CHAPTER 1

Introduction

Humans and other animals make sense of and navigate through a rich
visual world, where physical objects carry meaning and motivate us to
act. For example, discovering a ripe fig while on a walk might motivate us
to collect it and eat the fig so we will be less hungry. With this example, it
is easily overlooked how hard it is to recognize a fig and other objects in
the first place. Before we can assess whether a tree carrying figs has any
that are ripe enough to eat, we must identify the tree and its fruit first (see
Fig 1.1). So, what does it take to recognize a fig? What are its features
that distinguish it from all other objects in this world? Is it its shape and
size, its colour, perhaps its texture? How can we judge these features both
in the early hours of the day and in the bright daylight? How do we take
into account that a fig’s appearance changes depending on how ripe it is?
All these questions are connected to the broader question of how we can
possibly link all potential visual appearances of a fig with a single kind
of object and its meaning (see left panel in Fig 1.2). This describes the
challenge of object recognition that humans solve so effortlessly and in
the blink of an eye (see Fig 1.2).

The example of discovering a fig also illustrates that object recognition
is influenced by many other, non-visual factors, such as our hunger, our
physical state, and the context that we are in. Together, these factors all
affect our chances of recognizing the fig. For instance, are we hungry and
looking for something edible, and are therefore paying attention to the
trees? Do we expect to find a fig tree in this location, have we been here
before? Or perhaps we are running, our heart is pounding, and the visual
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FIGURE 1.1 Unripe figs on a branch of a Fig tree at the Roeterseiland campus of
the University of Amsterdam.

world is rushing by — would we then still recognize the fig? These exam-
ples make it clear that our ability to recognize objects cannot be separated
from our physical state, our goals, and expectations. Instead, navigating
and understanding the visual world entails making use of our knowledge
and structure of this world. This is the topic of this thesis. In particu-
lar, I used computational modelling to characterize the interplay between
object recognition and other factors such one’s physical state, attentional
focus, and recent visual experience.

1.1 Visual cognition

[...] of things that are perceptible to the sense of sight, some are
perceived by pure sensation, others by recognition, and others still
by a judgement and an inference that goes beyond recognition]...]
the manner of perceiving the visible particular properties does not
in most cases become apparent because of the speed with which
they are perceived and the speed of the inference by means of
which visible things are in most cases perceived, and because the
faculty of judgement performs these inferences naturally, employ-
ing them not by thinking and exertion but by nature and habit.

ibn al-Haytham (Alhazen), Book of Optics, Book II, 1024, translation, Sabra, 1989;
review Howard, 1996
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For almost a millennium, it has been known that seeing is more than
meets the eye (Al-Haytham, 1024). Instead, the cascade of neural acti-
vations triggered when light hits the retinae in our eyes only contains ini-
tial clues about what is out there. Our knowledge about the world from
past experiences is needed to complete the puzzle. In the same spirit, it
has been proposed that seeing contains a measurement and an inference
stage (Cavanagh, 2011; Marr, 1982). While measurement describes the
analysis of incoming information based on the preference and the con-
nectivity of the neurons in the visual cortex, the inference stage refers
to how these measurements are evaluated with regard to other evidence
and knowledge about the world (i.e., knowledge about objects). Simi-
larly, others have proposed a System I low-level vision module, which
feeds into two ‘higher-level’ systems: one (non-attentional) system for the
setting and context, and another (attentional) system concerned with ob-
jects (Rensink, 2000). Inherently, these kinds of divisions make two key
assumptions: (1) that the incoming information from our senses is in-
sufficient to determine a percept, such that other sources of information
(e.g., previous experience, action, communication) are necessary to make
sense of the input; (2) that this limitation is overcome by the interaction
of a set of complementing, yet qualitatively different systems (i.e., one au-
tomatic and reflexive, the other integrative and adaptive). In this thesis,
the computational interaction between such systems is what I refer to as
visual cognition, where perception takes place at the interface between
sensation and cognition.

