without stimulation. All the contrasts were
performed withanon-paired two-sided ¢-test. Pvalue was not adjusted
for multiple comparisons.

To determine the area of TE and TEO in each subject, we first
co-registered the MRI volume for each subject to a monkey atlas:.
Then each subject’s TE and TEO were defined using the atlas.

To quantify the reproducibility of patch progression on the cortical
surface, we plotted significance values for the four stimulus com-
parisons defining the four networks in Fig. 4c along three pathsin
posterior, middle, and anterior IT tracing the centre of the grey matter,
spanning the following ranges: 1) lower bank of STS and inferotemporal
gyrusat AP position 3;2) lower bank of STS and inferotemporal gyrus
at AP position 13; 3) antero-dorsal (TEad) and antero-ventral (TEav)
partsofarea TE at AP position18. Non-significant responses (P>107)
were set to 0.

Microstimulation

The stimulation protocol followed a block design. We interleaved
nine blocks of fixation-only with eight blocks of fixation plus elec-
trical microstimulation; we started and ended with a block without
microstimulation. Each block lasted 32 s. During microstimulation
blocks we applied one pulse train per second, lasting 200 ms with
a pulse frequency of 300 Hz. Bipolar current pulses were charge
balanced, with a phase duration of 300 ps and a distance between
the two phases of 150 ps. We used a current amplitude of 300 pA.
Stimulation pulses were delivered using acomputer-triggered pulse
generator (S88X; Grass Technologies) connected to astimulusisolator
(A365, World Precision Instruments). All stimulus generation equip-
ment was stored in the scanner control room; the coaxial cable was
passed through a wave guide into the scanner room. We obtained
30 scans for monkey M1.

Single-unit recording

Tungsten electrodes (1-20 MQ at 1 kHz, FHC) were back-loaded into
plastic guide tubes. The guide tube length was set to reach approxi-
mately 3-5 mm below the dura surface. The electrode was advanced
slowly using a manual advancer (Narishige Scientific Instrument,
Tokyo,Japan). Neural signals were amplified and extracellular action
potentials wereisolated using the box method inan on-line spike sort-
ing system (Plexon, Dallas, TX, USA). Spikes were sampled at 40 kHz.
All spike data were re-sorted using off-line spike sorting clustering
algorithms (Plexon). We recorded data from every neuron encoun-
tered. Only well-isolated units were considered for further analysis;
otherwise, every neuron was included for analysis. Electrodes were
lowered through custom angled grids that allowed us to reach the
desired targets; custom software was used to design the grids and plan
the electrode trajectories®.

Behavioural task

Monkeys were head fixed and passively viewed the screen in a dark
Wisconsin box. Stimuli for electrophysiology were presented on a
CRT monitor (DELL P1130). The screen size covered 27.7 x 36.9 visual
degrees and stimulus size spanned 5.7°. The fixation spot size was 0.2°
in diameter. Images were presented in random order using custom
software. Eye position was monitored using an infrared eye tracking
system (ISCAN). Juice reward was delivered every 2-4 s if fixation was
properly maintained.



Data analysis

Computing view-identity similarity matrices. For each network,
we first identified the 11 most-preferred objects by computing aver-
age, baseline-subtracted responses in the window [60 220] ms after
stimulus onset (the baseline was computed from the window [-25 25]
ms), averaging across all 24 views. We then used responses to these
11 most-preferred objects at 24 views (264 imagesin total) for the analy-
sis. A 264 x 264 similarity matrix of Pearson’s correlation coefficients
was computed between the population response vector from each
patchtoeachofthe 264 stimuli. Owing to size limitations, only the first
88 x 88 (first 8 views) are shown in Fig. 3a. To compute view-invariant
identity selectivity as a function of time (Extended Data Fig. 3f), at
each time point ¢t between 0 and 400 ms following stimulus onset, in
increments of 50 ms, a similarity matrix was computed from mean
responses between ¢ - 25 and ¢ + 25 ms. We then calculated a ‘same
object correlation value’ asthe average of correlation values between
the same object across different views (solid traces in Extended Data
Fig. 3f), and a ‘different object correlation value’ as the average of
correlation values between different objects across same and different
views (dashed traces in Extended Data Fig. 3f).

