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Summary

Deep learning is an approach to artificial intelligence (Al) centered on the training of deep artificial neural networks
to perform complex tasks. Since the early 21st century, this approach has led to record-breaking advances in Al,
allowing computers to solve complex board games, video games, natural language-processing tasks, and vision
problems. Neuroscientists and psychologists have also utilized these networks as models of biological information
processing to understand language, motor control, cognition, audition, and—most commonly—vision. Specifically,
early feedforward network architectures were inspired by visual neuroscience and are used to model neural activity
and human behavior. They also provide useful representations of the perceptual space of images. The extent to
which these models match data, however, depends on the methods used to characterize and compare them. The
limitations of these feedforward neural networks to account for, for example, simple visual reasoning tasks,
suggests that feedback mechanisms may be necessary to solve visual recognition tasks beyond image
categorization.

Keywords: perceptron, vision, convolutional neural network, perceptual spaces, attention, image categorization,

feedforward network, recurrent networks
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Introduction

Artificial neural networks, as their name suggests, are computational models inspired by the
properties of biological neurons. The earliest artificial neural networks were introduced in 1943
by McCulloch and Pitts; however, 21st-century incarnations are more similar to the Perceptron
algorithm created by Rosenblatt in 1958 (McCulloch & Pitts, 1943; Rosenblatt, 1958). In the
following, artificial neurons will be referred to as units. Their activity will be described with a
number (either a scalar or an integer).

In the most basic form of the Perceptron, a layer of input units connects to an output unit, the
activity of which indicates whether the input belongs to a certain category or not (figure 1a). A
different numerical value, known as a weight, connects each input unit to the output. To classify a
given input, the activity of each input unit is multiplied by its respective weight and the sum is
compared to a threshold. If this sum is above the threshold, the output unit is active (indicating
the category is present); otherwise, it is inactive (indicating category is absent). In the Perceptron,
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Deep Learning Networks and Visual Perception

the step function (also called staircase or threshold function) is used but in modern neural
networks many different so-called “activation” functions or simply “nonlinearities” can be used
(e.g., rectified linear unit or ReLu: g(z) = * = max(z, 0) or the softplus function known as

SmoothReLU: g(z) = In(1 + €%).

In this way, the neural network computes a function F(x) of its input stimulus, x. In the case of a
simple binary classification, F(x) is a step function that can take only two values (say 0/1 or -1/1).
However, this simple categorization problem can be easily extended to multi-class classification
problems or to predicting a continuous output, as in regression problems (see Serre, 2016 for
additional information). Most visual recognition tasks can be cast as categorization problems,
from face detection to object recognition and even more general cases of visual reasoning.

In deep learning, the neural networks used are “deep,” meaning they are composed of not just a
single layer of processing as in the Perceptron, but many layers—possibly hundreds of them. The
layers that sit in between the input and output layers are called the hidden layers. Similar to the
Perceptron, at each layer in a deep neural network, the weighted input from the layer below is
combined and passed through each unit’s nonlinearity to create the activity at that layer. This
allows the information that passes through the network—such as the pixel values of an image x—
to be transformed several times until a useful output F(x) —for example, a label for the object in
the image—is produced. In this sense, deep neural networks perform “function

approximation” —that is, they combine several simple operations to approximate more complex
real-world functions between inputs and outputs.

A common way of training neural networks to successfully learn such a transformation is through
a particular kind of “optimization” called supervised learning. Supervised learning, as opposed to
unsupervised learning, requires a set of training data that includes the desired output for each
input (e.g., a set of natural images and the corresponding “ground-truth” label, i.e., what object
category is in that image). Through knowledge of these pairings, the weights in the network are
updated in order to make the network as a whole better at associating each input with its correct
output.

e
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Figure 1. The relationship between artificial neural networks and visual circuitry.
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Note: (a) The Perceptron architecture. The output unit of the Perceptron is said to be active if the
sum of its inputs (black) times their respective weights (purple) is greater than o (example on
right; total input = 0.8) and inactive otherwise (example on left; total input = -0.5). (b)
Convolution. The convolutional layers of a CNN expand on the basic Perceptron architecture.
Here, the weights are specified as a 2D grid. An image can also be specified as a 2D grid of pixel
values (here dark pixels take a value of 0 and light pixels a value of 1). The grid of weights, or
kernel, is multiplied by the individual pixel values at each location in the input image. The sum of
these products (followed by a nonlinearity such as the ReLu, see Introduction for details)
produces an output unit for each location. Here, the sum is calculated as (-1*0) + (-1*0) + (-1*0)
+ (1%1) + (1%1) + (1*1) + (-1*0) + (-1*0) + (-1*0) = 3. Calculating these sums of products is known
mathematically as the convolution of the input pattern with the array of weights. Together these
output units computed at all image locations comprise a feature map. (c) Hubel and Wiesel model.
Receptive fields of neurons in the lateral geniculate nucleus (LGN) have a center-surround
structure wherein they respond best to a spot of light surrounded by dark (bottom). (Note that the
LGN response can itself be modeled as a convolution with a particular kernel known as a
difference of Gaussians or DoG.) LGN cells with nearby receptive fields aligned along an axis
provide input to a simple cell in the primary visual cortex (top). This gives the simple cell its
orientation preference. A complex cell (not shown) would selectively pool over afferent simple
cells with the same preferred orientation but different positions to build tolerance to translation
of the preferred stimulus. Neuron drawing adapted from scidraw.io (under the creative commons
license CC-BY). (d) A sample CNN architecture. After the image is convolved with several different
filters (here, three) the same number of feature maps are created. The pooling layer downsamples
these feature maps in the spatial dimensions. This activity is then passed into a final, non-
convolutional layer with the same number of units as classes in the classification problem. When
trained with supervised learning, this network can learn to classify images. In a deeper CNN,
more layers of convolution and pooling would be added between the image and the classifier.