Computational descriptions such as the ones outlined above are at-
tractive for the sake of their clarity and ties to philosophy of mind. How-
ever, the brain does not necessarily have to be organized in this exact way.
That is, the computational problem addressed by visual cognition could
be tackled in many different fashions on the algorithmic and implementa-
tional level (Marr, 1982; Marr & Poggio, 1976). For instance, neuroscien-
tific evidence of the effects of attention, predictions and (working) mem-
ory on sensory processing suggests an intricate interplay, where compu-
tations linked to both sensation and cognition are realized in a closely
intertwined fashion in space and time (e.g., Roelfsema & de Lange, 2016,
for a review on early visual processing). This showcases a clear disconnect
between the computational level (perception as the interaction between
sensation and cognition) and the algorithmic and implementational level,
where visual cognition may be realized in a multitude of processes and im-
plementations during neural processing. The goal of this thesis is to gain
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FIGURE 1.2 Representational parallels between the visual ventral hierarchy and
deep convolutional neural networks during object recognition. Recognizing ob-
ject categories in real-world images is a challenging task. Consider these four pho-
tographs of a fig, all depicting the same object but featuring dramatically different
colours, shapes, and textures. How can a visual system learn to map all these im-
ages to the same category? Research in the visual system of the primate brain and
artificial neural networks suggests that this feat can be achieved by using a hierarchy
of increasingly complex filters. In such a sensory hierarchy, early filters are thought to
translate an image into a representation that highlights edges and outlines (see stripy
pattern above). The subsequent level of processing then further filters this output for
specific textures and shapes (see example of the grainy texture). Ultimately, late fil-
ters are thought to assess these results for specific conjunctions of textures and other
shapes (see the fig part, combining the specific shape with the grainy texture). Using
this hierarchy of increasingly complex filters, the image is progressively transformed
into a representation that is useful for recognizing figs, in all its forms and colours.

a better understanding of visual cognition by mimicking these compu-
tational interactions using neural mechanistic models at the algorithmic
level.

1.2 Deep Convolutional Neural Networks (DCNNs)

To date, the most comprehensive mechanistic neural models for vision
are deep convolutional neural networks (DCNNs). In what follows, I will
briefly review the origins of today’s DCNNs and their shared history with
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neuroscience. I will then revisit the key engineering efforts that led to the
current widespread success of DCNNSs in real-world applications.

DCNNs have their origins in the first artificial neural networks
(ANNS) initially conceived to better understand neural computations by
developing algorithms that solve the same tasks. For instance, in 1958,
based on the prior work by McCulloch & Pitts (1943), Rosenblatt (1958)
developed the perceptron, driven by the idea that recreating a model that
followed comparable principles as the nervous system can help to address
outstanding questions in psychology and neuroscience. In particular,
Rosenblatt asked whether it would be possible to learn the link between
a stimulus and a concept in a structured environment, initially proposed
by Hebb as a form of associative learning (Hebb, 1949). The perceptron
— a set of artificial neurons linked via weighted connections — indeed
learnt to update its connections after receiving feedback to tell apart its
inputs (punch cards, either marked on the left or on the right, Rosen-
blatt (1958)). Thereby, the perceptron became the first working neural
network that associated a stimulus (punch cards shown to a camera) to
a concept (right/left). This also makes the perceptron a first mechanistic
neural model describing the mapping between sensory inputs and con-
cepts or categories.

In 1982, Fukushima & Miyake (1982) proposed a novel ANN archi-
tecture, the neocognitron, built on the initial successes of the perceptron.
Yet, in contrast to this earlier model, the neocognitron took more explicit
inspiration from the brain, and visual processing in particular. This model
was designed to mimic the workings of simple and complex cells observed
in primary visual cortex. Previous research by Hubel & Wiesel (Hubel &
Wiesel, 1962, 1959) had shown that early visual cortex could be viewed as
a collection of filters tuned to specific locations in the visual field — the
simple cells — which were in turn summarized by another set of cells —
the complex cells. Fukushima and colleagues translated these neuroscien-
tific findings into two key ingredients of modern neural networks: con-
volutions, mimicking the filtering observed in visual cortex, and pooling,
reflecting the summarizing of complex cells. Finally, the neocognitron re-
peated these operations by feeding their respective outputs to a new set of
filters and pooling operations, leading to a hierarchy of features that could
eventually be setup to recognize digits (Fukushima & Miyake, 1982).

This choice by Fukushima & Miyake (1982) of stacking and repeating
computational operations to form a sensory processing hierarchy was a
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key idea during the development of modern neural networks. This idea
was also inspired by sensory processing in the brain: whereas the first
perceptron only featured a single hidden layer next to its input and out-
put layer, the neocognitron and modern neural networks contained mul-
tiple hidden layers — hence the later coined term “deep neural networks”
(DNNs) describing the deep stack of computational layers (see middle
panel in Fig 1.2 for an example). This (computational) depth endowed
the networks with the ability to learn complex features that map the input
to the output layer — one of the key ingredients for solving complex tasks.

