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Abstract

We humans are visual creatures, constantly extracting information from the
world around us. ¿e source of our ability to understand the visual world is
an intricate arrangement of multiple areas in our brains: the visual system. It
enables us to recognize our friends and family in diverse conditions, to focus
our attention on important aspects of a scene and performs invariant object
categorization on multiple levels of abstraction. Vision has been in the focus
of scienti�c interest for many decades and yet our knowledge of the cortical
mechanisms involved is only limited. I here describe a series of experiments,
in which we investigated how the visual system robustly and e�ciently extracts
meaning from the environment. In particular, I will focus on thee aspects of
object recognition: sampling the environment, visual invariance, and catego-
rization and plasticity.
Starting with the selection of visual information, three eyetracking experi-

ments are described in which we investigate the interplay of overt visual at-
tention and object recognition. We show that overt visual attention and object
recognition exert a bi-directional in�uence on each other. Whereas initial pat-
terns of overt visual attention causally a�ect the outcome of the later recogni-
tion, brie�y presented contextual information leads to substantial changes in
the attentional sampling behavior, which can be best understood in terms of a
shi ing exploration-exploitation bias.
Following this, we turn to visual processing within the system and ask how

invariant object recognition is accomplished despite large variation in retinal
input. As an exemplary case, we focus on changes introduced by rotations in
depth. Using a variety of techniques, ranging from fMRI to TMS and EEG, we
show that viewpoint symmetry, i.e. the selectivity tomirror-symmetric viewing
angles, is a prevalent feature of visual processing across a wide range of higher-
level visual regions. ¿ese �ndings jointly suggest that viewpoint-symmetry
constitutes a key computational step in achieving full viewpoint invariance.
On the next level of abstraction, we investigate how visual categories are rep-

resented at di�erent levels of experience, from novice to expert. By combining
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training of novel visual categories with psychophysical measures, we demon-
strate a change in the underlying type of category representation. Following
this, we combine the training paradigm with electrophysiological measure-
ments. In line with our behavioral results, these data reveal a spatiotemporal
shi in category selectivity: from late and frontal to early occipitotemporal ac-
tivity. ¿ese results suggest that novel and re-occurring categories rely on par-
tially separate cortical networks, allowing the brain to balance robust and fast
recognition with considerable �exibility and plasticity.
¿e results of all experiments presented are uni�ed by the concept of a system

that has evolved e�cient mechanisms for robust performance in a large variety
of conditions. Using dynamic sampling strategies, computational shortcuts and
a division of labor, the visual system is optimally equipped to support higher-
level cognitive function in a complex and constantly changing environment.
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1
General Introduction

Vision is the most dominant of our senses. More than 50% of the cerebral cor-
tex is directly or indirectly involved in visual processing (Felleman&Van Essen,
1991), and alone the striate cortex, the �rst cortical area to receive input from
the retina through subcortical areas, contains around 140 million neurons, in
each of the two hemispheres (Leuba & Kra sik, 1994). ¿e task of this intri-
cate system is no less than to give meaning to the visual information entering
our eyes at any given moment, to guide behavior, and to support higher-level
cognitive function.
¿e complexity of the system is in stark contrast to our subjective experience

of vision. Vision feels simple. Recognizing your friends and family just hap-
pens, seemingly without e�ort, even in the distance, from di�erent angles, in
di�erent lighting conditions, and even when they are partly occluded. We per-
ceive the world around us as continuous and stable, even though we constantly
move our eyes and every movement drastically changes the two-dimensional
projection to our retinas. ¿e integration of these snapshots into a coherent,
seamless percept remains largely unnoticed and poses no subjective di�culty.
Yet, the apparent simplicity of vision is deceptive, obscuring the enormous

computational complexity of the task. Indicative of this complexity is the
amount of cortical resources and therefore energy our brain devotes to vision.
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Chapter 1 - General Introduction

Moreover, no machine, however powerful, is currently able to match the ver-
satile performance of the biological visual system. Tasks as basic as the cat-
egorization of visual input, or the segmentation of a scene into distinct com-
ponents, pose extreme challenges to computer vision but little di�culty to us.
¿is observation alone shouldmake us wonder at how the human visual system
accomplishes all of these feats with such remarkably speed and accuracy.
Vision science is the endeavor to understand exactly this. What are the neu-

ronal mechanisms underlying visual function? How is our knowledge about
objects represented in the brain? How are novel, previously unseen categories
learned so quickly, and re-occurring categories recognized so robustly? What
are the rules underlying the sampling of the environment through eye move-
ments and how are the visual impressions from every single �xation of the eyes
integrated into our holistic perception of the world?
Finding answers to these questions is not driven only by scienti�c curios-

ity. Understanding vision potentially allows us to understand general principles
that underlie higher-level cognitive phenomena and cortical function (König
et al., 2013). Visual representations are closely linked to perception, memory,
and action and have thus been termed "the currency of cognition" (DiCarlo,
2011). In terms of practical applications, understanding biological vision has the
potential to drastically improve computer vision (Kietzmann et al., 2009) and
with this to improve robotics, for which vision still constitutes a performance
bottleneck. Understanding vision also has signi�cant implications for our un-
derstanding and treatment of a wide range of visual impairments (including
acute and chronic vision loss, hemispatial neglect, prosopagnosia, appercep-
tive and associative agnosia and alexia), as well as a large range of neurological
diseases, which o entimes also a�ect visual function. Finally, advancing our
understanding of visual processing and learning could ultimately improve how
we teach reading and writing to our children, a major stepping stone for their
self-determined participation in social life and social interaction.
Within the �eld of vision, I will focus on the topic of invariant object and face

recognition. I ask: (a) whether and how the sampling of our environment in-
teracts with object recognition, (b) how viewpoint invariance, i.e. invariance to
rotation in depth, is accomplished, and (c) how the visual system categorizes vi-
sual information and represents novel categories in novices and experts. Albeit
using a variety of experimental approaches and techniques, the di�erent sub-
projects are uni�ed by the overall question of how the visual system copes with
the demand to robustly extract information from the noisy and ever-changing
visual environment.
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1.1 Sampling the Environment

Figure 1.1: Visual Metamers. When �xating on the red dot in the center, both images look
almost identical to experimental participants. However, the right image is largely degraded
in the outer parts of the image. Thismanipulation remains largely unnoticed due to the poor
visual accuracy in peripheral vision. Figure reprinted with permission.

¿e following three sections of this introduction will lay the basis for the in-
depth experimental chapters. I will provide a more detailed motivation for the
respective research questions as well as the chosen experimental approaches
and, wherever necessary, provide background information by describing the
relevant literature and required terminology.

1.1 Sampling the Environment

Although we usually perceive the visual scene in front of us without gaps and
with uniformly high accuracy, the information entering our brains through the
retinas is far from perfect. Firstly, part of the visual �eld is projected onto the
optic disc of the retina, which contains no light-sensitive receptors. As a result,
we are literally blind in the corresponding part of the visual �eld. In addition to
this usually unnoticed blind spot, the visual acuity is not uniformly distributed
across the visual �eld. ¿e region of 100% (20/20) visual acuity is surprisingly
small: it is limited to 2 degrees of visual angle at the center of our gaze. ¿is
region is called the fovea (Latin for pit, due to its anatomical shape). ¿e lack of
detailed vision in the periphery can be nicely illustrated with visual metamers
(Freeman & Simoncelli, 2011). When �xating on the central red dot, both ver-
sions of the image shown in Figure 1.1 appear identical. Only upon closer in-
spection of the outer parts of the images, does it become clear that the right
version of the Figure contains drastic manipulations in the periphery.
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Chapter 1 - General Introduction

In order to cope with these limitations, we quickly and constantly move our
eyes, at a rate of around 3-5 times a second (Schumann et al., 2008), and fo-
cus on, or foveate, di�erent aspects of the visual scene (for example right now
while reading this text). With every movement of our eyes, we sample high-
accuracy visual information from only a subpart of our environment. Hence,
thesemovement decisions determine which parts of a scene are advanced to the
visual cortex for detailed processing. ¿is underlines the decisive contribution
of eye movements to our visual experience.
Evenmore generally, eye movements are among the most frequent actions in

the human repertoire. With approximately 230400 eye movements on a given
day, they occur twice as o en as heartbeats1. However, despite this large number
of �xations it is not possible to �xate every aspect of a scene, especially when
considering that we live and move in a constantly changing environment. As
a result, a subset of �xation locations has to be selected. ¿is selection process
is not random. As demonstrated by Yarbus (1967), observers consistently �xate
informative subparts of a scene (Figure 1.2).
In addition to understanding the selection of elements for focus, studies of

eye movements are implicitly also studies into mechanisms of attentional selec-
tion, because eyemovements are usually alignedwith shi s of attention (Yarbus,
1967; Ho�man, 1998; Deubel & Schneider, 1996). Although attention can be
shi ed without moving the eyes (covert visual attention), it is generally as-
sumed that when eye-movements do occur, they are aligned with attentional
focus (Ho�man, 1998), a process termed overt visual attention.
Following the more descriptive work of Yarbus and also Buswell (1935), re-

search advanced along two mainly separated lines to improve our understand-
ing of which aspects of a scene are selected for in-depth processing and which
are not. One such line of research was triggered by the observation that pat-
terns of overt visual attention can di�er substantially, even in cases of an iden-
tical stimulus, when di�erent tasks are being performed (Yarbus, 1967; Hayhoe
et al., 2003; Tatler et al., 2006; Betz et al., 2010). ¿ese e�ects are known as ’top-
down’, since observed di�erences are not based on the stimulus itself but on
higher-level aspects. In contrast to this, other researchers have focused on the
e�ects of the stimulus, studying the relationship between low-level properties
and �xation probabilities. ¿ey reported elevated stimulus features, such as lu-
minance contrast, at �xated locations (Mannan et al., 1996; Reinagel & Zador,
1For the two estimates, I assume an average heart rate of 75bpm and a �xation frequency of
4Hz on a day with 16 awake hours, not including eye movements during REM sleep
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1.1 Sampling the Environment

Figure 1.2: Visual Sampling Behavior. When being presented with a face stimulus (left),
participants exhibit stereotypical viewing behavior (right), concentrating on some aspects
of the face (mostly eyes and mouth), while neglecting others. This example illustrates that
eye movements are not random, but systematically focus on informative regions.

1999; Krieger et al., 2000), giving rise to bottom-up, or stimulus driven, ac-
counts of overt visual attention. Extending this view to a wide range of stim-
ulus features, computational models have been proposed which linearly inte-
grate di�erent feature dimensions into a summarizing saliency map to depict
the feature-based likelihood of �xations at any point in an image (Koch & Ull-
man, 1985a; Itti & Koch, 2001a). ¿e rationale of this approach is that a success-
ful prediction of �xation behavior can help reveal the underlyingmechanism, as
the relativeweights of the dimensions in themodel can resemble the importance
of the respective visual features in the selection process. However, it has been
demonstrated that a successful prediction of �xated locations does not neces-
sarily imply a causal relationship (Einhäuser & König, 2003) and that great care
must be taken in estimating the success of such models (Wilming et al., 2011).
As a more recent development, objects have moved into the focus of atten-

tion research (Einhäuser et al., 2008; Nuthmann & Henderson, 2010; Xu et al.,
2014). ¿is line of research suggests that objects, rather than local low-level
stimulus properties, constitute the elementary units of attentional selection. In
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Chapter 1 - General Introduction

agreement with this hypothesis, it has been demonstrated that knowledge about
’interesting’ objects can lead to improved predictions of overt visual attention
(Einhäuser et al., 2008). In parallel to this work, research on object recognition
has indicated that the reverse might hold also. Computational vision systems
that extend object recognition with saliency-based attentional selection exhibit
much enhanced performance, especially in cluttered environments (Walther
et al., 2002; Walther & Koch, 2006). Finally, fMRI experiments have shown
clearly that selective attention can alter the processing mode of large parts of
visual cortex, tuning the system to task- and category-speci�c features (Cohen
& Tong, 2013; Cukur et al., 2013; Tong & Pratte, 2010; Jehee et al., 2011). Taken
together, these results advocate an integrated view in which the processes of
attention and recognition are intertwined and not strictly separate, as was pre-
viously assumed.
Despite these important advances, however, currentmodels and experiments

do not explicitly investigate causal interactions of these two processes and typ-
ically neglect di�erences in �xation behavior within the objects themselves.
Consequently, it is not knownwhether distinct patterns of overt visual attention
on a given object precede its subsequent recognition or whether the direction of
causality is in fact reversed, and distinct patterns of eye movements follow the
recognition of an object. In other words, it is unknown whether overt visual
attention is a cause or a consequence of object recognition. Framed in a more
general context, it is unclear whether the mechanism of attentional selection
dynamically changes the sampling behavior upon altered information content
in the system or whether the sampling is largely independent. For this, not only
the spatial patterns of eye movements are of relevance: temporal aspects, such
as �xation durations, need to be considered also, as they can provide valuable
insights into changes of the exploration-exploitation behavior.
To address this issue, we performed a series of eye-tracking experiments in

which we investigated patterns of eye movements as well as �xation durations
in the context of object and face recognition. Central to all studies is the use of
ambiguous or bistable �gures, which are an extreme form of the ambiguity our
visual system faces every day. Although appearing like mere visual peculiarities
at �rst, ambiguous �gures provide the clear advantage over regular stimuli that
the stimulus can be held constant, while the percept (or recognition) switches
between two competing alternatives. ¿is aspect is important, as it prevents
experimental e�ects frombeing ascribed to simple di�erences in the underlying
stimulus. Moreover, although the perception of ambiguous stimuli can oscillate
between the two alternatives given prolonged exposure, it is unique and singular
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1.1 Sampling the Environment

at any given point in time. In investigations of object recognition and attention,
this is a necessary prerequisite, as it allows experimental data to be assigned to
individual perceptual outcomes. ¿ese characteristics make ambiguous stimuli
an essential component of vision science.
Apart from explicitly demonstrating that vision is o en intrinsically ambigu-

ous, bistable stimuli can provide unique insights into the inner workings of the
system, which would otherwise remain unnoticed in studies based on regular
stimuli. Consequently, research on ambiguous �gures has a longstanding tradi-
tion (Necker, 1832; Boring, 1930). Today, we know that the initial percept of such
�gures can be in�uenced by a large variety of bottom-up and, more relevant in
the current context, top-down aspects (Toppino & Long, 2005). ¿e latter in-
clude strong e�ects of priming andmemory (Leeper, 1935; Bugelski &Alampay,
1961), context (Bruner & Minturn, 1955; Bar & Ullman, 1996), and even moti-
vational aspects (Balcetis & Dunning, 2006). Because all of these factors can
have a strong impact on the initial perception, they prevent an unbiased inves-
tigation of overt attention in the recognition process. It is therefore essential to
study the initial perception of naïve observers, which have no prior knowledge
of the stimuli.
¿is particular aspect separates the current set of experiments from previous

work on well-known ambiguous stimuli, in which eye movements were mainly
investigated during prolonged presentation times, inducing frequent percep-
tual switches (Pomplun et al., 1996; Ito et al., 2003; Einhäuser et al., 2004). Al-
though the application of such steady-state paradigms has the clear advantage
of expediting data-collection, it does not allow for conclusions about the initial
interplay of attention and recognition of a previously unseen object, which is
our current focus. Moreover, steady-state paradigms complicate the investiga-
tion of the direction of causality, as any found di�erences may either precede
the current or follow the previous percept.
In our experiments, we circumvented these issues by measuring eye move-

ments preceding the initial perception of ambiguous stimuli in naïve observers.
In the �rst experiment, we tested whether the �xation patterns that preceded
the initial recognition were systematically di�erent for the two possible inter-
pretations of the ambiguous �gure. ¿is was accomplished by comparing the
experimental data with distributions of eyemovements recorded while subjects
viewed disambiguated versions of the stimuli. We then tested whether patterns
of eye movements would allow us to predict the later percept of our subjects.
In a follow-up experiment, we explicitly tested the causal interaction of the two
processes bymanipulating the initial locus of visual attention on the ambiguous
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Chapter 1 - General Introduction

stimulus, and testing whether this minute experimental manipulation a�ected
the subsequent percept of our participants.
Having investigated the impact of eyemovements on the subsequent recogni-

tion of ambiguous stimuli, we focused on the reverse, testing whether informa-
tion that a�ects object recognition would also lead to changes in the attentional
sampling process. To do so, we introduced contextual information to the exper-
imental display. Two context frames were designed for each ambiguous image,
such that each was congruent with one of the two interpretations. To display
the context, a gaze-contingent paradigm was used, which allowed us to present
contextual information only in the brief moment preceding the �rst voluntary
saccade. As a result, the context is only shortly visible in the periphery and can-
not be �xated. Once the context is hidden, the visual display is identical to the
�rst two experiments, in which no context was shown. As before, we recorded
�xation behavior preceding the initial percept of naïve participants. In the anal-
ysis, we concentrated on �xation durations to study changes in the exploratory
behavior in the presence or absence of preceding contextual information.
In summary, we performed a series of three experiments to advance our un-

derstanding of visual sampling and its interplay with object recognition. In the
�rst two, we investigated whether initial eye movements exhibit signi�cant pre-
dictive power and causally a�ect the later recognition. In the third, we tested
whether brie�y presented contextual information would lead to changes in the
overall sampling behavior. Taken together, our results indicate a close and bidi-
rectional interaction of attentional sampling and recognition.

1.2 Visual Invariance

In the previous section I described the necessity of studying eyemovements and
introduced our experiments inwhichwe explore amore integrated viewof overt
visual attention and object recognition. In this section, we will turn to problems
of visual invariance, which adds considerable complexity to the problem of ro-
bust object and face recognition, even when no saccadic eye movements occur.
¿e core of the problem lies in the fact that identical objects can lead to largely

di�erent retinal input in di�erent settings. ¿ese include, among others, di�er-
ences in illumination, size, and position. Although we are usually not aware of
it, invariance to these changes it is an essential aspect of vision. As an example,
imagine a scenario in which you no longer recognize your conversation partner

8



1.2 Visual Invariance

as soon as a cloud moves in front of the sun, or that a friend becomes unrec-
ognizable while approaching you, because of the increasing size of their image
projected onto your retina. Perhaps the most extreme challenge, however, is
caused by 3D rotations in depth. Such changes in viewpoint can drastically al-
ter the pattern of retinal input despite the fact that the identity of the object
remains unchanged. In all above cases, the visual system is extremely robust to
such identity-preserving variation.
How the system achieves this remarkable feat is in the focus of intense re-

search. Following the work of Marr & Nishihara (1978), Biedermann sug-
gested that invariant recognition is achieved by matching simple 3D shapes,
or geons, to the surfaces of the seen object. According to his recognition-
by-components theory (RBC), object representations consist of combinations
of di�erent, change-invariant geons, and the overall shape of an objects is
encoded by the spatial relationships of its constituent elements (Biederman,
1987). Amechanistically di�erent approach is rooted in the work by Fukushima
(1980), who developed an arti�cial neuronal network for pattern recognition:
the Neocognitron. Inspired by the hierarchical structure of the visual system
and extending earlier considerations of Hubel & Wiesel (1962), the Neocogni-
tron consists of alternating layers of increasing speci�city and invariance (called
S andC layers respectively, reminiscent of themodel of simple and complex cells
described by Hubel & Wiesel (1962)). Starting from an S-layer of Gabor-like
edge-detectors, a layer of C-cells pools information of similar features across
space and thereby achieves partial position invariance for these features. ¿e
next layer, consisting again of S-cells, then recombines the output of these C-
cells to obtain more complex feature selectivity. Ascending through the hierar-
chy, the iterative combination of simpler features leads to increasing complexity
and therefore speci�city, while visual invariance is accomplished by combining
information from multiple feature-detectors.
Although Neocognitron has predominantly been tested for position invari-

ance, the overall approach can straight-forwardly be extended to other types
of invariance, such as 3D viewpoint invariance. With this, it directly matches
the view-based theory of object recognition, which suggests that viewpoint in-
variance is accomplished by combining information from a potentially small
set of 2D views, without the requirement for three-dimensional internal repre-
sentations such as geons. Initiated by computational models, which provided a
�rst proof of concept (Poggio & Edelman, 1990; Ullman & Basri, 1991), the the-
ory soon gained experimental support from behavioral data in monkeys (Lo-
gothetis et al., 1994) and humans (Bültho� & Edelman, 1992; Bültho� et al.,
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1994; Tarr & Bültho�, 1995; Tarr et al., 1998), as well as electrophysiological
data in monkeys (Perrett et al., 1991; Logothetis et al., 1995). In the latter exper-
iments, the majority of cells in the macaque temporal cortex was found to be
view-speci�c. However, smaller populations of viewpoint-invariant cells in the
macaque have been reported, too (Logothetis et al., 1995; Perrett et al., 1998),
providing evidence for a view-invariant representation, potentially at a later
stage of processing. More recently, single-cell recordings performed in the me-
dial temporal lobe of pharmacologically intractable epilepsy patients showed
large degree of viewpoint-invariance also in humans (Quiroga et al., 2005).
Extending the computational aspects of the theory, Riesenhuber and col-

leagues combined the idea of a Neocognitron-like neural network of alternat-
ing S and C layers with a view-based account of object representations. ¿is
ultimately lead to the development of HMAX (Riesenhuber & Poggio, 1999,
2000), which, a er adjustments and extensions to match receptive �eld prop-
erties of cells in macaque visual cortex and natural scene statistics (Serre et al.,
2007b), now consists of four S and four C layers and an additional classi�cation
layer (Figure 1.3). In its most recent version, HMAX exhibits robust recognition
performance in a variety of tasks, en par with human performance in a rapid
categorization task (Serre et al., 2007a). While the selectivity of simulated neu-
rons in HMAX is based on static images, other approaches exploit the temporal
structure of sequences of natural input to optimize receptive �eld properties in
an unsupervised fashion (Wallis &Rolls, 1997; Einhäuser et al., 2005;Wyss et al.,
2006; Franzius et al., 2008; Rolls, 2012). Underlying this family of computational
hierarchies is the idea that an optimal neuronal code would re�ect the fact that
the identity of a seen object varies on a considerably slower timescale than the
rapidly and constantly changing retinal signals. ¿is does not imply that neu-
rons with corresponding receptive �elds should respond slowly. Rather, neu-
rons should respond robustly and quickly to slowly changing aspects of a scene,
because these elements are most likely to contain the important semantic infor-
mation.
Despite the computational and experimental advances described above, the

speci�cs of how invariant object information is represented in the brain remain
unclear. While there is growing experimental consensus that cells in the infer-
otemporal cortex (IT) provide a neuronal activation pattern, or code, that sup-
ports complete viewpoint-invariant representations of objects (Booth & Rolls,
1998; Logothetis et al., 1995) and faces (Freiwald & Tsao, 2010; Perrett et al.,
1991), the exact type of code remains a matter of debate. One possibility is that
extremely sparse subsets of neurons, potentially even single cells, in anterior
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1.2 Visual Invariance

Figure 1.3: The HMAX Model. Similar to the Neocognitron Architecture, HMAX alternates
between layers of speci�city (S) and invariance (C). Whereas the S1 layer consists of Gabor-
like receptive �elds, resembling V1 simple cells, higher level selectivity layers are randomly
imprinted based on natural image input. According to the model, task-dependent learning
a�ects only thehighest levels of thehierarchy. Reprintedwithpermission (Serre et al., 2007a)).

parts of the temporal lobe or prefrontal cortex (PFC) pool information from
view-selective units and achieve full viewpoint invariance by interpolating be-
tween these views (Riesenhuber & Poggio, 2002b; Quiroga et al., 2005; Bowers,
2009). An alternative hypothesis states that viewpoint independence is achieved
with a population-based and distributed code (Young & Yamane, 1992; Perrett
et al., 1998) rather than through single, fully invariant cells. As an extension
of this view, it has been proposed that single IT cells do not need to exhibit
complete invariance to changes in size, position, and viewpoint, as long as the
respective object representations, or manifolds (Edelman, 1999), remain sepa-
rable in the high-dimensional feature space spanned by the set of neurons (Di-
Carlo & Cox, 2007). Such coding scheme has the clear advantage that multiple
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types of information can be independently decoded from the same population,
including view-invariant object identity and position information, simply by
using di�erent readout strategies (Hung et al., 2005). At �rst sight, these two ap-
proaches, single-cell vs population-based, seem incompatible. However, if neu-
ronal selectivity is understood in terms of sparseness (Connor, 2005), they can
be seen as lying on a continuum (Quiroga &Kreiman, 2010) withmassively dis-
tributed representations on one end, and maximally sparse ’grandmother cells’
serving as theoretical upper limit.
Independent of the true form of view-invariant representations in the visual

cortex, another related aspect deserves consideration. If cells with view-speci�c
selectivity form the basis of viewpoint invariance, then the question arises how
many, and which, views are required to allow for full invariance. Evidence for
a non-uniform sampling of the space of all viewpoints, i.e. for the hypothesis
that only a small number of views are stored, comes from behavioral studies in
humans (Bültho� et al., 1994; Tarr, 1995) and monkeys (Logothetis et al., 1994).
¿ese results are in accordance with suggestions by Perrett et al. (1998), who
were able to explain the prolonged reaction times, observed when presenting
objects from previously unseen views, in terms of slower activity accumulation
due to lower �ring rates for non-preferred views. ¿e most extreme version
of the view-based theory suggests that recognition could be accomplished by a
single canonical view, to which a seen object is internally aligned for recogni-
tion(Palmer et al., 1981; Ullman, 1989). Although the latter was shown to be at
odds with experimental data (Bültho� & Edelman, 1992), a more general con-
cern is that the notion of a universal number of required viewpoints, identical
for di�erent objects, is itself highly unlikely. First, Edelman & Bültho� (1992)
observed that canonical-preference e�ects were reduced with extended experi-
ence. ¿is suggests that frequently observed objects are represented inmore de-
tail, based on a larger, and therefore changing, number of viewpoints. Second,
di�erent objects can di�er vastly in the complexity of their three-dimensional
structure. While some objects inherently exhibit larger rotational invariance,
others are structurally more complex (compare for instance the complexity of a
rotating apple and a rotating face) (Tjan & Legge, 1998). Finally, spontaneously
selected viewpoints, despite being clearly non-accidental, can di�er with di�er-
ent tasks (Blanz et al., 1999). As a result of these considerations, amore dynamic
recruitment of stored object views is a more likely coding scheme. Evidence for
the feasibility of such an account was again provided by computational mod-
eling (Kietzmann et al., 2008). It was shown that a recognition system, when
pressed for both, representational e�ciency and performance, will assign dif-
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ferent numbers of viewpoints to di�erent objects, depending on their underly-
ing complexity. ¿e resulting system achieved a fourfold reduction in the total
number of required views, with no observable decrease in performance. Inter-
estingly, the selected views closely matched the ones generally assumed to be
canonical. ¿is model was later extended to a hierarchical setting by building
on the C2 layer of the HMAX hierarchy Kietzmann et al. (2009). ¿e result-
ing system automatically extracts di�erent numbers of viewpoints, while at the
same time focusing on subparts of the C2 feature space, comparable to a mul-
tiplicative attentional weighting of relevant features. Experiments with this bi-
ologically more plausible setup showed that the number of required views, as
well as the selected features changed in a task-speci�c manner. Taken together,
it is rather unlikely that a single, �xed number of viewpoints is applicable to
all objects. Instead, experimental and computational work suggests that the
most likely answer as to how many views are required to span the full range of
viewpoints of a given object lies again on a continuum spanning from a single
canonical view to a dense uniform sampling.
Independently of the �nal number of views required to achieve full view-

point invariance, all current view-based theories (Bültho� et al., 1994; Bültho�
& Edelman, 1992; Logothetis et al., 1995; Tarr & Bültho�, 1995; Tarr et al., 1998)
and computational models (Poggio & Edelman, 1990; Ullman & Basri, 1991;
Riesenhuber & Poggio, 1999; Kietzmann et al., 2009, 2008) posit that the en-
tire space of views needs to be covered to allow for robust performance. Cu-
riously, the seemingly unrelated e�ect of mirror-image confusion suggests that
the visual system might be able to exploit the axial symmetry of many objects,
including faces, to reduce the number of required viewpoints. Problems in dis-
tinguishing lateral mirror images, or enantiomorphs, can be observed in many
situations, but are most notably in children who currently learn to read and
write. Many children confuse the letters ’d’ and ’b’, but not ’d’ and ’q’, although
both cases are based on a simple mirror transformation (Dehaene et al., 2010).
Even more strikingly, many children spontaneously write from right to le , a
phenomenon known as mirror writing, when not enough space is provided to
the right (Cornell, 1985) (Figure 1.4). Such e�ects are, however, not limited to
children: adults also regularly confuse images and their mirrored counterparts.
For example, when being presented with a famous painting, such as the Mona
Lisa shown in Figure 1.5, a large proportion of observers fail to correctly judge
whether they are looking at the original or a mirror-reversed version (Walsh,
1996). As a �rst electrophysiological study of this peculiar e�ect, Rollenhagen&
Olson (2000) found that responses of neurons in ITweremore similar for lateral
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Figure 1.4: Spontaneous Mirror Writing. Early in their experience of learning to read and
write, children spontaneously write complete words from right to left, mirroring individual
letters, when not enough space is provided to the right. (image curtesy of Anna Kietzmann)

mirror images than for vertical mirror images, in accordance with the confu-
sion of ’d’ and ’b’ in school children. Similar observations have been made in
the human temporal cortex using functional magnetic resonance imaging and
images of natural scenes (fMRI) (Dilks et al., 2011).
But howdoesmirror-image confusion aid in acquiring viewpoint invariance?

An intermediate, mirror-invariant visual representation would substantially re-
duce the computational complexity, particularly for objects with axial symme-
try, such as faces, animals and many objects (Vetter et al., 1994). For this type
of input, an equally large le ward and rightward rotation away from the front
view would result in the same pattern of neural activity, thereby considerably
reducing the overall problem. An essential prerequisite for the claim of reduced
complexity, however, is that invariance tomirror reversals is not the result of al-
ready achieved viewpoint invariance. A possible test of this is to show an object
or face from di�erent viewpoints and to determine whether viewpoints that are
mirror images of each other, such as +60○ and −60○, lead to more similar re-
sponse patterns than viewpoints that are not mirror-images. Indeed, Freiwald
&Tsao (2010) demonstrated this property in the anterior lateral face patch of the
macaque temporal lobe using single-cell recordings. What remains unknown
is whether such viewpoint symmetry can also be found in humans. Moreover,
single-cell recordings are o en restricted to a very focal region. It is therefore an
open question whether the e�ect is a local phenomenon, speci�c to a single re-
gion in the face-processing network, or whether viewpoint symmetry is a more
prevalent representational aspect of visual processing that can be observed in
other visual areas of the ventral and dorsal visual cortex, including regions that
prefer other types of stimuli such as objects and scenes.
To elucidate these issues, we performed an fMRI study in which we mon-

itored cortical activity while participants were presented with pictures of up-
right and inverted faces shown from �ve di�erent viewpoints. ¿e data was
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Figure 1.5: VisualMemory andMirror-invariance. Visual memory ismostly invariant to left
and right. Which one is the original?2

analyzed using an approach related to Representational Dissimilarity Analysis
(Kriegeskorte et al., 2008a), a form of multivariate pattern analysis (MVPA),
which focuses on activation patterns instead of univariate changes in overall
BOLD signal (Haynes & Rees, 2006; Norman et al., 2006; Tong & Pratte, 2010).
Based on these data we tested whether mirror-symmetric viewpoints exhibit
more similar activation patterns than non-symmetric ones. Potential e�ects of
low-level similarity were ruled out by a carefully designed stimulus set, which
was guided by the results of a biologically plausible model of V1 response prop-
erties, comparable to the S1 layer in the HMAX hierarchy. Our analyses were
based on prede�ned regions of interest (ROIs), as well as a spatially uncon-
strained searchlight analysis (Kriegeskorte et al., 2006) across the occipital, tem-
poral and parietal cortex. In a follow-up experiment, we focused on the causal
mechanism underlying viewpoint symmetry by utilizing a transcranial mag-
netic stimulation (TMS) protocol. Targeting the occipital face area (OFA), we
tested whether judgments of viewpoint symmetry are in�uenced by activity in
the hemisphere ipsilateral to the visual stimulation.
In a third experiment, we recorded Electroencephalography (EEG) data,

again with visual stimuli comprised of various viewpoints of faces. ¿e com-
2¿e original Mona Lisa is shown on the le 
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bination of high temporal resolution of EEG and multivariate pattern analyses
allowed us to estimate the latency of viewpoint symmetry. In addition to repli-
cating the overall e�ect, this aspect is of particular interest, as the latency of the
e�ect can be informative of the underlying cortical mechanism. In addition to
the focus on viewpoint symmetry, we performed data- and model-driven anal-
yses, revealing dynamical changes in the encoding of face viewpoints with high
temporal resolution.

1.3 Categorization and Plasticity: Adapting to an
ever-changing environment

While the previous section focused on identity-preserving variation, with em-
phasis on invariance to rotations in depth, this section will explore an even
more general form of invariance: categorization. Instead of considering poten-
tial changes in the retinal projection of a single object, successful categorization
requires the ability to generalize across large intra-category variability. Gener-
alizing from previous encounters with other objects of the same class enables
the recognition of previously unseen objects and the successful prediction of
their function and behavior. Classi�cation is thus a fundamental aspect of vi-
sual processing and higher-level cognitive function.
Although it is itself su�ciently challenging, categorization is additionally

complicated by the fact that we live in a constantly changing environment. ¿e
visual systemmust not only continually adapt existing category representations,
but also learn entirely novel categories, o en with very limited exposure (one-
shot learning). In addition to rapid learning speeds, re-occurring categories
need to be robustly and quickly recognized. ¿is poses a computational chal-
lenge, as the systemmust retain su�cient plasticity to allow for the rapid learn-
ing of novel categories, and at the same time optimally tune to re-occurring
categories to achieve high processing speeds.
To better understand the cortical mechanisms underlying the e�cient yet

adaptable categorization capabilities of the brain, we need to identify the mech-
anism of category learning and investigate how category information is repre-
sented at di�erent levels of experience, from novice to expert. Similarly to the
temporal aspects of viewpoint symmetry, knowledge of how quickly category
information is extracted a er the onset of visual processing can impose con-
straints on possible models of the neural mechanisms. Finally, to understand
visual processing on amore general level we need to understand how high-level
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category information is integrated with lower-level information during catego-
rization and perceptual decision making.

In the �eld of psychology, a variety ofmechanisms have been suggested to ac-
count for human categorization behavior. Proposals for the basis of categorical
representations have included: the explicit storage of category exemplars (Hitz-
man, 1986; Nosofsky, 1986; Nosofsky & Palmeri, 1997); prototypes representing
either themost clear category exemplar (Rosch, 1973) or the central tendency of
all exemplars, which does not need to match any encountered exemplar (Pos-
ner & Keele, 1968); as well as an abstract decision boundary (Ashby & Gott,
1988). A combination of these di�erent approaches has also been proposed.
Mixture models suggest that the number of stored elements can vary depend-
ing on the complexity of the stimulus set, category, or task (Tjan & Legge, 1998;
Rosseel, 2002). ¿ese models were in part proposed as an answer to the claim
that exemplar-based representations are ine�cient at storage and retrieval. ¿is
criticism builds on the intuition that the retrieval of a category label is highly
uneconomical if the visual input needs to be compared to every single object
exemplar ever encountered. Mixed models regain e�ciency by combining dif-
ferent types of category representation. If members of a category never need to
be identi�ed on a subordinate level, it is conceivable that a more general repre-
sentation based on a small set of exemplars, prototypes, or an abstract decision-
boundary su�ces, whereas categories whose members need to be individually
separated would require an exemplar-like format. Finally, the type of represen-
tation can be subject to change and there is no principled reason why multiple
category representations cannot be implemented simultaneously.

Although a review of the extensive psychological literature on the topic is be-
yond the scope of this introduction, one �nal aspect is worth noting. Exemplar-
based models of recognition have been described as complementary to the
view-based theory of view-invariant object recognition described in the pre-
vious section (Palmeri & Gauthier, 2004). In line with this proposal, (Ullman,
1998) suggested that storing views of di�erent objects from the same class allows
for generalization to other category exemplars. In line with this proposal, we
demonstrated that a single computational architecture could be used for view-
invariant object recognition and object classi�cation Kietzmann et al. (2009).
Similar to mixture models, our model assigns di�erent numbers of instances
to individual classes depending on the underlying category structure and task
complexity. At the same time, the relevance of the di�erent features is dynami-
cally reweighted to allow for optimal category separation.
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Independently of the type of category representation, scientists of di�erent
disciplines have asked where category selectivity is encoded in the brain and
which areas are involved in category learning. Originating from computational
neuroscience, HMAX and its successors (Riesenhuber & Poggio, 1999; Serre
et al., 2007a) are implemented around the idea that all levels of categorization,
subordinate, basic and superordinate, and all visual tasks are based on the same
visual feature space, provided by the IT, and that category selectivity is per-
formed only on the highest level, e.g. in the PFC.¿e PFC is assumed to contain
task-related units that can dynamically read out and combine patterns of visual
features. Put di�erently, response patterns in IT serve mainly as a complex fea-
ture set, which does not in itself provide category selectivity, and categorization
is interpreted as a late perceptual decision process rather than an aspect of vi-
sual selectivity. In analogy to this, the two-stage model of perceptual category
learning hypothesizes that areas in the ventral stream acquire sharper tuning to
re-occurring stimulus properties whereas nonvisual prefrontal areas perform
the actual categorization in a task-dependent manner. Experimental evidence
in support of such separation of feature- and category-selectivity in humans
was provided by (Jiang et al., 2007), who showed that although category train-
ing a�ected both IT and PFC, only PFC responded di�erentially to changes in
category membership. On the other hand, training e�ects in IT were best ex-
plained in relation to changes in physical appearance. Converging evidence for
this view was provided by monkey electrophysiology (Freedman et al., 2001;
¿omas et al., 2001; Freedman et al., 2006).
¿at being said, the validity of the two-stage model relies in large part on the

negative results regarding category-related learning e�ects in IT.However, there
is evidence that IT can indeed encode category-relevant information following
category training inmacaques (De Baene et al., 2008; Sigala & Logothetis, 2002)
and human (Li et al., 2009), even if stimuli are not actively categorized (Folstein
et al., 2012a), and in cases of categorical perceptual decisions (McKee� & Tong,
2007). Moreover, areas in the ventral stream usually considered face-selective
can adapt their selectivity with prolonged experience, as demonstrated for car
and bird experts (Gauthier et al., 2000a). Related to this, although not explic-
itly formulated in the setting of categorization, the reverse hierarchy theory of
perceptual learning (RHT) (Ahissar &Hochstein, 2004) proposes that learning
only starts at the highest levels of the hierarchy. If more detailed information is
required to ful�ll the task, practice-induced learning e�ects progress down to
lower levels in a top-down guided manner. Plasticity is therefore not limited to
the highest levels, but is assumed to follow a gradient from high- to low-level.

18



1.3 Categorization and Plasticity

¿e theory rests on psychophysical measurements in humans using an odd-
one-out paradigm and can account for the observation that the learning of easy
perceptual tasks usually precedes the learning of more complex ones.

A di�erent approach to understanding cortical categorization mechanisms
rests on investigations of temporal rather than spatial aspects of categorization.
Knowing the earliest time-point at which category information is present in the
system can provide valuable cues as to which types of processing are involved.
Short latencies imply only few synaptic transmissions, and are therefore usually
interpreted as the result of feed-forward processing. Following this approach,
psychophysical and electrophysiological experiments have provided ample ev-
idence that naturally occurring categories can be extracted a er about 100ms
in humans (¿orpe et al., 1996; Liu et al., 2002; Kirchner & ¿orpe, 2006; Liu
et al., 2009; Carlson et al., 2011; Cichy et al., 2014) and from macaque IT (Hung
et al., 2005).

In light of the current focus on ’pure’ category selectivity, however, naturally
occurring categories can only provide limited insight, because they can exhibit
systematic di�erences in low-level stimulus properties, which prevent stronger
claims about the underlying signal (VanRullen, 2011; Crouzet & Serre, 2011).
Moreover, the phenomenon of category learning cannot be investigated with
natural categories because subjects will almost always have extensive prior ex-
perience. A solution to these limitations is the use of arti�cial categories de�ned
in a feature space that allows for a close control of low-level properties. In addi-
tion to allowing for exact control of the subjects’ exposure to the categories, this
approach has the advantage that it allows for baseline measurements prior to
category learning. Such measurements are very important to ensure that found
category e�ects are due to learning and not the result of residual low-level prop-
erties of the stimulus space.

¿e above considerations reveal the need to further investigate how novel
and re-occurring categories are represented in the human brain and how high-
level categorical information is integrated with lower-level stimulus properties.
Moreover, it is currently unknown whether the latency of category selectivity
changes and whether di�erent cortical networks are involved at di�erent stages
of category training. To investigate these issues, we conducted a series of ex-
periments in which we collected behavioral data and recorded functional neu-
roimaging data using Magnetencephalography (MEG) while extensively train-
ing our subjects to distinguish two arti�cial visual categories of faces embed-
ded in four-dimensional parametric feature space. ¿is approach allowed us to
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control the low-level properties of the two trained categories, as well as the sub-
jects’ experience with them. Furthermore, testing subjects in multiple sessions
across training enabled us to monitor changes in the cortical representations of
the trained categories.
In a �rst behavioral experiment, we focused on how high-level categories are

cortically represented and how low-level stimulus properties and high-level cat-
egory information are integrated in perceptual decisions. Across training ses-
sions, the subjects were tested in an odd-one-out paradigm in which they had
to indicate whether a target stimulus, presented with varying numbers of dis-
tractors, was located in the le or right visual �eld. In this setup, exemplar and
more abstract decision-boundary models make distinct predictions about the
pattern of results. ¿e experimental approach therefore allowed us to monitor
changes in the type of category representation with extended training. Addi-
tionally, the experimental paradigm allowed for a direct test of predictions of
RHT about the temporal sequence of high-and low-level visual properties in
perceptual decisions.
In a second experiment, we again conducted a longitudinal study in which

our participants received extensive training with two arti�cial categories, using
a similar feature space as in the previous experiment. As an extension to the
previous work, the training was combined with MEG recordings of brain ac-
tivity. MEG o�ers high temporal and good spatial resolution and is therefore
perfectly suited to estimate temporal and spatial aspects of category learning. To
guarantee that any e�ects observed were the result of category training and not
of low-level stimulus characteristics, we included an MEG baseline measure-
ment. All data recorded during training was then tested against this baseline
dataset. In the analyses, we �rst concentrated on temporal aspects of category
selectivity, asking for the earliest point in time at which the category of a pre-
sented stimulus is extracted. Following this, we performed a source analysis to
estimate the cortical areas involved in category selectivity at di�erent stages of
category learning.
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1.4 About this dissertation

1.4.1 Why faces?

Most of the experiments described in the following are based on stimulus sets
containing faces. ¿is highly restricted subset of all possible visual categories
was chosen for a number of reasons. For one, faces are among the most impor-
tant visual categories we must distinguish, providing essential information for
our everyday behavior and forming the foundation of our social interactions.
As a result, the highly developed face-recognition system of the brain extracts
facial information from a given stimulus with unparalleled accuracy and ro-
bustness. ¿e signals evoked by the brain in response to these stimuli are strong,
whichmakes them prime candidates for experimental studies of visual process-
ing. Additionally, faces are a rich stimulus set, enabling a large variety of inter-
esting research questions includingmany general aspects of vision. Faces can be
detected (face vs. no face), classi�ed (sex, ethnicity, known vs. unknown), and
identi�ed. Face recognition is robust even in the most diverse situations, and
faces can be learned, o en with extremely limited exposure. Moreover, studies
focusing on social aspects of vision �nd rich information about emotions and
shared attention in the display of a face. Finally, unlike many objects, faces al-
most constantly change, for instance through the display of emotions or during
speech production, and therefore combine static and dynamic aspects of visual
processing.
Faces are an especially diverse stimulus category, but it is still worth consider-

ing whether �ndings based on faces allow for more general claims about visual
processing and other visual categories. While faces undeniably lead to speci�c
spatiotemporal activation patterns in the brain (Kanwisher et al., 1997a; Bentin
et al., 1996), di�erent lines of research now suggest that faces are not an inher-
ently special category. On the behavioral side, some e�ects previously thought
to hold uniquely for faces have been shown either to exist equally strongly for
non-face objects if the correct controls are performed (Wong et al., 2010), or to
be based on low-level confounds (VanRullen, 2006). In the area of neuroimag-
ing, visual selectivity to faces has been at the center of a �erce debate. One of
the most prominent theories holds that faces and few other categories are rep-
resented in a modular fashion, with each module being uniquely selective to a
single category. Among others, this view is based on the observation that faces
strongly activate only a small part of the fusiform gyrus, namely the fusiform
face area (FFA), which suggests that this area ismainly face selective (Kanwisher
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et al., 1997a; McKone et al., 2007). Support for the face-selectivity in this region
is substantial. In addition to fMRI experiments, it includes �ndings frommon-
key electrophysiology (Tsao et al., 2006), lesion studies (Moscovitch et al., 1997;
Sergent & Signoret, 1992) and electrical stimulation experiments (Parvizi et al.,
2012). Still, the modular theory of face representations has been challenged on
multiple grounds. For one, it was suggested that high-level visual areas follow
a distributed rather than modular organization, which encompasses a large va-
riety of categories (Haxby et al., 2001; Huth et al., 2012). As a middle ground
between these extreme views, the seemingly modular representation of faces
has been ascribed to the co-activation of multiple ’selectivity maps’ overlapping
in visual cortex (Op de Beeck et al., 2008; Cohen & Tong, 2001). While each of
such feature maps is only weakly activated by itself, faces jointly activate multi-
ple features that co-occur in a focal region of cortex: the FFA. From this view it
follows that all object categories activate the underlying feature maps, but that
faces just so happen to activate cortically co-aligned features, thereby creating
a modular activation pattern.
As a second, more substantial challenge, the face-selectivity of the FFA has

been questioned. ¿e process-map hypothesis (Gauthier et al., 2000a; Tarr &
Gauthier, 2000) describes the selectivity of FFA as the result of visual expertise,
which is not limited to faces. By this account, the FFA represents any extensively
foveated element (Hasson et al., 2002), forwhich detailed visual processing is re-
quired. Hence, faces and categories of expertise share the same cortical regions
(Mcgugin & Gauthier, 2013; McKee� et al., 2010). In line with this proposal of
a dynamic recruitment of resources, it has been shown that the organization of
the FFA itself is subject to change. As one example, it has been shown to in-
crease in size from children to adults (Golarai et al., 2007; Scherf et al., 2007).
Compelling behavioral evidence for experience-dependent changes in the rep-
resentation of faces was provided by researchers focusing on face recognition
in di�erent age groups. ¿ey found that their participants were signi�cantly
better at recognizing others in their own age range as compared to other age
groups, the so-called own-age e�ect (Anastasi & Rhodes, 2005; Hills & Lewis,
2011). ¿ese results were corroborated by experiments with preschool teach-
ers (de Heering & Rossion, 2008) who, compared to an age-matched group of
adults with no regular experience with children, exhibited stronger recognition
performance when presented with faces of children.
Taking this approach one step further, the results of self-organizing computa-

tional models have recently been used to argue against a principled division be-
tween the cortical mechanisms underlying face and object recognition (Wallis,
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2013). It was shown that holistic perceptual e�ects and the cortical arrangement
of face- and object-selective areas are naturally emerging properties of a hier-
archical, feature-based recognition system. Based on these simulations it was
concluded that the "face recognition system can be viewed as a carbon copy of
the object recognition system in terms of competitive mechanisms involved in
its construction" (Wallis, 2013). Taking the presented computational and exper-
imental evidence together, it is safe to assume that studies of face processing can
provide valuable insights into themore general corticalmechanisms underlying
visual processing.
Finally, the experiments described in this dissertation do not solely rely on

any face-speci�c spatial or temporal components and all closely control for low-
level stimulus properties. We therefore expect our �ndings to generalize well to
other stimulus categories.

