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“Color is a mean of exercising direct influence upon the soul”

from Concerning the spiritual in art, by Wassily Kandinsky

ii



Abstract

Seeing in color is a primordial aspect of our visual experience. Despite its
importance, it is still misunderstood what exact purpose our color vision serves.
A common belief is that object recognition, crucial to our survival, is a core
driving force in the development of our visual system, and our color perception
by extension. And indeed, color is known for improving our ability to recognize

objects.

In this thesis, I explored the limits to which Deep Neural Networks, optimized
for object recognition or color constancy, can explain and help us understand
our color vision. Using advanced feature visualization, stimuli generation and
representational analysis methods, I carefully examined the color vision of these
trained models, also comparing their artificial responses to biological visual

systems.

I find that both artificial and biological systems exhibit some striking differ-
ences, but these are outweighed by the sheer number of similarities. These
similarities include (1) large computing power for the processing of color, (2)
single and double opponent units in their early processing stages, (3) more sen-
sitivity to variations in hue than saturation, and (4) color representations that
follow similar perceptual dimensions. Despite their limitations, Deep Neural
Networks can thus astonishingly explain many color properties of our visual
system. This thesis hence provides evidence that our color vision is largely
shaped for and motivated by a feedforward recognition of natural objects and

their surface colors.
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Synopsis

1.1 Introduction

Color is a primary feature of our visual experience. In the very rst pages of his Phe-
nomenology of Perception, Merleau-Ponty de nes sensations as follovegnsations[1] : "to
see is to have colors or lights, to hear is to have sounds”. According to him, colors are to
our visual experience what sounds are to our hearing: they de ne it. They are so salient
that the revolutionary painter Kandinsky even attributes them the power of "exercising
direct in uence upon the soul" [2], and even scientists use them as striking examples to
illustrate perceptual phenomena [3].

While it remains unclear what exact purpose our color vision serves, there is much
evidence that color enhances our ability to recognize objects in a natural environment
[4, 5, 6]. Object recognition, crucial for our survival, is traditionally considered a core
factor in the development of our visual system [7, 8], and, by extension, our color vision.
If we can quantify the extent that state-of-the-art object classi cation models and color
classi cation models explain the properties of our color vision, we would be a step closer
to understanding how these emerged in biological vision. This is what this thesis attempts
to do, with the help of some recent and exciting advances made in arti cial intelligence
algorithms Deep Neural Networks.

Deep Neural Networks, commonly called DNNs, are a family of learning algorithms that
has been dominating the eld of arti cial intelligence for a little less than a decade now.
They have notably expanded boundaries in computer vision, surpassing even humans on
object and face recognition [9]. They also reached state of the art performance in gaze
prediction [10], video colorization [11] and many other complex visual tasks. DNNs are

very complex non linear learning algorithms, typically consisting of millions of parameters
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in the form of interconnections between hundred of thousands of arti cial neurons . Given
the many ways these network learn to form the same successful interconnections, it is a
real challenge to understand what features each neuron has learned in order for the model
to perform its task.

Developing more e cient and more accurate DNNs for visual tasks serves the eld of
computer vision [12] and arti cial intelligence at large. But, more generally, it is also of
tremendous interest for the eld of vision science, as: (1) DNNs are better predictors of
neural activity [13, 14, 15, 16] and neural organisation [17] than previous models. (2)
They facilitate both neurophysiological [18] and psychophysical [19, 20] studies via image
generation or selection. (3) Under certain conditions they even predict human behaviour
[19, 21]. Understanding the computations underlying DNNs thus has the potential to
bring us a step towards understanding how we perform the same tasks - by revealing
similar neural features and the factors involved in their emergence. Finally, (4) DNNs are
also useful for developing tools for understanding representation in cognitive systems: if
we cannot nd the tools and concepts to understand arti cial neural networks like DNNs,
how can we hope to understand biological brains which are a million times more complex,
highly dynamic and hardly accessible in vivo?

This thesis is thus concerned with characterizing, describing and understanding the pro-
cessing and representations of colors in DNNSs trained for the recognition of natural objects
and colors in complex environments. Doing so, we can test to what extent feedforward
models trained on these tasks explain how we perceive colors. Here lies the principal
motivation of this thesis. More precisely, we aim at solving the three following questions:

~

What are the color properties of DNNs trained for object and color recognition?
" How do these properties compare to color vision in primate?

~ And what can we learn from their similarities and di erences?

Before diving into the three studies that constitute the core of this thesis, | will spend
the next few pages developing the themes relevant for understanding their scope. 1 will
start by giving a short introduction to deep neural networks and their impact on the eld
of computer vision. | will then discuss the evidence that DNNs are useful models for
understanding our visual system, and the ventral stream in particular. | will follow with
what evidence we have that our color vision is tuned for object recognition. | will nish
the introduction with a description of some of the recent studies that are most relevant for
this thesis.



