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Abstract

Neural correlates of visual object recognition learning under temporal

statistical regularities

M.Sc. Ehsan Kakaei

We live in an environment that provides us with sensory information rich in spatio-

temporal regularities, at different scales ranging from regularities within an entity

(e.g. co-occurring visual features of an object) to relations between multiple elements

(e.g. sequences of objects that belong to the same setting, such as trees and animals

belonging to nature, or PC and printer belonging to an office). We implicitly learn

these regularities and utilise them to establish stable, yet flexible, neural representa-

tions of single elements in the environment and their relative positions in space and

time. This type of implicit learning is essential for cognitive development and facili-

tates learning and performance in different cognitive domains, such as visual search,

motor learning, and object recognition. Additionally, altering these spatio-temporal

regularities also changes neuronal and neural responses in the brain.

In our studies, we aimed to examine the effect of temporal regularities on object

recognition learning and its underlying neural substrates. Specifically, we hypothe-

sised that implicit learning of the temporal association between visual objects that

are initially unknown to observers can facilitate their learning. For this reason, we

sought to closely monitor the changes associated with learning in both cognitive per-

formance and neural representations of individual objects. Moreover, we wondered

how neural representations of learning under temporal regularities between multi-

ple objects would compare to representations of learning at the level of individual

objects.

On the behavioural level, we show that temporal regularities benefited participants

in learning to recognise novel 3D objects and altered the order by which the objects

were learnt. On the neural level, we identified brain regions that provided rich

information on temporal regularities at both single object and on multi-object levels.
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These two levels of regularities largely coexisted in ventral occipitotemporal regions.

Moreover, we could closely monitor development of representations in single object

level over runs and conclude that the brain of mature humans utilises the existing

neural substrates to form representations of novel objects, but these representations

are not stable and are subject to changes as one gains expertise on distinguishing

previously seen objects from unseen objects of the same kind.



Zusammenfassung

Neurale Korrelate des Lernens der visuellen Objekterkennung unter

zeitlichen statistischen Regularitäten.

M.Sc. Ehsan Kakaei

Wir leben in einer Umgebung, die uns mit sensorischen Informationen versorgt,

die reich an spatio-temporalen Regularitäten sind, die sich über verschiedene Skalen

erstrecken, von Regularitäten innerhalb eines Objekts (z. B. koexistierende visuelle

Merkmale eines Objekts) bis hin zu Beziehungen zwischen mehreren Elementen (z. B.

Sequenzen von Objekten, die zu demselben Kontext gehören, wie Bäume und Tiere

in der Natur oder PC und Drucker in einem Büro). Wir lernen diese Regularitäten

implizit und nutzen sie, um stabile, aber flexible neuronale Repräsentationen einzel-

ner Elemente in der Umgebung und deren relative Positionen in Raum und Zeit

zu etablieren. Diese Art des impliziten Lernens ist entscheidend für die kognitive

Entwicklung und erleichtert das Lernen und die Leistung in verschiedenen kogni-

tiven Bereichen, wie z. B. visuelle Suche, motorisches Lernen und Objekterkennung.

Darüber hinaus verändert die Modifikation dieser spatio-temporalen Regularitäten

auch die neuronalen und neuralen Reaktionen im Gehirn.

In unseren Studien zielten wir darauf ab, den Einfluss zeitlicher Regularitäten auf

das Lernen der Objekterkennung und die zugrunde liegenden neuronalen Substrate zu

untersuchen. Insbesondere stellten wir die Hypothese auf, dass das implizite Lernen

der zeitlichen Assoziation zwischen visuellen Objekten, die den Beobachtern zunächst

unbekannt sind, deren Lernen erleichtern kann. Aus diesem Grund wollten wir

die mit dem Lernen verbundenen Veränderungen sowohl in der kognitiven Leistung

als auch in den neuronalen Repräsentationen einzelner Objekte genau überwachen.

Darüber hinaus fragten wir uns, wie sich die neuronalen Repräsentationen des Ler-

nens unter zeitlichen Regularitäten zwischen mehreren Objekten im Vergleich zu den

Repräsentationen des Lernens auf der Ebene einzelner Objekte verhalten würden.

Auf der Verhaltensebene zeigen wir, dass zeitliche Regularitäten den Teilnehmern
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beim Lernen, neuartige 3D-Objekte zu erkennen, zugutekamen und die Reihenfolge,

in der die Objekte gelernt wurden, veränderten. Auf der neuronalen Ebene iden-

tifizierten wir Gehirnregionen, die reichhaltige Informationen über zeitliche Regu-

laritäten sowohl auf der Ebene einzelner Objekte als auch auf der Ebene mehrerer

Objekte lieferten. Diese beiden Ebenen der Regularitäten existierten weitgehend

koexistent in den ventralen okzipito-temporalen Regionen. Darüber hinaus kon-

nten wir die Entwicklung der Repräsentationen auf der Ebene einzelner Objekte

über die Durchgänge hinweg genau überwachen und schlussfolgern, dass das Gehirn

reifer Menschen die bestehenden neuronalen Substrate nutzt, um Repräsentationen

neuartiger Objekte zu bilden, diese Repräsentationen jedoch nicht stabil sind und

Veränderungen unterliegen, während man Expertise im Unterscheiden zuvor gese-

hener Objekte von ungesehenen Objekten derselben Art erlangt.
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Chapter 1

Introduction

While I stare at my keyboard, thinking of a way to break it to you what I am really

going to talk about, I don’t just see a keyboard. I see a set of tightly placed keys,

each carrying a tiny drawing on them, arranged in a certain order. It took me years

to learn what each key does, except for the magical “Scroll Lock”! First, I had to

learn to recognise and distinguish each of the letters, signs, and numbers, then by

more experience I learnt to locate each key relative to the other keys, which really

helps to write a thesis faster. Actually, that is what this thesis is all about. It is

about how we learn to recognise visual objects, differentiate them from the other

objects, and how their relative order of them helps in this procedure of learning.

In this thesis, I will first introduce you to the concept of spatio-temporal regular-

ities and discuss some influential works that examined effects of such regularities on

cognitive functions. Then, I will provide a detailed introduction on neural substrates

of object recognition in the visual domain and how neural spatio-temporal regulari-

ties affect these neural responses. Afterwards, I will briefly discuss our approach to

the analysis of fMRI data using multi-voxel pattern analysis. Finally, I will discuss
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the motivation and main findings of our studies before we read each study. The first

study is a cognitive study that we conducted on the effect of temporal regularities on

object recognition learning (Kakaei et al., 2021). In two later chapters, we will move

on to two of our functional imaging studies that focus on neural correlates of object

recognition learning (Kakaei and Braun, 2024a), and on how temporal regularities

alter these neural substrates (Kakaei and Braun, 2024b).

1.1 Spatio-temporal regularities

One can define the spatio-temporal regularities as characteristics of a phenomenon

that are predictable over space and/or time. This predictability can be as simple

as the abundance of a single characteristic, or as complex as probabilistic relations

between multiple characteristics governed by a certain abstract rule. Both humans

and other animals can implicitly learn such regularities and use them to form expec-

tations about their environment. This form of automatic learning of the regularities

is termed as statistical learning which is thought to be essential for development and

cognition. For example, in one of the earliest studies on statistical learning, Saffran

and colleagues reported that adults (Saffran et al., 1996b) and 8-month-old infants

(Saffran et al., 1996a) are sensitive to statistical regularities in sequences of sounds.

The authors used transitional probability (predictability) between sounds (character-

istics) to create pseudo-words that contained highly predictive sounds within words,

but not between words (Fig. 1.1.A). Even in the absence of other acoustic infor-

mation — such as tone, stress, or pauses — subjects could distinguish pseudo-words

from non-words.

Many studies followed the logic of Saffran et al. (1996a) and examined the effects

of such statistical regularities in various domains such as visual search (e.g. Chun

and Jiang, 1998) and motor learning (e.g. Hunt and Aslin, 2001). Two of such
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B
Fiser, Aslin 2002

...example sequence:

A

babupu

patubi

Saffran et.al 1996a,b

dutaba

bupada

tutibu

pidabu

bupadapatubitutibu...example sequence:

C
Schapiro et.al 2013 example sequence:

Figure 1.1: Examples from three major studies that examined the effect of spatio-temporal regularities on learning.
A) Saffran et al. (1996a) showed that infants can learn to recognise pseudo-words composed of predictable sounds,
from non-words. B) Fiser and Aslin (2002) expanded this paradigm to the visual modality. C) Schapiro et al. (2013)
showed that the effect of predictability on learning is not limited to fixed order probabilities and can be generalised
into more complicated probability distributions such as temporally grouped stimuli.

studies particularly focused on implicit learning of spatial (Fiser and Aslin, 2001)

and temporal (Fiser and Aslin, 2002) aspects of the statistical regularities in visual

scenes (Fig. 1.1.B) and showed that humans are sensitive to statistical regularities in

multiple orders. Fiser and Aslin showed that subjects learn statistical characteristics

of visual scenes that go beyond simple frequency statistics (P (X) probability of

observing stimulus X), and they can learn to form associations between co-occurring

visual symbols in both forms of joint (P (X, Y ) probability of observing both stimuli

X and Y ) and conditional probabilities (P (X|Y ) probability of observing stimulus

X when stimulus Y is observed).

Fast-forwarding to 2013, Schapiro et al. show that higher-order statistical regu-

larities can be learned even when the transitional probabilities are uniform for all

stimuli. In that study, the authors embedded higher-order temporal regularities in

sequences of visual stimuli by assigning each stimulus to a community structure 1.

1a set of nodes that have a higher number of connections between each other than with nodes
from the other sets. In the context of temporal statistical regularities, a community structure
corresponds to a set of objects that follow each other with higher probability than the objects
outside the community
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After extensive training, subjects were able to parse the transition from one commu-

nity structure to another.

This type of statistical regularity arising from manipulating the geometrical prop-

erty of a transitional probability graph has gained a lot of attention and more studies

have provided evidences on sensitivity to such statistical regularities in human sub-

jects. For example, it has been shown that such regularities can facilitate motor

learning (Karuza et al., 2017; Kahn et al., 2018). In our studies, we also examined

cognitive benefits of higher-order statistical regularities arising from such geometrical

manipulations and extended those findings to visual object recognition.

1.2 Neural correlates of object recognition

Before we jump into discussing the effects of spatio-temporal regularities in object

recognition, I find it useful to first discuss the neural correlates of visual object

recognition. Later, in the section 1.3 we will discuss how the activities of these

neural substrates are modulated by spatio-temporal regularities.

Visual information in the environment arrives at the brain from the eyes via the

optic nerve, ipsilaterally. In the optic chiasm, part of this information crosses to

the contralateral brain hemispheres and visual information of the same hemifield

from both eyes stays on the contralateral hemisphere. Later, both ipsilateral and

contralateral projections reach the Lateral Geniculate Nucleus (LGN) distinctively

on separate layers. Even in such an early stage, various types of neurons are dif-

ferentially responsive to some of the basic features of the visual stimulus such as

spatial and temporal frequencies and colour (Derrington and Lennie, 1984; Schiller

and Logothetis, 1990; Van Essen and Gallant, 1994).

Via projections between LGN and primary visual cortex (V1), visual information
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arrives at Calcarine. This is where the first cortical process of object representation

takes place. Various cells in this area show selectivity to more features such as

orientation and direction of motion, in addition to the previous features extracted

in LGN — colour and spatial and temporal frequencies (Hubel and Wiesel, 1962;

Schiller et al., 1976; Van Essen and Gallant, 1994). Classically it is suggested that

there is a hierarchical structure from this stage onwards and as we move higher

in the hierarchy, via feed-forward connections, simpler features in the lower levels

combine to form more complex features, receptive fields2 of neurons become larger,

and functional segregation of neurons in terms of their feature-selectivity diminishes

(Felleman et al., 1997; Grill-Spector and Weiner, 2014). Selectivity of the neurons in

V1 to features like orientation, spatial and temporal frequency turns into selectivity

to angles and contours in V2, and higher in the hierarchy in V4 they become sensitive

to shape and form (Van Essen and Gallant, 1994; Kravitz et al., 2013).

Unlike in V1 and V2 where neurons are more responsive to the basic features,

the cells in V4 are selective to more complex object features (Kobatake and Tanaka,

1994) and by integrating information over this neural population one can encode

natural images (Rust and DiCarlo, 2010). Moreover, tuning of the neurons in this

region to object features is invariant to the stimulus position, but can be modulated

by the attentional network through a top-down process. This points to the sensitivity

of V4 to diagnostic object features that are relevant to behaviour (Mirabella et al.

2007; for a detailed review on the functionality of V4 see Roe et al. 2012).

In later visual processing areas located in the lateral occipital (LO) and ventral

temporal (VT) cortices, the neural population is highly specialised and selective to

both animate (e.g. face and body parts) and inanimate (e.g. tools and houses)

objects, as well as scenes (Kanwisher et al., 1997; Epstein and Kanwisher, 1998;

Grill-Spector et al., 2001; Kanwisher et al., 2002). Moreover, the activity of the

neural populations is invariant to various modifications such as brightness, direction,

2a visual area to which a neuron responds when a visual stimulus is presented or is removed.
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colour, and view (Booth and Rolls, 1998; Grill-Spector et al., 1999).

The responses of the neurons in VT are more specialised than the responses in

LO, since neural activities in LO show sensitivity to objects in general while the

neural tunings in VT are category specific (Grill-Spector et al., 2001; Grill-Spector

and Weiner, 2014). This category-selectivity in VT is such that objects of differ-

ent categories evoke distinct activity patterns over overlapping areas (Haxby et al.,

2001). Moreover, these activity patterns are organised such that they exhibit a close

relation with the categorical hierarchy. On the top of the hierarchy where we clas-

sify all objects in a ‘super-class’, we have the general object-selectivity of the neural

population. This general-selectivity exhibits itself in the form of responses to com-

plete objects (not scrambled images or parts) regardless of their category, over a vast

cortical area in inferiotemporal (IT) region. As we move down the objects hierarchy

tree, first we can distinguish neural representations of the animate objects from inan-

imate ones. By diving deeper into the hierarchy, we can further discriminate neural

activities arising from various categories (e.g.tools, faces, body parts, buildings,etc.)

and sub-categories (e.g. human vs. animal faces/body), usually shown in the form

of more similar activities among the exemplars of each category or sub-category than

between categories (Kiani et al., 2007; Kriegeskorte et al., 2008b).

In summary, we read that through anatomical projection between the retina and

LGN visual information first reaches the subcortical areas where some basic fea-

tures such as spatial and temporal contrast already start to form. Afterwards, this

information is transferred to the primary visual cortex in the occipital lobe (V1)

where more primary features, such as colours and spatio-temporal frequencies are

formed. Neighbouring regions (V2 and V3) process and integrate this information

to form representations of more complex features such as contours and motion. Fur-

ther up the hierarchy in V4, sensitivity to diagnostic features of shapes increases

and the neural activity becomes more behaviourally relevant. Finally, through re-

current feedback and feedforward connections between the occipital and temporal
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areas, complex visual features get integrated and form representations of objects in

various categories and subcategories (for a detailed review see Van Essen and Gallant

1994; Grill-Spector and Weiner 2014; Kravitz et al. 2013).

1.3 Object recognition and statistical learning

As introduced earlier in section 1.1, spatio-temporal regularities are defined as

predictable characteristics of the sensory stimuli. In the visual domain, such charac-

teristics can be in the form of features (such as colour, orientation, brightness, etc.),

different views of a stimulus, or multiple stimuli with a specific spatio-temporal

contiguity. In this section, we will read about some of the previous works that exam-

ined the effect of such regularities on neural activities underlying object recognition.

First, we will discuss neural correlates of between-features/-views spatio-temporal

regularities in the form of view-invariant representations. Then, we will read about

the neural correlates of spatio-temporal regularities between multiple stimuli in the

forms of “simple” and higher-order multi-object regularities.

1.3.1 View-invariant representation

In unalike environments where visual settings such as brightness, visual angle, hue,

and depth are different, humans and other animals retain their ability to recognise a

familiar object (e.g. a friend’s face). Interestingly, single neuron recordings (e.g. in

IT; Booth and Rolls 1998), as well as BOLD activities (e.g. in LOC; Grill-Spector

et al. 1999), exhibit that neural representations in various object-selective cortical

regions stay invariant to such changes in visual settings. Previous studies have ex-

tensively examined such robustness in object recognition and have theorised that we

make an abstract mental representation of the objects which is tolerant to changes
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in the visual setting ( view-invariant representation), the exact mechanism of which

is under debate (for a detailed review see Palmeri and Tarr 2008).