1.4.2 Chapter Overview

Having now motivated the centrality and importance of the three investigated
aspects on a more general level, the following chapters will provide in-depth
descriptions of the performed experiments and results. Chapter 2 describes the
eyetracking experiments, which we performed to investigate the topic of ’Sam-
pling the Environment’. We will show that overt visual attention signi�cantly
precedes the recognition of ambiguous stimuli and that contextual information
can have strong e�ects on the ongoing sampling process, arguing in favor of
a more integrated view of the two processes. Chapter 3 will report the results
of the fMRI, TMS and EEG experiments conducted to study visual invariance.
Focusing on rotations in depth, it will be demonstrated that e�ects of view-
point symmetry can be observed in a large range of higher-level visual areas
and at a comparably early stage of processing. Moreover, we observed a cascade
of di�erent viewpoint encoding schemes, each supporting a distinct function
in face processing. Chapter 4 centers on the topic of ’Categorization and Plas-
ticity’, describing the psychophysical and electrophysiological (MEG) experi-
ments performed. Our behavioral data suggest that high-level category infor-
mation is integrated into the perceptual decision process only a er extensive
training. In line with these late high-level category e�ects, we found further-
more that extensive training can result in a spatiotemporal shi of the cortical
activity that underlies visual categorization. Finally, following these in-depth
experimental chapters, the discussion will provide an overall summary of the
individual chapters and explore their relationship in the context of e�cient and
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robust processing. Based on the experimental results presented, I will argue that
the visual system developed highly e�cient mechanisms to cope with the con-
stantly changing visual environment and the requirements of the embedding
organism. ¿ese include adaptive sampling, cortical plasticity and computa-
tional shortcuts to visual invariance, such as viewpoint symmetry, even if they
imply a non-veridical representation of the external world.
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2
Sampling the Environment

2.1 Overt Visual Attention as a Causal Factor of
Perceptual Awareness1

Abstract Our everyday conscious experience of the visual world is fun-
damentally shaped by the interaction of overt visual attention and ob-
ject awareness. Although the principal impact of both components is
undisputed, it is still unclear how they interact. Here we recorded eye-
movements preceding and following conscious object recognition, col-
lected during the free inspection of ambiguous and corresponding un-
ambiguous stimuli. Using this paradigm, we demonstrate that �xations
recorded prior to object awareness predict the later recognized object
identity, and that subjects accumulate more evidence that is consistent
with their later percept than for the alternative. ¿e timing of reached
awareness was veri�ed by a reaction-time based correction method and
also based on changes in pupil dilation. Control experiments, in which
we manipulated the initial locus of visual attention, con�rm a causal in-
�uence of overt attention on the subsequent result of object perception.

1Part of the experimental work presented in this section was started as a MSc project of Tim
Kietzmann and Stephan Geuter. It was later extended, and published together with Stephan
Geuter and Peter König as a peer reviewed article in PLOS One. See Publication List for
details.
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¿e current study thus demonstrates that distinct patterns of overt at-
tentional selection precede object awareness and thereby directly builds
on recent electrophysiological �ndings suggesting two distinct neuronal
mechanisms underlying the two phenomena. Our results emphasize the
crucial importance of overt visual attention in the formation of our con-
scious experience of the visual world.

2.1.1 Introduction

Conscious object recognition and overt visual attention belong to the most es-
sential capabilities of the human visual systemand cognition. Because both sub-
stantially contribute to our everyday experience of the world, they have moved
into the center of scienti�c interest. Although there is evidence for their inter-
connection on a behavioral level (Einhäuser et al., 2004; Zhaoping & Guyader,
2007), the two phenomena were recently shown to rely on distinct neuronal
mechanisms (Wyart & Tallon-Baudry, 2008; Fernandez-Duque et al., 2003),
and are most o en investigated in isolation (Itti & Koch, 2000; Kawabata &
Mori, 1992; Georgiades & Harris, 1997; Toppino & Long, 2005; Tse et al., 2005).
As a result, the exact roles and temporal dynamics governing the interplay of
the two processes remain unclear. In this context, one of the most fundamental
questions is whether overt visual attention has a causal impact on the perceptual
outcome of the recognition process (also named object perception herea er),
or whether the direction of causality is in fact reversed and that the awareness
of an object’s identity guides subsequent patterns of eye-movements.
¿ese two views can be characterized by two hypotheses. ¿e �rst hypothesis

sees overt visual attention as following the perceptual outcome. According to
this view, �xations are guided towards crucial local features of the object only
a er the subjects are aware of its identity (action follows perception hypothesis)
(Phei�er et al., 1956). ¿e competing hypothesis suggests that features that are
attended to prior to recognizing the object substantially contribute to the per-
ceptual outcome (action precedes perception hypothesis) (Holm et al., 2008). In
this scenario, �xation patterns are in line with the upcoming percept prior to
the actual awareness of the object identity.
To probe these two hypotheses, we conducted two eye-tracking experiments

based on a set of twelve ambiguous stimuli. In order to provide a baseline of
viewing behavior corresponding to the di�erent perceptual outcomes, two un-
ambiguous stimuli were created from every ambiguous one that bias the initial
perception towards one of the two interpretations (Figure 2.1).
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Figure 2.1: Exemplary Stimuli. Two out of the 12 stimulus sets used in the experiment. Each
row shows an ambiguous image in the �rst columnwith the two unambiguous versions next
to it.

In the main experiment, experiment 1, we �rst investigate whether distinct
patterns of overt visual attention precede di�erent perceptual outcomes dur-
ing the presentation of ambiguous stimuli. To ensure that only �xations prior
to object perception are taken into account, we apply two correction methods.
¿e �rst is based on the minimum reaction time of individual subjects dur-
ing the complete experiment. ¿e second is based on percept-related changes
in pupil dilation that were recently shown to signi�cantly precede perceptual
events (Einhäuser et al., 2008; Hupé et al., 2009). Following this, we explore
the possibility that object awareness has an e�ect on the subsequent patterns of
overt visual attention. ¿is is accomplished by comparing the viewing behavior
of the subjects before and a er the perceptual event.
In experiment 2, we investigate whether changes in the initial locus of visual

attention, induced by shi ing the initial gaze position of the subjects to di�erent
parts of the stimulus, would have a causal e�ect on the later perceived object
identity.

2.1.2 Experiment 1: Materials andMethods

Participants
Seventy-eight subjects, recruited via university mailing lists, took part in the

experiment. ¿e data of �ve subjects was discarded due to insu�cient calibra-
tion accuracy. Forty-nine of the remaining 73 subjects were female. All sub-
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jects had normal or corrected to normal visual acuity and were informed of
their right to withdraw from the experiment at any time without the need to
state a reason and gave written informed consent to participate. Furthermore,
all subjects were informed of the experimental procedure and were naive to the
purpose of the study. Upon completion of the overall experiment, the subjects
were debriefed. ¿e study, including experiments 1 and 2, was approved by the
Ethics Committee of the University of Osnabrück.

Stimuli

¿e used stimulus set consisted of 12 ambiguous stimuli, for each of which
two additional disambiguated versions were created (leading to 36 stimuli in
total). To create the disambiguated versions, the ambiguous stimuli were al-
tered such that they would favor either one of the two percepts (see Figure 2.1
for an example). ¿is was accomplished by manually adding or deleting small
elements of the original ambiguous images. ¿e 12 ambiguous stimuli included
a version of the ambiguous donkey/seal �gure (Fisher, 1968a), an image allow-
ing for the percept of a woman’s face or a saxophone player by Sara Nader, the
man/mouse �gure (Bugelski & Alampay, 1961), an ambiguous stimulus show-
ing a duck and a rabbit (Tsal & Kolbet, 1985), the squirrel/swan �gure of G.
H. Fischer, "My Wife and Mother-in-law" (Boring, 1930), "My Husband and
Father-in-law" (Botwinick, 1961), an instance of the images used in Fisher’s hys-
teresis experiments (Fisher, 1967), an ambiguous image showing either a couple
or a rose, and, �nally, an image showing a hand and a dancer. Included, but not
used for analyses because all subjects reported the same initial percept of the
ambiguous stimulus versions, was an image showing either a �st or a mother
with her child, and a two-interpretation version of the Fisher family (Fisher,
1968b). ¿e complete set of stimuli is presented in Figure S2.1.
¿e stimulus presentations were interleaved with 36 black and white �ller

images showing animals and everyday objects. Each subject saw all 72 stimuli
during the course of the experiment.

Apparatus

Eye tracking datawere recorded using an Eyelink II system (SRResearch Ltd.,
Mississauga, Ontario, Canada). It is capable of tracking both eyes; however,
only the eye that gave a lower validation error a er calibration was recorded
at 500 Hz. No headrest was used. Stimulus presentation and response logging
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were programmed in python. For stimulus presentation, we used a 30-inch Ap-
ple Cinema Display (Apple Inc., Cupertino, CA, USA) with a native resolution
of 2560x1600px and an average response time of 14 ms. ¿e stimuli, which were
scaled to a size of 1000x1000px, were presented centrally and in front of a white
background. ¿e distance to the screen was 60 cm such that the stimuli covered
approximately 23.8○ of the subject’s visual �eld.

Task and Procedure

Subjects were individually tested in a dimly lit eye-tracking laboratory. Af-
ter �lling out a standard demographic questionnaire, the subjects were verbally
introduced to the experimental procedure and by on-screen instructions. A er
successfully completing the calibration procedure (de�ned by reaching a val-
idation error below 0.3○), the experiment was started. If required, the system
was re-calibrated during the experiment.

Each trial started with a dri correction, requiring subjects to �xate the
screen center. A er manual acceptance by the experimenter, the stimulus ap-
peared. Subjects were asked to press a response button as soon as they recog-
nized the identity of the shown object. Following the button-press, the stimuli
stayed visible for 4 more seconds. Although subjects were not explicitly in-
formed of the potential ambiguity of the stimuli, they were asked to indicate
changes in perception through additional button presses. A er each stimulus
had disappeared, subjects were asked to verbally report the perceived identity
of the object. If multiple interpretations were reported, they were asked to give
their reports in chronological order. Since the main interest of this study is
an investigation of naïve, initial perceptual processing, the subjects were then
asked to report whether they had ever seen the stimulus prior to the experiment.

¿e randomization of stimuli was accomplished as follows. Each subject saw
one version of each stimulus during the �rst 24 trials. ¿e presented stimuli
contained four ambiguous and eight disambiguated stimulus versions, inter-
leaved with a total of 12 �llers. ¿e order of stimulus appearance was pseudo-
randomized and counterbalanced across groups of four subjects out of which
two were presented with the ambiguous version, one saw the disambiguated
version A and one saw version B. ¿is procedure was implemented in order to
yield approximately the same amount of data for the ambiguous stimuli, which
allowed for two distinct interpretations, as well as the unambiguous versions of
the images.
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Data Pre-Processing

Due to the objective of the current experiment, the data pre-processing pro-
cedure was rather restrictive. First, we discarded ambiguous-stimulus trials in
which the reported percept did not match one of the two interpretations. For
the unambiguous-stimuli, we excluded the trials in which the perceptual out-
come was inconsistent with the intended interpretation (more than 80% of the
percepts on the disambiguated stimuli were as intended, illustrating the e�-
cacy of the stimulus manipulations). Additionally, trials in which the subjects
indicated prior knowledge of the presented stimulus were excluded. Also trials
that were either interrupted by the experimenter (no response a er 20 seconds)
(2,4%) or whose corresponding button press was outside the range of two stan-
dard deviations around the mean, were discarded (5,2%). A er these steps, a
set of n = 470 trials was le for further analyses.

In order to be able to investigate �xation behavior during the time of initial
percept formation in a non-oscillatory setting, only �xations prior to subjects’
object perception (i.e. the awareness of the perceived object identity) were se-
lected for further analyses. For this, the subject’s button press marks the upper
limit of the time window of interest, because it also includes response prepa-
ration and execution in addition to the perceptual process. To exclude these
response-related components, we identi�ed the individual minimum reaction
time (RT) across all trials for each subject and subtracted these minimum RTs
from the recorded button press time points. Only �xations starting prior to this
RT correction were used in further analyses. ¿is method is quite conservative,
as the correction estimate includes both, perceptual processing and the time
required for the motor response of the shortest trial. Using this method, the
�xation dataset was reduced by 28.6% (average minimum reaction time across
subjects was 645 ms). As a control, we applied a second cleaning procedure
based on changes in pupil dilation. As previously demonstrated in the literature
(Einhäuser et al., 2008; Hupé et al., 2009), the average pupil diameter signi�-
cantly deviates from baseline prior to the perceptual reports. Using the pupil
dilation method of �xation selection, for which dilation changes upon initial
object recognition were compared to data collected in a follow-up experiment
in which the subjects were asked to freely push a button without visual stim-
ulation (see Supplemental Analyses: Pupil Dilation and Figure S2.3 for more
details), the estimate of the average time ascribed to the motor-response was
528 ms prior to the button-press. Using this method, 26.1% of the data are dis-
carded, rendering it less conservative than the RT-based approach. Because
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of this and because a subject individual procedure is clearly preferable to an
experiment-wide cut-o�, the following analyses were based on the RT method.
Finally, on the level of individual �xations, single data points that had no

overlap with any others in a range of one degree of visual angle were treated as
noise (2.1% of the �xations).

2.1.3 Experiment 1: Analyses

¿e following analyses are based entirely on data collected during the subjects’
�rst encounter with the experimental stimuli. As basis for analyzing viewing
behavior, the recorded �xation data were �rst transformed into �xation den-
sity maps (FDM). ¿ese maps are created by �rst calculating 2D histograms of
�xations across the stimuli, followed by a convolution with a Gaussian Kernel
equivalent to 1○ of visual �eld (FWHM = 42 pixels). ¿e resulting maps were
smoothed and normalized to a sum of one. For every set of stimuli (contain-
ing the ambiguous an the two disambiguated stimuli), FDMs were created for:
ambiguous stimulus-percept A, ambiguous stimulus-percept B, disambiguated
stimulus version A-percept A, disambiguated stimulus version B-percept B.

Comparing Viewing Behavior in Di�erent Conditions
As a �rst analysis step, we compared the FDM’s from the two disambiguated

conditions against each other as well as the two perceptual conditions of the
ambiguous stimuli. For this, we used a symmetric extension of the Kulback-
Leibler (KL) divergence as a di�erence metric:

DKL(P∣∣Q) =∑
i
P(i) ∗ log(

P(i)
Q(i)

) (2.1)

DKLSymmetric(P,Q) = DKL(P∣∣Q) + DKL(Q∣∣P) (2.2)

To assess statistical signi�cance of the found di�erences between FDMs we
applied a separate bootstrapping analysis for each of the twelve stimulus sets.
Using KL divergence as the test statistic, all subjects belonging to the two con-
ditions to be compared were �rst pooled into one combined set. Resampling
was then performed on the level of subjects, as resampling of individual �xa-
tions would violate the independence assumption of the bootstrapping analysis.
In detail, two new sets of subject-data were randomly drawn with replacement
from the overall set. It was ensured that the novel sets were identical in size,
compared to the original ones. ¿e resulting data was then used to calculate
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two new �xation densitymaps, for which the KL divergence was computed. ¿e
repetition of this procedure for 5000 times then leads to a distribution of KL
divergences. ¿is distribution describes the divergences that can be expected
by chance, given the data. It can therefore be used as statistical distribution
to which the original KL divergence can be compared. If the KL value of the
original data falls into the highest 5% of values in this distribution, the null hy-
pothesis of equal distributions can be rejected. To analyze statistical signi�cance
on the group level including all tested stimuli, the distribution of calculated p-
values was then tested for uniformity (H0). If the FDMs from two conditions
do not di�er across all stimulus sets, a uniform distribution of p-values would
be expected.

Predicting Perceptual Outcomes from Single Fixations
To assess whether it is possible to predict the later perceptual outcome of

our subjects based on single �xations made prior to recognition, we trained
stimulus-individual Support Vector Machines using the SVMlight implemen-
tation (Joachims, 1999). For each ambiguous stimulus, the raw �xation coordi-
nates prior to recognitionwere used as input space. Prediction performancewas
evaluated with a leave-one-subject-out cross validation, i.e. the individual �xa-
tions of each subject were once excluded from training and used as test set for
the classi�er. Prediction performance was then assessed based on the average
accuracy gained from classifying single �xations of the test subject. Averaged
across subjects, we then yield the stimulus-individual prediction performance.
Finally, the grand total predictability of the perception of the subjects based on
singular �xations made prior to the actual recognition is obtained via subse-
quent averaging across the stimulus performances.

Alignment of Viewing Behavior on Ambiguous &Unambiguous Stimuli
In order to examine whether equal perceptual outcomes on the ambigu-

ous and the corresponding unambiguous stimuli would be preceded by similar
viewing behavior, a similarity index δwas de�ned. It is positive if the di�erences
in viewing behavior between the ambiguous stimuli with di�erent percepts are
in the same direction as the di�erences on the unambiguous stimuli. δ is com-
puted as follows. First, a di�erence map (D) is created for each stimulus set by
subtracting the two unambiguous �xation density maps from each other. ¿en,
the cosines of the angles between this di�erence map and the �xation density
maps of all four conditions, one for each unambiguous stimulus (uFDMA/B)
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and one for each possible percept on the ambiguous stimulus (aFDMA/B), are
calculated. ¿e�nal similarity index (δ), is then de�ned as the quotient between
the di�erence of ambiguous cosines and the di�erence between the correspond-
ing unambiguous cosines:

cos(D, FDM) =
D ⋅ FDM

∣∣D∣∣2 ∣∣FDM∣∣2
(2.3)

δ =
cos(D, aFDMA) − cos(D, aFDMB)

cos(D, uFDMA) − cos(D, uFDMB)
(2.4)

Eq. (2.4) therefore expresses the di�erences between ambiguous conditions
as fraction of themaximal possible di�erence, as estimated from the unambigu-
ous reference FDMs. For the statistical analysis of the similarity index, a ran-
domization analysis was performed. ¿e approach was similar to the described
bootstrapping in case of the KL divergence, but resampling was done without
replacement and the index δ was used as a test statistic. As before, the original
δ-value was compared to the distribution of resampled δ-values to obtain the
p-value.

Temporal Analysis
Based on the similarity index δ, it is possible to analyze the temporal devel-

opment of viewing behavior on the ambiguous stimuli with regard to di�erent
perceptual outcomes. For this, we �rst aligned the �xation data to the button
press. Starting at the button press, we then shi ed a time window of 200 ms
backwards over the �xation data of each image set. Based on the �xations that
fell into this time window, the similarity index was calculated. ¿e �nal curve
was calculated by averaging the δ-indices of all image sets.

Subject Level Analysis of Individually Collected Evidence
¿epreviously described analyses were performed across subjects and there-

fore on the level of stimuli. However, by using the di�erence maps (D) cre-
ated from the FDMs of the unambiguous stimuli as reference, it is also possible
to investigate subject individual scan paths on the ambiguous images to check
whether the subjects collected more evidence consistent with their later per-
cept than for the alternative one. For this, the di�erence map is interpreted
as depicting evidence for the di�erent perceptual outcomes. Positive values in
the di�erence maps represent evidence for percept A, whereas negative values
correspond to evidence associated with percept B. To obtain an estimate of the
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individually collected evidence of a subject, the recorded scan-path on the cor-
responding ambiguous stimulus is projected onto the di�erence map. For each
�xation along the trajectory, the collected evidence corresponds to the average
values of the di�erencemapwithin a circular region of two degrees of visual an-
gle. ¿e overall evidence of a scan path is then de�ned as the sum of evidence
across all �xations. ¿is value is positive, if the subject collected more evidence
for interpretation A, whereas it is negative, if more evidence was collected for
B.
To statistically evaluate whether subjects collected more evidence for their

actual rather than the alternative interpretation of the ambiguous image, the
individually collected evidence was sorted into two sets, according to the initial
perception of the subjects. ¿ese sets were then tested with a Mann-Whitney U
test.

2.1.4 Experiment 1: Results

Because our data pre-processing procedure is related to the reaction times of the
subjects, thesewere analyzed �rst. We found that the unambiguous stimuli were
signi�cantly faster recognized than on ambiguous ones (median RTunambiguous
= 1.51s ±0.15 SEM, RTambiguous = 1.78s ±0.09 SEM; SEM will be used for each
± herea er, Mann Whitney U-test Z = 3.46, p<0.001). Moreover, the average
minimum reaction time across subjects was found to be 645 ms. A er per-
forming the described pre-processing procedure, excluding �xations that were
made during the time window associated with themotor response, on average 3
�xations (distribution median) were le for further analyses in the unambigu-
ous case and 4 �xations for the ambiguous stimuli.

Viewing behavior prior to object awareness
As a �rst analysis of overt visual attention during the time in which no con-

scious recognition has yet occurred, we assessed whether di�erences in �xa-
tion patterns existed on sets of two unambiguous stimuli corresponding to the
two interpretations of an ambiguous one. For this, we computed �xation den-
sity maps and used the described symmetric extension of the Kullback-Leibler
(KL) divergence as di�erence metric. Bootstrapping revealed that the viewing
behavior on the di�erent unambiguous versions of the stimuli di�ered strongly
and signi�cantly across the stimulus set (see Figure 2.2a for an example). ¿e
p-values of the 10 stimulus sets obtained via bootstrapping are nonuniformly
distributed, contrary to the tested null hypothesis of similar viewing behavior,
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and right-skewed (χ2 = 10, p<0.01; Figure 2.3). Nine out of the ten analyzed
stimulus sets are individually signi�cant (p<0.01, Bootstrapping). In view of
the subtle changes in the images, the robust di�erences in viewing behavior are
remarkable. Furthermore, they form an important reference for the di�erences
in viewing behavior that are to be investigated on the ambiguous stimuli.
¿e most important aspect with regard to the two examined hypotheses, ac-

tion follows perception and action precedes perception, is the viewing behavior on
the ambiguous stimuli. For this comparison, we grouped the �xation data ac-
cording to the subjects’ perceptual decisions. A comparison of the correspond-
ing �xation density maps revealed that even in the case of an identical stimulus
initial viewing behavior recorded prior to object awareness di�ered signi�cantly
for di�erent perceptual outcomes. ¿e distribution of p-values from the KL di-
vergence bootstrapping is nonuniform and right-skewed (χ2 = 6.4, p<0.025).
Two stimulus sets were individually signi�cant (p<0.01) (Figure 2.2a shows an
example, the distribution of p-values can be seen in Figure 2.3). ¿is is a par-
ticularly strong case, because only the perceptual formation process and the
sampling of stimulus properties, but no di�erences in the presented stimuli can
be associated with the found di�erences in overt attention. ¿is �nding im-
plies that it should be possible to predict the perceptual outcome of our subjects
based on their overt visual attention recorded prior conscious recognition. Put
di�erently, it should be possible to predict the subjects’ perception based ondata
that is recorded at a time in which the subjects themselves are not yet aware of
their later percept. Indeed, a er training radial-basis Support-Vector-Machines
on the ambiguous �xations using a leave-one-out cross validation scheme, it
was possible to predict the subjective percept with an average accuracy of 70%
(±4%). Figure 2.4 shows the prediction accuracy for the individual stimuli.
Following the individual analysis of conditions based either on unambigu-

ous or ambiguous stimuli, we assessed whether the viewing behavior on the
ambiguous stimuli was aligned with that on the unambiguous ones upon sim-
ilar perceptual outcomes. ¿is step is crucial because it implies that the found
di�erences on the ambiguous stimuli are in fact percept-related and not inci-
dental. To assess the similarity, an index δ was de�ned by projecting �xations
on the ambiguous stimuli onto the axis spanned by the di�erences of viewing
behavior on the unambiguous stimuli (see Methods for more details). ¿e in-
dex δ is positive if the di�erences in viewing behavior between the ambiguous
stimuli with di�erent percepts are in the same direction as the di�erences on the
unambiguous stimuli. In all stimulus sets, the index was found to be positive
(δ̄ = 0.26±0.05; see Figure 2.2b), indicating that overt visual attention on the

35



Chapter 2 - Sampling the Environment

1 2 3 4 5 6 7 8 9 10
−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

Stimulus
co

s 
to

 D
iff

er
en

ce
 M

ap

−2000 −1800 −1600 −1400 −1200 −1000 −800 −600 −400 −200 0

−0.2

0

0.2

0.4

0.6

0.8

1

Si
m

ila
rit

y 
In

de
x 
δ

Time to Button Press (ms)

A B

C

Figure 2.2: Viewingbehaviorprior toawareness. (a) Examples of viewingbehavior prior to
object awareness on the ambiguous and unambiguous stimuli with corresponding percepts.
There are signi�cant di�erences between the groups with di�erent percepts (as indicated by
the KL divergence analysis), and the di�erences in the viewing behavior on the ambiguous
and unambiguous stimuli are aligned with identical percepts (as shown by the similarity in-
dex δ). The shown �xation patterns correspond to the �fth-largest index value out of the ten
examined stimulus sets. (b) The cosine values underlying the similarity index calculation for
the individual FDMs. Filled symbols represent percept A, the empty ones percept B. Squares
denote cosines calculated from the unambiguous FDMs; diamonds indicate values calcu-
lated from the ambiguous FDMs. Image 1 corresponds to the example shown in (a). (c) The
time-analysis showing the index-peak at about 1330 ms before the button press. Error bars
are SEM. The shaded area marks the time during which data would be discarded according
to the pupil analysis.
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ambiguous stimuli was aligned with �xations on the corresponding unambigu-
ous ones prior to conscious recognition of the shown object. A randomization
analysis, analogously to the above Bootstrapping analyses, con�rmed the sta-
tistical signi�cance of the e�ect (see Figure 2.3; χ2 = 6.4, p<0.025; �ve stimulus
sets individually signi�cant with p<0.05).
Our previous analyses were based on collapsed data taken from the complete

period prior to conscious recognition. To analyze the temporal dynamics of
overt visual attention in more detail, we performed a sliding window analysis.
A er aligning the trials to the button press and selecting data according to the
current time-window, the mean similarity index δ exhibits a clear peak at about
1300 ms prior to button press (Figure 2.2c). At this time, which is largely be-
fore the later report of conscious recognition, the �xation behavior on the am-
biguous stimuli is most similar to the corresponding unambiguous ones, and
therefore most di�erent for di�erent percepts on the same ambiguous stimuli.
To approach the di�erences in viewing behavior on a subject instead of stim-

ulus basis, the di�erence maps can be interpreted as depicting evidence for the
di�erent percepts. Now, each individual scan-path on an ambiguous stimu-
lus represents subsequent collecting of evidence for one or the other percept,
depending on whether a positive or negative region in the di�erence map is
�xated. ¿is analysis revealed that the evidence collected by subjects prior
to recognition signi�cantly di�ers for subjects with di�erent percepts (median
evdPerceptA = 0.026±0.007, evdPerceptB = -0.025±0.007, Mann Whitney U-test
Z = 6.23, p = 4.7∗ 10−10). As the sign of these two numbers shows, subjects col-
lectedmore evidence for their actual than for the competing, but not perceived,
percept.
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Figure 2.3: Bootstrapping Distributions. Shown are the distributions of p-values for (a)
KL-Divergence on the unambiguous stimuli, (b) KL-Divergence on Ambiguous Stimuli with
di�erent percepts, (c) the similarity index δ. All of them are nonuniform and right-skewed.
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Figure 2.4: SVM performance. Mean Support Vector Machine prediction accuracy for the
correct percepts is shown for the ten tested image sets. Accuracy over �xations of one subject
was calculated using SVM’s trained on the remaining �xation data of the ambiguous stimuli
(leave-one-out cross validation). Errorbars depict SEM.

Viewing behavior after a formed percept

By showing that signi�cant and percept-aligned di�erences in pre-conscious
viewing behavior exist on ambiguous stimuli, our results strongly favor the ac-
tion precedes perception hypothesis. However, the results presented so far do
not exclude the possibility that also object awareness had an e�ect on the sub-
sequent overt visual attention. Since the stimuli were shown for four more sec-
onds a er the �rst button press of the subjects, it is possible to test this issue by
comparing the viewing behavior before and a er the reaction-time corrected
perceptual report.
First, we tested only subjects, which did not report a change in perception

during the 4-second period. Contrary to the predictions of the action follows
perception hypothesis, we did not �nd evidence for an increase in probability
to �xate characteristic local features as determined by the similarity index δ
(t (9) = 2.1, p>0.05; normality and homoscedasticity veri�ed by Lilliefors tests
(p>0.05), and Bartlett’s test (p>0.05)). Following this, we analyzed the data of
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2.1 Overt Visual Attention as a Causal Factor of Perceptual Awareness

the subjects who identi�ed a second interpretation and therefore a switched
perception. For this type of event, the action precedes perception hypothesis
predicts a drop in similarity index prior to the perceptual switch, since subjects
are expected to sample more evidence for the competing percept prior to be-
coming aware of the alternative interpretation. ¿is test requires subjects who
switch during ambiguous trials from an initial percept A to percept B and vice
versa for each stimulus set. Despite the large number of subjects, the required
data existed only for two ambiguous stimuli (stimulus 2 and 3) and therefore the
sample size is not su�cient for detailed statistical analysis. However, we found
a correct tendency, as the subjects with a perceptual switch exhibit a smaller
index than the non-switching ones during the time between the two button
presses (medianimage2,3 δ̄noswitch = 0.27, δ̄switch = 0.01).
Given the results of experiment 1, which illustrated signi�cant di�erences in

overt visual attention prior to conscious recognition, we investigated in a second
experiment whether the found correlative relationship also has causal capaci-
ties. ¿e experimental reasoning was that if the initially attended information
has a causal e�ect, it should be possible to manipulate the perceptual outcome
by means of changing the initial �xation of the subjects. Leaving everything
else equal to the �rst study, we therefore manipulated the position of the �xa-
tion cross shown prior to stimulus presentation, and tested whether this would
result in a changed perception of our subjects.

2.1.5 Experiment 2: Materials andMethods

Participants
Twenty-six subjects (19 female) took part in the second experiment. None of

them had participated in experiment 1. As before, the subjects received either
5Eur or course credit for their participation. Six additional subjects took part
in a pre-experiment to assess the altered positioning of the �xation cross.

Stimuli
In the second experiment we used the 10 ambiguous stimuli also included in

the analyses of experiment 1 and ten of the previously used �llers.

Apparatus
¿e used apparatus and experimental setup was identical to experiment 1.
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Task and Procedure
¿e experimental procedure of the second experiment was largely identical

to the �rst. However, to check for the e�ect of visual attention on the later per-
cept, we introduced an experimental manipulation in which the position of the
initial �xation cross, shown before stimulus onset, was altered. For this, the new
starting positions were shi ed to locations that were expected to be consistent
with either one of the two percepts. To determine these positions, six addi-
tional subjects that were not involved in any of the eye-tracking experiments,
were asked to freely mark the regions of the ambiguous stimuli that "clearly fa-
vor one or the other percept". Contrary to the main experiments, these subjects
were informed about the two percepts beforehand in order to verify that each
subject was able to perceive both versions. From the marked regions of these
subjects, clusters with more than 80% congruence across subjects were selected
and the cluster centroids were calculated. Following this, a straight line was
drawn through both centroids. ¿e new initial �xation points were positioned
on this line at 1-1.5 degree of visual angle away from the centroids towards the
image borders (see Figure S2.2).
Importantly, the introduced manipulation only changed the subjects’ initial

locus of visual attention as the �xation cross disappeared with stimulus onset
and subjects were then allowed to freely move their eyes. Compared to earlier
studies, which either forced the subjects’ view onto a speci�ed position during
the complete trial (Kawabata & Mori, 1992), or which directly manipulated the
stimuli in order to bias the perception towards one or the other outcome (Pom-
plun et al., 1996), this manipulation is very subtle and allows for very natural
viewing behavior on the stimuli.
¿e starting position was balanced across subjects. Half of the subjects

started at the location favoring interpretation A and the other half at position
relevant for B. An experimental session lasted approximately 30 minutes.

Data Pre-Processing
Again, we excluded trials for which the subjects had indicated prior knowl-

edge of the presented stimulus. Moreover, trials for which the reaction times
fell outside of a 2 standard deviation range around the mean were excluded.
On stimulus level, we excluded stimulus 6 (old/young woman), as all of the
recorded subjects reported prior knowledge. Finally, we excluded stimulus 8
(man/woman taken from Fisher’s hysteresis experiments) as an outlier because
the results of the manipulation were more than two standard deviations away
from the group average.
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2.1.6 Experiment 2: Results

We statistically assessed the e�cacy of the manipulation based on two meth-
ods. First, we performed a χ2 cross-tab test and found a signi�cant dependence
of the reported percepts on the initial �xation position (χ2 = 5.74, p = 0.006).
On average, 60.3% of the percepts were consistent with the bias induced by the
starting position. Importantly, any perceptual biases in the ambiguous stimuli
during the �rst experiment cannot explain this result, as their e�ect equally af-
fects the result positively for one percept, but negatively for the other. Still, to
explicitly account for the found biases of the stimuli in the original experiment,
we performed a second analysis. For this, we �rst calculated the percentage
of subjects perceiving A and B for every ambiguous stimulus in experiment 1.
¿en, we calculated the percentage of subjects who correctly perceived A (and
B) in condition A (and B) during experiment 2 and calculated the percentage
gained through the experimental manipulation on each stimulus by averaging
the subtracted the percentages of experiment 1 from the percentages of experi-
ment 2. As an example, if for a given stimulus in the original experiment A was
perceived in 60% and B in 40% of the cases, and in experiment 2, 70% of the
subjects perceived A in condition A and 60% perceived B in condition B, then
the average percentage gain for this stimulus would be 15%. Once this was cal-
culated for every stimulus, we checked the resulting distribution for a deviation
from zero using a t-test (the normality assumption was veri�ed with a Lilliefors
test). ¿e test showed that the introduced changes in the initial �xation posi-
tions had a signi�cant e�ect on the perceptual outcome of the subjects (t = 3.45;
p = 0.01).
¿is robust e�ect, which is in line with earlier studies emphasizing the im-

portance of local features in �xed eye-position setups (Kawabata & Mori, 1992;
Georgiades &Harris, 1997; Tsal & Kolbet, 1985; Long & Toppino, 2004), is quite
remarkable because the subjects were allowed to freely move their eyes as soon
as the stimulus appeared.

2.1.7 General Discussion

¿e current work aimed at a clari�cation of the interplay between overt visual
attention and object perception. We approached this problem by investigating
patterns of viewing behavior preceding the conscious recognition of ambigu-
ous stimuli and show that di�erent percepts (and perceptual switches) are pre-
ceded by signi�cant and percept-aligned di�erences in viewing behavior. In
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line with this, we demonstrated that eye-movements recorded prior to the con-
scious recognition are a good predictor for the later perceptual outcome, and
that subjects collect more evidence for the later perceived object identity than
for the alternative one. In experiment 2, we extended the correlative results from
experiment 1 by showing that manipulations of the initially attended positions
signi�cantly in�uence the later perceptual outcome. ¿is �nding further clari-
�es the role of overt visual attention by providing evidence for a causal in�uence
on perception. All of these results are completely compatible with the view that
the object awareness follows overt visual attention (action precedes perception
hypothesis). However, as the results do not exclude the possibility that also the
awareness of object identity has an impact on the subsequent overt visual at-
tention, we additionally compared the viewing behavior preceding and follow-
ing object awareness. No signi�cant di�erence in the similarity index could be
found. Directly related to this, the interplay of hippocampus-dependent mem-
ory, in form of awareness of image manipulations, and patterns of overt visual
attention were recently investigated (Smith et al., 2006; Smith & Squire, 2008).
¿e authors conclude, that the awareness of image manipulations was re�ected
in subsequent eye-movements. However, our current results suggest that, in
fact, overt visual attention preceded the awareness of the stimulus manipula-
tion.
Our results extend recent experimental and theoretical evidence point-

ing into the direction of neurally distinct mechanisms for visual awareness
and attention (Wyart & Tallon-Baudry, 2008; van Gaal & Fahrenfort, 2008;
Koch & Tsuchiya, 2007; Lamme, 2003). For instance, using faint stimuli that
reached perceptual awareness in only about 50% of the trials, Wyart & Tallon-
Baudry (2008) showed that visual awareness correlated with an increase in
mid-frequency gamma-band activity at the contralateral visual cortex, whereas
covert visual attention modulated high-frequency gamma-band activity in the
same region. ¿ese results suggest that the neural correlates of the two pro-
cesses are in fact distinct. In addition to this, there is electrophysiologi-
cal evidence suggesting that processes of attentional selection precede visual
awareness. Fernandez-Duque et al. (2003) investigated event related potentials
(ERPs) related to visual attention and aware vs. unaware changes in a �icker
paradigm (Simons & Rensink, 2005). ¿eir data was grouped based on the sub-
jects’ awareness of changes, either aware or unaware, in subsequently presented
scenes. ¿e results showed early, attention-related components over frontal and
parietal sites, followed by a late component that was related to awareness of
visual change. ¿e latter component exhibited distinct topography, by being
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broadly distributed with its center in medial centro-parietal regions. ¿e de-
scribed attentional regions broadly correspond to earlier results of Beck et al.
(2001) and also of Huettel et al. (2001). Comparing fMRI responses in a sim-
ilar �icker paradigm, they associated the awareness of change with enhanced
BOLD responses in parietal and right dorsolateral prefrontal cortex as well as
extrastriate visual cortex. Similarly, the data presented in (Koivisto & Revon-
suo, 2007; Koivisto et al., 2009; Brascamp et al., 2010) suggests based on behav-
ioral and electrophysiological measurements that attention and consciousness
are initially independent, whereas later, higher-level visual awareness is strongly
depended on focused attention. Taken together, there is converging evidence
for the view that visual awareness and visual attention rely on two distinct neu-
ral mechanisms and that patterns of activity correlated with visual attention
precede e�ect of visual awareness. Our results now clarify the interaction of
both phenomena on a behavioral level by showing that patterns of overt visual
attention have a causal impact on the resulting object awareness.
Converging evidence for our results comes from previous studies investi-

gating the e�ects of eye-movements on perceptual illusions (Troncoso et al.,
2008; Martinez-Conde et al., 2006; Otero-Millan et al., 2008) and on percep-
tual oscillations (Einhäuser et al., 2004; Kawabata &Mori, 1992; Pomplun et al.,
1996; Toppino, 2003). For the latter, informed subjects and prolonged stimu-
lus presentations were used in order to induce regular perceptual oscillations.
Although this approach has the clear advantage of comparably easy data col-
lection, it severely complicates an analysis of the direction of causality, as all
recorded eye-movements precede but also follow perceptual events. Also, in
addition to being a rather arti�cial setting, the study of perceptual oscillations
has the problem that the data is collected from non-naive subjects that become
’stimulus-experts’ due to the long presentation time and because they are typ-
ically presented with both interpretations prior to the experimental trial. In
the current set of experiments, we overcome these limitations by only analyz-
ing data recorded prior to the initial perception of the object’s identity and by
excluding all subjects with prior knowledge of the stimuli.
¿e most important di�erence of our approach is that we investigate overt

visual attention occurring prior to the �rst conscious perception of the subjects
(perceptual formation) whereas the data recorded from perceptual oscillations
is always accompanied with active perceptual interpretations and perceptual
switches. ¿e same argument holds for the previously reported results of per-
ceptual events on pupil dilation, which were always based on the recordings of
perceptual switches (Einhäuser et al., 2008). Because of this, it was previously
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unclear whether the neuronal mechanisms of pupil dilation involving nore-
pinephrine release (see below) followed or lead to the perceptual switch. In the
current experiments, we show pupil dilation e�ects based on the initial percep-
tual interpretation following a time in which the subjects were not yet aware of
any object identity. With regard to the underlying mechanism, Einhäuser et al.
(2008) argue that pupil dilation recorded around perceptual switches re�ects
norepinephrine release from locus coeruleus (LC). LC has been implicated in
regulating the balance between exploitation and exploration within the sensory
domain and to consolidate perceptual decisions (Aston-Jones & Cohen, 2005;
Devilbiss et al., 2006). ¿is exploitation-exploration model is very well in line
with our results.
Similar to our disambiguated stimuli, albeit again based on data recorded

from perceptual oscillations, Pomplun et al. (1996) showed that changes of am-
biguous stimuli can result in perceptual biases, leading the subjects to perceive
one interpretation signi�cantly more o en than the other. Kawabata & Mori
(1992) provided evidence in linewith the results of experiment 2 by showing that
the perceptual outcome of the subjects can be altered if forced onto one stimulus
position. In our case, however, the experimental manipulation is much more
subtle, because the attended position is only altered prior to the actual stimulus
presentation and not during the complete trial.
An open research question is on what basis the targets of eye-movements are

selected during the initial phase in which the object is not yet recognized. Pos-
sible mechanisms include bottom-up visual salience (either mediated via low-
level features and feature-combinations represented in V1 (Li, 2002; Troncoso
et al., 2005, 2007) or determined by a saliency-based approach combining mul-
tiple feature maps (Itti & Koch, 2000; Koch & Ullman, 1985b)) and high-level,
hypothesis driven attention working in a top-down manner (Renninger et al.,
2005; Triesch et al., 2003). In either case, it might be of special importance to
di�erentiate local stimulus properties from the e�ects of stimulus context. ¿e
gist of a scene can provide a strong cue for the object identity and is therefore
a promising candidate for future research in this direction. Please note that the
current �ndings do not argue against the task-dependent view of overt visual
attention (Triesch et al., 2003; Rothkopf et al., 2007), because attention can be
guided towards task-relevant objects without requiring constant and conscious
awareness of their identities. Our results are compatible with a constructive
view of perception (Chastain & Burnham, 1975) and provide new evidence for
the impact of eye movements during the formation object awareness (Hafed &
Krauzlis, 2006).
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2.1.9 Supporting Information

Supplemental Analyses: Pupil Dilation

¿ediameter of the pupil was previously shown to increase at the time of cogni-
tive events (Richer et al., 1983), as for instance switches in perception (Einhäuser
et al., 2008; Hupé et al., 2009). However, it has been argued that part of the pupil
response is due to response execution (Richer et al., 1983; Hupé et al., 2009) and
therefore not related to perception per se. It is argued that especially the peak of
the pupil dilation ismodulated by this e�ect. Here, we are interested in the onset
of the pupil dilation in relation to the report of conscious recognition of the ob-
ject identity. Compared to the button press, which of course includes the time
required for themotor response, the start of pupil dilation is a better estimate of
the completed recognition process because it is either related to the perceptual
event or to the response preparation signaling object awareness. Both processes
are closer to the time point of object recognition than a pure button press.
For the current pupil analysis, the data from experiment 1 was related to data

collected in a control task (conducted directly a er experiment 2). Subjects
were presented 6 pink noise images and 2 blank screens, resulting in a total of
8 trials. ¿e subjects’ task was to press a button as o en and whenever they
wanted. ¿ey were allowed to freely move their eyes during this task. Since
the stimuli do not depict any object or meaningful structure, these trials did
not include any object awareness, but only a self paced motor preparation and
response. To assess di�erences in perceptual and motor-related processes, the
pupil size around these simple motor actions were then compared to the pupil
size around motor report of percept formation in experiment 1.
Pupil size was recorded by the Eyelink II system with 500 Hz. In the original

experiment, pupil traces from all three blocks of experiment 1 were extracted
from stimulation onset to 10 seconds a er onset. All trials interrupted by the ex-
perimenter and trials in which the button press occurred earlier than 500ms or
later than 10 seconds a er stimulus onset were discarded. Additionally, all tri-
als in which the interval between two button presses was smaller than 500 ms
were removed. Pupil traces were trial wise z-transformed, periods of 100ms be-
fore and a er automatically detected blinks were excluded together withmanu-
ally detected artifacts. ¿e removed data were replaced via linear interpolation.
¿e traces were then aligned to the button press and data within ± 3s around
the button press were averaged over all trials (n=790). From the control task,
only the last button presses within each trial were considered to allow for max-
imal delay to the last perceptual change, i.e. the switch from dri correction to
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pink noise or blank screen. Identical to the experimental data, pupil responses
were z-transformed and artifacts were removed. As before, pupil traces from
the time window of ± 3s around the last button press were extracted, aligned to
the button press and averaged (n=147).
Pupil diameter is plotted for both conditions in Supplemental Figure S2.3.