1.1 Introduction

1.1.1 Introduction to Deep Learning and Deep Neural Networks

For many decades, arti cial neural networks sparked a relatively marginal interest in cog-
nitive and computer science, with none but a few scientists [22, 23, 24, 25] actively working
on developing such algorithms. In 2012, Alex Krizhevski and colleagues developed AlexNet
[26], an arti cial neural networks that surpassed every other algorithm on the benchmarck
ILSVRC competition [27] 1 by an error almost half that of the runner up.

AlexNet is a combination of several innovations [28], each taking place in a short period
preceding it: a fast and e cient training procedure [25, 29], su ciently large datasets [30,
31] and the development of software libraries for high-performance operations on Graphical
Processing Units (GPUs)?. Indeed, GPUs are particularly well suited for computing many
simple operations simultaneously [28]. And essentially, this is what DNNs are: hundreds
of thousands of very simple and interconnected operators, or "neurons"”, each coding for
unique, sometimes simplistic features whose combined responses are able to solve very
complex tasks.

Since the introduction of AlexNet, DNNs have revolutionized the eld of computer vision,
exhibiting supra-human performances on object [9, 32], scene and face recognition. They
also showed state of the art performance in other complex visual tasks such as saliency
[10], video colorization [11], face detection [33], reverse rendering [34], medical imagery
analysis [35] and 3D reconstruction [36] to name a few.

Throughout this thesis, | use several successful DNN architectures and their derivatives.
These architectures are AlexNet [26], the VGG nets [37], ResNet-50 [9], MobileNet [9] and
some custom derivatives of ResNet [9] and classic convolutional architectures [24]. For the
sake of conciseness, let us simply address here some key concepts. For a more a detailed,
technical description of these models, including their similarities and di erences, please
refer to their respective papers or this thesis publications.

The architectures used here are classic, feedforward convolutional DNNs which non-
linearly transform their input by decomposing it into increasingly complex features, as
illustrated in Figure 1.1. This hierarchical encoding takes place via linear kernels, followed
by a non-linear activation function, that Iter their input to enhance speci c features. A
whole model is divided into layers, where kernels in one layer take their input from kernels
in previous layers and transmit their output to the next layers, thus building ever more
large and complex features as the layer depth increases [39]. Kernels in the rst layers of

!seehttps://www.image-net.org/challenges/LSVRC/index.php
2seehttps://code.google.com/archive/p/cuda-convnet/
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Figure 1.1: Schematic of a Deep Neural Networks and learned representations

lllustration of an AlexNet-like architecture with 5 convolutional layers and 3 fully-connected
layers [26]. The visual information from the input image is processed in a feedforward way,
layer per layer. As the layer number increases, so does the receptive elds of its units and the
complexity of the representations learned (visualizations of representations taken from [38]).

DNNs have receptive elds typically around 1.5% to 2.5% the size of the model's input
(5 pixel-wide receptive elds for a 224 pixel-wide input), while kernels in the last layers
have receptive elds of similar size as the whole input image. DNNs are Deep Learning
algorithms, meaning that every kernel learns to encode features through optimization pro-
cedures, typically gradient descent [40], coupled with an optimization function, typically
cross entropy for recognition tasks [26]. Thus, DNNs trained for performing object recog-
nition are hard to interpret. To understand a model fully, one needs to discover thousands
of complex features where each feature is the result of a cascade of the several non-linear

operators that precede them.

1.1.2 Deep Neural Networks as models of the ventral stream

In the previous section, we have seen that DNNs revolutionized computer vision, going
as far as solving complex tasks like object recognition and illumination estimation. Since
biological vision resolves the same tasks, can DNNs teach us anything about the underlying
computations in our own visual system?

Two di erent - and often opposed - conceptions of vision have concurrently driven re-
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search in biological and arti cial visions [41]. One, the empiricist or discriminative per-
spective [3, 8, 42], considers perception as a largely feedforward processing ow, driven by
bottom-up mechanisms that Iters and transforms the incoming retinal information into
ecologically relevant constant features, such as color [3] and shape [7]. As such, vision is
driven by sensory data and perception is direct. The other perspective, the generative and
rationalist conception of vision [43, 44], hypothesizes that the sensory input is constantly
evaluated and challenged by high-level representations that captures prior knowledge about
the world, which in turn makes inferences through a top-down signal ow. As such, vision

is driven by internal, complex beliefs that stabilize our sensory input.