One of the proposed mechanisms for establishing such a view-invariant represen-

tation is through plasticity between feature-/view-encoding neurons whose recep-

tive fields are spatio-temporally correlated (McMahon and Leopold, 2012). In other

words, when certain features/views regularly appear in close temporal proximity,

the sets of neurons that encode those features/views tend to be associated with each

other due to neural plasticity. Such an association would help to form a sturdy rep-

resentation of an object, invulnerable to subtle changes in the visual setting of that

object, and to generalise the representation to other objects of similar appearance

and categories (Grill-Spector and Weiner, 2014).

There is a large body of evidence supporting the importance of spatio-temporal

contiguity in establishing a view-invariant representation. On the behavioural level,

Wallis and colleagues (Wallis and Bülthoff, 2001; Wallis et al., 2009), for example,

demonstrated that humans use spatio-temporal contiguity between different views

of faces to form facial identities. They showed that by altering regularities between

consecutive views of a face, people tend to mistakenly identify one face as the other.

This effect is not limited to faces and generalises to objects as well (Cox et al., 2005).

On the neural level, using similar alterations in visual stimuli, the influence of

spatio-temporal regularities on view-invariant neural representations is studied in

both humans and non-human primates. For instance, Li and DiCarlo showed that

object-selective neurons in IT decrease their selectivity to an object when temporal

contiguity of the visual experience breaks the identity of that object. They demon-

strated that by changing the identity of an object from a ‘good’ object (i.e. an

object to which a neuron responds selectively) to a ‘poor’ one, during a saccade, the

selectivity of neurons to that ‘good’ object gradually declines as monkeys become

more experienced (Li and DiCarlo, 2008, 2010, 2012). In humans, such susceptibility
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of view-invariant neural representations to temporal contiguity has been observed

using fMRI adaptation (also known as repetition suppression) — which emerges in

the form of reduction in BOLD activity when identical or highly similar stimuli are

presented repeatedly (Grill-Spector et al., 2006). Van Meel and Op de Beeck (2018)

examined fMRI BOLD activity levels associated with different views of faces in the

face-selective areas (OFA and FFA) and observed adaptation when the identity of

the face remained unchanged between consecutive views (higher spatio-temporal reg-

ularity), in contrast to the absence of adaptation when the identity changed between

(lower spatio-temporal regularity).

In summary, we read that the neural representations of visual objects in object-

selective regions are formed such that they are robust to various changes in the

visual stimuli, which is essential to object-recognition in novel environments. Spatio-

temporal regularities are essential in the formation of such ’view-invariant ’ represen-

tations, since manipulating these regularities wanes object-specific selectivity on the

neuronal level. Presumably, neural plasticity between neural populations encoding

features or views that are spatio-temporally correlated plays a role in maintaining

and flexibly changing these representations.

1.3.2 Multi-object association learning

Establishing a view-invariant representation of an object is a tremendous achieve-

ment for the visual system. But what if the visual system could utilise the mechanism

that it uses for associating different views or features, to additionally form a represen-

tation of the likely context of an object. Eventually, there is much evidence support-

ing that cortical representations of visually distinct objects in an environment are

not completely independent and there is a degree of interdependency between them.

In fact, it has been observed that when objects repeatedly appear in a sequence,

their neural representations tend to be more correlated with each other (Miyashita,
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1988).

Single neuron recordings from IT have shown that when macaque monkeys are

trained extensively to memorise an association between paired stimuli, neurons re-

spond differently to paired than unpaired stimuli. Some neurons selectively re-

sponded to both of the paired stimuli suggesting that these neurons are encoding

the pair. A second type of neurons did not respond during the presentation of the

cue stimulus, only to respond after the cue and prior to recall of the second stim-

ulus acting like a predictively encoding neuron (Sakai and Miyashita, 1991). Some

neurons selectively respond to the predicting stimulus but have reduced response for

the trailing stimulus, exhibiting a form of predictive suppression (Meyer and Olson,

2011). These correlated responses of the neurons to paired stimuli, during the cuing

or recall period, only develop after the association is learned, even when this associa-

tion is implicit and task irrelevant (Erickson and Desimone, 1999). Neural responses

to these first-order statistical regularities (i.e. one stimulus is directly predictive

of the other stimulus) are not limited to paired-stimulus associations and has been

observed in multi-stimulus associations as well (Meyer et al., 2014).

Imaging studies in humans, have shown two different sets of regions involved in

implicit learning of multi-object associations. The first set of regions is domain

specific, with responses that depend on the modality of the stimuli, and the second

set is domain general and is responsive to spatio-temporal regularities in different

modalities (for a review see Batterink et al. 2019; Fiser and Lengyel 2022). In the

visual domain, many of the domain specific regions that are responsive to multi-

object association learning are also involved in object recognition. For example, it is

shown that increasing the predictability of upcoming stimuli — such as a sequence

made of predefined sets of triplets, similar to the paradigm of Fiser and Aslin (2002)

(see section 1.1 and Figure 1.1.B) — can increase the level of BOLD activity

in certain visual areas of the brain such as LOC and VOTC (Turk-Browne et al.,

2009). These results are in line with the results of non-human primates studies that
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we discussed above and point to a possible coexisting representation of objects and

their spatio-temporal relations in the visual areas. Such representations would help

to establish a flexible abstraction of the environment by associating objects that

regularly appear together to neurally similar responses.

Sensitivity to multi-object association learning goes beyond brain regions re-

sponsive to visual stimuli and is also observed in other brain regions that are

shared between different domains (Fiser and Lengyel, 2022). Using different learning

paradigms and methods of analysis, a significant amount of studies have pointed out

that medial temporal lobe, especially hippocampus, is involved in the extraction of

spatio-temporal regularities between multiple objects.(e.g. Turk-Browne et al. 2010;

Gheysen et al. 2011; Schapiro et al. 2012; Hsieh et al. 2014; Hindy et al. 2016). In

a paired-association learning task Turk-Browne et al. (2010) showed that the BOLD

activity of cueing objects (i.e. stimuli that predict the upcoming stimulus) was en-

hanced after subjects implicitly learned the associations. In a similar design, by

applying representational similarity analysis (RSA), it was observed that when ob-

jects are paired (Schapiro et al., 2012), or form fixed sequences (Hsieh et al., 2014)

their multi-voxel representations in hippocampus become more similar after learning

the association.

Such an increased representational similarity between objects was also observed

when the spatio-temporal regularities were on higher order (i.e. preceding object

did not necessarily predict the upcoming object). As discussed before, even in the

absence of one-to-one associations (as in paired association learning), objects can be

temporally grouped such that the members of a group can predict upcoming member,

but not objects that belong to the other groups. Using such a temporally clustered

design, Schapiro et al. (2013, 2016) observed that representations of the objects

that belonged to the same cluster (community-structure) were more similar than the

representations of objects in different clusters, in various brain regions including HC,

the inferio-frontal gyrus,the superio-temporal gyrus, and the anterio-temporal lobe.
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In summary, we learned that spatio-temporal regularities between multiple ob-

jects alter the neural activities in various brain regions which can be divided into

domain-specific and domain-general networks. The domain-specific network is sub-

ject to altered activity when the regularities are on lower statistical order while more

complex and abstract regularities are represented in higher-level brain areas which

are domain general (Batterink et al., 2019; Fiser and Lengyel, 2022).

1.4 Multi-voxel pattern analysis

Since we wanted to examine the changes of the brain activity pattern during the

course of learning, we sought to first identify areas of the brain in which individ-

ual objects are represented in the sense that information about object identity is

encoded. Instead of applying the classical univariate fMRI analysis methods (e.g.

generalized linear model [GLM]) which address the statistical significance of the

event-related voxel activities, we employed a multivoxel pattern analysis (MVPA)

method. MVPA typically uses the information provided by a set of voxels, even if

they are unresponsive to the desired conditions, as features (predictors) to classify

and distinguish desired categories of stimuli. To decide which set of voxels should

be included in the analysis, conventional MVPA utilizes either: 1) voxels limited in

an anatomical region, 2) voxels in close spatial proximity (e.g. within a spherical

searchlight),or 3) voxels responsive to the categories computed by univariate analysis

(for a complete review on MVPA see Norman et al. 2006). However, these options

did not serve our purposes — performing a whole brain study while benefiting from

abundance of information provided by multivoxel analysis — since they either: 1)

would have limited us to a single region, 2) would have been computationally expen-

sive to cover the whole brain, or 3) would have discarded information available in

the ‘unresponsive’ voxels.
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In order to cope with these limitations, we applied our analysis on the voxels within

each of the 758 functional parcels defined by MD758 parcellation (Dornas and Braun,

2018). This parcellation provides highly consistent activity correlations between vox-

els of a single parcel, low functional correlations between voxels of different parcels,

relevance with anatomical structures, as well as high cluster quality. Since MD758

is based on consistent functional correlations between voxels of anatomical regions

— defined by the AAL90 atlas (Tzourio-Mazoyer et al., 2002) — we adopted our

analysis to this parcellation in order to benefit from both the spatial correspondence

and functional correlations between voxels. In other words, we hypothesised that the

consistent functional correlations between voxels’ activity within a parcel might also

provide consistent information on the task in hand.

In the following sections we will take a close look at the steps we took during

our MVPA. First we will introduce the linear discriminant analysis we used to dis-

tinguish activity patterns of different stimuli. Then, we will discuss how we elicited

activity patterns within each parcel, and which measures we used to characterise our

observations.

1.4.1 Direct linear discriminant analysis

To identify the brain areas in which cortical representations are informative about ob-

ject identity, we sought to find a representational space (that is a multi-dimensional

space with each dimension corresponding to one measurement unit, such as electrode,

voxel, time,etc.) where objects are distinguishable by their identities. One can find

such a space by providing the multi-unit (here multivoxel) activity patterns and cor-

responding IDs of each measurement to a supervised machine learning algorithm.

For this purpose we chose direct linear discriminant analysis (DLDA) — which is

a modified version of Fisher’s linear discriminant analysis (LDA)— since it has a
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straight forward approach and has been successfully applied to various tasks in dif-

ferent fields of studies such as computer vision, and image recognition (Yu and Yang,

2001; Ye et al., 2006). The logic behind both classical LDA and DLDA is to find

a space in which distances between different classes are maximized while distances

between items within each class are minimized. In the context of object recognition,

this corresponds to finding a space in which multi-unit activities of observations for

an object are highly similar, while those of different objects are highly dissimilar.

It can be shown that finding such a space corresponds to finding a projection

matrix G such that the ratio J = ŜB/ŜW of scatter between classes ŜB over scatter

within classes ŜW in the projected data is maximized. This is equivalent to:

J =
GTSBG

GTSWG
;

∂J

∂G
= 0 (1.1)

where SB and SW are the scatter matrices of the data before projection.

The DLDA additionally reduces the dimensionality of data which is essential when

the dimensionality of the data is very high but sample size is much lower. In short,

this is done by first diagonalizing the SB matrix, discarding non-informative di-

mensions (for a classification with κ classes, only the first κ − 1 eigenvectors are

informative), and then diagonalizing the SW matrix (for full details see Yu and Yang

2001).

To acquire data needed for obtaining the most discriminable space using DLDA,

we first extracted the multivoxel activity pattern of each object. This was done

by recording the BOLD signal of each trial, within each parcel, over a 9 seconds

window (from 2 to 11 seconds after trial onset). For each parcel with Nvox voxels,

such recording corresponds to a single data point in a Ndim = 9×Nvox dimensional

space.Since we wanted to establish a space capable of decoding the identity of the

recurrent objects, we trained the classifier using only the activity patterns of the

κ = 15 recurrent objects, resulting in a 14-dimensional representational space.
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Once the representational space was established by DLDA, we wanted to validate

that the identity of the objects was indeed decodable. When data is high-dimensional

and number of classes are much lower than the dimension of the data, a classifier

can easily over-fit the model. To overcome this problem, it is a common practice to

train the classifier on a set of data and cross-validate it on another set (also known

as testing) to conclude if the representation of the classes can be generalised. Here,

we randomly selected 10% of the activity patterns of each recurrent object (approxi-

mately 20 trials) for the cross-validation and the remaining 90% (approximately 190

trials) was used for training the classifier.

We used several measures to evaluate how decodable identity of the objects is (see

Appendix A.1 for exact calculation of each measure). First, we quantified accuracy

of the classifier by assigning the ID of the closest object centroid (Euclidean distance)

as the inferred object, then defining the accuracy α = h/N ratio of hits h (number

of correctly classified test data) to total number of test data N . Second, we measured

separability between object pairs i and j by projecting test data of these classes on

the line connecting their centroids acquired in the training phase, and calculating

the discriminability measure δij = |µi − µj|/
√

0.5(σ2
i + σ2

j ) where µ and σ are

respectively the mean and standard deviation values. Third, we measured overall

multi-class discriminability by calculating F -ratio measure defined as the ratio of

between-class to within-class variance F = SSB(N − κ)/SSW (κ − 1) (Anderson,

2001). Since we wanted to account for the individual differences between subjects,

moreover, stimulus-set was different between subjects and in all conditions (sequence

types), we performed DLDA for each subject in different sequence types separately.
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1.5 Motivation and main findings

As discussed before, we use the statistical contingencies between the elements to

enhance our understanding and our interaction with the environment. We discussed

different types of statistical contingencies, in the form of spatio-temporal regularities,

and their importance in development and cognition. One of the main motivations of

my studies was to examine whether such benefits extend to visual object recognition.

As presented in the (Kakaei et al., 2021, Chapter 2), we studied this by presenting

subjects with two sets of novel 3D objects that they had to learn to recognise over two

weeks. While a set of objects formed temporal clusters (similar to those of Schapiro

et al. 2013), hence enforcing a high-order temporal association between the objects,

objects in the other set lacked such a strong association between each other. We

in fact confirm that high-order spatio-temporal regularities between visual stimuli

enhance the performance of subjects in recognising novel 3D objects. Additionally,

thanks to our trial-by-trial approach in analysing performance of the subjects, we

could estimate the time when subjects start to recognise an object and we observed

that the onset of familiarity was not distributed randomly and was related to the

temporal ”context” in which an object is presented. Specifically, we observed that

mutually predictive objects tend to be learned together.

In addition to examining the benefits of spatio-temporal regularities on recognition

performance, we aimed to study the effect of these regularities on the activity of the

underlying neural substrate in object recognition. Our fMRI data analysis method

provided us with detailed neural representations of individual objects on the trial

level which we used in two adjoined studies.

In the study (Kakaei and Braun, 2024a, Chapter 3) we aimed to identify the

brain areas that are responsive to individual objects during an object recognition

learning task, and study the changes in their response patterns as subjects became
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familiar with a group of inanimate 3D objects and grew expertise in recognising

them. For this purpose, we trained and cross-validated an algorithm, which employs

a supervised learning procedure, to decode identity of the objects based on their

corresponding multi-voxel activity pattern. We extended previous research on object

recognition by showing that identity of inanimate 3D objects are decodable in both

low-level and high-level visual areas. This was unprecedented, since previous works

usually decode objects on the level of categories (e.g. animate vs inanimate, faces

vs body parts, houses vs. cars,etc.) and focus on regions of interests (ROI) that are

located in inferio-temporal and lateral-occipital regions. In our study, in addition

to these regions, some other regions located in both low-level and high-level areas

also provide enough information to decode objects, even on the level of exemplars.

(Our individual objects were all generated under the same category. Hence, decoding

individual objects corresponds to decoding exemplars in a category). We could show

that the multi-voxel activity in various brain regions in both dorsal and ventral

visual pathways, as well as some regions in fronto-parietal network, provide us with

sufficient decodable information on identity of the individual objects.

By measuring the decodability of the neural information in finer blocks, and by

tracing the representations of objects in individual trials, we achieved detailing the

learning-related changes in neural representations throughout the experiment. We

showed that as subjects learned to recognise objects and distinguish them from

unfamiliar ones, neural representations of the learned and not-learned objects di-

verged from each other. This was particularly more evident in the parieto-frontal

and occipito-temporal networks.