By far the most popular algorithm to train a deep neural network is the backpropagation
algorithm (Rumelhart et al., 1986). The backpropagation algorithm is an application of the “chain
rule” in calculus. It provides a means of calculating, for any weight in the network, how that
weight should change in order to make the performance of the network better according to some
metric. To apply backpropagation, one thus needs to define a “loss” or “objective” function
which explicitly defines this metric. In supervised learning, the loss function is frequently a
measure of how far the output of the network is from the correct output for any given input. For
instance, for image classification, the network’s classification error calculated from a training set
of images can be used as a loss. Historically, backpropagation has been viewed as biologically
implausible. Nonetheless, the successes of deep neural networks have reinvigorated interest in
backpropagation and several biologically plausible approximations of backpropagation have been
proposed (see Lillicrap et al., 2020 for a review, including a discussion of a plausible neural
substrate).
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While the exact values of the weights between neurons are determined by the learning algorithm,
the overall architecture of the network is usually pre-specified by the model builder. Architecture
choices include the number of layers, the number of neurons per layer, the dimensions of the
kernels used, and the properties of operations such as pooling, and so on. Neural networks for
which the only type of connections is bottom up are called feedforward networks and those that
allow for feedback signals are called recurrent networks. Recurrent networks allow re-entrant
signals from connections within a layer (through “horizontal” or “lateral” connections) and/or
top down from a later processing stage onto an earlier one.

One specific style of architecture that is widely used for visual processing is the convolutional
neural network (CNN) (LeCun et al., 1989). The name was derived from a mathematical operation
known as a “convolution” (figure 1b) but these networks also share a number of basic properties
with the mammalian visual system. These properties were studied in cats by Hubel and Wiesel in
the late 1950s (Hubel & Wiesel, 1959).

Hubel and Wiesel identified two main cell types in the primary visual cortex, which they labeled
“simple” and “complex.” Simple cells have a localized receptive field—the region of visual space
where a stimulus must be presented in order to elicit a response from the neuron. And they have a
preferred orientation: the angle at which a bar in their receptive field should be tilted to elicit a
maximal response. This property is known as “selectivity.” Complex cells also have preferred
orientations but their receptive fields are larger (about twice as large as that of simple cells). This
means that the same oriented bar can be placed in a wider range of locations and still elicit a
response from a complex cell. This is known as the property of “invariance” or “tolerance” to
position.

Hubel and Wiesel surmised that simple and complex cells both end up with these properties based
on the kind of inputs they get from other cells. Mechanistically, simple-cell-like responses can be
obtained by pooling the activity of a small set of cells tuned to spots of lights aligned along a
preferred axis of orientation (figure 1c). Such neurons are found in the brain regions that provide
input to simple cells, such as the lateral geniculate nuclear and layer IV of the primary visual
cortex. Similarly, at the next stage, position tolerance at the complex cell level could be obtained
by pooling over afferent simple cells with the same preferred (e.g., vertical) orientation but
slightly different positions (see Ricci & Serre, 2020 for details).

These properties of selectivity and invariance are mimicked in a CNN through two main
computations: convolution and pooling. Convolutions require kernels, which are a two- (or
possibly three- or more) dimensional grids of weights. To convolve an image with a kernel means
applying that set of weights (followed by a nonlinearity) separately at each location in the image
(figure 1b). This is akin to “replicating” neurons with a particular selectivity (e.g., vertical
orientation) at all locations in the visual field (Ullman & Soloviev, 1999). This creates a layer of
artificial neurons with the same selectivity and the individual activity for each neuron is only
influenced by a small region of image space—that is, they each have a localized receptive field.
The exact values of the weights determine their selectivity (i.e., the features—e.g., what kind of
visual patterns or lines—these artificial units respond to). Typically, many different kernels (on

Page 4 of 33

Printed from Oxford Research Encyclopedias, Psychology. Under the terms of the licence agreement, an individual user may print out
a single article for personal use (for details see Privacy Policy and Legal Notice).
Subscriber: New York University Libraries; date: 13 September 2023



Deep Learning Networks and Visual Perception

the order of tens to hundreds) will be applied to an image in parallel, resulting in several different
“feature maps” within a processing layer (see Ricci & Serre (2020) for a more in-depth
discussion).

In the visual cortex, neurons are arranged retinotopically—that is, nearby neurons have similar
spatial receptive fields. At each retinotopic location there are different neurons with different
selectivity or preferred features (e.g., spanning all possible orientations). Feature maps thus
mimic this property of having selectivity to the same feature replicated across the visual field.

The pooling operation in a CNN typically comes after a convolution and does not involve weights
(although technically it could). Rather, the activity of a unit in the pooling layer is calculated as
the maximal activity of the units in a small region of the feature map below it. This results in a
pooling layer with the same number of feature maps as the convolutional layer that came before
it. In this way, units in the pooling layer have larger receptive fields but similar feature selectivity
as those in the convolutional layer, much like complex cells relative to simple cells. Pooling can
also be combined with a “stride” to downsample the spatial dimensions of the image
representation. The “stride” determines the amount of overlap between complex cells’ receptive
fields—controlling how finely or coarsely activity at that layer is being sampled. The existence of
such a max-pooling operation was originally hypothesized by Riesenhuber and Poggio (1999) in
their HMAX computational model of object recognition and later confirmed experimentally
(Lampl et al., 2004).

To create a deep neural network out of these operations, convolutions and pooling are simply
stacked such that the output of the first pooling layer becomes the input for a second
convolutional layer (see a relatively shallow CNN in figure 3d and an example of a deep CNN
architecture in figure 6a). Such stacking of simple and complex cell-like computations was
shown to be useful for producing an artificial visual system by Fukushima in a precursor to CNNs
known as the Neocognitron (Fukushima, 1980). In modern-day CNNs, these stacks of
convolutional and pooling layers are simply referred to as “convolutional” layers. These
convolutional layers are typically followed by a classification stage—so-called “fully connected”
layers whose purpose is to learn a mapping from the stimulus representations afforded by the
convolutional layers with class labels. These fully connected layers are typically multilayer
extensions of the Perceptron called a “multilayer perceptron” or MLP. In older models of vision
in computational neuroscience, convolutional and fully connected layers used to be trained
independently. In modern-day CNNs, the entire architecture is optimized jointly for a particular
visual task and is said to be trained “end-to-end” (Serre, 2019). Hence, the task used to optimize
the network is likely to shape the selectivity of units all the way down to early convolutional
layers.