As always, the reality is surely more re ned than each perspective, and likely combines
both approaches [41]. The visual systems of primates indeed exhibit the hierarchical neural
organization and velocity associated with a feedforward processing of the visual input [13],
but also the recurrent connections [45] and robustness [44] associated with a top-down ow
of visual processing. We have yet to come up with a framework that could satisfyingly
unite both approaches. Until then, we can push each approach and explore the extent in
which they are su cient to explain our visual system. With this in mind, the best current
models for testing the discriminative hypothesis are DNNs [8, 41], since they indeed reach
or surpass human performance on object recognition [9, 26, 46].

Interestingly, supervised DNNs trained for object recognition correlate with the ventral
visual pathway - known to be involved in our object recognition [8, 47] (Cf. Figure 1.2A).
Notably, DNNs (1) are the best predictors for primates neural activity in the ventral path-
way [13, 14, 16], meaning that they capture the computational properties of the primate
brain to a larger extent than any other current models; (2) exhibit a similar organization
as biology [13, 15], with a hierarchical correspondence between layers of DNNs and visual
cortical areas: early cortical areas correlate with early layers of DNNs, and later cortical
areas with later layers, as shown in Figure 1.B. This suggests that similarly to DNNs, the
primate brain decomposes visual information into increasingly complex features; (3) have
a functional neural organization alike what is found in the human visual system [48, 49]
when the network is trained on the dual task of object recognition and face recognition [17];
(4) have a deep latent representation that predict human perceptual judgements [21, 50].
Together, these evidences suggests DNNs encode certain aspects of the world in the same
way that we perceive them.

Supervised DNNSs trained for object recognition, however, also exhibit some fundamental
di erences with human observers. The most well-known example is the kind of adversarial

attack rst proposed by Goodfellow et al. [52] where adding small amounts of noise to an
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Figure 1.2:  Hierarchical correspondence between layers of DNNs and visual

cortical areas . Panel A: Schematic of the ventral stream in the human brain. It shows
the approximate location of each cortical area of the ventral stream and the ow of visual
information from the retina. Panel B: Correspondence between layers in a DNN trained
for object recognition and cortical areas. The top plot is taken from [15] and shows the
distribution of voxels across several cortical areas in one subject, divided according to the
DNN layers that best predict their activity. Proportions are relative to the overall number

of voxels signi cantly correlated to DNN activations (30% of total voxels). The bottom plot
shows a schematic of the model's architecture used in the study [51] and the color coding used
in the layer assignment. Note that the same color coding was used in pané!: applied colors
are representative of the average values found in the layer assignment [15] as well as the high
correlations found between IT and top layers of DNNs [16].

image, that is imperceptible to human, lead to erroneous network responses [52]. Generally
speaking, DNNs su er from a hypersensitivity - or low robustness - to noise [53] and
lack generalizability to out-of-distribution stimuli - stimuli that are outside the stimulus
distribution included in the training [54]. Additionally, the error patterns of supervised
DNNs often dier from human observers [21, 55], meaning that when these DNNs are
wrong, they are for di erent reasons than us. In such cases, extreme stimuli manipulations
[55] or changes in training procedure [21] are required for correcting these di erences. An
optimism is allowed, however, as new generations of deep neural models are ever closer
to solving these issues [56, 57]. Keeping these limitations in mind, DNNs remain useful

models for testing the extent to which a hierarchical, feedforward processing of the visual
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information can reproduce our vision, notably the properties of cortical areas involved in

object recognition.

1.1.3 Biological color vision is tuned for object recognition

DNNs seem worth pursuing as models of the visual system, and, in particular, the ventral
stream. But what about color? Despite the many mysteries behind color perception
[4, 5, 58], a common conception is that one crucial function of color vision is to facilitate
the recognition of objects and scenes [4, 5, 58, 59].

Psychophysical studies in humans have indeed shown that color images of natural objects
and scenes are recognized faster, classi ed more accurately and remembered better than
their grayscale version [60, 61, 62, 63, 64]. This is particularly true for the so-called "color
diagnostic objects" or objects which consistently appear in one speci ¢ color (e.g., lemons,
tennis balls) [60, 63, 64]. For these objects, the lack of color signi cantly impedes our
capacity to recognize them. While in our technologically advanced world, the man-made
objects that we manipulate rarely come in a single color, natural objects like fruits and
vegetables do [65], highlighting the importance of color for the recognition of edible objects,
and our survival. Some even argue that chromatic information is more indicative of objects
than luminance information, the latter rather carrying information about shadows and
shadings [66, 67]. In natural settings, distinguishing between two colors can be particularly
helpful for separating an object from its background e.g a fruit from its foliage [68]. Several
studies have shown how color improves object segmentation in natural scenes (see [69] for
a review) and how chromatic contrast drives our perception of object-contours [70]. Our
visual system seems particularly responsive to chromatic contrast: color-sensitive cells
with center-surround or double-opponent receptive elds appear in large proportions at
the earliest stages of our visual system (e.g., LGN [71, 72] and V1 [73, 74]).