In the other adjoined study (Kakaei and Braun, 2024b, Chapter 4) we aimed to

investigate the effect of temporal regularities on the activities of the neural substrate

underlying object recognition. Specifically, we examined neural correlates of tem-

poral regularities in two time scales: First, we studied temporal regularities at the

single object level, which corresponds to learning the temporal associations between
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different views/features of an object (order of 3 seconds). This was done by examin-

ing BOLD signals from the brain regions that formed view-invariant representations

of objects, such that the identity of individual objects could be decoded irrespective

of the initial viewpoint or orientations. For this part, we employed the representa-

tions of individual objects that we acquired in the adjoined publication (Kakaei and

Braun, 2024a). On the second time-scale, we focused on temporal regularities at

the level of multiple objects, which corresponds to multi-object temporal association

learning (order of 30 seconds). For this purpose, we randomly assigned objects to

temporal clusters, as we did in Kakaei et al. (2021), and compared representational

similarity of the objects within clusters to representational similarity of the objects

between clusters.

At the level of the lower temporal-scale (views/features associations), our results

validated and extended the previous work on view-invariant representations of objects

by showing that the identity of individual objects is decodable in both ventral and

dorsal visual pathways, starting from primary visual areas and extending ventrally

to inferio-temporal regions and dorsally to the inferio-frontal cortex.

At the level of the higher temporal-scale (multi-object associations), we identi-

fied two sets of brain networks. The first set consists of domain-specific regions (i.e.

regions that are sensitive to spatio-temporal regularities if the stimuli belong to a

specific domain such as visual or auditory) — specifically in the ventral occipito-

temporal areas — in which the multi-voxel representations of objects that were

temporally clustered were more similar than the representations of the objects in

different clusters. The cortical distribution of these regions is such that there is a

large overlap between regions that are sensitive to temporal contiguity at the single

object level and at the multi-object level. In other words, our results suggest that

sensitivity to temporal regularities at multiple levels coexists in the ventral visual

stream, and confirm previous findings on the sensitivity of the object-selective regions

to temporal contiguity between objects, as we discussed in Section 1.3.2.
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The second set of regions consists of domain-general regions (i.e. regions that are

sensitive to spatio-temporal regularities irrespective of the domain of the stimuli) —

specifically the middle frontal, inferio-frontal, superio-frontal, and superior parieto-

temporal networks. These regions are associated with cognitive processes that require

a more abstract representation of the relations between various attributes of stim-

uli, such as engagement in a high-load working-memory task, establishing cognitive

maps, and adopting complex decision strategies. In our study, the results of the rep-

resentational similarity analysis in these regions showed that the representations of

the objects in the same temporal clusters were more dissimilar than the representa-

tions of objects in different clusters. This resembles a “context-specific” map where

the representations of objects within a specific context (here a temporal cluster) are

distinguishable, but this map resets between different contexts.

In summary, we read that as adult humans come across a new set of visual ob-

jects, they presumably utilise the neural substrates that are developed for recognising

other objects of the similar category, to form representations of the newly learned

objects. Thanks to the spatio-temporal contiguity between various views or features

of each object, such representations become robust to changes in visual settings.

The formation of such representations seems to interact with inter-object represen-

tations. Specifically, when the visual scenery contains bonus information about the

inter-object relations, humans implicitly learn to form associations between these

objects which in turn helps them to recognise these objects faster. Interestingly, the

cortical areas responsible for such associative learning seem to spatially overlap with

areas that also encode representations of individual objects.
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1.6 Conclusion

Since one of the main objectives of this work was to evaluate changes in neural

representations associated with recognition learning, we decided to develop an ex-

perimental paradigm during which subjects would gain expertise in visual objects.

Considering that fMRI has a low temporal resolution, we needed to slow down this

learning process. In the paradigm that we developed, human performance gradually

improved over several days, making it possible to assess cortical representations over

several successive sessions of fMRI. To slow down learning sufficiently, we not only

developed complex 3D shapes, but also presented these from different points of view

and in different states of rotation on every trial. In order to make sure that subjects

would gain visual expertise, we decided that all the stimuli should belong to the same

subcategory (i.e. inanimate 3D objects).

Once we established our paradigm, we sought to study the benefits of temporal

regularities in visual object recognition learning. Specifically, we utilised the design of

Schapiro et al. (2013) to embed a “higher-order temporal regularity” in the sequences

during which the objects were presented. We established behaviourally that humans

implicitly learn higher-order temporal regularities while viewing sequences of complex

shapes. Even though the presence of higher-order regularity was not disclosed and

instructions did not refer to it, the time-course of learning was significantly altered by

it. Changes included faster learning rate and a changed order of learning individual

objects. If observers noticed anything about temporal context, it was the fact that

objects tended to repeat at shorter intervals.

In order to study the neural representations of individual objects and their changes

associated with learning,we developed a new paradigm for multi-voxel pattern anal-

ysis in fMRI, which makes it practical to query the encoding of complex information

over the entire brain. The two key ingredients of the paradigm are a comparatively
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fine parcellation of grey matter voxels, and a numerically tractable analysis of spatio-

temporal pattern with order of thousands dimensions (O(∼ 100) voxels by O(∼ 10)

TRs). We have made available both innovations to the scientific community.

We provide evidence on decodability of complex object shapes’ identity in a dis-

tributed network of parcels (124 of 758 parcels) in ventral and dorsal visual areas,

and in fronto-parietal regions. This includes 70 parcels in the occipital cortex, 18 in

the fusiform or temporal cortex —basically along the entire ventral occipito-temporal

pathway— and 29 in the parietal cortex, and 7 in the frontal cortex.

We were able to track changes in the geometry of cortical representations as vi-

sual expertise for recurring objects was being acquired and consolidated. Following

Kriegeskorte et al. (2008a), we have established gradual changes in cortical represen-

tations of complex objects in terms of the representational distances (representational

similarity analysis). While the representation of objects that recurred many times

and that observers attempted to memorize was broadly stable, we observed an ex-

pansion (or diversification) of the response distributions, so that all objects together

scattered more uniformly over the available representational space.

For objects that appeared only once and that observers did not attempt to mem-

orize (non-recurring objects), the results were quite different. Here, an increas-

ing dissociation between recurring and non-recurring objects was accompanied by a

substantial contraction (or stereotypisation) in the distribution of non-recurring re-

sponses, so that the representation of the non-recurring objects shifted to the margin

of the representational space.

To establish cortical representations of the higher-order temporal regularities, we

have modified representational similarity analysis to compare representational sim-

ilarity for objects within and between different temporal communities. We have

shown that representational distances are highly confounded by temporal proximity
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and require a robust test controlling for such “contaminations”. Our approach ef-

fectively eliminated these confounding effects, as demonstrated by comparing results

recorded with and without temporal context in the presentation sequences. As the

diagnostic sensitivity of our paradigm was considerably lower for temporal context

than for object identity, it was not too surprising that we identified only 27 of 758

parcels with “community sensitivity”.

Along the ventral occipio-temporal pathway, we identified 11 parcels in which the

representations of the objects that belonged to the same temporal community were

more similar than the representations of the objects in different communities (pos-

itively community-sensitive). This substantial anatomical overlap between cortical

representations of individual objects and temporal communities is perhaps our most

important finding, as it suggests that the same cortical pathway comes to represent

regularities in both lower and higher temporal scales.

In the higher association cortex, including parietal, frontal, superior temporal and

insular cortex, we identified 12 parcels that were negatively community-sensitive, in

the sense that representational distances were larger within than between commu-

nities. These parcels were not selective for object shape and can be interpreted as

providing “context-specific” cognitive maps that reset whenever the sensory sequence

enters a new context.
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Chapter 2

Visual object recognition is

facilitated by temporal community

structure
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Brief Communication

Visual object recognition is facilitated by temporal
community structure
Ehsan Kakaei,1,2,3 Stepan Aleshin,2,3 and Jochen Braun2,3
1European Structural and Investment Funds Graduate School on Analysis, Imaging, and Modelling of Neuronal and Inflammatory
Processes , Otto-von-Guericke University, 39120 Magdeburg, Germany; 2Institute of Biology, Otto-von-Guericke University, 39120
Magdeburg, Germany; 3Center for Behavioral Brain Sciences, Otto-von-Guericke University, 39120 Magdeburg, Germany

Humans and others primates are highly attuned to temporal consistencies and regularities in their sensory environment and
learn to predict such statistical structure. Moreover, in several instances, the presence of temporal structure has been found
to facilitate procedural learning and to improve task performance. Here we extend these findings to visual object recogni-
tion and to presentation sequences in which mutually predictive objects form distinct clusters or “communities.” Our
results show that temporal community structure accelerates recognition learning and affects the order in which objects
are learned (“onset of familiarity”).

[Supplemental material is available for this article.]

Our understanding of theworld is grounded in sensory experience.
Typically, this experience consists of contiguous streams of sensa-
tions that are richly structured in both time and space (Schapiro
and Turk-Browne 2015). Such statistical structuremay involve sim-
ple correlations of pairs of sensory events or, more generally, clus-
ters of correlations between mutually predictive events forming a
“temporal community” (Schapiro et al. 2013). Both humans and
other primates (Miyashita 1988) can learn to predict such statistical
regularities in space and time (Fiser and Aslin 2001, 2002).
Moreover, statistical structure can be exploited explicitly or implic-
itly to enhance task performance. For example, predictable presen-
tation order can facilitate motor learning (Kahn et al. 2018),
language learning (Saffran et al. 1996), visual search (Chun and
Jiang 1998; Jiang and Wagner 2004; Sisk et al. 2019), and condi-
tional associative learning (Hamid et al. 2010).

In general, implicit (unsupervised) learning of temporal struc-
ture is thought to provide a biological basis for important cognitive
functions, including the formation of episodic memories, learning
of task-sets, model-based planning, and structural learning (e.g.,
Kemp and Tenenbaum 2008; Rigotti et al. 2010; Gershman 2017;
Russek et al. 2017). To improve experimental access to these phe-
nomena, we sought behavioral evidence for interactions between
learning at different hierarchical levels, namely, learning of indi-
vidual objects and learning of the temporal context in which
such objects are experienced.

Sequences of visual presentations may exhibit different kinds
of temporal structure arising from sequential dependencies. A sim-
ple kind of structure is sequential dependency between consecu-
tively presented items (i.e., an increased probability of item X,
given preceding item Y). A more complex kind of structure arises
when sequential dependencies are clustered within subsets of
items. This leads to longer-term dependencies (i.e., an increased
probability of itemX, given recent item Z) and extended sequences
of items that are mutually predictive (Schapiro et al. 2013; Karuza
et al. 2017; Kahn et al. 2018).

The mechanisms of visual object recognition have been stud-
ied extensively (Wallis and Bülthoff 1999) with considerable evi-
dence supporting “feature-based mechanisms” that represent

three-dimensional objects in terms of multiple two-dimensional
features/views (plus interpolations) (Bülthoff and Edelman
1992). Presumably, temporal regularities arise naturally in han-
dling three-dimensional objects and help associate distinct two-
dimensional views and/or features (Wallis and Bülthoff 1999).
For example, when nonhuman primates learn to categorize initial-
ly unfamiliar objects, they readily form neural representations for
arbitrary two-dimensional features that are diagnostic for category
(Sigala and Logothetis 2002; Sigala et al. 2002). Interestingly, such
representations automatically encompass predictive sequential de-
pendencies between successive trials, even when its diagnostic in-
formation is redundant (Miyashita 1988; Wallis 1998).

The effect of sequential dependencies between successive tri-
als on visual object recognition was investigated by two previous
studies, which found a reaction time advantage (Barakat et al.
2013) and a recognition memory advantage (Otsuka and Saiki
2016) for target objects that consistently follow particular objects,
compared with target objects that follow varying objects. Here we
extended these findings in two ways: First, we monitored the for-
mation of recognitionmemorymore closely and comprehensively
(every presentation of every object), and second, we considered the
effect of clustered dependencies creating “temporal communities”
of objects (which are typically experienced for nine successive
presentations).

We investigated performance of observers in a visual object
recognition learning task under three conditions: (1) “strongly
structured” sequences comprising distinct temporal communities
(clusters ofmutually predictive objects), (2) “weakly structured” se-
quences with uniform sequential dependence, and (3) “random”

or “unstructured” sequences without sequential dependence. All
sequences were generated as randomwalks on graphs of n =15 dis-
tinct objects (Fig. 1A), in which nodes represented distinct objects
and edges represented possible transitions (in both directions). As
one sequence comprised 180 object presentations, each graph was
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traversed multiple times (∼11.3 times). Graphs were either modu-
lar and sparsely connected (“strongly structured” sequences), or
nonmodular and sparsely connected (“weakly structured” se-
quences), or nonmodular and fully connected (“unstructured” or
“random” sequences). In “strongly structured” sequences, approx-
imately 9.2 ±0.1 successive presentations (mean± SEM) featured
objects of the same temporal community.

One presentation sequence (“run”) comprised exactly 180
objects and on average included 9.2 ±0.04 (mean± SEM) nonrecur-
ring objects appearing exactly once during the entire experiment.
Nonrecurring objects were spaced 14–19 presentations apart. The
remaining 170±0.04 objects were recurring and were selected by
performing a pseudorandom walk on a graph (Fig. 1A), albeit
with some restrictions: no direct repeats and returns were permit-
ted (e.g., X–X or X–Y–X) and all n=15 objects were repeated com-
parably often (11.4 ±0.04 repetitions). The repetition latency for
any given object ranged from three to >60 presentations. Very
short latencies (of three to five presentations) were far more com-
mon in strongly structured sequences than in weakly structured
or unstructured sequences (Supplemental Fig. S8).

To control the difficulty of shape recognition, ensure initial
unfamiliarity of all objects, and minimize interference from
semantic associations, we generated complex three-dimensional
objects by convolving two closed Bezier curves in a plane.
Complexity was controlled by number and the position of random
seeds for the two curves. The pairwise dissimilarity of the resulting

complex objects was statistically unrelat-
ed to their pairwise distance in the pre-
sentation sequence (see Supplemental
Fig. S1). To ensure this, dissimilarity was
quantified in terms of the vector distance
between depth maps (of resolution 64×
64×64) obtained from six viewing direc-
tions along the three principal compo-
nent axes.

Objects were presented for 2 sec ro-
tating with an angular velocity of 144
deg/sec about an axis in the frontal plane.
Starting angle and axis orientation were
randomized for each trial, forcing observ-
ers to become familiar with the full three-
dimensional shape (rather than just cer-
tain features). Presentation periods were
separated by 0.5-sec transition periods,
during which the previous object disap-
peared toward a distant location on the
right, while the next object approached
from a distant location on the left. This
was intended to encourage observers
to imagine a spatially extended sequence
of distinct objects (Supplemental_
Movie_S1).

Twenty healthy observers (eight
males and 12 females, aged 25 to 34 yr
old) participated in three experiments.
Two experiments compared “strongly
structured” and “unstructured” sequenc-
es, and one experiment compared
“strongly structured” and “weakly struc-
tured” sequences. All observers had nor-
mal or corrected to normal vision and
were paid for their participation. Ethical
guidelinesof theCentre forNeuroscientif-
ic Innovation and Technology, Magde-
burg, were followed.

In order to monitor the progress of
recognition learning as closely as possible, observers were required
to classify every object presented as either “familiar” (seen previ-
ously) or “unfamiliar” (never seen previously). For each observer,
a fresh set of 30 pairwise dissimilar objects was generated. The set
was divided arbitrarily into two subsets of 15 objects, one used
for “structured” sequences and the other for “unstructured” se-
quences. In addition, we generated a larger number (∼500) of non-
recurring objects, which appeared exactly once during the entire
experiment. During each trial, the observer categorized the current
object as “familiar,” “unfamiliar,” and “not sure,” by pressing a
key. No feedback was provided. Observers performed this task on
four different days within 1 wk, with six sequences per day (24 se-
quences overall). Accordingly, observers viewed 4320 presenta-
tions during which every recurring object appearing at least 250
times. After pausing for a week, observers repeated the experiment
with entirely new objects and with sequences generated from an-
other graph (Fig. 1B). Observers were told that each condition
used new objects that were never shown before. To further empha-
size this point, object color changed between conditions. The order
of conditions (structured or unstructured) was counter-balanced
between observers. Observer instructions did not mention presen-
tation order (sequence structure).

At the end of each week of testing, observers were required to
additionally perform a validation task, to assess the extent to
which objects had become familiar (Supplemental_Movie_S2;
Supplemental_Material). In this task, observers viewed for 30 sec

weakly structured

2000 msTrial 500 msTransition 2000 msTrial .....