Building an object space using a deep network. The stimulus set
consisting of 51 objects at 24 different views (1,224 images) was fed
into the pre-trained network AlexNet®. Then the responses of 4,096
nodes in layer fc6 were extracted to form a 1,224 x 4,096 matrix. PCA
was performed on this matrix, yielding 1,223 PCs, each of length 4,096.
To further reduce the dimensionality of the object space, we retained
only the first 50 PCs, which captured 85% of the response variance
across AlexNet fc6 units. The first two dimensions accounted for 27%
of the response variance across AlexNet fc6 units.

Totest the robustness of object PC1-PC2 space to the particular set
of1,224 images used to build it (Extended Data Fig. 4d, e), over multi-
pleiterations we randomly picked 1,224 images from a new database
(http://www.freepng.com) containing 19,300 background-free object
images. The 1,224 images were fed into Alexnet, and we followed the
same procedure to build a new object space, which we call PC1’-PC2’
space. The original 1,224 images were passed through Alexnet, and
the vector of fc6 unit activations was projected onto both PC1-PC2
space and PC1’-PC2’ space. Thus we have a set of 1,224 coordinates
inboth PC1-PC2 space and PC1’-PC2’ space. We then determined the
best affine transform of PC1’-PC2’ space so that the coordinates of the
1,224 images in the two spaces would have minimum distance using
linear regression.
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where (x;; X;,) is the coordinate of image i in PC1-PC2 space, and
(x’; 1 X’; p) isthe coordinate of image i in PC1’-PC2’ space. After match-
ing, we calculated the Pearson’s correlation rbetween PCland affined
transformed PC1’, and PC2 and affine transformed PC2’. We used a
similar procedure to test the robustness of object PC1-PC2 space to
the particular network used to compute it (Extended Data Fig. 4i).

Quantifying the aspect ratio of objects. The aspect ratio of an object
(Extended Data Fig. 3g) was defined as a function of perimeter Pand
areaA:

2
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Pwas measured by the number of pixels lying on the objectimage’s
boundary, and was computed using the Matlab bwboundaries function.

The area was measured by the number of pixels that belonged to the
object, and was computed using the Matlab regionsprops function.

Computing the preferred axis of an IT cell. The number of spikesina
time window of 60-220 ms after stimulus onset was counted for each
stimulus. To estimate the preferred axis, we used linear regression to
compute the coefficients c in the equation R = ¢-F + ¢, where Ris the
response vector of the cell to the set of images, F is the matrix of 50D
object feature vectors for the set ofimages, and ¢, is a constant offset.
Using this definition of preferred axis, cells will necessarily show an
increasing firing rate for increasing value of projection onto the pre-
ferred axis. To generate Fig. 3¢, we randomly picked half the stimulus
trials to compute the preferred axis for each cell, and then used the
held-out data to plot the responses shown.

Computing tuning along dimensions orthogonal to the preferred
axis. To compute tuning along orthogonal dimensions (Extended Data
Fig.5e, black traces), for each neuron we first computed the preferred
axis. There are 49 dimensions spanning the subspace orthogonal to this
preferred axis. To find the longest orthogonal axis in this 49D subspace,
we first represented each of the 1,224 images in our stimulus set as a
50D vector in object space, and subtracted the preferred axis of the
cellfromeach of theseimage feature vectors, to obtain aset of feature
vectors lying in the 49D orthogonal subspace. We performed PCA on
this set of 1,224 vectors, and picked the top PC. This PC represents the
axis orthogonal to the preferred axis of the cell that captures the largest
variationintheimages. For eachcell, the tuning curve of the cell along
this axis was computed.

Quantifying consistency of a cell’s preferred axis. The consistency
ofthe preferred axis of each cell (Extended Data Fig. 5a) was measured
as follows: in each iteration, the whole image set (1,224 images) was
randomly split into two subsets of 612 images, and a preferred axis
was calculated using the responses to each subset. Then the Pearson
correlation (r) was calculated between the two. This was repeated
100 times, and the consistency of preferred axis for the cell was defined
asthe average rvalue across 100 iterations.