These cells are presumably also involved in color constancy: our ability to perceive
surface colors consistently across various illumination conditions despite the ambiguous
sensory input reaching our eyes [75, 76]. Color constancy is yet another mechanism that
facilitates object recognition [5, 58]: it ensures that a same object keeps a consistent color
appearance throughout the day, and under natural and arti cial lights. Although color
constancy has been thoroughly studied over the years (see [4, 58, 59, 75] for reviews) it
has yet to be fully understood. Some theorists argue that color constancy is an ill-posed
problem that cannot be perfectly solved [77, 78], and behavioral studies disagree on how
color constant human observers are [58]. It also remains unclear which neural mechanisms

are responsible for color constancy. Adaptation and the double opponency, Low level
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properties of cells in early stages of the visual system, have been shown to contribute to
color constancy [76]. But higher-level and even cognitive mechanism such as memory have
also been identi ed as being useful for color constancy. For example, humans observers
have been found more color constant for familiar objects than for unknown ones [79, 80].
Thus, we are still lacking a complete neural model of color constancy, which encompasses
physiological similarities to the primate's visual system, and at the same time exhibits
similar behaviour to humans on color constancy relevant tasks.

Our color vision is thus tuned for object recognition. This suggests thatobject recogni-
tion - and its derivatives like color constancy - in itself may have helped shape the way
we see colors. If we want to understand how our color vision came about, it seems cru-
cial to understand what color properties emerge in models like DNNs trained for object
recognition, color recognition and color constancy, and if these networks resemble ours.
Surprisingly, however, there is to my knowledge fairly little work addressing these points,
although the interest seems to be growing. In the next section | give an extensive list of

the few relevant studies | am aware of.

1.1.4 Related works

The studies in this thesis can be subdivided into two. The rst 2 studies focus on the color
properties of DNNs trained for object recognition, and how these abilities contribute to

the models performance. The third study implements several architectures on the task of
color recognition under varying illumination, simultaneously learning color constancy. For

clarity, 1 divided the next short review following a similar subdivision.

1.1.4.1 Color in DNNs for object recognition

Engilberge and colleagues were rst to characterize the color properties of DNNs trained
for object recognition [81] using 2 popular architectures: AlexNet [26] and VGG-19[37].
They trained the models on natural images from the PASCAL dataset [82] and a subset
of ImageNet[30]. They found fairly low proportions of color-sensitive units throughout the
models, less than 15% in all layers. While Engilberge et al. do not show the distribution
of hues for color sensitive units, they show that the color tuning of these units are more
complex the deeper the layer. However, their approach has a few limitations: 1) their
testing datasets only include non-color diagnostic object classes like plane and sheep, pos-
sibly explaining the low proportion of color sensitive units found; 2) they evaluated hue
speci city using monochromatic images, thus removing chromatic contrast. Any chromatic
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edge detector would hardly respond to these stimuli, let alone kernels with complex spatial
tunings like those found in deep layers of the VGG nets [39]. In our rst 2 studies, we
avoided these issues by 1) using the richer ImageNet dataset [30] as a training set. While
ImageNet has its limitations, it includes many natural object classes like lemon, banana,
zucchini and cardoon ower as well as several breeds of dogs and birds that di er with
one another in color also; 2) our test stimuli included chromatic contrasts, either through
a colored disk on a grey background (Study (1)) or natural images (Study (2)).

A year later and in the same year as the rst study of this thesis, Rafegas and colleagues
[83] extracted some of the color properties of VGG-M net [37] trained for object recognition
on the ImageNet dataset [30]. They did so using a visualization method inspired by [12, 37].
They found that an average of 32% of the network's units were color sensitive: a much
larger proportion than reported by [81]. This di erence likely comes to their use of the
full ImageNet for training and a representative subset for testing. They also found a
prevalence of color opponency in the early layers, while kernels in higher layers tended to
respond mainly to individual hues. Like in Engilberge and colleagues [81], however, their
work includes a few limitations: 1) it is based on the assumption that the color properties
of kernels equal the color properties of the mean image patches responsible for their max
activation. As a consequence, color biases within the dataset might bias the results; 2)
averaging across many images to obtain mean image patches might blur complex color and
spatial tunings, particularly important in late layers [84]; 3) their study is limited to one
architecture only. To address limitations (1) and (2), in our second study, we evaluated
a neural unit's maximally responsive stimulus on image patches de ned in an appropriate
color space, while using a segmentation algorithm to preserve the complex spatial tuning
properties of deeper units. To address limitation (3) we used 3 architectures.