.....

Run 
(180 Trials)

Week 1
 (4 sessions, 6 runs per session)

2000 msTrial 500 msTransition 2000 msTrial .....

.....

Run 
(180 Trials)

Week 3 
(4 sessions, 6 runs per session)

Week 2
 (rest)

strongly structured unstructured

A

B

Figure 1. Presentation sequence and trial structure. (A) Presentation sequences were generated as
(nearly) randomwalks on three types of graphs, with nodes representing a distinct object and edges rep-
resenting possible transitions (in both directions). A sparsely connected, modular graph generated
“strongly structured” sequences with distinct community structures (left), a sparsely connected, non-
modular graph generated “weakly structured” sequences (middle), and a full connected graph generat-
ed “unstructured” or “random” sequences (right). (B) Presentation sequences consisted of 180 complex,
three-dimensional objects (shown rotating for 2 sec about a randomly oriented axis in the frontal plane).
Of these, 170±0.04 (mean± SEM) objects were recurring, and 9.2 ± 0.04 objects were nonrecurring.
Observers categorized each object as “familiar” or “unfamiliar.”Over the four sessions of 1 wk, observers
performed 24 runs and viewed 4320 presentations, with every recurring object appearing at least 250
times.
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an array of 12 simultaneously rotating objects, of which three were
randomly selected from the 15 “recurring” objects andnine objects
were entirely new (never seen before). Observers were asked to pick
out the three most “familiar” objects and received binary feedback
(“all correct” or “one ormore incorrect”). All observers approached
ceiling performance (proportion correct >0.95) in all conditions
(all sequence structures), confirming that almost all recurring ob-
jects had become familiar.

To establish the progress of recognition learning, we analyzed
250 repetitions (over four sessions and 24 sequences) of every re-
curring object. To this end, we considered “sliding windows”
with Nw= 5 successive presentations of a given object (for details
see Supplemental Fig. S3). Note that somewindows bridged succes-
sive presentation sequences and/or sessions. For each window and
“recurring” object, we computed the proportion of “familiar” re-
sponses (“hit rate”) (Fig. 2A). As “familiar” objects were common,
some false positives were to be expected. To take this into account,
we also established a “false alarm rate” for each session, as the frac-
tion of “nonrecurring” objects not categorized as “unfamiliar” (Fig.
2B). Combining hit rate (of a window) with false alarm rate (of the
concomitant session), we performed a simplified sensitivity analy-
sis (Macmillan and Creelman 2004) to obtain a corrected classifica-
tion performance ρ and decision bias b for each window and
“familiar” object (see the Supplemental_Material). Alternative sen-
sitivity analyses and performance measures (A′, d′; Stanislaw and
Todorov 1999) did not materially alter the results.

The resulting corrected performance ρ (mean and SEM, as-
suming binomial variability) is shown in Figure 2C. Performance

increased nearly monotonically, but was consistently superior
when objects were presented with “strongly structured” sequences
with “temporal community structure” than when they were pre-
sented in unstructured sequences. This difference was significant
after ∼60 presentations. As expected, observers rapidly developed
a liberal bias (favoring “familiar” responses), which weakened
somewhat over subsequent sessions (Fig. 2D).

We also analyzed the time-development of average response
times (RTs). Consistent with the performance results, RTs de-
creased faster for strongly structured sequences than for unstruc-
tured sequences (Supplemental_Material; Supplemental Fig. S2).

In addition to the gradual increase in the probability of recog-
nizing recurring objects, we also sought to determine the point in
time at which individual objects became familiar (“onset of famil-
iarity”). We defined this point in two alternative ways: (1) as the
first window inwhich corrected performance exceeded a threshold
of ρ≥0.875 (high threshold approach) or (2) as the window in
which entropy Hr = −[rlog2(r)+ (1− r)log2(1− r)] of corrected
performance reached its peak value (low threshold approach).
Note that entropy peaks at the transition from exclusively “unfa-
miliar” to exclusively “familiar” responses.

After establishing the “onset of familiarity” for each object,
we ranked all objects by order of onset and established the “onset
separation” between object pairs in terms of onset rank (Δn) and
presentation rank (Δk). The median separation of successive onsets
(defined by threshold or entropy) was nine or 16 presentations, re-
spectively. Interestingly, the median separation of successive on-
sets in same cluster was roughly thrice as long, with 24 and 50
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presentations, respectively, implying that successive onsets oc-
curred during separate visits to a given community.

In strongly structured sequences, onemay distinguish objects
pairs XY that are “adjacent” [follow each other with P(Y|X) = 0.25]
or “nonadjacent” [never follow each other, P(Y|X) = 0]. In addition,
one may distinguish object pairs within the same community (ei-
ther adjacent or nonadjacent) and between different communities
(also either adjacent or nonadjacent). Note that the objects linking
different communities (“linking objects”) contribute both “adja-
cent” pairs in different communities and “nonadjacent” pairs in
the same community (Fig. 3B).We analyzed the “onset of familiar-
ity” for different object pairs (as defined above), specifically, the
probability that the two members of a pair exhibit successive on-
sets (Δn=1) or nearly successive (Δn =2) onsets. Interestingly, the
probability of successive onsets was significantly higher than
chance for objects in the same community (null hypothesis H0:
“onsets” are ordered randomly) (Fig. 3A). Moreover, we found
the probability of successive “onsets” to be significantly elevated
for “adjacent” objects in the same cluster, insignificantly elevated
for “adjacent” objects in different clusters (“linking objects”), and
significantly reduced for “nonadjacent” objects in different clus-
ters (P<0.05; corrected for false discovery rate of multiple compar-
isons) (Fig. 3B; Benjamini and Hochberg 1995).

We conclude that temporal community structure had a signif-
icant effect on the order of recognition learning in the sense that
familiarity of one object in a community facilitated familiarity of
another object in the same community, provided the latter was
“adjacent” [i.e., followed the former sometimes, P(Y|X) = 0.25].
Interestingly, no such “domino effect”was observed for the objects
linking two different communities (i.e. adjacent objects in differ-
ent communities).

The results presented in Figures 2 and 3 were replicated with
an additional eight observers in a second experiment of almost
identical design (Supplemental Figs. S4, S6).

To dissociate the effects of cluster-membership and adjacen-
cy, we also conducted a third experiment, in which six further ob-
servers viewed either “weakly structured” presentation sequences
(during 1 wk) or “strongly structured” sequences (during another
week). To generate “weakly structured” sequences without tempo-
ral communities, we generated sparsely connected graphs with ex-
actly four links per node, but without any triangular link

formations (Maslov and Sneppen 2002; Rubinov and Sporns
2010). Recognition learning was faster for “strongly structured” se-
quences than for “weakly structured” ones. The “domino” effect
described above was again observed for “strongly structured” se-
quences (with both “onset” definitions), but to some extent also
for “weakly structured” sequences (for one “onset” definition).
Thus, the ordering of “onsets” of familiarity may be affected
both by community membership and by adjacency in the presen-
tation sequence (Supplemental Figs. S5, S7).

In this study, we investigated the effect of temporal commu-
nity structure by comparing more or less structured presentation
sequences. First, in “weakly structured” sequences, sparse connec-
tivity of the generative graph ensured that each object predicted
the next object with 25% probability (one of four possibilities).
Second, in “strongly structured” sequences, the (equally sparse)
generative graph was clustered into three communities of five ob-
jects, so that each object predicted the community membership
of the next object with 90% probability (18 of 20 possibilities).

Previous studies of statistical learning did not aim to closely
follow the learning of individual items (Siegelman et al. 2018).
Here we sought to monitor the degree of familiarity of each indi-
vidual object over successive presentations (Fig. 2). Whereas classi-
fication performance improved monotonically with presentation
number for all sequences, a significant performance advantage de-
veloped quickly (over 60 to 70 presentations) for “strongly struc-
tured” sequences compared with either “unstructured” or
“weakly structured” sequences (Supplemental Fig. S5). Note that
recognition performance improved comparably over time, with
or without having practiced stimulus-response mapping in a sepa-
rate training session (experiments 2 and 3). Accordingly, we do not
believe that motor learning contributed appreciably to these
results.

Thanks to close monitoring, we could almost always deter-
mine the onset of familiarity for an individual object. Interestingly,
the ordering of onsets did not appear to be fully random, in that
objects of the same community (“temporal community”) tended
to become familiar after one another more often than expected
by chance. Interestingly, this “domino effect” typically did not oc-
cur within one “extended visit” to a community but over subse-
quent visits to a given community. This “domino effect” was
particularly pronounced for adjacent objects in the same
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community, but was not observed for adjacent objects in different
communities. As a similar effect was observed for adjacent objects
in “weakly structured” sequences without communities, there
seems to be a contribution of frequent temporal proximity.

At the end of training, all objects had become familiar and
could be retrieved explicitly from long-term memory, for both
structured and unstructured sequences. The reason for the ob-
served difference in learning rates remains unclear. One possibility
is that structured sequences pose a reduced working-memory load,
facilitating encoding and accelerating learning. When large sets of
items are divided (“chunked”) into subsets, both chunked and
nonchunked items benefit and are learned more readily. Presum-
ably, chunking reduces the dimensionality of the classification
problem presented by each item (just like chunking the search ar-
ray in an odd-man-out task reduces the dimensionality of target
detection). This reduced dimensionality could then lower
working-memory load and facilitate classification by comparison
with long-termmemory for both familiar (chunked) items and un-
familiar (nonchunked) items. Another important factor might be
that temporal communities reduce repetition latencies (Supple-
mental Fig. S8). There is evidence that timely repetitions help con-
solidate memories, whereas delayed repetitions leave memories
prone to disruption (Thalmann et al. 2019).

Previous studies of the effect of “temporal community struc-
ture” have shown that cluster borders are detectable (Schapiro
et al. 2013) and that such borders elevate reaction time (Kahn
et al. 2018; Karuza et al. 2019). As border items are thought to facil-
itate encoding/retrieval (Swallow et al. 2009), one might have ex-
pected accelerated recognition learning for “linking objects” that
join two different clusters. However, in our paradigm, neither
learning rate nor ordering of onsets of familiarity distinguished
“linking objects” from other objects. In fact, our results suggest
that any chunking benefits (Thalmann et al. 2019) apply more to
objects within clusters than to objects that “link” clusters.

In summary, we showed that the presence of temporal com-
munities of mutually predictive objects accelerates recognition
learning for complex, three-dimensional objects and alters the or-
der of recognition learning such thatmembers of a group are often
learned after one another (but separated by many intervening
presentations).
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1.  INTRODUCTION

An essential aspect of visual object recognition is the 
processing of visual shapes. The neural substrate of 
shape processing includes the ventral visual pathway, 
which in humans extends over the ventral occipitotem-
poral cortex from the occipital pole to the lateral occipital 
cortex, fusiform gyrus, and beyond (reviewed by Bi et al., 
2016; Grill-Spector & Weiner, 2014; Kravitz et al., 2013; 
Weiner & Zilles, 2016). Functional imaging studies of ven-

tral occipitotemporal cortex reveal intriguing functional 

anatomy, with responsiveness to specific object catego-

ries (e.g., faces, scenes, body parts) changing systemat-

ically over the cortical surface along several large-scale 

anatomical gradients (e.g., animate-inanimate, large-

small, feature-whole, or perception-action; Freud et al., 

2017; Grill-Spector & Weiner, 2014; Grill-Spector et  al., 

2004; Konkle & Oliva, 2012; Wurm & Caramazza, 2022; 

Yildirim et al., 2019).

Gradual change of cortical representations with growing visual expertise 
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ABSTRACT

Objective: Visual expertise for particular categories of objects (e.g., mushrooms, birds, flowers, minerals, and so on) 
is known to enhance cortical responses in parts of the ventral occipitotemporal cortex. How is such additional exper-
tise integrated into the prior cortical representation of life-long visual experience? To address this question, we pre-
sented synthetic visual objects rotating in three dimensions and recorded multivariate BOLD responses as initially 
unfamiliar objects gradually became familiar.
Main results: An analysis of pairwise distances between multivariate BOLD responses (“representational similarity 
analysis,” RSA) revealed that visual objects were linearly discriminable in large parts of the ventral occipital cortex, 
including the primary visual cortex, as well as in certain parts of the parietal and frontal cortex. These cortical repre-
sentations were present from the start, when objects were still unfamiliar, and even though objects were shown from 
different sides. As shapes became familiar with repeated viewing, the distribution of responses expanded to fill more 
of the available space. In contrast, the distribution of responses to novel shapes (which appeared only once) con-
tracted and shifted to the margins of the available space.
Conclusion: Our results revealed cortical representations of object shape and gradual changes in these representa-
tions with learning and consolidation. The cortical representations of once-viewed shapes that remained novel 
diverged dramatically from repeatedly viewed shapes that became familiar. This disparity was evident in both the 
similarity and the diversity of multivariate BOLD responses.

Keywords: object recognition, visual expertise, functional imaging, representational similarity, and multi-voxel activity
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Experience and learning improve object recognition 
performance, and also modify shape processing in the 
ventral occipitotemporal cortex. Indeed, functional imag-
ing evidence shows that particular visual expertise—
being able to identify and categorize visually similar 
objects of a particular kind—often entails moderate but 
anatomically distributed changes in the pre-existing 
responsiveness to shape (reviewed by Bukach et  al., 
2006; de Beeck & Baker, 2010; Gauthier & Tarr, 2016; 
Harel et al., 2013). This has been established by compar-
ing novices and experts for identifying particular catego-
ries of natural objects (e.g., birds, mushrooms, minerals, 
degraded images; Cetron et  al., 2019; Connolly et  al., 
2012; Duyck et  al., 2021; Freud et  al., 2017; Martens 
et al., 2018; McGugin et al., 2012; Roth & Zohary, 2015), 
as well as by comparing observers before and after they 
have learned to categorize initially unfamiliar synthetic 
shapes (e.g., computer-generated “greebles,” “spikies,” 
or “ziggerins”; Brants et al., 2011; de Beeck et al., 2006; 
Gauthier et  al., 1999; A. C.-N. Wong et  al., 2009; Y. K. 
Wong et al., 2012; Yue et al., 2006).

Here, we map the cortical representation of synthetic 
visual objects and track gradual changes as initially unfa-
miliar objects become progressively familiar with learning. 
We wondered how pre-existing shape representations 
would accommodate and integrate novel synthetic 
objects. We further wondered whether representational 
changes would be specific to learned objects or extend 
also to other objects of the same kind. To explore these 
questions, we analyzed “representational similarity” of 
spatiotemporal BOLD patterns (Haxby, 2012; Kriegeskorte, 
Mur, Ruff, et al., 2008), which offers a potentially sensitive 
measure for the information encoded in neural activity 
and may also be related to similarity as perceived by 
human observers (Charest & Kriegeskorte, 2015; Collins & 
Behrmann, 2020; Nestor et al., 2016).

Most previous studies of visual expertise identified 
cortical sites associated with a particular object category 
by comparing BOLD activity either between novices and 
experts or before and after learning. We extend this work 
in three ways: firstly, by establishing representational dis-
tance at the level of object exemplars rather than object 
categories; secondly, by monitoring gradual changes as 
observers gain familiarity with object exemplars; and 
thirdly, by analyzing changes in the diversity of multivari-
ate BOLD activity. Few previous studies have attempted 
to resolve shape representations in such detail (Brants 
et al., 2016; Duyck et al., 2021; Eger et al., 2008; Visconti 
di Oleggio Castello et al., 2021). To progress fine-grained 
analysis of representational geometry, we developed 
synthetic shapes for which visual expertise is acquired 
comparatively slowly (Kakaei et  al., 2021) and took 
advantage of a numerically tractable method for linear 

discriminant analysis in O(103)-dimensional multivariate 
activity (DLDA; Yu & Yang, 2001).

Our results showed view-invariant representations of 
shape over surprisingly extensive regions of the ventral 
occipitotemporal cortex, including the fusiform gyrus, lat-
eral occipital areas, and primary visual cortex. Represen-
tational distances were high from the start, even before 
learning, suggesting that new visual expertise was 
accommodated and encoded within pre-existing repre-
sentations. However, shapes that appeared repeatedly 
(and were memorized by observers) and shapes that 
appeared just once (and were ignored) diverged dramati-
cally, in terms of their cortical representations, while 
visual expertise was being acquired and consolidated.