Quantifying explained variance along an object dimension. In Ex-
tended Data Fig. 11b, ¢, the explained variance R* was determined by
the difference between the reconstructed feature value y’;and thereal
object feature value y;:
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Quantifying explained variance in single neuron firing rate and
model comparison. In Extended Data Fig. 5b-d, to compute explained
variance we first fit responses to a set of 1,593 objects (Extended Data
Fig. 2d) using the axis model and then tested it on responses to a dif-
ferent set of 100 objects. To obtain high signal quality, the 100 objects
were repeated 15-30 times. In Extended Data Fig. 5¢, d, we compared
three different models: (1) the axis model, which assumed the
50D features are combined linearly; (2) a Gaussian model, defined
as R=ael"xx0’/0° ; and (3) a quadratic model, defined as R =
a(x—xX,)*+b(x - X,) + c. The percentage of explainable variance in re-
sponses to 100 objects explained by each model was used to quantify
the quality of fit. In Extended Data Fig. 5b, for each cell the explained
variance R*was determined by the difference between the predicted
responsesr’;and real observed responses to 100 testimages r;:
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For calculating the upper bound of explained variance (y-axis values
inExtended Data Fig. 5b), different trials of responses to the stimuli were
randomly splitinto two halves. The Pearson correlation (r) between the
average responses from two half-splits across images was calculated
and corrected using the Spearman-Brown correction:

e 2r
1+r

Thesquare of  was considered as the upper bound of the explained
variance.

k-means cluster analysis. To determine whether neuronsin the same
network are grouped as acluster based on their preferred axes, we ap-
plied k-means analysis on the entire population of neurons recorded
inthe four networks (Extended Data Fig. 8g, h). The distance between
each pair of neurons was calculated as the Pearson’s correlation be-
tween preferred axes of the neurons in the 50D space. To determine
the optimal number of clusters, we calculated the Calinski-Harabasz
value (CH) for different numbers of clusters (k).

B(k) x (n- k)
CHO= 0w < (k-1

B(k) is the between-cluster variation, w(k) is the within-cluster vari-
ation, nis the number of neurons, and k is the cluster number. The
larger the value of CH, the better the cluster model is. To check whether
clusters exist beyond the first two PCs, k-means analysis was performed
by defining the distance between a pair of neurons as the correlation
in preferred axes in 48 dimensions after removing the first two PCsin
the original 50D object space.

Decoding analysis. We found that cells in each IT network were
performing linear projection onto specific preferred axes (Fig. 3c,
Extended Data Fig. 5a, e) and could be well modelled by the equation
R =cf+c,, whereRis the vector of responses of different neurons,
cis the matrix of weighting coefficients for different neurons, fis the
vector of feature values in the object space, and ¢, is the offset vector.
This suggests that by simply inverting this equation, we should be able
to decode the vector of feature values in the object space from the IT
response vector: f=R-c’+c¢,’. We first used responses to all but one of
the objects (1,224 - 24 =1,200 images) to fit ¢’and c¢,’. Then the linear
model was applied to responses to the remaining object for each of
the 24 views to compute the predicted feature vector (Fig. 5, Extended
DataFig.11).

To quantify overall decoding accuracy (Extended Data Fig. 11d-f),
we randomly selected a subset of N object images from the set of
1,224 images and compared their actual object feature vectors to the
reconstructed feature vector for one image (‘target’) in the set of 1,224
using Euclidean distance. If the object feature vector with the small-
est distance to the reconstructed object feature vector portrays the
actual target, the decoding is considered correct. We repeated the
procedure 100 times for each of the 1,224 object images to estimate
decodingaccuracy.

Object reconstruction. To reconstruct objects from neural activity
(Fig. 5), we used a pre-trained GAN?*, For each image, a 50D object
feature vector was reconstructed from neural activity elicited by that
image; then the resulting 50D feature vector was transformed back into
anfcé layer pattern using the Moore-Penrose pseudoinverse. Finally, we
passed this fc6 response patternto the generative network to generate
reconstructed images. Since the generative network cannot perfectly
reconstructimages from AlexNet fc6 layer responses, for comparison
wealso reconstructed eachimage using (1) its original fc6 response pat-
ternand (2) the original fc6 response pattern projected onto the 50D

object space; the latter constitutes the best possible reconstruction.
We computed a ‘normalized distance’ to quantify the reconstruction
accuracy for each object:

|fC6 recon fC60riginal|

Normalized distance= ,
fC6best possible recon fC6originaI‘

Wherefcé6,..,isthe fc6 response patternto the reconstruction obtained
using neural data, fc6,,,,, is the fc6 response pattern to the original
image shown to the monkey and f€6,. yossibie recon 1S the fcé response
patternto the best possible reconstruction.