More recently, Harris et al. [85, 86] examined color properties in an anatomically con-
strained object recognition neural network [87]. The architecture mimics the biological
constraints of our early visual system with the introduction of a bottleneck after the very
rst convolutional layers of the model [87]. Harris et al. reported simple and double
opponent [72] kernels in the layers before and after the bottleneck emerged in varying
proportions, depending on the size of the bottleneck. Like in [81], Harris et al. did not
include chromatic contrast as their computation of a kernel's spatial opponency was based
on achromatic gratings only (Cf. Figures 6 and 7 in [85]). Despite this, their results empha-
size that color sensitive edge detectors like double-opponent kernels can emerge in DNNs
trained for object recognition. In the second study, we investigated this in all convolutional
layers of various DNN architectures.
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Again more recently, Taylor Xu [84] found that color and shape are jointly represented
in the higher layers of DNNs. Indeed, while colors and shape appeared separated at the
rst stages of the processing, the geometry of the internal representations of color varied
and depended on object shape. Thus shape can in uence the color tuning for kernels in
the deep layers of DNNs trained for object recognition. This nding, however, should not
have too many consequences for this thesis: in study (1) we used simple stimuli suited
for systematically studying kernels in early layers, and, in study (2), we used stimuli with
complex shapes tailored for each higher layer kernels.

In a recent work by De Vries et al [88], we show that DNNs trained for object recognition
develop a categorical representation of color. We repeatedly retrained the object recogni-
tion neural networks on a color classi cation task across several training colors, and found
systematic categorical borders. The same borders were also consistently found by a set
of genetic algorithm searching for the optimal border placement. Additionally, these bor-
ders and the categories they de ne correlate with the basic color categories found in many
populations, across cultures and languages [89]. Overall, this robust result suggests that a

categorical perception of color can emerge with the development of object recognition.

1.1.4.2 Models for color constancy

There are many proposed algorithms for color constancy (e.g., from computer vision and
image processing). In those elds, color constancy is typically approached by explicit
estimation of the scene's illumination [90, 91, 92, 93], followed by an image correction via
the von Kries assumption [94]. This also applies to DNNs approaches [92, 93, 95, 96, 97],
although all these approach outperformed previous models. Their goal is thus to correct
images independently of their content, rather than model human perception. In biological
vision, however, color constancy is rather tested as the ability to extract color information
about the object and materials in the scene consistently across varying illuminations [58,
75, 77, 80, 98]. Following this de nition, color constancy is related to object recognition,
and implicitly assumes some form of color comprehension.

One reason why previous studies failed to relate DNNs trained for color constancy to
object colors partially lay with the impracticability to train DNNs for color constancy
on natural images, let alone object recognition. Indeed, it would require a hundreds of
thousands of calibrated natural images, where the ground truth illumination would also

be known. Such dataset currently does not exist. Typical natural images datasets for

10
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color constancy are on the order of thousands of image's Previous studies involving
DNNs attempted at circumventing this issue through various data augmentation techniques
including the application of additional color distortions and cropping [95, 96]. In study (3),
instead, we rendered realistic scenes to create a large training set of naturalistic images
[99].

Using this approach, we have the veridical knowledge over all relevant real-world causes
such as surface colors and illuminations. Similar approaches have been used for depth and
optical ow estimation tasks [100, 101, 102], and surface material inference, such as gloss
[21, 103], but has to our knowledge not been applied to training DNNs for color constancy.

1.2 Summary of studies

1.2.1 Study 1: Processing of chromatic information in a deep convolu-
tional neural network

The goal in study (1) was to compare the color properties that emerge from DNNs trained
for object recognition to properties of neurons in primates. As the rst work of this thesis,

it thoroughly investigates one architecture - AlexNet [26]. It also mainly focuses on units
in the early layers, with smaller receptive elds and fewer non-linearities than deeper units.

We trained the model on the ImageNet [30] dataset, comprised of over 1.2M hand-labeled
natural images of objects. Images were divided into 1000 di erent categories of object, 1
category per image. To improve our statistical relevance, 34 instances of AlexNet were
trained in addition to the pretrained model [104]. Randomization steps included in the
training procedure [26, 29] to ensure that the training instances were slightly di erent from
one another.

To examine color coding, we de ned a color space that preserves the relationship and
relative distances between colors. The cardinal dimensions of this color space, which we call
RGBpca, are the principal components of the pixel distribution of the training dataset.
This principal components were also found in previous work [105] for natural RGB images.
The rational behind choosing a PCA-based space is decorrelation of inputs: if DNNs
trained for object recognition are similar to biological visual systems, then their internal
representation should decorrelate their input along dimensions that are stastically sensible,
like the principal components of the input [106, 107].