First, we compared the pupil size maxima of individual trials in the two con-
ditions and found that they were signi�cantly higher in the object recogni-
tion condition (mean=0.6) as compared to the control condition (mean=0.38;
Wilcoxon’s rank sum test; p<0.001).
In order to estimate the point in time at which the two curves signi�cantly

deviate from each other, we tested the pupil diameter traces at each 2ms time
samples within the 3-second period around the button press. ¿e analysis re-
vealed a signi�cantly larger pupil diameter in the recognition condition from
528ms prior to 3000ms a er to the button press (t-tests, p<0.05 FDR corrected;
with Satterthwaite’s approximation for unequal variances).
¿ese results show that the human pupil reacts to motor actions such as but-

ton presses in the absence of visual stimulation. However, if the motor action
follows a perceptual event, such as object recognition of line drawings, the pupil
dilation is facilitated. ¿is additive pupil reaction to percept formation is in
line with previous results from experiments investigating perceptual switches
on similar stimuli (Einhäuser et al., 2008; Hupé et al., 2009). On an aggregated
level, the pupil dilation distinguishes between isolated button presses and but-
ton presses a er object recognition. Since the object recognition occurs before
the button press and contributes to the size of the pupil dilation, the onset of
the pupil dilation can be used as a measure of the on average completed object
recognition.
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Supplemental Figures

Figure S2.1: Experimental Stimuli. Shown are the ten ambiguous and disambiguated stim-
uli that were used for the analysis. The �rst column contains the ambiguous image, the sec-
ond and third the respective disambiguated versions.
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Figure S2.2: Experiment 2 Design. Shown is an example stimulus together with the calcu-
lated centroids of the 80% congruency regions (circles), as marked by a set of independent
subjects. The colored crosses correspond to the shifted �xation cross positions used in ex-
periment 1, the black cross shows the centered �xation cross used in experiment 1.
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Figure S2.3: Pupil Size Analysis. The averaged pupil size z-scores from the (a) percept for-
mation condition (data from experiment 1) and (b) the control experiment in which subjects
pressed the same keyboard button whenever they wished to do so. The shaded area around
the pupil diameter shows the SEM. Time periods with a signi�cant positive slope are marked
with a light grey bar. (c) A statistical comparison of the perceptual- and motor-task showing
signi�cant di�erences at 528 ms before the button press.
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2.2 E�ects of Contextual Information on Overt Visual
Sampling Behavior

Abstract¿e sampling of our visual environment through saccadic eye
movements is an essential function of the brain, allowing us to overcome
the limited accuracy of peripheral vision. Due to the constant changes
of our surroundings, however, not all aspects of a given scene can be at-
tended and a subset of visual locations has to be selected for in-depth
processing. Understandingwhich parts of a scene attract attention is sub-
ject to intense research and considerable progress has been made in un-
raveling the underlying cortical functions. In contrast to spatial aspects,
however, only little is understood about temporal aspects of the sampling
mechanism. At every �xation, the oculomotor system faces the deci-
sion whether to keep �xating, and thereby to increase recognition per-
formance of the currently seen object, or whether to move to a di�erent
object at a di�erent location - a problem that can be understood in terms
of exploration and exploitation. To improve our understanding of the
factors involved in this decision, we here use a gaze-contingent paradigm
and investigate how scene context changes the subsequent sampling be-
havior preceding the recognition of ambiguous stimuli. Behaviorally, we
�nd that context, although only presented until the �rst voluntary sac-
cade, biases the perceptual outcome, reduces reaction times and increases
perceptual certainty. Importantly, we �nd that initially presented visual
context signi�cantly increases subsequent �xation durations. ¿ese re-
sults speak in favor of an unconscious e�ect of perceptual certainty on
visual sampling behavior, biasing the exploration-exploitation strategy
towards in-depth analyses with increasing evidence for the identity of
the seen object.

Section published as: Kietzmann, T.C., & König, P. (2015). E�ects of Contex-
tual Information and Stimulus Ambiguity on Overt Visual Sampling Behavior,
Vision Research, 110, p.76-86. doi:10.1016/j.visres.2015.02.023
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2.3 Chapter Summary

In this �rst experimental chapter, we investigated whether the sampling of vi-
sual information, in form of overt attention, interacts with processes devoted
to recognition and perception. ¿e key element of the experimental design was
the use of ambiguous stimuli, which can be recognized in two alternative ways
although the underlying stimulus is identical. ¿is allows for a close control of
low-level stimulus features. To exclude high-level in�uences, we furthermore
focused on eye-movements preceding the initial perception of naïve partici-
pants. Using this setup, we demonstrated that patterns of eye-movements pre-
ceding the conscious recognition are predictive of the later perceptual outcome:
’action precedes perception’. In a follow-up experiment, we demonstrated the
causality of the e�ect by showing that a subtle manipulation of the initial locus
of attention has strong e�ects on the perceptual outcome. Having found evi-
dence for the impact of attentional sampling on the forthcoming recognition,
we then tested whether the reverse would hold, too. For this, we introduced
contextual information during the initial phase of stimulus presentation and
examined whether this additional source of information in the system would
change the subsequent sampling behavior. Central to this experiment was the
use of a gaze-contingent paradigm, which allowed the removal of the context
stimulus upon the initial saccade of the participants. As a result, the subsequent
stimulus display was identical and therefore comparable to the �rst experiment
without context. Using this design, we found strong di�erences in the behav-
ior of our participants. ¿e brief presentation of context had profound e�ects
on the perceptual outcome, it lead to shortened reaction times and increased
the certainty of the perceptual decision of our participants. Most importantly,
however, our data revealed prolonged �xation durations when contextual in-
formation had previously been presented, although the actual stimulus display
in the time-window analyzed was identical in the contextual and original ex-
periments. ¿is suggests that an increase in perceptual certainty lead to a shi 
in the exploration-exploitation behavior in favor of a more detailed analysis at a
given �xation. ¿ese results were corroborated by additional analyses demon-
strating longer �xation durations for unambiguous than ambiguous stimuli and
a positive relationship between the evidence at a �xation position and �xation
durations. Again, these data indicate a relationship of recognition evidence and
exploration strategy. Finally, although changes in �xation duration are tradi-
tionally not interpreted in terms of a changing exploration bias, we showed that
this view is in line with a large body of experimental results, indicating that it

53



Chapter 2 - Sampling the Environment

might serve as a unifying explanation and as starting point for future work.
Summing up, our experiments demonstrate a bi-directional relationship be-

tween the processes of overt visual attention and recognition. Attention has a
causal impact on the later recognition, and increased certainty in the recogni-
tion process alters the sampling behavior towards more in-depth analyses.
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3
Visual Invariance

3.1 Prevalence of Selectivity for Mirror-Symmetric
Views of Faces in the Ventral and Dorsal Visual
Pathways1

Abstract Although the ability to recognize faces and objects from a vari-
ety of viewpoints is crucial to our everyday behavior, the underlying cor-
tical mechanisms are not well understood. Recently, neurons in a face-
selective region of themonkey temporal cortex were reported to be selec-
tive for mirror-symmetric viewing angles of faces as they were rotated in
depth (Freiwald & Tsao, 2010). ¿is property has been suggested to con-
stitute a key computational step in achieving full view-invariance. Here,
wemeasured functional magnetic resonance imaging activity in nine ob-
servers as they viewed upright or inverted faces presented at �ve di�erent
angles (-60, -30, 0, 30, and 60○). Using multivariate pattern analysis, we
show that sensitivity to viewpoint mirror symmetry is widespread in the
human visual system. ¿e e�ect was observed in a large band of higher
order visual areas, including the occipital face area, fusiform face area, lat-
eral occipital cortex, mid fusiform, parahippocampal place area, and ex-
tending superiorly to encompass dorsal regions V3A/B and the posterior

1¿is section was published as a peer reviewed article in the Journal of Neuroscience together
with Jascha Swisher, Peter König and Frank Tong. See Publication List for details.
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intraparietal sulcus. In contrast, early retinotopic regions V1-hV4 failed
to exhibit sensitivity to viewpoint symmetry, as their responses could be
largely explained by a computational model of low-level visual similarity.
Our �ndings suggest that selectivity for mirror- symmetric viewing an-
gles may constitute an intermediate-level processing step shared across
multiple higher order areas of the ventral and dorsal streams, setting the
stage for complete viewpoint-invariant representations at subsequent lev-
els of visual processing.

3.1.1 Introduction

People can recognize faces and objects across a wide variety of viewing con-
ditions, despite changes in retinal position, size, and illumination. Changes
in viewing angle represent a further challenge, as large rotations of a three-
dimensional object can drastically alter the pattern of retinal input. Although
people can readily recognize objects from di�erent viewpoints, neurophysio-
logical studies have found that the vast majority of object-selective neurons
in the monkey inferotemporal cortex exhibit viewpoint-speci�c rather than
viewpoint-invariant tuning (Perrett et al., 1991; Logothetis et al., 1995). ¿ese
�ndings have led to the proposal that object recognition relies onmultiple view-
speci�c representations, and that the combined input of several view-speci�c
neurons might be a necessary precursor to obtain fully view-invariant object
selectivity (Bültho� & Edelman, 1992; Logothetis et al., 1994; Perrett et al., 1998;
Ullman, 1998).

Recently however, Freiwald & Tsao (2010) reported that neurons in an inter-
mediate region of the monkey face-processing network exhibited the peculiar
property of being selective to mirror-symmetric viewing angles of faces. For
instance, neurons that responded preferentially to the view of a head rotated
60○ to the le were also likely to respond to a rightward rotation of 60○, but not
to intermediate near-frontal views. ¿is pattern of viewpoint symmetry can be
distinguished from previous neurophysiolological reports of exclusive selectiv-
ity for a single viewpoint (Perrett et al., 1991; Logothetis et al., 1995), and has
been suggested to represent a key computational step towards achieving full
viewpoint invariance. However, these single-unit recordings were restricted to
focal regions of interest; thus, it is presently unknown whether viewpoint sym-
metry is a speci�c property of a single region in the face-processing network or
whether it might be found in other visual or category-selective areas, including
regions that prefer non-face stimuli such as objects and scenes.
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3.1 Prevalence of Selectivity for Mirror-Symmetric Views

In the present study, we investigated whether selectivity for mirror-
symmetric viewing angles might also be found in the human visual system.
We monitored cortical activity using functional magnetic resonance imag-
ing (fMRI) while subjects viewed images of upright or inverted faces, taken
from �ve di�erent viewpoints (Figure 3.1). Using multivariate pattern analysis
(Haynes &Rees, 2006; Norman et al., 2006; Tong& Pratte, 2010), we then tested
whether activity patterns were more similar between mirror-symmetric view-
ing conditions (e.g., -60○ and +60○) than between viewing angles that lacked
this relationship (e.g., -60○ and 0○). If so, this would imply cortical selectivity
for viewpoint symmetry similar to that recently found in the monkey Freiwald
&Tsao (2010). However, a key di�erence was that our pattern analytic approach
did not require a region to be selective for faces or speci�c facial identities to
exhibit mirror-symmetric selectivity.

-60° -30° 0° 30° 60°

Figure 3.1: Stimuli. The stimuli included �ve di�erent viewpoints (-60, -30, 0, 30, and 60○,
upper row) of six di�erent individuals (lower row).

To rule out potential confounding e�ects of low-level similarity, we devel-
oped an experimental stimulus set guided by the results of a biologically re-
alistic model of V1 neurons (Figure 3.2). We analyzed activity patterns from
multiple regions of interest (ROIs) throughout the ventral and dorsal pro-
cessing streams, and performed a spatially unconstrained searchlight analysis
(Kriegeskorte et al., 2006) to uncover any additional areas that exhibited selec-
tivity for viewpoint symmetry.

57



Chapter 3 - Visual Invariance

Lo
w

-l
e
v
e
l 
si

m
ila

ri
ty

-45 degree

0.82

0.84

0.86

0.88

0.9

0.92

-90 -60 -30 0 30 60 90

-30 degree-60 degree

0.82

0.84

0.86

0.88

0.9

-30 degree-60 degree

-90 -60 -30 0 30 60 90
0.92

0.94

0.96

0.98

1
-45 degree

-90 -60 -30 0 30 60 90
0.92

0.94

0.96

0.98

1

-90 -60 -30 0 30 60 90
0.92

0.94

0.96

0.98

1

-90 -60 -30 0 30 60 90

0.92

standard FaceGen faces

altered FaceGen faces (with hair)

0.82

0.84

0.86

0.88

0.9

0.92

-90 -60 -30 0 30 60 90

C

-60 -45 -30 -15 0 15 30 45 60-60 -45 -30 -15 0 15 30 45 60

-60

-45

-30

-15

0

15

30

45

60

0.94

0.95

0.96

0.97

0.98

0.99
0.92

0.91

0.90

0.89

0.87

0.86

0.85

0.84

B

A

Figure 3.2: Control for low-level confounds. (a) To exclude the possibility that low-level
features of the stimuli would already lead to patterns of viewpoint mirror symmetry, a bi-
ologically realistic model of V1 simple cells was implemented (see Materials and Methods
for details). As shown on an exemplary face on the right, the stimuli were spatially �ltered
(foveated) to account for di�erences in visual accuracy. The size of the face is proportional to
the size of the Gabor �lters used in the model. (b) The V1 model responses to the standard
FaceGen stimuli, as shown on the left, showed increased correlations for mirror-symmetric
head orientations. This low-level confound was overcome by the addition of structured hair
(shown on the right). (c) The low-level similarity tuning curves, as estimated from themodel.
The red "x" marks the mirror-symmetric viewpoint.
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3.1.2 Materials andMethods

Participants
Ten healthy subjects (aged 22-34 years, four female) with normal or

corrected-to-normal vision participated in the experiment. One subject had
to be excluded from the analyses due to extreme signal dropout in the vicinity
of the ear canal. All subjects were informed of their right to withdraw from the
experiment at any point in time and gave written consent to participate. ¿e
study was approved by the Vanderbilt University Institutional Review Board.

Experimental Design and Procedure
Each experimental run consisted of 12 blocks: �xation blocks at the start and

end of a run, and 10 blocks containing two presentations of each of the �ve view-
point conditions (-60○, -30○, 0○, 30○, 60○). ¿e order of conditions was pseudo-
randomized and it was ensured that no condition was repeated in two consecu-
tive blocks. Each block included three presentations of each of six face identities
(pseudo-randomized order) and lasted 20s, leading to a total time of four min-
utes for every experimental run. Every odd run showed upright faces whereas
every even run showed inverted faces. A complete scan session typically in-
cluded 18 runs (9 for the upright and 9 for the inverted conditions) and lasted
2 to 2.5 hours.
Each stimulus was shown for 800ms, followed by a blank of 311ms in which

only a small �xation dot remained visible. Subjects were asked to perform a
1-back detection task for which stimulus repetitions occurred randomly with
a probability of 0.15. Furthermore, the horizontal and vertical position of the
stimuli was randomly jittered by up to 10 pixels. ¿e display computer was a
luminance-calibrated MacBook Pro using Matlab and the Psychophysics Tool-
box 3 (Brainard, 1997) for experimental control. ¿e stimuli were projected on
a screen and covered 5.5○ of visual angle.

Stimuli & V1 Model
¿e stimuli were created using the face modeling so ware FaceGen (Singu-

lar Inversions Inc). ¿ey included six individuals (three female) shown from
�ve di�erent viewpoints (-60○, -30○, 0○, 30○ and 60○) on a white background,
leading to a total of 30 grayscale stimuli.
To exclude potential low-level explanations, we tested the stimuli prior to

the experiment based on a biologically realistic model of V1 simple cells (Serre
& Riesenhuber, 2004). ¿is model is based on a set of 2D Gabor functions
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with 17 di�erent receptive �eld sizes and 4 orientations, the parameters of which
were previously estimated based on data from monkey electrophysiology (Fig-
ure 3.2a). Moreover, to account for the e�ects of decreasing visual acuity in
the periphery of the visual �eld, we added an additional preprocessing step in
which the stimuli were ’foveated’ such that the model input contained high spa-
tial resolution only in the center of the stimulus and decreasing high spatial
frequency content towards the periphery. ¿e output of the model was used to
create correlation-matrices depicting the low-level similarity between the dif-
ferent experimental conditions given a set of stimuli. ¿is way, we were able
to evaluate whether e�ects of viewpoint symmetry were evident in this low-
level description of the stimuli and to change them accordingly. Interestingly,
an analysis of the default FaceGen stimuli, which do not include hair, revealed
higher low-level similarity between the mirror-symmetric viewing angles (for
instance -60○ and 60○) than between the respective angles and the straight-on
face (-60○ and 0○). We suspected that this low-level confound was due to the
relatively homogenous and low-texture posterior part of the head. Because of
this, we added structured hair to the face stimuli and were thereby able to over-
come this low-level confound (Figure 3.2b and c). In fact, the resulting faces
even exhibit decreased correlations between viewpoint-symmetric viewing an-
gles as compared to the correlations with the straight-on faces. An overview of
the �nal faces and face angles can be seen in Figure 3.1.
In addition to allowing us to avoid low-level confounds arising from the stim-

uli, we used the output of the computational V1 model for the �nal stimuli as a
predictor of low-level similarity in the later multivariate analysis.

MRI Data Acquisition

¿e experimental data was collected at the Vanderbilt University Institute for
Imaging Science using a 3T Philips Intera Achieva magnetic resonance imag-
ing scanner with an eight-channel head coil. ¿e functional data was acquired
using standard gradient-echo echoplanar T2*-weighted imaging with 28 slices,
aligned approximately perpendicular to the calcarine sulcus and covering the
entire occipital lobe as well as the posterior parietal and posterior temporal cor-
tex (TR, 2s; TE, 35 ms; �ip angle, 80○; FOV, 192 x 192; slice thickness 3 mmwith
no gap; in-plane resolution, 3 x 3 mm). In addition to the functional images,
we collected a T1-weighted anatomical image for every subject (1 mm isotropic
voxels). A custom bite bar system was used to minimize the subject’s head mo-
tion.
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3.1 Prevalence of Selectivity for Mirror-Symmetric Views

fMRI Analysis
Preprocessing
Preprocessing of the fMRI data was based on Freesurfer, FSL and custom

Matlab scripts. ¿e functional data was �rst motion corrected with respect to
the average of one run. ¿is average image was also used to coregister the func-
tional with the structural T1 data. A er detrending the functional data and con-
verting to percent signal change, the spatial mean of the individual ROIs were
regressed out at every point in time. Following this, we z-transformed the data
with respect to the mean and standard deviation of the signal across the whole
run. Finally, to extract patterns of voxel activity for the di�erent conditions,
we took the average across the corresponding time-series, excluding the �rst
8 seconds a er condition onset to account for hemodynamic lag. For the ROI
analyses and the searchlight estimates, no smoothing was applied and the data
remained in its native space (subject co-alignment was performed based on in-
dividual cortical curvature, as described below). ¿e structural volumes were
automatically segmented into gray- and white-matter and �attened/in�ated us-
ing Freesurfer (Fischl et al., 1999a,b).

Correlation Analysis
A er preprocessing the data, we estimated the similarity of response patterns

across all viewing angles in the di�erent ROIs. To do this, we used a Pearson cor-
relation measure along with an iterative split-half procedure. In the split-half
method, individual functional runs were randomly divided into two sets and
the respective average response vectors of the two halves were then used to es-
timate the correlations between the di�erent conditions. ¿e resulting correla-
tion values were then Fisher z-transformed. ¿is entire procedure was repeated
for 2000 random splits of the functional runs for each subject. ¿e average
of the resulting correlation values can be represented as a correlation matrix,
which depicts the similarity of the voxel response patterns across all pairs of
conditions, including the similarity of repeated presentations of one condition
with itself. ¿e standardized correlation matrix can then be used as input for
subsequent analyses, in which its congruency with di�erent models or predic-
tors are tested (Kriegeskorte et al., 2008a,b).
Here, we applied a two-step analysis procedure. First we estimated the extent

to which the similarity of activity patterns across changes in viewpoint could be
attributed to low-level similarity. Next, we estimated the degree to which view-
point symmetry accounted for the response patterns in the region of interest,
independent of that region’s sensitivity to low-level similarity.
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To estimate whether an ROI showed selectivity for low-level similarity, we
computed the Spearman correlation between the predicted correlation matrix
of the computational V1 model (Figs. 3.2 and 3.3a, le ) and the empirical cor-
relation matrices, which were estimated based on the activity patterns in the
respective ROIs of both hemispheres of each subject. (For the analysis, only
the upper triangular part of the matrices were used, as the correlation matrices
are themselves essentially symmetric, with slight deviations from perfect sym-
metry caused by the �nite number of split-half replications. Hence the lower
triangular part of the matrix can be neglected in the analysis for reasons of e�-
ciency.) ¿is approach lead to an e�ect-estimate for each subject andROI.¿us,
to test whether an ROI showed signi�cant e�ects of low-level similarity, the cor-
responding distribution of correlation values can be tested against a null result
of zero correlation, by applying a t-test to the Fisher-transformed correlation
values.

Next, we estimated the e�ects of viewpoint symmetry by constructing a
model correlation matrix that predicted high correlation values for mirror-
symmetric views and low correlations for non-symmetric ones (see Figure 3.3a,
right). It should be noted that regardless of whether a brain region were se-
lective for low-level similarity or mirror symmetry, both forms of selectivity
should lead to high correlation values along the diagonal of the correlation ma-
trix when the same viewpoint is presented. However, to be conservative in our
estimates of sensitivity to mirror symmetry, we chose to use a prediction ma-
trix with high correlations only for the mirror-symmetric cells. As a result, the
model matrices for low-level similarity (Fig 3.3a, le ) and mirror symmetry
(Figure 3.3a, right) were nearly orthogonal. To ensure complete orthogonal-
ity, we �rst regressed out the e�ects of low-level similarity from the empirical
matrix and then computed the e�ect size of viewpoint symmetry based on the
residual pattern, again based on a spearman correlation. ¿is allowed us to cal-
culate the partial correlation between the predicted e�ects of mirror symmetry
and the empirical measures of cortical similarity across changes in viewpoint,
having partialled out the potential contributions of low-level visual similarity
(Kriegeskorte et al., 2008a).

Finally, we compared the correlationmatrices of the di�erent ROIs, indepen-
dently of the two models tested. For this, we �rst correlated all ROI correlation
matrices with each other (taking as basis the average correlation matrix across
subjects and inversion condition), thereby forming a second-order similarity
matrix. ¿is matrix was then subject to a principal component analysis (PCA).
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Figure 3.3: (shown on previous page) (a) In a given ROI, the e�ects of low-level similarity
were estimatedby correlating theupper triangle of the empirical correlationmatrices of both
hemisphereswith amodel of low-level similarity, derived from the output of a computational
V1 model (shown left). The e�ects of viewpoint symmetry, which predict higher correlation
values for viewpoints with mirror-symmetric viewing angles, were estimated based on the
partial correlation between the empirical correlation matrix and the viewpoint-symmetry
model (right), after �rst regressing out the e�ects of low-level similarity. (b) Visualization
of the average correlation matrix for the ROIs. Please note that we estimated the e�ect sizes
for every subject individually and not based on these averages. (c) The average e�ect sizes
of low-level similarity in the di�erent ROIs (error bars indicate SEM). All regions show signif-
icant e�ects. (d) Average e�ect size of viewpoint symmetry. While higher level ROIs show
signi�cant e�ects of viewpoint symmetry, the early and intermediate-level areas V1-hV4 do
not (see text for details and p values).

Similar to multidimensional scaling (MDS), this approach allowed us to visu-
alize the similarity relationship of the individual ROIs in a lower-dimensional
space. To directly estimate which parts of the correlationmatrix explainedmost
variance across ROIs, we performed an additional PCA in which we used ev-
ery cell of the upper diagonal of the correlation matrix as an input dimension
and the di�erent ROIs as individual observations. ¿is approach has the ad-
vantage that the principal components can be visualized in the samemanner as
the correlation matrices of the ROIs.

Searchlight Analysis
¿e computation for the searchlight analysis was mostly identical to the cor-

relation analysis performed for the ROIs, but based only on data from corti-
cal voxels falling within the respective searchlight. ¿e underlying functional
data was z-transformed based on the mean activity and standard deviation of
each voxel across the whole run. Each searchlight included 3x3x3 voxels, from
which a correlation matrix was estimated using Pearson correlation and an it-
erative split-half approach (using 200 random splits), as described above. Once
estimated, the correlation matrix was tested for its correlation with a model
of low-level similarity and its partial correlation with the viewpoint symmetry
model a er regressing out the e�ects of low-level similarity. ¿is again yielded
an e�ect estimate for each of the two models, which were assigned to the voxel
in the center of the searchlight. Shi ing the searchlight across the whole brain
then leads to an e�ect-map for the two models, low-level similarity and view-
point symmetry, for every subject. For the group analysis, the results of the
searchlight analysis for all subjects were �rst transformed into a common space
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(fsaverage, (Fischl et al., 1999b)) via spherical averaging based on cortical sur-
faces, and smoothed to account for smaller errors due to imperfect intersubject
alignment using a 6mm full-width-half-maximumGaussian kernel. ¿e e�ects
were then modeled by a general linear regression. ¿e resulting signi�cance
map was subject to a clusterwise correction for multiple comparisons based on
Monte Carlo simulations. Null volumes of normally distributed data were gen-
erated on the cortical surface and spatially �ltered to match the smoothness of
the subject e�ect size maps, as estimated by a spatial AR1 model. Clusters were
de�ned as contiguous sets of surface vertices exceeding a signi�cance value of
p<0.01. Clusters of activation were determined to be signi�cant when their size
exceeded that of the largest cluster in 95% of the simulated null volumes, for
a clusterwise signi�cance of p<0.05. As an additional analysis, we performed
this same procedure using a larger searchlight of 5x5x5 voxels, and observed
essentially the same pattern of results.

Functional ROI De�nitions

ROIs were de�ned based on independent sets of localizer data, which was
either collected during the experimental session (higher-order visual areas) or
in a previous scan (retinotopic visual areas).

• Retinotopic Areas. ¿e visual areas V1, V2, V3, hV4, V3A/B, and pIPS
were de�ned based on standard retinotopic mapping (Sereno et al., 1995;
Engel, 1997) on a �attened cortical representation. pIPS was de�ned as
the union of areas V7, IPS1, and IPS2, the borders between which could
not be clearly delineated in all hemispheres. In 4 hemispheres (3 le ,
1 right), the retinotopic maps showed minimal signi�cant activation in
this region; for these hemispheres, approximate anatomical ROIs were
de�ned along the medial bank of the posterior IPS. For one subject, no
retinotopicmapping data was available. Here a V1 ROIwas de�ned based
on automated anatomical criteria (Hinds et al., 2008).

• Higher-Order Visual Areas. In addition to the experimental runs, we
also included three runs of a functional localizer targeting a number of
higher-order visual areas. ¿e localizer included separate blocks show-
ing objects, faces, images of bodies (without heads) and blocks containing
scrambled versions of the stimuli used in each of these three categories.
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Table 3.1:Overview of the number of subjects for which the RIOs were successfully de�ned.
V1 V2 V3 hV4 OFA FFA1 FFA2 LO mFus PPA V3A/B pIPS
lh:9 lh:8 lh:8 lh:8 lh:6 lh:9 lh:6 lh:7 lh:9 lh:9 lh:9 lh:9
rh:9 rh:8 rh:8 rh:8 rh:9 rh:9 rh:8 rh:9 rh:9 rh:9 rh:9 rh:9
FFA, fusiform face area; LO, lateral occipital cortex; mFus, mid fusiform;
OFA, occipital face area; pIPS, posterior intraparietal sulcus.

As the focus of the main experiment was on the representations of di�er-
ent head orientations, the face localizer contained not only stimuli show-
ing front-on faces but also the other orientations used in the main exper-
iment (30○, -30○, 60○ and -60○). To avoid di�erences in the retinotopic
extent of the scrambled and unscrambled versions of the images, we �rst
�tted a 2DGaussian function to the grayscale image of each stimulus. ¿e
resulting parameter estimates were then used to create a corresponding
probability density function, which served as basis for the positioning
of the scrambled parts of the images. ¿e scrambled images therefore
occupied approximately the same region of space as their unscrambled
counterparts.

¿e sequence of localizer blocks was similar to the one used by Freiwald
& Tsao (2010), showing a block of �xation, followed by scrambled faces,
faces, scrambled objects, objects, scrambled bodies, bodies and �nally
another block of �xation. ¿e contrasts used for the individual regions
are detailed below; an overview of the number of subjects for which the
respective region could be de�ned is given in Table 3.1. Importantly, vox-
els previously labeled as belonging to one of the retinotopically organized
areas (V1 to hV4, V3A/B and pIPS) were excluded from the higher-order
visual area de�nitions. For all of the higher-level ROIs, we selected vox-
els exhibiting signi�cantly larger activation in the respective contrast (at
least p<0.01, uncorrected). Similar to the early visual areas, the ROIs were
de�ned on the �attened cortical representation of every individual sub-
ject.

For the fusiform face area (FFA), we localized the voxels in the fusiform
gyrus, whose activation was signi�cantly higher for faces than objects
(Kanwisher et al., 1997a). Where applicable, we assigned the labels FFA1
and FFA2 to the posterior and anterior patches of FFA, similar to Pinsk
et al. (2009). ¿e occipital face area (OFA) was localized based on the
same contrast as FFA and restricted to face-selective voxels in the occipi-
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tal lobe (Puce et al., 1996; Gauthier et al., 2000b). ¿e lateral occipital cor-
tex (LO) was de�ned as the set of voxels around the LO exhibiting signi�-
cantly higher activation for complete objects as comparedwith scrambled
ones (Malach et al., 1995; Kanwisher et al., 1997b).

¿e parahippocampal place area (PPA) responds preferably to images of
houses or scenes, as compared with faces ((Aguirre et al., 1998; Epstein &
Kanwisher, 1998). As our localizer did not include corresponding stim-
ulus conditions, a second set of localizer data was used to de�ne PPA.
¿ese data were collected during a di�erent scan session. PPA was de-
�ned as voxels around the posterior parahippocampal gyrus, showing
signi�cantly higher activation for houses than faces. Mid fusiform gyrus
(mFus) was previously described as an object-selective region located on
the medial side of the fusiform gyrus (Grill-Spector, 2003). In line with
this de�nition, we determined mFus as the set of voxels in the fusiform
gyrus and intermediate to FFA and PPA that exhibited signi�cantly larger
activation for objects, as compared with faces. ¿e de�nition of mFus ex-
cluded voxels previously de�ned as PPA.

Eye-Tracking Analysis

During the experimental runs, the subjects were asked to remain �xated on
the center of the screen, as indicated by a small red dot, and their eye position
was monitored using an fMRI compatible 60Hz eye-tracking system (Applied
Science Laboratories Eye-Trac 6). To exclude the possibility that any residual
di�erences in eye position could explain our observed fMRI results, the avail-
able eye-tracking data of seven of our subjects were used for further analyses.
First, we tested whether there were systematic di�erences in the average eye
position in the di�erent condition. For this, the average horizontal and verti-
cal gaze direction of every subject and condition was entered into a repeated-
measures ANOVA. In addition to this, we adapted a similar approach to Harri-
son & Tong (2009) and performed the same analysis on the eye tracking data as
we did previously on the fMRI data to see whether the pattern of eye-movement
would lead to e�ects in the direction of the found fMRI results. Accordingly, we
estimated empirical correlation matrices based on patterns of eye movements
rather than fMRI activation for every subject, and then tested their correlation
with the model of low-level similarity and the partial correlation with the view-
point symmetry model. To estimate the empirical correlation matrices, we �rst
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converted the eyetracking data of each subject, run and condition into a proba-
bility density function of �xation. Based on these distributions, and analogous
to the fMRI analysis, we then computed a correlation matrix for every subject
across all conditions by applying an iterative split-half procedure. ¿e result-
ing correlation matrices, one for every subject, were then used to estimate the
e�ects of low-level similarity and viewpoint symmetry.

3.1.3 Results

Participants viewed upright or inverted faces in separate experimental runs,
shown from 5 possible viewpoints using a randomized fMRI block design. Ob-
serverswere instructed tomaintain �xation on a point in the center of the screen
and to perform a one-back stimulus repetition detection task (average hit rate
69%, d’=2.99).

Multivariate Pattern Analysis

For each region of interest, we measured the similarity of cortical activity
patterns across the �ve presented viewing angles of faces by dividing each par-
ticipant’s set of fMRI runs into separate halves and measuring the correlation
strength (Fisher z-transformed Pearson’s r) across these independent data sets
(seeMaterials andMethods). All pairwise correlations between face viewpoints
can be displayed in a correlationmatrix, which can then be used as basis for fur-
ther analyses. Here, we analyzed the pattern of correlations across the di�erent
viewpoints, based on two separate models of visual selectivity. ¿e �rst model
estimated low-level visual similarity, based on a computational V1 simple cell
model (Figure 3.3a, le ). ¿ismodel predicts that repeats of the same viewpoint
will elicit high correlation values (i.e., similar pattern), nearby viewpoints will
elicit moderate correlation values, and distal mirror-symmetric views will elicit
low correlation values. By contrast, the second model, viewpoint symmetry,
predicts increased correlation values between mirror-symmetric views as com-
pared to non-symmetric ones (Figure 3.3a, right). Our measure of sensitivity to
mirror symmetric viewpoints focused speci�cally on the predicted relationship
between +60○ and -60○ views, and between +30○ and -30○ views. With this,
we ensured that our measures of goodness-of-�t with this model were approx-
imately orthogonal to our measures of sensitivity to low-level similarity. For a
given ROI, the contributions of the two e�ects, low-level similarity and view-
point symmetry, were assessed based on the agreement of the respective model
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3.1 Prevalence of Selectivity for Mirror-Symmetric Views

with the empirical correlation matrices across the individual subjects (see Ma-
terials and Methods). As an overview, the average correlation matrices of the
ROIs are shown in Figure 3.3b.
Using this approach, we �rst assessed the e�ects of low-level similarity and

viewpoint symmetry in early visual areas V1 to hV4. Our analysis of these ar-
eas revealed signi�cant e�ects of low-level similarity (p<0.001 in all cases, one-
tailed t-test), but no signi�cant viewpoint-symmetric e�ects (p=0.55, p=0.6,
p=0.64 and p=0.08 forV1, V2, V3, and hV4 respectively, one-tailed t-test). Low-
level similarity alone, as predicted by our computational V1 model, accounted
for 72, 75, 72 and 65% of the total variance for V1, V2, V3 and hV4 respectively.
Following this, we analyzed higher order face-selective regions including the

OFA, as well as the posterior and anterior segments of the FFA (FFA 1 and
FFA2). Again, all these regions showed signi�cant patterns of low-level simi-
larity (p<0.02 in all cases, one-tailed t-test, Figure 3.3c). In contrast to the early
visual areas, however, they also exhibited reliable e�ects of viewpoint symme-
try (p<0.01, one-tailed t-tests, Figure 3.3d). Moreover, although LO, mFus and
PPA are known to respond maximally to views of objects or scenes, they are
nevertheless activated by stimuli showing faces (Ishai et al., 1999). We therefore
investigated whether activation patterns in these ROIs might also reveal e�ects
of viewpoint symmetry. All three areas, LO, mFUS and PPA showed reliable ef-
fects of viewpoint symmetry (p<0.02 in all cases), as well as low-level similarity
(p<0.02 in all cases). Finally, we concentrated on areas in the dorsal stream of
visual processing and tested areas V3A/B and the posterior intraparietal sulcus
(pIPS). Both regions showed signi�cant e�ects of low-level similarity (p<0.001)
as well as viewpoint symmetry (p<0.02).
To summarize, we found statistically signi�cant e�ects of low-level visual

similarity as well as viewpoint symmetry in all tested higher-order visual areas.
In contrast, early- and intermediate-level visual areas only showed signi�cant
e�ects of low-level visual similarity, and no signs of viewpoint symmetry.
We substantiated our above conclusions with a series of controls. First, we

con�rmed that similar results were obtained by using a standardized regression
approach in which the empirical correlationmatrix was jointly predicted by the
model of low-level similarity and viewpoint symmetry. ¿is approach resulted
in the same pattern of signi�cant and non-signi�cant ROIs as the two-step (par-
tial) correlation procedure: signi�cant e�ects of low-level similarity across all
ROIs (p<0.01 in all cases, one-tailed t-test) and signi�cant e�ects of viewpoint
symmetry for all higher-order visual areas reported above (p<0.05, one-tailed
t-tests) but no such signi�cant e�ects in early areas (p>0.05, one-tailed t-tests).
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Second, we �nd no evidence for viewpoint symmetry in our computational V1
model as well as the fMRI pattern of responses in early visual areas, indicat-
ing that our choice of stimuli e�ectively avoided low-level stimulus confounds
(see Figs. 3.2b right and 3.3d). We observed strong e�ects in low-level simi-
larity in area V1, consistent with the predictions of our V1 simple cell model,
whereas e�ects of viewpoint symmetry emerged only at higher stages of visual
processing. Next, we tested a uniform correlation matrix with additive Gaus-
sian noise in the same protocol as the ROIs to exclude explanations based on a
fully viewpoint-invariant representation or a potential bias towards one of the
two model predictors. ¿is led to no signi�cant similarity or viewpoint sym-
metry e�ects (p=0.76 and p=0.71, respectively, one-tailed t-test). Furthermore,
our results also cannot be explained based on overall amplitude changes in the
ROIs, as we regressed out the spatial average of each ROI during preprocessing
(see Materials and Methods) and because the correlation measure disregards
the spatial mean of every condition. To investigate the possibility that resid-
ual eye movements of our subjects could explain our e�ects, we examined the
eye tracking data, for which we obtained reliable measurements from seven of
our nine subjects. We found no reliable di�erences in the mean horizontal or
vertical �xation position across conditions and subjects (p>0.26 in all cases,
repeated-measures ANOVAwith condition as factor). In addition, we analyzed
the complete set of eye tracking data based on the same approach previously
applied to the functional MRI data. However, we now utilized probability den-
sity functions of �xation to estimate the empirical correlation matrix instead of
fMRI activation patterns (see Materials andMethods). ¿is analysis showed no
signi�cant e�ects of low-level similarity (p=0.2, one-tailed t-test) or viewpoint
symmetry (p=0.9, one-tailed t-test) in the residual eye movements. ¿us, we
have no indication that eye movements can account for the observed e�ects.
Having found patterns of viewpoint symmetry in the responses to upright

faces in both face- and object-selective higher-order areas, we next asked
whether similar e�ects could also be observed following the presentation of in-
verted faces. Compared to the processing of upright faces, inverted faces have
been suggested to rely on distinct cognitive mechanisms, by engaging object-
and scene-selective regions in addition to the highly specialized face-processing
network (Aguirre et al., 1999; Haxby et al., 1999; Epstein et al., 2006; Pitcher
et al., 2011). Hence, it was interesting to test whether the e�ects of viewpoint
symmetry would generalize to the processing of inverted faces. Applying the
same analyses as before, we found the same pattern of results for inverted faces
(Figure 3.4) as for upright faces (Figure 3.3, compare c,d). A repeated-measures
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ANOVAwith ROI and inversion as within-subject factors revealed a signi�cant
e�ect of ROI (p<0.05), but no signi�cant e�ects of inversion (p=0.38) or interac-
tion e�ects (p=0.34; all p-values Greenhouse-Geisser corrected). When tested
individually, the higher-level areas OFA, FFA 1 and 2, LO, mFus, PPA again
showed signi�cant viewpoint symmetry e�ects for inverted faces (p<0.025 in
all cases, one-tailed t-test). In contrast to this, all of the early visual areas (V1-
hV4) again failed to show signi�cant e�ects of viewpoint symmetry (p>0.6 in
all cases, one-tailed t-test). V3A/B and pIPS failed to show signi�cant viewpoint
symmetry e�ects for inverted faces (p>0.05 in both cases, one-tailed t-test), but
there was also no statistically signi�cant di�erence between the e�ect-sizes for
upright- and inverted faces (p>0.05 in both cases, paired t-test). ¿ese results
indicate that e�ects of mirror symmetry were also prevalent for face views pre-
sented upside-down.
To compare the correlation matrices of the di�erent ROIs with each other,

we projected an across-ROI similarity matrix into two dimensions using PCA
(see Materials and Methods). In the resulting space, the distances between
ROIs resemble the similarity of the respective correlationmatrices (Figure 3.5a).
Notably, the �rst principal component, which explained 66% of the similar-
ity structure across ROIs, exhibits a clear separation between regions with and
without viewpoint symmetry (the second component explained an additional
29% of variance). Following this, we determined which cells of the correlation
matrix accounted for the most variance across ROIs by performing a PCA di-
rectly on the entries of the correlation matrices (see Materials and Methods).
¿e resulting �rst principal component, based on which 63% of the variance
across ROIs could be explained, exhibits large weights in the two matrix diag-
onals. ¿is is in direct agreement with our models of low-level similarity and
viewpoint symmetry (Figure 3.5b). It should be noted that the principal com-
ponent was found by simply maximizing the explained variance across ROIs;
this approach is model-free and did not make any assumptions regarding how
the correlationmatrices should tend to vary across ROIs. ¿e results of the PCA
analysis provide further con�rmation that sensitivity to mirror symmetry is a
prominent functional organization principle that accounts for changes in visual
selectivity across the visual hierarchy.

Searchlight Analysis
In addition to the analyses of speci�c regions of interest, we performed a

searchlight analysis to test for viewpoint-symmetric response patterns through-
out the whole functional volume (Kriegeskorte et al., 2006). ¿e underly-
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level similarity and (b) viewpoint symmetry during the processing of inverted faces. As in
the upright condition, all areas show signi�cant e�ects of low-level similarity, whereas only
higher level areas show robust e�ects of viewpoint symmetry.

ing analysis was identical to the multivariate pattern analysis described above.
However, instead of selecting all voxels in an ROI, the activation patterns of a
local 3x3x3 neighborhood of voxels were used for the analysis. Shi ing this
searchlight across the functional volume thus yields an e�ect map for every
subject and model. ¿ese individual subject maps were then normalized to a
common space, smoothed, and tested for clusters showing signi�cant e�ects of
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viewpoint symmetry or low-level similarity on the population level (see Mate-
rials and Methods).
¿e searchlight analysis revealed a large band of cortical regions exhibiting

signi�cant viewpoint-symmetric response patterns (Figure 3.6). In line with
our earlier results, this band of viewpoint symmetry overlapped with the previ-
ously tested ROIs, including higher-order visual areas of the ventral and dorsal
streams. Early retinotopic areas failed to exhibit symmetry e�ects and their
responses were again found to be best explained based on low-level similar-
ity. Moreover, while our searchlight analysis revealed a cluster of signi�cant
viewpoint-similarity e�ects in posterior superior temporal sulcus (STS), the
searchlight approach revealed no signi�cant e�ects of viewpoint symmetry in
this region. Finally, more anterior regions such as the anterior part of the tem-
poral lobe did not show any signi�cant patterns of low-level similarity or view-
point symmetry.
As a control, we performed the same analysis with a larger searchlight of

5x5x5 voxels. ¿e brain regions implicated were the same as those identi�ed
using the 3x3x3 searchlight, except that the band of cortical regions was some-
what larger due to the use of a larger searchlight. ¿is veri�es that our results
were not dependent on a speci�c searchlight-size. For this study, we present the
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results of the 3x3x3 voxel searchlight, as this analysis provided a more conser-
vative and spatially precise measure of the regions that displayed a preference
for mirror symmetric views of faces.