In 2012, a CNN composed of five layers of convolutions and pooling followed by three non-
convolutional “fully connected” layers, achieved 62.5% accuracy on the ImageNet classification
challenge (Deng et al., 2009; Krizhevsky et al., 2012). This challenge involves labeling 224 x 224
pixel color images as belonging to one of a thousand different object categories (chance level
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<0.1%). The second-place winner of this challenge, which did not use a deep CNN, achieved only
around 54% accuracy. These results kicked off a new age of extensive use of artificial neural
networks, particularly CNNs, in computer vision and artificial intelligence (AI) more generally.

Not long after, computational neuroscientists began investigating how well these networks can
inform understanding of the neural representations found in living brains. For an overview of the
use of artificial neural networks to model the brain, see “Deep Neural Networks in Computational
Neuroscience.”

Modeling Neural Activity with Deep Neural Networks

The similarities between the basic features of the mammalian visual cortex and the structure of
CNNs make these networks a candidate model of visual processing in animals. Computational
neuroscientists frequently use Marr’s levels to understand the functioning of a brain region or
system and compare it to models (Marr, 1982). According to Marr, the “computational” level asks
the purpose of the system; in this case, one could consider the purpose of part of the visual ¢ to be
to recognize and/or categorize objects in images. The “algorithmic” level then describes through
which computational steps this goal is achieved and the “implementation” level identifies the
physical instantiation of the algorithm (i.e., how the computation gets carried out by neural
hardware). In this way, CNNs and the visual system may be considered comparable on the
computational and algorithmic levels, while the specifics of their implementations differ (e.g.,
the feature replications in biology vs. convolutions in CNNSs).

Aside from simply noting the broadly similar design of CNNs and the visual system, more direct
methods of comparing their functions are possible. Specifically, relating the activity of units in a
CNN trained/optimized for visual categorization on the ImageNet database with that of neurons
in the visual system is a way of testing if the two systems really are functioning similarly
(Kriegeskorte, 2015; Wardle & Baker, 2020; Yamins & DiCarlo, 2016). Comparing artificial to
biological neural activity is generally done via two different kinds of analysis: representational
similarity analysis (RSA) or a measure of variance explained. RSA (Kriegeskorte et al., 2008) is
done at the population level; specifically the activity of each population of interest—for example,
a population of neurons in a brain area or a pattern of functional magnetic resonance imaging
(fMRI) activity and a population of units at a layer in a CNN—is recorded in response to the same
set of images (Nili et al., 2014). A matrix is then created for each population. Each entry in this
matrix corresponds to how similar the activity vector of that population is in response to two
different images. These two matrices are compared across the populations as a quantitative
measure of how similarly or dissimilarly they represent the images. This and related methods
(such as canonical correlation analysis (Morcos et al., 2018) and centered kernel alignment
(Kornblith et al., 2019)) have been used to compare brain areas to models (Kriegeskorte, Mur,
Ruff, et al., 2008), brain areas to brain areas (Hunt et al., 2018), and models to models (Mehrer et
al., 2020).
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In the second method of analysis, the activity of a population (usually the activity of units in a
CNN layer) is directly used to predict the activity of a single neuron (or possibly voxel) in the
biological system (Yamins et al., 2014). For this, a separate linear regression model is trained on
the CNN activities to predict the responses of individual neurons for a subset of the images. The
ability of the regression model to predict neural activity on held-out data is then used to calculate
how much variance in the neural response the model activity can explain.

Many studies have made such comparisons and found that deep CNNs that perform well on the
challenging ImageNet classification task create patterns of artificial neural activity that are
similar to the neural activity produced in the processing pathway of the visual system known as
the ventral stream (see Lindsay (2020b) for a review). In particular, different layers in the CNN
tend to correspond best to different areas in the ventral stream. For example, later layers best
match the activity of the inferior temporal (IT) cortex while earlier layers have more in common
with primary visual cortex (Antolik et al., 2016; Cichy et al., 2016; Devereux et al., 2018; Gii¢lii &
van Gerven, 2015; Kalfas et al., 2017; Khaligh-Razavi et al., 2017; Yamins et al., 2014 ). Similar
results were also reported for scene recognition (Cichy et al., 2017; Greene & Hansen, 2018) and
action recognition (Gli¢lii & van Gerven, 2017) with spatiotemporal CNNs trained for action
recognition (Tran et al., 2015). This finding holds in general for many different CNN architectures
but scan break down for networks that are too deep (Storrs et al., 2020).

CNNs trained for face recognition have been shown to learn facial representations that are largely
consistent with those of face-selective neurons found in the human ventral stream (Grossman et
al., 2019). However, while higher layers of a face-optimized CNN seem largely consistent with the
responses of neurons found in the anterior region of the face system, to date no single layer has
been able to account for the tuning of neurons found in more posterior regions (Raman & Hosoya,
2020).

The Brain-Score platform was built to track how well different CNNs match brain data (Schrimpf
et al., 2018). It compares different models against a collection of monkey electrophysiology
datasets from four different brain areas in addition to human psychophysics data and keeps track
of how well each model performs on image classification tasks. From this, several conclusions
have emerged. For example, better performance on image classification is related to better neural
predictivity but this relationship breaks down for some of the best performing networks. Also,
networks with very different architectures can perform equally well on the Brain-Score measures
(this is also true of the aforementioned Representational similarity analysis studies with human
fMRI data, see Storrs et al., 2020). Finally, even the most predictive models cannot explain all of
the neural activity. While such an explicit benchmark can help make comparisons across models
clear, it should be noted that the Brain-Score results are still dependent on the specifics of the
datasets and metrics used for comparison.

Many studies comparing CNNs to neural data start by training the CNN on a visual task. However,
it is possible to train a network to replicate neural data directly. Such an approach has been
helpful in explaining neural responses in the earliest stages of visual processing—in the retina.
These retinal studies train a small CNN directly to model the activity of retinal ganglion cells (the
output neurons of the retina) as a function of an input image. The structure and responses of the
trained CNN can then be compared to the anatomy and activity of cells in the retina. Quantitative
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fits have been steadily improving by incorporating anatomical constraints into CNN models
including the modular organization of the retina (Klindt et al., 2017; Maheswaranathan et al.,
2018; Tanaka et al., 2019). In the cortex, fitting models to data has shown the importance of
recurrence to neural representations (Kietzmann et al., 2019) and that data-trained models have
similar success in fitting primary visual cortex (V1) neural data as task-trained networks (Cadena
et al., 2019). Furthermore, training a network to both perform image classification and mimic the
statistics of brain activity has been found to increase task performance (Federer et al., 2020).

