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Abstract

Visual perception is often studied through the lens of object recognition. However, a large
fraction of visual experience concerns image properties that are not naturally described
in terms of discrete objects or categories. Visual textures provide a useful method to
investigate this complementary aspect of vision, as they can be described through im-
age statistics while spanning a wide range of perceptual and semantic complexity. In
this thesis, I investigate how textures are represented in deep neural networks and hu-
mans, combining texture synthesis, representation analysis, computational modeling, and
psychophysics.

I first explored whether the naturalistic texture representations introduced by Gatys
et al. (2015) could be combined with the latent space of a Variational Autoencoder to
construct a controllable generative model of naturalistic textures. Although the complete
model did not achieve the intended performance, the experiments isolated the texture
representation proposed by Gatys as the most robust component of our framework and
motivated a direct investigation of its representational properties.

I then studied texture representations coded as Gram matrices across a diverse set
of convolutional neural networks trained for object recognition. Texture information in-
creased with network depth, but the resulting representations recovered only part of the
categorical structure of natural textures defined by human judgment. Crucially, their
quality was not correlated with measures of neural or behavioral alignment in object
recognition. This dissociation indicates that being a good model of the ventral visual
stream in an object recognition setting does not necessarily imply representing textures
in a human-like way.

Finally, I extended this analysis beyond convolutional architectures by comparing one
CNN with three Vision Transformers across textures of progressively increasing com-
plexity and with human performance in a psychophysical discrimination task. Vision
Transformers formed substantially more consistent representations across texture types
than the CNN, and these representational relationships were significantly better aligned
with human perception.

Taken together, these results show that texture perception provides a complementary
benchmark for computational models of vision and exposes limitations within the domi-
nant object recognition paradigm. More broadly, I suggest that understanding biological
visual representations requires models and evaluation criteria that account not only for
object identity and semantic content, but also for the statistical and contextual structure
through which visual appearance is organized.
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CHAPTER 1

Introduction

This thesis presents a series of interconnected research studies on visual textures, an
important but still understudied topic of vision neuroscience. Questions about human
vision are often framed in terms of conscious recognition: how do we understand what
we see? In practice, this has usually meant asking how we recognize objects, as if seeing
the world was only a matter of identifying the things around us. Much less attention
has been given to a complementary question: how do we see what we cannot easily
name or understand? Textures belong precisely to this niche area of vision. They are
everywhere in natural scenes, they strongly shape visual experience, and yet they haven’t
been recognized as separated phenomena within the object-centered paradigm.

The object recognition framework has been extraordinarily productive. It has guided
the discovery the brain processes underlying the perception of visual stimuli, the rep-
resentation of objects, and it has shaped the development of computational models of
vision, influencing the release of successful modern computer vision systems. The ob-
ject recognition framework has also brought together diverse research disciplines such as
neuroscience, psychophysics, computer science, linguistics, and others around a common
goal: understanding how visual information makes sense. However, the same paradigm
also leaves open a fundamental question: if vision is not only about recognizing objects,
what else does the visual system represent? Parallel to studies on object recognition,
other lines of research in vision psychophysics began to focus on aspects of vision that
often occur outside awareness. In this context, visual textures are especially useful: they
make it possible to study perceptual phenomena and implicit image processing without
relying on object identity. Synthetic textures generated from computational models of
low-level image features, were used in psychophysics and physiology experiments to study
which information the visual system extracts from visual scenes. Within this fertile area of
research, textures gradually emerged not only as convenient stimuli, but as acknowledged
objects of study themselves; in fact, they provide experimental access to dimensions of vi-
sion that remain partly hidden when scientific questions only focus on objects, categories,
and recognition.

My contribution to the study of visual textures lies at the intersection among com-
puter vision, vision neuroscience, and data science. In the early stages of my PhD, I
developed a framework to study the perceptual properties of synthetic visual textures.
Over time I investigated a more general research question: what kind of visual informa-
tion do textures carry, and how is this information represented? Following this lead, I
researched beyond the visual properties of texture images and focused on the perceptual
and semantic representations formed by humans and computational models of vision. I
brought together synthetic and naturalistic textures into the same experimental pipeline,
considered the object recognition paradigm as a theoretical reference point, and ques-
tioned whether this paradigm is sufficient to capture the nature of textures and their
representational properties. Overall, this thesis presents a computational approach to the
study of vision through the lens of visual textures. By doing so, it aims at clarifying what
textures reveal about internal representation formed by humans and vision models, and
at outlining future directions with potential implications for the theoretical foundations
of vision science.

In the following sections of the Introduction I will provide useful background notions
to understand each research project. In Chapter 2 A Variational Autoencoder for texture



synthesis I will discuss the development and training of a Variational Autoenconder with
a convolutional backbone to generate high-quality, naturalistic-looking artificial textures.
The model synthesizes artificial textures by optimizing an initially randomized image to
match the texture contained in an input naturalistic image. 1 will describe how this
model failed to produce the expected results despite attempting several training regimes
and different datasets, and despite isolating a number potential sources of error. Nev-
ertheless, I will discuss how the negative result lead us to examine new open questions
around defining efficient representations of textures. Chapter 3 Perceptual misalignment
of textures representations in convolutional neural networks is dedicated to the analysis
of a well known algorithm to extract texture representations from naturalistic images,
invented by Gatys et al. (2015) and originally implemented with a specific Convolutional
Neural Network. I implemented the algorithm with a large pool of Convolutional Neural
Networks trained for object classification, and asked if the texture representations ex-
tracted with the Gatys’ algorithm align with traditional measurements of human-likeness
in vision models. Finally, in Chapter 4 Texture representations in deep vision models:
comparing Convolutional Neural Networks, Vision Transformers, and human perception
I will introduce the usage of Vision Transformers as models to extract reliable texture
representations, and will compare such representations with human performance quanti-
fied with a behavioral task. I will show that Vision Transformers can produce meaningful
texture representations which are also aligned to human perception. To conclude, I will
summarize the main findings, and outline future directions that could potentially impact
the theoretical foundations of computational vision and texture modeling, which include
studying texture perception separately from object recognition and through usage of Vi-
sion Transformers rather than classic CNN models.

1.1 The ventral visual stream

Vision is a complex process that involves several stages, from the eyes to many brain
areas. The eyes receive inputs from the external environment and elaborate raw visual
information by means of two cells: rods and cones. Rods and cones are neurons specialized
for photoreception and populate the retina. Cones are concentrated in the central part of
the retina, the fovea, and respond to luminous stimuli of different wavelengths; rods are
concentrated in the parafovea, the peripheral part of the retina, and respond to to motion
and absence of light. As a consequence to receiving visual stimuli, rods and cones transmit
electrical signals via the optic nerve, through the Lateral Geniculate Nucleus, and to the
rest of the brain; here, the signal reaches to the primary visual cortex, located in the
two occipital lobes. In primates, the primary visual cortex, known as striate cortex or as
V1, is the input stage of the visual cortex, which is a large brain region devoted to the
processing of visual stimuli. After V1, visual information crosses to two different pathways
of the visual stream, called dorsal visual stream and ventral visual stream. The former
elaborates visual stimuli in motion and expands towards the dorsal side of the occipital
lobes; the latter processes static visual scenes and it goes deeper into the temporal lobes.
I will focus on the ventral visual stream as a biological foundation basis of my research,
which comprehends the following extrastriate areas: V2, V4, and inferotemporal cortex
(IT).

The ventral visual stream is organized as a hierarchical process of visual stimuli in the
areas mentioned above (Desimone and Schein, 1987). V1, or striate cortex, is the first area
to receive signal from the retina, and it selectively responds to stimulus orientation and
luminance. A series of influential studies on the mammalian striate cortex were published



by Hubel and Wiesel. They studied the receptive field and the firing patterns of V1
neurons in lightly anesthetized cats (Hubel and Wiesel, 1959); mapped the neuronal
organization and retinotopy of the cats’ striate cortex (Hubel and Wiesel, 1962); and
eventually they studied primates’ V1 (Hubel and Wiesel, 1968). Specifically, in Hubel and
Wiesel (1962), Hubel and Wiesel recorded the firing activity of V1 neurons and described
a small neuronal receptive field size. Using a bar of light projected onto a screen and
manipulating its orientation and position they discovered two types of fundamental cells:
simple cells, which selectively fire for stimulus shape, orientation, and position confined
to the size of the local receptive field of the neuronal population; complex cells which
receive inputs from simple cells, respond to the same stimulus features as simple cells,
but they generalize the positional response to larger areas other than local neighborhoods.
A few years later, Hubel and Wiesel (1968) extended their study of the striate cortex to
primates with in vivo electrophysiology, thus providing a model linked and relevant to
the human visual system. To this date, the seminal work by Hubel and Wiesel remains a
fundamental element in the modern understanding of the mammalian visual cortex.

The output signal of V1 flows into V2. Studies on primates’ V2 revealed that neurons
in V2 have an approximately double sized receptive field than that of V1 neurons (Gattass
et al., 1981). V2 neurons were also found to respond to regular gratings, contour shapes
(Hegdé and Van Essen, 2000), angle orientation (Ito and Komatsu, 2004), combinations of
different orientations, and simple textures (Anzai et al., 2007). A very small fraction of V2
neurons was also associated to the processing of stimuli with different color wavelengths.
Schmid et al. (2009) propose a functional distinction of neurons populating V2: “sustained
neurons”, which elaborate the same stimuli as in V1 with a temporal decay; “transient
neurons” which are sensitive to temporal dynamics and respond to higher level visual
features such as texture, depth, simple shapes and lines. Also Willmore et al. (2010)
describe a heterogeneous neuronal population in V2. They find that half of the neurons
respond to similar spatial tuning to those of V1, and the the other half encodes more
complex image features such as those occurring in natural visual scenes. In essence, the
role of V2 is complementary and additive to that of V1: it contributes to a higher level of
abstraction of image processing by integrating and differentiating spatially and temporally
determined stimuli.

Following V2, V4 builds on the hierarchical visual process by receiving feedforward,
direct inputs from both V1 and V2, and by sending feedback outputs (Pasupathy et al.,
2020). Desimone and Schein (1987) find that most cells in V4 are highly selective for
stimulus form, and Pasupathy and Connor (1999) find that V4 processes information
about contour and boundary features. Similarly to V2, V4 selectively responds to orien-
tation, spatial frequency and more strongly to color, as well as to more complex object
features such as structured shapes. The authors also show that the receptive field of
the neuronal population in V4 is 4 to 7 times larger than those of V1 neurons. In an
interesting review, (Pasupathy et al., 2020) argue that V4 is likely to be involved in the
construction of objects representations taking place in the Inferior Temporal cortex by
selectively responding to contour features and by suppressing representations of textures
received through direct connectivity from V1 and V2. This consideration is particularly
relevant to understand where and how textures representations are formed in the ventral
visual stream, and to which extent they contribute to or stray from the representations
of objects. To summarize, the role of V4 can be described as the processing of visual
information of texture, shape and color as a step toward complex object recognition.

The final stage of the ventral visual stream is the Inferotemporal Cortex (IT), located
in the inferior portion of the temporal lobes, and putatively shares an associative net-



work with other sensorimotor cortices to contribute to the formation of semantic memory
(Patterson et al., 2007). IT selectively respond to and representations of objects, body
parts, and faces by receiving inputs from and sending feedback to V1, V2 and V4. Tanaka
(1996) shows that IT neurons selectively respond to various moderately complex object
features arranged as a continuous map in a complex feature space, and Logothetis and
Sheinberg (1996) argue that in IT there is specific system for general object recogni-
tion, while there is an integration of multiple representations based on different image
transformations. Later, Rust and DiCarlo (2010) find that V4 and IT share similar rep-
resentational properties of objects, but the effective accomplishment of such task in IT is
mainly due to the difference of the receptive field size. This result further supports the
importance of the size increase of neurons’ receptive field across the ventral visual stream
to achieve object recognition. Finally, (DiCarlo et al., 2012) introduce the concept of
“core object recognition”, which is an immediate and effortless mechanisms invariant to
image transformations, that preserves object identity across real-world variations.

1.2 Computational models of the ventral visual stream

In parallel to the biological studies understanding the role of the ventral visual stream,
its functioning and its organization, the scientific community committed to deepen this
knowledge by proposing a number of computational models. In the 1960s and 70s, several
studies made an effort to mathematically characterize the functioning the cells present in
V1. The summation of the receptive fields of simple cells is described as a linear process
related to the contrast or luminance of the stimulus (Enroth-Cugell and Robson, 1966;
Movshon et al., 1978a), while the summation of complex cells’ receptive fields is mostly
nonlinear: in fact, the receptive fields of complex cells seem to interact nonlinearly with
each other by means of smaller subunits (Movshon et al., 1978b). In an important re-
view, Carandini et al. (2005) report that initially single linear filters were preferred to
model V1 neurons, but they were later substituted by nonlinear models and multiple
nonlinear filters. The authors thus advance the hypothesis that just linear or just non-
linear models could fall short in fitting the description of early and middle vision stages.
Notably, inspired by Hubel and Wiesel’s work, Fukushima (1980) developed a pattern
recognition model named Neocognitron. The Neocognitron is designed and tested after
Hubel and Wiesel discoveries on the functioning of V1 (Hubel and Wiesel, 1962, 1968).
The Neocognitron is composed by several modules equipped with with S-cells and C-cells,
named respectively after simple cells and complex cells. S-cells and C-cells were designed
to model their biological homologue, but their activity is repeated over several layers,
making the Neocognitron a hierarchical model that mimics not just V1, but the whole
ventral visual stream.

As reported in Kuypers et al. (1965), there are feedforward connections between V1
and V2. They describe two distinct types of transformations happening between the vi-
sual two areas, which are particularly relevant for texture perception. The first, called
differentiation, enables V2 to extract texture boundaries; integration builds on the bound-
ary information extracted in V1. The authors explain that the type of responses detected
in V2 from continuous and discrete stimuli — such as gratings — are well represented by
nonlinear dynamics, and argued that, while feedforward networks can model temporal
differentiation and feedforward inputs from V1, a more complex model is required to de-
scribe non-spatial differentiation and feedback connections with V1 and possibly other
areas. Freeman and Simoncelli (2011) later developed a mathematical model that de-
scribes the increase of neuronal populations receptive fields in V2, approximately double
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in size than those in V1, as a function of stimulus eccentricity. They generate synthetic
images that look identical to the original in the central fixation point with a parametric
method (Portilla and Simoncelli, 2000a), but with distorted peripheral features. Images
whose distortion was determined by a pooling size parameter that matched the recep-
tive field size in V2, were indeed found to correlate V2 responses. Since V2 was linked
to texture perception (see in the previous paragraph Ito and Komatsu (2004); Schmid
et al. (2009)), Ziemba et al. (2016) later developed a framework to test directly the link
between V2 and sensitivity to visual textures. Using the same method as in Freeman
and Simoncelli (2011); Portilla and Simoncelli (2000a), they generate synthetic samples
of naturalistic visual textures characterized by different types of patterns that look iden-
tical to the original, but their statistics of local textures ensembles are tightly controlled
to match the sensitivity of V2 neurons. In fact, they find that V2 neuronal responses
match such statistics, while having tolerance for other image variations. The work by
Ziemba et al. (2016) established a direct link between texture perception and the func-
tioning of V2, marking an important discovery in the area of vision neuroscience that ties
computational modeling of textures and experimental physiology.

About V4, one influential computational model is the Spectral Receptive Field (SRF),
designed from observations about the selectivity of V4 neurons for complex visual pat-
terns, such as contours, gratings and edges with various orientations (David et al., 2006).
SRF essentially depicts the shape tuning behavior of V4 neurons by means of a second-
order nonlinear model that describes tuning in terms of stimulus orientation and spatial
frequency power spectrum. The findings made with SRF are consistent with previous ob-
servations that linearity can’t explain higher-order visual phenomena in the later stages
of the ventral visual stream, beyond V1 (Carandini et al., 2005). Later, Pasupathy and
Connor (2001) study the response of single V4 cells to position-specific curved bound-
aries in the framework of object recognition. They employ closed-shape visual stimuli
featuring convex or concave edges and quantify the tuning of V4 cells to such stimuli by
using a set of complex Gaussian functions determined on a curvature x position domain.
They fit the model with in vivo recorded neural response and developed a method that
is now considered an important mathematical framework that further characterizes the
complex and specific functions of V4 neuronal population. Later, Cadieu et al. (2007)
published an explicit computational model of shape selectivity in V4 to address how this
function contributes to object recognition. In particular, they test how shape sensitivity
emerges from the direct connection between V1 and V4. The model has parameters that
are specific to V4 cells, as evidenced in Pasupathy and Connor (2001), the architecture
is hierarchical and feedforward, and the whole structure mimics the functioning of the
ventral visual stream from V1 to V4 motivated by previous experimental evidence of the
functioning of each visual stream area.

The last stage of the ventral visual stream is the inferior temporal cortex (IT), where
object recognition takes place. In an influential review, Riesenhuber and Poggio (2000)
underline that object recognition is traditionally considered both an identification and a
categorization problem. Identification stands for the accurate discrimination of objects,
while categorization stands for the ability to group together sets of objects. This frame-
work later led to the development of computer vision systems that solve either one of them.
However the authors explain how, in biological vision, object recognition happens in I'T af-
ter the hierarchical stages of image processing in the ventral visual stream: they highlight
how IT is capable of recognizing and categorizing object easily and quickly (~ 150ms)
and how it produces representations that are robust to image variations. Consequently,
Riesenhuber and Poggio (2000) support the efficacy of feedforward and hierarchical mod-
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els such as Neocognitron (Fukushima, 1980) and the subsequent HMAX (Riesenhuber
and Poggio, 2000), that describes more reliably the feedforward connections between V1,
extrastriate visual areas, and IT which contribute to the realization of invariant object
recognition. Anselmi and Poggio (2014) review and discuss evidence that the main role of
the feedforward path of the ventral visual stream is to encode object invariant represen-
tations of images. In particular, the authors argue that within the first ~ 100ms, areas
V1, V2 and V4 collectively and progressively form object representations that are robust
to variations such as translation and scaling; in IT, another stage of image processing
provides representations that are apt for object classification and recognition, based on
the identity transformation invariance learned in the earlier stages of the ventral visual
stream.

Early theoretical models of biological object recognition, in fact, either missed the hi-
erarchical structure, or the feedforward connectivity. In the Recognition-by-Components
(RBC) theory, Biederman (1987) propose that object recognition happens thanks to the
spatial overlay of the so-called “geons”, volumetric primitive entities linked by spatial
relations. Later Mel (1997) propose SEEMORE, one of the earliest biologically inspired
computational models of object recognition. SEEMORE is a hierarchical and feedforward
system that integrates shape, texture and color cues through a series of nonlinear oper-
ations. More recently, Riesenhuber and Poggio (1999) published HMAX. As mentioned
above, HMAX is considered a further, important step to a successful and biologically
reliable model of object recognition in the visual stream. HMAX, in fact, builds its ar-
chitecture on the precursor Neocognitron (Fukushima, 1980), discussed earlier. Also in
the case of HMAX, the seminal work by Hubel and Wiesel (1962) constitutes the main
biological foundation: HMAX has are two types of operating units: the first type largely
overlaps with the functioning of the Neocognitron’s S-cells, and the second type recalls
C-cells. The function of the first type of cells is similar to S-cells, while the second type
replace C-cells with pooling operations over the activity of the first type of cells. In
HMAX, the activity of these two types of neurons is built in a number of stacked layers
that constitute a feedforward hierarchy, becoming one influential type of neural model
of the ventral visual stream. As a secondary consequence, HMAX was also shown to
capture the response time span of deeper cortices in the ventral visual stream, enabling
its biological plausibility.

DiCarlo and Cox (2007) later brought forward, in a popular review, the idea that
biological object representations lie in high dimensional, tangled manifolds generated by
hierarchical processing in the ventral visual stream. In this paper, the authors introduce
a new crucial perspective to solve the problem of object recognition, both biologically
and computationally. They propose a framework in which object recognition is funda-
mentally a geometric problem: the representations of objects that support both object
identification and categorization are fundamentally complex, because they require many
neuronal processes from the retina till IT. The authors suggest that this problem, con-
sidered from a geometrical perspective, can be represented as thousands of retinal images
of objects and scenes organized as intertwined manifolds. They suggest that the solu-
tion is to identify those brain processes that disentangle object representations, such as
manifold flattening. This solution, in turn, could serve as a guidance to build reliable
object recognition models robust to identity-preserving transformations and fast as the
brain. In a later review, DiCarlo et al. (2012) introduce the concept of “core object
recognition”, formalizing the ideas introduced in previous research works (DiCarlo and
Cox, 2007). They explain that object recognition in primates happens in a short interval
within the average 300ms time employed to explore a visual scene, i.e. 150ms (Thorpe
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et al., 1996). The authors consider this time frame and the recognition that results in this
short process as the core mechanism underpinning object recognition. They once again
underline that object recognition is a complex process that involves complex overlapping
geometrical representations in high dimensions, but they argue that reducing the problem
to core object recognition simplifies greatly the search for a solution. The problem of ob-
ject recognition showed interesting advances and the rise of new theoretical hypotheses,
such as those in support of a functional overlap between mammalian visual cortex and
artificial neural networks for vision, which led to the one of the most influential studies
that mapped the representations of objects formed in IT to those formed by a large pool
of computational vision models, spanning early models, such as HMAX, to the modern
convolutional neural networks. Using Representational Similarity Analysis, Kriegeskorte
et al. (2008) showed that supervised models achieved the closest representations of objects
to those of human IT gathered with functional MRI, with the top performance reached
by the convolutional neural network (Khaligh-Razavi and Kriegeskorte, 2014).

