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Building models is an important part of
understanding neural systems. Models
not only provide us with a plausible esti-
mate of the computations underlying a
system’s functioning, but also help us pre-
dict the system’s behavior when it is pre-
sented with novel inputs. In the quest to
model object recognition and classifica-
tion by the ventral visual pathway in the
primate brain, deep convolutional neural
networks (DNNs) have become leading
tools, because DNNs roughly equal hu-
mans at the task of classifying objects
based on images (He et al., 2015). Briefly,
DNNs take an input image and pass it
through multiple layers of computation to
extract discriminative features from im-
ages. These features are then fed into a
classifier that assigns a label to the input
image. A typical layer takes the output of
the previous layer as its input, passes it
through several independent, linear con-
volutional filters, and feeds its output to
the next layer after overlaying a nonlinear-

ity. For a particular image, the network
assigns probabilities to each object class
and picks out the object class with the
highest probability. While training a net-
work, the weights of the filters are altered
using variants of a method called “gradi-
ent descent” (Rumelhart et al., 1986; Bot-
tou, 2010). Networks are often trained to
classify images into one of the 1000 cate-
gories in a standard dataset from Im-
ageNet (Deng et al., 2009). But testing
1000-class classification is impractical in
biological experiments and hence, to
compare DNNs’ performance with pri-
mates’, the classification layer is often re-
trained to do N-class classification, N
being the number of object classes in the
primate experiment.

The exact mechanism underlying the
functioning of DNNs is still unclear. Neu-
roscientists’ interest in studying emergent
properties of another poorly understood
complex network, the brain, led to their
interest in understanding DNNs, which
produced a wave of work comparing the
two systems. Some of these studies sug-
gested that DNNs and primate brains
represent images in similar ways. For ex-
ample, Khaligh-Razavi and Kriegeskorte
(2014) showed that the pattern of activity
elicited in response to natural objects in
the population of artificial neurons in the
final layer of DNNs is similar to that in the
primate inferior temporal (IT) cortex, one
of the higher visual areas that encodes ob-

ject identities. It has also been shown that
brain activation patterns in higher visual
areas, discerned through fMRI (Güçlü
and van Gerven, 2015) and electrode ar-
rays (Yamins et al., 2014; Yamins and Di-
Carlo, 2016), can be predicted by the
activation patterns in the later layers of a
DNN. Other studies, however, suggest
differences between DNNs and the pri-
mate visual system. For example, Pramod
and Arun (2016) showed that two images
considered very dissimilar by humans
were often not considered so by DNNs.
Additionally, Katti et al., (2017) showed
DNNs to be systematically worse than
humans at real-world object detection.
Although neural networks match some
activation properties of human visual ar-
eas, Grill-Spector et al., (2018) showed
that their receptive fields are very differ-
ent. These studies indicate that though
DNNs and primates often show similar
overall performance, their internal infor-
mation processing mechanisms might be
different. This difference should be re-
flected as a difference in the pattern of
mistakes made by the two systems. For ex-
ample, even if both primates and DNNs
classify 80% of “horse” images as horse,
do both the systems get the same images
wrong?

A recent study by Rajalingham et al.,
(2018) published in The Journal of Neurosci-
ence addresses this question by investigating
whether similar image representations un-
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derlie object classification in DNNs and
primates. To compare the performance of
humans, monkeys (Rhesus macaque), and
DNNs, the authors compared the image dis-
criminability patterns of the three systems.
To test object recognition independent of
context, an image dataset was generated by
overlaying 3D models of 24 different object
classes onto randomly chosen natural back-
grounds. Humans and monkeys were asked
to do a binary discrimination task where
they classified a test image by clicking on a
choice screen showing canonical views of
two objects; the target (same object class as
the test image) and a distractor (a different
object class). DNNs were retrained to clas-
sify the same images as classified by pri-
mates, by determining the probability that
the test image belonged to each of the 24
possible object classes. The probabilities as-
signed by DNNs to the target and distractor
classes were compared and the one assigned
the higher probability was taken as the
DNN’s choice in the binary discrimination
task.

A discrimination measure called d�,
which quantifies the separability of two
groups (e.g., dog vs not-dog) by compar-
ing “hits” (e.g., dog being called a dog)
and “false alarms” (e.g., not-dog being
called a dog), was used for all the systems,
at four different resolutions. Two object-
level discriminations were used: (1) one
object versus rest (e.g., dog vs not-dog; 24
values), and (2) between each pair of objects
(e.g., dog vs camel, dog vs bear etc.; 24C2

values). However, these object-level dis-
crimination measures are computed
across all images of an object, taking away
the effect of individual images. To capture
the latter, two image-level discrimina-
tions were also used (where 10 random
images were selected from each object
class, for a total of 240 images): (1) one
image of an object versus rest of the objects
(i.e., dog vs not-dog for each dog image;
10 � 24 values), (2) between each image-
object pair (i.e., dog vs camel, dog vs bear
etc. for each dog image; 240 � 23 values).
It should be noted that since discrim-
inability at the object-level is obtained
by averaging across images, to capture the
variability purely due to individual images,
the object-level mean was subtracted from
the image-level measures.