Units in a CNN and Neurons: Visualizing What They Respond To

Another way of probing the function of CNNs and comparing them to the brain is to look at what
kind of visual stimuli drive different units in the network. Such feature visualization can be done
directly in CNNs because the full connectivity of the network is known (Olah et al., 2017; Qin et al.,
2018). In the “optimization” approach to visualization, an initially meaningless image (e.g., a
white noise image) is optimized via the backpropagation algorithm to reveal the features that
drive a unit. Specifically, unlike network training (where backpropagation is used to change the
network weights), during feature visualization the weights are held constant and the pixels in the
input image are changed such that the activity of a selected unit increases. This is similar to how
an experimenter may show different stimuli to an animal to find the features that drive a
recorded neuron most strongly, but in the case of the artificial network, the mathematics allows
this process to be done optimally and not through trial and error.

These methods reveal the increasing complexity of visual features that drive units in a CNN. Units
in the early layers of a CNN trained to perform object classification respond strongly to oriented
lines or patches of contrasting colors. This mimics the response properties of neurons in the early
stages of the visual system of many mammals (Hubel & Wiesel, 1959; Scholl et al., 2013). Units in
later layers get inputs from these units and gain certain invariances, for example detecting the
same oriented patterns in a wider range of spatial locations or responding strongly to
conjunctions of simple features or textures. Again, this mimics the responses seen in complex
cells in the primary visual cortex as well as the responses of neurons in secondary visual areas
(e.g., V2) (Anzai et al., 2007). Continuing through the network, feature visualization techniques
have found curve-detecting units whose properties most easily map to V4 (Connor et al., 2007;
Gallant et al., 1993). These eventually lead to partial or full object detectors such as shape
detectors, eye detectors, face detectors, and so on, which would be analogous to cells of the later
ventral stream in the temporal cortex (Kobatake & Tanaka, 1994). Example feature selectivities
sampled from a deep neural network called Inception along different processing stages are shown
in figure 2.
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Figure 2. Applying a sample feature visualization method to probe the selectivity of neurons along different layers
of a deep neural network.
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Note: Along the network’s visual hierarchy, units exhibit selectivity for increasingly complex
preferred stimuli in a way that qualitatively mimics the organization of the mammalian visual
system. Figure adapted from Olah et al. (2017) under Creative Commons Attribution CC-BY 4.0.
Visualizations of all channels are available in Olah et al. (2017). Further analyses and interactive
web tutorials on interpreting how deep networks categorize images can be found in Cammarata et
al. (2020), Carter et al. (2019), Mordvintsev et al. (2018), Olah et al. (2018, 2020a, 2020b), and
Sturmfels et al. (2020).

Traditionally, identifying which stimuli maximally drive neurons in the visual system requires an
extensive process of trial and error: different stimuli are shown and the responses of neurons
recorded. There are many downsides to this approach; for example, it is labor-intensive and can
provide only a partial picture of a cell’s response that is biased by which stimuli were tested. CNNs
that can predict single neuron responses have been used to perform the same kind of image
optimization used to visualize the preferences of artificial units. In Bashivan et al. (2019), this
method generated stimuli that could reliably drive the activity of V4 neurons beyond that elicited
by the images of curved lines frequently used to study V4. Another study (Ponce et al., 2019) used
a different style of CNN, a generative adversarial network (GAN) (Goodfellow et al., 2014), to
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produce effective artificial stimuli for the human IT cortex. Similar methods have also been used
to reconstruct visual inputs from fMRI data during perception (Mozafari et al., 2020; Seeliger et
al., 2018).

Visualization techniques using CNNs have also provided a means to measure mental imagery. In
Shen et al. (2019), a mapping between activations in a CNN and patterns of fMRI activity was
made by showing the network and participants the same natural images. This mapping was then
used to visualize images that participants were imagining. Specifically, the fMRI activity during
mental imagery in the absence of visual inputs was mapped to CNN activity, and this activity was
used to construct an image that could elicit such activity in the network. Though still very crude,
these constructed images did bear some basic resemblance to the images subjects were instructed
to imagine.

Image 1 3 Timestep 5 Prediction Label

Figure 3. Interpreting how human observers vs. deep neural networks categorize natural images.

Note: From left to right columns: sample images from ImageNet and associated category labels,
feature importance maps derived from human observers using a gamified version of classic
psychophysics methods (Linsley et al., 2017) and using a similar attribution method on a CNN
known as sensitivity analysis (Zeiler & Fergus, 2014), and saliency maps derived from human
observers for comparison.

Source: Image credit: Drew Linsley.

In psychophysics, researchers have used “classification images” to understand classification
behavior in humans and animals. This process involves adding random perturbations to an image
to determine which features of the image help or hinder classification (Murray, 2011). Similar
methods have been applied to CNNs (Zeiler & Fergus, 2014). However, the image features relevant
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for classification in these networks can also be calculated directly through “attribution” methods
(Olah et al., 2018). These methods involve creating “importance” maps; this is done by using
backpropagation to determine how changes in pixel values impact the classifier (Simonyan et al.,
2013). Some of these methods are in some sense related to classic animal electrophysiology and
human psychophysics methods ranging from reverse correlation to classification image methods
(Schyns et al., 2002) and have been used to reveal, in particular, how deep neural networks
discriminate between faces (Xu et al., 2019). Similar methods have also been used to compare the
visual representations learned by deep neural networks and human observers (Linsley et al.,
2019) and to demonstrate that deep neural networks are able to leverage shortcuts such as
watermarks to categorize images (Lapuschkin et al., 2019). Figure 3 shows importance maps
derived from human observers using psychophysics methods (Linsley et al., 2017) and a deep
neural network using standard attribution methods. Modern CNNs trained to categorize images
using the ImageNet dataset appear to leverage visual features that fall somewhere between
human-derived “top-down” features that are used by human observers for image categorization
and “bottom-up” saliency features (see Geirhos, Jacobsen, et al., 2020; Linsley et al., 2017),
although they can be cued to attend to features that are important for human observers, leading
to learned visual representations that match those derived from human observers much more
closely (Linsley et al., 2019).