1.3 Artificial vision

In the early 2010’s the computer science research community adopted the usage of com-
puter systems inspired by the challenge of biological object recognition for improving
automated object classification in the field of engineering. Among the most famous vi-
sion models there are Convolutional Neural Networks (CNN), developed in the field of
computer vision to classify images. CNNs were partially inspired by precursors such as
Neocognitron and HMAX (Lindsay, 2021). Computer vision systems were usually tested
with challenges such as ILSVRC (ImageNet Large Scale Visual Recognition Challenge
(Deng et al., 2009)), which consisted in evaluating the performance of the model with an
unreleased database of images to test the ability of candidate models to perform auto-
matic object classification. The advent of CNNs deeply impacted the field of computer
vision, and later also the neuroscience of vision, from which it initially took inspiration.
CNNs became very popular with the release of AlexNet (Krizhevsky et al., 2012),
which won the ImageNet competition with a significantly higher accuracy than other
vision models. AlexNet is a large CNN equipped with 5 convolutional layers, some of
which are followed by max-pooling layers, and it ends with a softmax classification head
with 1000 units, the same number as the categories in ImageNet. AlexNet is a feedforward
neural network trained with the backpropagation algorithm based on gradient descent
(Rumelhart et al., 1986), and it uses dropout as a regularization method (Srivastava et al.,
2014). AlexNet performed significantly better than the rest of the models in ILSVRC-2010
and entered the competition in the edition of the challenge ILSVRC-2012 (Russakovsky
et al., 2015), surpassing the best second model by 11% in the top-5 test error rate, with
a score of 15,3%. After AlexNet, the computer vision community released many CNNs
trained on large amounts of images for object classification using backpropagation. These
models vary in size and architecture, but overall the convolutions plus pooling operations
stacked in different layers create image representations compiled into feature maps that
become increasingly more complex (Giliglii and van Gerven, 2015). CNNs are designed
and trained to gradually process local image features with a level of detail that increases
as a function of depth. In the latest layers, associated with the ability to extract relevant
semantic information from the input images, the level of detail peaks. This process serves
to achieve object classification, the main objective of CNNs first exemplified by AlexNet.
The deep hierarchical architecture was designed to provide an efficient method to infer
semantic attributes from images of objects. The deep hierarchy gradually transforms the

7



input image to enable the extraction of semantic information defined as the class label
to which the image is associated. The convolutional layers, that perform convolution
operations over different stages of the image processing, feature receptive fields (RFs),
the computational version of the biological receptive fields of neurons in the visual cortex.
In characterizing CNNs, RFs serve as local image detectors: their size increases with
depth, and by the output head the RFs act as global image features detectors. Finally,
pooling operations serve as a subsample method to decrease information redundancy
among neighboring neurons within a certain layer. Pooling operations compute the mean
over a number of local RFs outputs of the convolutional layers, and are crucial to keep
the image representations tolerant to identity-preserving object transformations.

Due to these characteristics — deep hierarchy, convolutions, pooling — were indirectly
linked to the biological visual system of primates and humans and its functioning: namely,
both of them enable object recognition in the very last stages thanks to progressive image
processing stages, simple cells — or convolutions — complex cells, — or pooling operations
—, RF's size growth and a combination of linear and nonlinear operations. However, it is
important to highlight that CNNs were not designed to explicitly model the biological
functioning of the ventral visual stream. The main goal of the computer vision community
was to improve computer vision system to perfect the task of object classification taking
inspiration from the neuroscience of vision but with no ambition to provide a mechanistic
explanation for object recognition in the mammalian cortex. Therefore, at this stage
the mechanistic explanatory link between large scale deep neural networks and object
recognition in the brain was not yet established.

After 2012, other types of deep convolutional models for image classification were
published. The main goal was to improve object categorization to achieve human-like
performance, or to optimize computing resources. These novel CNNs, in fact, are larger
than AlexNet, with many more parameters to adjust, however in large CNNs the depth of
the model can affect gradient descent, consequently backpropagation, and finally image
classification performance (He et al., 2016). ResNets, along with the classical feedforward
connections, were also equipped with residual connections between the first layers and
later layers, in order to keep the gradient descent stable trough all the stages of image
processing and avoid gradient vanishing or explosion. During the same years, two other
relevant CNN architectures were developed: VGG Simonyan and Zisserman (2015) and
InceptionNet (Szegedy et al., 2015). Both models were designed to improve object classifi-
cation performance, but while VGG exploits a larger number of convolutional and pooling
layers, InceptionNet uses inception layers, an alternative method to improve object clas-
sification performance without consuming excessive computational resources. The two
VGG versions, VGG-16 with 16 convolutional layers, and VGG-19 with 19, reached the
top two places in ILSVRC14 Russakovsky et al. (2015). VGG significantly improved ob-
ject classification performance by steadily increasing the amount of convolutional layers
before the classification head, and by varying systematically the number of features along
the depth of the architecture the size of the convolutional filters along the architecture
depth. Both VGG models accepts as an input images of size I € R?*224%3 and trans-
mit it to the first block of convolutional layers whose RF size is 3 x 3. The architecture
of both VGG-16 and VGG-19 is organized as follows: 5 blocks composed by 2 or 3 (or
4, in the case of VGG-19) convolutional layers are followed by a maxpool layer. The
RF's of the convolutional layer in each block become progressively larger. After the last
maxpooling operation, three fully connected layers follow, and the final head outputs a
probability score for classifying the images in the correct label. A synthetic overview of
the architecture can be found in Table 1.1.



VGG-16 \ VGG-19
Input image (224 x 224 x 3)
conv-64 conv-64
conv-64 conv-64
maxpool
conv-128 conv-128
conv-128 conv-128
maxpool
conv-256 conv-256
conv-256 conv-256
conv-256 conv-256
maxpool
conv-512 conv-512
conv-512 conv-512
conv-512 conv-512
maxpool
conv-512 conv-512
conv-512 conv-512
conv-512 conv-512

conv-512
maxpool
fully connected 4096
fully connected 4096
fully connected 1000
softmax

Table 1.1: Architectures of VGG-16 and VGG-19. Adapted from Simonyan and
Zisserman (2015), Table 1.

Soon the neuroscience community realized that, although not being as biologically
plausible as spiking neural networks, CNNs were still able to capture some functional
properties of the ventral visual stream. Consequently, scientific interest grew around the
idea that CNNs could be useful for understanding information processing in the brain, as
well as learning higher levels of abstraction of visual scenes representation Kriegeskorte
(2015). During the same years, Khaligh-Razavi and Kriegeskorte (2014) discovered that
unsupervised CNNs produce similar representations to I'T. Furthermore, Yamins et al.
(2014) found that the performance in object categorization tasks of a CNN correlates
with its capability to predict the neural responses of IT, that the latest layers before the
categorization head strongly predicts IT activity, while intermediate layers predict V4
activity. Subsequently, Cadieu et al. (2014) shows that deep CNNs rival the performance
of humans in an object categorization task and that humans and deep CNNs produce
similar representations of such images, while Giiglii and van Gerven (2015) discovered that
the early layers of a deep CNN trained on object recognition develop image representations
compatible to the image features produced in V1, commonly referred to as “Gabor filters”.
These findings opened to the explorations of image representations formed in CNNs, rather
that asserting a direct biological comparison with the functioning of the brain. CNNs were
deemed capable of extracting lower-level visual features similar to those found in the early
visual cortex, and of approaching the development of complex semantic features similar
to those associated to the representations of objects and scenes in IT Kriegeskorte (2015).
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CNNs were therefore considered by the neuroscience community as established functional
models of the ventral visual stream (Lindsay, 2021). More recently, a famous benchmark
that quantifies the goodness of a large pool of vision models in modeling biological object
recognition (Schrimpf et al., 2018) established that the VGGs are one of the best models
available, in line with previous findings (Giiglii and van Gerven, 2015; Yamins et al., 2014).

More recently, a new kind of architecture for computer vision was developed. These
models are commonly called Vision Transformers (ViT) (Dosovitskiy et al., 2021), as they
are based on the attention mechanism as the first Transformer type of neural network,
which was invented as an alternative to deep recurrent neural networks and deep CNNs
for sequence modeling Vaswani et al. (2017). The core component of the Transformer
is the self-attention mechanism, which allows each input sentence token to dynamically
integrate information from all other tokens in the sequence. Each token is projected
into query, key, and value representations respectively. Attention weights are computed
from the similarity between queries and keys, and then are used to produce a weighted
combination of the value vectors. As a result, each token acquires a context-dependent
representation that captures both local and long-range relationships within the input.
Vision Transformers extend the Transformer architecture to image processing by treating
an image as a sequence of patches, instead of tokens. Through self-attention, each patch
dynamically integrates information from all other patches in the image, allowing the
model to capture both local and global relationships by attending to all possible patches
combinations.

One of the earliest ViTs was developed by Dosovitskiy et al. (2021). This model is
a fully attention-based model, trained and tested with ILSVRC-2012 ImageNet (Deng
et al., 2009; Russakovsky et al., 2015) to perform several benchmark tasks, such as object
classification. In order to attend to all the positional sequences in the images, this model
was designed to take as an input an image of dimensions I € R¥*">¢ and to convert
it to a sequence of flattened 2D image patches of fixed size x € RY*(P*O) where H, W
are the spatial dimensions of the image, C' is the number of channels, P, P is the size of
each image patch, and N = HW/P? is the resulting number of patches which serve as
an input sequence to the ViT. A visual overview of the architecture can be found Figure
1.1.

In the same period, (Chen et al., 2020) developed a novel Transformer architecture
model for image processing, commonly known as image-GPT (iGPT). iGPT is an decoder-
only generative model pretrained to predict pixels instead of sentence tokens as in the
original use by Vaswani et al. (2017). Interestingly, the authors also observed that iGPT
forms high-quality unsupervised image representations with no prior semantic informa-
tion. Furthermore, iGPT was shown to achieve competitive scores to those of CNNs in
image classification tasks with several benchmark datasets, including images contained
in ImageNet. Since iGPT is a generative model, the object classification task was im-
plemented by attaching a linear classifier head to the layer that produces the best image
representations.

Radford et al. (2021) developed CLIP (Contrastive Language-Image Pre-Training), a
ViT that produces multimodal embeddings from both language and images inputs. CLIP
has two encoders, one accepting images and the other accepting captions. While the
language encoder is a transformer, the image encoder can be either a CNN or a ViT,
but in this thesis I will focus on the ViT based model. By means of a contrastive loss,
CLIP learns embeddings of both images and text features in a self-supervised regime
guided by the language conveyed in the captions. Despite not being trained to explicitly
perform object classification, CLIP can perform zero-shot transfer learning for object
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Figure 1.1: Architecture of the Vision Transformer, adapted from Dosovitskiy et al.
(2021), Figure 1.
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classification with ImageNet stimuli and labels, with accuracy scores comparable to those
of CNNs. Since CLIP outputs image-text embeddings, this task was tested with a linear
classifier trained and tested to associate image embeddings to caption embeddings.

Another interesting ViT model is DINO (self DIstillation, NO labels), developed
by Caron et al. (2021). A second version, DINO-v2, was later developed by Oquab
et al. (2024). DINO is a type of deep neural network architecture designed to study
the impact of self-supervision in ViTs without labels. The authors realized that the
impressive performance achievements reached by previous attention-based models could
potentially be linked to the absence of label supervision in the training pipeline. They
therefore explored the usage teacher-student framework with no label-guided training.
They explicitly designed DINO to learn image features by distillation, i.e. via an exchange
of image features from a teacher network to a student network. Most importantly, the
student network input image patches are parametrized as 96 x 96 to catch local features,
while those of the teacher network are of dimensionality 224 x 224, to capture global
image features. The loss is a cross-entropy between the features of the student and the
features of the teacher. DINO is therefore trained in a self-supervised regime, and it
achieves impressive results in forming internal representations that contain scene layouts
and object boundaries, as well as object classification with ImageNet and other benchmark
datasets. In this case object classification was achieved by applying a k-NN classifier on
raw images.

In DINO-v2, Oquab et al. (2024) extend the DINO framework to explore its ability
to learn general-purpose image features, both at the image level and at the pixel level,
with a training dataset based on a large quantity of curated data with no text supervision.
DINO-v2 was explicitly trained on a very large amount of curated images of objects, since
it scales very well with the number of data. Its performance in several tasks such as object
recognition on ImageNet with the k-NN algorithm, and object segmentation, surpass the
performance of DINO and extends to video segmentation, image retrieval, and semantic
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segmentation in the image features.

These ViT models showed comparable if not superior performance to the state-of-the-
art CNNs in several benchmark tasks, including object recognition on ImageNet data.
The main difference with CNNs is that none of the ViTs described above was trained
for the specific goal of object classification, and some of them were also completely naive
with respect to the semantic information in the labels because of an unsupervised training
regime (Chen et al., 2020; Dosovitskiy et al., 2021). They also need more data than those
contained in ImageNet, because of the presence of some biases in case of insufficient data
samples Dosovitskiy et al. (2021). Consequently, their training datasets are often aug-
mented with images collected from the internet and filtered to match those of ImageNet.
Thanks to these interesting characteristics and to the computational scalability, ViTs
rapidly became popular for solving different vision tasks in the computer vision commu-
nity (for historical reviews, see Han et al. (2023); Khan et al. (2022); for an up-to-date
survey, see Waseem et al. (2026)).

1.4 Visual textures

One of the founders of the research in visual textures was Bela Julesz, who published
several foundational papers about pattern discrimination, in which he combined mathe-
matical modeling and psychophysics experiments. Julesz intended to study the human
perception processes that do not involve “conscious complex recognition and comparison
process” (Julesz, 1962). To achieve this goal, he designed experiments where he exposed
human participants to two visual fields displaying different visual statistics and looked for
a “more primitive and spontaneous process which organizes the two fields in two different
entities” (Julesz, 1962). For each experiment, Julesz generated the visual stimuli artifi-
cially by controlling the statistics displayed by the two patterns present in the same image
with stochastic processes and local transformations. In particular, he assessed the ability
to discriminate patterns based on the difference in: first-order statistics, second-order
statistics, third-order statistics, and higher-order statistics. He found that participants
could discriminate easily patterns that varied in first and second-order statistics, such as
black and white dots and local striped structures. He also observed that patterns differing
in third or higher-order statistics remain undetected by the subjects. He concluded that
low order statistics produce local clusters of similar elements that are easily detectable
by the human visual system, leading to the famous “Julesz’s conjecture”: visual textures
with the same first and second-order statistics might be indistinguishable.

In a follow-up paper, Julesz et al. (1973) explicitly investigated the discriminability
among textures with different third-order statistics or different higher-order statistics.
For this goal the author perfected the mathematical method adopted earlier to gener-
ate texture pairs with different higher-order statistics but identical first and second-order
statistics. The authors repeated the same series of experiments as in Julesz (1962), and
observed that by fixing identical first and second-order statistics but varying higher-order
statistics results in the human inability to discriminate textures. This finding supports
and corroborates the Julesz’s conjecture, and leads to the proposal of a model that pairs
the evidence gathered with new psychophysics experiments combined with the neuro-
physiology findings by Hubel and Wiesel (Hubel and Wiesel, 1962). Julesz et al. (1973)
propose a model of the visual cortex model equipped with local features extractor and a
global detector: local features extractors detect simple image features commonly found
in visual textures such as dots and lines, given size and orientation parameters; then, the
output of such local extractors are passed to and evaluated by global detectors, which
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compute first and second-order statistics.

Later, Julesz published another influential paper in the theory of vision science (Julesz,
1981). In this article Julesz gathers experimental evidence that introduces to the notion
of “textons”, the low-order, minimal local features of images that allow texture discrim-
ination during visual processing. The ontology of textons, intended as psychophysical
entities constituting the basic features of textures, supports pre-attentive perception of
visual textures, which is referred to as the effortless and instantaneous detection of dif-
ferences in textures whose textons are different. Julesz also proposes a novel version of
his original conjecture, because he disproved the first original formulation. The “mod-
ified Julesz’s conjecture” states that “the pre-attentive textural system cannot globally
compute third or higher-order statistics” (Julesz, 1981). In fact, Caelli and Julesz (1978)
discovered the existence of novel second-order image features whose differences in textures
yielded to strong discriminability in human participants, followed by other several new
second-order texture classes which lead to pre-attentive discrimination. In conclusion, in
the Julesz (1981) paper, Julesz refutes the first version of his conjecture, and states that
pre-attentive texture discrimination is either based on the difference among basic texture
elements, the textons, or it is based on the first-order statistics of the patterns. Accord-
ing to him, he second version holds because in this study he collected evidence that the
pre-attentive textural system cannot compute statistical parameters higher than second
order.

Later, Malik and Perona (1990) propose a biologically motivated mathematical model
of pre-attentive texture discrimination based on early visual processing. The authors
explore the employment of linear filters to model texture discrimination, and ask wether
linearity alone can account for human texture perception. The model reproduces the
rank ordering of human discriminability measurements across several texture pairs, but
they conclude that texture separation cannot be explained by purely linear filtering alone:
rectification, local competition between channels, and spatial pooling are essential.

About 10 years layer, Portilla and Simoncelli (2000a) propose another influential para-
metric model of visual textures based on joint statistics measured in a complex steerable
pyramid representation. They generate textures by decomposing an input image into ori-
ented bands at multiple spatial scales. The model includes pixel-level marginal statistics
such as mean, variance, skewness, kurtosis, and intensity range, and it includes auto-
correlations of low-pass images to capture periodicity, dominant spatial frequencies, and
long-range structure. Correlations between wavelet-coefficient magnitudes across nearby
positions, orientations, and scales are used to represent edges, contours, and other orga-
nized features. Texture synthesis starts from Gaussian white noise and iteratively adjusts
the input image so that each group of measured statistics matches those of an exemplar.
The model reproduces a wide range of artificial, periodic, and natural textures, including
classic counterexamples to simple low-order versions of the Julesz conjecture.

A few years later, Freeman et al. (2013) propose a model of mid-level ventral vision
based on the findings observed in the texture model by Portilla and Simoncelli (2000a). In
this model filter responses similar to those of V1 are combined through local correlations
and pooled over regions whose size grows linearly with eccentricity. The authors synthesize
visual metamers, physically different images that produce the same model responses of the
original images, and test whether human observers can distinguish them. They find that
for human participant, metamers and images become indistinguishable when the model
value matches receptive field size found in area V2.

Victor and Conte (2012) later developed a new controlled framework for investigating
how human vision responds to local image statistics that are normally found in natural
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scenes. They generate binary textures defined by black and white configurations within
2x2 pixel gliders. This method leads to a set of 16 possible glider configurations, which
can be reparameterized in terms of 10 independent coordinates. This 10-dimensional
space is defined by one luminance-bias coordinate, four pairwise-correlation coordinates,
four three-point-correlation coordinates, and one four-point-correlation coordinate. This
method constructs texture ensembles in which one or two coordinates are fixed and the
remaining statistics are determined with maximum entropy. Victor and Conte tested
human participants in a psychophysics experiment where the texture ensembles are used
as visual stimuli, and the results reveal large differences in sensitivity across statistics
and show that combinations of statistics can interact. The contributions are therefore
both methodological and perceptual: this study provides an effective model to generate
textures with different statistics in a controlled manner and it provides evidence that visual
sensitivity is organized around specific combinations of local statistics rather than around
the formal coordinates considered independently. A few years later Victor et al. (2017)
published a review arguing that visual textures provide an effective tool for studying
vision and link evidence from psychophysics to population responses of the early visual
cortex. The authors formally trace this approach back to Julesz’s work (Julesz, 1962,
1981; Julesz et al., 1973), thus establishing a connection with the early discoveries and
theoretical work by Julesz to more recent evidence offered the neuroscience of vision.

Just a few years later, inspired by the large usage of deep neural models in computer
science, Gatys et al. (2015) introduce a parametric model of natural textures based on
the feature representations learned by a CNN trained for object recognition. Instead
of relying on pre-determined texture statistics, the model uses the hierarchical feature
space of VGG-19 and represents textures as correlations between feature maps extracted
from layers at different depths. These correlations are coded in Gram matrices, which
discard the exact spatial information while preserving local co-occurrences. To synthesize
a texture, the target image is passed through the network to compute its Gram matrices,
and a fully random image is iteratively optimized so that its own Gram matrices match the
target ones. The optimization minimizes a weighted sum of squared differences between
Gram matrices and updates the image pixels through backpropagation and L-BFGS. The
authors observe that when layers up to pooling layer n. 4 are included, the synthesized
texture resembles the original one, improving the perceptual quality of the generated
images compared to Portilla and Simoncelli (2000a). Despite not possessing any specific
biological relevance, the same method was successfully applied to other applied computer
vision tasks such as style transfer (Gatys et al., 2016).