3.1.4 Discussion

Our analyses of cortical activity patterns revealed a spatially distributed, yet
functionally speci�c representational property in the human visual system: se-
lectivity for mirror-symmetric viewing angles of faces. ¿is property was not
restricted to a single focal region, but instead was found to be prevalent in a
large band of higher-order visual areas. In addition to regions typically associ-
ated with face processing, OFA, FFA1 and FFA2, we observed e�ects of view-
point symmetry in several cortical areas that do not respond preferentially to
faces, including object-selective (LO, mFUS) and scene-selective areas (PPA).
¿ese e�ects were equally prevalent for inverted faces as for upright faces, even
though stimulus inversion is known to impair face-speci�c processing (Yin,
1969; Valentine, 1988; Kanwisher et al., 1998) and the robustness of face-speci�c
responses (Freiwald et al., 2009). ¿is suggests that our fMRI measures of sen-
sitivity to viewpoint symmetry do not depend on a cortical specialization for
faces.
An unexpected �nding was the fact that the dorsal regions V3A/B and the

posterior IPS also exhibited selectivity for symmetric views of face stimuli.
Object processing is commonly believed to rely on the ventral visual pathway
(Mishkin&Ungerleider, 1982; Goodale &Milner, 1992). However, a few studies
have demonstrated the presence of shape selectivity and view-invariant object
selectivity in the parietal lobe as well (Sereno &Maunsell, 1998; Konen & Kast-
ner, 2008; Króliczak et al., 2008).
Importantly, all of the visual areas we found to be sensitive to mirror-

symmetric viewing angles also revealed strong e�ects of low-level similarity.
¿is indicates that these ROIs failed to show complete viewpoint invariance,
and that the acquisition of partial view invariance does not preclude the pos-
sibility of maintaining sensitivity to low-level image similarity as well. ¿ese
�ndings are in linewith earlier fMRIwork demonstrating viewpoint-dependent
adaptation e�ects for faces in the posterior fusiform region (PFS), including the
FFA (Grill-Spector et al., 1999; Pourtois et al., 2005; Andresen et al., 2009).
In parallel to our work, a di�erent research group has recently reported that

face-selective regions including the FFA, right STS, as well as object-sensitive
area LO, exhibit e�ects of viewpoint symmetry (Axelrod & Yovel, 2012), while
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no symmetry e�ects were found in the OFA. Here, we speci�cally aimed at as-
sessing the prevalence and generality of viewpoint symmetry e�ects while con-
trolling for low-level confounds typically present in standard FaceGen stimuli.
Because of this, we tested upright and inverted faces across amultitude of visual
areas, including retinotopically de�ned early visual areas V1-hV4, ventral areas
OFA, FFA 1 and 2, LO, mFUS and PPA as well as dorsal areas V3 A/B, pIPS
(including V7 as well as IPS 1 and 2). We �nd positive evidence of selectivity
for mirror-symmetric views not only in the FFA, OFA, and area LO, but also
in medial ventral temporal areas such as mFus and the PPA, as well as dorsal
visual areas in the posterior parietal cortex.
¿e extensive band of higher-order visual areas, for which we �nd sensitivity

to symmetric 3D viewpoints, overlaps to a considerable extent with cortical ar-
eas previously shown to prefer symmetric 2D patterns. In particular, the lateral
occipital complex has been found to respond more strongly to symmetric dot
patterns (re�ected along the vertical axis) than to random dot patterns (Sasaki
et al., 2005; Tyler et al., 2005). Because we observed sensitivity to symmetric
views of faces rotated away from 0○, our results cannot be explained by a gen-
eral preference for visually symmetric stimuli. Nevertheless, the overlap of areas
raises an interesting question as to whether sensitivity to 3D viewpoint symme-
try and 2D visual symmetry might re�ect a shared neural mechanism.
Another related visual property is mirror reversal. Previous studies using

fMRI adaptation found that ventral visual areas exhibit invariance to mirror re-
versals of written text, objects and scenes (Eger et al., 2004; Dehaene et al., 2010;
Dilks et al., 2011). Consistent with these neuroimaging studies, neurophysiolog-
ical recordings in monkeys have shown that le -right mirror reversals lead to
more similar responses in inferotemporal neurons, when compared to stimulus
reversals along the vertical dimension (Rollenhagen & Olson, 2000). Although
these studies found evidence of invariance to image reversal in many object-
sensitive areas, consistent with the present �ndings, they did not directly test
for selectivity to mirror-symmetric viewing angles. Because of this, it was le 
as an open possibility that the reported invariance to image reversals could also
be explained by fully viewpoint-invariant representations. Ruling out such ex-
planations would require the presentation of the same objects from multiple
viewpoints, including views intermediate to those realized by image reversal, as
was evaluated in the current work.
Taken together, our �ndings suggest that selectivity for mirror-symmetric

views may constitute an intermediate-level processing step shared across mul-
tiple higher-order areas of the dorsal and ventral streams. ¿e prevalence of
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such representations could set the stage for realizing viewpoint-invariant rep-
resentations at subsequent stages of visual processing. Indeed, Freiwald & Tsao
(2010) found that viewpoint symmetric response properties existed in a lateral
region of the monkey temporal lobe (region AL), whereas neurons in a more
anterior face-selective region (called AM) exhibited complete viewpoint invari-
ance in their selectivity for di�erent individuals (Tanaka et al., 2007; Freiwald &
Tsao, 2010). Interestingly, some of the neurons in AL maintained a preference
for a particular facial identity across mirror symmetric views, suggesting that
such mirror symmetric coding might serve as an important intermediate step
to developing a fully view-invariant representation.
An important point to consider is why the present study found such

widespread e�ects of viewpoint symmetry, whereas Freiwald & Tsao (2010)
found these e�ects to be largely restricted to neurons in the anterior lateral face
patch. Neurons recorded from themiddle face patches (middle lateral andmid-
dle fundus of the superior temporal sulcus) o en preferred a single viewpoint
and failed to show evidence of viewpoint symmetry, suggesting that this visual
property emerges at a relatively late stage of processing in anterior regions of
the macaque visual system. Although the precise homologies between mon-
key and human face-selective areas have yet to be fully determined (Tsao et al.,
2008), we observed e�ects of viewpoint symmetry at earlier processing stages
in posterior ventral visual areas, including regions OFA and LO. What factors
might account for the di�erences between studies? One major di�erence was
that our pattern analysis approach could test for sensitivity to viewpoint sym-
metry without requiring the brain region in question to be selective for face
stimuli or sensitive to facial identity. We observed strong e�ects of symmetry
in regions such as the PPA andmFus, which prefer objectsmore than faces, pre-
sumably because these areas contain partially view-invariant representations of
features that are common across multiple object classes, including faces. An-
other factor is that fMRI pattern analysis pools information over much larger
regions of cortex, and this too might have facilitated our ability to detect infor-
mation about viewpoint symmetry in posterior visual areas and cortical regions
that respond weakly to face stimuli. Finally, there could also be genuine di�er-
ences between species, either due to innate factors or di�erential amounts of
experience with symmetrical stimuli. Sasaki et al. (2005) tested for sensitiv-
ity to 2D symmetrical dot patterns in both humans and monkeys, and reported
�nding only a small region of themonkey visual cortex that showed preferential
responses to symmetrical stimuli, around areas V4d, V3A and TEO, whereas a
much larger cortical region was activated in humans. Future studies might ad-
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dress these issues by performing comparable fMRI pattern analysis studies of
viewpoint symmetry in monkeys.
It would also be interesting for future fMRI studies to investigate which re-

gions of the human visual pathway contain view-invariant representations of
facial identity. ¿is was not possible here, as our experimental design showed
di�erent individuals from a selected viewpoint within a block. Generally, the
ability to decode information about facial identity remains a major challenge
for fMRI research, and although a limited degree of success has been reported
(Natu et al. 2010; Nestor et al. 2011; Kriegeskorte et al. 2007, but see Tsao et al.
2008), the present study illustrates the importance of ensuring that low-level
confounds cannot account for the successful discrimination of di�erent face
stimuli.
Computationally, there could be advantages to relying on viewpoint-

symmetric object representations as an intermediate processing step. View-
based theories of invariant object recognition propose that viewpoint invari-
ance can be accomplished by interpolating between a small set of informative
2D views (Bültho� & Edelman, 1992; Tarr et al., 1998; Poggio & Edelman, 1990;
Ullman, 1998; Kietzmann et al., 2009). Within such a framework, viewpoint-
symmetric representations could be exploited to allow for a substantial reduc-
tion in computational complexity. While selectivity formirror-symmetric views
can itself be regarded as an example of partial viewpoint invariance, it might be
particularly bene�cial for encoding objects with axial symmetry, such as faces,
animals andmany objects (Vetter et al., 1994). For this type of input, the number
of viewpoint-speci�c representations required to represent an object could be
substantially reduced by relying on representations that incorporate viewpoint
symmetry as an intermediate processing step.
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3.2 The Occipital Face Area is Causally Involved in
Viewpoint Symmetry Judgments of Faces2

Abstract Humans are highly pro�cient at recognizing individual faces
from a wide variety of viewpoints, but the neural substrates underly-
ing this ability remain unclear. Recent work suggests that viewpoint-
symmetric responses to rotated faces, found across a large network of
visual areas, may constitute a key computational step in achieving full
viewpoint invariance. Here, we used transcranial magnetic stimulation
(TMS) to examine whether the occipital face area (OFA) causally con-
tributes to the perception of viewpoint symmetry. ¿e experiment fol-
lowed a 2x2 design with TMS (repetitive vs. sham) and task (symmetry
vs. angle judgments) as experimental factors. Subjects underwent 5 min-
utes of either sham stimulation or true 1Hz rTMS to the right OFA prior
to each 4-minute block of behavioral test trials. Visual stimuli were pre-
sented ipsilateral to the site of TMS stimulation to avoid retinotopically
speci�c impairments. Subjects reported either which of two consecu-
tively presented pairs of face viewpoints was mirror-symmetric (symme-
try task) orwhich pair of faces had a larger angular di�erence (angle task).
Prior to the experiment, both tasks were titrated by an adaptive staircase
procedure (QUEST) to achieve an average of 80% correct performance.
Compared to sham, rTMS led to a signi�cant decrease in performance
speci�cally for viewpoint symmetry judgments, whereas no signi�cant
di�erences were found for the angle task. A repeated-measures ANOVA
revealed a signi�cant interaction e�ect, indicating that the e�ect of rTMS
over OFA was larger for symmetry than for angle judgments. Our data
provide novel evidence for the causal involvement of OFA in the process-
ing of viewpoint symmetry and provide important restrictions onmodels
of viewpoint symmetry and face perception in general. In particular, the
speci�c e�ect on viewpoint symmetry judgments a er rTMS applied to
the ipsilateral OFA provides support for proposals emphasizing the role
of inter-hemispheric sharing of information in the perception of view-
point symmetry.

2¿is section was accepted as a contribution to the Vision Science Society Conference 2014. See
Publication List for details.
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3.3 Representational dynamics of facial viewpoint
encoding: head orientation, viewpoint
symmetry, and eye contact

Abstract ¿e cortical processing of facial viewpoints requires distinct
forms of viewpoint encoding, from view-dependent representations,
supportingmechanisms of social attention, to a fully viewpoint-invariant
code, which subserves face identi�cation. While di�erent cortical areas
have been suggested to support either function, little is known about tem-
poral aspects of viewpoint encoding in the human brain. Here we com-
bined electroencephalography data, recorded while subjects viewed faces
shown from 37 viewpoints, with multivariate pattern analyses to inves-
tigate the representational dynamics of facial viewpoint encoding with
high temporal resolution. Our data- and model-driven analyses reveal a
distinct temporal sequence of viewpoint encoding. Head orientations are
encoded �rst, potentially driven by low-level stimulus features, followed
shortly a erwards by strong e�ects of viewpoint symmetry, the joint se-
lectivity for mirror-symmetric viewing angles. At a considerably later
stage, EEG activation patterns demonstrate a large degree of viewpoint
invariance across almost all viewpoints tested with the marked exception
of front-on faces, the only viewing angle exhibiting direct eye-contact.
Our results indicate that the encoding of facial viewpoints follows a se-
quence of coding schemes, supporting distinct task requirements at dif-
ferent stages of face processing.

3.3.1 Introduction

Faces are among the most important visual categories, providing diverse infor-
mation that are essential to a variety of visual tasks. Faces are by far the most
reliable way to identify other individuals and lay the foundation for social in-
teractions. One aspect of facial processing that has attracted much research in
recent years is the cortical representation of di�erent face viewpoints, which
can lead to large changes in the retinal projection.
Viewpoints provide a fruitful, yet challenging research domain, as di�erent

computational goals in face processing rely on di�erent sets of viewpoints and
require di�erent levels of viewpoint invariance. For example, while face identi-
�cation requires mechanisms supporting full invariance across a large range of
viewpoints, shared attention is in need of the opposite. Here, di�erent head ori-
entations provide strong cues for the recognition of another person’s attentional
focus and therefore need to be distinguishable (Haxby et al., 2000; Perrett et al.,
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1992). Finally, direct eye-contact, a powerful social and emotional cue (Senju &
Johnson, 2009), frequently co-occurs with front-on viewpoints, whereas seeing
a face from all other viewpoints usually signals no eye-contact. Especially in
context of social interaction, front-on viewpoints thus play a special role com-
pared to oblique head orientations. ¿e distinct requirements introduced by
these tasks allow for substantially di�erent predictions about the underlying
cortical representations of face viewpoints. While it is conceivable that di�er-
ent cortical structures subserve these goals, di�erent forms of viewpoint encod-
ing can also be separated across time, mirroring varying computational mech-
anisms, complexity and importance.

Here we investigate the temporal development of viewpoint encoding in the
human brain by recording electroencephalograhy (EEG) data fromhealthy par-
ticipants while they were presented with faces shown from 37 di�erent view-
points (example stimuli are shown in Figure 3.9a) and performed a color-
change detection task at �xation. ¿e viewpoints tested span 180○, from le 
to right pro�le in steps of �ve degrees. To analyze how this �ne-grained set of
facial viewpoints is represented at di�erent stages of processing, we employed a
multivariate representational similarity analysis (Kriegeskorte et al., 2008a) on
the high-dimensional, visually evoked responses. Crucially, the high temporal
resolution of the EEG measurements allowed us to investigate fast changes in
the similarity structure over time.

As a �rst data-driven approach, we visualized the empirical similarity matri-
ces and appliedmultidimensional scaling (MDS) to project the similarity struc-
ture to two dimensions. ¿is enabled us to explore the temporal development
of viewpoint encoding and the corresponding changes in the representational
similarity structures across time. In addition to this, we de�ned three mod-
els, which were directly derived from the distinct requirements of di�erent face
processing tasks.

For the task of face identi�cation, it was recently suggested that viewpoint-
symmetry, the joint selectivity to mirror-symmetric viewpoints of faces, might
constitute a key computational step in achieving full viewpoint invariance. In-
deed, corresponding e�ects were shown based on single-cell recordings in the
macaque (Freiwald & Tsao, 2010), and in human higher-level visual areas using
functional magnetic resonance imaging (fMRI)(Kietzmann et al., 2012; Axel-
rod & Yovel, 2012). Due to the comparably low temporal resolution of fMRI,
however, the latency of viewpoint symmetry e�ects in the human visual sys-
tem is currently unknown. Because of this, and because mirror-symmetry may

82



3.3 Representational dynamics of facial viewpoint encoding

constitute a prevalent feature of visual coding, we tested a viewpoint encoding
model that predicts increased similarity of mirror-symmetry viewpoints.
Both, viewpoint symmetry and full viewpoint invariance potentially compli-

cate the recognition of the currently observed head and gaze direction, as le -
ward and rightward rotations lead to highly similar activation patterns. How-
ever, both e�ects were observed mainly in higher-level visual areas. ¿is opens
the possibility that lower-level visual representations support the distinction of
di�erent head orientations. Alternatively, it is possible that even a higher-level,
fully invariant neuronal code also supports the decoding of other stimulus fea-
tures, such as viewpoint, if a di�erent readout strategy is used (DiCarlo & Cox,
2007). To assess whether, and at what point in time, head orientation can be
decoded from visually evoked potentials, we designed a simple model which
tests whether le ward and rightward head orientations can be separated based
on the visually evoked response.
Finally, only the front-on viewpoint exhibits direct eye contact in the cur-

rently used stimulus set. ¿us, to estimate the e�ects of direct vs averted gaze,
the third model contrasts the front-on viewpoint with the neighboring con-
ditions showing faces rotated away by only 5○. Although di�ering in direct vs
averted eye-contact, the overall visual di�erences between the tested conditions
are small.
Taken together, by combining data-driven and model-based analyses, we

were able to investigate the temporal development of viewpoint encoding. To
rule out alternative explanations for the found e�ects, multiple controls were
performed. ¿ese include a more detailed investigation of low-level stimulus
properties, based on a biologically realistic model of V1 simple cells (Serre &
Riesenhuber, 2004), e�ects of residual eye movements and e�ects of task com-
plexity.

3.3.2 Results

¿e basis of all analyses performed was the transformation of the high-
dimensional EEG data into representational similarity matrices, which depict
the similarity of the visually evoked responses across all conditions. Similar-
ity was de�ned as the Pearson product-moment correlation between the 128-
dimensional EEG response patterns (one dimension for every EEG channel).
¿e similarity matrices were computed for each time-point individually at a
temporal resolution of 10ms. ¿is allowed us to investigate fast changes in the
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Figure 3.9: Exemplary Stimuli. (a) A subset of all stimuli used. In the experiment, 37 angles
ranging from -90○ to 90○ in steps of 5○ were used. (b) The results of the V1 model, displayed
as similarity matrix. (c) Same data as in (b), displayed in 2D after multidimensional scaling
(MDS) was applied.

representational similarity structure across time, indicative of changes in the
underlying viewpoint encoding.

Data-driven analyses

To explore the temporal development of viewpoint encoding, we visualized
the average similarity matrix at each point in time, and performed an MDS
analysis on the data to project it into two-dimensional space. ¿e similarity
matrices revealed two prominent, temporally separated e�ects (Figure 3.10).
While the similaritymatrices during baseline period were random, as expected,
we observed strong e�ects of viewpoint symmetry around 130ms of process-
ing: mirror-symmetric viewpoints exhibited increased correlations, compared
to intermediate viewpoints. At a later point in time, an e�ect speci�c to front-on
viewpoints of faces was observed. While all other viewpoints exhibited compa-
rable similarity in the evoked response patterns, the cortical responses to front-
on views were decidedly di�erent. ¿e same pattern of results can be observed
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3.3 Representational dynamics of facial viewpoint encoding

in the MDS projection. ¿e order of conditions during baseline is largely ran-
dom, whereas the arrangement a er about 130ms of processing is almost per-
fectly ordered with respect to overall rotational angle and furthermore shows
close proximity for symmetric viewpoints. At a considerably later point in time,
the order of almost all viewpoints seems mostly chaotic with one marked ex-
ception: front-on viewpoints, which appear at a large distance to all other view-
points, including conditions that di�er by only small rotation angles, such as
±5○.
¿e e�ects observed in the similarity structures are distinctly di�erent to the

representational similarity obtained from amodel of V1 simple cells, which was
visualized in accordance with the EEG data (Figure 3.9b, c). In the V1 model,
neighboring viewpoints exhibit strong similarity, which decrease with increas-
ing angular di�erence. ¿ere is an e�ect of increased similarity for mirror-
symmetric viewpoints for more extreme viewpoints, as reported earlier for a
similar stimulus set (Kietzmann et al., 2012). However, the e�ect is only small,
compared to the strong e�ects of viewpoint symmetry observed in the EEG
data. Nevertheless, to ensure that low-level similarity was not the driving force
behind the observed e�ects, the V1 similarity model was regressed out of the
EEG similarity structures for every participant and time point. A er applying
MDS to the residual data, we again observed e�ects of viewpoint symmetry and
the previously observed special status of the front-on faces (Figure S3.1). ¿us,
low-level similarity cannot explain either of the two observed e�ects.

Model-based Analyses
One of the positive aspects of the representational similarity approach is that

it easily allows for di�erent model predictions to be tested against the empiri-
cal data. To better understand the dynamics of viewpoint encoding, we there-
fore extended our data-driven analyses with a model-driven analysis approach.
¿ree models were de�ned, in close agreement with the predictions of di�er-
ent task requirements: viewpoint symmetry, head orientation, and eye-contact
(details of the models are provided in the Materials and Methods section).
¿e �ts of the individual models were tested across time by computing the

correspondence of model and EEG similarity matrices for each participant
and every time point. To statistically test the resulting model activations, we
performed a t-test against zero, the expected model response under the null-
hypothesis, across subjects. To correct for the in�ated family-wise error in-
troduced by the multiple comparisons performed across time, we performed a
cluster-based correction method (Maris & Oostenveld, 2007).
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Figure 3.10: Empirical Correlation Matrices and MDS Results. The representational simi-
larity matrices obtained from the high-dimensional EEG data were visualized in their original
form andprojected into twodimensions usingMDS. Panels (a), (b), and (c) showdata at time-
points representative of the overall development of the similarity structure during baseline,
after 130ms of processing and after 380ms. Symmetric viewpoints are connected via grey
lines.
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Startingwith the head orientationmodel (Figure 3.11a), which testedwhether
le ward and rightward head orientations can be di�erentiated, the analysis re-
vealed multiple signi�cant clusters. ¿e �rst cluster started around 60ms of
processing and remained signi�cant for the whole stimulus duration of 400ms.
Two more clusters were found at later latencies (cluster 2 started at 450ms and
ended at 550ms, cluster 3 lasted from 570ms to 650ms), potentially mirroring
the response to the stimulus o�set. ¿ese results indicate that information about
head orientation is almost constantly present in the visual response. Follow-
ing this, we tested the EEG similarity matrices for e�ects of viewpoint sym-
metry (Figure 3.11b). We observed a slightly later cluster, which started around
100ms, peaked around 120ms and ended around 160ms a er stimulus onset. Fi-
nally, di�erences between front-on and directly neighboring views (±5○) were
observed considerably later (Figure 3.11c), starting at 280ms of processing and
ending around 450ms.
To test in how far low-level properties of the used stimuli had an impact on

our experimental results, we again used the results of theV1model to regress out
e�ects of low-level stimulus similarity from the empirical data, and tested the
model �ts on the residual data. In line with out previous analyses, the e�ects of
viewpoint symmetry and eye-contact remained signi�cant. However, all e�ects
of head orientation disappeared. Together with the comparably early latency
of the e�ect, this suggests that e�ects of head orientation are largely driven by
low-level stimulus properties in the current setup.
Summing up, our model-based analysis revealed a temporally distinct se-

quence of viewpoint encoding stages in the human visual system. E�ects of le 
vs right head orientation occurred �rst, followed by e�ects of viewpoint sym-
metry. Contrary to these early e�ects, di�erences between front-on and oblique
viewpoints, presumably representing e�ects of eye-contact, were present at later
stages of processing.
In addition to low-level similarity, we tested whether residual e�ects of eye-

position, which might have occurred despite the color-change detection task
at �xation, would account for the results observed. For this, we estimated
two-dimensional probability density functions based on the eyetracking data
recorded during the experimental trials. One function was estimated for ev-
ery subject and condition, leading to an eyetracking representational similar-
ity matrix for each participant (the resulting average similarity matrix and its
projection into a two-dimensional space are shown in Figure S3.2). Similar to
the control for low-level e�ects, the individual similarity matrices were used to
regress-out e�ects of di�erent eye-positions from the EEG similarity matrices.
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3.3 Representational dynamics of facial viewpoint encoding

Figure 3.11: (shown on previous page) (a) Results of the Head Orientation Model, which
testedwhether leftward and rightwardheadorientations are separable in the visually evoked
responses. Shaded areas mark signi�cant e�ects, corrected for multiple comparisons us-
ing a cluster-based correction method. (b) The viewpoint symmetry model estimated
whether mirror-symmetric viewpoints lead to larger similarity estimates as compared non
non-symmetric ones. (c) The direct eye-contact model tested whether front-on viewpoints
lead to di�erent similarity structures as compared to slightly oblique viewpoints, rotated 5○

away from the front-on view.

As before, the residual data was used to �t and evaluate the di�erent models
based on a t-test against zero and a cluster-based correction for multiple com-
parisons. All clusters reported previously remained signi�cant. Residual e�ects
of eye-position are therefore unlikely to contribute to the signi�cance of the
found e�ects.
Finally, to rule out explanations based ondi�erences in attentional load intro-

duced by the distractor task, we tested the behavioral performance of our par-
ticipants across all viewpoint conditions using a repeated-measures ANOVA.
Neither d-prime (pdprime = 0.42), nor hitrate or false alarm rate alone (pHit =
0.5045, pFA = 0.5446) showed signi�cant e�ects.

3.3.3 Discussion

Here we investigated the representational dynamics of face viewpoint encod-
ing in the human brain. We recorded EEG data with high temporal resolution
and performed a multivariate similarity analysis on the high-dimensional sen-
sor data across time. Our data-driven and model-based analyses revealed a se-
quence of distinct viewpoint encoding stages in the cortical activation patterns.
E�ects of head orientation occurred �rst, followed by e�ects of viewpoint sym-
metry, which peaked around 120ms a er stimulus onset. At a signi�cantly later
processing stage, we observed that front-on viewpoints lead to a di�erent activ-
ity patterns compared to all other viewpoints. As the front-on faces are the only
ones exhibiting direct eye-contact in the stimulus set, this e�ect was interpreted
as the result of a di�erential treatment of direct vs averted gaze. Ruling out alter-
native explanations for the found e�ects, we showed that viewpoint symmetry
and direct eye-contact cannot be explained based on low-level stimulus prop-
erties, residual eye-movements or di�erence in distractor-task performance.
¿e distinction between le and right head orientation was present early and

long-lasting. ¿e short latency of the e�ect, and the observation that it was
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strongly a�ected by a control for low-level stimulus properties suggest that the
successful decoding of head orientation was mainly driven by low-level prop-
erties. ¿e observation that the e�ects lasted throughout the whole trial indi-
cates furthermore that low-level stimulus properties remain an important fac-
tor in visually evoked responses, even at later stages of visual processing. In
the current experiment, head orientation and gaze direction were congruent
in all stimuli presented. It is therefore not possible to separate cortical signals
related to gaze and head orientation. Evidence in favor of such a separation
was provided by Carlin et al. (2011), who demonstrated that the superior tem-
poral sulcus (STS) contains �nely graded information about the direction of
gaze, independently of head-view and physical image features. ¿is view of a
high-level representation of gaze direction is in line with the data from a be-
havioral adaptation paradigm, in which e�ects of gaze direction were demon-
strated despite changes in size and head direction (Jenkins et al., 2006). More-
over, electrophysiological studies using the same paradigm found late e�ects,
starting around 250ms a er stimulus onset (Schweinberger et al., 2007; Kloth
& Schweinberger, 2010). In context of the current analyses and results, it would
be interesting to combine both methodologies, gaze-adaptation and spatiotem-
poral pattern similarity, in order to investigate how gaze-adaptation a�ects the
dynamics of viewpoint encoding. Moreover, future work might bene�t from
the currently used analysis approach to investigate the temporal development
and separability of head and gaze direction signals.
Usingmultivariate analyses of fMRI data, e�ects of viewpoint symmetrywere

previously shown to be prevalent across a large range of higher-order visual
areas (Kietzmann et al., 2012). In addition to replicating e�ects of viewpoint
symmetry in the human brain, our current �ndings extend these result by al-
lowing for an estimate of the e�ect latency. In line with electrophysiological
data frommacaquemonkeys (Freiwald & Tsao, 2010), e�ects of viewpoint sym-
metry were found to occur at around 120ms a er stimulus onset. ¿is �nding
constrains possible models of viewpoint symmetry, and rules out explanations
based on extended, recurrent processing. Nevertheless, viewpoint symmetry
was observed later than e�ects of head orientation. ¿is result is in line with
previous suggestions that viewpoint symmetry might act as an intermediate
step in achieving full viewpoint invariance. ¿e latency furthermore directly
matches the typically observed latencies of the higher-level visual areas found
to exhibit viewpoint symmetry using fMRI.
Finally, our �nding of a distinct cortical activation pattern for front-on view-

points at late stages of processing is potentially driven by e�ects of direct vs
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averted gaze. ¿is e�ect, which is also known as ’eye-contact e�ect’, was previ-
ously studied in the context of social attention (Nummenmaa & Calder, 2009)
and social neuroscience (Itier & Batty, 2009; Senju & Johnson, 2009). Interest-
ingly, we observed such e�ects although our participants performed a color-
change detection task at �xation. ¿is �nding is in line with results of behav-
ioral work, suggesting that e�ects of direct gaze are present even if attention is
drawn away from the face stimulus (Yokoyama et al., 2014). Despite the im-
portance of direct eye contact for social cognitive inferences (Nummenmaa &
Calder, 2009), the results of previous electrophysiological studies on the topic
are mixed. Whereas one study suggests that e�ects of eye-contact occur a er
only 160ms of processing (Conty et al., 2007), others have not found di�erences
between direct and averted gaze at similar latencies (Taylor et al., 2001), in line
with univariate analyses performed in developmental studies, which indicate
that e�ects of eye-contact disappear with adulthood (Grice et al., 2005). Finally,
data from intracranial recordings suggest that e�ects of direct vs averted gaze
occur during late stages of processing (>200ms)(Pourtois & Spinelli, 2010), in
agreement with the current �ndings. Given the strength of the e�ects observed
here, it would be interesting to revisit studies that produced negative results,
and to reanalyze the data based on multivariate pattern analyses.
While front-on viewpoints are di�erent fromall other views in terms of direct

vs averted gaze, they are also the only stimuli exhibiting re�ectional symme-
try. ¿is raises the question whether the latter property might have contributed
to the e�ects observed. Indeed, it was recently reported that re�ectional sym-
metry of abstract patterns increases the sustained posterior negativity (Makin
et al., 2012). Although previous e�ects of eye contact were shown based on
non-symmetric stimuli (Pourtois & Spinelli, 2010), demonstrating that e�ects
eye contact exist independently of re�ectional symmetry, controlling for the ef-
fect is an important aspect of future studies to support the current results. One
possibility would be to contrast images of front-on faces exhibiting direct eye
contact with front-on faces in which the gaze of the shown individual deviates
vertically, thereby retaining overall stimulus symmetry but preventing eye con-
tact.
In search for a cortical origin of gaze direction e�ects, converging evidence

from fMRI experiments emphasizes the role of the STS. In addition to the work
by Carlin et al. (2011), discussed above, experiments by Ho�man & Haxby
(2000) suggest that the processing of facial information is separated between
the STS and Fusiform Face Area (FFA).Whereas the FFA was suggested to pro-
cess information related to facial identity, the STS was found to be involved in

91



Chapter 3 - Visual Invariance

the processing of changeable aspects of faces, including the perception of eye
gaze (Haxby et al., 2000). In line with this, Calder et al. (2007) used an fMRI
adaptation paradigm to study the representation of gaze direction and found
that the anterior STS and inferior parietal cortex contain representations that
allow for a separation of di�erent gaze directions.

Despite the consistent �nding of an involvement of STS in gaze processing,
e�ects of direct vs averted gaze were also shown to alter the functional con-
nectivity between fusiform regions and the amygdala, whereas averted gaze
increased correlations between the fusiform cortex and intraparietal sulcus
(George et al., 2001). Given these distinct, intra-areal e�ects, it would be in-
teresting for future studies to exploit the temporal resolution of EEG or MEG
in order to test whether e�ects of oscillatory synchronization (Hipp et al., 2011)
contribute to the increased functional connectivity between these areas, poten-
tially binding di�erent features of facial processing.

3.3.4 Materials andMethods

Participants

19 healthy participants (aged 19-29 years, 7 female) took part in the experi-
ment. All subjects had normal or corrected-to-normal visual acuity. ¿ey were
informed about their right to withdraw from the experiment at any time and
gave written informed consent to participate. Participants were paid for their
participation. Due to poor task-performance and technical error, three subjects
had to be excluded from the analyses.

Stimuli

¿e stimulus set was created using FaceGen (Singular Inversions Inc). It in-
cluded four individuals (two female), shown from 37 di�erent angles ranging
from -90○ to 90○ in steps of 5○. ¿e stimuli were presented in greyscale on grey
background. ¿e luminance histograms werematched across all faces using the
SHINE toolbox (Willenbockel et al., 2010). Because face-selective ERP com-
ponents were investigated in addition to the analyses presented here, the face
models did not include hair, matching the existing literature (example stimuli
are shown in Figure 3.10a).
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Experimental Setup and Design
Each experimental session consisted of 16 blocks, with 312 trials each.

Within each block, each identity and viewpoint was shown twice in pseudo-
randomized order, to prevent the direct repetition of identical viewpoints. To
keep the participants’ attention on the stimulus display, a distractor task was
used, which is orthogonal to the experimental question. In each target trial, the
color of the �xation cross changed during the presentation of the face stimulus
and the task of the subjects was to report these rare events via button presses. 16
target trials were included at random positions in every block. ¿e presentation
of the experimental blocks was self-paced by the subjects.
During the EEG measurements, the subjects were seated in a dark room.

Stimuli were presented at a 24 inch BenQ screen (Model 2420T) running at
a resolution of 1920x1080px and a refresh rate of 120Hz. ¿e latency between
EEG trigger and stimulus onset was measured to be 7.5ms. ¿e data shown was
not corrected for this delay. ¿e distance to the screen was 80cm, leading to a
stimulus display size of 17.7○×15,7○ of visual angle. ¿e stimuli were each pre-
sented for 400ms, with a random inter stimulus interval (ISI) of 300 to 500ms.
In addition to EEG, we measured the eye movements of our participants us-

ing a remote eye tracker (EyeLink) at a sampling frequency of 500Hz. ¿e eye
tracker was calibrated prior to the experiment. Recalibration was conducted
a er every fourth experimental block. ¿e eyetracking error was kept below an
average of 0.5○ of visual angle.

Data Acquisition, & Preprocessing
Electrophysiological data were recorded using a 128 Ag/AgCl-electrode sys-

tem by ANT, with electrodes placed on a Waveguard cap according to the
�ve percent electrode system (Oostenveld & Praamstra, 2001). ¿e data were
recorded with a sampling rate of 1024Hz and it was ensured pre-measurement
that the impedances of all electrodes were below 10kohm.
¿edata of every subject were preprocessed according to the following proce-

dure. As a �rst processing step, the data were downsampled to 512Hz. Following
this, the data were �ltered using a 1Hz high-pass and a 120Hz low-pass �lter, and
a notch �lter around 50 and 100Hz. Channels exhibiting either excessive noise
or strong dri s were removed. ¿e remaining, continuous data were manually
cleaned, rejecting data sequences including jumps, muscle artifacts and other
sources of noise (on average 17% of data were rejected this way). To remove eye-
related artifacts, an ICA (AMICA) was computed on the cleaned data and the
corresponding independent components were manually selected and removed
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before transforming the data back into the original sensor space. ¿e initially
removed channels were then interpolated based on the activity of their neigh-
boring channels, selected via triangulation. Subsequently, the continuous data
were epoched according to the stimulus triggers including data from 100ms pre-
stimulus to 700ms post stimulus, using the time window between -100ms and
stimulus onset for baseline correction. As a �nal preprocessing step, the data
were low-pass �ltered and downsampled to 100Hz for reasons of computational
e�ciency. ¿e resulting temporal accuracy of the MVPA analysis is 10ms.

Data Analysis
Multivariate Analyses of EEG Data
A er preprocessing the data, we performed a multivariate pattern analysis

on the visually evoked potentials. We estimated the similarity between all view-
ing angles by computing the Pearson product-moment correlation between the
respective ERP activation patterns across all 128 EEG channels. ¿e resulting
correlation matrices were ordered based on the rotational angle of the shown
faces, ranging from -90○ to 90○. Neighboring cells in each similarity matrix
therefore represent neighboring viewing angles. Applied to every point in time,
a spatiotemporal similarity matrix was computed for every subject, which rep-
resents the temporal development of representational similarity across all ex-
perimental conditions. Although frequently used in fMRI analyses, the repre-
sentational similarity approach has recently been successfully applied to MEG
data with high temporal resolution (Carlson et al., 2013; Cichy et al., 2014).
¿e representational similarity matrices computed on the EEG data allow for

straight forward comparisons with model predictions, such as low-level simi-
larity, control conditions and other behavioral measures (Kriegeskorte et al.,
2008a). Here, we performed multiple data- and model-driven analyses on
the spatiotemporal correlation matrices in order to investigate the dynamics
of viewpoint encoding across time. First, we applied multidimensional scal-
ing (MDS) to the average similarity matrix at each point in time in order to
project the data into a two-dimensional space. ¿e resulting two-dimensional
arrangement of conditions closely resembles the similarity structure in the orig-
inal data, but is visually more easily accessible. To account for the temporal
smoothness of the underlying data, each MDS optimization was seeded with
theMDS result computed for the previous time-point (Carlson et al., 2013). ¿e
initial MDS result was based on a randomly selected seed.
As noted earlier, di�erent tasks performed during facial processing require

di�erent viewpoint encoding schemes, which provide distinct predictions about
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the optimal representational similarity structure supporting the respective
function. Because of this, we extended our data-driven approach and cre-
ated three models in agreement with pre-de�ned task demands. ¿ese mod-
els allowed for statistical evaluations and latency estimates of the respective ef-
fects. ¿e e�ects investigated included viewpoint symmetry, suggested to sup-
port invariant face identi�cation, head orientation (le vs right) and direct eye-
contact, tested by contrasting front-on vs slightly oblique viewpoints.

• Viewpoint Symmetry. Viewpoint symmetry was suggested to be a key
computational step in achieving full viewpoint invariance, which is re-
quired for robust face identi�cation. ¿e correspondingmodel was based
on a V1 similarity matrix, described in more detail below. However, to
account for the prediction of high similarity across mirror-symmetric
viewpoints, thematrix was partly mirrored to exhibit the typical x-shape.
¿e resulting model predicts similar viewpoints and mirror-symmetric
viewpoints to exhibit high similarity in the cortical response compared
to viewpoints that lack this relationship. ¿e prediction matrix was stan-
dardized using a z-transformation.

• Head Orientation. A di�erent aspect of face processing is the support of
joint attention. In order to be able to di�erentiate and follow the current
direction of another person’s attention, the head orientation is a valuable
indicator. E�ects of viewpoint symmetry, however, suggests that corre-
sponding viewpoints facing le and right are represented similarly. To
test whether the viewing direction is nevertheless decodable from the
empirical similarity matrix, we tested whether the representational sim-
ilarity of all viewpoints facing le ward (and rightward) was on average
higher than the similarity across le - and rightward viewpoints. Put dif-
ferently, the model tests whether activity patterns in response to a single
viewing direction are more similar than responses to di�erent viewing
directions, thereby implicitly testing for the possibility of viewpoint de-
coding.

• Eye Contact. Another aspect of face processing with important impli-
cations for social interaction and communication is direct eye contact.
To test for this e�ect in the current dataset, we compared the front-on
viewpoint, which exhibits direct eye-contact, to its twoneighboring views
(±5○). ¿e respective model matrix contains negative weights for all sim-
ilarity estimates involving front-on viewpoints and positive weights for
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correlations of slightly le ward- and rightward facing viewpoints. All
other elements of the correlation matrix were set to zero. ¿e weights
in the �nal model matrix were scaled to sum to zero. Given this setup,
the eye contact model tests whether the similarity of front-on viewpoints
with all other views is on average smaller than the similarity of slightly
oblique viewpoints with all other views.

For all models, elements along the diagonal were not considered. Moreover,
the empirical correlation matrices were Fisher-z transformed and standardized
in line with the model de�nitions. To statistically evaluate the model �ts, we
computed the dot-product of the model matrices and the empirical matrices
for every point in time and every subject. Since all models were normalized
to a sum of zero, the model �ts will on average result in a dot-product of zero
given random data. Hence, to test the predictive performance of themodels, we
tested the model �ts against zero, using a t-test across subjects for every point
in time.

To control for multiple comparisons performed, one for each time-point, we
used a cluster-based permutation test (Maris & Oostenveld, 2007). All con-
nected time-points exhibiting a p-value of p<0.05 were considered as empirical
candidate clusters. ¿e null-distribution was computed by randomly shu�ing
the conditions underlying the empirical correlationmatrix. ¿is randomization
was kept stable across time to preserve the temporal smoothness of the original
data. In every bootstrap iteration, we estimated positive and negative clusters
to be expected under the null-hypothesis, keeping only the strongest positive
and negative clusters (max-sum T-statistic) in the null-distribution. A er the
bootstrapping procedure, only empirical clusters with a cluster-statistic larger
than 2.5% of the positive and smaller than 2.5% of the negative parts of the null-
distribution were considered signi�cant.

Control for Low-Level Stimulus Properties: V1 Model

To exclude the possibility of low-level explanations for the found e�ects, we
followed our previous approach (Kietzmann et al., 2012) and computed the low-
level stimulus similarity based on a realistic model of V1 simple cells, consisting
of a set of 2D Gabor functions with 17 spatial scales and 4 orientations (Serre &
Riesenhuber, 2004). Based on the model responses, we estimated the similarity
across all experimental conditions, leading to a V1 similarity matrix (shown in
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Figure 3.10b). In accordance with the empirical EEG data, the data was pro-
jected into a two-dimensional space usingMDS (Figure 3.10c). To exclude low-
level e�ects from the EEG similarity matrices, we used the V1 similarity matrix
to regress out the low-level stimulus similarity from the empirical similarityma-
trices of each subject. In line with the previous analyses, we performed MDS
(Figure S3.1) and estimated the statistical signi�cance of the model �ts on the
residual data.

Eye-tracking control
Although our subjects were asked to remain �xated and performed a color-

change detection task at �xation, we tested whether eye-movements contribute
to the found e�ects by computing a similarity matrix based on the recorded
eyetracking data. For this, we �rst computed a smoothed, two-dimensional
probability distribution (Fixation Density Map) for every subject and condi-
tion. Similar to the EEG activity and the V1 model, we then correlated the
data of each condition with every other condition. ¿is resulted in a corre-
lation matrix, which describes the similarity structure of the eyetracking data
for each individual participant. As a next step, we again projected the average
similarity matrix into two dimensions using MDS (Figure S3.2), and used the
subject-individual eyetracking similarity matrices to regress out e�ects of dif-
ferent eye-positions from the EEG similarity matrices. Similar to the V1 model,
the residual data was used to estimate and test the signi�cance of the di�erent
model responses.
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3.3.5 Supporting Information

Supplemental Figures
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Figure S3.1: MDS Results on Residual Similarity Data. To account for e�ects of low-level
stimulus similarity, the results of a V1 model were used to create a low-level similarity matrix.
After regressing out the e�ects from the EEG similarity matrices, MDS was applied to project
the data into a two-dimensional space. Panels (a) and (b) show the similarity structure 130ms
and 380ms after stimulus onset.
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Figure S3.2: Eyetracking Control. Although our participants performed a color-change de-
tection task at �xation, it is possible that residual eye-movements occur. To test whether
these data can explain the found e�ects, we computed similarity matrices based on the av-
erage �xation distribution of each subject in each condition. (a) The result of the analysis
revealed only minor e�ects which run counter the found symmetry e�ect observed in the
EEG data. (b) Same data as in (a), but after MDS was applied to project the similarity struc-
ture into a two-dimensional space.
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3.4 Chapter Summary

Having investigated the interplay of overt visual attention and recognition in the
previous chapter, we here explored how invariant recognition is achieved de-
spite signi�cant changes in the retinal projection. In addition to changes caused
by eye-movements, there are multiple ’external’ reasons for such variation, in-
cluding, but not limited to, changes in luminance, size and position. Perhaps
the most drastic example, however, is based on three-dimensional rotations in
depth. To improve our understanding of the neural mechanisms involved in
achieving viewpoint invariance, we conducted a series of experiments in which
we explored the representation of face viewpoints in the visual cortex. In our
analyses, we focused on a potential computational shortcut, viewpoint sym-
metry, which was previously suggested to constitute a key computational step
in achieving full viewpoint invariance in the macaque Freiwald & Tsao (2010).
Viewpoint symmetry suggests that mirror-symmetric viewpoints of faces, such
as +60○ and −60○ rotations away from a front-on view, should give rise to sim-
ilar cortical activation patterns.

In the �rst experiment we collected fMRI data with high spatial resolution
while participants viewed faces seen from di�erent viewpoints. Our analyses
revealed that viewpoint symmetry is a widely distributed property of the human
visual cortex, including a large variety of higher-level, but not lower-level visual
areas. In addition to face-selective ROIs, the list of areas exhibiting viewpoint
symmetry also included regions with preferences for other visual categories in
the ventral and also areas in the dorsal stream. Following the demonstration of
the overall e�ect, we investigated the underlying mechanism by applying TMS
to the right OFA of our participants. ¿is manipulation revealed a causal in-
volvement of OFA in judgments of viewpoint symmetry. Moreover, since the
stimulation was applied ipsilateral to the visual presentation, our results suggest
that inter-hemispheric interactions play a signi�cant role for viewpoint symme-
try. A er focusing on spatial and causal aspects of the e�ect, we estimated its
temporal latency by recording EEG data with high temporal resolution in an
event-related paradigm. Our multivariate analyses of the EEG data revealed
that e�ects of viewpoint symmetry occur at a comparably early latency of about
120ms a er stimulus onset.

Taken together, the prevalence, strength and latency of the e�ect indicate that
viewpoint symmetry might be a general coding principle in the visual cortex.
Moreover, the causal involvement of the ipsilateral hemisphere points towards
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an inter-hemispheric interaction, driving the overall e�ect. Although our �nd-
ings have advanced our understanding of the underlying mechanisms, further
experimental and computational modeling work will be required to fully un-
derstand how viewpoint-symmetry is computed in higher-level visual areas of
the brain. As a promising starting point for further investigations, it should
be noted that viewpoint-symmetry and e�ects of mirror-reversals are closely
related in stimulus space. Due to the axial symmetry of faces, symmetric view-
points are almost identical to mirror-reversals. ¿us, �ndings from both �elds
of research are highly informative of one another and can provide important
model constraints. Taken one step further, it currently seems likely that both
e�ects are in fact caused by one and the same cortical mechanism.
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4
Categorization and Plasticity

4.1 Perceptual learning of parametric face categories
leads to the integration of high-level class-based
information but not to high-level pop-out1

Abstract To date, the relative contribution of the di�erent levels of the
visual hierarchy during perceptual decisions remains unclear. Typical
models of visual processing, with the reverse hierarchy theory (RHT)
as a prominent example, strongly emphasize the role of higher levels
and interpret lower levels as sequence of simple feature-detectors. Here,
we investigate this issue based on two analyses. Using a novel combi-
nation of perceptual learning based on two classes of parametric faces
and a subsequent odd-one-out paradigm, we �rst test a vital prediction
of RHT: high-level pop-out. With this experimental approach, we over-
come the low-level confounds of previous studies while still introducing
distinct high-level representations. Contrary to previous �ndings, our

1¿is sectionwas published as peer-reviewed article in the Journal of Vision together with Peter
König. See Publication List for details.

101



Chapter 4 - Categorization and Plasticity

analyses show that there is no high-level pop-out, despite very early, near-
perfect classi�cation accuracy and extensive training of our subjects. Sec-
ondly, we explore the underlying form of category representation dur-
ing subsequent stages of perceptual training. ¿is is accomplished by in-
cluding class-external and class-internal target-distractor combinations.
Whereas the subjects’ responses during the �rst sessions are best ex-
plained instance-based and dependent on low-level metric di�erences,
later patterns exhibit the inclusion of high-level, class-based information
that is independent of target-stimulus similarity. Finally, we show that
the utilized level of information is highly task-dependent.