CNN Representations to Understand the Space of Visual Stimuli

Parameterizing simple visual stimuli is relatively straightforward. On the one hand, the images of
oriented lines used to probe the function of the primary visual cortex can be defined mainly by the
angle of the orientation, and certain other factors such as spatial frequency or contrast. On the
other hand, more naturalistic stimuli such as real-world images are harder to describe with just a
small set of values.

Passing an image through a CNN, however, can produce a new representation of that image, the
number of dimensions of which is equal to the number of units in the layer being considered.
Particularly, using the last or penultimate layer of a CNN can offer a representation that is smaller
than the number of pixels in the image and contains semantically relevant information. While
this representation doesn’t necessarily have a neat or direct mapping to known image features
such as object identity, color, size, rotation, and so on, it can still help experimenters to
understand and represent their stimulus space in a compact and meaningful way.

In Bao et al. (2020), the authors collected the activity of the second-to-last layer of a CNN in
response to a stimulus set of objects and performed dimensionality reduction on it.
Dimensionality reduction is a technique that allows the activity patterns of a large neural
population response to be represented with fewer dimensions if there are correlations among a
network’s units. In this study, the authors reduced the activity to a 50-dimensional stimulus
space. They showed that many individual IT neurons were tuned to different dimensions in this
space—that is, the neuron’s firing rate in response to an image was as a function of where that
image fell on a particular axis. On average, a neuron was tuned to seven of these dimensions and
its activity did not vary significantly in response to changes in the others. The CNN representation
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thus provided a compact description of the image features relevant to the neural response in this
area. What’s more, using fMRI during the viewing of natural and artificially generated images,
the authors were also able to identify a topographic map in IT. In this map, cells are clustered into
four quadrants with nearby cells having similar preferred stimuli. These quadrants are defined by
the first two axes of the CNN-identified stimulus space (which correspond roughly to “spiky”
versus “stubby” and inanimate versus animate objects). The understanding of stimulus space
provided by CNNs thus helps explain the physical layout of neurons in the brain (figure 4). In a
similar vein, Lee et al. (2020) predicted the spatial arrangement of cells in IT by placing units in
their model with similar responses near each other. This created clusters of units with different
selectivity properties that resembled the face patch system.

g(z) =In (1 + e
Figure 4. Representation spacein IT.

Note: (a) The first two principal components of the object representation learned by a CNN
correspond roughly to a stubby vs. spiky and an animate vs. inanimate axis. (b) Cells that respond
preferentially to objects in the four quadrants of this space can be found in different locations in

IT.
Source: Figure adapted from Bao et al. (2020) with permission.

The study of facial processing has relied on such representational spaces for decades, starting
with the introduction of the notion of a “face space” in the early 1990s. Mathematically
decomposing face images into their component parts (known as eigenvectors) provides a set of
dimensions on which any face image can be placed, and location in this space can predict identity
features and recognizability (O’Toole et al., 1993). Later work has explored how the
representation learned by CNNs trained on facial recognition compares to this traditional face
space (O’Toole et al., 2018). CNN-based representations are arranged opposite to traditional face
space with uninterpretable images (such as low-quality and off-center face images) grouped in
the center (figure 5). Dimensions in this space do not correspond neatly to physical face features
or pose, illumination, and so on; however, this information is present even in the last layer of a
face-trained CNN.

While the representations provided by CNNs can help parameterize natural images, they are not
themselves immediately interpretable. Some studies have aimed to increase the interpretability
of CNN representations while also ensuring they still capture biological data (Jha et al., 2020).
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Figure 5. ace space as determined by a CNN trained on face recognition.

Note: Images cluster based on quality and image features. For example, poor-quality images are
at the center. Outside the center, off-center facial views can be found in inner rings and frontal
views are found more peripherally. The space is reduced to two dimensions and plotted via the t-
Distributed Stochastic Neighbor Embedding (t-SNE) algorithm.

Source: Image modified from O’Toole et al. (2018) with permission.

CNN Representations to Understand Human Behavior

Human annotations have played a significant role in the history of computer vision by providing
ground truth for visual tasks from contour annotations (Januszewski et al., 2018; Martin et al.,
2001) to image categorization (Oliva et al., 2001). Behavioral studies test the input—output
mapping of the visual system and establish constraints on computation. CNN representations
have allowed for testing between competing hypotheses regarding the nature of behavior and, in
particular, which visual tasks require attention and which do not, and the role of bottom-up and
top-down processing.

The visual system contains at least three dozen visual areas that are almost always reciprocally
connected. In principle, this could lead to very complex visual dynamics (Kreiman & Serre, 2020).
However, to a first approximation, the underlying visual dynamics can be roughly simplified into
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two main modes of visual processing: an initial —primarily feedforward or bottom-up—sweep of
activity followed by re-entrant or recurrent/feedback signals. It has long been hypothesized that
when observers are forced to operate at their temporal limit such as during speeded ultra-rapid
categorization tasks when stimuli are briefly flashed for a few tenths of a second and responses
are forced to be as fast as can be made, visual recognition may proceed based on only a single
feedforward sweep of activity (Thorpe et al., 1996)—also known as core recognition —with
limited contributions from feedback processes.

Matching the level of accuracy of human participants during ultra-rapid categorization tasks was
indeed the main goal of computational models of the ventral stream of the visual cortex during
the pre-deep learning era (Serre, Oliva, et al., 2007). Rapid categorization performance measures
are a primary benchmark for CNNs (Eberhardt et al., 2016; Geirhos et al., 2018; Kheradpisheh et
al., 2016; Rajalingham et al., 2015). However, for specific visual recognition tasks, there are
already unspeeded tasks for which deep neural networks appear to outperform human observers
including object (He et al., 2016) and face (Phillips et al., 2018) categorization, contours detection,
and image segmentation (He et al., 2019; Lee et al., 2017). These claims have to be taken with a
grain of salt as there is ample evidence that CNNs fall short of the robustness and generalization
ability of the visual system (Geirhos et al., 2018; Jo & Bengio, 2017; Papernot et al., 2017,
Rosenfeld, Zemel, et al., 2018; see Serre (2019) for a more in-depth review).