A series of experiments that use the texture synthesis methods described above were
published in the following years. Wallis et al. (2017) evaluate how well parametric texture
models reproduce the appearance of natural textures for human observers. They compare
the deep CNN model introduced by Gatys et al. (2015), the Portilla and Simoncelli (2000a)
model, and a variant of the Gatys et al. (2015) model that additionally matches the
image power spectrum. In an odd-one-out task, human observers choose which of three
physically different image patches had been generated by a different process, thereby
testing whether synthetic and original images belonged to the same perceptual texture
class. Under parafoveal condition, both the Gatys and Portilla & Simoncelli models
performed very well, as the observers were unable to discriminate most synthetic textures
from the corresponding originals. In the foveal condition, however, the deeper Gatys model
provided substantially better perceptual matches than the Portilla & Simoncelli model.
The basic Gatys model nevertheless struggled with textures containing strong long-range
or periodic regularities and adding a Fourier power-spectrum constraint greatly improved
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the appearance of these textures.

Recently, Hermundstad et al. (2014) introduced the usage of visual textures to inves-
tigate the plausibility of the efficient coding principle, a theoretical framework in neu-
roscience according to which a sensory system is tuned to the statistics of its natural
visual input (Tesileanu et al., 2022). In particular, the author investigated whether ef-
ficient coding principles extends to cortical representations of complex visual features.
They quantify the variability of local multipoint correlations with the Victor and Conte
(2012) model and use the generated textures to test human sensitivity in a rapid texture
discrimination task. They find that luminance features that are more informative about
visual scenes, by virtue of being more variable, are also more visually salient.

Caramellino et al. (2021) investigated whether the efficient-coding relationship previ-
ously observed between natural-image statistics and human texture perception (Hermund-
stad et al., 2014) also applies to rodents. Four groups of rats were trained to discriminate
white noise from binary textures defined by one, two, three, or four-point correlations
generated once again by the Victor and Conte (2012) algorithm. Rat sensitivity showed a
clear ordering, with one and two point statistics being the most easily detected, followed
by four point correlations, while three point correlations were the least discriminable. The
feature sensitivity of the rats matches both human perceptual sensitivity and the vari-
ability of the same correlations across natural images. The results suggest that efficient
coding of multipoint visual statistics is conserved across species and establish rats as a
suitable model for studying its neural and developmental mechanisms experimentally.

Tesileanu et al. (2020) further extend the efficient coding account of texture percep-
tion from binary images to a much richer space of grayscale statistics. They define a
66-dimensional space of local luminance correlations and quantify how strongly each sta-
tistical direction varies across natural scenes. The resulting efficient coding hypothesis
predicts that two-point correlations should be the most perceptually relevant, whereas
correlations of higher order should contribute little to texture segregation. Human psy-
chophysical measurements strongly support these predictions.

In a later review paper, ? show evidence that efficient coding applies not only in
the retina and V1, but also in deeper stages of the visual system. The authors discuss
how perception of visual textures in humans and rodents is adapted to the higher-order
spatial statistics of natural scenes, suggesting that cortical circuits preferentially represent
informative multipoint correlations. These findings extend efficient coding from relatively
simple peripheral features to complex texture and object-related representations in V2
and higher areas.

Recently, Zanon et al. (2025) examined whether preferences for natural image statis-
tics arise through visual experience or are already present at birth. Visually naive chicks
were raised to spontaneously approach textures defined by the Victor and Conte (2012)
algorithm, and showed preferences (or lack thereof) between texture types that are com-
patible with the ordering of discriminability previously found in adult humans and rats
(Caramellino et al., 2021; Hermundstad et al., 2014). This suggests that adaptation to
the statistical structure of natural scenes is partially supported by innate biological pre-
dispositions.

1.5 Models for visual textures synthesis
In this section I will provide an overview of the three texture synthesis algorithms that

I used during my PhD projects. Their historical relevance was already discussed in the
previous sections. It is worth stressing that the following texture synthesis algorithms are
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inspired by the early formulation of the Julesz’s conjecture (Julesz, 1962). These models
in fact, synthesize textures by computing low-order correlations among image features
defined with different mathematical methods, as I will explain.

Hereby I will focus on their functioning as described in the original papers, while
in Chapter 2 A Variational Autoencoder for texture synthesis, Chapter 3 Perceptual
misalignment of textures representations in convolutional neural networks, and Chapter 4
Texture representations in deep vision models: comparing Convolutional Neural Networks,
Vision Transformers, and human perception I will explain how I adapted or replicated
the original algorithm for my studies.

1.5.1 Victor and Conte

This texture synthesis framework was proposed by Victor and Conte in 2012. It effectively
synthesizes binary textures by mathematically defining a set of coordinates in terms of
local statistics measured over all 2 x 2 neighborhoods of an image (Victor and Conte,
2012). This model was developed to obtain fully synthetic textures by manipulating the
texture parameters found by the authors, in order to generate textures that are easily
controllable in experimental settings. Other applications include the inference of the
texture parameters from a given input image, without controlling for the parameters.

The algorithm is based on the idea of parameterizing luminance patterns in image.
Textures are therefore synthesized in terms of pixel correlations in local neighborhoods.
A neighborhood is defined as a 2 x 2 pixels squared glider, and because each pixel can
take one of two values, a 2 x 2 neighborhood admits 2* = 16 possible configurations.

A direct description in terms of the probabilities of these configurations is redundant.
Under the assumption of translation invariance, the local distribution can instead be
parameterized by ten coordinates associated with products of one, two, three, or four
pixel values, which are defined as follows, and visualized in Figure 1.2:

e luminance bias: {v};

e pairwise correlations: {8_, 53, B\, 5/}
e three-point correlations: {6_,6,,0-,60-};

e four-point correlation: {«a}.

The coordinate v determines the relative prevalence of either black or white. The
coordinates measure pairwise pixel correlations along the horizontal, vertical, and two
diagonal directions. The 6 coordinates measure three-point correlations that appear as a
corner of a 2 x 2 block. Lastly, a measures the dependency among all four pixels.

Victor and Conte construct maximum-entropy image ensembles associated with spec-
ified values of these coordinates: if one coordinate is specified, they call the generated
image “texture”; if two parameters are specified, the image is called “texture mixture”.
In both cases, after one or two parameters are fixed, the rest of the image points are
determined with maximum entropy. The maximum entropy principle is important be-
cause fixing a statistic does not uniquely define an image distribution, and, among all
distributions satisfying the selected constraints to generate a specific texture, the maxi-
mum entropy distribution introduces the least additional structure, which is what they
want to eliminate to overcome issues encountered in previous computational models Julesz
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Figure 1.2: The 16 possible binary 2 x 2 configurations.

(1962). This algorithm therefore allows the perceptual contribution of individual statis-
tics, or of controlled combinations of statistics, to be studied independently from other
unconstrained regularities.

The set of parameters described above effectively defines a 10-dimensional space, where
each coordinate refers to to variation along one perceptual dimension that corresponds to
human sensitivity degrees (see Figure 1.3).

Textures generated with this model are binary and lack the rich structure of natural
images. However, their statistical content can be controlled precisely, which makes them
useful in psychophysics studies, as described in the previous section (Caramellino et al.,
2021; Hermundstad et al., 2014; Zanon et al., 2025). The algorithm by Victor and Conte
provides a direct way to test which local image statistics are perceptually salient in pre-
attentive judgment, despite being perceptually distant from naturalistic-looking textures.

In my thesis I have used the Metex implementation of the Victor and Conte algorithm
for texture synthesis by Piasini (2021). Metex provides an efficient implementation of
the Victor and Conte algorithm, which, given a source image, makes it easy to infer the
one or the two most dominant parameters defined in the 16 2 x 2 pixel neighborhoods
possibilities discussed previously and to generate a synthetic texture based on them.
For illustrative purposed, in Figure 1.4 show one exemplar texture defined by the most
occurring coordinate that I generated from a given image, versus one texture generated
by Victor and Conte (2012) from another input image.
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Figure 1.3: 10-dimensional parametrized space of textures defined by the algorithm
by Victor and Conte (2012). The horizontal axis ranks statistics by increasing order,
starting from first-order. Adapted from Hermundstad et al. (2014), Figure 2A.
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(a) Texture generated with the donut algorithm by Victor and Conte. Adapted from Victor and
Conte (2012), Figure 6(a), 6(b).

(Cimpoi et al., 2014).

Figure 1.4: Comparison between similar textures synthesized in the original paper
by Victor and Conte (2012) (a), and with Metex (b).

18


https://pypi.org/project/metex/

1.5.2 Portilla and Simoncelli

The model of Portilla and Simoncelli (2000a) describes a texture through a fixed collec-
tion of summary statistics computed in both at the pixel level and a multiscale wavelet
representation. Unlike the Victor and Conte model, which operates on binary 2 x 2
neighborhoods, the Portilla and Simoncelli model is designed to capture the spatial struc-
ture of naturalistic textures over multiple spatial scales, and to produce synthetic texture
exemplars from a given naturalistic image rather than manually generate fully artificial
patterns.

Given an exemplar image x, the algorithm first constructs an overcomplete steerable-
pyramid decomposition. The image is separated into subbands corresponding to different
spatial frequency scales and orientations. The resulting coefficients are complex valued:
their magnitudes encode the local strength of oriented structures, while their phases
carry information about their spatial arrangement. The statistical representation includes
several complementary groups of constraints:

e marginal pixel statistics, including: mean, variance, skewness, kurtosis, and range
of pixel intensities;

e the spatial autocorrelation of the image and of the low-pass residuals at different
scales;

e autocorrelations of wavelet-coefficient magnitudes within each orientation and scale;

e correlations between coefficient magnitudes at different orientations within the same
scale;

e correlations between coefficient magnitudes at adjacent scales;
e phase-sensitive correlations between coefficients at adjacent scales.

These statistics were chosen to capture regularities frequently present in natural tex-
tures. Marginal statistics reproduce the global intensity distribution, spatial autocor-
relations constrain periodicity and characteristic length scales, and correlations among
wavelet magnitudes capture the co-occurrence of edges and structures across positions,
orientations, and scales. Cross-scale phase statistics additionally help preserve aligned
structures such as contours.

Texture synthesis starts from an image of random noise,

I ~N(0,1),

and proceeds through an iterative sequence of projections. At each stage, the current syn-
thetic image is modified so that one group of its statistics moves towards the correspond-
ing statistics of the exemplar. Since satisfying one constraint may perturb constraints
imposed previously, the different projections are repeated cyclically. The procedure ter-
minates after a fixed number of iterations or when the statistical mismatch becomes suf-
ficiently small. The method therefore samples from an implicitly defined texture model
and it does not optimize an explicit normalized probability density. An illustration of the
model’s algorithm is available in Figure 1.5.

The model is particularly effective for stationary and periodic textures whose ap-
pearance can be characterized by repeated or statistically homogeneous structures. It
can reproduce many forms of granularity, orientation, periodicity, and multiscale organi-
zation. The synthesized texture is grayscale, somewhat naturalistic-looking, with good
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Figure 1.5: Diagram of the recursive texture synthesis algorithm. Adapted from
Portilla and Simoncelli (2000a).
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global definition which preserves the overall structure of the texture present in the input
image. However, because the model only stores spatially averaged summary statistics, it
generally cannot preserve the exact global arrangement of strongly nonstationary textures,
neither the shape of isolated objects carrying semantic content.

In order to generate textures with the Portilla and Simoncelli model, I have used
the implementation by Portilla and Simoncelli (2000b), available in the public reposi-
tory textureSynth. The details of the parameterization that I used for my studies will
be specifically discussed in Chapter 4 Texture Representations in Deep Vision Models:
Comparing CNNs, Vision Transformers, and Human Perception. Below, in Figure 1.6 ,
I report a comparison between textures synthesized originally by Portilla and Simoncelli
vs. similar textures that I have generated for my research:

PR o e e o
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e ]
Wk VR W

Tl e S R S

(a) Periodic texture  (b) Periodic texture  (c) Aperiodic texture  (d) Aperiodic tex-
Portilla and Simon-  DTD Portilla and Simon-  ture DTD
celli original celli original

Figure 1.6: Comparison between textures synthesized by Portilla (Fig-
ures 1.6a, 1.6¢), and with the algorithm implementation by Portilla and Simoncelli (2000b)
(Figures 1.6b, 1.6d), showed in the bottom row. The top row shows two input images
used in the original work by Portilla and Simoncelli, and two input images from the De-
scribable Texture Dataset (DTD) pitted_0008.jpg, pitted_0025.7pg (Cimpoi et al., 2014).
Adapted from Portilla and Simoncelli (2000a) Figures 14, 15.
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1.5.3 Gatys

Gatys et al. proposed that a texture can be represented by spatially averaged correlations
between the feature maps of a CNN pretrained for object recognition. In contrast to
the Portilla and Simoncelli model, whose summary statistics are selected manually in
a wavelet representation, and in opposition to the Victor and Conte model, where the
texture statistics are pre-determined as correlations among neighboring pixels, the Gatys
method computes second-order statistics in the hierarchical feature space learned by a
VGG-19 (Gatys et al., 2015; Simonyan and Zisserman, 2015). A visual representation of
the model can be found in Figure 1.7.
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Figure 1.7: The Gatys model. Adapted from Figure 1 in Gatys et al. (2015).

In this framework, the texture representations are based on the Gram matrices, a
2-dimensional representation of correlations between feature maps of 5 different layers in
VGG-19 that effectively discard spatial information. Let the activation of feature map i
at spatial position m in layer | be denoted by F! . If layer | contains N; feature maps
and M, spatial positions, its Gram matrix is

The entry Géj measures the spatially averaged co-activation of feature maps i and j.
Because the sum removes the explicit spatial index, the Gram matrix does not retain
the precise location of individual features. It instead records which features tend to occur
together and with what strength. This loss of spatial information makes the representation
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appropriate for textures, whose appearance is often defined by stationary feature statistics
than by a unique spatial configuration. An illustrative visual representation of the Gram
matrices can be found in Figure 1.8.

j1 j2 j3 j4

. -2 13 i1-j4
o | w .

ia | 41 .
w

Figure 1.8: Representation of a feature map of dimensionality F7*W>*M = <where
M = 4, and its Gram matrix of dimensionality G™*™ . The entries i, j of the Gram matrix
are the dot products between all the possible combinations of the vectorized channels of
the feature map.

Different CNN layers describe structure at different effective spatial scales. Early lay-
ers contain feature maps sensitive to local edges, colors, and simple orientations. Deeper
layers have larger receptive fields and respond to more complex combinations of features.
Matching Gram matrices at several layers therefore constrains the synthetic image simul-
taneously at multiple levels of scale and complexity.

Given an exemplar image x, the target Gram matrices G'(x) are first computed at
the selected layers. Synthesis starts from a random image 2y, whose pixels are iteratively
updated to minimize the mismatch between its Gram matrices and those of the exemplar.
For one layer, the loss used in the original formulation is

1

E(z,2) = INZIL? |

Gl(2) - G()][5, (1.2)

and the total texture loss is

Liex(#,7) = wEy(#, 1), (1.3)

les

where § is the set of selected layers and w; controls the relative contribution of each layer.
Gradients of this loss are propagated through the fixed network to the pixels of Z; the
network weights are not updated.

Gatys et al. (2015) originally used a pretrained VGG-19 network and, for their core
results, constructed the texture representation from the layers convl_1, conv2_1, conv3_1,
conv4_1, and convb_1 (see Figure 1.7). The original architecture did not contain batch
normalization, but Gatys and colleague manually normalized the outputs of the convo-
lutional layers (loffe and Szegedy, 2015) to be centered around ~ 1. In our implemen-
tation, published in de Paolis et al. (2026) and available in the public repository per-
ceptual misalignment, we instead used VGG-19 with batch normalization and extracted
the first batch-normalization activation following the first convolution in each of its five
blocks. This is therefore a modification of the original Gatys model rather than an exact
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replication, as the original weights of VGG-19 pretrained on ImageNet (Deng et al., 2009;
Russakovsky et al., 2015) were available in the Caffe framework for deep learning. We
instead relied on the more recent PyTorch (Ansel et al., 2024; TorchVision maintainers
and contributors, 2016), where a version of VGG-19 with batch normalization layers pre-
trained with ImageNet is available. Below, in Figure 1.9, I show a comparison of textures
generated starting from the same image in the original paper by Gatys, and with my
implementation. It is important to note that a direct replica of the algorithm and of the
original results is not possible, as the full code and parameters for optimization are not
publicly available. An in-depth discussion of the topic is available in Chapter 3 Perceptual
misalignment of texture representations in convolutional neural networks.

(a) Original image (b) Gatys — LFBGS  (c) de Paolis — Adam (d) de Paolis — LF-
130k BGS 6k

Figure 1.9: Textures generated artificially with the Gatys model. Original imple-
mentation vs. my implementation. Figure 1.9a shows the original input image, a picture
of pebbles; figure 1.9b shows the synthesized texture by Gatys et al. with the original
implementation and the optimization algorithm LFBGS; figure 1.9c shows the synthesized
texture with my implementation with Adam optimizer at 130000 steps; figure 1.9d was
synthesized with my implementation and LFBGS at 6000 steps. Adapted from Gatys
et al. (2015) and de Paolis et al. (2026).
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CHAPTER 2

A Variational Autoencoder for texture syn-
thesis

In this chapter I describe how I developed and curated the full pipeline of a deep
learning model for texture synthesis, from literature review and dataset preparation to
model design, training, and evaluation. The model combines a Variational Autoencoder
(VAE) with Gatys’ Gram matrix representations with the goal of generating naturalistic
textures in a structured latent space. Although the full approach did not succeed, the

experiments isolated the main limitations of the texture representation. At the same
time, I successfully reproduced and validated the Gatys algorithm. This result led to a
more successful follow-up study focused directly on CNN based texture representations.

Statement of contribution: I developed the framework, conducted experiments, analyzed
the results and wrote this chapter. Paolo Muratore provided technical assistance for the
development of the framework. Eugenio Piasini supervised the work.

2.1 Abstract

According to the efficient coding principle, the mammalian visual system is adapted to
the statistical structure of natural visual scenes. Visual textures provide a useful experi-
mental framework to investigate this hypothesis, but existing psychophysical studies have
often relied on artificial stimuli defined by low-order correlations. Here, I explored a new
approach to texture synthesis aimed at combining the naturalistic representations of con-
volutional neural networks with the structured latent space of a Variational Autoencoder.
The proposed model couples a convolutional VAE with a pre-trained VGG network and
uses Gram matrices of deep feature activations, following Gatys et al. (2015), to define
texture similarity during training.

I first validated the individual components of the framework. Our implementation of
the Gatys algorithm successfully reproduced naturalistic textures, and the autoencoding
backbone was able to reconstruct simple benchmarking images and, in its deterministic
form, images from the Describable Textures Dataset. However, the complete VAE-based
architecture did not generate high-quality naturalistic textures when trained on natural
scenes or texture datasets. In particular, reconstruction quality deteriorated substantially
when the variational regularization was introduced, suggesting that compressing complex
deep texture statistics into a simple Gaussian-regularized latent space imposes a strong
limitation on the model.

Although the original objective of constructing a controllable latent manifold of nat-
uralistic textures was therefore not achieved, the experiments provided a useful negative
result. By progressively isolating the different components of the model, I identified the
Gram-matrix representation itself as the most robust part of the framework. This moti-
vated the subsequent investigation of the Gatys representation directly, leading to a more
successful line of work on the statistical structure of texture representations in deep neural
networks.
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2.2 Introduction

According to the efficient coding principle, a sensory system conforms to the statistics
of its natural input (Barlow, 2001; Simoncelli, 2003). In the case of the mammalian
visual system, efficient coding predicts that it conforms to the statistics of natural visual
scenes, the natural environment in which mammals, including human, shape their visual
experience across their life and across evolution. Efficient coding, therefore, entails that
neuronal encoding in the visual systems adapts strategically to the statistics of visual
stimuli, retaining relevant information and discarding the rest (Hermundstad et al., 2014;
Sterling and Laughlin, 2017; Tesileanu et al., 2022). In practice, the visual system is
expected to attribute less importance to redundant features, and to respond more strongly
to unexpected visual stimuli.