2.  METHODS

2.1.  Observers and behavior

Eight healthy observers (4 female and 4 male; aged 25 to 
32 years) took part in behavioral training (“sham experi-
ment,” one session per observer), the functional imaging 
experiment (“main experiment,” six scanning sessions 
per observer), and a final behavioral assessment (two 
sessions). All observers were paid and gave informed 
consent. Ethical approval was granted under Chiffre 
30/21 by the ethics committee of the Faculty of Medicine 
of the Otto-von-Guericke University, Magdeburg.

In both sham and main experiments, observers viewed 
sequences of 200 recurring and non-recurring objects 
(see below and Fig. 1A) and attempted to classify each 
object as “familiar” or “novel” (by pressing the appropri-
ate button). Over the course of multiple sessions, observ-
ers gradually became familiar with recurring objects and 
thus became able to distinguish them from non-recurring 
objects. Objects of the sham experiment were two-
dimensional shapes, whereas objects of the main exper-
iment were rotating, three-dimensional shapes (see 
below and Fig. 1A).

The main experiment extended over 3 successive 
weeks, with three sessions on separate days of both the 
1st and 3rd week (no sessions took place in the 2nd 
week). The experiments of the 1st and 3rd week differed 
in four aspects: sequence type (structured or unstruc-
tured), the set of recurring objects, object color (red or 
blue), and responding hand (left or right). All aspects were 
counterbalanced across observers.

After the three scanning sessions of a week, observers 
participated in an additional behavioral session to con-
firm that they had in fact become familiar with every 
recurring object. Specifically, they performed a spatial 
search task in which they pointed out recurring target 
objects among non-recurring distractor objects (Kakaei 
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et  al., 2021). In addition, observers were offered the 
opportunity to voice anything they might have noticed 
about the experiment.

2.2.  Experimental paradigm

Complex three-dimensional objects were computer-
generated and presented as described previously (Kakaei 
et al., 2021). A movie can be viewed under this LINK. All 
objects were highly characteristic and dissimilar from 
each other as confirmed computationally in terms of vec-
tor distances between depth maps (Kakaei et al., 2021). 
Objects were presented every 3s, with 2.5s viewing and 
0.5s transition time (Fig. 1A). Objects were shown from all 
sides and, after appearing at an arbitrary angle, revolved 
smoothly for one full turn (period 2.5s, frequency 0.4 Hz, 
angular frequency 144!/s) about one of several axes in the 

frontal plane (−45!, 0!, 45!, clockwise or counter-
clockwise). Axes and directions were counterbalanced for 
each object, and initial viewing angles were chosen ran-
domly (Fig. 1B). All stimuli were generated with MATLAB 
(The MathWorks, Inc.), presented with the psychophysics 
toolbox (Brainard, 1997), and viewed in a mirror mounted 
to the MR head coil (screen resolution 960 ×720 pixels, 
frame rate 60 Hz, subtending approximately 8! × 6! of 
visual angle, average luminance 50 Cd/m2, background 
luminance 5 Cd/m2). Observers responded with the right 
or left index finger on an MR-safe response box.

Fifteen objects recurred many times during three ses-
sions (“recurring” objects), whereas other objects 
appeared exactly once (“non-recurring” or “singular” 
objects). As mentioned, observers classified every object 
as either “familiar” or “unfamiliar” by pressing a button 
during its presentation. Over the course of three sessions, 

Fig. 1.  Experimental paradigm. (A) Complex objects were shown for 2.5 s each, separated by 0.5 s transition, in 
sequences of 200 presentations, with a total duration of 600 s. Over 1 week, observers participated in 3 sessions, viewing 
6 sequences during each session (18 sequences in total). Fifteen objects appeared many times each (“recurring objects”), 
while other objects appeared exactly once (“non-recurring objects”). Observers were required to categorize each object 
as either “familiar” or “unfamiliar” (by button press). (B) Objects appeared randomly rotated and revolved for one full turn 
(clockwise or counter-clockwise about variable axes in the frontal plane, inclination of 0!, 45!, or −45!). (C) Over the course 
of the week, as observers became familiar with recurring objects, classification performance improved. Here, performance 
(average and S.E.M.) is shown as a function of the number of presentations for 15 recurring objects, 8 observers, and 2 
conditions. The relation between presentations and sessions was probabilistic (indicated by gray shading). (D) Reaction 
time (average and S.E.M.) as a function of presentation number. With increasing familiarity, reaction times decrease by 
50% (from 1.7 s to 0.9 s) and become considerably shorter than the presentation time.
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all observers gradually became familiar with the “recurring 
objects” (see below). The average time-course of learn-
ing, as established by a simplified signal detection and 
reaction-time (RT) analysis, is shown in Figure 1C.

Every session comprised six sequences (“runs”), each 
lasting 600s and presenting 180 “recurring” and 20 “non-
recurring” objects (200 objects in total). As there were 15 
different recurrent objects, each such object was seen 
12 ±1.9 times during every sequence. Over the three ses-
sions (or 18 sequences), each recurring object appeared 
at least 190 times each (mean ±  S.D.: 216 ± 9), whereas 
non-recurring objects appeared only once. Altogether, 
there were 3, 240 presentations of recurring objects 
(3× 6 ×180) and 360  presentations of non-recurring 
objects (3× 6 ×180).

Presentation sequences started with a random recur-
ring object and continued randomly to one of the possi-
ble next objects, with neither immediate repetitions 
(X → X) nor direct returns (X → Y → X) being allowed. 
Sequences comprised 200 objects, of which 180 were 
recurring and 20 objects non-recurring and were inter-
spersed at random intervals. Object sequences were 
post-selected such as to counterbalance the number of 
appearances of every recurring object in every session.

All observers performed the experiment twice in the 
scanner, once during the 1st week and again during the 
3rd week of the main experiment (so that 8 observers 
provided 16 data sets). As mentioned, the 2 weeks dif-
fered in terms of the recurring objects and the presenta-
tion sequence. “Structured” sequences exhibited 
predictive sequential dependencies (3 possible recurring 
next objects), whereas “unstructured” sequences did not 
(14 possible recurring next objects, see Kakaei et  al., 
2021 for details). As a result, the repetition latency (i.e., 
the latency of successive presentations of the same 
object) was 5.5 ±15 (median and S.D.) for “structured” 
and 10.5 ±11 for “unstructured” sequences. Further 
aspects and effects of sequence structure are reported 
and discussed in detail in a companion paper.

To verify that recurring objects had become familiar to 
observers, every observer performed 60 trials of a spatial 
search task with 3 recurring and 9 non-recurring objects. 
The 12 objects were positioned randomly in a 3× 4 array 
and were presented for 30 s while rotating in three dimen-
sions (as in the main experiment). After each presenta-
tion, observers indicated the recurring object positions 
with the computer mouse. Performance was consistently 
above 95% correct.

2.3.  MRI acquisition

All magnetic-resonance images were acquired on a 3T 
Siemens Prisma scanner with a 64-channel head coil. 

Structural images were T1-weighted sequences 
(MPRAGE TR = 2,500 ms, TE = 2.82 ms, TI = 1,100 ms, 
7! flip angle, isotropic resolution 1×1×1 mm and matrix 
size of 256 × 256 ×192). Functional images were T2*-
weighted sequences (TR = 1,000 ms, TE = 30 ms, 65! flip 
angle, resolution of 3× 3× 3.6 mm and matrix size of 
72×72× 36). Field maps were obtained by gradient dual-
echo sequences (TR  =  720  ms, TE1  =  4.92  ms, 
TE2  =  7.38  ms, resolution of 1.594 ×1.594 × 2 mm and 
matrix size of 138 ×138 ×72).

2.4.  fMRI pre-processing

Our approach to fMRI analysis was influenced by recent 
advances in comparing uni- and multivariate responses 
of corresponding voxels between different observers 
(e.g., Kumar et al., 2022; Nastase et al., 2019). The local 
correlation structure of voxel response, which is similar in 
different observers, provided the basis for our functional 
parcellation (Dornas & Braun, 2018). The parcellation 
obviated “searchlight” strategies by defining for all 
observers corresponding brain “parcels” with corre-
sponding episodes of high-dimensional (O(1000)) multi-
variate activity.

The fMRI pre-processing procedure was similar to that 
published previously (Dornas & Braun, 2018). First, 
DICOM files were converted into NIFTI format using 
MRICRON (MRICRON Toolbox, Maryland, USA, NIH). 
Then, brain tissues were extracted and segmented using 
BET (Smith, 2002) and FAST (Zhang et al., 2001). Field 
map correction, head motion correction, spatial smooth-
ing, high-pass temporal filtering, and registration to 
structural and standard images were performed with the 
MELODIC package of FSL (Beckmann & Smith, 2004).

Field map correction and registration to structural 
image were carried out using Boundary-Based Registra-
tion (BBR; Greve & Fischl, 2009). MELODIC uses 
MCFLIRT (Jenkinson et  al., 2002) to correct for head 
motion. Spatial smoothing was performed with SUSAN 
(Smith & Brady, 1997), with full width at half maximum set 
at FWHM = 5 mm. To remove low-frequency artifacts, we 
applied a high-pass filter of the cut-off frequency f = 0.01 
Hz, that is, oscillations/events with periods of more than 
100 s were removed. To register the structural image to 
Montreal MNI152 standard space with isotropic 2 mm 
voxel size, we used FLIRT (FMRIB’s Linear Image Regis-
tration Tool; Jenkinson & Smith, 2001; Jenkinson et al., 
2002) with 12 degrees of freedom (DOF) and FNIRT 
(FMRIB’s Nonlinear Image Registration Tool) to apply the 
non-linear registration. To further reduce artifacts arising 
from head motion, we applied despiking with a threshold 
of λ = 100 using BrainWavelet toolbox (Patel et al., 2014). 
Later, we regressed out the mean CSF activity as well as 
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12 DOF translation and rotation factors predicted by a 
motion correction algorithm (MCFLIRT). Afterward, the 
time series of each voxel was detrended linearly and 
whitened (with Matlab functions “detrend” and “zscore”).

Finally, the 160, 099 voxels of MNI152 space were 
grouped into 758 functional parcels according to the 
MD758 atlas (Dornas & Braun, 2018). Each functional 
parcel is associated with an anatomically labeled region 
of the AAL atlas (Tzourio-Mazoyer et al., 2002) and com-
prises approximately 200 voxels or approximately 1.7cm3 
of gray matter volume (212 ±70 voxels, range 45  to 462 
voxels). Parcels were defined for a small population of 
observers such as to maximize signal covariance within 
and minimize covariance between parcels in the resting 
state. In contrast to other parcellation schemes, this was 
based exclusively on the (typically strong) functional cor-
relations within each anatomical region and disregarded 
the (typically weak) correlations between different ana-
tomical regions. The MD758 parcellation offers superior 
cluster quality, correlational structure, sparseness, and 
consistency with fiber tracking, compared to other par-
cellation schemes of similar resolution (Albers et  al., 
2021; Dornas & Braun, 2018).

2.5.  fMRI data analysis

To study the neural representation of objects, we 
extracted the multivoxel activity pattern at Nt = 9 time 
points following object onset. In a functional parcel  
with Nvox voxels, this response pattern constituted a 
point (or vector) in an Ndim-dimensional space, where 
Ndim= Nt ⋅Nvox (Fig. 2A). To identify parcels with signifi-
cant selectivity for individual recurring objects, we 
employed a representational similarity analysis (RSA; 
Kriegeskorte, Mur, & Bandettini, 2008) (Fig.  2B). This 
analysis uses the standardized Euclidean (Mahalanobis) 
distance between responses in a high-dimensional space 
to examine the separability of neural object representa-
tions as a function of learning, or object type (recurring or 
non-recurring), or both. Over all 758 parcels, response 
dimensionality was Ndim= 1,911± 634 (mean and 
standard-deviation), with a range from 405 (Calcarine-L 
329, with 45 voxels) to 4,113 (Postcentral-R-484, with 
457 voxels).

Our approach to RSA differed from previous work in 
some respects. Firstly, we analyzed high-dimensional 
spatiotemporal patterns of BOLD activity (200 voxels × 
9 s, or O(103) dimensions) in non-overlapping gray matter 
volumes (758 functional subdivisions of 90 anatomical 
regions, averaging 1.7 cm3; Dornas & Braun, 2018). Other 
studies have used lower-dimensional spatial activity pat-
terns in overlapping searchlight volumes (O(102 ) voxels 
or dimensions, covering 0.25 to 1.0 cm3; Kriegeskorte 

et  al., 2006). Secondly, we employed multi-class linear 
discriminant analysis (“direct linear discriminant analy-
sis,” DLDA; Yu & Yang, 2001), rather than pairwise dis-
criminability or one-versus-all discriminability (e.g., Hung 
et al., 2005; Liu et al., 2009). With these modifications, 
RSA revealed representational geometry at the level of 
object exemplars, as well as gradual changes in this 
geometry over sessions and runs.

2.5.1.  Linear discriminant analysis

To analyze the response variance that discriminates κ = 15  
recurring objects, at most κ −1( )-dimensions are required. 
Restricting the analysis to 14 principal components of the 
response could potentially have neglected smaller but 
more discriminating components. Accordingly, we per-
formed a Linear Discriminant Analysis (LDA), which 
amounts to a “supervised” principal component analysis 
(PCA) and yields the κ −1( )-dimensional orthonormal 
subspace S that optimally discriminates the κ  response 
classes. Here, optimality is defined as simultaneously 
minimizing within-class variance and maximizing 
between-class variance of responses.

The results of LDA and PCA showed considerable 
commonality. Over the 758 parcels, the first 14 principal 
components captured 53 ±7% (mean and S.D.) of the 
total response variance, whereas the 14-dimensional 
subspaces S captured 33 ±7%  of the total variance (or 
61± 6% of the principal component variance). Almost all 
of the subspace variance overlapped with the principal 
component variance (i.e., 88 ± 5% of subspace variance 
projected into the space of the first 14 principal compo-
nents, while the remaining 12 ± 5% projected into the 
space of the remaining principal components).

Similar numbers were obtained for the 124 identity-
selective parcels. The first 14 principal components cap-
tured 57 ± 6% (mean and S.D.) of the total response 
variance, and subspaces S captured 38 ± 6% of the total 
variance (or 67 ± 4% of the principal component variance). 
Almost all of the subspace variance (91± 3%) overlapped 
with the first 14 principal components. In summary, Linear 
Discriminant Analysis captured the useful (discriminating) 
part of correlated variance and distributed this variance 
more uniformly over its 14 orthonormal dimensions 
(6 ± 3% per dimension) than principal component analysis 
could (4 ± 6% per dimension).

A numerically tractable procedure for identifying the 
optimal subspace S is available in terms of “direct LDA” 
or DLDA (Ye et al., 2006; Yu & Yang, 2001). Briefly, this 
method first diagonalizes between-class variance to 
identify κ −1 discriminative eigenvectors with non-zero 
eigenvalues, next diagonalizes within-class variance, and 
finally yields a rectangular matrix for projecting activity 
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patterns from the original activity space (dimensionality 
Ndim) to the maximally discriminative subspace S and 
back. As this method is linear and relies on all available 
degrees of freedom, its results are deterministic. An 
important feature of this particular algorithm is that 
within-class variance is maintained near unity for all 
classes, by means of a suitable scaling of the subspace 
dimensions. The link github.com/cognitive-biology/DLDA 
provides a Matlab implementation of DLDA.

2.5.2.  Amplitudes, distances, and correlations

Activity patterns x jk associated with trials k were ana-
lyzed in the maximally discriminative subspace S. The 

normalized amplitude ak = 1
κ −1

∑ j=1
κ−1 x jk

2  of such pat-

terns exhibited an average value of 〈a〉 = 0.99 . The nor-

malized distance dkl =
1

κ −1
∑ j=1

κ−1 x jk − x jl( )2  between 

patterns associated with trials k and l  measured on aver-
age 〈d〉 = 1.40, consistent with distance expected 
between random patterns of this amplitude ( 2 ). Averag-
ing over trials k  produced normalized response ampli-
tudes A = 〈ak 〉k . Averaging over pairs of trials k, l 
separated by a given latency l − k , produced normalized 
response distances D( l − k ) = 〈dkl 〉k,l .