As an alternative to directly reconstructing images using a GAN,
we recovered images using an auxiliary database (Extended Data
Fig.11g, h). We passed animage set containing 18,700 background-free
object images (http://www.freepngs.com) and 600 face images (FEI
database), none of which had been shown to the monkey, through
AlexNet, and projected these images to the object space computed
using our original stimulus set of 1,224 images. For each image, the
object feature vector reconstructed from neural activity was compared
with object feature vectors for images from the new image set. The
image inthe newimage set with the smallest Euclidean distance to the
reconstructed object feature vector was considered as the ‘reconstruc-
tion’ of this object feature vector.

To take into account the fact that the object images used for recon-
structiondid notinclude any of the objectimages shown to the monkey,
setting a limit on how good the reconstruction can be, we computed a
‘normalized distance’ to quantify the reconstruction accuracy for each
object. We defined the normalized reconstruction distance foranimage as

‘Vrecon - Voriginal‘

Normalized distance=

’

‘Vbest possible recon Voriginal

where v, is the feature vector reconstructed from neuronal
resSponSses, Vo iqinal is the feature vector of the image presented to the
monkey, and Vi possivlerecon 1S the feature vector of the best possible
reconstruction. A normalized distance of one means that the recon-
struction has found the best solution possible.

Object specialization index computation. To quantify whether a par-
ticular objectisbetter represented by a particular network compared
toother networks (Extended Data Fig. 11i), for each of 1,224 objects and
each of three networks (body, NML, stubby), we computed aspecializa-
tion index Sl; that measures how much better decoding accuracy for
objecticomputed from activity in networkjis compared to decoding
accuracy for object i computed across all other networks using the
same number of neurons:

l,_ - DA[J_ DAi,.,j
Yy DA[J"’DA,-”J"

where DA is the decoding accuracy for object i computed using N
random neurons from networkj, and DA, ;is the decoding accuracy for
object i computed using Nrandom neurons from all networks except
J-Slquantifies how specialized networkj is for representing object i.

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this paper.

Data availability

The data that support the findings of this study are available from the
lead corresponding author (D.Y.T.) upon reasonable request.
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355

NML2.b, Time courses of microstimulation (black) together with fMRI

Extended DataFig.1| Time courses from NML1-3 during microstimulation
response (red) from each of the three patches of the NML network.

of NML2. a, Sagittal (top) and coronal (bottom) slices showing activationin
response to microstimulation of NML2. Dark track shows electrode targeting
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Extended DataFig. 3| Additional neuronal response properties from
different patches. al, Average responses to 51 objects across all cells from
patchNML2 plotted against those from patchNMLI1. Theresponse toeach
object was defined as the average response across 24 views and across all cells
recorded fromagiven patch.bl, Asin alfor NML3 against NML2. c1, Asinalfor
NML3 against NML1.a2,b2, c2,Asinal, bl, c1for three patches of the body
network. a3, Asin alfor Stubby3 against Stubby2.d, Similarity matrix showing
the Pearson correlation values (r) between the average responses to 51 objects
from 9 patches across 4 networks. e, Left, cumulative distributions of view-
invariantidentity correlations for cellsin the three patches of the NML
network. Right, as onleft for cellsin the three patches of the body network. For
eachcell, the view-invariantidentity correlation was computed as the average
acrossall pairs of views of the correlation between response vectors to the
Slobjectsatapairofdistinct views. The distribution of view-invariant identity
correlations was significantly different between NML1and NML2 (two-tailed
t-test, P<0.005, t(118) =2.96), NML2 and NML3 (two-tailed t-test, P<0.005,

t(169) =2.9), Bodyland Body2 (two-tailed t-test, P<0.0001, ¢(131) = 6.4), and
Body2 and Body3 (two-tailed t-test, P<0.05, t(126) =2.04).*P< 0.05,**P< 0.01.
f1, Time course of view-invariant object identity selectivity for the three
patchesinthe NML network, computed using responses to11objects at 24
views and a50-mssliding response window (solid lines). As a control, time
courses of correlations between responses to different objects across different
views were also computed (dashed lines) (see Methods). f2, Asin f1for body
network.f3, Asin f1forstubby network.g, Top, average responses to each
image acrossall cellsrecorded from each patch plotted against the logarithm
ofaspectratioofthe objectin eachimage (see Methods). Pearson rvalues are
indicatedin each plot (all P<107°). The rightmost column shows results with
cellsfromallthree patches grouped together. Bottom, As on top, with
responsestoeachobjectaveraged across 24 views, and associated aspect
ratios also averaged. The rightmost column shows results with cells from all
three patches groupedtogether.
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Extended DataFig. 4 |See next page for caption.