4.1.1 Introduction

¿e search for the cortical mechanism underlying conscious object recognition
and classi�cation has been a longstanding focus of scienti�c interest. Although
we are far from a clear picture, one aspect has become central to our under-
standing: the hierarchical nature of the visual system. Starting at low levels of
the ventral pathway, which contains cells with relatively simple receptive �eld
properties, representations become increasingly complex in subsequent levels
of the hierarchy. Together with this shi in complexity, representations of the
ventral pathway becomemore abstract and thus invariant to smaller changes in
scale, viewpoint and translation (Tanaka, 1996).

Despite the evolving consensus on the hierarchical view of visual process-
ing, it is still an open question how the di�erent levels of the hierarchy con-
tribute to the overall perceptual process. Prominentmodels of visual processing
strongly emphasize the role of high-level representations. ¿at is, lower-levels
are interpreted as a sequence of feature-detectors with the purpose to provide
input to the higher-levels (Bar, 2004; Serre et al., 2007a). ¿e latter are then
associated with the actual perception and are expected to contribute to remote
processes including planning and action execution. ¿is view is taken to an
extreme by the reverse hierarchy theory (RHT) (Hochstein & Ahissar, 2002;
Ahissar & Hochstein, 2004). It argues that visual processing starts with an im-
plicit pass of information through the lower levels of the hierarchy, leading to
a �rst, broad categorization of the input based on the properties of high-level
populations of neurons. ¿en, if required, the high levels access the informa-
tion present at lower levels, where the receptive �eld sizes are smaller and more
detailed information can be found. Importantly, both types of visual inference
attribute the decisive part of processing to high-level representations and view
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lower-levels as passive feature detectors. ¿is view parallels earlier work ascrib-
ing visual awareness to high- rather than lower levels of the visual hierarchy
(Crick & Koch, 1995). Recently, however, it has been subject to intensive debate
as studies using transcranial magnetic stimulation (TMS) closely linked visual
awareness and recognition abilities to activity in V1, the area of lowest-level
representational complexity in the cortical hierarchy (Pascual-Leone & Walsh,
2001; Silvanto et al., 2005b; Tong, 2003).

In order to advance our understanding of this issue, we performed two main
analyses based on data collected from psychophysical experiments in which we
combined perceptual learning with a subsequent odd-one-out task. First, we
tested an important prediction of RHT: high-level pop-out. Pop-out is the abil-
ity to immediately spot a target stimulus in an array of distractors (spotting the
’odd one out’), independently of the actual number of distractors. Contrary to
earlier theories, RHT associates pop-out with high-level neuronal properties.
¿is is based on the view that the initial feed-forward sweep pre-attentively ac-
tivates abstract, translation invariant representations on high levels, with gen-
eralized processing. Based on these properties, the odd-one-out can be imme-
diately spotted. ¿us, instead of interpreting pop-out as the source of parallel
processing on lower levels (Treisman & Gelade, 1980), RHT explains the e�ect
based on the large, translation invariant receptive �elds on higher levels. As a
result, features that pop-out are conceived to re�ect properties present at high-
levels, rather than low-level ones. A direct consequence of this high-level inter-
pretation of the phenomenon is the prediction that also high-level, conceptual
information should pop out if high-level representations exist that can di�er-
entiate between target and distractor (Hershler & Hochstein, 2005; Hochstein
& Ahissar, 2002).

High-level pop-out has been intensively investigated using faces as targets in
arrays of distractors taken from other basic level object categories (Figure 4.1).
However, despite its conceptual simplicity, the phenomenon is heavily debated
(Brown et al., 1997; Hershler & Hochstein, 2005, 2006; Purcell et al., 1996; Van-
Rullen, 2006). While the existence of the overall e�ect is generally undisputed
(a face seems to pop-out of an array of distractors), it is argued that low-level
di�erences can provide a su�cient explanation: although target and distractor
belong to di�erent high-level categories, they could additionally di�er systemat-
ically in features that are explicitly represented on lower levels. ¿ese low-level
confounds presently prohibit a pure high-level interpretation of the results, as
required for RHT.
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Figure 4.1: A typical stimulus array in which faces pop out among nonface objects. De-
spite the undisputed existence of the phenomenon, it is still a matter of debate whether it is
based on high- or low-level properties in the visual hierarchy.

An unambiguous way of demonstrating high-level pop-out has to meet two
conditions. First, the low-level properties of target and distractor need to be
controlled, i.e. two categories of stimuli need to be used that are not distin-
guishable based on simple low-level properties. Second, target and distractor
need to belong to di�erent high-level classes, with respective, separate high-
level neuronal representations. Recently, Sigala & Logothetis (2002) have illus-
trated both of these properties for a stimulus set consisting of two subordinate
face categories with parametrically varying features. In parameter space, two
categories were de�ned such that only complex conjunctions of feature proper-
ties, but no single feature, could be used for categorical decisions. A er training
macaquemonkeys, single cell recordings in inferotemporal cortex (IT) revealed
neurons which were speci�cally responsive to the diagnostic features and there-
fore discriminated the two arbitrarily de�ned categories. Using comparable cat-
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egory training, other studies have provided additional support for the existence
of high-level representational changes in sensory and prefrontal cortex. Baker
et al. (2002) report an enhanced selectivity to learned stimuli of neurons in IT,
whereas Jiang et al. (2007) attribute the underlying changes to the lateral occipi-
tal cortex as well as prefrontal cortex. As RHTpredicts high-level pop-out inde-
pendently of whether the representations are located in IT or PFC (Hochstein &
Ahissar, 2002), all of the above studies show that the training paradigm ful�lls
both requirements: the two classes of parametric stimuli are similar in low-level
features (only complex compositions of these features allow for a categoriza-
tion), but nevertheless lead to di�erent high-level representations.
In addition to the �rst analysis addressing high-level pop-out, our second

analysis investigates the underlying form of category representation. It provides
an estimate on howmuch low-level metric and high-level class-based informa-
tion, that is ’stimulus similarity’ and ’class membership’, contribute to the per-
ceptual decision and is therefore directly related to the question for the relative
contribution of the di�erent levels of the visual hierarchy. To be able to distin-
guish between the two options, we used the same experimental paradigm as in
the case of high-level pop-out, but extended it with a condition in which target
and distractor were taken from the same category instead of di�erent ones. ¿e
reasoning was that if the representations were purely instance-based, then the
response times should be independent of the class-membership of the distrac-
tor but dependent on the low-level similarity of the two. However, if a more
abstract class-membership was used, we should �nd signi�cant di�erences be-
tween the two conditions. Importantly, since the experimental setup included
successive sessions of perceptual learning of the two parametric categories, it is
possible to monitor the di�erent modes of category representation during the
di�erent stages of training.
Finally, we included a perceptual similarity judgment task and tested the sub-

jects’ responses to intermediate stimuli. ¿e recorded similarity data was tested
for converging evidence with regard to high-level class e�ects and utilized as a
measure of perceptual similarity in other analyses. ¿e responses to interme-
diate stimuli are of interest, as they test the results of the pop-out paradigm in
a rather di�erent task and can provide further insights into the utilized repre-
sentation and level of processing that underlie the categorical dissociation.
Based on above considerations, the current study combines several sessions

of training of two categories of parametric face-stimuli with subsequent tests
for high-level pop-out. ¿is allows for a close monitoring of the subjects’
categorization- and high-level pop-out performance during the di�erent phases
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of learning. ¿e training procedure was kept identical to the one described by
Sigala&Logothetis (2002), showing one stimulus at a time andproviding audio-
feedback indicating the validity of the classi�cation (see Tasks and procedure for
more details). In the test phase, a target face was presented together with di�er-
ent numbers of distractor faces, the distractors being all identical. ¿edistractor
could either be taken from the same or the other category (class-internal and
class-external conditions), as required for the analysis of the underlying form
of representation.

4.1.2 Methods

Participants

Four volunteers took part in the experiment and completed 16 sessions each
(3 female, 1 male, ages ranging from 23 to 49). All subjects were informed of
their right to withdraw from the experiment at any time without the need to
state a reason and gave written informed consent to participate. Furthermore,
all subjects were informed of the experimental procedure and were naïve to the
purpose of the study. Upon completion of the overall experiment the subjects
were debriefed.

Stimuli

¿e experiments were based on parameterized line drawings of faces, as also
used in previous studies (Sigala & Logothetis, 2002; Sigala et al., 2002). ¿e
faces varied in four dimensions: eye separation, eye height, mouth height and
nose length. As can be seen in Figure 4.2b, only the combination of two of the
dimensions was diagnostic for the category membership. No single low-level
feature could be used to distinguish between the two categories. Five stimuli
of each category were used during the standard training and test phases. In
addition to these ten, eight intermediate stimuli were created, which were used
in a later ’intermediate stimuli’ test (Figure 4.7a). ¿ese stimuli were selected to
contain all combinations of close/far from the trained instances and close/far
from the abstract decision boundary. By this, we expected to be able to gain
further insights into the nature of the representation used for the perceptual
decisions.
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Figure 4.2: The parametric face stimuli. (a) The training set consisted of 10 stimuli, �ve
belonging to each class. (b) The face stimuli were parametric in four dimensions; no single
bottom-up feature can be used to distinguish the two classes. Neither the existence of these
dimensions nor thedecisionboundarywas revealed to the subjects. (Figure reprintedbyper-
mission fromMacmillan Publishers Ltd: Nature (Sigala & Logothetis, 2002), copyright (2010).).

Apparatus

¿e experiment was conducted on an Apple Mac Pro (4x2.66 GHz, 4 GB
Ram) running Linux. ¿e distance to the screen was 60 cm. Stimuli were pre-
sented on a 19-inch �at screenmonitor (SyncMaster 971p, SamsungElectronics,
Seoul, South Korea) with a native screen resolution of 1280x1024 pixels and a
refresh rate of 75 Hz. Each face was presented at a width of 2○ of visual an-
gle, with the entire display being 35.56○ x 28.4○. ¿e subject responses were
recorded using the arrow keys and num pad of the keyboard.

Tasks and procedure

Each of the 16 experimental sessions contained a training phase and a test
phase. In addition, sessions 1 and 16 contained an initial perceptual similar-
ity task and sessions 2 and 15 contained an intermediate stimulus categoriza-
tion task. Each session was conducted on a separate day, with 3-4 sessions per
week. A er session 8, there was a two-week pause. Each of the di�erent phases
(training, test, similarity and intermediate stimuli) was preceded by on-screen
instructions and 5 preliminary trials in which the subjects could get used to the
upcoming procedure.
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Training Phase
Each session contained a training phase in which the subjects learned the

class-membership of the individual faces. For this, the faces were shown sepa-
rately, and the subjects were asked to indicate, via le or right button press, to
which category the presented face belonged. ¿e association of classes and but-
tons was randomized across subjects. ¿e stimulus presentation ended imme-
diately a er the button press. If the answer was correct, a high-pitch feedback
tone was provided. If the answer was incorrect, a low-pitch feedback tone was
played, followed by a pause of 2 seconds with an empty screen. ¿e pause was
used to motivate the subjects to give correct responses and to ensure that the
setup was identical to the previous study by Sigala & Logothetis (2002). Specif-
ically, at no point in time the assignment of stimuli to categories was de�ned
or explained. Each training session contained three blocks, with intermediate
pauses. Each block contained 240 stimulus presentations, such that each exper-
imental training phase contained 720 trials. ¿e order of stimulus presentation
was randomized, and each stimulus was shown equally o en in each block.

Test Phase
In order to test for pop-out e�ects, an odd-one-out paradigm with di�erent

numbers of distractors (3, 7 and 11) was used following the training phase of
each experimental session. Each trial started with a �xation cross in the mid-
dle of the screen. A er �xating it, the subjects started the trial by pressing the
arrow-up key. In each trial, a target stimulus was shown together with di�erent
numbers of distractors. ¿e distractors were either taken from the same cate-
gory (class-internal condition), or the other category (class-external condition).
¿e distractors were homogeneous, such that each display contained only two
di�erent stimuli: one being the target and the other being the distractors. ¿e
task of the subject was to indicate via a corresponding button press whether the
odd face was present at the le or right half of the display. ¿ey were asked to
respond as fast and accurately as possible, staying at about 90% accuracy (in
line with (VanRullen, 2006)).
In the visual array, target and distractors were randomly positioned on a 4x3

(horizontal x vertical) grid, with 1○ spacing between the stimuli and 0.5○ ran-
dom jitter (see Figure 4.3 for an example). ¿e width of the individual stimuli
was 2○ and therefore identical to the training presentations. ¿e grid-position
of the target was selected randomly and it was ensured that an equal amount of
stimuli was presented on both sides of the display. In order to allow for reliable
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Figure 4.3: The odd-one-out paradigm. A target was presented with di�erent numbers of
identical distractors (3, 7, 11). The subjects task was to press a button to indicate in which half
of the screen, left or right, the target was shown.

le /right dissociation even in cases with small numbers of distractors, the �x-
ation cross stayed visible in the center of the screen during the complete trial.
Moreover, the combination of target and distractor was randomized across tri-
als. For each session, it was ensured that all stimuli were used as target in the
same amount of trials. Moreover, each target was shown equally o en in the
class-external and class-internal conditions. Each test session contained 60 tri-
als.

Similarity Judgment

In addition to the training and test phase, sessions 1 and 16 contained an ini-
tial block, in which subjects 2 to 4 were asked to rate the perceptual similarity
of two concurrently presented stimuli. ¿e rating was given on a scale from 1 to
5, with 1 being dissimilar and 5 being highly similar. Before each trial, the sub-
jects were asked to �xate a central �xation cross, but they could freely explore
the stimuli upon trial onset. Each combination of two stimuli was shown twice,
such that each of the two compared stimuli appeared once at each position (le 
and right of the �xation cross). Each similarity judgment block contained 90
trials in total. No feedback and no category-information were provided.
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Intermediate Stimuli
A er sessions 2 and 15, subjects 2 to 4 were asked to classify the trained plus

previously unseen intermediate stimuli. In parameter space, the latter stimuli
were positioned such that all combinations of ’close/far from boundary’ and
’close/far from instance’ were covered (grey circles in Figure 4.7). Similar to the
training phase, the stimuli were presented individually, and the subjects were
asked to indicate the category of the shown instance via a le or right button-
press, corresponding to the previously learnedmapping. However, no feedback
was provided. All stimuli were shown twice in randomized order. ¿is resulted
in 36 trials for each intermediate-stimuli block.

Data Analysis
Data Cleaning
¿e analyses were only conducted on valid trials, i.e. trials in which the cor-

rect response was given. In order to remove outliers that could occur in cases
in which the subjects would pause or talk, only trials with reaction times within
2 standard deviations around the subject-mean were considered. A er these
two steps, 89.3% of training trials, 79.4% of test trials and 81.5% of trials of the
intermediate stimulus test remained for further analyses.

Pop-out analysis
To check whether the performance of the subjects could be interpreted as

pop-out, the slope of reaction time per distractor was computed separately for
data from the class-external, and the class-internal conditions. In the literature,
a reaction time slope below 10ms per item is regarded as pop-out (VanRullen,
2006).

Analysis of the underlying form of representation and implied contributing levels
In addition to the test for pop-out, we used the odd-one-out setup to infer

whether the abstract class boundary was used for classi�cation or whether the
decision was only based on the similarity to the trained category instances. ¿e
�rst option, a decision using abstract, high-level class information predicts a
reaction time di�erence between class-internal and class-external distractors
and an independence of low-level metric di�erences in the class-external con-
dition. ¿e alternative, a representation that is purely based on instances with
their own decision boundaries predicts no di�erences between the conditions.
Speci�cally, it should not matter whether a target belongs to the same or di�er-
ent category as long as it is a di�erent instance.
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4.1 Perceptual learning of parametric face categories

Although it was ensured that no single low-level feature could be used as ba-
sis for category discrimination, it is still the case that the similarity of stimuli
within a category is on average higher than the similarity across categories. Al-
though this does not a�ect the test for high-level pop-out, which should only
occur in the class-external condition, it must to be taken into account before
di�erences between the class-internal and class-external conditions can be at-
tributed to high-level di�erences because reduced reaction times in the class-
external condition could simply be due to the on average decreased similarity
between target and distractor. To control for this, a measure of low-level simi-
larity is required. Since the stimuli are parametric, a straightforward option is
to use a Euclidean distance metric in the underlying four-dimensional space.
In addition to this, we included the subject responses from the similarity judg-
ment task as a measure of perceptual similarity during a later analysis. To check
for a reaction time di�erence in the two conditions, while accounting for low-
level similarity e�ects, we used an analysis of covariance (ANCOVA)with ’class-
membership’ (external/internal) as main factor, ’stimulus distance’ as covariate
variable and a two-way interaction between main factor and covariate. For the
statistical analysis, the 16 experimental sessions were divided into four analysis
blocks, with four sessions each (four ANCOVAs with p<0.05, Bonferroni cor-
rected). To verify the validity of this grouping, we conducted an ANOVA for
each group with the main factors ’class-membership’ and ’session’. None of the
four blocks exhibited a signi�cant interaction of session and class-membership
(p>0.45).

4.1.3 Results

Fast category learning, long-lasting improvements

¿e analysis of the training performance shows that the two categories are
learned very quickly (see Figure 4.4). Already a er the �rst session, subjects
correctly classify the stimuli in more than 80% of the cases. A er session three,
the subjects have successfully inferred and learned the categories and reach
more than 95% accuracy. During the following sessions, performance increases
even further, reaching 99% accuracy in the mean over sessions 6 to 16. In ad-
dition to the near-perfect classi�cation accuracy, the reaction times continue
to decrease up to the �nal session (starting at 772ms in the �rst session, and
reaching 530ms in the last). ¿is indicates continuing improvements until the
end of the experiment.
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Figure 4.4: Training results. The average training accuracy and reaction times in the dif-
ferent training sessions are shown. The subjects reach near-perfect accuracy very early and
their reaction times improve until the end. After session 8, there was a 2-week pause for the
subjects.

No high-level pop-out for parametric faces

¿e high training accuracy indicates that a high-level discrimination is pos-
sible rather early. ¿is is in line with the results of the human subjects in the
study by Sigala et al. (2002), in which the subjects learned to categorize the
stimuli in about 500-1000 trials (Sigala, personal communication). ¿is corre-
sponds roughly to the training phase of a single session in our experiment. Do
the implied high-level representations also lead to high-level pop-out e�ects, as
predicted by RHT? For this, the required result would be an independence from
the number of distractors for the class-external condition, and a dependence in
the case of class-internal targets. As can be seen in Figure 4.5a-d, the reaction
times for both conditions, class-internal aswell as class-external, increase across
conditions and are therefore not independent of the number of distractors. ¿is
picture is further clari�ed by looking at the reaction time slopes (Figure 4.5e).
In the literature, values below 10ms per item are interpreted as pop-out. With
a mean slope across sessions of 61ms/distractor, the slopes are far beyond this
threshold until the end of the experiment. To statistically verify the dependence
on the number of distractors, we performed an ANOVA with ’condition’ and
’analysis block’ as main factors. ¿e results show that both main e�ects are sig-
ni�cant (p<0.001), indicating the dependence on the number of distractors and
the overall performance improvement with training in the pop-out task. Nev-
ertheless, no signi�cant interaction could be found (p>0.2), which implies that

112



4.1 Perceptual learning of parametric face categories

the dependence on the number of distractors does not change with training (i.e.
there are no signi�cant changes in reaction time slopes with training), despite
steadily improving classi�cation performance (see also Figure S4.1). ¿us, we
do not �nd any evidence of high-level pop-out.

Late inclusionofabstract category information: whenclass information
becomes a feature
Because the class-internal condition was included in the odd-one-out setup,

the recorded data allow for further investigations of the type of representa-
tion underlying the perceptual decision. ¿e results of the performed AN-
COVA for the di�erent analysis blocks can be seen in Table 4.1. As main fac-
tor, class-membership (external/internal) was included and the Euclidean dis-
tance between the stimuli in parameter space was taken as covariate. ¿e log-
transformed reaction times were included as dependent variable (please note
that the resulting patterns of signi�cance remain unchanged when the reaction
time data is directly used). Normality and homoscedasticity were veri�ed us-
ing the Kolmogorov-Smirnov and Hartley’s Fmax tests respectively. In the �rst
three analysis blocks, the only signi�cant factor is stimulus distance, no sig-
ni�cant class-membership and interaction e�ects can be found. ¿us, despite
near perfect classi�cation accuracy in the �rst three analysis blocks, the high-
level class-membership does not play a signi�cant role in the odd-one-out task.
¿is allows for the interpretation that the underlying form of representations
is instance-based and that the metric-based target-distractor similarity is the
important aspect governing performance.

Table 4.1: Signi�cance results of the ANCOVA analysis. In blocks 1-3, only the covariate "dis-
tance" is signi�cant, in linewith an instance-based interpretation. In block 4, the groupmem-
bership (class-internal vs. class-external) becomes a signi�cant factor. Finally, there is a signif-
icant interaction e�ect, indicating a di�erent slope of the linear regression �t in the di�erent
group-membership conditions.

Block 1 Block 2 Block 3 Block 4
Main e�ect: Group p > 0.10 p > 0.10 p > 0.10 p < 0.01**
Main e�ect: Distance p < 0.01** p < 0.01** p < 0.01** p < 0.01**
Interaction e�ect p > 0.10 p > 0.10 p > 0.10 p < 0.01**

In analysis block 4 (corresponding to the �nal four experimental sessions),
things change. In addition to the signi�cant e�ect of stimulus distance, themain
factor class-membership and the interaction between the distance and class-
membership become signi�cant. First and foremost, this indicates that, a er
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Figure 4.5: Pop-out results. (a-d) The reaction times in the di�erent conditions, with targets
being either class internal or class external. (e) Mean slope for class-external targets across
sessions. The resulting slopes are far from the threshold of pop-out at 10 ms/item, indicating
that no pop-out occurred during the experiment.

114



4.1 Perceptual learning of parametric face categories

correcting for low-level similarity, a signi�cant di�erence in reaction times in
the pop-out paradigm exists, depending on the relative class-memberships of
target and distractor. On average, spotting the target is signi�cantly faster if it
is taken from a di�erent category than if it belongs to the same category as the
distractor (mean RTinternal = 1947ms±44ms SEM; RTexternal = 1694ms±30ms
SEM). Still, due to the signi�cant interaction e�ect, which implies that the de-
pendence on target-distractor similarity di�ers in the two class-membership
conditions, it is important to also analyze the resulting regression models (Fig-
ure 4.6). In the current case, the slopes of the regression functions depict the
dependence of reaction times on low-level similarity. ¿e underlying data is
pooled across all conditions and therefore provides information that cannot be
inferred from the previous pop-out analyses and �gures. In blocks 1 to 3, the
two functions have a negative slope, indicating that increased stimulus similar-
ity (decreased stimulus distance) correlates with increased reaction times. ¿is
shows the reaction time dependence on metric-based target-distractor similar-
ity. Also, the two lines are mostly identical in slope and intercept, which would
be expected froman instance-based decision process that is ignorant to abstract,
high-level class-information. In block 4, the class-external �t is mostly below
the class-internal �t. ¿is is the visualization for the signi�cant main e�ect of
class membership. Moreover, the slope of the two �ts is di�erent, visualizing
the interaction e�ect. While the slope of the class-internal �t remains negative,
indicating an unchanged dependence on target-distractor similarity, the class-
external �t becomes rather �at. ¿is shows that, if the target is taken from a
di�erent class than the distractor, the dependence of the reaction times on stim-
ulus similarity is signi�cantly reduced. Please note that this is not a sign of pop-
out, which is de�ned as an independence of reaction times and the number of
distractors. Instead it signi�es an independence from the metric-based target-
distractor similarity and is a sign of a high-level distinction. Finally, the dif-
ference between the class-internal and class-external conditions is most promi-
nent in cases of high similarity (small Euclidean distances between target and
distractor). If target and distractor are very dissimilar, there is no di�erence be-
tween the two conditions. In order to exclude the possibility that the found class
membership e�ects are due to the similar motor-responses during the training
and pop-out parts, we performed an ANOVA with the factors ’class member-
ship’ and ’congruency’. Congruent trials were the ones, in which the target was
presented at the side, which was also associated with the categorical response
during training. As expected, there was a signi�cant e�ect of class-membership
(p<0.001), but no signi�cant main e�ect of congruency (p>0.5) and no signi�-

115



Chapter 4 - Categorization and Plasticity

cant interaction-e�ect (p>0.5). ¿is indicates that the found class-membership
e�ects did not originate from the selected type of motor-responses.
¿us, despite not �nding any sign of high-level pop-out, the results of the

ANCOVA argue that, a er extensive training, the abstract class information be-
comes a vital part in the perceptual decision - a change in processing, which can
also be interpreted as an e�ect of a developing expertise of the subjects. Impor-
tantly, the class-information is only used if applicable, whereas a dependence
on low-level similarity remains, if the class-feature is not expressive.
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Figure 4.6: Linear regression �ts. The panels show regression models created for the four
analysis blocks. With a 4-dimensional, normalized parameter space, the maximal distance
between stimuli is

√
4. During blocks 1-3, the �ts for the class-internal and class- external

data are highly similar. The negative slope is a visualization of the signi�cant e�ect of stim-
ulus distance. In block 4, the slope of the class-external �t becomes less steep, indicating a
decreased dependence on low-level similarity. When target and distractor are from the same
class, however, the low-level similarity is still a signi�cant factor. Finally, in cases of high stim-
ulus similarity, the �t for the class- external condition is below the �t for the class-internal
condition.

116



4.1 Perceptual learning of parametric face categories

Similarity judgments underline the found high-level e�ects
¿e results of the ANCOVA indicated that high-level class information is an

integrated part of the perceptual process. From this, it can be expected that it
also in�uences the subjective judgment of perceptual similarity. To test this hy-
pothesis, we asked the subjects before sessions 1 and 16 to judge the similarity
of two concurrently presented stimuli. With training, the class-external sim-
ilarity judgment decreased signi�cantly (s_extearl y = 2.71 > s_extl ate = 2.38;
p<0.01 Wilcoxon paired Test). For the judgment of the class-internal data, a
reverse tendency could be found (s_intearl y = 3.38 < s_intl ate = 3.58; p=0.118
Wilcoxon paired Test). A decrease in similarity for class-external judgments
and an increase for class-internal judgments is an implicit prediction of an in-
tegrated high-level class-feature in the perceptual process. To ensure that the
similarity test had no e�ect on the later pop-out performance, we compared
the accuracy and reaction times of the three subjects who performed the sim-
ilarity test with the data from the subject for which the test was not included.
Neither the accuracy nor the reaction times di�ered signi�cantly indicating that
the similarity judgment did not a�ect the later pop-out performance.
As a measure of low-level stimulus similarity, we so far used Euclidean dis-

tances in parameter space, which assign identical weights to the di�erent pa-
rameter dimensions. ¿is selection is valid as a measure of physical di�er-
ences between stimuli. With regard to perceptual di�erences, however, it can-
not be excluded that the subjects do not attribute equal weights to the di�er-
ent parameter dimensions. To exclude this possibility as an explanation for the
found e�ects, we reanalyzed the data collected during the test phases of analy-
sis blocks 1 and 4 and used the average perceived similarities for the stimulus
pairs, recorded during the similarity judgment task, as a measure of stimulus
distance. ¿e results of the ANCOVA are similar to our previous analyses and
conclusions. During analysis block 1, only the perceived stimulus similarity had
a signi�cant e�ect on the reaction times, whereas analysis block 4 exhibits sig-
ni�cant e�ects of class-membership and a signi�cant interaction. Again, the
underlying model �ts showed that the dependence on stimulus similarity was
signi�cantly reduced in the class-external condition as compared to the class-
internal condition.

Intermediate stimuli exhibit a mixed mode combining exemplar and
high-level e�ects
Using the pop-out paradigm, we compared the levels of processing underly-

ing two distinct cases: class-internal and class-external targets and distractors.
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Table 4.2: Reaction times and accuracies for the di�erent intermediate stimuli depicted in
Figure 4.6. In session 2, the accuracy seems to be dependent on the proximity to the training
instances. In session 15, the only misclassi�ed stimulus is far from a training instance and
close to the decision boundary. The accuracy patterns are therefore in line with the reaction
time results.

Session 2 Session 15
Category 1 1 681.9 (100%) 696.4 (100%)

2 629.2 (100%) 406.6 (100%)
3 2382.7 (67%) 917.7 (83%)
4 726.0 (100%) 712.8 (100%)

Category 2 1 2333.8 (83%) 559.5 (100%)
2 965.9 (83%) 457.3 (100%)
3 1171.0 (100%) 769.0 (100%)
4 470.7 (100%) 488.9 (100%)

To address whether similar results can also be observed during the classi�cation
of singular stimulus instances, we presented intermediate stimuli to the subjects
during an early and a late session. ¿ese stimuli were explicitly selected to test
for an instance- vs. boundary-based form of perceptual decision and were po-
sitioned accordingly. Figure 4.7 shows the resulting reaction time patterns (the
reaction times and accuracies are presented in textual form in Table 4.2). In ses-
sion 2 (Figure 4.7b), the longest reaction times correspond to stimuli far from
the category instances (1, 3, 1, 3), whereas the ones close to the trained stimuli
(2, 4, 2, 4) are classi�ed faster. ¿is is in line with the signi�cant factor distance
and non-signi�cant class-membership results of the ANCOVA analysis in the
pop-out paradigm. A er session 15 (Figure 4.7c), an additional e�ect can be
observed. Now, not only the proximity to the trained instances, but also the
distance to the decision boundary becomes a relevant factor. If stimuli are close
to a training instance (2, 4, 2, 4), or far from the decision boundary (1, 4, 1, 4),
they are classi�ed faster. If the tested stimulus is close to the boundary and far
from the training instances it tends to be classi�ed more slowly. ¿is change
of pattern can best be observed in stimuli 1 and 3. A er training, stimulus 1,
being far from the decision boundary, is classi�ed faster, whereas stimulus 3,
close to the boundary, is classi�ed slower than before. A similar pattern can be
observed in the accuracy results (Table 4.2). In session 2, most of the errors are
beingmade for stimuli that are far from the training instances, whereas the only
errors in session 15 are made for stimulus 3 of category 1, which is far from the
training instances and close to the decision boundary.

¿e late ’intermediate stimulus’ response patterns are therefore best de-
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4.1 Perceptual learning of parametric face categories

scribed as a ’logical or’ interaction in which low-level metric and high-level
class-based information play a joint role in the decision process. ¿ese results
show a development from an instance-based to an integrated high- and low-
level form of representation for the classi�cation of singular, intermediate stim-
uli.

1 2 3 4

Intermediate Stimuli Category 1

1 2 3 4

Intermediate Stimuli Category 2

A B C

Figure 4.7: Results of the intermediate stimuli test. (a) For both categories, additional
stimuli were created at intermediate positions in parameter space. Stimuli corresponding to
all combinations of close/far from trained instances and close/far from an abstract decision
boundary were created. In (b) and (c), the black stars and red ovals indicate the positions of
the training instances. The centers of the gray circles represent the position of the interme-
diate stimuli. The diameters of the circles encode the mean reaction times of the subjects,
normalized in each of the two plots. In addition to the stimulus instances, the linear decision
boundary is shown. The boundary is an abstract description of the two classes that is inde-
pendent of the speci�c class instances selected for training. (b) Reaction times after session 2,
resembling an instance-like pattern (low-level metric-based). (c) Reaction times after session
15 exhibit a "logical or" combination of low-level metric and high-level class-based e�ects.

4.1.4 Discussion

In this study, we addressed two important aspects with regard to the relative
contribution of di�erent levels during perceptual processing. Our analyses are
based on data collected in an experimental paradigm, which combines percep-
tual learning of parametric stimulus-categories with an odd-one-out task. First,
we investigated the existence of high-level pop-out in a controlled setting and
found that, despite the extensive training and performance improvements until
the end, search slopes remained dependent on the amount of distractors, i.e. we
�nd no evidence for high-level pop-out. Notably, our odd-one-out setup was
based on homogenous distractors, which are typically expected to simplify the
search and hence favor pop-out (Hershler & Hochstein, 2006).
In response to earlier studies that did not �nd pop-out for faces (Brown et al.,

1997; Kuehn & Jolicoeur, 1994; Nothdur , 1993), Hershler and Hochstein note
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that the distractors used were too similar to the target. ¿is way, they argue, one
single high-level representationwas activated, which could not di�erentiate tar-
get and distractors a er the initial feed-forward sweep of information (Hershler
& Hochstein, 2005). ¿is ’one population’ argument does not apply here, since
it was previously shown that the same training setup as the current one lead to
distinct high-level representations responsive to the two categories2. Addition-
ally, the argument introduces a dependence on low-level dissimilarity between
target and distractor, which could again act as explanation for the found e�ect.
An additional argument in favor of high-level pop-out could be that the per-

ceptual training was not long enough in order to lead to well-separated neu-
ronal representations. For two reasons, this argument does not apply. First, the
number of training trials for the �sh-stimuli in the study conducted by Sigala
& Logothetis (2002) was below 10000 and therefore smaller than the one in the
current experiment (Sigala, personal communication). Still the neuronal ef-
fects could reliably be shown. Second, a recent study by Hershler & Hochstein
(2009) tested car and bird experts for high-level pop-out. Despite years of train-
ing, pop-out was only visible for faces, but not for target-stimuli corresponding
to their area of expertise (birds or cars). ¿is is a particularly strong case, as
comparable experts were previously shown to exhibit signi�cant activation of
FFA upon perceptual decisions involving these types of stimuli (Gauthier et al.,
2000a).
In our setup, we avoided the low-level confounds of earlier studies, by utiliz-

ing two subordinate stimulus categories which cannot be classi�ed on the ba-
sis of simple low-level features but only via feature conjunctions. Additionally,
perceptual training based on these stimuli was previously shown to give rise
to distinct high-level representations. ¿erefore, they ful�ll both requirements
of high-level pop-out according to RHT. For future studies, it might neverthe-
less be interesting to test two basic-level categories of parametric stimuli, with
higher (but still similar) inter- and intra category di�erences.
With the second major analysis, we addressed the underlying form of cat-

egory representation and implied contributions of the di�erent levels used
during the perceptual decisions. Here, we found a shi from an early low-
level instance-based to a late, abstract, and class-based form of representation.
For the latter, we demonstrated a dependence on stimulus similarity if target
2¿is presupposes that similar representations are present in monkey and human upon identi-
cal training procedures. Evidence for the validity of this assumption was provided by Sigala
et al. (2002) who showed that monkeys and humans follow the same categorization strategies
in the currently used task.
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and distractor are taken from the same category, whereas response times were
shown to be signi�cantly less dependent of low-level di�erences if the high-
level class-membership of target and distractor is di�erent. Again, this is no
case of high-level pop-out, as this would require independence of the number
of distractors which is never the case. ¿ese results show that, dependent on
the available information, di�erent modes of processing are required and used
for the perceptual decision.
With regard to an early instance-based representation, as reported here for

the �rst three analysis blocks, converging evidence comes from a recent fMRI-
adaptation study that investigated response properties in the lateral occipital
cortex (Gillebert et al., 2009). Before the fMRImeasurements, the subjects were
trained to categorize two classes of parametric stimuli in a paradigm compara-
ble to ours. ¿e subjects were trained for two sessions, 50minutes each, which is
roughly equivalent to our �rst analysis block. Asmeasure, they used the amount
of BOLD adaptation resulting from the presentation of two subsequent stimuli
that could either be taken from the same or di�erent categories. ¿e analy-
ses show that there is no signi�cant di�erence between their class-internal and
class-external conditions. In line withmore recent work by Sigala, this indicates
that the early form of representation is best explained instance-based (Gauthier
& Palmeri, 2002; Sigala, 2004). ¿is is in agreement with our analyses. How-
ever, one prediction of our class-membership e�ect in analysis block 4 is that
prolonged training should result in a signi�cant di�erence in adaptation based
on class-internal vs. class-external stimulus presentations.
Converging evidence for the integration of categorical information into the

perceptual process is provided by the similarity judgment task. With training,
the perceived similarity of stimuli from the same class increased whereas the
similarity judgment across categories decreased. ¿ese results are in line with
earlier studies describing the e�ect of categorization on perceived similarities
(Goldstone, 1994; Goldstone et al., 2001)3. Moreover, by using the recorded
perceptual similarities as ameasure of stimulus distance, we could show that the
found high-level class e�ects could not be explained by a di�erential weighting
of dimensions in parameter space. ¿e question of whether the found high-
level representations are based on an additionally learned decision hyperplane
or rather on the additional storage of appropriate prototypes is beyond the scope
of the current study (please see Sigala et al. (2002) for an argument against a
3It should be noted that similarity tests involving the judgment of categorical stimuli cannot ex-
clude the possibility that subjects explicitly judge stimuli as being more similar if they realize
that the stimuli belong to the same category (Goldstone et al., 2001).
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representation based on single prototypes). In any case, both approaches form
an abstract representation of the learned categories.
In line with the analyses of the odd-one-out paradigm, the results of the in-

termediate stimulus classi�cation task showed that early reaction time patterns
resemble an instance-based form of category representation with a dependence
on the training exemplar distances. However, the later response patterns were
shown to resemble a ’logical-or’ mixture of both, metric- and class-based infor-
mation. ¿is further exempli�es the task-dependent contribution from levels
of di�erent complexity during the late stage of training. In pop-out, if high-
level information is expressive it is used exclusively, whereas low-level target-
distractor similarity is predominant in the class-internal condition. In the in-
termediate stimulus categorization task, in which no distractors were present,
we �nd a mixed mode integrating both types of information.
Having found the two modes of perceptual processing in the pop-out

task, being either based on target-distractor similarity or more abstract class-
information, the resulting question is which physiological levels in the visual
hierarchy might be underlying these e�ects. Based on previous results in the
literature, we expect the abstract class-information to originate from high-level
visual areas (Sigala&Logothetis, 2002; Kiani et al., 2007) or from the lateral pre-
frontal cortex (LPFC) (Freedman et al. 2003, but see Minamimoto et al. 2010).
Please note that this distinction does not matter for the predictions of RHT,
as both areas were described as being potential sources of the categorization
during the initial vision at a glance (Hochstein & Ahissar, 2002). ¿e depen-
dency on stimulus-distance, however, is directly related to metric-based target-
distractor similarity. ¿is type of e�ect is expected to originate from lower-
levels of processing, which are mostly stimulus-driven and contain the relevant
and more detailed stimulus information. However, a clear decision cannot be
based on psychophysical measurements, especially in the case of long percep-
tual training, and future work is required to fully address this issue.
In our experiments, no high-level pop-out could be observed, despite the

near-perfect classi�cation performance of our subjects. Instead, we have found
clear evidence for an integrated use of low-level metric- and high-level class-
based information, dependent on the task and the information content of the
individual levels of representation. As a result of these �ndings, we suggest that
the visual hierarchy only provides a means for increasingly complex and non-
linear response properties, or modules, whereas the evaluation of the resulting
representations is highly distributed. Although a hierarchical view on visual
processingmight be applicablewith regard to the representational complexity, it
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4.1 Perceptual learning of parametric face categories

does not automatically imply an increasing level of perceptual importance with
subsequent levels of processing. ¿e proposed view is in line with the results of
recent experiments, which underline the importance of lower level representa-
tions during perceptual decisions (Tong, 2003; Kamitani & Tong, 2005; Silvanto
et al., 2005a)
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FigureS4.1:Odd-one-out TrainingE�ects. Across training sessions, the performance in the
odd-one-out paradigm increased as evident through increasing accuracy (shown in grey),
and decreasing reaction times (shown in black).
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4.2 Extensive Training Leads to Temporal and Spatial
Shifts of Cortical Activity Underlying Visual
Category Selectivity

Abstract ¿e human visual system is able to distinguish naturally oc-
curring categories with exceptional speed and accuracy. At the same
time, it exhibits substantial plasticity, permitting the seamless and rapid
learning of entirely novel categories. Here we investigate the interplay of
these two processes by asking how category selectivity emerges and de-
velops from initial to extended category learning. Using an MEG adap-
tation paradigm, a novel �lter approach for analyses of visually evoked
responses and source analyses we demonstrate a spatiotemporal shi of
cortical activity underlying category selectivity. A er initial category ac-
quisition, the onset of category selectivity was observed a er 275ms to-
gether with stronger activity in prefrontal cortex. Following extensive
training, the earliest category e�ects occurred at a markedly shorter la-
tency of 113ms and were accompanied by stronger occipitotemporal ac-
tivity. Our results suggest that the brain balances plasticity and e�ciency
by relying on di�erent mechanisms to recognize new and re-occurring
categories.

4.2.1 Introduction

One of the most essential tasks of our visual system is to make sense of the
complex signals it receives from the world around us. A central aspect of this
is the ability to group objects into various categories, allowing for considerable
simpli�cation, generalization and supporting higher cognitive function.

To advance our understanding of the underlying corticalmechanisms, a large
body of experimental work focuses on temporal aspects of category selectivity,
asking for the earliest point in time at which category information is extracted.
As a result, we now have ample psychophysical and electrophysiological evi-
dence that naturally occurring categories can be extracted in only little more
than 100ms of processing (Hung et al., 2005; Sugase et al., 1999; Carlson et al.,
2011; Liu et al., 2002, 2009; Kirchner & ¿orpe, 2006). However, apart from
the necessity for fast and robust categorization of re-occurring categories, our
ever-changing environment poses the additional challenge to retain consider-
able plasticity in order to support the rapid learning of entirely novel categories
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(Summer�eld et al., 2011). Here, the study of naturally occurring categories pro-
vides only limited possibilities, as it focuses on categories with which we al-
ready have extended experience (for instance, all of us can be considered face-
and house-experts, as these categories play a vital role in our everyday behav-
ior). It therefore remains an open question, how cortical representations and
the temporal dynamics of category selectivity develop from the initial learning
of a category towards category expertise.
To elucidate this issue, we performed a longitudinal study with nine subjects,

in which we investigated the impact of extended category training of two arti-
�cial visual categories in a parametric feature space on the visually evoked re-
sponses using a magnetoencephalography (MEG) adaptation paradigm. Com-
bining perceptual category training and anMEG adaptation paradigm provides
multiple advantages. First, the data recorded during a baseline session allowed
us to exclude the possibility that potentially found category e�ects are an in-
herent low-level property of the utilized feature space. Such di�erences in low-
level statistics have previously lead to considerable challenges in the interpreta-
tions of category e�ects in studies using naturally occurring categories (¿ierry
et al., 2007; Rossion & Jacques, 2008; Crouzet & ¿orpe, 2011; VanRullen &
¿orpe, 2001). Second, MEG o�ers high temporal resolution, which enabled us
to resolve changes in the temporal aspects of category processing, indicative of
changes in the underlying cortical mechanism. Finally, the relatively poor spa-
tial resolution of MEG can be bypassed with the use of adaptation paradigms
(Grill-Spector &Malach, 2001), which have the potential to reveal di�erences in
neuronal selectivity that would otherwise remain unnoticed inmore traditional
analyses of amplitudes in evoked �elds.
We investigated the emergence and development of category selectivity by

recording MEG data in a baseline session, prior to any category training, a sec-
ond time a er �ve training sessions, and a third time a er extensive category
training in 22 training sessions. Category selectivity was estimated by com-
paring the visually evoked responses to stimuli that were either preceded by a
di�erent stimulus from the same category (category-internal), or by a stimu-
lus of a di�erent category (category-external), while holding low-level stimulus
di�erences constant.
Using this approach, we observed a temporal shi in category selectivity from

a latency of 275ms a er initial category acquisition to only 113ms following ex-
tensive training. ¿is speedup suggests amarked change in the cortical network
mediating the categorization of visual input. Indeed, source analysis revealed an
anterior-to-posterior shi of cortical activity from initial to extensive category
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training. While the time-windowof category selectivity found a er �ve training
sessions exhibited stronger activation in the prefrontal cortex (PFC), the early
category e�ects found a er 22 training sessions showed increased activation in
occipitotemporal regions.
Previous theories on visual categorization viewed either PFCor regions in the

ventral stream as the origin of category selectivity. Our �ndings now reconcile
these contrasting views by suggesting that both processes are likely to contribute
to categorization at di�erent stages of category learning. While PFC is involved
in the categorization of rather novel, and dynamic categories, extensively used
categories seem to obtain a privileged status and are resolved faster relyingmore
heavily on cortical resources in occipitotemporal cortex.

4.2.2 Results

Behavioral Data on Category Training
Subjects were trained to categorize two arti�cial categories of faces de�ned in

a parametric feature space (Figure 4.8). Training lasted for a total of 22 sessions
consisting of 756 training trials each. Classi�cation accuracy reached 89.4%
a er �ve training sessions, and 95.3% a er training was completed in session
22 (Figure 4.9). At the same time, reaction times continued to decrease with
training (from679ms in session�ve to 538ms in session 22, p<0.01 paired t-test).
¿us, although high classi�cation performance was reached already a er �ve
training sessions, the behavioral data indicate continued improvements over
the whole training period.

Behavior during the DelayedMatch-To-Category Task
¿e electrophysiological correlates of category e�ects were estimated us-

ing an adaptation paradigm in which subjects performed a delayed match-to-
category task (Figure 4.10a). During the baseline session, and therefore prior
to category training, the behavioral performance of our subjects did not di�er
signi�cantly from chance (49% accuracy, p=0.128, t-test against a chance-level
of 50%). ¿is demonstrates that our arti�cial category structure is not an in-
herent property of the stimulus space. With training, performance increased to
66.2% in session �ve and 76.0% in session 22 (Figure S4.2). A repeated mea-
sures ANOVA (with session (baseline, �ve, 22) and category membership (in-
ternal, external) as factors) revealed a signi�cant main e�ect of session (p<0.01,
all pairwise comparisons are signi�cant at p<0.01, t-test, Bonferroni corrected),
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Figure 4.9: E�ects of Training onPerformance andReaction Times. Subjects received au-
ditory feedback as a training signal, but no explicit information about the underlying feature
space or category structure. Recognition performance and reaction times improved until
session 22, illustrating continued training e�ects.
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Figure 4.10: Adaptation Paradigm. To test for electrophysiological correlates of category
information, an adaptationparadigmwasused. Each trial either crossed the category bound-
ary (category-external) or stayed within a category (category-internal). (a) Temporal se-
quence of an adaptation trial. (b) Low-level properties of the category-internal and category-
external adaptation trials were controlled by matching the distance and slopes of the corre-
sponding stimulus-pairs. Exemplary trials are highlighted in color (category-external in red,
category-internal in blue).

but no main e�ect of category membership (p>0.05) and no signi�cant inter-
action (p>0.05). ¿us, although there was an overall increase in task perfor-
mance with training, there was no signi�cant di�erence in the performance of
the category-internal and category-external trials indicating that the task was
equally demanding in trials of both conditions.