The patterns from successive trials exhibited a weak 
temporal correlation, with approximately 5% smaller  

Fig. 2.  Analysis of fMRI activity with direct linear discriminant analysis, or DLDA. For each functional parcel, DLDA 
identified the 14-dimensional space that optimally discriminated the 15 classes of activity patterns associated with 15 
recurring objects. Other activity patterns, such as those associated with nonrecurring objects, were also analyzed in this 
space. (A) For a given parcel with Nvox voxels (e.g., yellow region Frontal-Inf-R-8), activity was recorded over 9 s during 
and following object presentation (2 to 11 s after onset). Each such activity pattern corresponds to a point (or vector) in 
a 9 ⋅Nvox-dimensional space (right). Here, activity patterns associated with three object presentations are represented 
schematically (red, green, and blue spheres). (B) To cross-validate discriminability, recurrent object presentations 
were divided randomly into a training set (90%) and a test set (10%). From the training set, the DLD subspace S was 
established. Here, exemplars (solid spheres) and class centroids (crosses) are represented schematically. Next, the 
projections into this space of test set patterns were compared to class centroids. (C) Projection onto the line connecting 
class centroids i and j  revealed the pairwise discriminability/dissimilarity δ i, j of object classes i  and j  (top), and the 
distances to class centroids yielded the within-class and between-class variance of representations, SSW  and SSB,  
and the associated variance ratio F = SSB /SSW  (bottom). Additionally, a matrix of (mis-)classification probabilities 
P(reported   i | true  j ) (a.k.a confusion matrix) could be obtained (not shown). (D) To assess object representation generally, 
test presentations were drawn randomly from the complete set of object presentations (left). To assess changes over the 
duration of the experiment, the set of presentations was divided into five successive “batches” and test presentations 
were drawn from one of these batches (bottom). In either case, the training set comprised all remaining presentations (i.e., 
the complement of the test set).



7

E. Kakaei and J. Braun	 Imaging Neuroscience, Volume 2, 2024

distances at delays below 4 trials and approximately  
2% larger distances at delays ranging from 6 to 15 trials 
(see Supplementary Fig. S1A, B). Comparing pairs of tri-
als with different types of objects, we observed approxi-
mately 3% larger response distances D (at all latencies) 
for the same recurring objects than for either different 
recurring or non-recurring objects (Supplementary 
Fig. S1C). Differential response amplitudes A increased 
marginally with latency, because response amplitudes 
tended to increase slightly over the course of each run 
(Supplementary Fig. S1D). This trend was evident for all 
types of objects and with both “structured” and “unstruc-
tured” sequences. In other words, the effect of object 
type on multivariate hemodynamic responses was limited 
to response distances and did not extend to response 
amplitudes. Thus, our data provided no evidence for 
“repetition suppression.”

For certain analyses (Sections 2.5.8 and 2.5.9), we 
established for each parcel w the average delay-
dependent distance Tw (Δk ) = 〈dw,u,r (Δk )〉u,r between pat-
terns with a relative delay of Δk trials, where the average 
was taken over subjects u and runs r. The time-course Tw   
allowed us to discount temporal correlations by comput-
ing

  dw,u,r
corrected (Δk ) = dw,u,r (Δk ) −Tw (Δk ) + 〈Tw (Δk )〉Δk, where 

〈Tw (Δk )〉Δk is the average value over delays Δk.

2.5.3.  Representation of shape “identity” for 
recurring objects

Our observations comprised approximately 200 activity 
patterns for each of the 15 recurring object classes (per 
observer and condition). To allow for cross-validation, we 
randomly divided these patterns in a larger “training set” 
(90% or 190 ±7.7 per object class) and a smaller test set 
(10% or 22 ± 0.9 per object class) (Fig. 2B). Note that the 
“training set” comprised exclusively activity patterns 
associated with recurring objects. To reduce the variabil-
ity introduced by random test sets, this selection was 
repeated Nr = 20 times and all statistical measures 
described below represent the average over repetitions. 
As illustrated in Figure 2C, in the discriminative subspace 
S, we compared the ni test set exemplars xki  (where 
k = 1,…,ni) of class i  to the centroids cj

train established for 
the training exemplars of class j. To compute Mahalano-
bis distances and variance ratios (see below), we com-
pared test set exemplars xki  of class i to the centroids 
cj
test of test set exemplars of class j.

We used three measures for this comparison, all with 
comparable results. Firstly, the nearest class centroid 
ci
train to each pattern exemplar xki was identified to estab-

lish a matrix of classification probabilities P( j| i ) (probabil-
ity that an exemplar of class i  is nearest to the centroid of 
class j), also known as “confusion matrix,” as well as the 

“classification accuracy” α = ∑ i P( i| i )P( i ), which is the 
probability that the nearest centroid is the correct one.

Secondly, for each pair of object classes ( i, j ), object 
exemplars xki  and xkj  from the test set were projected 
onto the line connecting the two test set centroids, ci

test 
and cj

test, and a pairwise discriminability/dissimilarity/
Mahalanobis distance δ i, j  was computed from the 
means, µ i and µ j , and variances, σ i

2 and σ j
2, of these pro-

jections, as δ i, j =
µ i − µ j

1
2

σ i
2 + σ j

2( )
. The average over all pairs 

of object classes was computed as δ = 2
κ κ −1( )∑ i, j δ i, j .

Thirdly, given class centroids ci
test and overall cen

troid ctest , we computed the Euclidean distances 
dki = xki − ci

test  between exemplars xki  and class cen-

troid ci
test and, for each object class i , the “sum of squares” 

as SSWi = ∑k=1
ni dki

2 . The “within-class” variance of all 

classes was computed as SSW = 1
N
∑ i=1

κ SSWi , where 

N = ∑ i=1
κ ni. Similarly, from the Euclidean distances 

di = ci
test − ctest  between individual and overall centroids, 

we computed “between-class” variance SSB=
1
N
∑ i=1

κ nidi
2.  

From the Euclidean distances dki = xki
test − ctest  between 

exemplars and overall centroid, we computed “total” vari-

ance SST =
1
N
∑ i=1

κ
k=1

ni∑ dki
2 . Variances SSW , SSB, and 

SST  are also denoted, respectively, SSsame, SSdiff , and 
SSfam further below. To quantify the discriminability of 
classes, the variance ratio Fidentity = SSB (N − κ )/SSW (κ −1) 
provided a non-parametric multivariate statistic (PER-
MANOVA; Anderson, 2001). The average within-class and 
between-class dispersion per dimension could be esti-
mated as σW = SSW /(N − κ ) and σB = SSB /(κ −1), 
respectively.

2.5.4.  Minimum statistic

To test for statistical significance, we computed average 
classification performance (in terms of both classifica-
tion accuracy αobs and f-ratio Fobs) over Nr  test sets, as 
well as over 103 first-level permutations of object iden-
tities (in each of the Nr  test sets). In principle, we could 
have tested an “individual null” hypothesis for every 
parcel and every data set, namely, the probability of 
obtaining the observed performance αobs (or Fobs) 
purely by chance. Instead, we computed the “minimum 
statistic” m = minkαk (or m = minkFk ) over data sets k , 
as well as over 105 second-level permutations (drawn 
randomly from the first level permutations) and tested 
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the “global null” hypothesis, namely, the probability 
pn(m) of obtaining the observed minimum performance 
over n data sets purely by chance. This computation 
was performed separately for each of the 2 conditions 
(8 data sets from 8 observers per condition) as well as 
for the union of conditions (16 data sets from 8 observ-
ers). When the “global null” hypothesis could be 
rejected, we inferred statistically significant classifica-
tion performance in at least some data sets. Our thresh-
old for significance was pn

! (m) < 0.05 after correction for 
multiple comparisons (758 parcels and 2 conditions) 
(Allefeld et al., 2016).

2.5.5.  Prevalence analysis

To summarize the results from all observers and condi-
tions, we used a “prevalence analysis” (Allefeld et  al., 
2016). Prevalence γ true is the fraction of significant perfor-
mance over n = 16 data sets. To test the “prevalence null” 
hypothesis that γ true is below a threshold γ0= 0.5, an 
upper bound for P(γ true < γ0 ) was obtained from the prob-
ability pn

! (m) of the minimum statistic over n = 16 data 
sets, after correction for multiple comparisons:

P(γ true< γ0 ) ≤ pn(m|γ ) = (1− γ0 ) pn
! m( )n + γ0⎡

⎣⎢
⎤
⎦⎥
n

This was the criterion used to label parcels as “identity 
selective.” Threshold prevalence γ ! 0.5  corresponded to 
corrected probability pn

! (m) ! 0.0012 and minimal accu-
racy of 6.67% (i.e., near chance).

Additionally, we computed γ est as the largest value for 
which the “prevalence null” hypothesis could be rejected 
from

γ est =
αn − pn

! (m)n

1− pn
! (m)n

where pn
! (m) is the corrected minimum probability, n = 16 

the number of data sets, and α = 0.05 the significance 
threshold.

2.5.6.  Representation of shape “novelty”  
for non-recurring objects

Although recurring and non-recurring objects were com-
parable and generated in the same way, it seemed possi-
ble that neural representations might discriminate the 
class of 15 recurring objects from the class of 360 non-
recurring objects. Indeed, the two classes became  
discriminable after observers had learned to classify 

recurring objects as “familiar” and non-recurring objects 
as “novel.” Accordingly, we considered this discriminabil-
ity a representation of “novelty.”

To assess the neural representation of “novelty,” we 
divided non-recurring and recurring objects into two 
sets of unequal size (approximately N = 216 ×15 recur-
rent or “familiar” exemplars vs. M = 360 non-recurrent 
or “novel” exemplars). From the Euclidean distances 
dk = xk− c  between test set exemplars xk  and  

centroids cfam= 1
N
∑k=1
N xk or cnov =

1
M

∑k=1
M xk, we obtained 

“within-class” variance SSW = SSfam+ SSnov , where  

SSfam= 1
N +M

∑k=1
N dk,fam

2  and SSnov =
1

N +M
∑k=1
M dk,nov

2 . 

From distances dfam= cfam− ctot  and dnov = cnov − ctot  

between class centroids and overall centroid 

ctot=
N

N +M
cfam+ M

N +M
cnov , we obtained “between-

class” variance SSB= SSnovfam = N
N +M

dfam
2 + M

N +M
dnov
2 =  

NM
(N +M )2

(cfam− cnov )
2 . Finally, from distances dk = 

xk − ctot  between exemplars and overall centroid, we 

obtained total variance SST = 1
N +M

∑k=1
N+M dk

2. To quantify 

the discriminability of non-recurring and recurring objects, 
we formed the variance ratio Fnovelty = SSB (N + M− 2)/SSW 
(Anderson, 2001). Average within-class and between-
class dispersion per dimension was obtained from 

σW = SSW / (N +M − 2)  and σB = SSB , respectively.

2.5.7.  Changes of representation  
analyzed in “batches”

To assess changes in neural representations over the 
course of the experiment, while also allowing for cross-
validation, we divided all recurring object presentations 
into five successive “batches” B1,B2,…, each with 20% 
of the presentations (Fig.  2D). In this way, we could 
select “test sets” for cross-validated DLDA from one 
particular batch, while retaining all other presentations 
as a “training set.” As every recurrent object was pre-
sented 210 ± 9 times over all sessions, a batch would 
comprise 42 ±1.8 presentations, a test set 21± 0.9, and 
a training set 189 ± 8.1 presentations. To reduce the 
variance deriving from test set selection, we repeated 
the random selection Nr = 20 times and averaged over 
repetitions.

To quantify representational changes over the course 
of learning, we computed the variance ratios Fm,w,u

identity for 
each temporal window or batch m, identity-selective par-
cel w, and data sets u ∈ 1,…, 16{ }. We formed the average 
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ratio over 16 data sets, Fm,w
identity = Fm,w,u

identity

u
, and assessed 

statistical significance by shuffling (103  permutations) the 
identity of recurring objects to obtain the distribution  
of variance ratios due to chance or data structure. The 
mean µm,w and variance σm,w

2  of this distribution could 

also be used to convert Fm,w
identity  into z-score values 

Zm,w
identity = Fm,w

identity − µm,w( ) σm,w .

Additionally, we performed a regression analysis and 
quantified representational changes in terms of linear 
trends. Specifically, we determined a “rate” parameter 
βw
identity by fitting a linear mixed-model Fm,w,u

identity = 
β0,w + βw

identitym+ ξ0,w,u+ ξ1,w,um+ εm,w,u  with data sets u 
as the grouping variable, where β0,w was a fixed-effect 
coefficient, ξ0,w,u and ξ1,w,u were random effect coeffi-
cients, and εm,w,u was residual error.

Similarly, to assess whether neural representations of 
non-recurring objects change with learning, we divided 
all object presentations (recurring and non-recurring) into 
five successive “batches” B1,B2,..., each with 20%  of the 
presentations (Fig. 2D), to obtain variance ratios Fm,w,u

novelty  
for each temporal window or batch m, identity-selective 
parcel w , and data sets u ∈ 1,…, 16{ }. After averaging 

over 16 data sets, Fm,w
novelty = Fm,w,u

novelty

u
, we assessed sta-

tistical significance by shuffling (103 permutations) the 
identity of recurring and non-recurring objects to obtain 
the distribution of variance ratios due to chance or data 
structure. The mean µm,w  and variance σm,w

2  of this distri-
bution were used to convert Fm,w

novelty  into z-score values 
Zm,w
novelty = Fm,w

novelty − µm,w( ) σm,w.
Additionally, we performed a regression analysis to 

establish linear trends. Changes in the representation  
of object “novelty” were assessed by fitting the  
“rate” parameter βw

novelty in a linear mixed-model 

Fm,w,u
novelty = β0,w + βw

noveltym+ ξ0,w,u+ ξ1,w,um+ εm,w,u, with data  

sets u as the grouping variable, where β0,w was a fixed-
effect coefficient, ξ0,w,u  and ξ1,w,u were random effect 
coefficients, and εm,w,u was a residual error.

To establish linear trends Fm= 〈Fm,w,u〉w,u (of either iden-
tity and novelty) that average over both parcels w and data 
sets u, we obtained a rate parameter β1 by fitting linear 
mixed-model Fm,w,u= β0+ β1m+ ξ0,w,u+ ξ1,w,um+ εm,w,u with  
both parcels and data sets as grouping variables.

2.5.8.  Geometry of representations

In the cross-validated analyses described above, sub-
spaces S differed slightly between different batches 
(and training sets). To analyze the geometry of neural 
representations in a stable framework, we repeated 
some analyses in fixed subspaces S that reflected all 

observations (i.e., all recurring activity patterns xk ). In 
the fixed subspace, we calculated the normalized  

amplitude ak = xk / κ −1 = ∑ j=1
κ−1 x jk

2 / κ −1 of individ-

ual patterns k  and the normalized pairwise distance 

dkl = xk − xl / κ −1 = ∑ j=1
κ−1(x jk − x jl )

2 / κ −1  between 
two patterns k  and l .

For each parcel w, data set u, and run r, we obtained the 

average amplitude Aw,u,r
tot = 1

N +M
∑k=1
N+M ak of all patterns, 

the average amplitude Aw,u,r
fam = 1

N
∑k=1
N ak of recurring  

patterns, and the average amplitude Aw,u,r
nov = 1

M
∑k=1
M ak  

of non-recurring patterns. Similarly, we obtained the 

average pairwise distance Dw,u,r
tot = 2

(N +M )(N +M −1)
 

k=1

N+M∑ l=k

N+M∑ dkl between all patterns, the average  

distance Dw,u,r
nov = 2

M(M −1) k=1

M∑ l=k

M∑ dkl between non-

recurring patterns, the average distance Dw,u, r
fam =

2
N(N −1) k=1

N∑ l=k

N∑ dkl  between recurring patterns, and 

the average distance Dw,u, r
novfam= 1

MN k=1

M∑ l=1

N∑ dkl between 

pairs comprising one recurring and one non-recurring  

pattern. For recurring patterns, we further obtained the 

average distance Dw,u,r
same = 2

N(N/κ −1) i=1

κ∑ k=1

ni∑ l=k

ni∑ dkl 

between pairs of recurring patterns in the same class  

and the average distance Dw,u,r
diff = 1

N(N − N/κ ) i=1

κ∑ k=1

ni∑
l=1

N−ni∑ dkl  between pairs in different classes. All distances 

were corrected for the temporal auto-correlation by sub-
tracting the time course of Tw ( i, j ), as described above.