Extended DataFig. 4 |Building anobject space using adeep network.
a,Adiagramillustrating the structure of AlexNet®. Five convolution layers are
followed by three fully connected layers. The number of unitsin eachlayer is
indicated below eachlayer.b, Images with extreme values (highest: red, lowest:
blue) of PCl1and PC2. ¢, The cumulative explained variance of responses of
unitsinfc6 by 100 PCs; 50 dimensions explain 85% of variance.d, Imagesinthe
1,593-image set with extreme values (highest: red, lowest: blue) of PCland PC2
builtusing the 1,593 image set after affine transform (see Methods). Preferred
features are generally consistent with those computed using the originalimage
setshowninb. However, PC2 nolonger clearly corresponds to an animate-
inanimate axis; instead, it corresponds to curved versus rectilinear shapes.

e, Distributions showing the canonical correlation value between the first two
PCsobtained by the1,224-image set and the first two PCs built by other sets of
images (1,224 randomly selected non-background objectimages, left: PC1,
right: PC2; see Methods for details). The red trianglesindicate the arithmetic
mean of the distributions. f, We passed 19,300 objectimages through AlexNet
and built PC1-PC2 space using PCA. Then we projected 1,224 images onto this

PC1-PC2space. The top 100 images for each network are indicated by coloured
dots (compareFig. 4b).g, Decodingaccuracy for 40 images using object spaces
built by responses of different layers of AlexNet (computed asin Extended Data
Fig.11d). There are multiple points for each layer because we performed PCA
before and after pooling, activation, and normalization functions. Layer fc6
showed the highest decoding accuracy, motivating our use of the object space
generated by thislayer throughout the paper. h, TocompareIT clustering
determined by AlexNet with that by other deep network architectures, we first
identified the layer of each network that gave the best decoding accuracy, asin
g.Thebar plotshows decodingaccuracy for 40 imagesin the 9 different
networks using the best-performing layer for each network. i, Canonical
correlation values between the first two PCs obtained by Alexnet and first two
PCsbuilt by eight other deep-learning networks (labelled 2-9). The layer of
eachnetwork thatyielded the highest decoding accuracy for 40 images was
used for this analysis. The name of each network and layer canbe foundinj.
j,AsinFig.4busingPCland PC2 computed from eight other networks.
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Extended DataFig.5|Neuronsacross IT performaxis coding. al, The
distribution of consistency of preferred axis for cellsin the NML network
(seeMethods). a2, Asinalfor the body network.a3, Asin alfor the stubby
network. b, Different trials of responses to the stimuli were randomly splitinto
two halves, and the average response across half of the trials was used to
predictthat of the other half. Percentage variances explained, after Spearman-
Brown correction (mean 87.8%), are plotted against that of the axis model
(mean 49.1%). Mean explainable variance for 29 cells was 55.9%. c, Percentage
variances explained by a Gaussian model plotted against that of the axis model.
d, Percentage variances explained by a quadratic model plotted against that of

the axismodel. Inspection of coefficients of the quadratic model revealed a
negligible quadratic term (mean ratio of 2nd-order coefficients/1st-order
coefficient, 0.028).el, Top, red line shows the average modulationalong the
preferred axisacross the population of NML1cells. The grey lines show, for
eachcellin NMLI, the modulation along the single axis orthogonal to the
preferred axisinthe 50D object space that accounts for the most variability.
Thebluelineanderror barsrepresentthe mean ands.d. of thegrey lines.
Middle, bottom, analogous plots for NML2 and NML3, respectively. €2, Asinel
forthethreebody patches. e3, Asin el for the two stubby patches.
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Extended DataFig. 6 |See next page for caption.
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Extended DataFig. 6 | Similar functional organizationis observedusinga
differentstimulusset. a, Projection of preferred axes onto PC1versus PC2 for
allneuronsrecorded using two different stimulus sets (left, 1,593 images from
freepngsimage set; right, the original 1,224 images consisting of 51 objects x 24
views). The PC1-PC2 space for both plots was computed using the 1,224 images.
Different colours encode neurons fromdifferent networks. b, Top 21 preferred
stimulibased on average responses from the neuronsrecorded inthree
networks to the two differentimage sets. cl1, Four classes of silhouette images
that project strongly onto the four quadrants of object space. c2, Coronalslices
from posterior, middle, and anterior IT of monkeys M2 and M3 showing the