While these early and neuroscientifally inspired models shared many
of the key ingredients with modern DCNNS, they did not perform very
well yet on tasks such as object recognition. From today’s perspective, it
is clear that the size and complexity of these networks was still severely
limited by the lack of an effective learning algorithm, efficient computing
infrastructure, as well as large-scale training datasets. For instance, only
after the popularization of an efficient algorithm to determine these com-
plex features in the deep stack of hidden layers (backpropagation, Rumel-
hart et al., 1986) did it become possible to deploy convolutional neural
networks to real-world problems such as handwritten digit recognition
(LeCun et al., 1998, 1989).

The breakthrough moment for modern neural networks can be pre-
cisely dated back to a single model (AlexNet, Krizhevsky et al., 2012) in
2012. The authors showed that a deep convolutional neural network can
outperform any other algorithm by a large margin on the ImageNet Large
Scale Object Recognition challenge (Deng et al., 2009; Russakovsky et
al., 2015), a competition set up to test computer vision models on ob-
ject recognition. In particular, this challenge consisted of telling apart
1000 different object categories depicted in photographs scraped from
the internet. At that time, using deep neural networks for object recogni-
tion was rather unconventional and most object recognition systems used
strategies and features carefully developed and hand-picked by engineers
(e.g., Csurka et al., 2004).

This raises the question, what was different in 2012 compared to ear-
lier attempts to deploy CNNs to real-world challenges (such as LeCun et
al., 1998, 1989)? The key ingredients that fuelled the success of AlexNet
were the availability of large-scale image datasets due to the rise of the
internet and online databases such as Flickr, as well as the insight that
the computations of DCNNs can be greatly sped up by adopting graphics
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cards developed for video games. These two developments enabled re-
searchers to optimize larger and more powerful networks (LeCun et al.,
2015). Thus, whereas deep neural networks had a strong link to psychol-
ogy and neuroscience in their early days, this link later weakened when
most progress was made on the level of efficient implementation and scal-
ing of the models to encompass more parameters and learn from larger
datasets.

Still, while the success of AlexNet was fuelled by engineering efforts
(Krizhevsky et al., 2012), it immediately became clear that these complex
features linked to high performance on object recognition tasks may also
have deep implications for understanding neural visual processing. Re-
markably, over the course of its training, AlexNet developed features early
in its computational hierarchy that replicated the hallmarks of feature se-
lectivity known from early visual processing in the brain (V1). That is, just
as described by Hubel and Wiesel for simple cells in V1 (Hubel & Wiesel,
1962, 1959) different filters specialized for different directions and spatial
frequencies. This similarity was suggestive of a shared strategy for extract-
ing boundaries and edges in the visual input between these networks and
the primate brain. Yet, in contrast to previous models such as the neocog-
nitron, these filters emerged during end-to-end training to find a mapping
between over a million images and a thousand object categories.

1.3 DCNNs as mechanistic models of the visual
ventral stream

Even though neural networks were not popular among computer vision
researchers before 2012, it could be argued that researchers in visual neu-
roscience anticipated their later success. That is, these hierarchically or-
ganized neural networks were already the leading framework for mod-
elling object recognition along the visual ventral stream in visual neuro-
science (DiCarlo & Cox, 2007; Pinto et al., 2008, 2009; Riesenhuber &
Poggio, 1999; Serre et al., 2007). Key models such as HMAX (Riesenhu-
ber & Poggio, 1999) also focussed on the interaction between simple-and-
complex-cell-style computations as proposed by Hubel and Wiesel (Hubel
& Wiesel, 1962, 1959) as central building blocks, similar to the neocogni-
tron. Yet, in addition, HMAX combined these building blocks with the
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emerging evidence from neural recordings reporting a high degree of in-
variance to low-level transformations (i.e. illuminations, scale etc.) com-
bined with a specificity to objects in neurons in higher visual cortices (Lo-
gothetis et al., 1995; Perrett et al., 1992). These experimental findings pro-
moted the idea that object recognition in the brain was achieved by a func-
tional hierarchy along the visual ventral stream, increasing in complexity
while decreasing in spatial specificity (Kobatake & Tanaka, 1994). HMAX
showed that one could build a working model based on these principles
and even explain differences in object recognition in human observers
for real-world images (Serre et al., 2007). Yet, while HMAX-style models
could keep up with object recognition models used in computer vision be-
fore DCNN s entered the field (Serre et al., 2005), their performance was
not comparable to that of human observers. Moreover, to integrate the
various insights from visual cortex, HMAX models consisted of a range
of carefully chosen components and routines (e.g., a Gabor filter bank to
mimic early visual processing). While this built-in knowledge was pow-
erful for small datasets, it made these models less flexible during inference
and less amenable to training.