A more nuanced measure of accuracy for multi-class categorization problems includes the
confusion matrix. A confusion matrix is defined such that each row of the matrix provides the
probability of assigning an image of a particular class to each of the possible classes. A perfectly
performing system would produce a confusion matrix where all diagonal entries are one (i.e., the
probability of assigning the correct class is one for each class). An unbiased classification system
at chance would produce any class label with equal probability for each category and its confusion
matrix would thus be a unit matrix (subject to some normalization constant because rows have to
sum up to one). Confusion matrices were used to compare the level of accuracy of CNNs vs.
human observers across image transformations and object categories (Ghodrati et al., 2014;
Kheradpisheh et al., 2016; Rajalingham et al., 2015). One study leveraged the Amazon Mechanical
Turk crowdsourcing platform (Buhrmester et al., 2016) to collect over 500,000 behavioral
decisions from a few thousand participants for 10,000 natural images from 10 object categories
(Battleday et al., 2019). These choices were compared to model-generated distributions, allowing
a more precise evaluation of the behavior of these models and a better understanding of the
computations humans use to categorize images.

With a large enough number of participants, human accuracy can also be computed per individual
stimulus to be correlated with CNN confidence scores (measured by their signed output responses
to individual stimuli) (Eberhardt et al., 2016; Geirhos, Meding, et al., 2020; Kubilius et al., 2016;
Rajalingham et al., 2018). The Brain-Score discussed in the section “Modeling Neural Activity
with Deep Neural Networks” also includes a per-image human accuracy score to be correlated
with candidate models (Schrimpf et al., 2018). It should be noted, however, a later study has
shown that much of the observed correlation between CNNs and human participants is due to
chance, and when proper statistical measures are used much of the consistency vanishes
(Geirhos, Meding, et al., 2020).
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Other possible measures used to compare CNNs with human behavior include similarity
judgments. These can be derived from direct or indirect similarity scoring between all pairs of
stimuli. Initial studies using simple object silhouette and natural images had found that CNNs
account well for human shape judgments (Kubilius et al., 2016; Peterson et al., 2018). More
generally, CNNs appear to be good models of 2D vision as assessed by a battery of psychophysics
tests; for example, they show a primate-like confusion for mirror-symmetric views of an object
(Logothetis & Sheinberg, 1996), an advantage for object categorization in congruent vs.
incongruent scenes, and an adherence to Weber’s law (Jacob et al., 2020). However, a growing
body of literature suggests key differences in the visual strategies used by ImageNet-trained
CNNs vs. human participants in their ability to process shape information: unlike human
observers, modern deep neural networks appear to rely largely on texture cues and other
shortcuts for object recognition (Geirhos et al., 2019; Geirhos, Jacobsen, et al., 2020). In contrast,
human observers appear to judge shape similarity in a viewpoint-insensitive manner based on 3D
shape features (Erdogan & Jacobs, 2016; German & Jacobs, 2020; Pramod & Arun, 2016). CNNs
may have access to some shape information in the form of local edge relations, but they do not
seem to encode global object shapes (Baker et al., 2018). Another study has shown that CNNs do
not seem to register illusory contours, suggesting that they deal with partial occlusions using a
strategy that likely differs from the amodal completion mechanisms used by human observers
(Kellman et al., 2017).

Beyond matching accuracy and similarity judgments, there is also a trend toward assessing the
sensitivity of CNNs to visual illusions. Face recognition is particularly relevant because CNNs have
been shown to match human-level accuracy for face matching (Phillips et al., 2018).
Interestingly, CNNs have been shown to be sensitive to the Thatcher illusion (such that it is more
difficult to detect local feature changes in an upside-down face, despite identical changes being
obvious in an upright face; see Thompson, 1980) only after being trained to recognize (upright)
faces but not after being trained for generic object recognition. The implication is that the
Thatcher illusion arises as a consequence of the training of neural mechanisms specifically for
face recognition as opposed to object recognition (Jacob et al., 2020). In the domain of contour
processing, Linsley et al. (2020) have shown that feedback mechanisms are necessary for CNNs
trained for contour detection to be sensitive to the tilt illusion (O’Toole & Wenderoth, 1977).

In a similar vein, Ullman et al. (2016) found that, when presented with small cropped regions
from object images, human participants depend critically on the inclusion of a key diagnostic
image feature to recognize an object. In contrast, CNNs fail to exhibit the same “all-or-nothing”
dependence on key visual features during object recognition (but see also Funke et al., 2021). A
subsequent study by Linsley et al. (2017) tried to compare more directly the visual representations
learned by CNNs with those used by human observers. Using Clicktionary, a collaborative web-
based game they developed to identify diagnostic visual features for human object recognition,
they were able to compare importance maps derived from representative CNNs directly using
attribution methods (see “Units in a CNN and Neurons: Visualizing What They Respond To”) with
importance maps derived from human observers. The analysis revealed that CNNs and human
observers favor dissimilar visual features during object categorization. It is likely that these
differences arise because of a lack of explicit mechanisms for perceptual grouping and figure-
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ground segmentation in CNNs, which are known to play a key role in the development of the
visual system (Johnson, 2001; Ostrovsky et al., 2009). In the absence of figure-ground
mechanisms, CNNs are compelled to associate foreground objects and their context as single
perceptual units. Consistent with this idea, it has been shown that CNNs do not generalize well to
atypical scenes, such as when objects are presented outside of their usual context and in the
presence of clutter and occluders (Rosenfeld, Zemel, et al., 2018; Saleh et al., 2016; Tang et al.,
2018; Wang, Zhang, et al., 2017).

Beyond visual categorization, several early studies have successfully used CNNs to predict human
typicality ratings (Lake et al., 2015) and memorability (Dubey et al., 2015) for natural object
images. However, more work has shown that important features of human judgments are missing
from CNN representations (Jozwik et al., 2017). Yet the difference between the two systems may
be more quantitative rather than qualitative: it has been shown that a simple linear
transformation of these representations (analogous to the concept of dimensional attention in
cognitive psychology (Nosofsky, 1987)) leads to substantial improvements in the goodness-of-fit
of these models (Peterson et al., 2018). At the same time, a study targeting higher-level concepts
using similarity ratings demonstrated that despite the authors’ best efforts, none of the tested
CNNs were able to reproduce the image judgments produced by human observers (Rosenfeld,
Solbach, et al., 2018). The authors attributed this discrepancy to a variety of factors that are
known to affect human similarity judgments including abstraction (as in abstracting a doorway
for a mountain passageway) and context-dependence (as in flexibly ignoring color cues or pose to
match shape).