spatial arrangement of the four networks revealed using the silhouette images
inclinanexperimentanalogousto thatinFig.4a.dl1, Four classes of ‘fake
object’images that project strongly onto the four quadrants of object space.
Note that fake objects that project onto the face quadrant nolonger resemble
real faces.d2, Asin c2 with fake objectimages from d1. el, Four example stimuli
generated by deep dream techniques that project strongly onto the four
quadrants of objectspace. e2,Asinc2with deep dreamimages fromel. The
resultsinc-esupporttheideathatITis organized accordingto the first two
axes of object space rather than low-level features, semantic meaning, orimage
organization.



Article

Posterior Middle Anterior
No Man'’s Land
5 5 5
0 0 0

B 32 64 0 32 64 0 32 64

Body

Posterior Middle Anterior
Stubby

5 5 5

0 0 0
Q
(@)]
C
G -5 -5 -
S 0 32 64 0 32 64 0 32 64
@
k=) Face
w
(=]
S 5 5 5

0 0 0

> 32 64 0 32 64 0 32 64

Time (sec)

Y 32 6 0 32 64 0 32 64
Time (sec)

Extended DataFig.7|Response time courses from the four IT networks spanning object space. Time courses were averaged across two monkeys. To avoid
selectionbias, odd runs were used toidentity regions of interest, and even runs were used to compute average time courses from these regions.



a b c d
Stubby2 Site 1 (n = 6) Stubby3 Site 1 (n = 26)
] Ll | N O i =R
- Ir,  a® [ H =L
Site 2 (n = 9) + 4 : E
e ti"' o E ' 1
iw i 1 F] 3 v.6 . i .
Site 3 (n =3) | e Site 2 (n = 23)
- L Tﬂ\ - - w .-J — > o (] 2
I I I N I G ol Y5 ' 1"1!. e
— v VN T ' e T .
Animal Vehicle Face Veg house Object > g Ten
9 ] o1 8 T o .l!"- 1
: "y L I'h B
W E
-1o6
] z
e Stubby2 . g!te; f Stubby3 e Sitel
2 * Site 2 o Site2
o Site3
0@ { ]
i <. )
\.'o LS Y
o~ 2 ~N 8
Q0 Q0 ()
-1 -1
-2 -2
-2 -1 0 1 2 -2 -1 0 1 2
PC1 PC1
Color represents the network Color represents the cluster The optimal cluster number
g1 3
o Body (190) c 600
o+ Face(10) 2
in e Stubby (67) 9
L . NML (216) ¢ o T 550 |
e ° % 1
i
9 @ 500 1
= © 1
= I |
kel X
2 f 450 |
S |
1
4000 4 8 12 16 20
Cluster number
3
§ c 450
O ]
% E 400
Q % 350
£ @ 300
S ©
© T 250
? e~
£ 200
$;
150

0 4 8 12 16 20
Cluster number

Extended DataFig. 8|See next page for caption.
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Extended DataFig. 8| Searching for substructure within patches. a, Axial
view of the Stubby2 patch, together with projections of three recordingsites.
b, Meanresponses to 51objects from neurons grouped by recording sites
shownina (same format as Fig. 2a (top)). ¢, Axial view of the Stubby3 patch,
together with projections of two recording sites.d, Mean responses to
S51objects fromneurons grouped by recording sites shownin c. e, Projection of
preferred axis onto PC1-PC2 space for neurons recorded from different sites
within the Stubby2 patch. Thereis no clear separation between neurons from
thethreesitesin PC1I-PC2space. The grey dots representall other neurons
acrossthe four networks. f, Asinefor cellsrecorded from twositesinthe
Stubby3 patch. gl, Projection of preferred axes onto PC1-PC2 space for all
recorded neurons. Different colours encode neurons from different networks.
g2,Asingl, butthecolourrepresentsthe cluster towhich the neuronsbelong.
Clusters were determined by k-means analysis, with the number of clusters set
to four, and the distance between neurons defined by the correlation between