Training-Induced Category E�ects in Visual Responses

To test for category e�ects in the visually evoked responses, we compared
the magnetic �elds evoked by the second stimulus in the category-internal and
category-external adaptation trials in the MEG adaptation paradigm, while
controlling the low-level stimulus properties of the two conditions (Figure
4.10b). ¿is indirectly tests for category selectivity, as di�erences between these
two conditions will only be detectable if category-information is encoded in the
underlying cortical activity.
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For analyses of visually evoked responses, we employed a novel �lter ap-
proach that allowed us to focus on relevant yet temporally changing cortical
processes by projecting the data from its original 271 dimensional sensor space
into a highly informative one-dimensional �lter space (see Figure 4.11a, and sec-
tion Data Analyses for more details). ¿is avoids an a priori selection of sensors
of interest and the multiple comparison problem occurring when all sensors
are analyzed independently. Accordingly, we �rst computed the �lter activa-
tions for each session, subject and condition (category-internal and category-
external). We then performed a t-test on the �lter response at every time-point
to test for di�erences between category-internal and category-external condi-
tions. ¿is provided us with temporal candidate clusters that exhibit signi�cant
category e�ects for every session. To ensure that the observed category e�ects
were indeed the result of category training, it had to be shown that category ef-
fects were signi�cantly larger post-training as compared to the baseline session.
As a �nal step, we therefore estimated the e�ect sizes and con�dence intervals
of the training interaction for each temporal candidate cluster (Bonferroni cor-
rected at the cluster level, thereby controlling for multiple comparisons). Only
temporal clusters surviving this rigorous control will be reported in the follow-
ing. ¿ese clusters will not only exhibit signi�cant category e�ects, but also
show a signi�cant training interaction, indicating that the seen category e�ects
are the result of category training.
Using this procedure, we �rst analyzed the data from the baseline session. We

foundno signi�cant category e�ects (Figure 4.12a), con�rming that the category
structures used for training were not an inherent property of the used stimulus
space. We then analyzed the data of the two post-training sessions �ve and 22.
A er �ve training sessions, the earliest signi�cant, training-induced category
e�ects were evident between 275-293ms (Figure 4.12b, Figure S4.3a). With de-
veloping category expertise, however, a temporal shi in category e�ects was
observed. A er 22 training sessions, the earliest cluster exhibiting signi�cant
training e�ects occurred already a er 113ms (lasting from 113 to 140ms). Ad-
ditional time-windows of signi�cant category e�ects were found between 171-
175ms and between 220-233ms (Figure 4.12c, Figure S4.3b). ¿e corresponding
�lter topographies are shown in Figure 4.11b. ¿e observed speed-up of more
than 160ms from session �ve to 22 is remarkable, as our subjects already cate-
gorized the stimuli at about 90% accuracy during training session �ve.
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Figure 4.11: Filter Approach. A novel spatiotemporal �lter approach was used to analyze
the data. It focuses on relevant yet temporally changing cortical activity while avoiding the
multiple comparison problem. The data used to de�ne the �lter is independent of the ex-
perimental question (comparing category-internal and category-external trials evoked by
the second stimulus). (a) Schematic illustration of the �lter approach. The evoked �elds of
the category-internal and category-external trials were projected to a one-dimensional �lter
response using a dot product. The resulting �lter activations were subject to statistical anal-
yses across time, highlighting temporal candidate clusters that show signi�cant di�erences
between category-internal and category-external trials. Abbreviations: n, trial number; s,
sensor number; t, time point. (b) Butter�y plot of the used �lter. Shaded areas and topogra-
phies mark time-points of training-induced category selectivity.
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Figure 4.12: Training-Induced Category E�ects across Time. The traces represent the T-
statistic of the category e�ects, comparing category-internal and category-external trials, in
the di�erent sessions. Candidate temporal windows duringwhich visually evoked responses
showed signi�cant category e�ects and a signi�cant training interaction are shaded in dark
colors. Candidate windows exhibiting no signi�cant training e�ects are marked in light grey.
(a) During the baseline session, no category e�ects could be found. (b) After �ve training
sessions, the �rst training-inducedwindow of category selectivity is present from 275-293ms.
(c) After extended category training in 22 sessions, the earliest training-induced category ef-
fects are present from 113-140ms. Additional clusters of signi�cant training-induced category
e�ects were found between 171-175ms and 220-233ms.

Relation of Physiological Category E�ects to Behavior

To test whether the observed category e�ects were behaviorally relevant, we
compared the category e�ect sizes for successful and erroneous trials during the
delayed match-to-category task. Again, we estimated the e�ect sizes and con-
�dence intervals, while Bonferroni correcting for multiple comparisons at the
cluster level. ¿is analysis revealed signi�cant di�erences for the earliest cluster
in session 22, indicating the behavioral relevance of the e�ect. No other cluster
in session 22 and �ve exhibited signi�cant behavioral e�ects. Considering the
absence of signi�cant di�erences for session �ve, it should be noted that be-
havioral errors in the delayed match-to-category task can have various origins.
¿ese include incorrectly categorized stimuli, errors inworkingmemory and an
incorrect mapping of the perceptual decision to the appropriate behavioral re-
sponse. ¿ese signi�cantly complicate the search for behavioral relevance based
on the subjects’ performance. Moreover, it is possible that e�ects of behavioral
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relevance occurred at an even later point, extending beyond the 300ms analyzed
here.

Source Analyses

Following the analyses in sensor space, we tested whether the temporal shi 
in category selectivity observed between session �ve (275-293ms) and session
22 (113-140ms) is due to altered neuronal processing in the same cortical areas,
or whether di�erent sets cortical areas are activated during these two time win-
dows of interest. To this end, we computed a standardized low resolution brain
electromagnetic tomography (sLORETA) (Pascual-Marqui, 2002) on the same
data that was also used to de�ne the spatiotemporal �lter. We estimated the av-
erage source activations during the two time-windows of interest and tested for
signi�cant di�erences based on aT-statistic, while controlling formultiple com-
parisons using a cluster-based permutation test (Maris & Oostenveld, 2007) on
the cortical surface. ¿is analysis revealed that the previously shown temporal
shi in category selectivity was accompanied by an anterior-to-posterior shi 
of cortical activation (Figure 4.13). ¿e time-window of training-induced cate-
gory e�ects in session �ve showed a stronger activation in the ventrolateral and
ventromedial parts of the PFC. In contrast, the cortical activation during the
earlier time-window of category selectivity in session 22 exhibited signi�cantly
stronger activity in more posterior regions, including the occipitotemporal cor-
tex.

Figure 4.13: Source Localization Results. Source activations of the earliest clusters of cat-
egory selectivity in sessions �ve and 22 were contrasted. Shown are uncorrected T-values
with a cuto� at p<0.05. Blue regions show larger activity during the category-selective time-
window in session�ve, red regions show larger activity in the early category-cluster in session
22. A white border highlights clusters surviving a control for multiple comparisons (cluster-
based permutation test).

133



Chapter 4 - Categorization and Plasticity

4.2.3 Discussion

Previous work on naturally occurring categories has demonstrated that cate-
gory information can be rapidly extracted from visually presented objects. It
remained unclear, however, how the visual system copes with the challenge
to reach such rapid recognition speeds while at the same time allowing for
su�cient plasticity to encompass the fast learning of entirely new categories.
Are the same neuronal mechanisms and structures involved in recognizing re-
occurring and newly learned categories, or are they di�erent? And, if they are
di�erent, are novel categories implemented di�erently with prolonged experi-
ence? Here we investigated these issues by extensively training nine subjects to
categorize two arti�cial visual categories. During training, we recorded MEG
data in an adaptation paradigm to investigate the emergence of category se-
lectivity in visually evoked responses. Additionally, MEG data were recorded
prior to category training to serve as a baseline. Using a novel �lter approach
to analyze the visually evoked responses, we demonstrate the emergence and,
following this, a temporal shi in category selectivity. ¿e data recorded in
the baseline session did not exhibit any category e�ects, indicating successful
control for low-level stimulus properties. A er �ve training sessions, the earli-
est training-induced category e�ects were found around 280ms of processing.
With extensive training in 22 sessions, we observed a temporal shi in category
selectivity. ¿e �rst signi�cant di�erences were now found about 160ms ear-
lier, between 113 and 140ms. We then investigated whether the temporal shi 
in category selectivity was accompanied by changes in the spatial pattern of the
underlying cortical activity. We compared the source activations during the two
earliest temporal clusters of sessions �ve and 22 and found a signi�cant anterior-
to-posterior shi . While the cortical activity during the late category e�ects in
session �ve showed stronger signals in PFC, the early time-window of category
selectivity in session 22 exhibited an increased activation in occipitotemporal
regions.

Our �nding of an early cluster of category selectivity, starting at 113ms and
lasting until 140ms, is fully compatible with previous studies of natural cate-
gories in macaque and human. In the macaque, Sugase et al. (1999) recorded
from inferotemporal cortex (IT) and observed a peak in category information
a er only 117ms of processing. In linewith this, Hung et al. (2005) demonstrated
that relatively small numbers of randomly selected neurons in IT allow for reli-
able category decoding, peaking 125ms a er stimulus onset. Interestingly, they
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also show decoding of low-level properties such as size and position of an ob-
ject, arguing for residual retinotopic information in the neuronal response. ¿is
emphasizes the necessity to control for low-level stimulus properties and under-
lines the bene�ts of baseline measurements in category training. Finally, Freed-
man et al. (2003) applied a receiver operator characteristic approach to record-
ings from macaque IT and PFC. ¿ey showed that IT cells exhibited category
selectivity a er 127ms. In humans, electrocorticographic recordings provided
direct evidence that natural categories can successfully be decoded at a mean
latency of 115ms (Liu et al., 2009). Remarkably, decoding was possible based on
single trials, allowing for generalization across rotation and changes in scale. In
line with this, MEG recordings of human subjects provided evidence that visu-
ally evoked responses of houses and faces can be separated already at the time of
the M100 component (Liu et al., 2002). In the same study, a positive correlation
of response amplitude and categorization performance was shown, indicating
the behavioral relevance of the early category signals. Using a multivariate de-
coding approach, Carlson et al. (2011) showed that it is possible to di�erenti-
ate two visual categories (faces and cars) a er 135ms of processing, even if the
trained and tested stimulus positions were di�erent. Finally, electrooculogra-
phy (EOG) data provided by Kirchner & ¿orpe (2006) suggest that category
information is present and behaviorally relevant a er only 120ms of processing.
However, it should be noted that all of the studiesmentioned above investigated
neuronal responses to naturally occurring categories. Apart from the inherent
challenges to di�erentiate category selectivity from systematic di�erences in the
low-level statistics (Wichmann et al., 2010; ¿ierry et al., 2007; Rossion & Ca-
harel, 2011; Crouzet & ¿orpe, 2011; VanRullen & ¿orpe, 2001), these stimuli
do not allow for an investigation of emerging category selectivity with increas-
ing category experience, which is the focus of the current study.
Overall, the neuronalmechanisms underlying the categorization of visual in-

put have been in the focus of a lively debate over the recent years. A promi-
nent view centers around the idea that category information is extracted by
PFC (Antzoulatos & Miller, 2011; Roy et al., 2010; Cromer et al., 2010; Serre
et al., 2007a). Accordingly, neuronal selectivity in temporal regions is seen as
merely providing a su�ciently complex vocabulary from which the category
information can be �exibly read out. ¿is view is consistent with the predic-
tions of the two-stage model of perceptual category learning (Riesenhuber &
Poggio, 2002a), which hypothesized that neurons in IT obtain sharper tun-
ing to re-occurring stimulus features, while regions in frontal cortex learn to
associate these features with the corresponding category membership. In hu-
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mans, experimental evidence supporting such division of labor was provided by
Jiang et al. (2007). ¿ey showed that category training can lead to an increased
shape selectivity in ventral areas whereas category selectivity was found only
in the lateral PFC (but see Minamimoto et al. 2010). Moreover, there is evi-
dence for enhanced shape selectivity in ventral areas in human and macaque
(Freedman et al., 2006; van der Linden et al., 2010, 2013; Sigala & Logothetis,
2002). Nevertheless, the large body of evidence for rapid category selectivity
in IT, as reviewed above, supports a contrasting view according to which cat-
egory information might already be extracted at the level of the temporal lobe
(DiCarlo et al., 2012). Providing a potentially unifying solution to this contro-
versy, we have demonstrated here that prolonged category training can lead to
a temporal shi in category selectivity, which is accompanied by an anterior-to-
posterior shi in cortical activity. ¿ese data provide a cue as to how the brain
could balance the need for robust and fast recognition of re-occurring cate-
gories while still allowing for considerable �exibility and rapid plasticity. Selec-
tivity for novel categories relies more heavily on PFC and, as indicated by the
long latency of the observed e�ect, potentially recurrent processing. Su�cient
expertise with the categories, however, leads to changes in the cortical imple-
mentation of the trained categories, thereby allowing for a substantial speedup
in processing times and emphasizing cortical processes in occipitotemporal re-
gions.
A comparable view was recently described by Seger &Miller (2010) who pro-

posed that the brain might simultaneously implement fast and slow learning
processes. Fast learning provides multiple advantages, such as increased �ex-
ibility and rapid adjustments, but at the cost of an increased risk of erroneous
classi�cation. Slow learning, on the other hand, is less error-prone but at the
cost of extended training requirements. In line with this, our results can also
provide a potential explanation as to why some previous studies did not see
(early) category selectivity in temporal areas a er category training (Jiang et al.,
2007; Li et al., 2007; Gillebert et al., 2009; Scholl et al., 2014). Apart from many
di�erences between these experiments and our study, including the type of fea-
ture space used (Folstein et al., 2012a,b), our data suggests that the extent of
training is a decisive factor. Comparably short training times might only reveal
rather late category selectivity in frontal regions, as observed in session �ve here,
whereas prolonged training is required for early occipitotemporal e�ects.
By contrasting correct and incorrect responses, we demonstrated signi�cant

behavioral relevance of the early category e�ects starting at 113ms in session 22.
It has to be noted, however, that the time-points of category selectivity observed
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in sessions �ve and 22 do not necessarily mark the end point of the perceptual
decision process. Successful performance in the delayedmatch-to-category task
requires the successful completion of additional processing steps, such as the
successful comparison of the two shown categories and the mapping of the per-
ceptual decision to the appropriate motor response. Moreover, e�ects of per-
ceptual certainty (Philiastides & Sajda, 2006) and ongoing evidence accumula-
tion (Donner et al., 2009) can be expected to play a vital role in the perceptual
decision process.

While further experiments are required to fully disentangle the contribution
of these di�erent factors, we have shown here that the brain is capable of ex-
tracting visual categories based on two di�erent modes. Novel categories are
recognized late, involving recurrent processing and increased activity in PFC.
¿is pattern of results is consistent with a re-labeling of existing visual features,
which would allow the system to �exibly learn new categories. Extended cate-
gory experience, however, leads to a signi�cant speed-up in category selectiv-
ity, accompanied by increased activity in occipitotemporal cortex. ¿is suggests
that re-occurring categories are processed di�erently to allow for quick and re-
liable recognition. Taken together, our results suggest that the brain balances
plasticity for acquisition of new and e�ciency in processing of known cate-
gories by relying on di�erent brain networks.

4.2.4 Experimental Procedures

Participants

Nine healthy, right-handed subjects (5 female, aged 19-30) participated in
the study. All subjects had normal or corrected-to-normal visual acuity, were
naŢïve to the purpose of the study and gave written informed consent to par-
ticipate. ¿e experimental procedures were approved by the ethics committees
of the University of Osnabrück and the Ärztekammer Hamburg. Each subject
participated in a total of 23 experimental sessions (1 baseline sessions and 22
training sessions). MEG data were recorded during the �rst baseline session,
as well as a er training sessions �ve and 22. ¿e MEG recording from subject
nine in session 22 was excluded from the analyses due to excessive noise in the
data.
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Stimulus Space

Similar to previous work with macaques (Sigala & Logothetis, 2002) and
humans (Kietzmann & König, 2010; Sigala et al., 2002), category training was
based on two arti�cial categories of faces de�ned in a four-dimensional, param-
eterized stimulus space (Figure 4.8), also known as a factorial morphspace (Fol-
stein et al., 2012b). Two of the dimensions were category-relevant (eye height
and eye separation), while the two others (mouth height and nose length) were
assigned pseudo-randomly to ensure that no stimulus clusters of the same cate-
gory existed that could potentially render the task-irrelevant dimensions infor-
mative. A linear category boundary split the category space of the two relevant
dimensions in half, such that no single stimulus property was decisive for the
category membership. ¿e overall stimulus space consisted of 60 stimuli, six
of which de�ned the respective category boundary and were not included in
the training and testing. ¿e �nal two categories comprised 27 stimuli each.
Moreover, the category boundary was rotated by 90○ for every other subject.
¿e subjects were at no point in time instructed about the design of the stim-
ulus space or the relevant category dimensions. Hence, the category training
used here resembles an information integration task (Ashby & O’Brien, 2005).
All stimuli shown during training and the MEG adaptation sessions were pre-
sented using the Psychophysics Toolbox 3 (Brainard, 1997; Kleiner et al., 2007)
running under Matlab 2010a.

Category Training

In order to allow subjects to learn the two arti�cial categories of faces, they
received category training in a total of 22 sessions with 756 trials each. Here, we
largely followed our previous procedure (Kietzmann & König, 2010). In each
training trial, subjects were presented with a single stimulus and were then
asked to categorize it as either category A or B with their index- or middle-
�nger. Auditory feedback was provided as training signal. A high-pitch tone
indicated a correct response, whereas a low-pitch tone and a forced break of
two seconds indicated an incorrect response. To prevent a �xed association be-
tween the categorymembership andmotor response, the �nger used to indicate
the category decisionwas switched three times across each training session. ¿e
subjects were noti�ed of the switches.
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Adaptation Paradigm
To estimate the time-course of electrophysiological category e�ects, we used

a rapid MEG adaptation paradigm. ¿is approach is similar to the more com-
mon fMRI adaptation (Grill-Spector & Malach, 2001), and has only recently
been introduced to the �eld of EEG andMEG (Caharel et al., 2009; Vizioli et al.,
2010; Zimmer & Kovács, 2011; Harris & Nakayama, 2007; Scholl et al., 2014).
MEG data were recorded in a baseline session, prior to category training, as
well as a er �ve and 22 training sessions. ¿e selection of �ve and 22 training
sessions was based on previous work using a similar feature space, in which
subjects were able to perform at >90% accuracy a er only �ve training sessions
(Kietzmann & König, 2010), while exhibiting high-level category e�ects only
a er prolonged training. To test for category e�ects, two adaptation conditions
were compared. Category-internal trials included two di�erent stimuli from
the same category (216 trials) and category-external trials included two stimuli
from a di�erent category (216 trials). In both cases, the visually evoked �elds
of the second stimulus were used for the analysis. To control for low-level dif-
ferences in the two adaptation conditions, all category-internal and category-
external trials were matched in distance and direction in the two relevant di-
mensions of feature space (see Figure 4.10a). ¿is has the additional advantage
that no linear re-weighting of the category-relevant dimensions can account for
category selectivity, because all category internal and external adaptation tri-
als will be a�ected likewise. During the randomized adaptation trials, the sub-
jects performed a delayed match-to-category task, indicating via button-press
whether the two stimuli were of the same or a di�erent category. To prevent a
�xed mapping of experimental condition to motor response, the target keys for
the two answers were switched a er half of the experiment. ¿e structure of the
adaptation trials was as follows. First, a �xation cross was presented for 800ms
with an SOA of ±100ms. ¿en, a �rst stimulus was presented for 500ms, fol-
lowed by an inter-stimulus-interval of 250ms. ¿e second stimulus was again
shown for 500ms. Finally, a er an additional delay of 500ms a question mark
was displayed on the screen, indicating to the subject that a response can be
given (Figure 4.10b). ¿is timed response was introduced to keep presentation
of the second stimulus free of cortical activity related to the motor-execution.

MEG Acquisition
MEG data were acquired at 1200Hz using a CTF whole-head system with

271 axial gradiometers (CTF275, VSM MedTech). ¿e position of the par-
ticipants’ head was continuously recorded using three head localization coils
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(NAS/LPA/RPA). Moreover, a bipolar electrocardiogram (ECG) and an elec-
trooculogram (EOG) with three channels were recorded. ¿e EOG electrodes
were placed below the eyes and on the forehead. ¿e reference was positioned
on the tip of the nose. ¿e experimental stimuli were back-projected on a screen
with a LCD projector (Sanyo XP51) at 60Hz refresh rate. ¿e presentations dis-
tance was 60cm, leading to a display size of 2○x3.3○ of visual angle.

Data Analyses

All analyses were performed using custom code in Matlab R2010a (Math-
works, Natick, MA, USA), �eldtrip (Oostenveld et al., 2011) and Brainstorm
(Tadel et al., 2011).

Preprocessing

A er downsampling the data to 600Hz, artifacts due to muscle activity,
sensor-jumps and extreme noise were �rst detected automatically using �eld-
trip, followed by manual cleaning of the data. To account for sensor dri s, the
data were high-pass �ltered at 1 Hz. Moreover, frequencies above 100Hz and
the artifactual frequency bands around 50Hz and 60Hz were excluded using
a zero-phase Butterworth IIR �lter. To remove eye-related and cardiac arti-
facts from the data, we used an automated procedure based on an independent
component analysis. ¿e underlying algorithm relies on a correlation-based
and aweight-based artifact-metric computed for each independent component.
Components surpassing a selected threshold were labeled as artifacts and re-
moved from the data. ¿e optimal thresholds were determined automatically
based on a receiver operator characteristic (ROC) analysis applied to a subset
of the data for which two experts had classi�ed components as artifacts. ¿e
resulting algorithm was able to detect 98.1% of the components tagged by the
experts, with only 0.3% false positives (see Supporting Information and Figure
S4.4 for more details). Finally, although our fully randomized design prevents
systematic e�ects of head-position, we removed any residual e�ects form our
data. We �rst extracted a six dimensional description of the head position and
direction from the simultaneously recorded localization coils (NAS/LPA/RPA)
and used this to regress out the e�ects of head-position (Stolk et al., 2013). All
evoked potentials were baseline-corrected with respect to the 700ms of �xation
prior to the presentation of the �rst stimulus.
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Filter Approach and Statistical Analyses
¿e statistical analysis of multivariate MEG data introduces the problem of

multiple comparisons. ¿is problem is traditionally solved by either selecting
sensors of interest a priori, or alternatively by testing all sensors individually
and a erwards controlling for multiple comparisons, for instance by applying
non-parametric cluster-based correctionmethods (Maris &Oostenveld, 2007).
Unfortunately, an a priori selection of sensors is not without problems, either
because it is unclear which sensors should be selected or, even more so, be-
cause sensors of interest change over time. ¿e second solution, testing all sen-
sors individually while applying a cluster-based correction, allows for tests in
all sensors, but potentially at the price of decreased statistical sensitivity. Here
we overcome these limitations by using a novel spatiotemporal �lter approach,
which allowed us to focus on relevant yet temporally changing cortical activ-
ity without the need to select sensors of interest and without the problems of
controlling for multiple comparisons. ¿e key insight to our approach was the
observation that the response to the �rst stimulus in our adaptation paradigm
provides all information necessary to focus on relevant cortical processes dur-
ing the processing of the second stimulus. Hence, we were able to use the group
average response to the �rst stimulus in the baseline session (low-pass �ltered at
35 Hz using a zero-phase Butterworth IIR �lter) as spatiotemporal �lter on the
response to the second stimulus (see Figure 4.11). Importantly, the data used to
de�ne the �lter are independent of the experimental data in question (compar-
ing category-internal and category-external responses in the second stimulus).
In order to allow for comparisons of e�ect sizes across experimental sessions,
the underlying �lter was held constant. ¿e use of a di�erent �lter for every ses-
sion wouldmake it impossible to decide whether observed changes in the e�ect
sizes are merely due to changes in the underlying �lter. To ensure that this ap-
proach was appropriate for the current dataset, we performed a non-parametric
cluster test based on an F-statistic in which we compared the responses to the
�rst stimulus across all three sessions (baseline, session �ve, session 22) within
the �rst 300ms of processing (the cluster-threshold was set to p<0.05). No sig-
ni�cant di�erences were found, indicating that the same �lter was applicable
for all sessions.
By using the described �lter approach, the original 271 dimensional data were

projected into a highly informative one-dimensional subspace. ¿e approach
therefore circumvents the problem of multiple comparisons when considering
all sensors individually and avoids the need to select a subset of sensors a pri-
ori. ¿e assumption of this, and in fact any localizer approach, is that the same
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cortical processes are active during the trials used to de�ne the �lter and the
experimental trials of interest. While many experimental settings meet this as-
sumption, adaptation paradigms are particularly suited for this approach. ¿is
is due to the fact that they already presuppose the same cortical regions to be
active during the processing of the �rst and second stimulus. ¿e use of the
�rst-stimulus response as a �lter on the evoked response to the second is there-
fore simply a consequent extension of the experimental paradigm to the analysis
methodology. ¿e focus on the same cortical processes active during the �rst
stimulus provides additional bene�ts. First, it automatically excludes experi-
mentally irrelevant processes, such as motor-preparation, which can interfere
with relevant activity evoked by the processing of the category information of
the second stimulus. Moreover, as all statistical analyses are based on the �l-
ter activations, the cortical sources of found e�ects can be assumed to be co-
localized with the sources underlying the �lter. ¿is simpli�es the analysis on
source level by allowing to cortically localize the �lter signal.
In our analyses, we applied the spatiotemporal �lter to project the data of ev-

ery subject, condition, and session to a one-dimensional time-series. To tempo-
rally localize time-windows of interest, i.e. time-windows exhibiting signi�cant
category e�ects (p<0.05), we performed a paired t-test at every point in time
based on these �lter responses. Following this, we investigated for every can-
didate time-window whether the observed category selectivity was the result
of category training. ¿is is an important additional prerequisite in investiga-
tions of developing category selectivity, as found di�erences between category-
internal and category-external conditions could also be an inherent property
of the selected feature space and not the result of category training. As a next
step, we therefore tested each candidate time-window for a signi�cant increase
in e�ect size, as compared to the e�ect observed in the baseline session, by esti-
mating the interaction e�ect size and its 95% con�dence intervals. Corrections
for multiple comparisons across time were performed at this �nal stage by ap-
plying a Bonferroni correction at the cluster-level. As a result of this statistical
procedure, any cluster reported in the followingwill not only have shown signif-
icant category e�ects, but also a signi�cant training interaction, verifying that
the found e�ects are indeed caused by category training.
Summing up, by combining a novel �lter approach with rigorous statistical

analyses, we overcome the need to select sensors and time-windows of inter-
est while controlling for multiple comparisons in space and time. ¿e only free
parameter of the overall approach is the p-value for the selection of temporal
candidate windows, which was selected to be p<0.05. Finally, we here focus
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on the �rst 300ms of processing a er stimulus onset, as this time-window ap-
proximately resembles typical �xation durations during free-viewing of natural
scenes (Underwood et al., 1998).

Behavioral Relevance
To estimate the behavioral relevance of the observed category e�ects, we con-

trasted the e�ect size of adaptation trials in which the response of the subject
was correct and trials in which an incorrect response was given. ¿e reasoning
of this approach was that if the found e�ects are behaviorally relevant, larger
e�ects should be expected upon correct performance in the delayed match-to-
category task. Similar to the statistical analyses of the training-interactions, we
focused on clusters that exhibited signi�cant category e�ects and training in-
teractions, estimated the e�ect size and bootstrapped the respective upper- and
lower bounds of the 95% con�dence intervals (with replacement) while apply-
ing a Bonferroni correction for multiple comparisons at the cluster level.

Source Analysis
We used the sLORETA algorithm (Pascual-Marqui, 2002), as implemented

in the Brainstorm so ware (Tadel et al., 2011), on the data previously used to de-
�ne the spatiotemporal �lter in sensor space, to compare source activity on the
cortical surface. For every subject, we �rst segmented the individual MRI into
white and graymatter using Freesurfer (Fischl et al., 1999a; Dale et al., 1999). We
then performed the source reconstruction based on each individual anatomy
and aligned the results to MNI space (Colin27) using spherical averaging of
the cortical surfaces. To account for smaller errors in subject alignment, the
surface data were smoothed with a 10mm full-width-half-maximum Gaussian
Kernel. For statistical analyses, we contrasted the average source activity (L2-
Norm) during the earliest time-window of category selectivity in session �ve
(275-293ms) and session 22 (113-140ms) at every surface vertex and applied a
clusterwise correction formultiple comparisons based on a nonparametric per-
mutation test (Maris & Oostenveld, 2007). Only vertices showing p<0.05 were
included in the cluster estimates.
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4.2.6 Supporting Information

Supplemental Material: Automated ICA Component Tagging

In order to automatically remove eye-related and cardiac artifacts from the
data, an independent component analysis (ICA) was computed on the com-
binedMEG, ECG and EOG data. Two experts were asked to analyze part of the
data to classify eye- and cardiac-related components. ¿is labeled dataset was
then used to develop an automated procedure, which was applied to the whole
dataset as a �nal step (see Plöchl et al. 2012 for a related approach).

¿e automated procedure is based on two artifact-related metrics com-
puted for every component: correlation-based and weight-based. ¿e �rst
metric was computed by correlating the activity of each component with the
raw ECG signal and with eye-related activity, as computed by the di�erences
between the EOG channels (horizontal = le EOG-rightEOG and vertical =
mean(le EOG,rightEOG)-foreheadEOG). ¿e idea was that artifact-related
components should exhibit high activity at times in which the artifact is most
pronounced, as observed most directly in the ECG and EOG channels. Once
computed, the distribution of correlations across all components was z-scored
to obtain the �nal metric.

¿e second metric was based on the weights of each ICA component. As
mentioned above, the ICA was computed on the joint MEG, ECG and EOG
data. It was therefore possible to de�ne an artifact-related metric based on the
relative weight that each component ascribed to the dimensions containing the
ECG and EOG data. ¿e reasoning of this approach was that artifact-related
components should receive the clearest information from the artifact related
ECG and EOG channels and thereby ascribe high weights to them. To com-
pute the �nal weight-based metric values, we again applied a z-transformation
- this time, on the distribution of ICA-weights in each component. Once the
two artifact-metrics were de�ned, we performed a two-dimensional ROC anal-
ysis to determine the best combination of artifact thresholds for the two mea-
surements. To de�ne hits and false alarms, the labels provided by the experts
were used as ground truth. ¿e resulting thresholds lead to an artifact detec-
tion rate of 98.1%, with only 0.3% false positives. ¿ey were therefore used to
automatically label and reject all artifactual components in the whole dataset.
On average, 7.6 components were removed for every subject and session.
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Supplemental Figures

Baseline Session 5 Session 22

60

50

40

80

70

90

100

P
er

fo
rm

an
ce

 (
%

)
p = 0.0004

p = 0.0022

p = 0.0006

Figure S4.2: Adaptation Task Performance Relative to Chance Level. During the baseline
session, the performance of our subjects in the adaptation taskwas not signi�cantly di�erent
from chance, indicating that the category boundary could not be inferred without training.
With category training, however, signi�cant performance improvements were observed.
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Figure S4.3: Training Interaction. To test whether the found category e�ects in the tem-
poral candidate clusters are the result of category training, we estimated the e�ect size and
con�dence intervals of the training interaction (contrasting the category e�ects before and
after training). Only candidate clusters forwhich the 95%con�dence interval (Bonferroni cor-
rected for multiple comparisons at the cluster level: 98.3% con�dence intervals shown) did
not include zero were reported as showing signi�cant training e�ects. (a) Interaction e�ects
and con�dence intervals for temporal candidate windows in session �ve. (b) Same data for
session 22.
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Figure S4.4: ROC Analysis to Determine the Best Artifact Thresholds. Shown are the 2D-
ROC plots for the true- and false-positive rates. The optimal combination of thresholds yields
a true positive rate of 98.1% and only 0.3% false positives.
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4.3 Chapter Summary

Extending the notion of invariance, we here focused on the problem of object
categorization and its interplay with cortical plasticity. Previous research based
on naturally occurring categories demonstrated that categorical information is
extracted at a rather early stage of visual processing. However, it remained un-
known how novel categories are spatiotemporally represented in the brain and
how these representations change with extended category experience. In addi-
tion to problems with category-inherent low-level stimulus statistics, naturally
occurring categories cannot be used to answer questions of category learning,
as an experimental control for category exposure is impossible due to prior en-
counters.
To investigate emerging category representations, we trained our participants

to categorize two arti�cial categories of faces in two longitudinal studies. In the
�rst, we investigated behavioral e�ects of prolonged category experience. In
particular, we tested for e�ects that are indicative of a change in the underly-
ing type of category representation and investigated the interplay of low-level
stimulus properties with high-level category information during perceptual de-
cisions. We found thatwhile the initial performance of our participantswas best
explained by an exemplar-based representation (Gauthier & Palmeri, 2002), the
e�ects observed a er extensive category training indicated amore abstract type
of category representation. Together with this shi , we observed changes in the
integration of high- and low-level information with training. Whereas initial
performance in an odd-one-out paradigm was purely dependent on low-level
similarity between target and distractor, extensive training lead to a more dy-
namic use of low- and high-level information.
In the second experiment, we recorded cortical activity at di�erent stages

of category training using MEG, while our participants made categorical deci-
sions in a delayed match to category paradigm. Importantly, we ensured that
any found category e�ects were the result of training and not an inherent prop-
erty of the used stimulus space by including a baseline measurements preced-
ing training. Using this paradigm together with a novel �lter approach for the
analysis, we observed a spatiotemporal shi in category selectivity. A er lit-
tle training, category e�ects were observed at a late point in time, together with
stronger activity in prefrontal cortex. A er extensive training, however, the cat-
egorymembership of the shown stimulus was resolved signi�cantly earlier. ¿is
early category selectivity was accompanied by stronger activity in occipitotem-
poral cortex.
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Taken together, we showed in this chapter that extensive learning of novel
visual categories can lead to changes in the underlying category representation.
In line with the observed shi towards amore abstract category-representation,
we provided evidence for a spatiotemporal shi in the underlying network dy-
namics. ¿ese �ndings answer the question of how the brain robustly recog-
nizes re-occurring categories while allowing for su�cient plasticity to account
for rapid learning of novel categories: by relying on partially separate cortical
networks that either concentrate on novel and changeable categories or on re-
occurring categories for which e�cient and timely recognition is essential.
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5
General Discussion

In the past chapters, I described a series of experiments, in which we investi-
gated how the visual system robustly and e�ciently extracts information from
our complex and constantly changing environment. I focused on three main
aspects of recognition: sampling the environment, visual invariance, and cate-
gorization and plasticity. Sincemore detailed summaries were already provided
in the respective chapters, this section will focus on the principles of e�ciency
and robustness, which unify all experimental �ndings presented.
Regarding the �rst aspect of visual processing investigated, namely the sam-

pling of the environment, three eyetracking experiments were conducted in
whichwe testedwhether the sampling of information, in the formof overt visual
attention, interacts with cortical processes devoted to recognition and percep-
tion. Our analyses revealed a bi-directional in�uence. Whereas initial patterns
of overt visual attentionwere predictive of (and causally related to) the later con-
scious recognition, brie�y presented contextual information lead to substantial
changes in the sampling behavior, as evidenced by prolonged �xation durations.
¿e direction of change suggests a bias shi ed away from an explorative and to-
wards amore exploitive analysis strategy. An integration of attentional selection
and recognition processes is clearly e�cient, as it enables spatial and temporal
aspects of attentional sampling to guide but also to be guided by the current
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information state of the system. A shi ing exploration-exploitation bias fur-
thermore allows for dynamic reactions in response to environmental changes.
For the temporal aspects of attentional sampling, we have seen that extended
in-depth processing is initiated only a er su�cient knowledge about the overall
scene has been collected. ¿is behavior is also bene�cial with respect to an op-
timal survival strategy. A quick and dirty assessment of the visual scene should
precede a more elaborate analysis of local details, to reduce the chance that im-
portant aspects are overlooked. If the initial assessment is expedited, as in the
case of contextual information, more detailed processing can be initiated ear-
lier. Taken together, our eyetracking experiments provide behavioral evidence
that the processes of attentional sampling and object recognition interact to a
larger degree than previously thought, and in a dynamic, e�cient manner.
Following this, we concentrated on object recognition in a more static sce-

nario to investigate how information, once in the system, is e�ciently processed
to achieve visual invariance. ¿e experiments presented focused on the poten-
tially most drastic version of such identity-preserving variation: changes in 3D
viewpoint. Collecting fMRI data with high spatial resolution, we identi�ed a
spatially distributed, yet functionally speci�c representational property: selec-
tivity for mirror-symmetric viewing angles. ¿is e�ect was prevalent across a
large variety of higher-level visual areas in the ventral and dorsal visual streams,
indicating that viewpoint symmetry might be a fundamental property of visual
processing. In addition to demonstrating the overall e�ect, we provided evi-
dence for the causal involvement of the OFA in judgments of viewpoint sym-
metry in a follow-up TMS experiment. Interestingly, our analyses revealed that
stimulation applied to the hemisphere ipsilateral to the visual information lead
to speci�c impairments in symmetry judgments. ¿is hints at the possibil-
ity that hemispheric interactions are part of the neural mechanism underlying
viewpoint symmetry. In the third experiment in this series, we conducted an
EEG study to gain insight into the temporal development of viewpoint process-
ing. Our multivariate analyses revealed that the human brain exhibits e�ects of
viewpoint symmetry at an early stage of processing, around 120ms a er stim-
ulus onset. ¿is imposes further constraints on potential neural mechanisms,
excluding explanations that postulate extensive recurrent processing. At a later
stage of processing, we observed a marked shi in the representational simi-
larity structure. Instead of low-level similarity and symmetry e�ects, observed
earlier, the front-on viewpoint lead to signi�cantly di�erent activity patterns as
compared to all other views, potentially related to the social importance of di-
rect eye contact analyzed at later stages of visual processing. Let us again return
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to the question of how these �ndings demonstrate the e�cient and robust pro-
cessing capabilities of the visual system. With viewpoint symmetry, a property
previously unpredicted bymodels of viewpoint invariance, the visual systemhas
developed an e�ective way to reduce the computational complexity of the over-
all viewpoint invariance problem. Viewpoint symmetry could be implemented
by a simple mirroring operation, which is computationally inexpensive com-
pared to the potential bene�ts of increased viewpoint invariance. Moreover,
separating the analyses of di�erent facial properties across time, as observed
in our multivariate analyses of the EEG data, is again e�cient from a survival
point of view because detailed social information, such as shared attention, can
be assumed less time-critical compared to the overall recognition of objects in
a given scene.
In the third set of experiments, we studied the e�ects of categorization, which

can be considered a more general case of visual invariance, and its interplay
with cortical plasticity. To investigate how novel categories are cortically im-
plemented in novices and experts, we conducted two experiments in which we
extensively trained our subjects to distinguish two arti�cial categories of faces.
Using behavioralmeasures, we showed that prolonged training shi s the type of
category representation from an exemplar-based to amore abstract form of cat-
egory information. A er training, we observed a dynamic use of the available
information. When high-level category membership was uninformative for the
given task, our participants relied solely on low-level stimulus properties. How-
ever, when di�erential high-level information was present, the use of low-level
stimulus information was strongly attenuated. Following this purely behavioral
study, we combined category training with MEG to investigate the underlying
cortical mechanisms in more detail. In line with our behavioral results, our
analyses revealed a spatiotemporal shi in category selectivity. Whereas cate-
gory information in novices was resolved at a late stage of processing, involving
stronger activity in prefrontal cortex, experts exhibited much earlier category
e�ects, accompanied by stronger occipitotemporal activity. Picking up the uni-
fying theme of e�ciency, our behavioral data indicate that perceptual decisions
can rely on high- and low-level visual information in a dynamic manner, re-
cruiting low-level information on demand, if high-level information is not in-
formative for the current task. Moreover, our electrophysiological data demon-
strate that the initial representation of newly learned categories and the robust
recognition of re-occurring categories rely on partially separate cortical net-
works. ¿is suggests a solution to the question of how a balance is achieved be-
tween robust, fast recognition of re-occurring categories and considerable �exi-
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bility and plasticity. Changing the existing category representations too quickly
with every novel category, whether it might prove to be important in the long
run or not, jeopardizes the reliability of the recognition of well-established cate-
gories. It is therefore clearly sensible to initially separate novel and re-occurring
categories and to integrate a new category into the feed-forward mechanisms
only if it proves to be continually important.
All experimental results presented adhere to the unifying view of a dynamic

system, which has evolved intricate mechanisms to allow for e�cient, yet ro-
bust performance in a complex and changing environment. In this respect, the
current �ndings mark important advances to our understanding. An overall
focus on e�ciency in visual representations is, however, not new. Representa-
tional e�ciency, for example, is based on the insight that not all visual informa-
tion o�ered by the outside world needs to be represented equally by the visual
system. Rather than including unnecessary information and detail, a more e�-
cient approach would be to concentrate on relevant statistical regularities in the
environment. ¿is view has gained considerable empirical support in more re-
cent years. For instance, Gauthier et al. (2000a) demonstrated expertise e�ects
in otherwise face-selective regions for car and bird experts. When presented
with their category of expertise, the experts’ FFA exhibited increased activity,
indicative of a preferential treatment of the respective category by the visual
system. ¿e e�ects of statistical regularities on visual representations have also
been studied more explicitly. Again using fMRI, it was shown that faces and
bodies elicit strongest activation in face- and body-selective areas when being
presented in commonly experienced con�gurations in relation to the center of
�xation (Chan et al., 2010). Moreover, it was demonstrated that co-occurrence
statistics of objects in a large variety of scenes can be used to predict activity
levels in non-retinotopic anterior visual cortex (Stansbury et al., 2013). Taken
together, these functional imaging experiments indicate that the visual system
exploits statistical regularities to speci�cally represent re-occurring, relevant vi-
sual information. Psychophysical evidence for this account comprises the so-
called own-age and other-race e�ects. ¿e own-age e�ect is the phenomenon
that children perform signi�cantly better at recognizing their peers compared
to other age groups (Anastasi & Rhodes, 2005; Hills & Lewis, 2011). Conse-
quently, the optimal recognition age changes with subject age, and the visual
system seems to constantly focus on the currently relevant peer group. Simi-
lar e�ects have been reported with ethnicity. In the other-race e�ect, people are
signi�cantly worse in distinguishing individuals from another ethnicity. Impor-
tantly, the e�ect is not present from birth, but acquired in the �rst nine months
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(Kelly et al., 2007). Both e�ects, other-race and own-age, provide crucial evi-
dence that judgment of which information is relevant and cortically represented
can change and thereby emphasize the role of cortical plasticity in visual repre-
sentations. Whereas accounts based on statistical regularities can explain such
e�ects, theories purely based on the in�uence of genetic factors fail to account
for such developmental changes.
Closely related to the account based on statistical regularities, computational

approaches based on objective functions propose that visual representations are
the result of an optimization process that minimizes a selected criterion con-
tingent on the naturally occurring input to the system. ¿is implies that re-
ceptive �eld properties are the result of the interplay between natural image
statistics and unsupervised optimization procedures. In the introduction, we
have already touched upon perhaps the most prominent objective function in
discussing di�erences between fully distributed and grandmother-cell-like rep-
resentations in higher-level visual cortex. Sparse coding (Barlow, 1961) suggests
that the receptive �elds of neurons should be shaped such that only a small frac-
tion of neurons in a given population respond strongly at any given time. As an
important proof of concept, it was shown that an application of the sparse cod-
ing principle to natural images can result in feature detectors that closely resem-
ble the receptive �eld properties of simple cells in the striate cortex (Olshausen
& Field, 1996). Experimental evidence for sparse coding in the brain has been
provided by �ndings in early visual areas (Vinje & Gallant, 2000; Ravikumar
et al., 2008) and higher-level visual cortex (Young & Yamane, 1992). As an
extension of this approach, the closely related concepts of stability (Einhäuser
et al., 2002; Körding et al., 2004; Wyss et al., 2006; Einhäuser et al., 2005), slow-
ness (Wiskott & Sejnowski, 2002; Berkes &Wiskott, 2005; Franzius et al., 2008)
and temporal coherence (Wallis & Rolls, 1997; Rolls, 2012) have been proposed.
¿ese approaches build on the observation that noise and small environmental
changes vary on a faster timescale than the identity of meaningful elements in a
given scene. As an example, imagine walking past another person in the street.
Sensory noise, movement, and saccades cause fast changes on your retina. On
a slower timescale, the viewpoint from which you see the other person will
change as you walk by. On the slowest timescale, however, is the identity of the
person, which stays constant. By exploring the spatiotemporal structure of the
input, the family of ’slow’ objective functions bootstraps information from the
input and learns invariances on multiple levels of description. Independently
of the objective function chosen, a hierarchical application of the optimization
can lead to increasingly complex features, which respond quickly to increas-
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ingly slow features of the visual input. To return to the walking example, a hier-
archical application of this principle predicts that identity information should
be resolved at a later stage than viewpoint information, because it varies on a
slower timescale. When applied hierarchically, these approaches are similar to
Neocognitron and its descendants, which also rely on the repeated application
of identical selection criteria to achieve increasingly invariant and complex rep-
resentations across di�erent network layers. However, these approaches, with
the notable exception of VisNet (Wallis & Rolls, 1997), do not include tempo-
ral information, and do not explicitly optimize a given objective function, but
mirror the statistics of natural input through a random representation of static
images.
To return to our previous discussion of e�ciency, we have now established

that an e�cient representation implies neither a uniform representation of all
available information, nor a static representation. Instead, e�ciency and ro-
bustness are best understood in terms of a dynamic focus on relevant represen-
tational subspaces, which optimally support the survival and the current task of
the organism. ¿is focus on subparts of the visual input does not imply that the
existing representations are themselves not a veridical, one-to-one portrayal of
the external world. We will now, however, go one step further and argue that
veridicality is not necessary for e�ciency. In fact, there are situations in which
a non-veridical representations can be highly bene�cial. In the introductory
chapter, we have seen that the information entering our brain is far from per-
fect due to the inhomogeneities of the retina. Extending this view, the results of
our experiments suggest that cortical representations, too, are clearly not veridi-
cal. As proposed above, non-veridicality can be seen as a feature, rather than a
shortcoming, when the overall goal of the system is considered. As a �rst ex-
ample, let us consider the case of viewpoint-invariant face identi�cation. If the
goal of the system is to recognize a face irrespective of the current viewpoint,
then a veridical representation of the exact viewpoint is task-irrelevant. Mech-
anisms like viewpoint symmetry, which presumably collapse symmetric view-
points onto similar response patterns, provide a shortcut to invariant recogni-
tion, albeit at the cost of veridicality. A similar argument can be constructed
based on our visual memory. As illustrated in the introduction, we are aston-
ishingly bad at determining whether a seen picture was mirror-reversed across
the vertical axis (Mona Lisa example). ¿is demonstrates that visual memories,
too, are not veridical. Ambiguous stimuli, and in fact a large variety of percep-
tual illusions including binocular rivalry (Tong et al., 2006), provide another
argument against a cortical representation that is faithful to the outside world.
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¿e very idea of ambiguous stimuli two di�erent interpretations are possible
from exactly the same stimulus. Despite the fundamental ambiguity, the visual
system settles on a single interpretation at any given moment in order to allow
unique actions and predictions. Of course, this does not imply that the system
is or should be blind to the overall ambiguity, as alternative interpretations can
provide valuable information and should therefore not bemissed. Nevertheless,
mirroring the outside world would not solve the overall problem of ambiguity.
As a �nal example, we have seen that cortical representations are not stable but
undergo constant re-organization to account for changes in the external world
or in the system itself. Although the underlying stimulus is again constant,
categorization training can alter the perceptual similarity between categories
such that stimuli belonging to di�erent categories are perceived as less simi-
lar while stimuli of the same category are perceived as more similar, although
the actual di�erences between the stimuli are identical in both cases. Clearly, a
strict veridical form of representation does not predict such perceptual changes.
Taken together, we have seen that e�cient and robust visual representations do
not need to be complete or veridical. "For natural selection does not care about
truth; it cares about reproductive success" (Stich, 1990, p. 62).
¿e view that I defended in the last paragraph suggests that visual repre-

sentations are tuned to the requirements of the overall system and the statis-
tical regularities of its natural input, even if this implies non-veridicality. ¿is
view is strongly coherent with a more recent philosophical position in cogni-
tive science, which strongly emphasizes the role of the complete organism and
its action repertoire in understanding cognition (Varela et al., 1993; Clark, 1999;
O’Regan & Noë, 2001; Engel et al., 2013). Contrary to the classical representa-
tional approach, the key idea of these proposals is that the goal of vision is not
a faithful representation of the surrounding world, but rather the extraction of
action-relevant aspects from the visual input. Recent advances in functional
neuroimaging support the view that action-related properties can shape visual
representations in areas predominantly associated with visual processing (Ma-
hon et al., 2007; Bracci & Peelen, 2013). In line with this more integrated view,
it has been shown that visual category information is present in cortical areas
outside the traditional ventral stream, including the parietal (Fitzgerald et al.,
2012) and even early somatosensory cortex (Smith & Goodale, 2013). Poten-
tially unifying these diverse �ndings, it has been suggested that the overall or-
ganization of domain-speci�c conceptual knowledge in the brain is the result
of functional coupling between distinct cortical areas, including but not limited
to sensory andmotor-areas, which process information about the same domain
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(Mahon & Caramazza, 2011). Interpreting neuronal selectivity in light of net-
work dynamics, instead of the traditional stimulus-to-response mapping, has
the advantage that it easily allows for the integration of action-related aspects
in otherwise purely sensory regions. As a potential mechanism for such large-
scale integration, neuronal synchronization was suggested (Varela & Lachaux,
2001; von Stein et al., 2000; Engel et al., 2001; Hipp et al., 2011). Finally, incorpo-
rating the action repertoire of the embedding organism into our understanding
of visual function provides an elegant answer to the question of how di�erent
species can develop di�erent visual receptive �eld properties, despite being sub-
ject to comparable image statistics (König & Krüger, 2006; Weiller et al., 2010).
What should be clear, not only from this general discussion but throughout

this dissertation, is that vision research is an interdisciplinary endeavor at the
heart of cognitive science, which fascinates and challenges neuroscientists, psy-
chologists, computer scientists and philosophers alike. With this great variety
of scienti�c disciplines comes a largely successful scienti�c approach that spans
multiple levels of explanations: experimentally, from single-cell recordings to
neuroimaging of the whole brain; algorithmically, from low-level unsupervised
learning to high-level symbolic processing; and conceptually from neuronal
plasticity to conscious perception. ¿ese are exciting times to be a cognitive
scientist, with experimental methods that allow for previously unheard-of tem-
poral and spatial accuracy in our measurements and computational power that
supports models of a complexity unthinkable only a decade ago. Importantly,
it is now starting to be understood that only by bridging the gaps between all
involved disciplines and by embracing a multi-leveled approach will we even-
tually be able to understand all aspects of one of the most prominent functions
of the brain: vision.
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6
Appendix