The success of AlexNet on the ImageNet challenge also quickly
spurred interest in visual neuroscience and led a number of research
groups to investigate whether these models may share more with the vi-
sual ventral stream than the reported feature tuning that resembled early
visual cortex. The key insight for modelling the visual ventral stream was
that optimizing these kinds of DCNNs on tasks such as object recogni-
tion not only produced models that performed on par with human ob-
servers on standard images (Van Rullen, 2017), but also brought about
network features predictive of visual processing along the visual ventral
stream in primates (see Fig 1.2, Yamins et al., 2014; Gii¢lii & van Gerven,
2015; Khaligh-Razavi & Kriegeskorte, 2014; Yamins & DiCarlo, 2016).
That is, like to the anecdotal observations that AlexNet had similar fea-
ture tuning as early visual cortex, other parallels were identified: DNN
features were also found to be predictive of both neurons in V4, an in-
termediate stage of the visual ventral stream linked to the processing of
shapes (Pasupathy & Connor, 1999, 2002) as well as of neurons in infe-
rior temporal cortex (IT), which had been noted for their selectivity for
complex feature configurations (Kobatake & Tanaka, 1994) and objects
in various configurations (DiCarlo et al., 2012). Since then, these find-
ings have been replicated across many neuroimaging domains (including
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fMRI, MEG and EEG, Cichy et al.,, 2016; Eickenberg et al., 2017; Seeliger et
al., 2017; Xu & Vaziri-Pashkam, 2021) and even were shown to enable pre-
cise control on a single neuron level in both V4 (Bashivan et al., 2019) and
IT (Ponce et al., 2019). Together, this converging evidence has led many
researchers to advocate for DCNNSs as the most promising approach for
studying the mechanistic principles of primate object recognition (Cao &
Yamins, 2021a, 2021b; Cichy & Kaiser, 2019; Kietzmann, McClure, et al.,
2019; Kriegeskorte, 2015a; Lindsay, 2021; Richards et al., 2019; Scholte,
2018; Schrimpf et al., 2020).

While anticipated by some neuroscientists (DiCarlo et al., 2012; Di-
Carlo & Cox, 2007; Pinto et al., 2008; Riesenhuber & Poggio, 1999; Serre
et al.,, 2007), the discovery of these representational parallels between
DCNNs and the visual ventral stream was far from trivial. Mathemat-
ically, deep neural networks are universal function approximators (e.g.,
Hornik, 1991), and thus it is not surprising that these networks could
learn how to perform object recognition given the right circumstances.
What is surprising, however, is that both DCNNs and the primate visual
ventral stream appear to have converged on similar solutions for solving
object recognition as suggested by the correspondence between represen-
tations evoked by images in the models and measured in neural record-
ings (Yamins & DiCarlo, 2016). There is still an on-going debate on how
this seeming convergence should be interpreted (e.g., Zador, 2019; Saxe
etal., 2020), whether it is general (Jacob et al., 2021; Jozwik et al., 2022; Xu
& Vaziri-Pashkam, 2021), and even whether it is informative at all (Bow-
ers et al., 2022; Kay, 2018). Nonetheless, this convergence has sparked a
wider enthusiasm in neuroscience and psychology, with some researchers
proposing to adopt a deep learning driven approach to study the brain as a
whole, using DCNNSs as a model system (Scholte, 2018) or even as a gen-
eral theoretical framework for neural computation (e.g., Richards et al.,
2019).

1.4 Towards DCNN models of visual cognition

The hope that DCNNs might generalize beyond sensory processing is
warranted, given the close connection of visual processing in the primate
brain to other tasks and to other sensory and motor domains. Notably,
recent years have seen a surge in evidence that sensory cortices are not
a mere post-processing pipeline of camera (retinal) inputs. Instead, a
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myriad of signals has been reported that modulate sensory processing in
highly specific ways, such as motor signals (Musall et al., 2019; Stringer et
al., 2019), state variables such as arousal (McGinley, Vinck, et al., 2015;
Stringer et al., 2019; Waschke et al., 2021) as well as signals linked to
goal-directed behaviour, such as working memory and selective attention
(Roelfsema et al., 1998; Roelfsema & de Lange, 2016; Supér et al., 2001;
van Loon et al,, 2018). Together, these various influences suggest that
sensory areas may be much less specialized on sensory processing than
previously thought. Instead, sensory areas might rather already interface
with various other factors to promote adaptive behaviour (e.g., Avitan &
Stringer, 2022).