Overall, while initial studies had highlighted the substantial similarities between visual
representations learned by artificial and biological neural networks, a growing body of literature
is starting to demonstrate systematic differences between machine and human visual recognition
judgments.

Taking diagnostic tests from cognitive science can help identify the precise strategies of CNNs
and how they differ from humans. In particular, careful stimulus selection and variation can
reveal behaviors not immediately obvious from simple classification (see Ma & Peters (2020) for a
more in-depth treatment).

Computational Modeling beyond the Feedforward Sweep

Core object recognition, the ability to rapidly recognize objects under different visual settings,
has been extensively studied using both electrophysiological (DiCarlo et al., 2012) and
psychophysical methods (Fabre-Thorpe, 2011). The very success of CNNs in capturing several
neural and behavioral aspects of core object recognition suggests that much of the computations
required to successfully categorize images can be largely approximated as a bottom-up cascade of
filtering, rectification, and normalization operations. This provides computational evidence for
the feedforward hypothesis (Serre, Kreiman, et al., 2007).
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Despite these successes, it is also becoming increasingly clear that modern deep neural network
models remain outmatched by the power and versatility of the primate brain (see Kreiman &
Serre (2020) and Serre (2019) for reviews). CNNs can be easily fooled by small (perceptually
invisible) levels of noise applied to images (Goodfellow et al., 2015) and they struggle with
occlusions (Wang, Xie, et al., 2017) and clutter (Volokitin et al., 2017), possibly due to their
inability to process and represent individual objects separately from context. Beyond basic object
recognition tasks, these networks struggle to learn to solve rather simple but abstract visual
reasoning problems such as judging whether two never-seen-before items are the same or
different—even after observing millions of training examples (Ellis et al., 2015; Fleuret et al.,
2011; Giilgehre & Bengio, 2013; Kim et al., 2018; see Ricci et al., 2020, for a review). Although such
algorithms are reasonably good at recognizing the presence of certain objects in the scene, they
often fail miserably at flexibly interpreting the fundamental gist of complex visual scenes, human
actions, social interactions, and events depicted in images. To date, no known artificial system is
capable of passing a visual Turing test as defined in Geman et al. (2015).

The limitations of modern deep neural network models underlie critical aspects of visual
cognition that are not accounted for by purely feedforward networks. Primate vision is often
described as roughly composed of two distinct processing phases. First, an early “bottom-up
phase” primarily carried by feedforward processes during the first 150 milliseconds after visual
onset and which seems to be well approximated by CNNs and other related deep neural networks.
However, this bottom-up phase is typically followed by a late “re-entrant” phase carried by
feedback processes (Lamme & Roelfsema (2000); but see also Bullier (2001) for evidence of early
contributions of feedback on neural responses). The very success of CNNs for image
categorization suggests that feedforward processing is sufficient for rapid categorization tasks
(Serre, Oliva, et al., 2007; Thorpe et al., 1996; VanRullen, 2007) but their relative difficulty in
addressing more general visual reasoning problems suggest that they may necessitate bringing in
feedback signals (Kreiman & Serre, 2020).

Consistent with this idea, several studies have noted that purely feedforward CNNs struggle to
predict neural activity later in the response to object images, especially for more challenging
images. Kar et al. (2019) showed that adding lateral recurrence—that is, connections between
units at the same layer in the CNN—can make these models a better fit. In Kietzmann et al.
(2019), both lateral connections and feedback from later layers to earlier ones were added to a
feedforward CNN and trained to reproduce neural dynamics. These connections also enhanced
classification performance.

More specific computational uses of recurrent connections have also been studied. For example,
the ability of dynamic computations to implement a speed-accuracy tradeoff was explored using
CNNs in Spoerer et al. (2020). Behavioral, neurophysiological, and computational evidence
suggests that purely bottom-up computations are generally insufficient to perform pattern
completion of heavily occluded objects (Wyatte et al., 2014 ). During natural visual conditions,
many objects are partially visible either because they are occluded by other objects in front of
them or because of poor illumination or unusual viewing angles. Despite such challenging visual
conditions, primate visual recognition is quite robust even when most of the object is occluded, in
the absence of contextual cues, and when subjects have minimal prior experience with the object
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in question (Tang et al., 2014). These behavioral and neurophysiological observations are further
corroborated by computational models: state-of-the-art feedforward network models struggle
during recognition of heavily occluded objects unless they are extensively trained with occluded
examples of those specific objects (Rosenfeld, Zemel, et al., 2018; Wang et al., 2018). Recurrent
connections are also believed to aid the processing of noisy or occluded images (Iyer et al., 2020;
Spoerer et al., 2017; Tang et al., 2018; Xiao et al., 2020).

Several forms of attention are known to require top-down mechanisms (Itti et al., 2005). In
Lindsay and Miller (2018), the activity of units in a CNN was modulated to replicate the ways in
which neurons in the ventral stream are modulated by feature-based attention (figure 6).
According to one of the leading models of attention, the Feature Similarity Gain model, during a
visual search task, neurons in the visual cortex should be modulated according to their “tuning,”
that is, the degree to which they respond preferentially to images of a given category (Martinez-
Trujillo & Treue, 2005). In short, searching for a red fire hydrant should preferentially facilitate
neurons tuned to red while searching for a banana should preferentially facilitate neurons tuned
to yellow. Replicating these activity changes in a CNN led to performance changes in the network
that mimicked the performance enhancements that subjects in attention tasks show.
Furthermore, the study suggests an intriguing alternative proposal for attentional modulation
within the visual cortex. In a deep neural network, an optimal modulation can be explicitly
computed for individual object categories using backpropagation to calculate “gradient” values.
Gradient values indicate the ways in which feature map activities should change in order to make
the network more likely to classify an image as being of a certain object category. As shown in
figure 6, such a modulation scheme yields higher accuracy gains than the changes inspired by the
Feature Similarity Gain model (particularly when applied at middle layers). These gradient values
were found to only partially correlate with predictions derived from the Feature Similarity Gain
model, suggesting a theoretically grounded alternative to that model. Such an approach shows
how CNNs can be used to study the connection between neural activity modulation and behavior
under the influence of attention (Lindsay, 2020a; Thorat et al., 2019).