However, Hermundstad et al. (2014) put forward a “variance is salience” hypothe-
sis for central visual processing. This hypothesis argues that the neural processing in
the intermediate areas of the visual cortex, which is responsible for texture processing,
should respond to high-variance stimulus features and should receive a higher proportion
of resources. The authors therefore claim that stimuli characterized by high variance
should possess higher perceptual salience. The “variance is salience” hypothesis stands in
contrast with classic efficient coding predictions, that downweight high-variance stimulus
features in peripheral processing (a direct application of the theory was first described
by van Hateren (1992)). Hermundstad et al. (2014) test this hypothesis by using binary
synthetic texture images generated with the model by Victor and Conte (2012). Later,
Tesileanu et al. (2020) extend this efficient coding account of texture perception from
binary textures to grayscale images. They test the “variance is salience” hypothesis with
a psychophysics texture segregation task on human observers and show evidence that sen-
sitivity to grayscale texture statistics is adapted to natural scene variability, confirming
the results obtained by Hermundstad et al. (2014). The results obtained with human
subjects are consistent with those of other studies with rodents (Caramellino et al., 2021)
and chicks (Zanon et al., 2025).

Visual textures have been defined as “a family of visual patterns that share certain lo-
cal regularities” (Julesz, 1981), and as seen in the studies mentioned above, they represent
a tool to understand how efficient coding applies to the mammalian visual system. In fact,
textures distill the statistical properties of natural images, as they satisfy both local and
global statistical constraints (Tkacik et al., 2010). Julesz was the first one to propose not
only a formal definition of textures, but also to hypothesize that textures can be statisti-
cally determined. His work inspired the development of several texture synthesis models
because, as suggested in Julesz (1962), synthetic textures are a better method for obtain-
ing textures stimuli compared to natural images crops, because contextual information in
natural image is a source of bias.

The experimental studies discussed above rely on texture synthesis, which is a group of
mathematical methods to generate artificial visual textures that were inspired by the sem-
inal studies of Julesz, and in particular to his conjecture according to which textures that
share up to second-order statistics can’t be distinguished (Julesz et al., 1973). Scientific
literature reports several kinds of models that applied the conjecture by defining texture
representations as correlations among low-order statistics. These models include para-
metric methods, (Portilla and Simoncelli, 2000; Victor and Conte, 2012), convolutional
neural networks (CNNs) (Gatys et al., 2015; Heitz et al., 2021; Sendik and Cohen-Or,
2017; Snelgrove, 2017; Ulyanov et al., 2017; Vacher et al., 2020), generative adversarial
networks (GANSs) (Jetchev et al., 2016), and attention-based networks (Guo et al., 2022).
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The performance of texture synthesis models has been evaluated by humans through
several behavioral experiments (Portilla and Simoncelli, 2000; Victor and Conte, 2012;
Wallis et al., 2017), as well as neuroimaging studies (Henderson et al., 2023; Jagadeesh
and Gardner, 2021). Three of these models are particularly relevant for motivating the
present study: Portilla and Simoncelli (2000) developed a parametric model that relies on
the parameters of wavelet coefficients, and synthetic textures are generated to statistically
match the original ones (Portilla and Simoncelli, 2000); Victor and Conte (2012) devel-
oped a method that samples maximum-entropy textures with fixed correlation statistics
among local neighborhoods; Gatys et al. (2015) used a CNN to compute correlations be-
tween feature maps and generated textures with gradient descent on the pixel space to
reproduce the correlations in the input images. Taken together, these three models are
limited to generating textures that appear coarse grained and unnatural, or to operate
in spaces whose parameters are difficult to interpret: on the one hand the model by Vic-
tor and Conte (2012) provides an elegant parameterization of texture space suitable for
highly-controlled experiments, but produces textures that are perceptually distant from
those found in natural images; on the other hand, Gatys et al. (2015) model generates
naturalistic-looking textures but lacks explanations of the model’s internal representation
and provides fewer affordances towards investigating the perceptual properties of tex-
tures. As a consequence, results in testing efficient coding have been limited to artificial-
looking visual textures characterized by low-order correlations among neighboring pixels
(Caramellino et al., 2021; Hermundstad et al., 2014; Tesileanu et al., 2022; Victor and
Conte, 2012). The model of Portilla and Simoncelli (2000), while accounting for both
pixel-level local correlations and for global correlations based on the spectral analysis of
the input image, can’t fully overcome the challenges posed by the other two models. In
fact, such framework only partially preserves the local structure of the original image as
long as it displays a regular and periodic pattern. This results in grayscale textures that
do not look naturalistic (Freeman et al., 2013; Portilla and Simoncelli, 2000; Wallis et al.,
2017).

Overall, existing methods for texture synthesis limit out ability to test efficient coding,
either because they rely on high dimensional parameterizations that are hard to interpret
and manipulate, or because they produce overly simplistic stimuli that in practice do not
look like naturalistic textures.

Our goal is to develop a new method that would overcome such limitations by generat-
ing naturalistic-looking textures characterized by nonlinear multi-scale representations as
in Gatys et al. (2015), while relying on a mathematically tractable latent space as in Vic-
tor and Conte (2012). I propose a new model which combines a Variational Autoencoder
(VAE) (Doersch, 2016; Kingma and Welling, 2014) and a pre-trained CNN (VGG-19
(Simonyan and Zisserman, 2015)). VAEs are a type of generative model, along with
Generative Adversarial Networks (GAN) (Goodfellow, 2017; Goodfellow et al., 2014) and
latent diffusion models (Rombach et al., 2022). These models are widely used for many
computer vision tasks, such as image generation (Yu et al., 2022), image reconstruc-
tion (Takagi and Nishimoto, 2023), scene prediction Walker et al. (2016), representation
learning (Bouchacourt et al., 2018; van den Oord et al., 2017), neural texture synthesis
(Bergmann et al., 2017), and image-caption learning (Pu et al., 2016).
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2.3 Methods

2.3.1 Model architecture

Our model architecture backbone consists of a convolutional VAE, which I use as image
generator, and by VGG-19 weights pretrained on object classification which I use to obtain
the texture representations to be imposed on the generated image. In practice, our model
is designed to generate images that show new, synthetic examples of the visual textures
found in the input images. The VAE consists of a probabilistic encoder that approximates
the posterior distribution,

€ = qy(2v), (2.1)

and a probabilistic decoder that parametrizes the likelihood,

D = py(x|2). (2.2)
The encoder £ accepts as an input images x € P(X) of dimensionality x € RT>*Wx¢ =
R¥24x22453 - and converts them into the so-called latent code z € P(Z), which is a vec-
tor representation of the features of the image features. The decoder D generates new
image © € R?**%24%3 from P(Z) by sampling a Gaussian distribution N ~ (0,1) via
reparametrization, defined as:

z=pu+0Q@e¢, e~ N(0,1), (2.3)

where € is the stochastic term sampled from a Gaussian.

The VAE is trained to minimize the distance between the encoder probability distri-
bution (see Equation 2.1) and the Gaussian distribution.

At each generative iteration the original and the generated images are given to a
pretrained VGG-19 to obtain texture features based on the technique in Gatys et al.
(2015), namely computing the Gram Matrices of VGG-19 feature maps for each original-
generated image pairs. The Gram Matrices are computed as the dot product of the set
of feature maps in each convolutional layer:

M
! I ol
m=1
where F! is the is the activation of feature map i at spatial position m in layer [,
discarding the spatial dimensions and only retaining the statistical features of the textures

detected by the filters. As in Gatys et al. (2015), I obtain 5 original-reconstructed Gram
Matrix pairs for 5 convolutional layers at different depths.

2.3.2 Loss
A standard VAE image generator optimizes the following loss:
N M
Liotar == Eeimastaian (37 Y (@im = #im)?] = BKL(gs(zila)|Ip(z)  (2.5)
i=1 m=1

where the last term is the Kullback-Leibler (KL) divergence between the latent code
distribution g, (z;|z;) and the Gaussian distribution for which £ was reparameterized (see
Equation 2.3); the first term is the Mean Squared Error (MSE) in the pixel space of the
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input z; and of the generated image Z;, taken in expectation over g4(z;|z;) (in practice, this
is estimated using a single sample from g4(z|x)). In principle, the MSE loss computed
on the pixel space pushes the model to reconstruct images as identical as possible to
the original images. In this way, the model would not actually learn to represent the
distribution of the textures in the input data. For this reason, in the total loss I substitute
pixel MSE loss term with a MSE loss computed between pairs of Gram Matrices to define
the perceptual difference between original and generated textures:

Ky,
o= 36 20

n kj=1
where {ly,...,l.} is the set of network layers used to compute the loss, and K is the

number of feature maps in layer [.
Therefore the total loss of our model becomes:

Kln
‘Ctotal - Z EZZNq(i)(zz‘zz) Z Z k:]ln G](;Jln) ] ,BKL((M;(ZZ’.TJHP(ZZ)) (27)
= " k,j=1

where the KL divergence acts as a regularizer term for model training, and the MSE term
guides the generation of images by minimizing the difference between the Gram matrices
of the original image and of the reconstructed image. A visual representation of the
model and of the specifics of the parametrization are available in Appendix Figure 2.5,
Tables 2.1, 2.2.

At each training iteration, an input image is passed to the VAE encoder, which com-
putes the latent code, and to VGG-19 to extract the Gram matrices as texture repre-
sentations. From the latent code, the decoder samples a synthetic image which also gets
passed to VGG-19 for extraction of the Gram representation. The two Gram representa-
tions are used to compute the loss 2.7, which is minimized using Adam. The purpose of
this process is to lead the model to generate new image exemplars that display textures
characterized by the same Gram representation as the original image.

In the training process the model relies on two main hyperparameters that I determine
with a cross-validation analysis: the dimensionality of the latent code, and the weight
assigned to the KL loss (§ (see Equation 2.7)), which balance the MSE and the KL loss.

2.4 Experiments

I started by implementing the Gatys et al. (2015) algorithm for texture synthesis and
testing its quality and result reproducibility, as a fundamental step to ensure the extraction
of texture representations for our model. Subsequently, I trained the full model using
multiple datasets, including two benchmarking datasets, one custom dataset, a dataset of
objects, and a dataset of naturalistic textures. Below I report the pipelines that I followed
for the training process.

2.4.1 Evaluation of the Gatys algorithm

In figure 2.1 I show reconstructed textures from original pictures at 27.000 optimization
steps with Adam. This result shows that our implementation of the Gatys algorithm
produces high quality textures that compare to those generated in the original work
(see Gatys et al. (2015), Figure 2). I therefore proceeded to train our model with this
implementation.
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(b) Original photo of a marine landscape vs. reconstruction.

Figure 2.1: Replication of the Gatys algorithm with two original images (first col-
umn) and corresponding reconstructions (second column).

2.4.2 Benchmarking datasets

I first evaluated the performance of the model with MNIST (LeCun et al.) and CIFAR-10
(Krizhevsky, 2009). MNIST is a large supervised database of handwritten digits, divided
in 10 classes. It features 60.000 binary images of numbers of dimensionality 28 x 28 pixels.
CIFAR-10 is a large supervised dataset of colored images, divided in 10 semantic classes
of objects, for a total of 60.000 images. The dimensionality of each image is 32 x 32 pixels.
Both MNIST and CIFAR-10 are frequently used as benchmarking databases to evaluate
the performance of machine learning models for vision or computer vision systems. In fact,
MNIST features images with 1 channel and no semantic content, while CIFAR-10 contains
images of objects in RGB with low spatial resolution, making them very convenient to
test the efficacy of the model in early training experiments.

I used both MNIST and CIFAR-10 to train the VAE backbone with the pixel loss
(Equation 2.5), setting f = 1. I furthermore set the dimensionality of the latent code
Z = 10, to match the number of classes in both datasets. A summary of the model
configuration is reported in Supplementary Table 2.3.

In Figure 2.2 I report the result of our first training experiment, observing the gen-
erative capability of the VAE with this specific configuration. In the case of MNIST,
the model reaches visual quality comparable to the original images, while in the case of
CIFAR-10 the quality is lower, although shape and color are largely preserved. I decided
to proceed by testing the Gram loss in the other datasets.
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(b) CIFAR-10 original vs. reconstruction.

Figure 2.2: MINIST and CIFAR-10 training experiment. Random samples of orig-
inal images (first column) and reconstructions (second column). This figure is for illus-
trative purposes to examine the quality of the output with respect to the quality of the
input.

2.4.3 Large unlabeled datasets

I proceeded by implementing the full training loss in the space of Gram texture rep-
resentations in Equation 2.7. 1 first used a custom dataset of unpublished naturalistic
landscapes (courtesy of Sam Reiter, OIST), and successively I used the Natural Scenes
Dataset (NSD) (Allen et al., 2022). The custom dataset features ~ 7000 images of natural-
istic pictures of underwater landscapes of very high visual resolution, around 5000 x 2000)
pixels. I therefore resized and cropped all the images to 224 x 224 and applied a number
of transformations to the images in order to both fit the configuration of the model (see
Supplementary Table 2.4), and as a data augmentation step to maximize the number of
novel training samples. Both datasets are unlabeled but are characterized by naturalistic
images. NSD (Allen et al., 2022) is a large dataset of 60.000 images of 224 x 224 pix-
els, featuring everyday and naturalistic scenes. In addition to the image stimuli of our
interest, NSD features neural data collected with different methods of human observers
exposed to the image.

I chose these datasets because I aimed to train a generative model to synthesize tex-
tures, and therefore were interested in images that do not feature exclusively objects (as
opposed for instance to popular datasets often used for object classification, such as Im-
ageNet, Deng et al. (2009); Russakovsky et al. (2015)). For this reason I wanted to avoid
any semantic categorization to influence the formation of a latent distribution, as well as
object image features to influence the learning process. Naturalistic landscapes or scenes
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could be a useful type of data to achieve this goal.

I first assessed the texture generation ability of the model by training it with the
custom dataset and the setup reported in Supplementary Table 2.4. An exemplar of input
image and of reconstruction performed with full loss (see Eq. 2.7) is shown in Figure 2.3a.
The reconstruction features groups of artifacts that do not reflect the type of result that
I was aiming at: high quality naturalistic-looking textures as in Gatys et al. (2015). I
attributed this result to the scarcity of input data, as well as their low variability (many
images from out custom dataset are similar to one another). I therefore decided to proceed
with training on NSD, and a new model setup (see Supplementary Table 2.5). I aimed
at increasing the quantity and the inter-variability of the training data. I furthermore
implemented a learning rate decay scheduler, and I added a weight a to the MSE on the
gram representation of the loss, which becomes:

N 1 M
Liotar = — E Ezwq¢<zi|zz) - M2 Z - xm

i=1 m=1

K, (28)
Z 7z 2 (G" = Gl = FKL (s ()l Ip(=0)

where « is initially set to 0, and subject to a scheduler. For 4 training days it is
kept stable at 0 such that the pixel loss takes over the reconstruction to guide the model
towards learning the space of pixels and generating naturalistic images; afterwards, « is
interpolated to smoothly transition to 1, to gradually bring the model to learn the gram
representation of the images and actually reconstruct naturalistic textures. I show the
result of this experiment in Figure 2.3b. I observe that, although the pixel level recon-
struction improved to the point of showing object-like shapes and colors, the images are
still overall of poor quality and present artifacts that do not resemble texture represen-
tations. By inspecting the loss trend during training, I see that this result emerges when
the losses value have decreased significantly (see Supplementary Figures 2.6). Due to the
training difficulties encountered with the datasets explored so far, I then decided to focus
on a texture image dataset, which I expected to be more naturally suited to our goals.

2.4.4 Texture dataset

This training experiment was conducted with the model configuration summarized in
Supplementary table 2.6 and with the Describable Texture Dataset (DTD Cimpoi et al.
(2014)). DTD is a database that collects 5640 images of naturalistic textures divided
into 47 labels. The labels are assigned with an independent linguistic task based on
human judgment agreement, and are based on an independent study by Bhushan et al.
(1997). This dataset is useful for training our model because it explicitly encodes images
of textures which are also divided in semantic classes, so it contains texture information
both at the perceptual level and at the class level. Therefore, it could potentially support
generation of novel textures as well as the learning of a disentangled latent space.

To address the training issues highlighted in the previous session, I simplified the archi-
tecture to the bare minimum — a (non-variational) autoencoder (AE) in pixel space — and
then to gradually add components to isolate the emergence of the issue. Since DTD con-
tains a relatively small number of images, I also implemented several data augmentation
operations.
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(b) NSD original vs. reconstruction.

Figure 2.3: Custom dataset and NSD training experiment. Random samples of
original images (first column) and reconstructions (second column). This figure is for
illustrative purposes to examine the quality of the output with respect to the quality of
the input.

Figure 2.4a shows two images from DTD reconstructed pixel by pixel by the AE, the
simplest version of our VAE backbone, that optimizes the following loss:

n

L:pi;r:el = Z({El — fz)2 (29)

i=1

The reconstruction is satisfactory as it preserves good image quality and semantic content,
even if if the details are not as perceptually good as the original pictures. I therefore
proceeded to add the KL regularization loss, effectively switching to a VAE backbone,
to test the generative model by keeping 8 very low and Z as the same number of DTD
classes (see Table 2.6 for implementation details). I kept the pixel loss as in Eq 2.9. The
results in Figure 2.4b shows that at this level of complexity the models shows inability
to generate novel images by sampling the input dataset. DTD is much more limited
with respect to NSD, and that it does not have enough internal variability due to the
fact that only textures are represented. In addition, an inspection of the loss trend (see
Figure 2.7) reveals that VAE learning is very unstable. I therefore concluded that the
generative ability of the model in this experiment is affected by the lack of samples in
the input data, the dimensionality of Z, which is not optimized to capture a tractable
representations of the textures in the dataset, and by the instability of the architecture.
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(b) VAE DTD original vs. reconstruction.

Figure 2.4: DTD training experiments. Original images (first column) and corre-
sponding reconstructions (second column). In both the AE and the VAE versions of the
model I trained for 100 epochs and kept the parameter configurations displayed in Ta-
ble 2.1.

2.5 Discussion and conclusions

In this chapter, I investigated whether the statistical texture representation introduced by
Gatys et al. (2015) could be combined with the structured latent space of a VAE to obtain
a generative model of naturalistic textures. The motivation was to combine two desirable
properties that are usually found separately in existing texture synthesis approaches:
the ability of Gram matrix-based methods to synthesize visually rich and naturalistic
textures, and the explicit low-dimensional latent representation provided by VAEs. Such
a representation could, in principle, provide a continuous texture space whose geometry
could be explored and ultimately compared with perceptual representations measured in
human observers.

As a first validation step, I implemented the texture synthesis algorithm of Gatys et al.
(2015) independently from the VAE. The reconstructed textures showed that our imple-
mentation of the Gram matrix objective was capable of producing high-quality synthetic
images, qualitatively reproducing the behavior of the original method. I then assessed the
reconstruction capabilities of the VAE backbone using MNIST and CIFAR-10. While the
network successfully reconstructed the simpler MNIST images and retained some coarse
visual information for CIFAR-10, reconstruction quality decreased substantially as the
complexity of the input images increased.

I subsequently combined the two components and trained the complete model on
progressively more appropriate datasets, including a custom dataset of natural scenes,
the NSD, and the DTD. Across these experiments, however, the proposed model did not
reach the intended behavior. In particular, optimizing the VAE jointly through pixel
space reconstruction, latent-space regularization, and Gram matrix matching did not
result in high quality naturalistic textures comparable to those obtained when the Gatys
optimization was applied directly in image space. Increasing the amount and variability
of the training data, modifying the relative contribution of the different loss terms, and
introducing a gradual transition from pixel reconstruction to Gram matrix optimization
improved some aspects of the reconstructions but did not solve the fundamental limitation.
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These results suggest that a straightforward combination of a VAE with a Gram matrix
reconstruction objective is not sufficient to construct the desired latent texture manifold.
The two components impose substantially different constraints on the generated images.
The VAE must compress each image through a low-dimensional probabilistic bottleneck
while simultaneously maintaining a latent distribution close to the chosen prior, whereas
the Gram matrix objective constrains high dimensional statistics extracted at several
depths of a pretrained CNN. Although many different images may share similar Gram
representations, there is no guarantee that these equivalence classes can be represented
accurately by the comparatively restricted latent space learned by the VAE. The optimiza-
tion therefore needs to satisfy simultaneously image reconstruction, latent regularization,
and preservation of multiscale texture statistics, and our experiments indicate that the
architecture and objective considered here were not sufficient to achieve this balance.

Importantly, the failure of the complete model does not invalidate the use of deep
convolutional representations for studying texture statistics. On the contrary, one of
the clearest outcomes of this project was the successful independent implementation and
validation of the Gatys texture synthesis framework. The contrast between the reliable
behavior of direct Gram matrix optimization and the poorer performance obtained after
embedding the same objective within a VAE suggested that the Gram representation
itself was a more promising object of study than the particular latent-variable architecture
explored here.

This observation motivated the subsequent studies developed from this project, in
which I focused directly on the properties of the Gatys representation of texture statistics.
Removing the additional constraints imposed by the VAE made it possible to investigate
the Gram representation in a more controlled setting and ultimately led to successful
results. Thus, although the original objective of constructing a VAE based latent man-
ifold of naturalistic textures was not achieved, the negative result played an important
methodological role: it identified which component of the proposed framework was robust,
clarified the limitations of the combined architecture, and redirected the project toward
a more productive analysis of Gram-based texture representations.