To understand the functional implications of these influences and
their contribution to perception and visual cognition, it is critical to study
them in the light of the complex sensory processing implemented along
the visual ventral stream. For instance, it is often not clear how mech-
anisms proposed based on observations in early visual cortex — such as
gain modulations linked to selective attention (Martinez-Trujillo & Treue,
2004; Reynolds & Heeger, 2009) or arousal (McGinley, David, et al., 2015;
Neske et al., 2019; Reimer et al., 2014; Vinck et al., 2015) — may interact
with the sensory hierarchy as a whole. Crucially, the recent advances un-
covering the representational parallels between DCNNs and visual pro-
cessing in primates allow us to simulate these influences and to formu-
late theories about them at an unprecedented scale (see also Battleday et
al., 2021; Peters & Kriegeskorte, 2021). That is, while embracing sensory
complexity by leveraging the rich statistical features learnt by DCNNG,
we can test proposals of cognitive modulation in a mechanistic fashion.
Thereby, DCNNS allow us to revisit and reframe long-standing questions
about the interplay between sensation and cognition at a new scale.

1.5 'Thesis overview

The main goal of this thesis is to understand whether deep neural net-
works can help us to build a computational account of object perception,
by modelling the interaction between sensation and cognition. It specif-
ically asks: can we use the rich statistical features learnt by DCNNs as a
foundation for modelling and understanding of the cognitive factors that
shape and enable object recognition in the brain? All four empirical chap-
ters in this thesis present computational modelling work that speaks to



1.5. Thesis overview

this overall question. Next to the use of DCNNs as neural mechanistic
models, all chapters share their focus on modulations of object recogni-
tion behaviour.

Starting with an unspecific modulation, the first chapter (Chapter 2)
focusses on the observation that perceptual performance is strongly af-
fected by an organismss state, often referred to as arousal. Interestingly,
the best perceptual performance can be found across different arousal
states depending on a task’s difficulty, an observation first made by Yerkes
& Dodson (1908). These state changes are typically accompanied by
changes in cortical gain. In this chapter, I developed a DCNN augmented
with a global gain mechanism, and found that it reproduced the same in-
teraction between arousal state and task difficulty in its performance on a
perceptual task. Investigating this model revealed that global gain states
differentially modulated the encoding of sensory information across the
model’s processing hierarchy, which explained their differential effects on
performance depending on a task’s difficulty.

In Chapter 3, I turned to a more specific modulation of object recogni-
tion: the costs and benefits associated with selective spatial attention. By
adopting a spiking DCNN, I asked whether we could arbitrate between
different mechanisms proposed to implement selective attention in neu-
ral sensory processing. By comparing effects of precision (internal noise
suppression) and two types of gain modulation mechanisms on perfor-
mance on a visual search task with complex real-world images, I observed
marked differences in the effects of different attention mechanisms on
both the network’s performance and its processing. Taken together, the
results favoured a gain-based mechanism over a precision-based one as
a more effective means for implementing selective modulations during
naturalistic visual search.

In Chapter 4 and 5, I delved into the consequences of recent sensory
experience for object recognition, the most momentary and specific kind
of modulation studied in this thesis. Specifically in Chapter 4, I studied
how different neural mechanisms may support the ability to recognize ob-
jects across a wide range of timescales. By examining human and model
behaviour on a rapid serial visual presentation task (RSVP), I showed that
a lateral recurrent model with a form of neural adaptation was best at cap-
turing the performance patterns of human observers. Building on these
results, in Chapter 5 I expanded these findings to dynamic object recogni-
tion more generally by assessing performance across a range of different

11



1. Introduction

12

tasks (including RSVP, perceptual masking and animacy classification)
as captured in different behavioural markers (perceptual sensitivity, ac-
curacy and reaction times). I found that a lateral recurrent model was
able to mimic human performance on a set of dynamic visual recognition
tasks. But this ability depended on the model being high-performing and
temporally stable. Taken together, the results from both chapters advo-
cate for a key role for lateral recurrence in object recognition based on
continuous and dynamic input streams, and highlight the need to study
object recognition in more dynamic contexts.

In Chapter 6, I summarize and draw general conclusions from these
modelling studies. Finally, in Chapter 7, I discuss the opportunities and
challenges afforded by deep neural networks as models of visual cognition.