As described further above, the distances between 
individual activity patterns and different centroids—such 
as ctot , cnov, and cfam—yielded total variance SST = SStot , 
within-class variance SSW = SSfam+ SSnov , and between-
class variance SSB = SSnovfam. For recurring patterns, 
distances to individual class centroids ci and overall cen-
troid cfam yielded total variance SST =SSfam, within-class 
variance SSW = SSsame, and between-class variance 
SSB=SSdiff .

These values were computed for each parcel w, 
observer u, and run r, in order to obtain variance frac-

tions Fw,u,r
fam = SSfam /SStot, Fw,u,r

nov = SSnov /SStot , Fw,u,r
novfam= 

SSnovfam /SStot, Fw,u,r
same = SSsame /SSfam, and Fw,u,r

diff = SSdiff /  

SSfam, as well as variance ratios Rw,u,r
identity = SSdiff (N − κ ) / 

SSsame (κ −1) and Rw,u,r
novelty = SSnovfam(N +M − 2)/( SSnov= 

SSfam).
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2.5.9.  Changes with learning analyzed by “runs”

Fixed subspaces permitted us to assess representa-
tional changes between successive “runs.” To this end, 
we computed average amplitudes Aw,u,r , distances 
Dw,u,r, variances SSw,u,r , and variance ratios Fw,u,r , as 
described above, for each parcel w, data set u ∈ 1,…, 16{ },  
and run r. Within each session s, we assessed the 
changes of these parameters Y∈ A,D,SS,F{ } over runs 
′r ∈s by determining a “rate” parameter βs for identity-

selective w  and non-selective parcels ′w . Each βs coef-
ficient was acquired from a linear mixed-model 

 
Y ′r ,w,u= β0,s+ βsr ′ + ξ0,w,u+ ξ1,w,ur ′+ ε ′r ,w,u with observers 
and parcels as grouping variables, where β0,s was a 
fixed-effect coefficient, ξ0,w,u 

and ξ1,w,u  were random 
effect coefficients, and ε was residual error. The same 
approach was used to assess gradual changes over 
runs in the centroid-to-centroid distances Dsame (r ), 

ΔDsame (r ), Dnov (r ), and ΔDnov (r ). This served to test the 
statistical significance of linear rates βs  in each session. 
Sessions with significant rates are marked by stars in 
Figure 6.

2.5.10.  Stability of shape identity and novelty 
representations

We also assessed the stability of the representation of 
the 16 response classes (15 recurring and 1 non-
recurring) over the course of the experiment. To this 
end, we compared the average representation in indi-
vidual runs r  (centroids Cr of responses to exemplars) 
to the average representation over all runs (centroids 
Cave). For observer u, identity-selective parcel w , and 
object class i, we calculated the Euclidean distance 
Du,w,i,r  between the relevant Cr  and Cave, and also the 
difference ΔDu,w,i,r  between the relevant centroids from 
successive runs, Cr  and Cr+1. After averaging over 
observers u , identity-selective parcels w, and object 
classes i , we obtained Dsame (r ) and ΔDsame for recur-
ring objects and by Dnov (r ) and ΔDnov (r ) for non-
recurring objects.

As a baseline for comparison, we also computed the 
distances Du,w,i,r  and differences ΔDu,w,i,r  that may be 
expected purely on the basis of response variance. To 
this end, we permuted the sequence of all 3,600 trials, 
separately within each of the 16 response classes (15 
recurring and 1 non-recurring) such as to obtain 18 
“pseudo-runs” with 200 trials each. Expectation values 
were obtained by repeating this Nr = 1,000 times.

We note that, in an n-dimensional hypersphere of unit 
radius, the average Euclidean distance between two ran-
dom points is

dave =
2n

π

Γ2 n+1
2

⎛
⎝⎜

⎞
⎠⎟

Γ n+ 1
2

⎛
⎝⎜

⎞
⎠⎟

with dave ≈ 1.4017 for n = 14.

2.5.11.  Dimensional reduction

To visualize representational geometry in two dimen-
sions, we randomly sampled 50 response patterns to 
each of the recurring and non-recurring objects within 
the first and the last sessions and calculated a 
1,600 ×1,600 pair-wise distance matrix (Dw,u) for each 
identity-selective parcel w and subject u. We did not 
wish to average distance matrices over observers, as we 
did not expect the activity patterns of different observers 
to be comparable. To sidestep this difficulty, we per-
muted the order of recurring objects 100 times and for 
each subject obtained an average matrix D  over permu-
tations, which was then averaged over subjects. To visu-
alize the representational geometry of identity in the first 
and the last session, we used multidimensional scaling 
(Matlab function mdscale, metric stress) to map the dis-
tances matrices for recurring objects (50 exemplars from 
the first session and 50 exemplars from the last session) 
into a two-dimensional space. To visualize the represen-
tational geometry of novelty, we restricted the distance 
matrix to non-recurring objects (50 exemplars from the 
first session and 50 exemplars from the last session) and 
just 3 of the 15 recurring objects (20 exemplars from 
either session).

3.  RESULTS

Observers viewed sequences of computer-generated 
objects, with each object shown for 2.5 s while rotating 
in three dimensions (Fig. 1A, B, a movie may be viewed 
HERE). Over three sessions, observers viewed 3,600 
objects in total, of which 3,240 were presentations of 
recurring objects (15 different objects, each appearing 
approximately 216 times) and 360 were presentations of 
non-recurring objects (360 different objects, each 
appearing once). The display was intended to be suffi-
ciently intriguing to remain interesting over 3 successive 
days. To this end, presentations never repeated exactly. 
Observers were required to classify each object as “famil-
iar” (recurring) or “novel” (non-recurring). The task perfor-
mance improved as observers became increasingly 
familiar with recurring objects, as illustrated in Figure 1C. 
Over the first 600 presentations, classification perfor-
mance improved approximately from 50% correct 
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(chance) to 85% correct, and reaction times decreased 
approximately from 1.65s to 1.25s. Over the remaining 
3,000 presentations, performance improved further to 
approximately 90% correct and reaction times decreased 
further to approximately 0.95s. After three sessions, all 
observers were “familiar” with all recurring objects and 
could pick them out from an array of distractor objects.

All sessions were performed in an MRI scanner while 
whole-brain functional imaging data were being col-
lected. In the following, we report the results of three 
types of analyses. First, we describe the cortical areas in 
which multivariate BOLD activity encodes information 
about the identity of recurring objects (“object identity”), 
as determined by cross-validated analyses of entire data 
sets (3 sessions per observer). Second, we describe 
changes in cortical representations over coarse time 
intervals, by means of cross-validated analyses of suc-
cessive parts of the data sets (3 sessions divided into 5 
batches). These changes pertain to the encoding of both 
recurring objects and the distinction between recurring 
and non-recurring objects (“object novelty”). Third, we 
describe changes in representations over finer time inter-
vals (3 sessions divided into 18 runs), by foregoing cross-
validation and adopting a fixed reference frame. These 
finer intervals confirm the results from coarse intervals 
but reveal more details about the geometry of neural rep-
resentations and their development over time.

3.1.  Cross-validated representation of object identity

To assess the extent to which multivariate neural 
responses to recurring objects encoded object identity, 
we relied on optimal linear classifiers combined with 
cross-validation (“direct linear discriminant analysis,” 
DLDA, see Methods for details). Specifically, we quanti-
fied the “identity” information in multivariate responses of 
every parcel w ∈ 1,…, 758{ } and data set u ∈ 1,…, 16{ } in 
terms of classification accuracy αw,u , average pairwise 
dissimilarity δw,u, and the ratio of between-class and 
within-class variance Fw,u. All three measures proved 
highly correlated and supported similar conclusions. For 
example, Figure 3B illustrates the correlation of classifi-
cation accuracy αw,u and variance ratio Fw,u  (ρ = 0.94, 
p < 0.001). The correlations of aw,u and δw,u (ρ = 0.95, 
p < 0.001), and of δw,u and Fw,u  (ρ = 0.98, p < 0.001) were 
comparably strong. The results of individual observers 
from the two experimental conditions (structured and 
unstructured object sequences) were highly similar as 
well, demonstrating test-retest consistency (Supplemen-
tary Fig. S2).

For most parcels, the results from different observers 
showed considerable variability. Whereas a few parcels 
exhibited significant accuracy αw,u and variance ratio 

Fw,u in all data sets (e.g., Calcarine 331), in many parcels 
the representation of object identity was significant only 
in some data sets (e.g., Parahippocampus 325) (Fig. 3B). 
Global significance was assessed by comparing the min-
imal accuracy or variance ratio over the 8 data sets from 
one condition (structured or unstructured) to the minimal 
values obtained with shuffled data (red ellipse in Fig. 3C, 
see Methods for details).

Minimal classification accuracy αw  was significant in 
17% of all parcels (128 of 758 parcels) in the structured 
sequence condition and in 19% of parcels (146 of 748) in 
the unstructured condition (p! 0.05, corrected for multi-
ple comparisons), when compared to null-distributions 
obtained from shuffled object identities. For minimal vari-
ance ratios Fw,u , the corresponding values were 18% and 
17%, respectively (136 and 130 parcels). To combine the 
results from both conditions, we used a “prevalence” 
analysis to determine parcels in which “identity” was rep-
resented significantly in a majority of all 16 data sets 
(prevalence γ ≥ 0.5), once again comparing the observed 
minimal values to the minimal values obtained with shuf-
fled data (red ellipse in Fig. 3C, see Methods for details).

Figure 3A illustrates the 124 parcels identified as sig-
nificantly “identity-selective” by the prevalence criterion 
γ ≥ 0.5 and Supplementary Figure  S3 shows the same 
information in terms of a sliced brain. Among these were 
70 parcels in the occipital cortex, 29 in the parietal cor-
tex, 18 in the fusiform or temporal cortex, and 7 in the 
frontal cortex. The average prevalence of identity-
selectivity in these parcels was 0.663 ± 0.016 (mean and 
S.D.), and the minimal value was 0.58. As the prevalence 
criterion (based on 16 data sets) was marginally more 
conservative than the accuracy criterion (based on 8 data 
sets), 120 of the 124 parcels were significantly “identity-
selective” in terms of both criteria. The four exceptions 
(identified only by prevalence, but not by accuracy) were 
Frontal-superior-R 56, Occipital-superior-R 393, Occipital-
middle-L 403, and Parietal-superior-R 510. Appendix 
Table A1 lists the statistical significance of all three criteria 
for all “identity-selective” parcels.

Overall, there was a pronounced posterior-anterior gra-
dient. Whereas many parcels at the posterior pole of the 
brain exhibited high classification accuracy, this tended to 
progressively decrease at more anterior locations (Fig. 3A; 
Supplementary Fig. S3; Appendix Table A1). To formalize 
this trend, we assigned 66 of the 124 identity-selective 
parcels to the 25 topographic visual areas defined by 
Wang et al. (2015) and, additionally, to the anterior inferior 
temporal cortex (AIT) and to the inferior frontal cortex 
(IFC). Supplementary Figure S6 provides an overview of 
all topographically assigned and non-assigned parcels 
selective for identity. As illustrated in Figure  8A, this 
assignment showed that accuracy was comparable in 
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early visual areas (V1-hV4) and in the posterior-ventrolateral 
regions of the temporal lobe, whereas accuracy was lower 
in the anterior temporal cortex, the inferior frontal cortex, 
and in parietal cortical areas.

3.2.  Cross-validated changes with learning

To assess changes with learning, we separately analyzed 
five successive and non-overlapping sets of trials 
(“batches”) with linear classifiers and cross-validation (see 
Methods for details). Specifically, we established ratios of 
between- and within-class variance for both object iden-
tity (15 classes formed by responses to 15 recurring 
objects) and for object novelty (2 classes formed by 

responses to recurring and non-recurring objects, respec-
tively). These two variance ratios measured the neural 
representation of “identity” and “novelty.”

Variance ratios were converted to z-score values (with 
respect to the mean and variance of the corresponding 
shuffle distribution) before being averaged over data sets 
and/or over parcels. Figure 4A summarizes the results in 
terms of a grand average over all identity selective par-
cels. The average identity and novelty ratios were highly 
significant in all batches (p < 0.001). Over successive 
batches, the average identity ratio weakened slightly but 
significantly (p < 0.05), whereas the average novelty ratio 
strengthened considerably, especially between batches 
m = 1 and m = 2 ( p < 0.001).

Fig. 3.  Neural representation of object identity. (A) Identity-selective parcels are shown in color (124 of 758 parcels) 
on an inflated standard brain and are found in the occipital (70 parcels), parietal (29), temporal/fusiform (18), and frontal 
cortex (7). Color indicates classification αw

ave (average over 16 data sets), and ranges from chance to the largest observed 
value (6.67% to 17%). Parcels are identified by AAL region and number (in color), as detailed in Appendix Table A1. (B) 
Classification αw,u and variance ratio Fw,u for all 758 parcels w and 16 data sets u. Both values differ highly significantly 
from the values obtained with shuffled object identities (red cross and ellipse, representing mean ±  3 S.D.). Two particular 
parcels are highlighted (Calcarine-L 331 in red, Parahippocampus-R 325 in blue, and magnified in the inset) to illustrate 
the variability of data sets. (C) Minimum values aw

min and Fw
min for all parcels over 16 data sets. Identity-selective parcels 

are colored according to aw
ave as in (A). A minimum above chance 6.67% corresponds to a prevalence γ  above 0.5 (dotted 

vertical line). The distributions obtained with shuffled identities are indicated as well (red cross and ellipse).
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As expected, it was the between class-variances 
SSB

identity and SSB
novelty  that changed significantly over 

successive batches m (p < 0.05 and p < 0.001, respec-
tively), whereas the within-class variances SSW

identity and 
SSW

novelty remained essentially the same (p = n.s.), as illus-
trated by Figure 4B. This was owing to the DLDA algo-
rithm, which maintained within-class variance near unity. 
Nevertheless, over successive batches, the neural repre-
sentations of recurring objects tended to become slightly 
more similar to each other, but more dissimilar to the rep-
resentations of non-recurring objects.

To ascertain that these overall trends hold true also for 
individual parcels, we carried out more conventional 

regression analyses of variance ratios Fm,w,u
identity and  

Fm,w,u
novelty over batches m, parcels w  and data sets u. Spe-

cifically, we fitted linear mixed-models in order to esti-
mate “rate” parameters βw

identity and βw
novelty for each 

identity-selective parcel w . The results revealed negative 
rates βw

identity and positive rates βw
identity  for almost all par-

cels, confirming the overall trends in Figure 4C. The vari-
ability over parcels was numerically larger for βw

novelty  
(0.15 ± 0.1, mean and S.D.) than for βw

identity  (0.022 ± 0.015), 
with both rates weakly correlated (ρ = 0.30, p < 0.001). 
Classification accuracy αw

identity  correlated negatively with 
βw
novelty  (ρ = −0.22, p < 0.05) and with βw

identity  (ρ = −0.74, 
p < 0.001).

Fig. 4.  Changes in the representation of “identity” and “novelty” over successive “batches” of trials. (A) Ratio of 
within- and between-class variance for object “identity” (κ = 15 classes, inset top left) and object “novelty” (2 classes, 

inset bottom left). Average variance ratios Fm
identity (blue, mean ± S.E.M.) and Fm

novelty (red, mean ±  S.E.M.), as a function 

of batch number m. While Fm
identity decreases slightly over time (p < 0.05), Fm

novelty increases considerably (p < 0.001), 
especially initially. All values are averages over data sets in z-score units. (B) Average within- and between-class variances 

(mean ± S.E.M.), as a function of batch number m. Whereas between-class variances decrease (SSB,m
identity , p < 0.05) or 

increase (SSB,m
novelty , p < 0.001), within-class variances remain unchanged. All values are averages over data sets, relative to 

shuffled averages. (C) Results of regression analysis for 124 identity-selective parcels w. Linear “rate” parameters βw
identity  

and βw
novelty compared to each other and to classification αw . Novelty and identity rates correlate weakly over parcels (left, 

ρ = 0.298 , p < 0.001), as do novelty rate and classification accuracy αw
identity

 (middle, ρ = −0.22, p < 0.05). Identity rates βw  
and accuracies αw  correlate strongly and negatively (right, ρ = −0.74, p < 0.001). Significance of linear trends is indicated 
by * for p < 0.05 and ** for p < 0.001.
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To take a closer look at the interaction between “nov-
elty” and “identity,” we divided the identity-selective par-
cels into “novelty terciles” (high, medium, and low, 
defined by βnovelty) before comparing representations of 
novelty (Fnovelty ) and identity (accuracy α) (Fig. 5B). The 
results differed substantially between batches and ter-
ciles. In early batches, Fnovelty and α correlated for all ter-
ciles, suggesting that initially the representations of 

non-recurring and recurring objects were linked. How-
ever, in successively later batches, this correlation waned 
in the upper tercile. This may suggest that pronounced 
representations of non-recurrent objects progressively 
detached from representations of recurrent objects.