6.1 Measures and limits of models of �xation
selection1

AbstractModels of �xation selection are a central tool in the quest to un-
derstand how the human mind selects relevant information. Using this
tool in the evaluation of competing claims o en requires comparing dif-
ferent models’ relative performance in predicting eye movements. How-
ever, studies use a wide variety of performance measures with markedly
di�erent properties, which makes a comparison di�cult. We make three
main contributions to this line of research: First we argue for a set of de-
sirable properties, review commonly used measures, and conclude that
no single measure unites all desirable properties. However the area un-
der the ROC curve (a classi�cation measure) and the KL-divergence (a
distance measure of probability distributions) combine many desirable
properties and allow a meaningful comparison of critical model perfor-
mance. We give an analytical proof of the linearity of the ROC measure
with respect to averaging over subjects and demonstrate an appropri-
ate correction of entropy based measures like KL-divergence for small
sample sizes in the context of eye-tracking data. Second, we provide a

1¿is section was published together with Torsten Betz, Niklas Wilming, and Peter König as a
peer reviewed article in Plos One. See Publication List for details.
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lower bound and an upper bound of these measures, based on image-
independent properties of �xation data and between subject consistency
respectively. Based on these bounds it is possible to give a reference frame
to judge the predictive power of a model of �xation selection. We pro-
vide open-source python code to compute the reference frame. ¿ird, we
show that the upper, between subject consistency bound holds only for
models that predict averages of subject populations. Departing from this
we show that incorporating subject-speci�c viewing behavior can gen-
erate predictions which surpass that upper bound. Taken together, these
�ndings lay out the required information that allow a well-founded judg-
ment of the quality of anymodel of �xation selection and should therefore
be reported when a new model is introduced.

6.1.1 Introduction

Amagni�cent skill of our brain is its ability to automatically direct our senses to-
wards relevant parts of our environment. In humans, the visual capacity has by a
large margin the highest bandwidth, making directing our eyes towards salient
events the most important method of selecting information. We sample the vi-
sual input bymaking targetedmovements (saccades) to speci�c locations in the
visual �eld, resting our gaze on these locations for a few hundred milliseconds
(�xations). Controlling the sequence of saccades and �xation locations thereby
determines what parts of our visual environment reach our visual cortex, and
contingently conscious awareness. Understanding this process of information
selection via eye movements is a key part of understanding our mental life.
A common approach to investigate this process has been to use computa-

tional models that predict eye movements to gain insights on how the brain
solves the problem of determining where in a scene to �xate (Itti &Koch, 2001b;
Itti & Baldi, 2005b; Kanan et al., 2009; Kienzle et al., 2009; Parkhurst et al., 2002;
Peters et al., 2005; Zhang et al., 2008). ¿e similarity of empirical eye-tracking
data and model predictions is then used as an indication of how well the model
captures essential properties of the �xation selection process. For this chain
of reasoning, i.e. for drawing inferences about the workings of the brain, it is
highly relevant how the quality of a model of �xation selection is measured.
Furthermore, if di�erent models are to be compared and judged, there needs
to be an agreed upon metric to make this comparison possible. Of equal im-
portance for model comparisons is the data set that is being used as ground
truth. Di�erent data sets might be more or less di�cult to predict, which con-
founds a potential model comparison across di�erent studies. In this article, we
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investigate metrics for evaluating models of �xation selection, and methods to
quantify how well models of �xation selection can score on a speci�c data set.
¿is leads to a framework for evaluating and comparing models.

Before we can discuss howmeasures and data set in�uence the evaluation, we
have to be clear about what models of �xation selection actually predict. Even
though the ultimate goal of the model may be to predict �xation locations, the
actual mechanism of �xation selection is usually not addressed in detail. In-
stead the focus is on computing a topographic representation of how strongly
di�erent parts of the image will attract �xations. Classically, each region in an
image is assigned a so-called salience value based on low-level image properties
(e.g. luminance, contrast, color) (Itti & Koch, 2001b; Itti & Baldi, 2005b; Kanan
et al., 2009; Kienzle et al., 2009; Parkhurst et al., 2002; Peters et al., 2005; Zhang
et al., 2008). ¿e topographic representation of the salience values for all image
regions is known as the salience map. Some models furthermore incorporate
image-independent components, like the fact that observers tend tomakemore
�xations in the center of a screen than in the periphery regardless of the pre-
sented image, known as a spatial (or central) bias (Tatler&Vincent, 2009; Zhang
et al., 2008; Tatler, 2007; Tatler et al., 2005). Other forms of higher level infor-
mation that have been used in models of �xation selection are task-dependent
viewing strategies, information about face-locations and search-target similar-
ity (Cerf et al., 2008, 2009; Hwang et al., 2009; Torralba et al., 2006). However,
even in those models the important output is a map of �xation probabilities.
¿us, in accordance with the focus on this approach in the modeling literature,
we restrict our analysis to the evaluation ofmodels that generate a saliencemap.
Since the empirical data that these saliencemaps have to be evaluated against are
not maps themselves, but come in the form of discrete observations of �xation
locations, it is not obvious a priori how to judge the quality of such a model.

In the �rst part of this article, we therefore review di�erent commonly used
evaluation measures. We de�ne properties that are desirable for evaluation
measures and provide evidence that many commonly used measures lack at
least some of these properties. Because no singlemeasure has all of the desirable
properties, we argue that reporting both theAreaUnder the receiver-operating-
characteristic Curve (AUC) for discriminating �xated from non-�xated loca-
tions, and the Kullback-Leibler divergence (KL divergence) between predicted
�xation probability densities and measured �xation probability densities, gives
the most complete picture of a model’s capabilities and facilitates comparison
of di�erent models.
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In the second part of this work, we turn to properties of �xation distributions
and examine what impact they have onmodel evaluation and comparison. Our
aim is to formalize the notion of how di�cult a data set is to predict, which will
facilitate comparisons between models that are evaluated on di�erent datasets.
We use the image- and subject-independent distribution of �xation locations
(spatial bias) to establish a lower bound for the performance of attention mod-
els that predict �xation locations. ¿e predictive power of every useful model
should surpass this bound, because it quanti�es how large evaluation scores
can become without knowledge of the image or subject to be predicted. Com-
plementary to this, we use the consistency of selected �xation locations across
di�erent subjects (inter-subject consistency) as an upper bound for model per-
formance, following (Ehinger et al., 2009; Cerf et al., 2009; Einhäuser et al.,
2008; Harel et al., 2007; Hwang et al., 2009; Kanan et al., 2009). ¿e reliability
of these bounds depends on how well they can be estimated from the data be-
ing modeled. We therefore provide a detailed investigation of the spatial bias as
well as inter-subject consistency, and their dependence on the size of the avail-
able data set. ¿is establishes a reference frame that allows judging whether
improvements in model performance are informative of the underlying mech-
anism and facilitates model comparison.
Finally, we examine the conditions under which the proposed upper bound

holds by turning to a top-down factor that has so far been neglected in the liter-
ature. We show that incorporating subject idiosyncrasies improves the predic-
tion quality over the upper bound set by inter-subject consistency. ¿is should
be interpreted as a note of caution when using our proposed bounds, but does
not call into question their validity in themore general and typical case of mod-
eling the viewing behavior of a heterogeneous group of subjects.

6.1.2 Results

Measures of model performance
In this section, we review commonly used measures for the evaluation of

models of �xation selection. Our aim is to investigate, on a theoretical basis,
what the advantages and disadvantages of di�erent measures are and to iden-
tify the most appropriate measure for model evaluation. To reach this aim, we
choose a four step approach. First, we establish a list of desirable properties for
evaluationmeasures. Second, we identify commonly usedmeasures in the liter-
ature and describe how they comparemodel predictions to eye-movement data.
¿ird, we assess how the measures fare with regard to the desirable properties.
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Justi�ed by this, we recommend the use of the AUC. Finally, we elucidate the
e�ect of pooling over subjects and conclude that in some circumstances, KL-
divergence is a more appropriate measure.

Desirable properties for evaluation measures
Evaluation scores of amodel of �xation selectionwill at some point be used to

compare it to othermodels. Such comparisons are not only di�cult because dif-
ferent data sets are being used, but also because the interpretation of evaluation
measures can be di�cult. Informed by our ownmodeling work and by teaching
experience, where several points repeatedly obstructed the comparison of dif-
ferent models, we de�ne two properties that help to interpret evaluation scores:

• Few parameters: ¿e value of an evaluation measure ideally does not de-
pend on arbitrary parameters, as this canmake the comparison ofmodels
di�cult. If parameters are needed, meaningful default values or a way of
determining the parameters are desirable.

• Intuitive scale: A good measure should have a scale that allows intuitive
judgment of the quality of the prediction. Speci�cally, a deviation from
optimal performance should be recognizable without reference to an ex-
ternal gold standard.

Models of �xation selection are usually evaluated against eye-tracking data,
which is typically very sparse in relation to the size of the image that is be-
ing viewed. It is therefore desirable for an evaluation measure to give robust
estimates based on low amounts of data:

• Low data demand: During a typical experiment, subjects can usually
make only a relatively small number of saccades on a stimulus. ¿us,
an ideal measure should allow for a reliable estimate of the quality of a
prediction from very few data points.

• Robustness: A measure should not be dominated by single extreme or
unlikely values. Consider, for example, that the prediction of a �xation
probability distribution consists of potentially severalmillion data points.
¿e result of the prediction of a single data point should not have a large
impact on the overall evaluation. A measure should also be able to deal
with the kinds of distributions typically occurring in eye-tracking data. A
�xation density map (seeMaterials andMethods) is usually not normally
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distributed but, due to its sparseness, dominated by the presence of many
very unlikely events.

¿e properties presented here aim at ensuring that an evaluation measure is
suitable to deal with eye-tracking data and to ensure that an evaluation score
can be meaningfully interpreted. ¿e list is not necessarily exhaustive, but we
argue that any exhaustive list would have to contain these properties.

Existing measures
To identify commonly usedmeasures, we sought articles that present or com-

pare salience models which operate on static images of natural scenes. We
used the Google Scholar bibliographic database (scholar.google.com) to search
for articles that were published a er the year 2000 and contain the words
”eye", ”movement", ”model", ”salience", ”comparison", ”�xation", ”predicting"
and ”natural" somewhere in the text. ¿is list of key-words was selected because
omitting any one of themdisproportionately increases the number of results un-
related tomodels of human eyemovements. ¿e search was performed on June
28, 2011. We manually checked the �rst 200 articles for evaluations of salience
models on static natural scenes. In the resulting 25 articles(Hwang et al., 2009;
Itti & Baldi, 2005b; Kienzle et al., 2009; Peters et al., 2005; Itti & Koch, 2001b;
Torralba et al., 2006; Açik et al., 2009; Cerf et al., 2009; Harel et al., 2007; Bad-
deley & Tatler, 2006; Elazary & Itti, 2008; Betz et al., 2010; Butko & Movellan,
2008; Ehinger et al., 2009; Parkhurst et al., 2002; Einhäuser et al., 2008; Cerf
et al., 2008; Zhang et al., 2008; Kanan et al., 2009; Renninger et al., 2007; Bruce
&Tsotsos, 2009; Kootstra et al., 2011; Yanulevskaya et al., 2011; Parikh et al., 2010;
Tatler et al., 2005; Tatler & Vincent, 2009) eight di�erent measures are used to
compare eye-tracking data to predictions of �xation locations.
We sort the seven di�erent measures into three groups, based on the com-

parison they perform. ¿e three measures in the �rst group, chance-adjusted
salience, normalized scan-path salience and the ratio of medians, compare the
central tendency of predicted salience values at �xated locations with salience
values at non-�xated locations. ¿e second group, comprising 80th percentile,
AUC and the naïve Bayes classi�er, treats the salience map as the basis for a bi-
nary classi�cation of locations as either �xated or non-�xated and evaluates the
classi�cation performance. ¿e third group includes the KL-divergence and
the Pearson product moment correlation coe�cient. For these measures, the
model output is interpreted as a �xation probability density, and the di�erence
between this and a density estimated from actual �xation data is computed.
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• Chance-adjusted salience (Sa) (Parkhurst et al., 2002) is the di�erence be-
tween the mean salience value of �xated locations on an image and the
mean salience value of the viewed image. ¿ereby, if values are larger
than 0, salience values at �xated locations are above average.

• Normalized scan-path salience (NSS) (Peters et al., 2005) is the mean of
the salience values at �xation locations on a salience map with zeromean
and unit standard deviation.

• ¿e ratio of medians (Parikh et al., 2010) compares the salience values at
�xated locations to the salience at random control points. ¿e salience
value of a location is determined by �nding the maximum of the salience
map in a circular area of radius 5.6 degree around that location. ¿e me-
dian salience at �xated locations and the median salience of a set of ran-
dom control points on the same image are computed for each image. ¿e
ratio of both medians is used as evaluation measure.

• ¿e 80th percentile measure (Torralba et al., 2006) reports the fraction
of �xations that fall into the image area that is covered by the top 20% of
salience values. It therefore reports the true positive rate of a classi�er that
uses the 80th percentile of the salience distribution as a threshold. ¿e
selected area covers, by de�nition, 20% of the image, which is therefore
the expected value for a random prediction.

• ¿e area under the receiver-operating-characteristics curve (AUC) (Tatler
et al., 2005) describes the quality of a classi�cation process. Here, the clas-
si�cation is based on the salience values at �xated and non-�xated image
locations. All locations with a salience value above a threshold are clas-
si�ed as �xated. ¿e AUC is the area under the curve that plots the true
positive rate against the false alarm rate for all possible thresholds (the
receiver operating characteristic). As the threshold is continuously low-
ered from in�nity the number of hits and false alarms are both increas-
ing. When the salience map is useful, the hits will increase faster than
the false alarms. With still lowering threshold the latter will catch up and
the fraction of hits and false alarms both reach 1 (100%). ¿e AUC gives
an estimate of this trade-o�. An area of 1 indicates perfect classi�cation,
100% hits with no false alarms. An area of 0.5 is chance performance. See
Fawcett (2006) for an introduction to ROC analysis.
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• ¿e percent correct of a naïve Bayes classi�er (Tatler &Vincent, 2009) that
distinguishes between salience values at �xated and non-�xated locations
can be used as amodel evaluationmeasure. ¿e classi�er is trained by es-
timating the probability distributions P(S∣F) and P(S∣F) , where S refers
to the salience value of a point and F signals if the point was �xated or not,
on a subset of the data. Unseen data points are classi�ed as �xated based
on their salience if P(F∣S) > P(F∣S). ¿e percent correct score is com-
puted in a cross-validation scheme such that all data points are classi�ed
as part of the test set once.

• ¿eKullback-Leibler divergence (DKL) (Itti & Baldi, 2005a,b) is ameasure
of the di�erence between two probability distributions. In the discrete
case it is given by:

DKL(P∣∣Q) =∑
i
P(i)log(

P(i)
Q(i)

)

In the case of salience map evaluations, P denotes the true �xation prob-
ability distribution and Q refers to the model’s salience map that is a
2D probability density function. For every image location the true �x-
ation probability is divided by the model �xation probability and the
logarithm of this ratio is weighted with the true �xation probability of
the location. ¿erefore, locations that have a high �xation probability
are emphasized in the DKL values. ¿e DKL is a non-symmetric mea-
sure (DKL(P∣∣Q) = DKL(Q∣∣P) does not hold for all P and Q). ¿is
is irrelevant for model evaluation, but becomes relevant when it is not
clear what the true probability is, e.g. for evaluating inter-subject vari-
ability. In this case, a symmetric extension of DKL can be obtained by
DKL(P∣∣Q) + DKL(Q∣∣P).

• ¿e Pearson product-moment correlation coe�cient (correlation) (Koot-
stra et al., 2011; Hwang et al., 2009) is a measure of the linear dependence
between two variables. ¿e correlation coe�cient between two samples
is given by:

r = ∑
n
i=1(Xi − X̄)(Yi − Ȳ)

√
∑
n
i=1(Xi − X̄)2

√
∑
n
i=1(Yi − Ȳ)2

where X and Y are the two variables, and X̄ and Ȳ are the sample means.
Evaluating models of �xation prediction with this measure requires a lit-
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tle conceptional gymnastics. If the values in a prediction map are inter-
preted as observations of variable X, and the values in the empirical �xa-
tion probability distribution at the same pixel locations are interpreted as
observations of variableY with the same index, the correlation coe�cient
between prediction and ground truth can easily be computed. ¿e Pear-
son product moment correlation coe�cient is bounded between −1 for
predictions that are the inverse of the ground truth (ground truth mul-
tiplied with a negative number, plus or minus any number), and 1 for
perfect predictions. A value of 0 indicates that there is no linear relation
between the prediction and the empirical �xation density.

Evaluation of measures with respect to the described properties
Having proposed a list of desirable properties and introduced a number of

di�erent measures, we can now examine how these measures cope with the re-
quirements and what aspect of the prediction they evaluate. For an overview,
please see Table 6.1.

• Few parameters: ¿ere are three measures that do not have parameters:
Sa, NSS and AUC. ¿e ratio of medians is dependent on the radius that
is used for selecting a salience value for a �xation. Although there may
be reasons for choosing one value over another, this parameter is essen-
tially arbitrary. ¿e percentile chosen for the 80th percentile measure
is completely arbitrary; it might as well be the 82nd percentile. For the
naïve Bayes classi�er, the correlation and the KL-divergence, it is nec-
essary to estimate probability distributions, which in the simplest case
depends on the binning used. ¿e naïve Bayes classi�er furthermore re-
quires the speci�cation of the number of cross-validation runs.

• Intuitive scale: Sa does not have an intuitive scale since the mean and
range of a salience map are arbitrary and both in�uence the scale. ¿e
ratio of medians method is also not intuitive as it is not obvious how the
resulting scores are to be interpreted. What does it mean that salience
at �xated locations is 1.3 times higher than at random locations? What
would it mean if it were 1.4 times higher instead? ¿e interpretation of
KL-divergence scores is also di�cult for similar reasons. NSS has a rather
intuitive scale because it uses the standard deviation of the salience map
as its unit. All three classifying measures (80th percentile, AUC, naïve-
Bayes) are bounded, which should make their score easy to interpret by
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comparing the model score to the theoretical maximum. However, when
using eye-tracking data, the categorization of points into the classes ’�x-
ated’ and ’non-�xated’ is non-trivial. Strictly speaking, there are no non-
�xated points: If we just record data long enough, there is no principle
reason why a speci�c point on the screen cannot be �xated. ¿us, any
method for selecting non-�xated and �xated points will produce over-
lapping sets, which cannot be perfectly separated. In turn, no classi�er
can reach its theoretical maximum score in this task. In Materials and
Methods: ¿eoretical maximum value for AUC we show how to approx-
imate the actual theoretical maximum score of the AUC, given a set of
�xations. Despite these considerations, the meaning of classi�cation per-
formance (80th percentile, naïve Bayes) is straightforward. ¿e meaning
of the AUC is not as intuitive but also allows to quickly assess the qual-
ity of a model. ¿e interpretation of correlation scores is rather intuitive:
scores are bounded from both sides and can be interpreted as the linear
dependence between prediction and ground truth. However, interpreta-
tion of a speci�c correlation value becomes less trivial if the actual de-
pendence structure is not linear. In that case, which is typical for �xation
data, the measure can be misleading when interpreted as if the condition
of linearity was ful�lled.

• Low data demand: ¿e three methods that require probability density
functions, KL-divergence, correlation and naïve Bayes classi�er, require
a lot of data to form accurate estimates of the necessary probability dis-
tributions. In contrast, all other methods use only the �xated locations
as positive instances and can in principle be computed on very few data
points.

• Robustness: Sa uses the mean to summarize information about salience
values at �xation locations. Since the mean is not robust against outliers,
neither is Sa. NSS also uses the mean, but �rst normalizes the salience
map to zero mean and unit standard deviation. ¿us, extreme outliers
will have a weaker e�ect than for Sa, but still in�uence the result. ¿e ra-
tio of medians uses the median as a descriptive statistic of salience at �x-
ated and control points. ¿is ensures that extreme outliers have no neg-
ative e�ect. ¿e naïve Bayes classi�er is not by de�nition robust against
outliers, as its robustness depends verymuch on how the necessary prob-
ability distributions are estimated. If simple bin counting is used it is not
robust against outliers. Similar arguments hold for the KL-divergence
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and the correlation, where the true �xation probability distribution has
to be estimated from the data.

Table 6.1: Summary of described evaluation measures. The table shows a summary of
the evaluation measures and their performance with regard to the desirable properties de-
scribed above. ’+’ indicates that the measure exhibits the property, while ’0’ and ’-’ indicate
that the measure is neutral w.r.t. to the property or does not exhibit it.

Sa NSS M f ix/Mr 80th AUC naïve Bayes KL Corr
Intuitive Scale - 0 - + + + - 0
Few Parameters + + - - + - - -
Robustness - - + + + - - -
Low data demand + + + + + - - -

In summary, our evaluation shows that there are large di�erences in the suit-
ability of the di�erent measures when it comes to evaluating models of �xation
selection. Sa, NSS and the ratio of medians are not intuitive to interpret and/or
not robust. From the three classi�cationmeasures, the AUC appears to be most
favorable. It improves on the 80th percentile measure by removing the arbitrary
parameter and by including false alarms into the analysis. ¿e naïve Bayes ap-
proach needs more data than is o en available and the estimation of probabil-
ity density maps is non-trivial. Correlation and KL-divergence need much data
and require the estimation of density functions. Additionally, KL-divergence is
not easy to interpret, but has a sound theoretical basis when the comparison of
probability densities is concerned. ¿e AUC stands out on the properties we
have outlined. Based on our de�ned requirements, the AUC seems to be the
best choice for evaluating models of �xation selection.

¿e e�ect of pooling over subjects

¿e selection of an appropriate measure is only one aspect of the evalua-
tion process. Additionally, properties of the data against which the model is
evaluated are of importance. Usually, when devising models of �xation selec-
tion, we are interested in the combined viewing behavior of several subjects,
i.e. �xation data is pooled across subjects. ¿e model should preferably pre-
dict those locations that are �xated by many subjects, because these �xations
are most likely caused by salience or other factors that are stable across sub-
jects, and not causes of �xations that are irrelevant to understanding informa-
tion selection mechanisms. As a consequence of this, models that are trained
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to predict the joint-subject viewing behavior should perform better in predict-
ing �xations from a set of subjects than in predicting the individual subjects
from that set. ¿is important property of model quality is not captured by the
AUC and NSS . Figure 6.1 shows an example, where the quality of prediction
as measured by AUC or NNS for the combined smooth �xation density map
is just as good as the average quality of prediction of the individual subjects.
¿at this is a general property of the NSS measure is easy to see: it takes the
mean salience values at �xated locations, and for the mean it does not make a
di�erence whether we take it for subsets individually and then average over the
resulting value, or take the mean of the complete set directly. ¿e linearity of
AUC under decomposition of positive observations into subsets is less obvious,
but proven in Materials and Methods: Proof of AUC linearity. In contrast, KL-
divergence and correlation yield better values for predicting the joint viewing
behavior, because they operate on �xation density map estimates, which take
the spatial relation between �xations into account, and they are thus able to
give non-linearly more weight to those locations that have been looked at by
many subjects (see Figure 6.1). ¿is non-linear weighting can be a good reason
to consider the KL-divergence or correlation formodel evaluation, despite their
computational di�culties mentioned above. Deciding which of the two mea-
sures to use when one wants to exploit the e�ect of pooling over subjects is a
di�cult questions. Both measures are not robust, and both have the potentially
disadvantageous property of being sensitive to non-linear monotonic transfor-
mations of the prediction. Correlation has the advantages of boundedness and
being slightly less sensitive to some rescalings of the model output. However,
the intuitive interpretation of its scale breaks down and becomes misleading if
the dependence that is being measured is not really linear. KL-divergence is ex-
tremely sensitive to low (close to zero) predictions for locations that get a higher
empirical salience, but is conceptually more appropriate for comparing proba-
bility distributions. In the end, both measures are not optimal, but because of
its sound theoretical basis, we recommend using the KL-divergence when one
wants to capture the ability of the model to exploit similarities in the viewing
behavior within a group of subjects. In practical applications of this measure,
one should also be aware of an additional complication: KL-divergences are de-
pendent on the number of �xations used to compute the �xation density maps
(Materials and Methods: Fixation density map estimation). As a result, values
which are estimated from di�erent numbers of �xations are not directly compa-
rable. For example, when the average �xation duration in an experiment with
�xed viewing time per stimulus is dependent on image category, this can con-

170



6.1 Measures and limits of models of �xation selection

Figure 6.1: Predicting the joint �xation selectionprocess of several subjects vs. predict-
ing individual subjects. The prediction in this case was generated not from a model but
from the �xations of several independent subjects. It therefore captures the joint process of
a group of subjects. When treated as a classi�cation problem (top row), only the �xation loca-
tions are important. In this case, themean of the AUC or NSS scores for the individual evalua-
tions are identical to the AUC or NSS score of evaluating the joint process. When treated as a
stochastic process (bottom row; seeMaterials andMethods: Fixation densitymap estimation
for computational details of �xation density map estimation), locations that were �xated by
one but not all subjects are less important to predict. KL-divergence, which evaluates not
individual �xations but the prediction of the stochastic process, yields a better score for the
evaluation of the joint process. This also holds true when it is corrected for the number of
�xations in the data (KLc).

found a comparison between categories. InMaterials andMethods: Correction
of KL divergence for small samples we investigate this dependency and describe
amethod for correctingKL-divergence scores for the bias introduced by limited
data by exploiting the measure’s relation to information entropy. In summary,
the linearity of AUC under decomposition into subsets and the sensitivity of
KL-divergence and correlation for joint-viewing versus single-subject behavior
are both relevant whenever a model of �xation selection is evaluated against
�xation data. KL-divergence is especially appropriate when �xation data from
a group of subjects are the target of a prediction.

Intermediate Summary
¿is section focused on a theoretical investigation of di�erent evaluation

measures that are used to evaluate models of �xation selection. We conclude
that AUC excels with respect to our list of desired properties: ¿e disadvantage
of non-intuitive interpretation of the meaning of the AUC is outweighed by it’s
non-parametric nature, boundedness, robustness and compatibility with small
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sample sizes. In practice, it is o en useful to average evaluation scores across
subjects and images in order to reduce the variance introduced by small sample
sizes. ¿e linearity of the AUC ensures that these averages retain a meaningful
interpretation. ¿is property, however, comes at a cost. When the goal is to
predict consistent �xation behavior across all subjects, more weight should be
given to locations that are consistent between observers. Here we recommend
the use of the KL-divergence. However, it is important to employ algorithms
that minimize a systematic bias in the case of few data points available (see Ma-
terials and Methods).

Properties of �xation data
¿e aim of the second part of this work is to investigate the upper and lower

bounds on the prediction performance of �xation selectionmodels. To this end,
we examine the image and subject independent spatial bias on the one hand,
and image-speci�c inter-subject consistency on the other hand. We use data
from an eye tracking study carried out previously in our group (see Materials
and Methods: Description of the eye-tracking study for details and Figure 6.2
for some examples of stimuli). We �rst analyze what kind of predictions can be
achieved purely from the spatial bias without any knowledge of the image that is
being viewed, and evaluate how this lower bound is in�uenced by the number of
subjects and images available for its estimation. Secondly, we describe amethod
for computing an upper bound for model performance that is based on ’inter-
subject consistency’ and investigate in how far it depends on the number of
subjects used for its computation.
¿e upper and lower bounds are based on predictions blind to the predicted

subject. Notably, the inter-subject consistency ignores subject idiosyncrasies.
¿e question thus arises whether the upper bound proposed here is really an
absolute upper bound for the predictive power of models of �xation selection.
We therefore investigate �rstly whether knowledge of the subject idiosyncrasies
can be utilized to improve predictions, and secondly whether we can combine
image- and subject-speci�c information to surpass the upper bound given by
the inter-subject consistency.

Estimating the lower bound for �xation selection models
A way to estimate the lower bound for performance of �xation selection

models is to compute the predictive power of the spatial bias. ¿is prediction
does not exploit information speci�c to the image or subject whose �xations
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Figure 6.2: Four representative exemplary stimuli from each category used in the eye-
tracking study. The top row shows natural scenes, the bottom row shows examples from
the urban scenes. The right-most panels depict the spatial distribution of the �rst 15 �xations
across all 64 images and 48 subjects in the two categories. On the natural scenes, there is a
rather strong central �xation bias, while on the urban images �xations are more spread out.

are being predicted. ¿us it has to be surpassed by any valuable model of �x-
ation selection. Here, we take into account that the spatial bias varies between
di�erent image classes (Figure 6.2). We estimate the lower bound for NSS and
AUC as the best representatives of central tendency measures and classi�cation
measures. As the results for AUC and NSS are qualitatively very similar, only
the former is further considered here. More details on NSS results can be found
as reference values in Materials and Methods: Reference values for spatial bias
and inter-subject consistency. Since we explicitly wish to consider small data
sets, KL divergence is not suitable here (but see Materials and Methods). To
obtain a better understanding of the reliability of the lower bound, we investi-
gate the dependence of the estimation quality on the number of subjects and
images used. Speci�cally, we compute the lower bound by predicting �xation
patterns of one subject on one image (the test set) with �xation data from other
subjects on other images (the training set). To predict �xations in the test set,
we construct an FDM from the training set and interpret it as a prediction for
�xations in the test set. To quantify the quality of this prediction, we compute
the AUC and NSS between the calculated FDM and �xations in the test set. To
assess the dependence of the spatial bias estimation quality on data set size, we
vary the number of images and subjects used to create the FDM. In detail, we
individually increase the number of subjects and images in the training set ex-
ponentially from 1 to themaximum in seven steps (Nimg ∈ {1, 2, 4, 8, 16, 32, 63};
Nsub ∈ {1, 2, 4, 7, 13, 25, 47}). For each of the 49 combinations, we use every
image and subject combination as the test set 47 times such that each of the
repetitions is one random sample of images and subjects for the training set.
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To avoid using speci�c subject-image combinations more o en than others, we
treat cases in which we draw only one or two images or subjects separately. In
this case the training set is explicitly balanced over repetitions and di�erent test
sets. In the other cases the large number of possible combinations ensures a
roughly even sampling. We report the predictive power of the spatial bias as
the mean over test subjects, test images and repetition.
¿e spatial bias depends on the image category (Figure 6.3, naturals and ur-

ban scenes le and right respectively, p < 0.0001). Furthermore, an increasing
number of subjects (Figure 6.3, rows of large matrix, p < 0.0001) and images
(Figure 6.3, columns of large matrix, p < 0.0001) signi�cantly increase the pre-
dictive power of the spatial bias estimate (three factorial ANOVA, category X
number of subjects X number of images). For natural scenes (le ) the increase
is steeper than for urban scenes (right) and thereby suggests that eye-movement
patterns across subjects and stimuli are more similar during the viewing of nat-
ural scenes. ¿e predictive power of the spatial bias estimate reached for the
maximum number of subjects is surprisingly high (AUC of 0.729, 0.673 for nat-
urals and urban scenes respectively) and poses a challenging lower bound for
prediction performance. ¿e predictive power of the spatial bias estimate in-
creases extremely slowly when more than 32 images and 25 subjects are used,
implying that the estimation becomes reliable at this point. A smaller number
of subjects can be compensated by a larger image set and vice versa. However,
using too few data leads to a danger of underestimating the lower bound and
thereby overestimating one’s model quality. In conclusion, the reliability of the
lower bound estimation depends on the size of the data set; for all practical
purposes, 32 images and 25 subjects seem to be su�cient for a reliable estimate.

Estimating the upper bound for �xation selection models
To derive the upper bound for �xation selection models, we estimate the

inter-subject consistency analogously to the spatial bias reliability. ¿e rationale
is that, due to variance across subjects,models that donot account for individual
idiosyncrasies cannot perform perfectly. ¿erefore, comparing model scores to
a score obtained by predicting �xations from one subject with other subjects
provides an intuitive normalization. If the model score and inter-subject con-
sistency are equal, the model predicts a new subject’s �xations as well as other
subjects’ �xations would. In the following, we investigate the dependence of
inter-subject consistency on the number of subjects used for the prediction. To
estimate inter-subject consistency, we �rst separate subjects into a test and a
training set and compute an FDM from the training set. ¿en, wemeasure how
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Figure 6.3: Estimation of lower and upper bounds for natural (a) and urban scenes (b).
All data shown are AUC values averaged over all predictions of single subjects on single im-
ages in a given parameter combination. The predictions are based on a spatial bias (large
matrix, ’Subject and Image independent’), a subject-speci�c bias (column next to thematrix,
’Subject-speci�c’), a PCA-cleaned subject-speci�c bias (rightmost column), an image-speci�c
bias (row above thematrix, ’Image-speci�c’, also referred to as inter-subject consistency) and
the combination of image and subject-speci�c bias (topmost row). The ’Subject and Image
independent’ scores depend on the number of subjects and images used for the prediction
and represent a lower bound for �xation selection models. The ’Image-speci�c’ scores also
depend on the number of images and yield an upper bound for �xation selection models.
Comparing ’Subject-speci�c’ and Subject and Image independent reveals the e�ect of us-
ing a subject-speci�c bias. The dashed lines indicate at what subject group size the subject-
speci�c bias stops being signi�cantly better than the spatial bias (paired t-test, p > 0.05). The
subject-speci�c bias is not signi�cantly di�erent from the spatial bias between the dashed
and solid lines. See main text for more detailed descriptions.

well this FDM predicts the one subject in the test set. In contrast to above, the
images in test and training sets are identical. To obtain amaximally accurate es-
timate of the training set size for which inter-subject consistency saturates, the
number of subjects in the training set is increased in steps of one. Similar to the
procedure above, we use every subject and image combination 47 times as test
set for every possible number of subjects in the training set. For each of the 47
repetitions a random set of training subjects is drawn. ¿e cases where only one
or two training subjects are drawn are explicitly balanced across test subjects. In
the following, we report the mean AUC over test subjects, test images and repe-
titions as a measure of inter-subject consistency. As expected, the inter-subject
consistency increases with the number of subjects in the training set (Figure 6.3,
second row from top ’image-speci�c’ in panels A and B, p < 0.0001; one facto-
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rial ANOVA with number of subjects as factor; additional datapoints omitted
for clarity). With the maximum number of training subjects, AUC is 0.802 for
naturals and 0.846 for urbans. In contrast to the pure spatial bias predictions,
predictability is higher for urbans than for naturals. ¿is results in a dynamic
range of the AUC between lower and upper bound of 0.073 and 0.173 for natu-
rals and urbans respectively. Looking at the development of inter-subject con-
sistency with increasing subject set size, it is reasonable to assume that further
increasing the training set would not have a strong e�ect. ¿e second derivative
of the curve is always negative, suggesting that the curve saturates. For exam-
ple, from 20 to 21 subjects, the increase is 0.001, from 40 to 41 it is only 0.0002.
¿us, for all practical purposes, the inter-subject consistency of about 20 sub-
jects constitutes an upper bound for generic models of �xation selection in free
viewing tasks.

Subject-speci�c spatial bias
To investigate the importance of subject idiosyncrasies for the prediction of

�xation locations, we examine whether knowledge of a subject-speci�c spatial
bias is more valuable than knowledge of the bias of other subjects. To that end,
we estimate howwell a subject-speci�c spatial bias predicts �xations of the same
subject on other images. We proceed as before and predict �xations in the test
set with an FDM based on �xations in the training set. For every combina-
tion of the number of predicting images, test subject, and test image, we use 63
di�erent training sets. ¿e images in the di�erent training sets are randomly
sampled and the subject is the same in training and test set. ¿e random sam-
ples are balanced explicitly if there are only one or two images in the training
set. Analogous to the generic spatial bias, the subject-speci�c spatial bias’s pre-
dictive power is dependent on the number of images used for estimation (Fig-
ure 6.3; vertical bar ’subject-speci�c’ directly to the right of the large matrix in
panel A and B, p < 0.001, ANOVA with number of images as the only factor).
For any number of images, the subject-speci�c spatial bias is more predictive
than the predictive power of a single independent subject (Figure 6.3 compare
le -most column in the central square to vertical column directly to the right).
However, it is not higher than the predictive power of the best spatial bias, ob-
tained from a set of 47 independent subjects (Figure 6.3 compare right-most
column in the central square to vertical column directly to the right). With the
exception of 63 images from the ’natural’ category, the bias from a large num-
ber of subjects achieves better performance than the subject-speci�c bias. ¿e
exact number of subjects that is needed to achieve better performance than the
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subject-speci�c spatial bias depends on the number of images (see dashed lines
in Figure 6.3). ¿e improvement in AUC over a generic prediction based on a
single independent subject ranges from 0.009 on urbans and 0.021 on naturals
for a single image to 0.017 on urbans and 0.029 on naturals for 63 images. ¿e
increase in predictive power of the spatial bias achieved through incorporating
subject-speci�c information might appear small, but it is a sizable fraction of
the dynamic range between lower and upper limit (0.073 and 0.173 naturals and
urbans respectively), and signi�cant for all numbers of training images (paired
T-tests over 48 subjects, p < 0.001).

Combining the positive e�ects of knowing the correct subject and knowing many
subjects
We have seen that the prediction of the spatial bias from one independent

subject can be improved on in two ways. By incorporating information from
more independent subjects (see Properties of �xation data), reducing the un-
certainty in the estimation of the true spatial bias, or by using subject-speci�c
information (see Properties of �xation data). Both improvements have e�ects
of similar sizes. It seems possible that combining both methods would allow an
even better prediction. We hypothesize that the spatial bias of a large set of sub-
jects consists of certain identi�able components, to which individual subjects
contribute with di�erent strengths. In that case, it should be possible to ex-
press an individual subject’s spatial bias as a combination of these components.
Such an approach would be more reliable, because the components can be es-
timated from many di�erent subjects, e�ectively reducing the noise in the esti-
mate. To identify these components, we compute the spatial bias for all training
subjects on a given number of images, and perform a principal components
analysis (PCA) on these biases. Figure 6.4 A,B shows the �rst 12 principal com-
ponents of an exemplary case, which are the directions where the spatial bias
varies most over subjects. Importantly, the amount of variance explained by the
components drops rapidly (see Figure 6.4C). Hence the �rst few components
explain the larger part of variance of the data and the remainder is increasingly
noisy and uninformative. To enhance the reliability of the estimate, we only
keep the �rst 5 components. We incorporate subject-speci�c traits by �nding
subject-individual weights for the components. ¿ese weights are computed by
regressing the components onto the subject-speci�c bias, which is computed
on all images in the training set. Figure 6.4D illustrates the subject-speci�c
weighting of the multi-subject spatial bias. ¿is combines the subject speci�c
information and the statistical reliability of a large data base.

177



Chapter 6 - Appendix

Figure 6.4: PCA-based cleaning of a subject-speci�c spatial bias. Panels A and B show
the �rst 12 principal components respectively for naturals and urbans. For demonstration
purposes, the underlying subject biases were computed with �xation data from all images
and all subjects. Please note that the sign of the principal components is arbitrary. Panel C
shows that the variance explained by each component drops dramatically. This, and the fact
that the �rst 5 components carry some interpretable meaning, led us to choose the �rst �ve
components for the cleaning of the subject-speci�c bias. Panel D shows an example of this.
The left plot shows the spatial bias of all other subjects, the center one the subject-speci�c
bias and the right plot shows the result of reconstructing the subject-speci�c bias with the
�rst �ve principal components.