First, we looked at the color directions kernels in the rst layer of all 35 instances of
AlexNet are selective for. Figure 1.3 paneA shows the color direction sensitivities of the

seehttps://colorconstancy.com/evaluation/datasets/ for a review
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1. SYNOPSIS

96 kernels in the rst layer of each AlexNet instance (35 total). Azimuth represents the
Hue angle in RGBrca, While elevation represents the degree to which a kernel is sensitive
to color: At 0° elevation, kernels are only responsive to color while at 9they are only
responsive to achromatic changes. At 4% kernels are responsive to chromatic and achro-
matic information equally. In approximately equal numbers, AlexNet's rst layer kernels
cluster into 2 major groups (Figure 1.3 panelA right histogram): those mostly responsive
to color (color kernels) and those mostly sensitive to achromatic contrasts luminance ker-
nels). Additionally, kernels within the color kernels category tend to fall along 2 cardinal
axes: the 0 -180axis and the 90-270 (Figure 1.3 panelA upper histogram). Thus AlexNet
models seem to decorrelate their RGB input into statistically e cient dimensions in a sim-
ilar fashion as the human early visual system decorrelates its LMS input [106, 107]. The
distribution, however, is broad, and the 2 cardinal axes appear visible when all training
instances are considered together.

Our second experiment examined the consistency underlying AlexNet's parallel process-
ing stream. AlexNet presents the peculiarity of having 2 parallel processing streams in its
early layers, one for each of the 2 GPUs it was originally trained on, and this may have
consequences on the model's functional organisation. Alexnet's developers [26] indeed suc-
cinctly reported that both streams each developed a specialization during training, one
rather processing the chromatic information and the other the achromatic information.
We asked how consistently this segregation occurred in our 35 instances and whether it
correlates with the model's performance. While the degree of segregation varied among
our 35 training instances, 32 out of 35 models showed a degree of segregation signi cantly
higher than what could be expected by chance; many instances were near perfect segrega-
tion. This consistent segregation in the early stage of visual processing is also found for the
human visual system [108], suggesting that a segregation in the processing of chromatic and
achromatic information facilitates the process of learning to di erentiate between objects.
The precise reason, however, remains unclear. Indeed, while accuracy positively correlated
with the degree of segregation, it only varied by less than 0.5% across the 35 instances.

Our third experiment examined how color information is processed throughout the mod-
els. The strategy applied, inspired from physiological approaches [73, 109, 110], consisted
of recording the response a single units to simple, highly controlled stimuli: colored circles
on a gray background for chromatic contrast. Confronted to these stimuli the last convo-
lutional layer of AlexNet showed a remarkable increase in responsivity to colored stimuli
relative to grayscale stimuli, as is also found in the most anterior visual areas of the occip-

ital lobe, V4 and VO [111, 112]. However, because late kernels learned complex features,
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1.2 Summary of studies

Figure 1.3: Summary of Study (1) . Panel A: Preferred tuning directions of rst layer
kernels (n=96) in RGBpca coordinates. In the central scatter plot, individual dots are pre-
ferred elevatiorrca angles (in absolute value) plotted against preferred azimuthca angles
for each kernel in the rst layer of all 35 training instances of AlexNet. Dotted lines represent
the 45° threshold elevation value employed to classify kernels as either color ( 45°) or
luminance ( 45°) units. The right panel shows the histogram of preferred elevatiopca
values across all azimuthgca . The top panel shows the histogram of preferred azimuthca
values across color kernels onlyPanel B: Functional segregation between the processing of
chromatic and achromatic information in the rst layer of Alexnet. The top panel displays a
visualization of the rst layer kernels in one training instance. The bottom graph shows the
performance of the model as a function of this functional segregation (r = 0.41, p<0.05

their overall response to our simple stimuli was much lower than the overall response of
kernels in early layers. This suggests that stimuli with more complex spatial features are
required for studying the color tuning of very late kernels accurately.

Taken together, these results show that feedforward DNNs trained on object recognition
exhibit several properties similar to the primates visual system: (1) They decorrelate their
input into statistically meaningful color dimensions early on; (2) They process chromatic
and achromatic information separately when segregated; (3) Later stages of the visual
processing exhibit a remarkable increase in color sensitivity. While the employed methods
worked well for characterizing units in AlexNet's early layers, the observed color responses
in higher layers were harder to explain, presumably because of the simplicity of our stimuli.

Kernels from midlayers onward are known for being responsive to complex features, where
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shape and colors are entangled [36]. In order to study the color properties of these kernels
with higher degree of precision, in Study (2), we used more complex stimuli.