2.6 Appendix

2.6.1 Model architecture

VAE
Input image (224 x 224 x 3) Latent code
conv-64 deconv-64
conv-64 deconv-64
maxpool
conv-128 deconv-128
conv-128 deconv-128
maxpool
conv-256 \ deconv-256
maxpool
Latent code \ Output image 224 x 224 x 3

Table 2.1: Architecture of the Variational Autoencoder backbone.
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Figure 2.5: Diagram of the model’s architecture. The backbone is a VAE (top),
equipped with two VGG-19 instances (middle) to extract the Gram matrices (bottom).
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VGG-19
Input image
(224 x 224 x 3)
conv-64
conv-64
maxpool
conv-128
conv-128
maxpool
conv-256
conv-256
conv-256
maxpool
conv-512
conv-512
conv-512
maxpool
conv-512
conv-512
conv-512
conv-512
maxpool
fully connected 4096
fully connected 4096
fully connected 1000
softmax

Table 2.2: Architecture of VGG-19. Adapted from Simonyan and Zisserman (2015),
Table 1.
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2.6.2 Experimental configurations

Dataset MNIST | CIFAR-10
Learning rate 10~* 10~*
Channels 1 3
Height 128 32
Parameters Width 128 39
Epochs 100 100
Batch 60 60
15} 1 1
Hyperparameters Latent dimension Z 10 10

Table 2.3: Model parameters and hyperparameters for MNIST and CIFAR-10.
B is fixed at 1 so that the KL has the same weight as the reconstruction loss; Z is fixed
to have the same value as the number of classes in the datasets.

Dataset custom dataset
Learning rate 1074
Channels 3
Height 224
Parameters Width 994
Epochs 20000
Batch 15
15} 0.0005
Hyperparameters Latent dimension Z 20

Table 2.4: Model parameters and hyperparameters for the custom dataset. The
values of the hyperparameters 5 and Z were chosen by performing a K-fold crossvalidation
analysis, while the parameters were manually adjusted.
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Dataset NSD
Learning rate 1073
Decay Ir 10~
Channels 3
Height 224
Parameters Width 224
Epochs 300
Days 20
Decay day 18
Ir trans. day 4
Batch 50
B 0.00052
Hyperparameters | Latent dimension Z 36
« 1-0

Table 2.5: Model parameters and hyperparameters for NSD. The values of the
hyperparameters § and Z were chosen by performing a K-fold crossvalidation analysis;

a value was adapted for standard interpolation pipeline; the parameters were manually
adjusted.

Model AE | VAE
Learning rate 1074} 107
Channels 3 3
Height 224 | 224
Parameters Width 294 224
Epochs 100 | 10.000
Batch 8 8
B 0.0001
Hyperparameters | |+ dimension Z 47

Table 2.6: Model parameters and hyperparameters for DTD in the VAE train-
ing experiment. The values § was manually set to be very small to purposely under-

weight the variational rule; Z dimensionality was kept equal to the number of semantic
classes of DTD.
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2.6.3 Supplementary figures
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Figure 2.6: Losses landscapes of our model trained with NSD after 2 training days.
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Figure 2.7: Losses landscapes of VAE trained with DTD at 10.000 epochs.
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CHAPTER 3

Perceptual misalignment of texture represen-
tations in convolutional neural networks

This chapter is a reproduction of the paper Perceptual misalignment of texture
representations in convolutional neural networks, currently accepted in Journal of
Vision.

Statement of contribution: I performed all experiments and analyses, made all the
figures, wrote the first draft of the paper, and participated in further editing of the draft
and in responding to peer review. Fabio Anselmi, Alessio Ansuini and Eugenio Piasini
provided scientific guidance, contributed to the conceptual framing and discussion of the
findings, and participated in editing the paper and responding to peer review.

3.1 Abstract

Mathematical modeling of visual textures traces back to Julesz’s intuition that texture
perception in humans is based on local correlations between image features (Julesz, 1981).
An influential approach for texture analysis and generation generalizes this notion to linear
correlations between the nonlinear features computed by convolutional neural networks
(CNNs), compiled into Gram matrices (Gatys et al., 2015). Given that CNNs are often
used as models for the visual system, it is natural to ask whether such “texture repre-
sentations” spontaneously align with the textures’ perceptual content, and in particular
whether those CNNs that are regarded as better models for the visual system also pos-
sess more human-like texture representations. Here we quantify the perceptual content
captured by feature correlations computed for a diverse pool of CNNs, and we compare
it to the models’ perceptual alignment with the mammalian visual system as measured
by Brain-Score (Schrimpf et al., 2018). Surprisingly, we find that there is no connection
between conventional measures of CNN quality as a model of the visual system and its
alignment with human texture perception. We conclude that texture perception involves
mechanisms that are distinct from those that are commonly modeled using approaches
based on CNNs trained on object recognition, possibly depending on the integration of
contextual information.

3.2 Introduction

Visual textures hold a special status in vision neuroscience as stimuli that afford a non-
trivial degree of controllability and complexity, unlike natural images or more traditional
parametric stimuli (Victor et al., 2017). Because of this, multiple mathematical frame-
works for modeling and generating textures have been established, with considerable suc-
cess. One particularly influential strand of theoretical, computational and empirical work
stems from the seminal view of (Caelli and Julesz, 1978; Julesz, 1962, 1981), who pro-
posed that texture perception is controlled by local correlations of visual features within
an image. This view was extended by later work that better formalized the notion of
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textures as statistical objects (Zhu et al., 2000) (but see Liu et al. (2019) for a detailed
historical overview). This study demonstrated the effectiveness of using features based
on the neuroscience of vision (Portilla and Simoncelli, 2000) and developed a connection
with natural stimulus statistics through the efficient coding paradigm (Caramellino et al.,
2021; Hermundstad et al., 2014; Tesileanu et al., 2020, 2022; Tkacik et al., 2010; Victor
and Conte, 2012; Victor et al., 2017; Zanon et al., 2025).

In recent years, following the rise in popularity of deep convolutional neural networks
(CNNs) as tools in computer vision, Gatys et al. proposed a machine learning-based
operationalization of Julesz’s idea (Gatys et al., 2015). The Gatys model effectively
defined a texture ensemble based on the Gram matrices formed by spatial correlations
between intermediate-layer activations of a CNN trained for object recognition. Texture
synthesis is performed by optimizing the image pixels via gradient descent to match the
statistical structure of an exemplar texture. This is achieved by minimizing a Gram loss,
defined as the normalized L2 distance between the Gram matrices of the exemplar image
and those of the synthesized image. This approach was rapidly adopted in the budding
fields of neural texture synthesis and style transfer (see for instance Gatys et al. (2016);
Johnson et al. (2016); Li et al. (2017); Ulyanov et al. (2017); Yu et al. (2019)), and
was later improved under multiple aspects: high resolution images processing (?7), better
methods for capturing long-range correlations within images (Berger and Memisevic, 2017;
Liu et al., 2016; ?), usage of more sophisticated losses capable of capturing stationary
properties of the CNN’s activations beyond the pairwise correlations in the Gram loss
(Heitz et al., 2021; Vacher et al., 2020).

In parallel, and more broadly, CNNs trained for object recognition have become ubiq-
uitous tools in vision neuroscience. Over the years, work from many labs has established
these models as functional accounts of the ventral visual stream in monkeys (Bashivan
et al., 2019; Cadena et al., 2019; Cadieu et al., 2014; Khaligh-Razavi and Kriegeskorte,
2014; Schrimpf et al., 2020; Yamins et al., 2014) and humans (Giiglii and van Gerven,
2015; Storrs et al., 2021), as well as the corresponding visual cortical areas in rodents
(Cadena et al., 2019; Muratore et al., 2022, 2025; Nayebi et al., 2023). However, the
strong predictive power of this approach for neural activity is only partly mirrored by the
capacity of these artificial neural networks to accurately predict behavioral responses to
individual stimuli (Feather et al., 2023; Geirhos et al., 2021; Rajalingham et al., 2018;
Vinken et al., 2020; Wichmann and Geirhos, 2023).

Beyond object recognition, the ventral stream is also thought to be important for tex-
ture perception. Indeed, the idea that texture perception can be explained by reference
to the neural mechanisms in early vision goes at least as far back as Turner (1986) and
Malik and Perona (1990). More recent results in computational modeling and neuro-
physiology evidence point generally to the involvement of early-to-intermediate areas in
the ventral stream (Freeman et al., 2013; Henderson et al., 2023; Matteucci et al., 2024;
Okazawa et al., 2017; Portilla and Simoncelli, 2000; Yu et al., 2015; Ziemba et al., 2016,
2024). However, overall, our understanding of the neural computations underpinning tex-
ture perception is still limited compared to those enabling object recognition. This makes
CNN-based methods for texture analysis and synthesis particularly interesting from a
neuroscience perspective, despite the recent emergence of approaches based on diffusion
models for practical applications, e.g. (Wang et al., 2024). More specifically, it raises
the question of whether the existing quality measures devised for CNN-based models of
the ventral stream align with the perceptual quality of textures generated based on the
internal features of those models. If such alignment exists, it would not only suggest that
object recognition and texture perception share a significant amount of functional mech-
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anisms, but also that these mechanisms are among those that are well captured by CNNs
trained on object recognition. Conversely, the absence of such a relationship — where in-
creased fidelity to neural or behavioral object recognition data does not lead to improved
modeling of human texture perception — would indicate that current CNN architectures
or training paradigms lack critical components.

In the present work, we considered a set of popular CNNs and we asked whether the
models that are more “brain-like” in object recognition also tend to represent visual tex-
tures in a way that is closer to human perception. As a metric of model performance
on object recognition, we used the standardized benchmarks provided by Brain-Score
(Schrimpf et al., 2018). To measure alignment with human texture perception, we evalu-
ated the models on the images of the Describable Texture Dataset (Cimpoi et al., 2014),
which are divided in classes according to human annotations. We then assessed whether
the “texture representations” provided by the Gram matrices computed from the models’
feature maps (as in Gatys et al. (2015)) are organized in a way that respect the classes
subdivision in the dataset.

Our results show that there is no correlation between the goodness of the Gram texture
representation — with respect to the clusters formed by human-annotated labels — and
Brain-Score. This suggests that the features governing the utility of artificial neural
networks as models of visual cortex in an object recognition context are not fully aligned
with those that can make them good models for texture processing, therefore highlighting
an underexplored path for the improvement of machine learning-based models for texture
analysis and synthesis.

3.3 Methods

3.3.1 The “Gram representation” for textures

Our study builds on the texture analysis and synthesis method introduced by Gatys et
al. (Gatys et al., 2015). This approach models textures using feature representations
extracted from a CNN, which are shown to support the generation of perceptually com-
pelling texture samples. In the original implementation, given a natural texture image
x, the algorithm starts by feeding x as input to the network and extracting the corre-
sponding activation maps from a predetermined set of layers. For each selected layer [,
the feature activations F! are used to compute a Gram matrix G', defined as the inner
product between vector representations of the feature maps:

Gy =Y F.Fl, (3.1)

where the index m runs over spatial samples of the feature maps, and ¢ and j label
feature channels at layer [. This Gram matrix summarizes the correlations between feature
channels, discarding spatial information and yielding a statistical description of textures.
These “Gram representations” are thought to capture the elements of the input image that
are important for texture perception. In this work, we study the Gram representations
generated by a number of different CNNs.

3.3.2 Texture synthesis

In the present work we provide examples of texture synthesis to help the reader gauge
the quality of the images that can be produced based on the representations described in
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the previous paragraph, despite the fact that our main analyses and conclusions do not
depend on the output of any texture synthesis algorithm. For completeness, we report
here the details of our synthesis approach.

To generate synthetic textures we followed the method established by Gatys et al.
(2015), with minor modifications. Briefly, texture synthesis is performed by iteratively
updating the pixels of an initially random image z, where pixel values are drawn from a
Gaussian distribution & ~ N(0,1). This process leads to match the Gram matrices of &
to those of the target image x by minimizing the Gram loss, defined as a weighted sum
of squared L2 distances between corresponding Gram matrices across layers:

R 1 A
L(E,x)= IVN? IG" = G'll3. (3.2)
l

where N; is the number of features in layer [ and M; is the number of units within each
feature (note that the term 1/4M;N? that we use here to weight the contribution from
each individual layer is not identical to the one in Gatys et al. (2015); see the Appendix
for details on our choice of loss weighting for image synthesis). To minimize the Gram loss
we used L-BFGS as in Gatys et al. (2015), using the implementation of the optimization
algorithm provided by PyTorch (Ansel et al., 2024).

Minimizing this objective in pixel space generates novel images whose texture statis-
tics, as captured by feature correlations in a convolutional neural network, match those
of the original image. Importantly, while spatial structure is not preserved, the resulting
images retain perceptually salient texture properties, highlighting the role of feature-level
statistics in texture representation.

3.3.3 CNN Layer selection

We implemented the texture representation and the synthesis algorithm described above
using PyTorch (Ansel et al., 2024), for a range of CNN architectures trained for object
classification with ImageNet-1K (see Table 3.1). The pre-trained networks were sourced
from TorchVision (TorchVision maintainers and contributors, 2016). The convolutional
layers of the CNN originally used by Gatys et al. (2015) (VGG-19) have five different
spatial scales, corresponding to the five consecutive “convolve-and-pool” blocks of that
architecture. Gatys et al. (2015) showed that selecting just one layer for each of these
spatial scales was enough to produce perceptually satisfying synthetic textures. Therefore
to ensure that the results of our analysis are comparable across different networks, we
extracted feature maps from five layers from each architecture, selected in such a way
that they are located at comparable relative depth across architectures; see Appendix,
Supplementary Tables 3.4, 3.5 for details.

3.3.4 Stimulus dataset

The Describable Textures Dataset (DTD) (Cimpoi et al., 2014) is our input dataset of
choice. It consists of 5640 images of naturalistic visual textures collected from the Internet,
spanning a wide range of materials and surface appearances. The dataset is organized
into 47 texture classes, each one containing 120 images. The images size ranges between
300x300px and 640x640px. We resized (scaled) every image to 224x224px, in order to
match the CNNs’ input spatial dimensions and to maintain a stable representation of the
textures.
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Family Model
AlexNet (7)
DenseNet-121
DenseNet (Huang et al., 2017) DenseNet-169
DenseNet-201
InceptionNet (Howard et al., 2017) Inception-v3 (Szegedy et al., 2016)

ResNet18
ResNet34
ResNet (He et al., 2016) ResNet50
ResNet101
ResNet152
VGG-16
VGG-19

VGG (Simonyan and Zisserman, 2015)

Table 3.1: Convolutional Neural Network architectures grouped by family.

The class labels arise from a human annotation procedure based on the Texture Lezx-
icon, a psycholinguistic study introduced in Bhushan et al. (1997) with the goal of con-
structing a linguistically grounded vocabulary for describing visual textures. The Texture
Lexicon identifies a set of texture-related adjectives commonly used by human observers
(e.g., blotchy, striped, bumpy, woven) and organizes them according to perceptual rele-
vance.

To construct DTD, the authors selected 47 representative texture terms from the
Texture Lexicon and used them as labels in a large-scale annotation task involving human
participants. Annotators were presented with images and asked to assign one or more
texture attributes that best described the visual appearance of the image. Final class
labels were determined by aggregating human responses and retaining images for which
there was sufficient agreement across annotators. As a result, DTD encodes texture
categories that reflect shared perceptual judgments rather than low-level image statistics
or semantic object labels.

This annotation procedure makes DTD particularly suitable for studies of texture per-
ception, as it provides a direct link between image-level texture statistics and perceptually
meaningful texture descriptors grounded in human language and cognition. DTD treats
textures as entities that can be categorized in a manner analogous to object images, ef-
fectively providing human-defined clusters of visual textures with a balanced distribution
of images across classes. The richness and diversity of DTD thus constitute a perceptual
and linguistic benchmark against which we can evaluate whether texture representations
derived from CNNs in combination with the Gatys method are sufficient to preserve class-
specific texture distinctions as defined by human perception.

3.3.5 Clustering

We performed Representation Similarity Analysis (RSA) (Kriegeskorte et al., 2008) on
the texture representations extracted with the Gram matrices on our pool of 12 CNNs.
RSA was introduced in neuroscience as a method to compare object representations ob-
tained with different means (e.g., functional Magnetic Resonance Imaging vs. Magnetoen-
cephalography), or to compare biological and computational representations (e.g., brain
activity vs. CNNs). It relies on Representational Dissimilarity Matrices (RDMs), where
each entry is the pairwise dissimilarity between responses to two stimuli. We employed
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RSA to verify whether the RDMs produced with Gram matrices extracted from DTD
show a clustering pattern consistent with the original 47 classes. For each one of the
12 CNNs, we obtained 5 RDMs — one for each of the convolutional layers analyzed — of
dimensionality 5640x5640, where each entry is the distance among Gram matrices for one
pair of images in DTD.

We tested whether Gram matrix-based texture representations capture the structure
of the 47 texture classes in DTD by performing hierarchical clustering with Ward linkage
function based on Euclidean distance, as implemented in scikit-learn (Pedregosa et al.,
2011). Hierarchical clustering is an unsupervised technique that groups data points based
on their similarity, producing a tree-like representation in which clusters are progressively
merged according to their pairwise distances. This hierarchical organization provides
insight into the intrinsic structure of the data without relying on class labels.

To evaluate the extent to which the learned texture representations recover the human-
defined categories in DTD, we treated the dataset labels as a reference standard. Specif-
ically, we fixed the number of clusters to k = 47, matching the number of texture classes
in the original dataset, and allowed the clustering algorithm to organize the representa-
tions accordingly. This procedure enables a direct comparison between the automatically
discovered clusters and the perceptual texture classes defined by human annotations.

3.3.6 Measuring clustering quality

We quantified texture information carried in the representations within Gram matrices
with Mutual Information (MI) (MacKay, 2003). In our analysis MI was computed between
the real 47 classes in DTD (real classes) and the 47 clusters found by hierarchical clustering
(found clusters). If X and Y are random variables representing respectively the true label
of an image (real class) and the label assigned to it by the clustering procedure (found
cluster), MI is the reduction in uncertainty, quantified as entropy (H), in one of the two
variables associated with learning the value of other:

MI(X :Y) = H(X) — H(X|Y) = HY) - HY|X) = Y p(x,y) log 2T Y)_
-~ p(z) p(y)

By construction, MI(X : Y') is upper-bounded by the minimum between H(X) and
H(Y). This can be seen by the expression above taking into account that H(X|Y) and
H(Y|X) are always nonnegative. Therefore, considering that Y follows an unknown
distribution where found clusters result from hierarchical clustering, and X is distributed
uniformly among the 47 real classes of DTD, in our case the MI is upper bounded by the
entropy of X:

47
Moy = H(X) = = p;log, pi = log, 47 = 5.5bits (3.3)
=1

All empirical estimates for mutual information were corrected for potential undersam-
pling bias using the NSB method (Nemenman et al., 2002), as implemented by the ndd
Python package (Marsili, 2021).

We quantified MI between real classes and found clusters for the found classes dis-
tribution drawn from each of the 5 layers of the 12 CNNs. Therefore, for each model we
obtained 5 MI values.
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3.3.7 Brain-Score correlation

To assess the relationship between the goodness of a CNN as a model for biological ob-
ject recognition and texture perception, we correlated the best MI value (i.e. the highest
out of the 5 MI values computed for each model) of each CNN to Brain-Score. Brain-
Score is a composite of multiple behavioral and neural benchmarks that determine how
similar artificial neural networks are to the object recognition mechanisms in the human
and macaque brain (Schrimpf et al., 2018). In this study, we focus on the following
Brain-Score components: neural vision, behavior vision, and average vision, as well as
the region-specific neural predictability scores for V1, V2, V4, and IT. The neural vision
score summarizes a model’s ability to predict neural responses across areas of the pri-
mate ventral visual stream, while behavior vision quantifies the alignment between model
predictions and human behavioral performance on object recognition tasks. The aver-
age vision score provides an overall summary across neural and behavioral benchmarks.
The region-specific scores (V1, V2, V4, IT) evaluate how well model representations pre-
dict neural activity in individual cortical areas involved in the hierarchical processing of
visual information along the ventral stream. For each of the 12 models, we correlated
the highest MI with the aforementioned Brain-Score values which we report in Appendix
Supplementary Table 3.6. We run a linear correlation with Pearson’s p and set o« = 0.05.