Posterior Middle Anterior

Figure 6. Effects of applying feature-based attention on individual layers of a deep neural network.

Note: (a) This study uses a pretrained deep neural network (VGG-16) that contains 13
convolutional layers (labeled in gray, number of feature maps given in parenthesis) and is trained
on the ImageNet dataset to do 1,000-way object classification. To perform feature-based
attention tasks, the final layer that was implementing 1,000-way softmax classification is
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replaced by binary classifiers (logistic regression), one for each category tested (two shown here,
20 total). These binary classifiers are trained on standard ImageNet images. (b) Merged images
contain two transparently overlaid ImageNet images of different categories and are used in the
attention tasks for the network. (c¢) Schematic of how attention modulates the activity function.
All units in a feature map are modulated the same way. The slope of the activation function is
altered based on the tuning (or gradient) value, fclk, of a given feature map (here, the kth feature
map in the Ith layer) for the attended category, c, along with an overall strength parameter p. I”lk
is the input to this unit from the previous layer. (d) Average increase in binary classification of
merged images as a function of the layer at which attention is applied (solid line represents
tuning values, dashed line gradient values, error bars + S.E.M.). See Lindsay and Miller (2018) for
details.

Source: Modified from Lindsay and Miller (2018) with permission.

In a study by Linsley et al. (2019), it was shown that while a state-of-the-art deep neural network
learned visual representations that are quite different from those used by human observers for
visual categorization, cueing these same networks to attend to image locations that are important
for human observers not only helps categorization accuracy but also leads to learned
representations that are much more similar to those used by human observers.

Beyond image categorization, it has long been assumed that feedback mechanisms play a key role
in perceptual grouping (Gilbert & Li, 2013; Grossberg et al., 1997; Li, 2002). Yet the successes of
deep convolutional networks for contour detection and image segmentation in seemingly
challenging visual tasks (e.g., He et al., 2019; Lee et al., 2017) have made the role of feedback
unclear. Linsley et al. (2018) described a simple visual recognition challenge inspired by cognitive
psychology tasks (see Roelfsema et al., 2000 for review) called the “Pathfinder,” which involves
judging whether there exists a path linking two markers in an image. Using this task, they showed
that while deep feedforward neural networks could solve the task using a brute-force strategy, a
single layer of a highly recurrent neural network that imbue neurons with the ability to
incorporate context through horizontal connections was able to perform on par or better than all
tested feedforward hierarchical baselines, despite the fact that these feedforward networks
contained orders of magnitude more parameters.

In follow-up work, Linsley et al. (2020) showed that such recurrent neural networks, which allow
for contextual interactions to take place among neighboring neurons, yield state-of-the-art
results for contour detection—on par with human observers (figure 7). Interestingly, the
recurrent neural network was shown to learn to solve contour detection tasks with better sample
efficiency than state-of-the-art feedforward networks, while also exhibiting a classic perceptual
illusion, known as the orientation-tilt illusion (O’Toole & Wenderoth, 1977). Correcting this
illusion significantly reduced the network’s contour detection accuracy by driving it to prefer
low-level edges over high-level object boundary contours. This suggests that the orientation-tilt
illusion is a byproduct of neural circuits that help biological visual systems achieve robust and
efficient contour detection, and that incorporating such circuits in artificial neural networks can
improve computer vision.
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Anatomically, one can distinguish between two kinds of recurrent mechanisms: horizontal/
lateral connections (within a processing stage) vs. top-down connections (from a higher to a
lower processing stage). The role of these horizontal vs. top-down connections was studied by
Kim et al. (2020), who extended the Pathfinder challenge, which stresses low-level gestalt cues,
to a task which they called “cluttered ABC” (cABC), which emphasizes high-level object cues for
perceptual grouping. The authors found a double dissociation between horizontal and top-down
connections: horizontal connections are needed to solve the Pathfinder featuring gestalt cues by
relying on incremental spatial propagation of activities, while top-down connections help rescue
learning on tasks such as cABC featuring object cues by propagating coarse predictions about the
expected position of the target object. These findings thus disassociate the computational roles of
bottom-up, horizontal, and top-down connectivity, and demonstrate how a recurrent network
model featuring all these interactions can more flexibly form perceptual groups.

Beyond perceptual grouping, several other computer vision tasks have been shown to benefit
from a similar inclusion of recurrent processing including image generation (Van Den Oord et al.,
2016), object recognition (Liang & Hu, 2015; Liao & Poggio, 2016; O’Reilly et al., 2013; Zamir et al.,
2017), and super-resolution tasks (Kim et al., 2016).

Figure 7. Recurrent neural network solving a contour detection task.

Note: The evolution of recurrent neural network predictions across time steps of processing
(Linsley et al., 2020). Predictions are initially coarse and are then refined over processing time
steps to select figural object contours. Unlike in a standard feedforward neural network such as a
CNN, which processes information in a single pass, a recurrent neural network such as the one
used here increases processing depth through time and is able to dynamically update perceptual
decisions.

Source: Replicated with permission from the authors.
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Conclusion

Progress in deep learning has spawned great successes in many engineering applications. As a
prime example, CNNs, a type of feedforward neural networks, are approaching—and sometimes
even surpassing—human accuracy on a variety of visual recognition tasks. Furthermore, these
machine vision innovations have been met with concurrent improvements in the ability of
modern deep neural networks to account for neural data from the visual cortex and behavioral
data from human observers. As a result, deep CNNs have become de facto models of primate
vision. From a neuroscience and psychology perspective, the very success of modern artificial
neural networks provides computational evidence for a toolkit of neural computations that was
hypothesized decades ago.

At the same time, critical limitations of commonly studied architectures are becoming
increasingly clear. Rigorous methods of comparing artificial and biological visual processing are
important for determining exactly where the two differ. Through the identification of these
differences, better models can be made and understanding of the biological underpinnings of
vision can advance. A better understanding of biological vision can, in turn, lead to better
artificial visual systems. However, this is not always a straightforward outcome nor is it the goal
of research on biological vision. In sum, the interplay between machine vision and biology is
complex. Yet advances in the former are already starting to shape understanding of the
computations underlying vision and will likely continue to do so.
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