preferred axesinthe 50D object space (see Methods). Comparison of gland g2
reveals highly similarity between the anatomical clustering of IT networks and
the functional clustering determined by k-means analysis. g3, Calinski-
Harabaszcriterion values were plotted against the number of clusters for k-
means analysis performed with different numbers of clusters (see Methods).
The optimal cluster number is four. h1, Asin gl for projection of preferred axes
ontoPC3versusPC4.h2,Asinhl, butthe colourrepresentsthe cluster towhich
the neurons belong. Clusters were determined by k-means analysis, with the
number of clusters set to four, and the distance between neurons defined by
thecorrelationbetween preferred axesinthe 48D object space obtained by
removing the first two dimensions. The difference between hland h2 suggests
that thereis noanatomical clustering for dimensions beyond the first two PCs.
h3, Asing3, with k-means analysisin the 48D object space. By the Calinski-
Harabasz criterion, there is no functional clustering for higher dimensions
beyond thefirst two.
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Extended DataFig.9|The object space model parsimoniously explains
previousaccounts of IT organization. al, The objectimages usedinref.* are
projected onto PC1-PC2 space (computed asin Fig. 4b, by first passing each
image through AlexNet). A clear gradient from big (red) to small (blue) objects
isseen.a2, Asinal, for theinanimate objects (big and small) used in ref. *°,

a3, Asinal, for the original objectimages usedinref.*. a4, Asinal, for the
texformimages used inref.*. b2-4, Projection of animate and inanimate
images fromoriginal objectimages (b2, b3) and texforms (b4). c, Left,
coloured dots depict projection of stimuli from the four conditions usedin
ref.?. Right, example stimuli (blue, small object-like; cyan, large object-like;

red, landscape-like; magenta, cave-like). d, Left, grey dots depict 1,224 stimuli
projected onto object PC1-PC2 space; coloured dots depict projection of
stimuli from the four blocks of the curvature localizer used inref. " Right,
example stimuli from the four blocks of the curvature localizer (blue, real-
world round shapes; cyan, computer-generated 3D sphere arrays; red, real-
worldrectilinear shapes; magenta, computer-generated 3D pyramid arrays).
e, Images of English and Chinese words are projected onto object PC1-PC2
space (black diamonds), superimposed on the plot from Fig.4b. They are
groupedintoasmallregion, consistent with their modular representation by
the visual word formarea.
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Extended DataFig.10|Object space dimensions areabetter descriptor of
responseselectivity inthe body patch thancategorylabels. a, Four classes
of stimuli: 1, body stimuli that project strongly onto the body quadrant of
objectspace (brightred); 2, body stimuli that project weakly onto the body
quadrant of object space (darkred); 3, non-body stimuli that project equally
strongly asgroup 2 onto the body quadrant of object space (dark blue); and 4,
non-body stimuli that project negatively onto the body quadrant of object
space (brightblue). b, Predicted response of the body patch to eachimage from

the four stimulus conditionsina, computed by projecting the object space
representation of eachimage onto the preferred axis of the body patch
(determined from the average response ofbody patchneuronstothe1,224
stimuli). ¢, Left, f/MRIresponse time course from the body patchesto the

four stimulus conditionsin a. Centre, mean normalized single-unit responses
fromneuronsin Bodyl patch to the four stimulus conditions. Right, mean local
field potential from Bodyl patch to the four stimulus conditions. Shading
representss.e.
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Extended DataFig.11|See next page for caption.
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Extended DataFig.11|Object decoding and recovery ofimages by
searching alarge auxiliary object database. a, Schematicillustrating the
decoding model. To construct and test the model, we used responses of m
recorded cells to nimages. Population responses toimages fromall but one
object were used to determine the transformation from responses to feature
values by linear regression, and then the feature values of the remaining object
were predicted (for each of 24 views). b, Model predictions plotted against
actualfeature values for the first PC of object space. ¢, Percentage explained
variances for all 50 dimensions using linear regression based on the responses
of four neural populations: 215 NML cells (yellow); 190 body cells (green);

67 stubby cells (magenta); 482 combined cells (black).d, Decoding accuracy as
afunction of the number of objectimages randomly drawn from the stimulus
set for the same four neural populationsasin c. Dashed line indicates chance
performance. e, Decodingaccuracy for 40 images plotted against different
numbers of cellsrandomly drawn from same four populationsasinc.