3.4 Results

3.4.1 Representational Similarity Analysis

To understand how texture information is represented across the layers of our CNNs, we
started by performing Representational Similarity Analysis. Figure 3.1 shows Representa-
tional Dissimilarity matrices (RDMs) calculated on pairs of Gram matrix representations
of DTD images extracted from VGG-19. Performing the same analysis on other networks
led to qualitatively similar results (see de Paolis (2025) for high-resolution RDM plots
for all the networks considered in this work). Visual inspection reveals that the structure
of the RDMs reflects the existence of at least some of the classes in DTD, and that for
this network the clearest structure emerges in the last three layers. To understand these
trends more quantitatively, we next moved to performing clustering analysis of the Gram
representations.
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Figure 3.1: Representational Dissimilarity Matrices obtained from the five layers
analyzed for VGG-19. The size of each matrix is 5640 x 5640, and each entry corresponds
to the Euclidean distance — relative to each matrix, as in the colorbars — between the
Gram matrix representation of one pair of images in DTD. The entries are sorted such
that images belonging to each of the 47 ground-truth categories are placed next to each

other.
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3.4.2 Clustering analysis

Figure 3.2 represents the values of MI by model and by layer found with hierarchical
clustering. The plot shows a trend: MI grows along with the depth of the extracted
features, consistently with the trend found by visual inspection in the RSA plots. The
highest MI is yielded by the last layer for most models, but it does not go beyond ~ 2.7
bits, which is about half of the maximum achievable MI, according to Equation 3.3.
These numbers show that increasing the depth of the extracted representations leads to
an increasing clustering quality.

The results of the correlation among the highest MI value per model and selected
Brain-Score benchmarks are reported in Table 3.2. We did not find any significant corre-
lation between any Brain-Score value and the best MI found in any model, as shown in
Figure 3.3.

Brain-Score metric | Pearson’s r | p-value
average vision -0.130 0.68
neural vision -0.165 0.60
behavior vision -0.029 0.92
Vi1 -0.229 0.47
V2 -0.262 0.41
V4 -0.063 0.84
IT -0.104 0.74

Table 3.2: Correlation between texture representation quality and BrainScore.
Texture representation quality is expressed as MI between the clusters in the Gram repre-
sentation of textures and the ground-truth labels in DTD, and the quality of the networks
as models of the ventral visual stream is measured by Brain-Score. For more details on
Brain-Score see Section 3.3.7.

Model
—e— AlexNet
DenseNet-121
DenseNet-169
DenseNet-201
InceptionV3
ResNetl01
ResNet152
ResNet18
ResNet34
ResNet50
VGG-16
VGG-19
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Layer indices (1-5)

Figure 3.2: MI values across CNN layers identified by index (1-5). Each line corre-
sponds to one of the 12 models as color-coded in the legend.
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Figure 3.3: Plots of the correlations with Pearson’s p. Each subplot represents the
correlation of Brain-Score benchmarks average vision, neural vision, behavior vision, V1,
V2, V4, IT respectively vs. the layer with the highest MI for each of the 12 CNNs. Each
color identifies a model as reported in the legend.

3.4.3 Texture synthesis

In Figure 3.3 we report samples of synthesized textures for a subset of selected models. The
purpose of this plot is to illustrate the output of the Gatys algorithm, as implemented by us
with our pool of CNNs; we underline that texture synthesis is not part of the main analysis
pipeline, and in our work is only used to generate example visualizations. The results of
the quantitative analyses described in the previous sections do not depend directly from
this visual outcome. Each sample belongs to 4 separate DTD classes: blotchy, striped,
matted, scaly. We observe how some models achieve a better perceptual output in terms
of synthesized textures, despite running the same algorithm.

3.5 Discussion

In this study, we have investigated the quality of the Gram texture representation pro-
posed by Gatys et al. (2015) in terms of its agreement with the categorical grouping in
the Describable Texture Dataset (Cimpoi et al., 2014), for a diverse pool of deep convolu-
tional networks. We have compared this measure of perceptual quality with Brain-Score,
an independent benchmark for “brain-like” operation of the CNNs in object recognition
settings (Schrimpf et al., 2018, 2020).

Our analyses lead to three main conclusions. First, the perceptual quality of the Gram
representations tends, for most networks, to grow monotonically with the depth of the
layers analyzed (Figure 3.2). This is generally compatible with recent results suggesting
that texture processing is distributed along intermediate areas of the ventral visual stream
inclusing V2 and V4 (Okazawa et al., 2017; Ziemba et al., 2024) and possibly IT (Zhivago
and Arun, 2014).

Second, the Gram representation is unable to recover the full class structure of the
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Original image

AlexNet

DenseNet-169

ResNet18

ResNet101

VGG-19

J .
4 i

Table 3.3: Textures generated with the Gatys algorithm applied to a subsample of
CNNgs.
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data, as determined by the human-assigned labels. Quantitatively, this is seen by the value
of the clustering MI reaching only about half of the theoretical maximum (Figure 3.2).
This highlights that, despite its popularity, the Gram representation is far from perfect. In
further work, we aim at exploring whether the perceptual improvements associated with
more sophisticated versions of the representation translate to significant improvements in
MI on the DTD.

Third, the quality of the CNNs as implicit models for texture perception is not corre-
lated with their quality as models of the ventral stream in an object recognition setting
(Figure 3.3). This is despite the fact that there is substantial variability in both met-
rics, as is well known for Brain-Score, and as can be also appreciated visually for the
textures in Figure 3.3. It is not simply due for instance to all models having roughly the
same texture representation capacity. This result is surprising, because one could have
expected that the functional features captured by Brain-Score are general enough to at
least partly include those that are necessary to support human-like texture perception.
Instead, this appears not to be the case. We conclude that in order to design methods of
texture analysis and synthesis that are better aligned with human perception we need to
look beyond standard CNNs trained for object recognition, for instance by incorporating
unsupervised or self-supervised learning (Matteucci et al., 2024), multimodality (Radford
et al., 2021) or different architectures, such as those with attention mechanisms (Guo
et al., 2022; Vaswani et al., 2017).

Finally, we note that our conclusions are broadly compatible with another series of
works relating human vision and texture encoding in CNNs. In an influential paper,
Geirhos et al. (2019) showed that CNNs trained for object classification on ImageNet
tend to classify images based on texture information more than shape information, in a
way that differs markedly from human behavior. However, subsequent work within that
research strand points to the idea that, in fact, shape and texture information do coexist
within the representation layers of CNNs, and that this so-called “texture bias” emerges
primarily at the level of the decision head, which under standard training conditions learns
to prioritize texture information over shape information (Hermann et al., 2020; Islam et al.,
2021). Our notion of “texture information” (the MI between the Gram clusters and the
ground-truth DTD labels) increases with layer depth across most models, generalizing the
observations in Hermann et al. (2020), which shows (Supplementary Figure C.4) that for
AlexNet the texture information increases rapidly in early convolutional layers and then
flattens out towards the end of the hierarchy. This is very similar to the trend we report
for AlexNet in Figure 3.2. Another interesting observation in Hermann et al. (2020) is
that neurally-motivated architectures like CorNET (Kubilius et al. (2018); designed by
the same team as Brain-Score) do not fare better than standard CNNs from the point
of view of their texture bias in classification. This echoes our own results showing that
architectures that are better models of ventral stream processing in the canonical sense
(related to object identity processing, measured by Brain-Score) are not necessarily more
human-like in how they process textures.

3.6 Conclusions

Our work highlights a number of limitations of popular machine learning-based approaches
for visual texture analysis and synthesis. At the same time, it provides a simple example
of a visual function that is likely performed in the ventral stream but for which the
existing quality metrics of neural and behavioral fidelity for models seem to have very little
predictive power. In future work, we plan to extend our analyses to different architectures
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and texture representations, and to develop a more direct and systematic way of testing
the perceptual quality of generated textures with large-scale human psychophysics. Going
forward, we hope that our approach can provide an additional guide for the development
of truly general-purpose models of the mammalian visual system.

3.7 Appendix

3.7.1 Loss normalization

In this section we derive the weighting rule we used to combine the Gram losses from
multiple layers.
Consider the Gram matrix G for a certain layer [. Its (i, j)-th entry is

M
Gy =Y FI'F}
n=1

where the index n runs over all elements of the i-th feature map F; (so for instance in
a typical convolutional network M would be the product of the height and width of the
feature map). Assume that the individual activations of the network units are roughly
normally distributed:

E)' ~N(0,1)

This is a reasonable assumption in presence of batch normalization. Our goal is now to
understand how the “Gram loss” for this layer is distributed. The Gram loss is

N N 9
L= 2 2 (G - c3)
i=1 j=

For a fixed value of 7, j and n let’s define two new random variables A and B:
n n\ 2 n n\ 2
(T ()
V2 ’ V2

A—B 1[F?+F?+2FF, F?+F?—-2FF, 1
. 25{ i ]2 Jti ]2 31 :Z[4FZF‘7]:EFJ

from which we get

so we can think of G;; as the sum of M iid terms, each of which is distributed like (A—B)/2.
By observing that (F]* + F]")/ﬁ ~ N(0,1), we see that A and B are each simply the
square of a standard Normal. Therefore they both follow a Chi-squared distribution with
one degree of freedom

A~yi . Bexi

which means that
E[A] =E[B] =1 , Var[A] = Var[B] =2

Therefore, A — B is the difference of two independent random variables with mean zero
and variance 2. This implies that, for any n,

EQ2F"F"] = E[A— B] =0
Var[2F"F}'] = Var[A] + Var[B] = 4
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and therefore
E[F}FY] = 0
Var[ﬂ”Ff] =2

So G;; is the sum of a large number M of iid random variables, each with mean 0 and
variance 2. By the central limit theorem, then,

Gz’j NN (0, \% 2M>
If this is true for both the original and reconstructed Gram, then
Gi5e — G ~ N(0,2V M)
and therefore _
Gree — G908
L E—C N Vi (0,1)
2v M

Now, consider the quantity

N N Grec Gorlg
G-y (B

It is clear that £;/4M is the sum of N? squared standard Normal random variables.
Therefore,

Ly
AN XN2
and as a consequence
L 9
E [m] N
Finally, this implies that
E [£'] = 4MN?

In other words, if the activations F}* are standardized, the expected value of the Gram
loss for a layer with N features of size M is 4M N?, just as a consequence of the size and
shape of the layer. Therefore, to make sure that Gram losses coming from different layers
have the same weight in our total loss we should divide each layer-specific Gram loss by
4AMN?, where M and N are the values specific to that layer.

3.7.2 Supplementary Tables
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Table 3.4: Extracted layers from each CNN and relative Gram matrix dimensionality.
The names refer to the terminology of the models’ versions in Torchvision. For models
whose layers are not associated with a name, we report the absolute index.

Model Extracted layers Gram dimensionality
LO=64(64 + 1)/2 = 2080
L3=192(192 + 1)/2 = 18520
AlexNet layer idx=[0, 3, 6, 8, 10] L6=384(384 + 1)/2 = 73920
L8=256(256 + 1)/2 = 32896
L10=256(256 + 1)/2 = 32896
features.norm0 bn0=64(64 + 1)/2 = 2080
features.denseblockl.denselayerl.norm2 bnl1=128(128 + 1)/2 = 8256
DenseNet-121 | features.denseblock2.denselayerl.norm2 bn2=128(128 + 1)/2 = 8256
features.denseblock3.denselayerl.norm2 bn3=128(128 4+ 1)/2 = 8256
features.denseblock4.denselayerl.norm2 bnd=128(128 + 1)/2 = 8256
features.norm0 bn0=64(64 + 1)/2 = 2080
features.denseblockl.denselayerl.norm2 bnl1=128(128 + 1)/2 = 8256
DenseNet-169 | features.denseblock2.denselayerl.norm2 bn2=128(128 + 1)/2 = 8256
features.denseblock3.denselayerl.norm2 bn3=128(128 + 1)/2 = 8256
features.denseblock4.denselayerl.norm2 bnd=128(128 + 1)/2 = 8256
features.norm0 bn0=64(64 + 1)/2 = 2080
features.denseblockl.denselayerl.norm2 bnl1=128(128 + 1)/2 = 8256
DenseNet-201 | features.denseblock2.denselayerl.norm2 bn2=128(128 + 1)/2 = 8256
features.denseblock3.denselayerl.norm2 bn3=128(128 + 1)/2 = 8256
features.denseblock4.denselayerl.norm2 bnd=128(128 + 1)/2 = 8256
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Table 3.5: (Continued from previous page)

Model

Extracted layers

Gram matrix dimensionality

Inception-v3

Conv2d_la_3x3.bn
Conv2d_2a_3x3.bn
Conv2d_2b_3x3.bn
Conv2d_3b_1x1.bn
Conv2d_4a_3x3.bn

bn0=32(32 + 1)/2 = 561
bn1=32(32 + 1)/2 = 561
bn2=64(64 + 1)/2 = 2080
bn3=80(80 + 1)/2 = 3240

)
bnd=192(192 + 1)/2 = 185208
)

layer1.0.bnl bn0=64(64 + 1)/2 = 2080
layer1.0.bni bnl=64(64 + 1)/2 = 2080
ResNet18 layer2.0.bnl bn2=128(128 + 1)/2 = 8256
layer3.0.bnl bn3=256(256 + 1)/2 = 32896
layer4.0.bn1 bnd=512(215 + 1)/2 = 131280
layer1.0.bnl bn0=64(64 + 1)/2 = 2080
layer1.0.bnl bnl=64(64 + 1)/2 = 2080
ResNet34 layer2.0.bnl bn2=128(128 + 1)/2 = 8256
layer3.0.bnl bn3=256(256 + 1)/2 = 32896
layer4.0.bn1 bn4=512(215 + 1)/2 = 131280
layer1.0.bn1 bn0=64(64 + 1)/2 = 2080
layer1.0.bni bnl=64(64 + 1)/2 = 2080
ResNet50 layer2.0.bnl bn2=128(128 + 1)/2 = 8256
layer3.0.bnil bn3=256(256 + 1)/2 = 32896
layer4.0.bn1 bn4=>512(215 + 1)/2 = 131280
layer1.0.bn1 bn0=64(64 + 1)/2 = 2080
layer1.0.bnl bnl=64(64 + 1)/2 = 2080
ResNet101 layer2.0.bnl bn2=128(128 + 1)/2 = 8256
layer3.0.bnl bn3=256(256 + 1)/2 = 32896
layer4.0.bn1 bn4=512(215 + 1)/2 = 131280
layer1.0.bn1 bn0=64(64 + 1)/2 = 2080
layer1.0.bnl bnl=64(64 + 1)/2 = 2080
ResNet152 layer2.0.bn1 bn2=128(128 + 1)/2 = 8256
layer3.0.bnl bn3=256(256 + 1)/2 = 32896
layer4.0.bn1 bn4=512(215 + 1)/2 = 131280
bnl=64(64 + 1)/2 = 2080
bn8=128(128 + 1)/2 = 8256
VGG-16 bn idx=[1, 8, 15, 25, 35] bn15=256(256 + 1)/2 = 32896
bn25=512(215 + 1)/2 = 131280
bn35=512(215 + 1)/2 = 131280
bnl=64(64 + 1)/2 = 2080
bn8=128(128 + 1)/2 = 8256
VGG-19 bn idx=[1, 8, 15, 28, 41] bn15=256(256 + 1)/2 = 32896

bn25=512(215 + 1)/2 = 131280
bn35=512(215 + 1)/2 = 131280
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Table 3.6: Summary of the values from Brain-Score benchmarks that we selected
for our study (columns), for the 12 CNNs from our pool (rows). In the second column
and second row, for models and benchmarks respectively, we report the .csv coordinates
of the leaderboard. Our Brain-Score values were exported from the leaderboard website
on September 8th 2025.

Model Model coordinates | average vision | neural vision | behavior vision | V1 V2 V4 IT
Benchmark coordinates $D$2 $E$2 $DB$2 SF$2 | SAMS2 | SAPS$2 | SAVS$2
AlexNet $B$290 0.171 0.281 0.06 0.338 0.176 0.355 0.255
Densenet-121 $B$128 0.311 0.344 0.278 0.388 | 0.275 | 0.396 | 0.315
DenseNet-169 $B$158 0.276 0.305 0.248 0.346 | 0.178 | 0.384 | 0.312
DenseNet-201 $B$94 0.318 0.293 0.343 0.34 0.19 0.388 | 0.253
Inception-v3 $B$84 0.33 0.3 0.358 0.321 | 0.169 | 0.388 | 0.324
Resnet18 $B$354 0.152 0.221 0.084 0.091 0.151 0.377 0.263
Resnet34 $B$357 0.147 0.206 0.089 0.077 | 0.143 | 0.359 | 0.244
Resnet50 $B$60 0.362 0.326 0.397 0.356 | 0.191 | 0.395 | 0.363
Resnet101 $B$176 0.26 0.081 0.44 0.127 0.068 0.062 0.066
Resnet152 $B$228 0.202 0.044 0.359 0.021 | 0.074 | 0.012 | 0.069
VGG-16 $B$104 0.322 0.288 0.354 0.319 | 0.147 | 0.385 | 0.303
VGG-19 $B$148 0.305 0.267 0.343 0.285 0.13 0.367 0.285
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3.7.3 Supplementary figures
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Blotchy Striped Matted Scaly Pebbles

Original image

AlexNet

DenseNet-121

DenseNet-169

DenseNet-201

Inception-v3

ResNet18

Table 3.7: Textures generated with the Gatys algorithm with the 12 CNNs of choice
(rows). The 4 original images (top row) belong to 4 different classes in DTD (columns:
blotchy; striped; matted; scaly). The last column represents one of the images originally
used by Gatys et al., which we synthesized as a reference.
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ResNet34

ResNet50

ResNet101

ResNet152

VGG-16

VGG-19

Table 3.8: (Continued from previous page)
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CHAPTER 4

Texture Representations in Deep Vision Mod-
els: Comparing CNNs, Vision Transformers,
and Human Perception

This chapter is a reproduction of the paper Texture Representations in Deep Vision
Models: Comparing CNNs, Vision Transformers, and Human Perception, currently in
arXiv as an e-print.

Statement of contribution: I performed all experiments and analyses, made all the
figures and wrote the first draft of the paper. Alessandro Laio provided assistance with
the implementation of Information Imbalance and with optimizing the plots. Eugenio
Piasini provided the code for the implementation of one texture synthesis algorithm.
Marco Baroni, Alessandro Laio and Eugenio Piasini provided scientific guidance,
contributed to the conceptual framing and discussion of the findings.

4.1 Abstract

In computational vision science, Convolutional Neural Networks (CNNs) have emerged
as a popular model of biological vision because of the alignment they can exhibit with
neural and behavioral data in humans and animals. However, it remains unclear to what
extent this alignment persists for visual tasks that extend beyond the canonical object-
recognition paradigm based on well-defined semantic content. In this study, we diverge
from the common object-centric view by focusing on another aspect of vision: texture
perception. We consider textures of different complexity generated with three different
algorithms from the same source images. Using a rank-based statistic, we quantify the
information encoded in the internal representations of a CNN and three Vision Transform-
ers (ViTs), and we compare the similarity of these representations to those inferred from
human psychophysics data. We find that the representation of textures is aligned in differ-
ent ViTs, but not between the ViTs and the CNN; that ViTs form similar representations
for textures of different complexity; that human performance in recognizing textures can
be better predicted from ViTs representations rather than CNN representations. Taken
together, these results suggest that ViTs may capture more faithfully than CNNs how
texture patterns are visually processed by humans, and that the representations of texture
stimuli in computational models may be driven by the network architecture.

4.2 Introduction

Convolutional neural networks (CNNs) are ubiquitous in computer vision and in vi-
sion neuroscience, where they are commonly employed as models of the ventral visual
stream and of the biological mechanisms underlying object recognition (Kriegeskorte,
2015; Lindsay, 2021). A pivotal moment in the history of CNNs was the release of
AlexNet (Krizhevsky et al., 2012), which demonstrated significantly higher accuracy
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than other vision models in an object classification task connected to the ImageNet
database (Deng et al., 2009). This success reinforced the centrality of the object recogni-
tion paradigm in machine learning and computational vision neuroscience, which led to
numerous advances in the following years. However, in real life scenarios image perception
and representation is much more diversified than just recognizing objects. Consequently,
parallel research directions in vision science have been focusing on aspects of vision that
cannot be addressed within the framework of object recognition. One of these tasks is
texture perception: visual textures are an acknowledged method to study complex real
world vision phenomena (Victor et al., 2017). An early formal definition of textures was
provided by Julesz (Julesz, 1962, 1981), stating that textures can be seen as families of
patterns that share certain local regularities. Julesz also conjectured that textures could
be modeled via low-order statistics (Julesz et al., 1973). This conjecture became very in-
fluential in the development of computational models of textures, which later resulted in
the release of texture synthesis algorithms that operationalized the conjecture by means
of low-level correlations. The most prominent models are those by Portilla & Simoncelli
(Portilla and Simoncelli, 2000a), Victor & Conte (Victor and Conte, 2012), and Gatys et
al., (Gatys et al., 2015). The model by Victor & Conte synthesizes artificial binary tex-
tures by means of local correlations in 2 x 2 pixel gliders in a 10-dimensional parametrized
space. The model by Portilla & Simoncelli produces gray-scale textures by means of a
fixed set of statistics of the wavelet coefficients of a given input image. The algorithm by
Gatys synthesizes naturalistic textures by computing local correlations among the feature
maps extracted from a CNN pretrained on object recognition. Since CNNs are regarded
as a good model for object recognition in human and primate vision (Giiglii and van
Gerven, 2015; Lindsay, 2021; Schrimpf et al., 2018; Storrs et al., 2021; Yamins et al.,
2014), the success of this approach indirectly linked texture perception mechanisms to
those underlying object recognition. However, it was recently shown that the quality of
the texture representation associated with different CNNs does not correlate with well-
established metrics of representational and behavioral alignment of these same networks
with biological vision (de Paolis et al., 2026). This finding suggests that common mea-
sures of alignment may focus too narrowly on object recognition, and may underweight
other perceptual phenomena like texture perception. This, in turn, may imply that net-
work architectures different from CNNs may be useful representational models when more
diverse tasks other than object classification are taken into account.