1.2.2 Study 2: Color for object recognition: Hue and chroma sensitivity
in the deep features of convolutional neural networks

While the method used in the Study (1) is well suited for examining early units of Deep
Neural Networks, later units require the use of stimuli with more complex spatial features
[113]. In Study (2) these limitations were solved by devising complex stimuli tailored for
each one of the network's kernels. We found each kernel's preferred stimulus, using a
method similar to [83], consisting in extracting the image patch among the 1.2M training
images responsible for the model's maximum activation. We then segmented each kernel's
preferred stimulus into meaningful segment based on their color distribution [114]. The
color of each segment was then separately modi ed while keeping the achromatic structure
of the whole stimulus the same (e.g., Figure 1.4eft). Finally, like in Study (1), each
kernel's response to the color changes was recorded. The main advantage of this method
is that each kernel are exposed to their preferred shape, kept intact across color changes.
Additionally, because the stimuli are extracted from the ImageNet training dataset and
semantically meaningful to the models, we can now use them as input for the recognition
task. This method thus allowed us to quantify both the color properties of the deep units
and their consequences on object recognition in Deep Neural Networks.

Building up on the previous study, the pool of Deep Models included 2 additional con-
volutional architectures: VGG-16 and VGG-19 [37]. Very consistent results were found
across all 3 models, suggesting that the color properties reported here are shared by all
standard feedforward convolutional architectures, independently of their size. Addition-
ally, many of the results con rmed the previous ndings. For instance, a dichotomy was
again observed in the rst layers, where kernels are to a large degree either color responsive
or color agnostic. A peak of color responsivity was also found in the last convolutional
layers of all three models. This qualitative increase does not depend on the total number
of convolutional layers the model has, be it 5 or 13 or 16.

Other than these con rmations, we were also able to describe in more detail the color
properties of our 3 networks. We found a large proportion of double-opponent [72] kernels
in the early layers of the models we studied - 1st layer of AlexNet and 4th layer of the
VGG-nets - the determining factor appearing to be the kernel size, in each case of around
10 pixels width. Below this size - such as in the very rst layers of the VGG nets - kernels
are mostly similar to simple cells [72, 73] i.e selective for a single hue across their whole
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Figure 1.4: Summary of Study (2) . Center: Schematic of the VGG-16 architecture. Left:
Examples of colored stimuli used as network input. Top: Histograms of hue directions that
kernels are selective for in the , 4™, 7" 10" and 13" convolutional layers (color coded).
Bottom: Histograms of the number of hues color sensitive kernels are selective for in the same
convolutional layers (as previously color coded). In the rst layer, kernels are mostly single
opponent i.e. selective for one hue across the whole receptive eld. In the fourth layer, most
color sensitive kernels are double opponent.Right: Accuracy of the models following hue
changes. The grey line is the accuracy of the model for the same grayscale stimuli. A wrong
hue can elicit a stronger drop in performance than non color, meaning that the model is more
sensitive to hue than color saturation.

receptive eld. Above this size - in the deep layers of all 3 networks - tunings were more
varied and complex. We found kernels selective for up to 3 di erent hues, each in a specic
spatial segment (Cf. Figure 1.4bottom). Some color sensitive kernels were even found
selective to 2 distinct hues within the same segment - one primary hue to which the kernel
is most responsive, and one secondary. This secondary hue was the opponent color of the
primary hue most of the time (around a 180 hue di erence).

The distribution of hues for which kernels were most selective for also varied from layer to
layer. In each individual models, early layer kernels were found selective for a wide range of
hues?. In deeper layers, however, the distributions of primary hues progressively narrows
down to 1 axis: the axis blue-orange of the RGBca coordinates, as shown in Figure

! Despite this broad distribution, we showed in Study (1) that cardinal directions actually appear when
pooling kernels of 35 training instances together.
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1.4 Top. This progression, interestingly, is almost in perfect opposition with what has
been observed in the macaque's ventral stream: while Derrington, Krauskopf and Lennie
[71] found that the color responsive cells in the LGN are selective for a narrow range of
hues - restricted to 2 chromatic axes, which later de ned the DKL color space [115] - color
responsive cells in V1 already show a higher diversity in the range of hues they are selective
for [73], and cells in V2 show no preferred color axis whatsoever [109].

Finally, and perhaps more importantly, we were also able to determine what consequences
some of the kernels properties have on the models performance (Cf. Figure Tight). For
instance, we found that a segment displayed with a di erent hue than the one it is selective
for is likely to induce a lower kernel response than the same segment displayed in grey.
In other words, kernels in DNNs tend to be mainly sensitive to change in hues rather
than changes in chroma. This points to a special role for hue, as opposed to chroma or
saturation, as has also been observed in humans [116, 117, 118]. This property propagates
to the models' recognition rate: accuracy was lowest for images with a hue around 90
apart from the original hue, lower than for the same images in grayscale. Particularly for
images that color sensitive kernels are very responsive to. A similar e ect was also reported
in humans, both for object and scene recognition: observers took a longer time to recognize
images of scenes with wrong colors than achromatic images of the same scenes [60, 119].