f, Decodingaccuracy for 40 images plotted as afunction of the numbers of PCs
used to parametrize objectimages. g, Example reconstructed images from
thethreegroupsdefinedinh.Ineach pair, the originalimage isshownonthe
left,and image reconstructed using neural dataareshownontheright.

h, Distribution of normalized distances between predicted and reconstructed
feature vectors. The normalized distance takes account of the fact that the
objectimages used for reconstruction did notinclude any of the objectimages
shown to the monkey, setting alimit on how good the reconstructioncanbe
(see Methods). Anormalized distance of one means that the reconstruction has
found the best solution possible. Images were sorted into three groups on the
basis of normalized distance. i, Distribution of specializationindices Sl;across
objects for the NML (left), body (centre) and stubby (right) networks

(see Methods and Supplementary Information). Example objects for each
network with Sl;=1are shown. Red bars, objects with SI; significantly greater
than O (two-tailed t-test, P<0.01).
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Life sciences study design
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Sample size Sample sizes were chosen in a manner commensurate with similar previous studies.

Data exclusions  We recorded single-unit data from every neuron encountered. Only well-isolated units were considered for further analysis; otherwise, every
neuron was included for analysis.

Replication Results were replicated across animals for each experiment.
Randomization  The stimuli were shown in a random order.

Blinding Investigators were not blinded to experimental groups due to the nature of the experiments.
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Animals and other organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research

Laboratory animals Five male rhesus macaques (Macaca mulatta) of 5-8 years old were used in this study

Wild animals The study did not involve wild animals.

Field-collected samples The study did not involve field-collected samples.

Ethics oversight All procedures conformed to local and US National Institutes of Health guidelines, including the US National Institutes of Health

Guide for Care and Use of Laboratory Animals. All experiments were performed with the approval of the Caltech Institutional
Animal Care and Use Committee.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Magnetic resonance imaging

Experimental design

Design type Block design
Design specifications During the fMRI experiment, stimuli were presented in 24 s blocks at an interstimulus interval of 500 ms

Behavioral performance measures Monkey's eye position was monitored using an infrared eye tracking system (ISCAN). Juice reward was delivered every
2-4 s if fixation was properly maintained (within a 3.4 degree square window).
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Acquisition

Imaging type(s) Functional and anatomical imaging
Field strength 3 Tesla
Sequence & imaging parameters T1-weighted anatomical volumes were measured with MP-RAGE sequence( TR 2,300 ms; IR 1,100 ms; TE 3.37 ms; 0.5

mm isotropic voxels) . EPl volumes were acquired in an AC88 gradient insert (Siemens) TR was 2000 ms,TE was 17 ms,
voxels were 1 x 1 x 1 mm with an no gap between slices. Matrix size was (96, 96, 64) (read [x], phase [y], slice [z]), the
field of view was 96 x 96 mm in-plane. Flip angle was 80°.

Area of acquisition Whole brain
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Preprocessing software Surface reconstruction based on anatomical volumes was performed using FreeSurfer (Massachusetts General Hospital)
after skull stripping using FSL’s Brain Extraction Tool (University of Oxford). After applying these tools, segmentation was
further refined manually.Analysis of functional volumes was performed using the FreeSurfer Functional Analysis Stream
(Massachusetts General Hospital). Volumes were corrected for motion and undistorted based on acquired field map.

Normalization To concatenate different scans, each voxel's responses were percentage transformed with 0 mean value
Normalization template We did not normalize any imaging data into template. All the analysis were done in the single subject's original space.
Noise and artifact removal We remove the linear or quadratic trends in the timeseries.

Volume censoring Motion noises were removed by putting the motion parameters as the regressors in the GLM analysis.

Statistical modeling & inference

Model type and settings The analysis used only first-level analysis.

Effect(s) tested We ran t-tests between different conditions within each single subject.
Specify type of analysis:  [X] Whole brain [ | ROI-based [ ] Both

Statistic type for inference All the analyses were done using voxel-wise inference.
(See Eklund et al. 2016)

Correction We did not apply any multiple-comparison correction in the fMRI imaging analysis. We set p value at 0.001.

Models & analysis

n/a | Involved in the study

|X| |:| Functional and/or effective connectivity

|Z| |:| Graph analysis

|Z| |:| Multivariate modeling or predictive analysis
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