In the last few years, Vision Transformers (ViT) have emerged as another extremely
effective architecture for computer vision tasks (Chen et al., 2020). ViT can perform
object classification (Radford et al., 2021), feature distillation (Oquab et al., 2024) and
image generation (Chen et al., 2020; Yu et al., 2022). ViTs belong to the family of
Transformers, which are deep neural network models equipped with the attention mech-
anism operationalized with multi-head attention layers, which allow to produce internal
representations of the input images encoded in an array of tokens by attending all the
possible combinations of positions between image patches of a fixed size. While CNNs
produce image representation leveraging local correlations with convolutions and pooling
operations, ViTs form image representations by means of both local and long range corre-
lations among image patches. The attention mechanism effectively integrates both levels
of correlations, which in turn produce image representations robust to spatially-bound
information, allowing ViTs to form stable and consistent representations across data that
preserve the same meaning or structure.

We are interested in studying how CNNs and ViTs represent textures, in comparing
their performance, and in comparing the models’ performance against human subjects’
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perception. We perform a comparative analysis of CNNs, Vision Transformers, and hu-
man subjects using a large image dataset spanning a continuum of visual complexity.
The dataset combines two existing stimulus databases, one containing images of objects
and one containing images of textures. Starting from the texture database, we generate
synthetic textures with three different algorithms, producing stimuli with distinct levels
of complexity. We then extract texture representations from one CNN and three ViTs
and compare them with human behavioral performance in a texture-perception task. The
models’ representations are analyzed using a rank-based statistic designed to quantify
information in high-dimensional feature spaces. Human performance is measured with an
odd-one-out paradigm, as in Jagadeesh and Gardner (2021); Wallis et al. (2017), in which
participants identify the odd stimulus among sets of similar textures with different levels
of complexity.

We find that (i) the three ViTs align among themselves in representing textures of
different types of complexity, but the CNN does not align with ViTs; (ii) human perception
of textures of different types strongly aligns with the texture representations produced by
the three ViTs but does not align with the texture representations produced by the CNN.

4.3 Methods

4.3.1 Stimulus datasets

Textures and objects databases. To create the dataset for our study we assemble
two existing databases, one containing images of objects and one of textures. We use
the Describable Textures Dataset (DTD) as a texture dataset and as a source to generate
synthetic textures with the three algorithms by Gatys et al. (2015); Portilla and Simoncelli
(2000a); Victor and Conte (2012). Using this procedure, we obtain a large pool of textures
with distinct levels of complexity, where each datapoint is generated from one datapoint of
the source, DTD. In this way, our natural and synthesized texture datasets are naturally
aligned at the single-image level. This passage is key as the rank-based metric of our
choice quantifies the variations in information across different subsets as changes in the
local neighborhoods.

As shown in Figure 4.1, the textures generated with the Victor & Conte algorithm
(V&C) are simple, coarse, and show little structure; the textures by Portilla & Simoncelli
(P&S) are intermediate, greyscale and preserve some global structure; the textures by
the Gatys’ algorithm (G) are more complex, show good local structure and color; finally,
the DTD textures are the most perceptually and semantically complex. We expand
the description of the synthetic textures below. DTD was developed by Cimpoi et al.
(2014) to have both naturalistic quality and human-like semantic accuracy. It consists
of 5640 images of realistic textures collected from the internet, equally distributed in
47 semantic categories. The class labels are selected from the “Texture Lexicon”, an
independent study by Bhushan et al. (1997) in which participants were asked to build a
set of words describing categories of textures. The naturalistic status of its textures and
the independent linguistic human agreement make DTD relevant for our scope, because
the textures contain relevant semantic information.

For the objects database, we considered a subset of 5640 images from ImageNet-
1K validation set (Deng et al., 2009; Russakovsky et al., 2015) (henceforth Object).
ImageNet is the most popular dataset for training neural networks in computer vision
and the most used for studying object classification and perception with computational
models. We therefore use it as a reference stimulus for representing complex objects with
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a well-defined semantic content provided by the class labels. Finally, we also consider
5640 images constituted by fully random black and white pixels (henceforth Noise) to
exemplify images with neither semantic content nor lower-level systematic structure.

Synthetic texture stimuli. As mentioned above, we use three different synthesis al-
gorithms: V&C by Victor & Conte, P&S by Portilla & Simoncelli and G by Gatys, to
generate synthetic stimuli that show different levels of image complexity. We use textures
from DTD as an input for each algorithm as follows:

e V&C: We generated V&C type of textures using the implementation by Piasini
(2021) of Victor & Conte’s model. This method samples maximum-entropy tex-
tures with fixed correlation statistics among neighboring pixels. The algorithm
provides an elegant parameterization of texture space, which is suitable for highly-
controlled experiments, but it produces textures that are perceptually distant from
those found in natural images: they feature black and white squares arranged in
a regular pattern. These textures contain no semantic content, and constitute the
lowest-level subset in our semantic content hierarchy. (Figure 4.1: V&C).

o P&S: We generated P&S type textures using the Python adaptation of the original
Matlab implementation by Portilla & Simoncelli, publicly available in the GitHub
repository textureSynth by Portilla and Simoncelli (2000b). This algorithm com-
putes the correlations among parameters of a wavelet decomposition, generating
synthetic textures that statistically match the ones found in input images. The gen-
erated textures are in grayscale, preserve most of the structure in periodic images,
and serve as image samples of mid-level complexity (Figure 4.1: P&S).

e G algorithm: We generated G type textures with the algorithm by Gatys et al.
(2015), implemented by de Paolis et al. (2026) publicly available in the GitHub
repository perceptual misalignment. The algorithm effectively defines a texture en-
semble based on the Gram matrices formed by computing spatial correlations among
intermediate layer activations of a CNN trained for object classification (VGG-19,
Simonyan and Zisserman (2015)). Texture synthesis is achieved by optimizing the
pixels of an initially random image to match the statistical structure of the original
texture via gradient descent. The generated textures preserve the colors and the
perceptual content of the original image, as well as most of the semantic content,
serving as image samples with middle-to-high complexity (Figure 4.1: G). Further
details on the algorithms’ implementation and data preprocessing are provided in
Appendix 4.7.3.

4.3.2 Models

We extracted the features of all the stimulus datasets described above from all the layers
of four vision neural networks, in order to understand how they represent different kinds
of textures and run a comparative analysis. We tested three ViTs and one CNN. The
models vary in architecture, training objective and task, but they share the training
dataset: object images from ImageNet (Deng et al., 2009). For the ViT family, we tested
the visual encoder of CLIP (Radford et al., 2021), a supervised ViT pretrained with a
contrastive image-text objective; DINO-v2 (Oquab et al., 2024), a self-supervised image
features extractor; iGPT (Chen et al., 2020), an unsupervised autoregressive decoder for
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Simple Textures complexity spectrum

i

Noise (Independent) DTD (Source) Object (Independent)
Figure 4.1: Example stimuli arranged along a putative spectrum of texture
complexity. In the Noise sample, each pixel is sampled independently at random as black

or white with equal probability. The stimuli labeled as V&C, P&S, and G are obtained

by the DTD image classified as “braided” (marked as “source”) and by application of

the respective algorithm. The Object image was chosen by hand for illustrative purposes
from the Object dataset.

image generation. For the CNN family we tested VGG-19 (Simonyan and Zisserman,
2015), a supervised image classifier commonly used as a model of image processing in the
ventral visual stream (Geirhos et al. (2017); Schrimpf et al. (2018)). When performing
this analysis, we controlled for parameter count, task, training objective, and architecture.
VGG-19, CLIP, DINO-v2 number of parameters is around the same order of magnitude;
VGG-19 and CLIP can perform object classification; all the models were trained with
different objectives; but ViTs share the attention mechanism in their architecture, while
VGG-19 has convolutions. A summary of the models’ details is provided in Appendix
4.7.4, Table 4.1.

4.3.3 Human psychophysics

We want to obtain a measure of human agreement in forming relationships between dif-
ferent types of textures, and to compare their performance to that of CLIP, DINO-v2,
iGPT, and VGG-19 respectively. We designed a psychophysics experiment to measure the
perceptual distance between textures belonging to different subsets as described above,
by assessing the similarity between texture images belonging to the same semantic class
(“braided”) but displaying different complexity levels. Inspired by the psychophysics
literature on texture perception, we adopted an odd-one-out paradigm (Jagadeesh and
Gardner, 2021; Wallis et al., 2017), implemented as follows:

e on each trial, three image stimuli are presented simultaneously, at three different
locations that are equidistant from a fixation cross in the center of a computer
screen;

e two of them (the “reference” stimuli) belong to the same subset, while the third
(the “odd”) to a different one (e.g. two DTD vs. one P&S);

e the participants’ task is to identify the odd stimulus;
e we only consider texture stimuli from V&C, P&S, G and DTD subsets;
e within the same trial, the three stimuli belong to the same DTD semantic class;

e stimuli are shown for 200ms, preventing visual search and engaging pre-attentive
judgment.

e following a standard procedure (?), we displayed all stimuli in grayscale regardless
of their subset or class.
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We collected data from 51 participants. Further details about the experimental setup,
a visual display of the stimuli, and an illustration of the experimental flow can be found
in Appendix 4.7.5, Figures 4.10, 4.11.

4.3.4 Information Imbalance

We use Information Imbalance (IT) (Glielmo et al., 2022b) as a metric to compare the
representations of all models with respect to each subset. II is a non-symmetric measure
of similarity that relies on the number of shared neighbors for each datapoint of two
spaces A and B, by quantifying how much information is shared between the two as the
similarity between local neighborhoods. Since it relies on local distances, I is robust with
respect to representational spaces lying on high-dimensional manifolds (Acevedo et al.,
2026b). II is estimated as:

2/N?N r

.3

A— 1B (4.1)

i ij

where A and B are the two spaces, r* and r? are the neighborhood ranks of one point
for A and one point for B, N is the total number of datapoints. If II is closer to 1,
the two spaces are not mutually predictable; if it is around 0.5, they are mutually and
symmetrically predictable; if it is closer to 0, one space predicts the other. II is an
asymmetric measure of predictability when it is closer to 1 or 0, but since our results
were mostly symmetric with II values around 0.5, we adopted a symmetrized value of
I1, by averaging the two resulting values from any analysis (Acevedo et al., 2026a). For
this study we used an adaptation of the implementation of II from the public repository
DADApy (Glielmo et al., 2022a).

4.4 Results

We extracted the features of all the datasets (see Figure 4.1) and from all the models. For
VGG-19 we extracted the batch-normalization layer following each convolutional block,
consistently with previous literature (de Paolis et al., 2026; Gatys et al., 2015). For
CLIP, DINO-v2, and iGPT we considered the average of each layer’s final hidden state
as a global representation of the token sequence; in the case of CLIP and DINO-v2 we
excluded the end-of-sequence CLS tokens. Since ViT activations show the presence of
massive outliers connected to the attention sinking effect (Kang et al., 2025; Kaul et al.,
2025; Son et al., 2024), we clipped the activations of CLIP, DINO-v2, and iGPT to retain
the .95 percentile (Kim et al., 2021; Ma et al., 2019). This passage was unnecessary for
VGG-19 activations, as they tend to be more stable.

We then performed the following analyses: (i) a comparative analysis of the models’
representation for each subset, to assess whether the models generate similar or dissimilar
representations for the same type of image; (ii) a comparative analysis across the rep-
resentations of the image types generated from the same DTD source — therefore Noise,
V&C, P&S, G, plus DTD — for each model, to assess whether each model can form rep-
resentations that display meaningful relationships among the images; (iii) we compared
the models’ response to the previous analysis against human performance collected in the
psychophysics experiment, to test whether the representations across textures found in
the ViTs align to human perception better than those of the CNN; (iv) the study of the
effect of different images on the representational geometry of all models (see Appendix
4.7.1).
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ViTs show agreement in representing the same image type. Here we compare
the models’ representations for each type of input image. For each dataset, we compute
IT among all the possible pairs of models. In figure 4.2, we show a graph illustration of
the results of this analysis: for each subset, one graph has four nodes, one per model,
and six links, indicating the 1 — II value computed for each pair of models. The links
are unidirectional because we symmetrized II, and for illustrative purposes, we converted
IT into 1 — I1. We focus on the layer’s representations with the largest 1 — I values for
each model pair. A full plot for all the layers can be found in Appendix 4.7.2.

When Noise is the input dataset, we observe only thin links connecting the models,
with extremely low 1 — I values: this happens because the representations formed by
the four models are extremely different and there is no mutual predictability between
them. If we observe the case of V&C, we notice a radical change: already when rep-
resenting simple textures, there are strong links among CLIP, DINO-v2, and iGPT, as
well as weak links between VGG-19 and the three ViTs. The strong links mean that the
representations formed by CLIP, DINO-v2, and iGPT are similar and predictable by each
other, while the thin links between VGG-19 and the three ViTs signify non-mutually pre-
dictable representations. This pattern keeps being present and evolving as the textures
become semantically richer: in the cases of P&S and G, CLIP, DINO-v2 and iGPT still
hold strong links among each other, while links with VGG-19 are weak. When DTD is
the input dataset, the situation changes: links among ViTs are still strong, but the links
to VGG-19 become stronger, with 1 — I/ ~ 0.5. This means that the representations
between VGG-19 and the ViTs become mutually predictable. In the case of Object, we
still see strong links among ViTs, and increasingly stronger links involving VGG-19, with
1 — 11 ~0.75: in particular, the Object graph shows that the representations of complex
and semantically rich images are largely shared and aligned across all models, regardlessly
of their architecture.

These results suggest that VGG-19 and ViTs rely on different representational strate-
gies. While ViTs capture the representations of the same textures as early as in V&C,
and maintain this representational pattern stable through the complexity evolution of
textures until DTD, VGG-19 instead seems to form representations of textures that differ
according to the complexity: semantically poor textures elicit representations that do
not align well to those of the ViTs, while semantically rich textures representations and
objects representations largely align to those of the ViTs.

Object

Figure 4.2: Graphs representing the symmetrized mean II across models. For
visualization purposes, for each subset we selected the best II between the two most
mutually predictable layers for all models. For ease of illustration, we used 1 — I[: strong
links and high values show high mutual predictability; thin links and low values represent
low predictability. An extended figure is available in Appendix 4.7.2, Figure 4.7.
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ViTs capture relationships among textures of different types. In this analysis,
we investigate the relationship between different textures in each model’s representation.
For each model, we compute II between all the possible combinations of textures: we
consider Noise, V&C, P&S, G, and DTD. Once again we show a graph representation of
the results of this analysis in figure 4.3: for each model, one graph has five nodes, one for
each type of input image, and ten links, one for each pair between input types. Also in
this case the links are unidirectional because we symmetrized II values. For illustrative
purposes, we converted Il to 1—1717, and we visualized only the model’s layer representation
with the best II values. A full plot of the analysis with all the layers can be found in
Appendix 4.7.2.

The graph of VGG-19 shows weak links connecting any data type considered, Noise,
V&C, P&S, G, DTD, where the best 1—11 is around ~ 0.1. This means that the represen-
tations of VGG-19 of any image type are unrelated to each other. When we consider CLIP
instead, we observe strong links and (1 — I7) > 0.9 among P&S, DTD, and G textures,
as well as medium sized links with (1 — I7) ~ 0.35 with respect to V&C textures. We
instead observe thin links with (1 —I7) ~ 0 between Noise and the four types of textures.
This result shows that CLIP representations of P&S, DTD and G are very similar and
highly mutually predictable, V&C representations are somewhat mutually predictable to
the other three textures, and Noise representations are not mutually predictable with
respect to any texture. Both DINO-v2 and iGPT show the same pattern as CLIP: strong
links among P&S, DTD, and G, medium-strenght links between V&C and the other three
textures, extremely weak links between Noise and all the textures.

These results suggest that while CLIP, DINO-v2, and iGPT form largely overlapping
representations between high and middle-level textures as in P&S, DTD, G, and form quite
similar representations to V&C, VGG-19, instead, does not produce shared or overlapping
representations among any image type. The absence of any representational similarity
with respect to Noise in any of the three models is not surprising, since it belongs to a
different distribution other than that of the DTD source. In this analysis, we excluded
Object because a point-wise comparison with the other subset using II is unfeasible.

DTD

Figure 4.3: Graphs representing the symmetrized mean Il across datasets, ex-
cluding Object. For representational purposes, for each model we selected the II be-
tween the best mutually predictive layers of all the subset combinations. For illustrative
purposes, we inverted the II scale to 1 — I1: strong links correspond to high mutual
predictability; thin links represent low predictability; slightly thick links represent equal
mutual predictability. An extended figure is available in Appendix 4.7.2; Figure 4.8.

ViTs align with human perception in representing textures. Finally, we com-
pare the similarity across datasets according to the various models, discussed in the pre-
vious analysis, against human performance, to test which model best aligns with human
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perception of textures.

We obtained one human accuracy score for each pair of texture subsets by averag-
ing accuracy across participants, and we represented accuracy values as undirected links
in a graph. Finally, we run a correlation test with Pearson’s r to assess which model
best matches human perception. For visualization purposes, figure 4.4a shows a graph
representation of human 1 — accuracy scores as links among V&C, P&S, G, and DTD
textures, represented as nodes. We observe thick links and medium-high 1 — accuracy
scores among P&S, DTD, and G, plus medium-strength links V&C and the three other
textures. This result shows that participants easily distinguish V&C textures from the
rest of the textures, when V&C is presented as the odd; on the other hand, humans find
more difficult to tell apart P&S, DTD, and G when either of them is presented as an odd.
This indicates that high-to-medium level complexity textures are perceived as similar to
each other, while semantically poor textures are perceived as outliers, that are thus easier
to tell apart. Figure 4.4b shows the result of the correlation analysis. The colored dots
are II values found in the analysis in paragraph 4.4, coded in the legend for each pair
of textures, that are correlated to the participants’ accuracy scores. We observe that,
while VGG-19 does not show any significant correlation with human performance, CLIP,
DINO-v2 and iGPT all show high and significant correlation values.

These results suggest that ViTs representations of textures that display different levels
of complexity align better to human texture perception than those of VGG-19.
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(a) Human accuracy graph.

(b) Correlation between human accuracy and model 1T
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Figure 4.4: Human pairwise accuracy and its correlations with models perfor-
mance. For illustrative purposes, in panel (a) we represent 1 — accuracy, so that thicker
links mean stronger perceptual overlap. Panel (b) shows the four correlation plots among
humans and the four models. We used Pearson’s r and we report r, p inside the boxes.
The legend maps a color for the II score used in the correlation for each pair of image

types.
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4.5 Discussion

In this study we investigated the representation of visual textures in artificial neural
networks and the alignment between deep neural network representations and human
perception of these textures. We built a large dataset of visual textures characterized
by different degrees of perceptual complexity. We considered two existing databases:
ImageNet for object images, and Describable Textures Dataset for naturalistic textures;
we then used three texture synthesis algorithms to generate textures with progressively
simpler content starting from DTD: Gatys’ algorithm, Portilla & Simoncelli’s algorithm,
Victor & Conte’s model. We also considered a set of randomly generated images.

We explored four models: VGG-19, CLIP, DINO-v2 and iGPT. VGG-19 is a CNN
and a popular model of the mammalian ventral visual stream; CLIP, DINO-v2, and
iGPT are ViTs, and their alignment to human vision is largely unexplored. We extracted
features from all models with all the image types: Noise, V&C, P&S, G, DTD, Object.
We collected human accuracy scores with a odd-one-out texture discrimination task and
analyzed the relationship among the models’ representations in several ways with Infor-
mation Imbalance, as follows: (i) to quantify the agreement between the representations
of the same image type for all models; (ii) to quantify the relationship captured by the
models’ representations for different textures; (iii) to compare human perception against
the models’ performance.

We find that ViTs produce overlapping representation of all textures and Object, while
VGG-19’s representations are different and become similar to those of ViTs only when
DTD and Object serve as input. We therefore conclude that the architecture may be the
main factor explaining the difference in performance between the ViTs and the CNN as
it an important shared element among the three ViTs.