Overall, these results show that while supervised feedforward DNNs trained for object
recognition account for a surprisingly high number of color properties of the ventral stream,
they can also exhibit striking di erences as illustrated by the almost opposite progression

in hue tuning between both systems.

1.2.3 Study 3: Deep Neural Models for color classication and color
constancy

So far, we gained insights on the color processing of state-of-the-art architectures trained
on the complex task of object recognition. These networks are, however, unsuited for
examining one important aspect of our color vision: color constancy, or our ability to
recognize colors consistently across varying illuminations [75]. Training DNNs for color
constancy requires a large dataset of calibrated images taken under varying illuminations,
practically impossible for real images [95], let alone labeled for object recognition.

As an alternative, we exploited the recent advances in computer graphics [99] to generate

over 450K photo-realistic images. These images were generated thanks to the real spectra
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of 1600 surface re ectances [120, 121], 279 natural lights [122, 123, 124] and 2115 di erent
realistic 3D object shapes® (see Figure 1.5panel A for an example).

We trained several state-of-the-art models in computer vision for color constancy: Mo-
bileNet [32], ResNet50 [9] and VGG11 [37]. We also trained two custom architectures.
One, DeepCC, was a standard convolutional architecture [24]. The other, ResCC, was a
Bottleneck ResNet architecture [9]. Both were similar in size and much smaller than any
of the state-of-the-art models. The task of the models was to classify the images based on
the object's surface color, independently from the illumination - thus e ectively learning
color di erences and color constancy simultaneously.

We measured the degree of color constancy achieved by the models using the Color
Constancy Index (CCI) [75]. A CCI of 0 indicates no color constancy, and a CCI of 1
indicates perfect color constancy. We found that all models performed extremely well on
their task, as shown in Figure 1.5panel B. DeepCC, despite being the least accurate,
nevertheless showed an average CCI across color classes of 0.75, around the highest values
found for human observers [58], other architectures exhibiting average CCI values of 1. We
also found that each one of the networks used global contextual cues surrounding the object
to solve color constancy, more precisely to estimate the illumination, as indeed humans
would. Like human observers, they relied on the background color to account for the
illuminations [125, 126]. They also relied on scene complexity to perform color constancy,
although to a lesser degree than global contextual cues, again similarly to humans [127].
Finally, the networks also exhibited lower color constancy under illuminations orthogonal
to the daylight locus, which correlates with the di culty that humans have to adapt to
these unnatural illuminations [128].

Convinced that our models exhibited global behaviors qualitatively similar to humans
when it comes to color constancy, we also visualized how these models perceive colors i.e.
what sort of color representations they built during training. In other words, while they all
di erentiate between red, orange and green, do they also perceive orange as more similar
to red than to green? This question is not trivial, as these relative distances have never
been explicitly given to the models during training. And indeed, we found that not every
model developed human-like representations of colors quite far from it.

We implemented a decoding approach inspired from standard methods in brain imaging
studies [129, 130] to extract matrices of distances from our models activations. These dis-
tance matrices tell us what are the relative representational distances between the surface

!Meshes ranging from man-made objects to natural objects, issued by evermotion https:/
evermotion.org/shop
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Figure 1.5: Summary of Study (3) . Panel A: One example out of our 450K generated
stimuli. The task of the models was to identify the color of the central object among 1600
di erent colors under varying illuminations. Panel B: Models performance. All models per-
formed the task extremely well: DeepCC, the simplest convolutional architecture trained, was
our poorest performer with an average Color Constancy Index of 0.75 across color classes,
which is at the upper limit of color constancy in humans observers [58Panel C: Internal
representations of colors. Although ResCC, a custom ResNet architecture, performed better
than DeepCC at the task, it represented colors in a di erent way than humans. Contrary to
DeepCC.

colors in all di erent layers of our models. We can then t the dimensions that can best
explain these distances [131] and visualize the resulting representational spaces, such as in
Figure 1.5 panel C for DeepCC and ResCC.

We found that DeepCC, our simplest convolutional architecture, was the network with
the highest similarity to both perceptual spaces by a large margin. In fact, it was the
only network for which the similarity grew over depth, meaning that the network progres-
sively transformed its input into representations similar to human color perception. The
other networks, like ResCC, although more accurate at object color recognition, trans-
formed their input into color representations progressively dissimilar to human perceptual
judgments.

Overall, these results show that computer graphics can be a mean to teach DNNs to
distinguish between colors under varying illuminations, thus e ectively also teaching them
color constancy. Doing so, they consistently exhibit behaviours also previously observed
in humans observers when confronted with deprivation in contextual cues across network
architectures. Although the simplest architecture additionally exhibited human-like rep-
resentations of colors, the other architectures did not. The latter suggests that a trade-o
between an architectural simplicity and performance are necessary for developing human-
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