Importantly, we do not use the subject or image to be predicted for estimating
the components. To evaluate the e�cacy of this approach, we carry out the same
subject evaluation as for the evaluation of the Properties of �xation data, but use
the described PCA method instead of the regular individual subject bias. ¿is
procedure combines two possible sources of improvements: subject-speci�c in-
formation and noise reduction in the spatial bias estimate. To ensure that the
subject-speci�cweighting of principal components has a separate e�ect, we also
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evaluate how the PCA spatial bias cleaning without subject-speci�c weighting
performs. For this control, we simplyweight the �rst �ve components with their
eigenvalues and use their sum as the prediction. In order to evaluate whether
this method is able to combine the positive e�ects of knowing a speci�c subject
and of having a robust estimate from many subjects, we need to compare it to
both individual methods.
First we investigate the improvement in predictive power in comparison to

the subject speci�c spatial bias (Figure 6.5). In case a single natural image is
used to compute the principal components no improvement is observed. For
an intermediate number of images a signi�cant improvement (paired t-test, 48
subjects, signi�cance level indicated by number of asterisks) compared to the
subject speci�c spatial bias is demonstrated (Figure 6.5B upper row, signi�cant
deviation of blue dots from the horizontal axis that was the main diagonal in
the original scatter plot). Testing subjects on even larger numbers of natural
images leads to a smooth distribution of the spatial bias and no further im-
provement by PCA-cleaning is achieved. In the case of urban images an im-
provement is observed in a range from 4 to 63 images (Figure 6.5B lower row),
which is shi ed by a factor of two compared to naturals. Hence, in compari-
son to the subject speci�c spatial bias PCA-cleaning boosts performance by a
modest degree for the case of testing with an intermediate number of images.
Second, we compare prediction performance of PCA-cleaned individual spatial
bias to the average obtained by a large number of subjects. Here we observe a
small but signi�cant improvement only for a larger number of images (Figure
6.5B signi�cant deviation of red dots from the horizontal axis). ¿e small e�ect
size might be expected because there is already so little noise in the spatial bias
for one subject. ¿us, the predictive power of the generic spatial bias is already
very high, leaving little room for improvement. On the other hand, the results
for a small number of images illustrate that the PCA cleaning requires a certain
amount of data to work properly. ¿ere is a possibility that the subject speci�c
weights do not contribute to the observed e�ect, but that PCA-cleaning is only
e�ective by removing noisy components. To control for this we repeated the
same analysis but omitted the subject-speci�c weighting and instead weighted
the components with their eigenvalues obtained from the PCA. ¿is does not
lead to a change in predictive power compared to the pure spatial bias (paired
T-test, p > 0.2; data not shown). In summary, the PCA cleaned subject-speci�c
spatial bias estimate combines the positive e�ects of reliable bias estimation and
exploiting subject-speci�c traits.
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Figure 6.5: The e�ect of using a subject-speci�c PCA cleaned bias for prediction. Panel
A explains how the plots in B come about. We scatter the AUC score for predicting individ-
ual subjects averaged over images and repetitions with the PCA-cleaned bias against either
the scores for the subject-speci�c or average spatial bias. For better visibility we rotate the
plot by 45○ degrees and scale it. This causes the x-axis to become a measure of how well
a subject can be predicted with either method and the y-axis becomes a measure of e�ect
size, i.e. howmuch the prediction improves by application of the PCA. Please note, the y-axis
is labeled such that it indicates the di�erence between the two scores and not the distance
to the diagonal. To make the e�ects more visible we scale the y-axis to include the relevant
range. The blue dots compare the e�ect of using PCA-cleaning to the subject-speci�c bias.
It can be seen that in both categories the e�ect of the PCA depends on the number of im-
ages. The asterisks indicate that the e�ect size is signi�cantly larger than zero (paired t-test,
* =̂ p < 0.05, ** =̂ p < 0.01, *** =̂ p < 0.001).

Predicting better than perfect: combining subject- and image-speci�c biases

¿e previous section showed that subject-speci�c predictions can improve
the already good prediction of a large group of subjects in the domain of the
spatial bias. A er estimating the upper bound for �xation selection models, we
established that the inter-subject consistency marks an upper bound for pre-
diction quality of subject independent models. Given these observations, the
question arises whether subject-speci�c models can surpass the inter-subject
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consistency bound. As a proof of concept, we combine inter-subject predic-
tions with the subject-speci�c spatial bias as a simple form of subject-speci�c
information, and analyze if this procedure can lead to a better prediction. We
assume that viewing behavior on an image is driven partly by a subject-speci�c
spatial bias and by image properties, i.e. the inter-subject prediction contains
both components. ¿e idea is to replace the general spatial bias in the inter-
subject �xation density map with a subject-speci�c spatial bias while keeping
the image dependent part. To achieve this, we �rst compute the �xation density
map of all training subjects on the image in question, i.e. the inter-subject pre-
diction. Second, we remove the general spatial bias by dividing the inter-subject
prediction point-wise through the training subjects’ spatial bias computed on
all other images. To arrive at a prediction, we multiply the resulting image-
speci�c bias point-wise with the spatial bias of the predicted subject. Finally, we
normalize the resulting map to unit mass and evaluate how well it predicts the
�xations of our test subject. We use the same cross-validation procedure as for
the generic inter-subject predictions, but limit the computations to the logarith-
mically increasing training set sizes used for the spatial bias evaluation. Inter-
subject consistency is recomputed for these new training sets to allow paired
tests between subject-speci�c and generic predictions. ¿e results show a small
but signi�cant e�ect on naturals (p < 0.001, paired t-test for 4 or more subjects.
See Figure 6.6). For example, the improvement for 47 subjects is a mean AUC
increase from 0.809 to 0.815. ¿ere is no signi�cant e�ect on urbans (paired t-
test, p > 0.2 for all numbers of subjects). ¿e di�erence between categories can
probably be explained by the fact that the spatial bias has less predictive power
for urbans and that the inter-subject consistency is already higher in urbans.
We conclude that the combination of subject-speci�c information and image-
speci�c information can surpass the inter-subject consistency upper bound on
natural but not on urban images.
We draw �ve di�erent conclusions: First, the lower bound, based on the

image- and subject-independent spatial bias, is surprisingly high (AUC of 0.729
and 0.673 for naturals and urbans respectively) but the reliability of the esti-
mated bound depends on the size of the data set. For all practical purposes, 32
images and 25 subjects seem to be su�cient for a reliable estimate. Second, the
reliability of the upper bound, which is based on the consistency of viewing be-
havior between subjects, also depends on the data set size. For all practical pur-
poses, the inter-subject consistency of about 20 subjects is su�cient to establish
an upper bound for generic models of �xation selection in free viewing tasks.
¿ird, the incorporation of subject-speci�c information can signi�cantly im-
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prove the predictive power of the subject- and image-independent spatial bias.
Fourth, the predictive power of the spatial bias can further increase when the
subject-speci�c information is de-noised with information from other subjects.
Fi h, the dependence of the upper bound on joint-subject processes makes it
possible to surpass this bound by combining subject- and image-speci�c biases.

Figure 6.6: Combining a subject-speci�c and image-speci�c spatial bias for a better
than perfect prediction. The plots are produced as in Figure 6.5. The e�ect depends on the
number of subjects that enter thebias estimation and the image category. For natural scenes,
a statically signi�cant e�ect (paired t-test, *** = p < 0.001) can be seen when four subjects or
more are used. The e�ect cannot be seen for urban scenes, whichmight be explained by the
low predictive power of the subject-speci�c bias compared to the high predictive power of
the image-speci�c bias on urbans.

6.1.3 Discussion

In this work, we have focused on how models of �xation selection can be eval-
uated. Based on theoretical considerations, we argued that the AUC is the best
choice for the kind of data that is usually available in eye-tracking studies. How-
ever, when predicting viewing behavior that is consistent across a group of sub-
jects, KL-divergence presents itself as a superior alternative, given that the data
set is large enough. Regardless of the measure, model evaluation is also in�u-
enced by the inherent properties of eye-tracking data. In particular, the pre-
dictive power of the pure spatial bias estimate poses a challenging lower bound
for prediction performance that any useful model has to exceed. Moreover, the
inter-subject consistency constitutes an upper bound for genericmodels of �xa-
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tion selection. ¿e accuracy of the estimate for both bounds depends decisively
on data set size.
By using these bounds as a reference frame, we showed that subject idiosyn-

crasies can be exploited to increase the prediction performance. ¿is can be
pushed to the point where the predictive power surpasses the inter-subject con-
sistency bound. From a more general perspective, the two bounds discussed in
this paper form a reference frame that allows for a substantially more informed
assessment of the quality of a model of �xation selection than just a measure
score alone. It is essential that these bounds are reliably estimated by acquiring
enough data. To see this, consider a case in which data is only available from
a small set of 10 subjects. In this case the inter-subject AUC and the predictive
power of the spatial bias will be underestimated. Both these e�ects subsequently
lead to an overestimation of model quality. ¿e following two examples illus-
trate the advantages of our approach when this caveat is kept in mind.
First, if we consider a task that induces a very speci�c spatial bias (e.g. pedes-

trian search (Torralba et al., 2006)), the AUC score depends on how much of
the image is covered by the task-relevant area. People will look for pedestrians
on the ground, so in principle it is possible to increase the area of the sky, e.g.
by decreasing the camera’s focal length, without substantially changing �xations
patterns. If our model has also learned to ignore that additional spatial region,
the AUC is increased substantially. Yet we would not claim that the increased
AUC re�ects a better description of the �xation selection process. Reporting
the predictive power of the pure spatial bias alongside the model’s score allows
a fair evaluation of a model in all cases.
Secondly, in our data we found that the category where the spatial bias

is weaker (urbans) has a stronger inter-subject consistency. ¿is double-
dissociation has important consequences for the evaluation of �xation selection
models. One and the same model, incorporating both spatial bias and image
statistics, may score higher on naturals than on urbans, because of the predic-
tive power of the spatial bias. On the other hand, if a model is almost optimal
and comes close to the predictive power of other subjects’ �xations, it will score
higher on urbans. ¿us, the type of dataset the model is evaluated on will have
an e�ect on one’s judgment of model quality. As a result of this, a comparison
of di�erent models is nearly impossible if they were evaluated on di�erent data
sets, unless the upper and lower bounds for the speci�c datasets are explicitly
given.
A di�erent, commonly used method to control for the spatial bias when us-

ing AUC is to sample the negative observations not from the whole image, but
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only from points that have been �xated on other images (Tatler et al., 2005). If
this is accompanied by an equally corrected report of inter-subject consistency,
it allows for an unbiased model comparisonmuch in the same way as reporting
upper and lower bounds as proposed here. In the context of model evaluation,
however, we believe that explicit is better than implicit, i.e. that reporting the
complete reference frame gives the reader a more direct grasp of the model’s
capabilities. We conclude that the most comprehensive way to evaluate a model
of �xation selection, especially with respect to comparisons between di�erent
models, is to use AUC and/or KL-divergence as performance measures, and to
report both the predictive power of the spatial bias and the inter-subject con-
sistency of the data set that the model is tested on.
Besides putting model performance into perspective, the proposed reference

frame can also be of use prior to model evaluation. ¿e two bounds de�ne the
dynamic range for predictions of the distribution of �xation points. ¿e ideal
data set for evaluating amodel of �xation selectionwould have a large range, in-
dicating that subjects �xate di�erent locations on di�erent images - limiting the
predictive power of the spatial bias - but agree on the selection of �xation points
on single images. When the predictive power of the spatial bias is small, models
of �xation selection can only improve by uncovering regularities distinct from
the spatial bias. At the same time, high inter-subject consistency indicates that
a common process regulates the selection of �xations in observers, and it is this
process that models of �xation selection target.
With a change in perspective, the reference frame can be used to probe for

di�erences in viewing behavior. ¿e lower bound indicates to what extent sub-
jects’ viewing behavior is independent of the image, whereas the upper bound
quanti�es their agreement. ¿is not only allows interesting comparisons be-
tween di�erent groups of subjects, but also provides a tool to investigate the
e�ect of di�erent stimulus categories. In this work, we investigated urban and
natural images and found that the range of the reference frame is larger on ur-
ban than on natural images. ¿is shows that urban images elicit higher subject
agreement in �xation selection and evoke a stronger image-dependent compo-
nent in �xation target selection. ¿e cause of the di�erences between categories
is an interesting topic for further investigation.
¿e inter-subject consistency has been used before as an upper bound for

model performance, which allows for a direct comparison of our values and the
ones provided in the literature. Interestingly, we found that on �rst sight not all
values were in line with our results (Figure 6.7). However, there seems to be a
consistent explanation for the deviations: All values of inter-subject consistency
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that lie above those found in our data were computed on data where there was
an explicit task during the eye-tracking experiment (object naming (Einhäuser
et al., 2008) or pedestrian search (Ehinger et al., 2009; Kanan et al., 2009)), or
the stimuli material contained a wealth of high-level information (web-pages
(Betz et al., 2010)). On the other hand, Hwang et al. (2009) explicitly designed
their experiment to minimize high-level information by rotating the images by
90○ or 180○. ¿ey report lower inter-subject consistency, but the e�ect of group
size is in line with our results. Finally, Cerf et al. (2009) use a free viewing task
similar to our experiment and obtain values almost identical to ours. We con-
jecture that inter-subject consistency is strongly in�uenced by the subjects’ task
and the availability of high-level information. ¿is is also in line with the cate-
gory di�erences found in our data (urbans > naturals), since the urban scenes
provide more high-level information (e.g. man-made objects, people), as well
as with category di�erences reported by Frey et al. (2008). Interestingly, high
inter-observer consistency is not related to a large in�uence of the spatial bias.
In our dataset, the former is higher for urban scenes while the latter is higher on
natural images. A speculative explanation of this �nding is that when high-level
information is present in an image, it will guide the eyemovements ofmany sub-
jects to locations that are not necessarily in the center of the image, increasing
inter-subject consistency and decreasing the in�uence of the spatial bias. In the
absence of high-level information, subjects tend to look more towards the cen-
ter of the screen, but in a less homogenous fashion. ¿is fallback strategy leads
to an increased spatial bias and decreased inter-subject consistency. Further
evidence for this hypothesis comes from eye-tracking studies with pink-noise
stimuli, which are completely devoid of high-level information and where the
in�uence of the spatial bias is comparatively large (Açik et al., 2010). Our anal-
yses of subject idiosyncrasies relative to our established bounds showed that
the increase in performance, although statistically signi�cant, is very small. In
the case where data from 63 images are used, knowing the spatial bias of a spe-
ci�c subject is as good as knowing more than 7 other subjects on naturals, or
knowingmore than 2 other subjects on urbans. ¿e smaller e�ect for urbans �ts
the observation that inter-subject consistency is higher in that category, making
knowledge about a speci�c subject less unique. ¿is relates to a possible reason
for the small overall e�ect size in both categories: Açik et al. (2010) show that
di�erent demographic subject groups have remarkably di�erent viewing behav-
ior. Speci�cally, explorativeness, a property that is closely related to the spatial
bias, decreases with increasing age. Our subject group consisted exclusively of
university students between 19 and 28 years of age. ¿us it can be expected that
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the e�ect of knowing the subject to be predictedwould bemuch larger in amore
heterogeneous subject groupwith lower inter-subject consistency. In such a sce-
nario, the improvement caused by PCA-cleaning demonstrated in the present
study could become more relevant. In general, the PCA-cleaning requires �xa-
tion data on a fair number of images for a good signal to noise ratio. In practice,
the principal components could be determined from a large set of subjects and
images recorded in a baseline study. It may then be possible to tailor a clean
subject-speci�c spatial bias based on �xations from the subject of interest on
few images. ¿is technique may be useful in a modeling context, when the goal
is to �ne-tune a generic model for predicting individual subjects’ �xations.

Figure 6.7: A comparison of inter-subject consistency AUC in di�erent studies. Green
and blue lines show the dependence of inter subject consistency on the number of subjects
in our data. The symbols show inter-subject consistency values reported in other studies. All
studies that reported higher values used either stimuli that contained a wealth of high-level
information or employed a speci�c task. Cerf et al. (2009) also use a free viewing task and
are compatible with our �ndings. Harel et al. (2007) only report a range of values (read from
a �gure). Notably, Hwang et al. (2009) use image rotations to diminish top-down in�uences
and observe lower inter-subject consistency

¿e spatial bias is of course only one feature of viewing behavior where sub-
ject idiosyncrasies can play a role. ¿ere are possibly many di�erent ways to in-
corporate these into a model of �xation selection. An obvious candidate would
be the relative importance of di�erent image features in a bottom-up model.
Whether subject-speci�c modeling of feature weights has a positive e�ect is an
interesting question for further research, but goes beyond the scope of this ar-
ticle.
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Finally, we showed that it is possible to surpass the limit set by the inter-
subject consistencywhen incorporating subject and image-speci�c information
into the prediction. Despite the very small e�ect, this result exempli�es the po-
tential value of subject-speci�c predictions. However, it also reveals another as-
pect of the evaluation of models of �xation selection. Judging only by the AUC
values, we have created a prediction that exceeds the inter-subject consistency
bound and incidentally also the best prediction ever described in the literature.
In a sense, our prediction is better than what has previously been called ’per-
fect’. Of course no sensible person would congratulate us on this achievement.
Rather, it shows that claims about theories of �xation selection based purely on
a prediction’s AUC values, or the percentage of inter-subject AUC achieved, can
be quite hollow.
A decisive question that should be part of every model evaluation is what we

can learn from this model about processes of �xation selection implemented in
the brain. Goodmodels do not only achieve high prediction scores, but also re-
produce and, better, explain di�erences in human viewing behavior, such as the
di�erent reference frames between natural and urban images, or the temporal
evolution of scan paths. Models that replicate novel aspects of viewing behavior
might still be revealing about the underlying mechanisms, despite having low
predictive power. Here, we have to consider two questions: do we understand
the mechanism by which our model goes from input to prediction? And is this
mechanism plausible? If we can answer both these questions in the a�rmative,
and our model performs well on an adequate stimulus set under the evaluation
procedures described in this article, we really will have made a contribution.

6.1.4 Materials andMethods

Theoretical maximum value for AUC

In the present work, receiver-operating characteristics (ROC) (see Measures
of model performance) analysis is applied to classify �xated locations vs. non-
�xated locations. ¿is treats the prediction of �xations as a discrete binary prob-
lem: a location is either �xated or it is not. However, for an unbounded number
of subjects and taking into account �nite precision of the oculomotor system
and the eye-tracker, there is no principled reason why a location cannot be �x-
ated and therefore all locations should eventually be �xated. ¿is implies that
every location has a �nite probability to be selected as �xated and a �nite proba-
bility to be selected as non-�xated. Hence, classi�cation of a location inherently
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carries an error, as it is neither perfectly �xated nor non-�xated. It follows that
an AUC of 1 is not achievable and a bound lower than 1 does exist.
In this section, we formalize these considerations and derive a quantitative

estimate of the upper bound of the area under the ROC curve when we con-
ceptualize the prediction as a probability density function. In the following we
rede�ne the hit and false alarm rate for calculating the AUC value to work with
probability distributions. ¿e observed distribution of �xation points upon pre-
sentation of stimulus i is described by e f mi(x), with 0 ≤ e f mi(x) ≤ 1 for all
x = 1 . . . n. ¿e 2D topology is irrelevant, as there is no interaction between
di�erent positions, hence we can use a one dimensional index. Furthermore
∑x e f mi(x) = 1. We assume that for all x ∑i e f mi(x) = const. ¿is means
that for every location, across all images, the probability of �xations is constant,
i.e. there is no spatial bias. A spatial bias leads to additional complications like
equilibrating the spatial discretization to achieve a constant distribution of con-
trol (non-�xated) locations. It does, however, not change the principle result.
We furthermore assume that the prediction of �xated regions p f m(x) is per-
fect when p f m(x) = e f m(x). Now we evaluate the quality of this prediction
in terms of ROC. For a threshold θ the number of hits is given by

hit(θ) = ∑
∀x∈{p f m(x)>θ}

(e f m(x))

We classify as a �xated all locations where the prediction exceeds the thresh-
old, and weight each such location with the empirical probability that this point
is �xated. Above we assumed p f m equals e f m and we simplify

hit(θ) = ∑
∀x∈{e f m(x)>θ}

(e f m(x))

Because of all x ∑i e f mi(x) = const and ∑x e f mi(x) = 1 the distribution
of control �xations is �at at a value of 1

n and the number of false alarms is

fa(θ) = ∑
∀x∈{p f m(x)>θ}

(1/n)

Again we count all locations where the prediction exceeds the threshold, but
now weight each such location with 1

n . As before, the predicted map equals the
empirical one and we have

fa(θ) = ∑
∀x∈{e f m(x)>θ}

(1/n)
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For any non-degenerate distribution where e f m takes on values other than
0 and 1 there must be a threshold where hit(θ) < 1 and fa(θ) > 0. Hence the
area under the ROC curve is smaller than 1.
What is the upper boundary of the AUC for a speci�c e f m? Given

hist ∶ e f m(x)− > h(s),

with h(s) the frequency of occurrence of a speci�c saliency value s. h(s) has
some important properties:

∫

1

0
h(s) ds = n

the spatial discretization of e f m(x) is n and because ∫x e f m(x) = 1 also

∫

1

0
h(s) ⋅ s ds = 1

is a probability density distribution with integral 1. For a given θ the false
alarm rate is given by

fa(θ) = 1/n∫
1

s=θ
h(s) ds

¿e integral yields the number of points above the threshold which is
weighted with 1/n. ¿e hits are given by

hit(θ) = ∫
1

s=θ
h(s) ⋅ s ds

When using these de�nitions of hits and false alarms the AUC is given by

AUC(h) = ∫
fa=1

fa=0
hit( fa) d fa

Note that the false alarm rate increases as we lower the threshold from 1
downward. By change of variables we obtain

AUC(h) = ∫
θ=0

θ=1
hit( fa)

d fa
dθ

dθ

changing the bounds

AUC(h) = ∫
θ=1

θ=0
(−1) ⋅ hit( fa)d fa

dθ
dθ

189



Chapter 6 - Appendix

As d fa(θ)
dθ = −h(s) (see de�nition of fa above) we obtain

AUC(h) = ∫
θ=1

θ=0
(−1) ⋅ hit( fa)(−1) ⋅ h(s) dθ

AUC(h) = ∫
θ=1

θ=0
hit( fa(θ)) ⋅ h(θ) dθ

AUC(h) = ∫
θ=1

θ=0
∫

s=1

s=θ
h(s) ⋅ s ds h(θ) dθ

¿is formula yields the upper bound for predicting a given empirical �xation
map.

Proof of AUC linearity
Here, we prove that the value of the area under the receiver-operating char-

acteristics curve (AUC) for a given multiset of positive (P) and negative (N)
observations does not depend on how the positive observations are grouped,
i.e.

AUC(P1 ⊎ P2 ,N) =
∣P1 ∣
∣P1 ⊎ P2 ∣

⋅ AUC(P1 ,N) +
∣P2 ∣
∣P1 ⊎ P2 ∣

⋅ AUC(P2 ,N) (6.1)

where ⊎ denotes the multiset union. As a given location may be �xated sev-
eral times the notion of a multiset seems appropriate. Multisets are a gener-
alization of sets and may contain multiple memberships of one and the same
element. ¿e AUC is obtained through trapezoidal approximation of the area
under the curve plotting the true positive rate (TPR) against the false positive
rate (FPR) for all thresholds, according to:

AUC(P,N) =
n

∑
i=2

TPR(t i) + TPR(t i−1)
2

⋅ (FPR(t i) − FPR(t i−1)) (6.2)

TPR(t) =
∣{x∣x ∈ P ∧ x ≥ t}∣

∣P∣
(6.3)

FPR(t) =
∣{x∣x ∈ N ∧ x ≥ t}∣

∣N ∣
(6.4)

t1 =∞, i < k⇒ t i > tk , tn = −∞ (6.5)

Lemma. Let S ∈ P(R) be a �nite set of real numbers and f ∶ P(R)→ R be a
function, such that for each m ∈ S hold

f (S) ⋅ ∣S∣ = f (S ∖ {m}) (∣S∣ − 1) + f ({m})
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¿at implies for any set T ⊆ S

f (S) ⋅ ∣S∣ = f (S ∖ T) (∣S∣ − ∣T ∣) + f (T) ⋅ ∣T ∣ =∑
s∈S

f ({s}).

¿is can easily be seen through induction over ∣T ∣, beginning by T = ∅

¿e Lemma reduces (6.1) to

AUC(P,N) = ∣P∣ − 1
∣P∣

⋅ AUC(P ∖ {p},N) + 1
∣P∣

⋅ AUC({p},N) (6.6)

From (6.3) follows

∀p ∈ P, TPRP∖{p}(t) =
⎧⎪⎪
⎨
⎪⎪⎩

TPRP(t)⋅∣P∣−1
∣P∣−1 if t ≤ p

TPRP(t)⋅∣P∣
∣P∣−1 if t > p

(6.7)

Nowwe can compute AUC(P∖{p},N) and AUC({p},N). Let k ∈ [1, n] be
the smallest value for which tk > p, then

AUC(P ∖ {p},N) =
k

∑
i=2

(TPRP(t i) + TPRP(t i−1)) ⋅ ∣P∣
2 ⋅ (∣P∣ − 1)

⋅ (FPR(t i) − FPR(t i−1))

+
n

∑
i=k+1

(TPRP(t i) + TPRP(t i−1)) ⋅ ∣P∣ − 2
2 ⋅ (∣P∣ − 1)

⋅ (FPR(t i) − FPR(t i−1))

=
∣P∣
∣P∣ − 1

⋅
k

∑
i=2

TPRP(t i−1) + TPRP(t i)
2

⋅ (FPR(t i) − FPR(t i−1))

+
∣P∣
∣P∣ − 1

⋅
n

∑
i=k+1

TPRP(t i−1) + TPRP(t i)
2

⋅ (FPR(t i) − FPR(t i−1))

−
1

∣P∣ − 1
⋅

n

∑
i=k+1

FPR(t i) − FPR(t i−1)

=
∣P∣
∣P∣ − 1

⋅ AUC(P,N) − FPR(tn) − FPR(tk)
∣P∣ − 1

=
∣P∣
∣P∣ − 1

⋅ AUC(P,N) − 1 − FPR(tk)
∣P∣ − 1

(6.8)

and
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AUC({p},N) =
n

∑
i=2

TPR(t i−1) + TPRP(t i)
2

⋅ (FPR(t i) − FPR(t i−1))

=
k

∑
i=2

0 +
n

∑
i=k

1 + 1
2

⋅ (FPR(t i) − FPR(t i−1))

= FPR(tn) − FPR(tk)
= 1 − FPR(tk)

(6.9)

Using (6.8) and (6.9) it is easy to see that (6.6) is true, proving
(6.1).

Computational details of AUC analysis
Although in theory AUC is independent of arbitrary parameters, this is not

entirely true in practice. Strictly speaking,the ROC curve plots the probability
of a hit against the probability of a false alarm, and these probabilities of course
have to be estimated. However, we have found that when applying this measure
to the evaluation of models of �xation selection, using relative frequencies as
an estimation of probabilities works well and can be seen as a sensible default
value that requires no further parameters. In that case, there remain two de-
cisions on related issues that have to be made when computing the AUC, and
both in�uence the resulting value: �rst, we need to decide which thresholds to
use to create the underlying ROC curve, since an in�nite number of thresholds
with in�nitesimal spacing is not achievable. Second, it has to be decided how
the area under the ROC curve is computed. In general, trapezoidal integration
is the method of choice. However, in the special case of �xation classi�cation,
there is a simpler way. Here, it is usually the case that we have a very large num-
ber of negative values (either all values in the salience map, or all values that
were not �xated, or all values at locations that were �xated on other images)
and a smaller set of positive values (salience values at �xated locations). Ob-
viously it su�ces to use all unique values in the combined set of positives and
negatives as thresholds. Neither the true positive rate nor the false positive rate
will change for any other threshold values. In general, the true positive rate can
only increase for threshold values in the set of positives. All other thresholds,
those in the set of negatives, can only increase the false positive rate while the
true positive rate remains constant. ¿is implies that the ROCcurve approaches
a step function and the thresholds in the set of actuals de�ne the steps. In a step
function, there is no di�erence between trapezoidal integration and lower sum
integration. And since the thresholds from the set of actuals de�ne the steps,
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it su�ces to use lower sum integration with only these values as thresholds.
¿ere is one pitfall that has to be avoided with this approach. When no thresh-
old reaches a true positive rate of one before the false positive rate is one, the
AUC can be underestimated. If this is the case, we use trapezoidal integration
for the last segment of the curve. ¿is method, which is computationally much
more e�cient, as it involves fewer threshold values, was adopted for all reported
AUC values in this article.

Fixation density map estimation
In the analysis of eye-tracking data, we make frequent use of �xation density

maps (FDM), which estimate the probability that a speci�c location is �xated.
¿ese are computed by smoothing a two-dimensional histogram of �xations,
where each pixel is one bin, with a Gaussian kernel of 2○ FWHM, normalizing
to unitmass. ¿e rationale for smoothing is that a) the eye-tracker operates with
limited resolution (calibration-error < .3○Âą) and b) the visual system samples
information at high-resolution not only from a single �xated pixel but from the
fovea which corresponds to about 2○Âą of visual angle in diameter. For com-
putational e�ciency it is o en necessary to scale FDMs to smaller size. ¿is is
achieved by adjusting the bin sizes of the histogram and the size of the Gaussian
kernel accordingly.

Correction of KL divergence for small samples
¿eKL-divergence can be expressed in terms of Information Entropy, and for

Information Entropy it is known that it systematically depends on the sample
size (Hausser & Strimmer, 2009; Miller, 1955; Nemenman et al., 2002). ¿ese
observations lead us to suspect that the KL-divergence is also biased, which
is problematic when di�erent models are evaluated against densities estimated
from di�erent sample sizes. We carry out two simulations to investigate the size
of this potential confound. First, we treat the overall spatial bias as our predic-
tion. We then take a random sample of �xations from the set that constitutes
the spatial bias and repeatedly calculate the KL-divergence between the FDM
of our sample and our prediction. If the sample gives a perfect estimate of the
distribution it was drawn from the KL-divergence should be zero. We increase
the number of �xations per sample from 6 to 800 in steps of 2, and draw 1000
samples of every size. Since discrete Entropy estimates are also strongly in�u-
enced by the binning of the probability density function, we do not use our
standard procedure for computing �xation density maps. Instead, we sort the
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data into a grid of 16x12 bins (leading to N=192). ¿e number of grid cells was
selected such that the area of each bin is equal to the area of a circle of diameter
two degrees of visual angle. ¿ese FDMs are not smoothed, since they already
have a coarse resolution. In a second simulation, we take a normal distribution
with speci�ed parameters (µ = 0, σ = 1) as our prediction and sample our data
from a di�erent normal distribution (µ = 2, σ = 1). In this case the true KL-
divergence can be determined analytically and the KL-divergence computed
from di�erent sample sizes can be compared to this target value. We proceed
in the same way as before and increase the sample size from 6 to 800 in steps
of 2 and draw 1000 samples of every size. Densities are estimated as histograms
with 100 bins. In both cases the estimated KL-divergence was higher than the
analytical value. ¿e di�erence between mean estimated KL-value and analyti-
cal value decreased with increasing sample size (the results for simulation 1 are
depicted in Figure 6.8A; results for simulation 2 were similar). ¿us, comparing
models evaluated on di�erent data set sizes is di�cult. One approach to cope
with the sample size dependence of the estimate is to keep the sample size con-
stant in every comparison by randomly sampling as many �xations from each
data set as are available from the smallest one. However, if the size of a novel
data set is comparably small and previousmodel evaluationswere performed on
a larger and inaccessible data set, it is not possible to reduce the larger data set.
¿us, to foster comparisons between di�erent studies, it would be advantageous
to be able to directly correct for the bias introduced by sample size. ¿ere are
multiple methods that try to improve the estimate of entropy values (recall that
KL-divergence is directly dependent on the Entropy estimates), as compared to
the typically-used maximum likelihood approach. We therefore investigate the
applicability to �xation data of several methods (Chao & Shen, 2003; Hausser &
Strimmer, 2009; Holste et al., 1998; Krichevsky & Tro�mov, 2002; Miller, 1955;
Nemenman et al., 2002; Schürmann & Grassberger, 1996; Trybula, 1958), for
which Hausser & Strimmer (2009) provide an implementation. To compare
the e�cacy of the di�erent approaches, we carried out simulations in which
we estimated the entropy of di�erently sized samples from the general spatial
bias. In addition to the direct relevance for the calculation of KL-divergence,
an important advantage of an unbiased entropy estimate is that entropy can be
used to characterize viewing behavior (Açik et al., 2010; Gilland, 2008; Recarte
& Nunes, 2000). It is therefore relevant to have an unbiased estimate, e.g. for
comparing di�erent experimental conditionswith di�erent amount of �xations.
¿e simulations follow the pattern that we used for determining the sample size
dependence in KL-divergence. Due to the large number of di�erent correction
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methods compared, we only draw 200 samples of each size to reduce computa-
tional load. We compare estimates for di�erent sample sizes to the entropy of
all �xations in one category (Nnatural s = 43295,Nurbans = 44753), assuming that
the estimate is nearly unbiased with such a large sample size. ¿e simulations
show that it is in principle possible to improve the entropy estimate. However
even in the best case, the number of samples required for a reasonable estimate
is approximately half the number of bins of the �xation density map. ¿is is
a large improvement over uncorrected Entropy, which requires the number of
data points to be at least equal to the number of bins squared. ¿e �xation
densities in our simulations were down sampled to 169 bins. Considering that
FDMs are typically smoothedwith a 2deg FWHMGaussian kernel, the e�ective
resolution of a FDM is already much lower than the number of pixels suggests,
making the down sampling tenable. Overall the correction methods proposed
by Chao & Shen (2003) and Je�reys Krichevsky & Tro�mov (2002) work best of
all tested methods. To yield a correction method for the KL-divergence, its En-
tropy and cross-Entropy terms have to be corrected. Starting with Chao-Shen,
the pure entropy term can straightforwardly be corrected. Moreover, if we pre-
suppose that a model output corresponds to a correct probability density (Q),
we can also apply Chao-Shen to correct the cross Entropy H(P,Q). Here, we
use

H(P) = −∑
i

pcsi ∗ log(p
cs
i )

Coverage(pcsi )

H(P∣∣Q) = −∑
i

pcsi ∗ log(qi)
Coverage(pcsi )

to compute the correctedKL-divergence, where pcs andCoverage are the two
Chao-Shen correction terms (see Chao & Shen (2003)). ¿e Je�reys correction
can simply be applied by adding 1/2 to the cell counts of the FDM before it is
normalized to unit mass. To validate applicability of Chao-Shen in the case of
KL, we repeated the simulations for themaximum likelihoodKL-divergence es-
timation but used the Chao Shen and Je�reys corrected estimation. As shown
in Figure 6.8B, the correction substantially improves the KL estimates as com-
pared to the maximum likelihood version. ¿e Je�reys correction works well
on our data, which is in part due to the fact that our distribution does not de-
viate too much from the uniform prior assumed by the correction method. If
there are strong reasons to believe that one’s data deviate much from a uniform
distribution, one should therefore be careful with this correction. ¿e Chao
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Shen correction is very close to the true KL-divergence between the underlying
distributions at a sample size of about N/2.

Figure 6.8: The e�ect of sample size on the KL-divergence. A. Performance of di�erent
methods to remove the sample size bias from entropy estimates in a simulation using eye-
tracking data. The bold line shows the maximum likelihood entropy estimate computed on
the entire data set (N > 40000)and can be interpreted as ground truth. The Chao-Shen and
Je�reys correction methods approach the target value with the lowest number of samples.
Descriptions of the individual methods can be found in Chao & Shen (2003) (Chao-Shen),
Hausser & Strimmer (2009) (shrink), Holste et al. (1998) (Laplace), Krichevsky & Tro�mov (2002)
(Je�reys), Miller (1955) (MM), Nemenman et al. (2002) (NSB), Schürmann & Grassberger (1996)
(SG), Trybula (1958) (minimax). B. Sample size dependence of di�erent KL-divergence estima-
tion methods. The standard maximum likelihood method shows a strong positive bias for
small samples, both correction methods tested can reduce this problem for sample sizes of
ca. half the number of bins in the estimated distributions or larger.

Description of the eye-tracking study

¿e study has been approved by the ethics committee of the University of Os-
nabrück and was conducted according to the principles expressed in the Dec-
laration of Helsinki. All subjects gave written informed consent prior to the
study and were informed of their right to withdraw at any time without nega-
tive consequences. ¿e experiment consisted of the presentation of 255 stim-
uli from four di�erent categories (naturals, urbans, fractals and pink-noise).
¿e ’natural’ category contains 64 stimuli that depict outdoor scenes like land-
scapes, forests and �owers. ¿e 64 ’urbans’ show rural and city scenes with
many man-made structures. ¿e images comprise a large variety of di�erent
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scenes and vary over many di�erent parameters (street scenes, buildings, dif-
ferences in depth and openness, close-ups and landscape perspectives). In the
urban scenes only very few persons are shown and very little text. All stimuli
have a large depth of �eld to avoid the guidance of eye movements by the pho-
tographer. We do not use the arti�cial stimuli from the fractal and pink-noise
categories. ¿e task of the subjects was to freely view the pictures (’watch the
images carefully’). Each stimulus was shown for six seconds and a �xation point
was shown in the center of the screen before each stimulus to perform a dri 
correction. ¿e distance to the screen was set at 80 cm; the display used was a
21-inch CRT monitor (SyncMaster 1100 DF 2004, Samsung Electronics, Seoul,
South Korea) with a screen resolution of 1280 x 960 pixels; refresh rate was 85
Hz. ¿e stimuli had a size of approximately 28.4 x 21.3 degrees. 48 subjects
(24 male) participated in the experiment and received either 5 Eur or course
credit as compensation. Subjects were aged between 19 and 28 years, naïve to
the purpose of the study and had normal or corrected-to-normal vision. ¿e
eye-tracker used was an Eyelink II system (SR Research Ltd., Mississauga, On-
tario, Canada). ¿is head-mounted system is capable of tracking both eyes;
however, only the eye giving a lower validation error a er calibration was used
for data analysis. Sampling rate was set at 500 Hz. Saccade detection was based
on three measures: eye movement of at least 0.1○, with a velocity of at least
30○/sec and an acceleration of at least 8000○/sec2. A er saccade onset, minimal
saccade velocity was 25○/sec. ¿e �rst 15 free �xations of each trial were used
for data analysis. All data is available from the authors upon request.

Reference values for spatial bias and inter-subject consistency
Here we report numeric AUC (Table 6.2 and 6.3) and NSS (Table 6.4 and

6.5) values for predicting �xations of one subject on one image with a subject
and image independent spatial bias (estimated lower bound, see Properties of
�xation data) and with an image-speci�c bias (inter-subject consistency, esti-
mated upper bound, see Properties of �xation data). All reported values are
means across cross-validation runs, as described in Properties of �xation data.
So far we omitted the computation of upper and lower KL-divergence bound-
aries. Testing the estimation reliability by changing the number of subjects and
images in the training set would be confounded by the di�erent numbers of �x-
ations in the training set (our correction methods are intended for controlling
the test set and thus donot apply here). Tonevertheless be able to report sensible
reference bounds, we restrict ourselves to a large training set size such that the
in�uence of di�erent amounts of �xations in the training set is small. In detail,
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we pick out one row (63 images, varying the number of subjects for prediction)
and one column (25 subjects, varying the number of images for prediction) of
the subject and image independent predictions. ¿is leaves either many images
or many subjects in the training set, such that there are at least 375 �xations
in the training set. To furthermore minimize the e�ect of di�erent amounts of
�xations in the training set, we bin the screen into 12x16 squares. ¿e test set
always contains �xations from 23 subjects, we omit the case where more than
25 subjects are in the training set, such that the number of �xations is constant
at 345 �xations. ¿e evaluation of the entropy correction methods has shown
that with this amount of �xations and dimensionality of the probability density
map, no correction for di�erent amounts of �xations is needed. We also com-
pute the inter subject consistency for predicting 23 subjects with data from the
remaining 25 subjects for every image and 48*63 random assignments of sub-
jects into test and training set. Table 6.6 and 6.7 report the mean over images
and random assignments.

Table 6.2: AUC values for natural scenes
Nr. of subjects→ Nr.
of images ↓

1 2 4 7 13 25 47 Subject-
speci�c

Image-speci�c 0.689 0.724 0.748 0.763 0.778 0.791 0.802
63 0.703 0.715 0.723 0.726 0.727 0.728 0.729 0.732
32 0.693 0.708 0.718 0.722 0.724 0.726 0.726 0.722
16 0.678 0.696 0.709 0.715 0.719 0.721 0.722 0.707
8 0.662 0.680 0.695 0.704 0.709 0.713 0.715 0.689
4 0.647 0.661 0.677 0.688 0.696 0.701 0.704 0.674
2 0.636 0.645 0.657 0.668 0.680 0.686 0.690 0.659
1 0.619 0.631 0.643 0.651 0.660 0.668 0.675 0.640

Table 6.3: AUC values for urban scenes
Nr. of subjects→ Nr.
of images ↓

1 2 4 7 13 25 47 Subject-
speci�c

Image-speci�c 0.731 0.770 0.796 0.813 0.827 0.838 0.846
63 0.652 0.662 0.667 0.670 0.672 0.672 0.673 0.669
32 0.639 0.652 0.659 0.663 0.665 0.667 0.667 0.657
16 0.623 0.637 0.646 0.652 0.655 0.657 0.658 0.640
8 0.608 0.619 0.630 0.636 0.640 0.643 0.645 0.624
4 0.598 0.605 0.612 0.619 0.624 0.627 0.629 0.612
2 0.593 0.596 0.601 0.604 0.609 0.610 0.612 0.603
1 0.581 0.588 0.592 0.597 0.599 0.600 0.604 0.590
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Table 6.4: NSS values for natural scenes
Nr. of subjects→ Nr.
of images ↓

1 2 4 7 13 25 47 Subject-
speci�c

Image-speci�c 0.741 0.941 1.159 1.319 1.465 1.571 1.638
63 0.773 0.835 0.871 0.887 0.897 0.903 0.905 0.976
32 0.730 0.804 0.850 0.870 0.882 0.890 0.893 0.929
16 0.664 0.752 0.810 0.837 0.855 0.865 0.870 0.854
8 0.574 0.672 0.744 0.781 0.807 0.822 0.829 0.748
4 0.472 0.570 0.653 0.699 0.732 0.753 0.764 0.623
2 0.368 0.461 0.536 0.593 0.634 0.657 0.666 0.492
1 0.277 0.346 0.439 0.490 0.520 0.559 0.577 0.376

Table 6.5: NSS values for urban scenes
Nr. of subjects→ Nr.
of images ↓

1 2 4 7 13 25 47 Subject-
speci�c

Image-speci�c 1.020 1.279 1.533 1.708 1.853 1.954 2.013
63 0.519 0.559 0.581 0.593 0.600 0.604 0.605 0.613
32 0.470 0.519 0.549 0.564 0.572 0.578 0.581 0.559
16 0.403 0.459 0.496 0.515 0.528 0.534 0.538 0.483
8 0.325 0.381 0.425 0.444 0.461 0.473 0.477 0.395
4 0.250 0.303 0.341 0.365 0.382 0.391 0.396 0.307
2 0.186 0.231 0.273 0.284 0.300 0.298 0.305 0.231
1 0.138 0.174 0.195 0.221 0.240 0.230 0.240 0.170

Table 6.6: KL-divergence values for natural scenes
Nr. of subjects→ Nr.
of images ↓

1 2 4 7 13 25 47

Image-speci�c 0.424
63 0.900 0.763 0.707 0.684 0.670 0.662
32 0.678
16 0.707
8 0.757
4 0.850
2 1.037
1 1.467

Open-source python toolbox
To foster model comparison and ease reproduction of our results we provide

a free open-source python toolbox. It allows to conveniently represent �xation
data and can be used to estimate the lower and upper bound for �xation selec-
tion models on a given data set. Implementations of AUC and KL-divergence,
as well as a few other measures, are also contained in the toolbox. ¿e toolbox
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Table 6.7: KL-divergence values for urban scenes
Nr. of subjects→ Nr.
of images ↓

1 2 4 7 13 25 47

Image-speci�c 0.364
63 1.274 1.190 1.153 1.141 1.137 1.139
32 1.153
16 1.201
8 1.298
4 1.501
2 1.981
1 3.280

can be accessed at https://github.com/nwilming/ocupy. Furthermore, the data
used in the current work is available from the authors upon request.
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6.2 A unifying approach to high- and low-level
cognition2

Abstract In our endeavor to better understand the mind, separate re-
search areas concentrate on low- and high-level cognitive processes. ¿is
tradition is o en understood as being rooted in a principled division of
functions and algorithms supported by di�erent brain areas. Indeed, a
rapidly growing number of studies report functional specializations of
di�erent cortical regions and are therefore interpreted as supporting this
conclusion. Here, we challenge this view with a three-step argument
that relies on a critical analysis of prime examples from low-level cog-
nition (object recognition) and high-level cognition (predictive analo-
gies): First, we argue that a homogeneously structured cortical module
may subserve di�erent functions contingent on the properties of its a�er-
ent signals. Speci�cally, optimizing statistical properties of sensory rep-
resentations, such as sparseness, stability, and predictability, provides a
normative model of sensory areas at di�erent levels. Second, this op-
timization process naturally leads to the emergence of invariant repre-
sentations and a gradual change of sensory to action-related represen-
tations. From a bottom-up view, cortical modules convey information
on increasingly invariant sensory representations. Information �owing
top-down, however, supports invariant action representations and pre-
dictions of a�erent changes induced by the a�orded actions. ¿ird, to
bring together low- and high-level cognition, we argue that our previ-
ously introduced invariant actions are at the core of predictive analogies
and therefore function as a general cognitivemechanism. Together, these
three steps establish the view of ’optimally predictive active representa-
tions’ as a uni�ed description and postulate a uniform cortical substrate
and functional mechanisms for low-level and high-level cognitive pro-
cesses.

Section published as: König, P., Kühnberger, K.U., & Kietzmann, T.C. (2014).
A unifying approach to high- and low-level cognition. In Models, Simulations,
and the Reduction of Complexity. (pp. 117-141). De Gruyter. ISBN: 978-3-11-
031360-4

2¿is section was published as a book chapter together with Peter König and Kai-Uwe Kühn-
berger. See Publication List for details.
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