We furthermore observe that while the three ViTs can form largely overlapping rep-
resentations of P&S, DTD, and G, and somewhat similar representations between those
textures and V&C, VGG-19 doesn’t form any similar representation among the four types
of textures. Once again, we connect this result to the architecture: ViTs are equipped
with attention, designed to build representations with both local and global range corre-
lations among tokens (Chen et al., 2020; Vaswani et al., 2017). Convolutions and pooling
instead generate representations that rely only on spatial-bound and local image features,
although effective spatial ranges grow with layer depth. We conclude that attention plays
a role in the formation of image representations that are stable and shared across models
with the same architecture but different objectives, consistently with the Platonic Hy-
pothesis (Huh et al., 2024), which are robust to the progressive perceptual loss of the
stimuli.

Finally, we find that human perception of texture is better aligned with the ViT rep-
resentations than with the CNN representations. This result suggests that ViTs, despite
not being commonly recognized as a good model of human vision, outperform VGG-19
in at least certain perceptual dimensions.

Taken together, our results suggest that ViTs might be useful models of human texture
perception, and should be considered as valid models to expand research about human
visual perception, perceptual organization and biological modeling. More broadly, our
findings underscore the idea that texture and object processing are only partially in-
tertwined. Building robust models of texture perception may therefore require moving
beyond systems trained exclusively for object recognition, while still accounting for the
contribution of high-level semantic information. Our results also point to a potential lim-
itation in the way Julesz’s conjecture has been operationalized in computational models
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of texture perception. Rather than relying exclusively on local image feature correlations,
our findings suggest that such models may need to adopt a broader representational per-
spective than that originally implied by Julesz’s conjecture.

4.6 Limitations

Due to limited computational resources, we could not include other CNN models in the
analyses. If this could be done, based on the representational similarities for textures
across different CNN architectures (de Paolis et al., 2026), we would expect them to show
similar results as VGG-19 and to be dissimilar to ViTs.
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4.7 Appendix

4.7.1 Supplementary analysis

Effect of texture type on each model’s signature geometry.

We focus on the effect of the type of input image on the representational geometry pattern
of each model. For each model and each data type, we compute the symmetrized II
between all the pair combinations of layers’ representations. The matrices in figure 4.5
show the representational geometry of the models induced by the data type. Each matrix
color coding is relative to the specific data-per-model combination and own II values,
represented in logarithmic scale and reported in the legend at the side. The relative
maximum II value is colored in yellow, while the minimum value, always at 0, is colored
in dark blue.

The first row reports the internal representations of VGG-19. If we observe the ma-
trix for VGG-19/Objects, the entries are the II values for each possible combinations of
layers (for details about the number of layers see Appendix Table 4.1). In this case,
the input stimuli elicit a representational pattern featuring two dark clusters, one at
the top of the diagonal and the other at the bottom. The information shared among
close layers is relatively high because their representations have II values close to ~ 0.
The color of the heatmap goes progressively towards yellow as we move away from the
diagonal, because II values are around the maximum. In this case, the pairwise layer
representations do not share much information. This happens for layer pairs that are
distant from each other. In the case VGG-19/DTD, we observe a similar color pattern
to that of VGG-19/Objects: two darker clusters, one at the top of the diagonal and one
at the bottom, where representation of close layers are similar; when moving away from
the diagonal yellow prevails because the representations between distant layers become
dissimilar. This representational pattern seems to fade in VGG-19/G and VGG-19/P&S,
and it gets completely disrupted in VGG-19/V&C: here, in fact, we observe a large dark
block at the bottom half of the diagonal, where representations between the last group
of layers are similar, but also redundant because they don’t display further information
shifts. The representations between the other layers’ pair combinations feature lighter
colors, signaled by intermediate I values due to a certain degree of similarity.

Moving on to the second row and observing the heatmap of CLIP/Object, we no-
tice two main dark blocks, one located at the top half of the diagonal and the other
at the bottom half. A dark coloration is present around the diagonal, which becomes
progressively lighter as the entries are II values calculated between distant layers’ repre-
sentations. This pattern is consistent to what we observed in VGG-19/Objects: Objects
elicit representations that tend to be similar between closer layers, with II values around
~ 0, and dissimilar between layers located farther away, with II values towards the max-
imum. In the case of CLIP/DTD, we observe a similar color pattern, with less defined
clusters, but still featuring lower II values around the diagonal. The pattern starts to
break from DTD/G and across DTD/P&S, where we observe an uniform dark coloration
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stemming from the diagonal, which only gets lighter when layer n.1 is compared against
all the other layers. This means that CLIP representations of respectively G and P&S
textures are similar across the whole model, with a single information shift between the
input layer and the rest of the layers. The pattern completely disappears in CLIP/V&C:
the information shared between layers n.1 and n.2 is quite low, while it is redundantly
high in the representations between rest of the layers’ combination. The representational
patterns observed in CLIP show a similar progression to those of VGG-19, but while the
difference in information through layers in CLIP appears to evolve smoothly, in VGG-19
we observe occasional breaks signaled by lighter stripes: we connect it to the effect of the
pooling on the beginning of each of the 5 convolutional blocks.

DINO-v2’s representations follow a similar evolution to that observed in CLIP: DINO-
v2/Objects shows dark blocks around the diagonal, with a large cluster in the upper half
of the diagonal and a second cluster in the bottom half. The blue central part, featuring
low II values among close layers, fades to yellow when II is computed among distant
layers. We find the same pattern in DINO-v2/DTD, with less defined clusters around
the diagonal. This characteristic representational geometry, similarly to CLIP, gradually
dissipates as the textures become simpler, through G, P&S, and V&C: in these cases,
the clusters become less and less structured, resulting in a general darkening of the whole
heatmap, except dark stripes in the input layer where II is ~ 0.

In the row of iGPT, we find a slightly different signature geometry, probably due to
the following characteristics: it organizes its representations of images as an encoder-
decoder even if the architecture backbone is an decoder only (Chen et al., 2020; Mahaut
and Baroni, 2026; Valeriani et al., 2023); it is deeper than the other architectures (see
Appendix Table 4.1); the objective is next-pixel prediction. In iGPT/Object we observe
an almost uniform medium-dark coloration through all the layers, with four yellow spots
in the middle of the four sides of the matrix: this means that the representation is
generally self-similar among all layers, however they become most dissimilar when II is
computed between intermediate layers and early layers, and between intermediate layers
and late layers, respectively. In practice, iGPT representational shift happens around
the bottleneck at the center, while in VGG-19, CLIP, and DINO-v2 the representational
bottleneck is around the output layer, as we show with more classical linear methods
(see Appendix Supplementary Figure 4.6). Also in the case of iGPT the signature
pattern progressively dissipates as the input textures becomes simpler: in iGPT/DTD the
representational geometry resembles that of iGPT/Object, with a meaningful information
shift in the middle layers. Then, through iGPT/G and iGPT/P&S, the information shift
in the middle becomes gradually less confined to a few middle layers. And finally, in
iGPT/V&C, II tends to be redundantly low, the middle-layers information bottleneck
disappears, switching to a single, initial information shift between early layers and the
rest.

In the case of Noise images, across VGG-19, CLIP, DINO-v2, and iGPT layers repre-
sentations, we always observe a prominent yellow color given by high IT values, accompa-
nying a darker area surrounding the diagonal. The only exception is iGPT, where dark
and light colors with respectively low and high II values, both occupy about half of the
heatmap. In all models, the representational geometry elicited by Noise is compatible to
representations that are always changing and share little information with previous layers.
This is due to the randomness and unpredictability of the information carried in noisy
images, which at any processing step elicit a certain degree of surprisal in the models.

Taken together, these results suggest that the representations of Objects and those
of semantically rich texture such as DTD rely on a similar strategy in all models: the
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representations in each group of close layers are well structured. However, as the textures
gradually lose semantic content and become simpler, the representational strategy adapts
to the lack of semantic content of the images and becomes more redundant with only
one relevant shift: most information is elaborated in the first layers, while the rest is just
repetition. Surprisingly, while the four textures types belong to the same distribution
of the source database DTD, only the representations of DTD seem to resemble those of
Object, even though Object is drawn from a different distribution with a different semantic
labeling system. We conclude that the type of input, and in particular its semantic
content, has an effect on the representational geometry of all models. Semantically rich
images and textures show representations structured as clusters, while semantically poor
textures produce more sparse representations. This experiments highlights that, despite
differences in architecture and objectives between the CNN and the ViTs, the progressive
loss of complexity in the input images has an effect on the representational organization
of each model, which tends to rely on all layers in semantically-rich images, while it tends
to rely only on the first layers in low-complexity textures.

%Object

VGG-19

CLIP

DINO-v2

iGPT

0
0 10 20 30 40 0 10 20 30 40

Layer X Layer X

Figure 4.5: Heatmaps for each model (rows) by each dataset (columns). For
each matrix, the entries are the symmetrized mean II values calculated between all the
possible combinations of layers. Each matrix is equipped with its relative color-bar of II
values in logarithmic scale.

A linear probe does not transfer knowledge across models.

In order to assess whether the analysis done with Information Imbalance, a highly non-
linear metric, can be also performed with linear model, we build a linear classifier to
classify images of textures generated from the source DTD into the original labels found
in DTD.

For each model we build three linear classifiers, one for an early, one middle, and
one for a deep layer. We then perform the following experiments (a) classification: for
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each model, we trained and tested three linear probes to classify their features into their
original classes with a 80-20 train-test regime; (b) transfer learning: for each model, we
trained the three probes to classify 80% of the DTD features and tested them to classify
20% of the features from the remaining subsets. We excluded Object subset because it
does not share the classification structure with the other textures subsets.

Figure 4.6 shows that (a) the classifiers increase in accuracy as the data become more
complex. iGPT peaks accuracy in the middle layer because it is an autoencoder, while
the other models peak in the last layer. This behavior agrees with previous studies (Chen
et al., 2020; Mahaut and Baroni, 2026; Valeriani et al., 2023); (b) the classifiers fail at
generalizing features learned from DTD. We conclude that a linear classifier can’t capture
the relationship among subsets, while IT can do so due to its nonlinearity.
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Figure 4.6: Linear probe experiments. (a) Classification: accuracy scores for a
triplet of probes trained on early, middle, and deep extracted features for each dataset.
(b) Transfer learning: accuracy scores for a triplet of probes trained on early, middle,
and deep layers’ extracted features of DTD and tested on the other datasets.

4.7.2 Supplementary figures

ViTs show agreement in representing the same image type.
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Figure 4.7: Extended plot for Section 4.2, Figure 4.2: For each dataset (columns)
we compute II for each pair of models. In particular, as shown in the rows, each model
serves as a reference, and the other three serve as target, as shown in the columns and in
the top legend. We quantify the depth of each feature’s layer as the relative percentage,
and compared symmetrized II scores between reference layers and target layers along the
same relative depth.
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ViTs capture relationships among textures of different types.
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Figure 4.8: Extended plot for Section 4.3, Figure 4.3: For each model (rows) we
compute II between all pairs combination between a reference dataset (columns) and
four remaining target datasets (legend). We quantify the depth of each feature’s layer as
the relative percentage, and compare symmetrized II scores between reference layers and
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Figure 4.9: Extended plot for Section 4.5, Figure 4.4a: This plot represents the
relationships among texture subsets for each pair of odd image (see X axis) and and ref-
erence image (legend) as human accuracy scores (see Y axis) of all participants collected
in the behavioral task. Each box summarizes the distribution of mean accuracies for one
combination of odd source and reference source. The scatter shows the individual data
points, the box shows the interquantile range, the central line shows the median, and the
errorbars show the non-outlier range. We observe that accuracy is highly odd source-
dependent. Trials with V&C as the source were solved with almost top accuracy for
all odd-source conditions, indicating that V&C images form a perceptually coherent and
distinct subset. In contrast, when V&C was the odd source, performance was moderate:
accuracy in distinguishing P&S, G and DTD gets lower, suggesting a substantial percep-
tual overlap. This asymmetry suggests that odd-one-out performance is not determined
by a symmetric perceptual distance between datasets, but also by the internal variability
of the reference source.

4.7.3 Stimulus dataset generation

Victor and Conte

We used this algorithm to generate textures of type V&C. This approach produces low-
complexity binary textures that have been employed in a number of efficient coding studies
(Caramellino et al., 2021; Hermundstad et al., 2014; Zanon et al., 2025) due to their
appealing analytical properties and controllability and despite being perceptually distant
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from natural stimuli. The algorithm allows to control explicitly all local image statistics
measured on 2 x 2 pixel blocks (Victor and Conte, 2012). By exploiting an assumption
of translational symmetry, the 16 possible block statistics are reparameterized into ten
coordinates:

e luminance bias: {v}

e pairwise correlations: {5_, 3, B\, 8/}

e three-point correlations: {6,_,6,,6- 6.}
e four-point correlations: {a}

Given chosen values of one or more of these coordinates, the remaining image statistics
are fixed implicitly by a maximum-entropy principle: the generated texture is the most
random binary image ensemble compatible with the specified local constraints. To gener-
ate the texture of type V&C corresponding to a given DTD image we first computed the
block statistics following a procedure analogous to that described in Hermundstad et al.
(2014). Then, we determined which among the 10 parameters was most strongly biased
away from 0, the point in parameter space that indicates full randomness. Finally, we
sampled a random texture constrained to have that same value of the parameter using
METex (Piasini, 2021).

Portilla and Simoncelli

We used this algorithm to generate textures of type P&S. It works particularly well on
regular and homogeneous textures, returning spatially regular and gray-scaled synthetic
images of textures. Given an exemplar texture, the image is first decomposed using a
steerable pyramid. The algorithm then measures a fixed set of statistics on the resulting
wavelet coefficients. A synthetic texture is generated by starting from a random image
sampled from & ~ N(0, 1), and iteratively projecting the image onto the constraint sets
defined by the target statistics, until the synthetic image matches the exemplar statistics.

We used the algorithm with the following parameters (see Portilla and Simoncelli
(2000a) and Portilla and Simoncelli (2000b) for reference implementation of the algo-
rithm):

e -n: depth of steerable pyramid = 5
e -k: number of orientations of steerable pyramid = 4
e -n: pixel distance for calculation of auto-correlations = 7

e —-iter: number of iterations = 10

Gatys

We used this algorithm to generate textures of type G. Type G Textures are characterized
by strong perceptual and semantic similarity with the original textures, resulting in high
quality RGB images. The algorithm’s backbone is VGG-19_bn, and the texture represen-
tations are extracted from 5 batch normalization layers compiled in to Gram matrices.
For each of the 5 blocks in VGG-19 we extracted the first batch normalization layers after
the first convolution of the block, resulting in 5 layers. Given an image from DTD, z, the
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algorithm feeds = as input to VGG-19. For each extracted layer [, the feature activations
F' are used to compute a Gram matrix G', defined as:

Gl = S FLuF, (42

m

where the index ¢ and j are the indices of the feature maps, and the index m runs
over all units within a feature map. This Gram matrix summarizes the correlations
between feature channels, discarding spatial information. Texture synthesis is performed
by iteratively updating the pixels of an initially random image &, where pixel values are
drawn from & ~ A (0, 1), such that its Gram matrices match those of the original image .

This is achieved by minimizing the Gram loss, defined as a weighted sum of Ly distances
between the Gram matrices of the individual layers:

) 1 -
l

(4.3)

where the weighting factor is chosen to balance the contribution to the loss of each layer
(de Paolis et al., 2026). To minimize the Gram loss we used Adam at 30000 optimization
steps. This choice allowed us to control the quality of the generated texture, by preserving
some of the semantic and perceptual content of the original textures in DTD without
resulting too similar.

4.7.4 Models details

Model Param. | Architecture Objective Extr. layers
VGG-19_bn 148M CNN Classification 16
CLIP-ViTB-32 | 302M ViT Image-text pairing 12
DINO-v2 304M ViT Feature extr. 24
iGPT 1,413M ViT Next token pred. 49

Table 4.1: Summary of model’s details. Consistently with previous studies, we used
VGG-19_bn. Indeed, batch normalization layers allow a stable feature representations of
textures (de Paolis et al., 2026; Gatys et al., 2015). We extracted every batch normaliza-
tion layer after any convolutional layer, for a total of 16 layers.

4.7.5 Human behavioral experiment

Experimental design

We recruited 51 participants on the platform Prolific, paid £11/hour. We did not ap-
ply any particular screening with respect to age, spoken language, country of residence.
Participants were required to have a normal or corrected-to-normal vision and no past
history of epilepsy. The stimuli were taken from our curated datasets, cropped in circles
and converted to grayscale Wallis et al. (2017). The experiment consists in 47 blocks, one
for each semantic class, composed of 30 trials, for a total of 1410 trials and a median time
of 45 minutes. Images in each stimulation belong to the same semantic class. Partici-
pants were instructed to press these keys to indicate the odd: — for right image; <« for
left image; | for bottom image.

103



Figure 4.10: Visual stimulus screen in the experimental design. The odd in this
case is the bottom stimulus ().

Time (ms)

Instructions Fixation (400) Simulation (200) Response

Figure 4.11: Illustration of the experimental flow, with time in ms. Each simulation
is paced at 200ms, proceeded by a 400ms red fixation cross. Response time is self paced.
Breaks between trials are provided.

Humans-models correlations scores

Model Pearson’s r | p-value
VGG-19_bn 0.66 0.150
CLIP 0.96 0.003
DINO-v2 0.96 0.002
iGPT 0.94 0.006

Table 4.2: Summary of table humans-models correlations for Section 4.5, Fig-
ure 4.4b.
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CHAPTER 5

Conclusions

This thesis investigated visual perception through the study of textures, within the
broader goal of understanding what information is represented by computational models
of vision and how these representations relate to human perception. Rather than treating
vision primarily as a problem of object recognition, I focused on visual textures as stimuli
that occupy an intermediate position between simple image statistics and semantically
meaningful natural scenes. Across the three projects presented in this thesis, the central
question progressively shifted from how to generate and parameterize naturalistic textures
to how their information is internally represented, and ultimately to whether the repre-
sentations formed by deep vision models resemble those underlying human perception.

Chapter 1 approached this problem from a generative perspective. I attempted to
combine the Gram matrix-based texture representation introduced by Gatys et al. (2015)
with the latent space of a Variational Autoencoder. The objective was to obtain a con-
tinuous and interpretable representational manifold of naturalistic textures that could
eventually be explored in relation to human perception. The complete model did not
achieve this goal. Although our implementation of the Gatys algorithm for texture synthe-
sis successfully synthesized naturalistic textures and the deterministic autoencoder could
reconstruct increasingly complex images, introducing the variational bottleneck substan-
tially degraded performance. The results indicated a tension between compressing images
into a Gaussian latent distribution and preserving the high-dimensional, multiscale statis-
tics constrained by Gram matrices. This negative result was nevertheless important for
the development of the thesis: by separating and testing the components of the model,
it identified the Gram representation as the most robust element of the framework and
motivated the subsequent projects.

Chapter 2 focused directly on Gram matrix-based representations. I expanded my
implementation of the Gatys representation across twelve CNNs trained for object recog-
nition and quantified how well their internal texture representations recovered the human-
defined categorical structure of the Describable Textures Dataset (Cimpoi et al., 2014).
Texture information generally increased with network depth, showing that deeper CNN
representations retain progressively more information relevant to perceptual texture cat-
egories. However, even the best representations recovered only part of the available class
structure. More importantly, their quality showed no significant relationship with Brain-
Score measurements (Schrimpf et al., 2018) of neural or behavioral alignment with the
mammalian visual system. Thus, CNNs that constitute better models of biological vision
according to standard benchmarks, are not necessarily better models of texture represen-
tation.

Chapter 3 addressed the limitation highlighted in the previous study by including Vi-
sion Transformers and, crucially, direct measurements of human perception. I constructed
a visual stimulus space ranging from simple synthetic textures to naturalistic textures and
objects and compared their representations in VGG-19 (Simonyan and Zisserman, 2015),
CLIP (Radford et al., 2021), DINO-v2 (Oquab et al., 2024), and iGPT (Chen et al., 2020)
using Information Imbalance Glielmo et al. (2022b). Despite their different training objec-
tives, the three Vision Transformers produced remarkably consistent relationships among
texture types. These relationships were preserved across substantial changes in texture
complexity, whereas VGG-19 representations varied much more strongly across the same
stimuli. Human psychophysics provided an independent benchmark: participants per-
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ceived intermediate and naturalistic textures as strongly related, while simpler textures
were progressively more distinguishable. This perceptual organization was significantly
correlated with the representations of all three Vision Transformers, but not with those
of VGG-19.

Overall, this thesis shows that texture perception probes aspects of visual representa-
tion that cannot be reduced straightforwardly to object recognition. A model that success-
fully predicts object-related neural activity or behavior may organize texture information
differently from humans, and, conversely, architectures not traditionally regarded as bio-
logical models of vision can provide a better account of particular perceptual dimensions.
These observations supports a broader conception of computational vision modeling in
which models are evaluated across multiple visual functions rather than against a single
dominant task. Visual textures provide a particularly useful ground to test this approach
because their statistical structure can be systematically manipulated while their relation-
ship to natural perception is preserved. Extending this framework to a wider range of
architectures, neural measurements, and psychophysics could therefore help character-
ize which computational principles are genuinely shared between artificial and biological
vision.
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