To compare the performance of differ-
ent systems with humans, a metric called
“human-consistency” was used. It is the
correlation between discriminability pat-
tern observed in the system and that ob-
served in humans, normalized by the
mean intersubject consistency (the split-
half reliability) of the system and humans.

Thus, by definition, humans have human-
consistency of 1. Because a split-half
measure requires multiple subjects, for
DNNs, “subjects” were generated by vary-
ing training-image presentation order
and initial conditions of filter weights,
keeping the model architecture and
training-image set fixed. An artificial net-
work was called similar to primates if its
human-consistency fell within the “primate
zone”: the range of human-consistency of
monkeys, to human-consistency of hu-
mans (the latter being 1).

The human-consistency at the object-
level resolution for all DNN models tested
were found to fall in the primate-zone,
but when inspected at the image-level,
none of the DNNs reached the primate-
zone (Rajalingham et al., 2018, their Figs.
2, 3). Human data were available for many
subjects (1476) but very few monkey/
DNN subjects were available. To make the
comparison fair, the human-consistency at
image-level was extrapolated for an infi-
nite number of subjects for monkeys and
DNNs, but still DNNs failed to reach the
lower limit of the primate-zone (Rajaling-
ham et al., 2018, their Fig. 4). Thus, at the
coarse resolution of object classes, DNNs
and primates show similar discriminabil-
ity patterns, but the patterns differ at the
finer resolution of individual images;
DNNs and primates misclassify a different
set of images. It should be noted that the
image-level discriminability patterns of
different DNN architectures were highly
correlated (Rajalingham et al., 2018, their
Fig. 6) implying similarity in internal
processing across them. Thus, none of the
architectures used the classification mecha-
nism of primates. It was also shown that in-
troducing simple changes even in the most
human-consistent model, like making the
input more similar to retinal sampling or
changing the classifier or the test-image set,
did not make DNNs similar to primates.
Nonetheless, analysis based on image attri-
butes revealed that primate and artificial
models use somewhat similar attributes
(e.g., contrast, size etc.) for object categori-
zation (Rajalingham et al., 2018, their Fig.
7); i.e., their respective performances
change in a similar manner with change in
image attributes.

These results can be summarized as
follows: (1) object-level discrimination
behavior of primates and DNN models
are statistically indistinguishable, (2) image-
based object discrimination by DNN mod-
els does not match that of primates, and (3)
simple modification of DNN models do not
make them classify objects in the same man-

ner as primates, indicating some intrinsic
difference in their processing.

The study is a welcome addition to the
field of vision science because it provides
an essential test of the validity of using
DNNs to understand primate visual rep-
resentation and processing. DNNs, inde-
pendent of the biology they are often
linked with, are an astounding feat in the
field of computer vision research, but that
does not necessitate their being a good
representation of the primate visual cor-
tex: indeed, the study by Rajalingham et
al., (2018) suggests that they are not.

Though the important question of
whether DNNs and primates differ in
image classification has been addressed,
what the exact differences are, remains
unknown. The authors show that the two
systems use similar image attributes for
classification, but still there are images
that are correctly classified by primates
but not by DNNs. Future studies should
determine which attributes of the image
are most important for classification by
primates in such cases. Would increasing
sensitivity toward these features improve
DNN performance? Also, because back-
ground and context have been reported to
play an important role in object detection,
behaviorally (Davenport and Potter,
2004; Munneke et al., 2013), neutrally
(Brandman and Peelen, 2017), and com-
putationally (Katti et al., 2017); it would be
interesting to investigate whether discrim-
inability patterns of DNNs become more
similar to primates when tested on datasets
with congruent objects and backgrounds.

Another important question the study
raises is whether models assuming simple,
time-invariant neural activations, like
DNNs, sufficiently capture the dynamics
in the ventral visual pathway. It is known
that neurons in IT display encoding prop-
erties essential to object recognition, like
view invariance (Ratan Murty and Arun,
2015), and local shape information (Sri-
pati and Olson, 2009), at later stages of
firing, which is not evident in the mean
response. Including recurrent connec-
tions in a layer might incorporate such
temporal properties. Independently, mul-
tiple studies have reported complex non-
linearities in the receptive fields of visual
neurons (Schwartz et al., 2012; Touryan
and Mazer, 2015; Gharat and Baker,
2017), which might not be captured by the
single ReLU-type (Nair and Hinton,
2010) nonlinearity used in DNNs. Intro-
ducing these experimentally observed
properties in DNNs will hopefully help us
make a comprehensive, concise, yet accu-
rate model of both object feature process-
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ing and classification in the ventral visual
pathway.
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