Figure  5A illustrates the degree to which identity-
selective parcels express the overall novelty trend, as 
quantified by fitted rate βw

novelty, and Supplementary 

Fig. 5.  Neural representation of “novelty” in terms of the variance ratio Fnovelty and its development over successive 
batches. (A) Identity-selective parcels and their individual rate parameters βnovelty  (color scale), estimated by fitting linear-
mixed models to the Fnovelty values (from all batches and data sets). (B) Development of Fnovelty (mean ± S.E.M.) for 
different “novelty terciles” (upper, middle, and lower tercile of parcels defined by βnovelty ). (C) Correlation between Fw

novelty  
and accuracy αw  for different batches and novelty terciles. The parcels of each tercile are distinguished by color, with 
individual regression lines (dashed) and correlation coefficients ρ (! indicates p < 0.05).
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Figure S4 shows the same information in terms of brain 
slices. An anterior-posterior gradient is evident, with a 
more pronounced representation of novelty at anterior 
than at posterior locations. This gradient is also apparent 
when parcels are assigned to topographic visual areas, 
as illustrated in Figure  8B. Appendix Table A1 lists the 
rates βw

novelty  for all identity-selective parcels.

3.3.  Geometry of identity and novelty 
representations

Next, we present results from alternative analyses relying 
on fixed subspaces S  for each data set (3,600 trials). 
Fixed subspaces reveal a more detailed geometry of neu-
ral representations and allow any changes in this geome-
try to be tracked over successive runs (200 trials each). 
The disadvantage of this approach is that it precludes 
cross-validation. Our aim was to establish not just 
between- and within-class variances, but also the dis-
tances underlying the variances, and the response ampli-
tudes underlying the distances. For the representation of 
object “identity,” the within- and between-class geome-
try was defined by response pairs to same and to differ-
ent recurring objects, respectively. For the representation 
of object “novelty,” the within-class geometry reflected 
responses either to pairs of familiar (recurring) or to pairs 
of novel (non-recurring) objects, whereas the between-
class geometry concerned responses to mixed pairs of 
objects (novel-familiar).

We analyzed multivariate responses in terms of vari-
ances, distances, and amplitudes and averaged the 
results over all data sets and all 124 identity-selective 
parcels, to obtain separate mean values (and standard 
errors) for each of the 18 successive runs. Additionally, 
we averaged the results over the remaining 634 (non-
identity-selective) parcels of the brain. We hoped that this 
would help distinguish more general effects and trends 
(e.g., habituation, attention, alertness) from learning-
related changes in shape representations. All distances 
in these analyses were residual distances, to minimize 
the influence of temporal auto-correlations (Supplemen-
tary Fig. S1; see Methods for details).

The analyzed quantities—response amplitudes A, 
response distances D, and variances SS—are illustrated 
schematically in Figure 6A, and the results are presented 
in Figure 6B–D in terms of the mean values and standard 
errors for every run. In identity-selective parcels, 
response amplitudes Afam to recurring patterns 
decreased during the first session (runs 1 to 6, p < 0.05), 
but not in the second and third session (runs 7 to 12, runs 
13 to 18, p > 0.5). Response amplitudes Anov  to non-
recurring patterns showed no significant change (p n.s.) 
in any session (Fig.  6B). In non-selective parcels, 

response amplitudes decreased in all sessions, consis-
tent with general habituation. In identity-selective par-
cels, response distances Ddiff  between different recurring 
objects declined similarly during the first session 
(p < 0.05), but not during subsequent sessions (p > 0.6) 
(Fig. 6C). Also, response distances Dsame  between the 
same recurring objects did not change significantly 
during any session (p n.s.). In contrast, response dis-
tances Dnov between non-recurring objects declined dis-
proportionately during the first session (p < 0.05) but 
increased during the third session ( p < 0.05). Response 
distances Dnovfam between recurring and non-recurring 
objects, on the other hand, did not change significantly 
over sessions (p n.s.).

A first conclusion is that response amplitudes and 
response distances are consistently larger for recurring 
objects (blue traces in Fig. 6B, C) than for non-recurring 
objects (red traces). Importantly, in the very first run, 
response distances are comparable between different 
recurring objects (Ddiff ) and different non-recurring 
objects (Dnov ), demonstrating that both recurring and 
non-recurring objects were represented comparably well.  
Over subsequent runs, response distances decrease  
far more between different non-recurring objects (Dnov ) 
than different recurring objects (Ddiff ), demonstrating that 
a comparative advantage for recurring objects develops 
gradually (i.e., a kind of repetition enhancement). A sec-
ond conclusion is that the observed development differs 
between identity-selective and non-selective parcels. 
Whereas amplitudes and distances stabilize in the for-
mer group of parcels, they habituate progressively in the 
latter group (both within and between sessions). Thus, 
the responsiveness of identity-selective parcels remains 
stable over sessions. A third conclusion is that response 
distances Dnov between different non-recurring objects 
become comparatively small (already during the first 
session), not only smaller than the distances Ddiff 
between different recurring objects but even smaller 
than the distances Dsame between the same recurring 
objects.

The results for response variances confirmed the 
trends observed earlier in the batch analysis of cross-
validated variance ratios (Fig. 4A, B). Between-class vari-
ance SSdiff  for recurring objects declined over the course 
of sessions (p < 0.005), whereas between-class variance 
SSnovfam for non-recurring objects increased over the first 
session ( p < 0.005 ), only to decline again during the third 
session (p < 0.05). Within-class variances SSsame and 
SSnov  remained largely unchanged. The close correspon-
dence between the trends observed over runs and over 
batches is illustrated also in Supplementary Figure  S5. 
Surprisingly, non-identity-selective parcels mirrored the 
trends observed for identity-selective parcels in 
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attenuated form. The fact that between- and within-class 
variances differ systematically suggests that even non-
identity-selective parcels represent object identity to 
some degree.

It is natural to compare these results to the time-
course of behavioral performance (fraction correct and 
reaction time) in our observers Fig. 1C, D). The changes 
in the representation of recurring objects (between class 
distances Ddiff  and variances SSdiff ) show a gradual 
decrease in the quality of representation and thus do not 
correspond to improving performance in terms of fraction 
correct. However, the changes in the representation of 
non-recurring objects, including the decrease of within-
class distances Dnov and variances SSnov and the 
increase of between-class variances SSnovfam and vari-
ance ratio Rnovelty, do correspond to the rapid improve-
ment in fraction correct over the first few runs. Thus, the 
neural changes over the course of learning point to 
diverging representations of “novel” (non-recurring) and 
“familiar” (recurring) objects.

3.4.  Stability of identity and novelty representations

Relying on fixed subspaces S to analyze each data set 
also permitted us to assess the stability of neural repre-
sentations over successive runs. With this in mind, we 
established the centroids of response classes for each 
run and examined the displacement of centroids between 
successive runs. As this calculation concerned centroid-
to-centroid distances (rather than exemplar-to-exemplar 
distances), we could not correct for temporal auto-
correlations.

The computation of centroids for particular response 
classes is illustrated schematically in Figure  7A. Given 
the centroids Cr−1 and Cr for successive runs r −1  
and r  and the average centroid Caver  over all runs, we 
computed absolute centroid-to-centroid distances 
DCr = Cr −Cave  as well as relative centroid-to-centroid 
distances ΔDCr = Cr −Cr−1 . The 16 response classes 
were formed by each recurring object (15 classes, DCsame 
and ΔDCsame) and by the non-recurring objects (1 class, 

Fig. 6.  Geometry of identity and novelty representation over successive sessions and runs. (A) For each run with 
Ntrials = 200 trials, we collected all individual response amplitudes a and all pairwise response distances d  (triangular area 
with color scale) in the maximally discriminating space and computed average amplitudes Afam and Anov (for recurring 
and non-recurring objects, respectively) and average distances Dsame and Ddiff  (for same and different recurring objects, 
respectively), as well as average distances Dnov  and Dnovfam (for non-recurring objects and between recurring and 
non-recurring objects, respectively). (B) Response amplitude Anov  (red, mean, and S.E.M.) and Afam (blue, mean, and 
S.E.M.), over 18 runs grouped into three sessions, for identity-selective (left) and non-selective parcels (right). (C) Pairwise 
response distance Dsame (solid blue), Ddiff  (dashed blue), Dnov  (solid red), and Dnovfam (dashed red)), over runs and 
sessions, for both groups of parcels. (D) Variance of response distances SSsame (solid blue), SSdiff  (dashed blue), SSnov 
(solid red), and SSnovfam  (dashed red), over runs and sessions, for identity-selective and non-selective parcels. Stars 
indicate a significant linear trend during a session (see text). All plots show mean (traces) and S.E.M. (shading).
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DCnov and ΔDCnov ). To compare the displacements 
expected from sampling noise, we also computed the 
centroid-to-centroid distances after permuting the 
responses in each class and regrouping them into 18 
“pseudo-runs” (see Methods for details).

The results are shown in Figure 7B. For both recurring 
and non-recurring objects, average absolute distances 
DCsame r( ) and DCnov r( ) diminished during the first ses-
sion (runs 1 to 6, p < 0.005), but remained stable during 
the second and third sessions (runs 7 to 12, and 13 to 18, 
p > 0.2 ). Notably, absolute distances DCnov r( ) of novel 
objects decreased to a much lower average level. Relative 
distances ΔDCsame r( ) and ΔDCnov r( ) between succes-
sive runs declined during the first session (runs 1 to 6, 
p < 0.05), remained stable during the second session 
(runs 7 to 12, p > 0.2), only to decline once again the last 
session (13 to 18, p < 0.005 for recurring and p < 0.05 for 
non-recurring objects). Absolute distances were far larger 
for recurring than for non-recurring classes, corroborating 
the substantial “response enhancement” already noted 
above. Both absolute and relative distances were slightly 
smaller than predicted by sampling noise (thin, pale lines, 
p < 0.001), demonstrating that responses of true runs 
were distributed slightly more compactly and consistently 
than those of pseudo-runs. Note also that relative dis-
tances approached the values expected for fully random 
displacements in a 14-dimensional hypersphere—
specifically, relative distances ΔDC were approximately 

1.4 times larger than absolute distances DC – again 
underlining the dominant influence of sampling noise.

4.  DISCUSSION

We studied the cortical representation of synthetic visual 
objects over multiple days of repeated viewing, while 
observers learned to classify initially unfamiliar objects as 
“familiar.” Relying on “representational similarity analy-
sis” (RSA), we established distances between spatiotem-
poral hemodynamic (BOLD) responses to exemplars of 
different recurring objects, as well as to exemplars of 
non-recurring objects. Response distances between the 
same and different recurring objects quantified the neural 
representation of object identity. Response distances 
between recurring and non-recurring objects measured 
the neural representation of object novelty. The results 
showed that object identity was neurally represented 
from the start, in the ventral occipitotemporal cortex and 
beyond. With growing familiarity, the quality of this neural 
representation remained high, but its geometry expanded 
to fill the available representational space. In contrast, the 
neural representation of non-recurring objects (which 
remained “novel” by definition) improved over time, but 
its geometry contracted and shifted to the margins of the 
representational space.

4.1.  Cortical representation of object identity

To permit a fine-grained analysis of representational 
geometry, we generated complex and three-dimensional 
shapes that were highly characteristic and distinguish-
able and presented these shapes from various points of 
view and in various states of rotation (always for one 
complete turn) (Kakaei et al., 2021). Thus, observers had 
to recognize an object from all sides in order to classify it 
as “familiar.” Within the category of our synthetic shapes, 
every recurring object constituted strictly speaking an 
“exemplar,” with individual presentations providing differ-
ent “instantiations.” However, we chose to term objects 
“classes” and individual presentations “exemplars,” as 
this terminology conforms better to RSA conventions.

The selectivity of cortical parcels for object identity 
was assessed in optimized 14-dimensional subspaces S 
of the much higher-dimensional space of multivariate 
responses (O(103) dimensions). Specifically, we com-
puted a cross-validated “classification accuracy” 
(Kriegeskorte, Mur, & Bandettini, 2008) and used a prev-
alence analysis to combine results from different condi-
tions and observers (Allefeld et  al., 2016). Essentially 
identical results were obtained with alternative measures 
such as “linear discriminability” and “variance ratio” (of 
between- and within-class variance; Anderson, 2001). 

Fig. 7.  Stability of identity and novelty representations 
over successive sessions and runs (A) For each recurring 
and all non-recurring objects, we calculated the response 
centroids Cr  for each run r  and the average centroid 
Cave for all runs and obtained both absolute distances 
DCr = Cr −Cave  and relative distances ΔDCr = Cr −Cr−1 .  
(B) Centroid-to-centroid distances (mean ± S.E.M.) for 
all identity-selective parcels and all data sets. Distances 
DCsame and ΔDCsame for the same recurring objects (blue) 
and distances DCnov  and ΔDCnov  for non-recurring objects 
(red) are compared to the corresponding values obtained 
from shuffled data sets (thin, pale lines). Stars indicate a 
significant linear trend during a session (see text).
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When spatiotemporal responses to different objects are 
linearly discriminable, they form a neural representation 
of object identity. As exemplars of each object were pre-
sented from various sides, any such neural representa-
tion was by definition view-invariant. The obvious caveats 
are (i) that object rotation may have exposed the same 
characteristic features in many or most presentations 
and (ii) that multivariate hemodynamic responses over 
9 s can only distantly reflect the neuronal activity evoked 
during each 2.5  s presentation. Nevertheless, hemody-
namic signals exhibited significant invariance to the vari-
ous modes of presentation of a given object (e.g., the 
initial perspective, the axis, and the sense of rotation).

In contrast to many other studies, we did not observe 
suppressed responses when objects were repeated (i.e., 
no “repetition suppression”) but rather a small enhance-
ment of responses both with longer delays and later trial 
numbers (Supplementary Fig. S1). This may simply reflect 
the fact that the object presentations were highly variable 
and never repeated exactly. Recall that we designed a 
highly variable display such as to retain the observers’ 
interest over 3 successive days.

The 124 of 758 parcels that were identified as “identity-
selective” on this basis were situated mostly in the ven-
tral occipitotemporal cortex, but some parcels were also 
located in the parietal or frontal cortex, as illustrated in 
Figure 3A. The degree of selectivity exhibited a clear gra-
dient, being stronger at the posterior pole and becoming 
progressively weaker in more anterior and more dorsal 
regions, as summarized in Figure 8A. These results are 

consistent with previous findings that multivariate activity 
distinguishing different exemplars of a particular class of 
objects (e.g., faces) is present in the ventral and lateral 
occipital cortex, on the fusiform gyrus, and in the ventral 
temporal cortex (Brants et  al., 2016; Eger et  al., 2008; 
Visconti di Oleggio Castello et al., 2021).

In general, it is thought that progressively “higher” lev-
els of visual processing represent progressively “larger” 
visual sets, beginning with image features, and widening 
gradually to object features, object exemplars, object 
categories, and finally to supercategories such as ani-
mate or inanimate objects, or objects and landscapes 
(Grill-Spector & Weiner, 2014). Accordingly, the discrimin-
ability of exemplars within a category is expected to 
diminish at more anterior locations, which correspond to 
“higher” levels of visual processing (Eger et  al., 2008; 
Grill-Spector & Weiner, 2014). Moreover, it has been 
hypothesized that the spatial scale of neural representa-
tions increases with the level of abstraction, in the sense 
that exemplars are represented at smaller scales than 
categories (Grill-Spector & Weiner, 2014). Thus, if this 
trend is exacerbated in the more anterior parts of the ven-
tral pathway, exemplar representations may become pro-
gressively less discriminable at the spatial resolution of 
BOLD signals.

A previous study of visual expertise for synthetic 
shapes (Brants et al., 2016) reported a gradual enhance-
ment of neural representations in object-selective areas, 
whereas we observed a moderate decline. This differ-
ence may have been due to task design. Brants and  

Fig. 8.  Shape identity and shape novelty representations in 26 topographical regions. (A) Identity representation as 
indexed by classification accuracy α identity  (mean ±  S.E.M.). Posterior regions (V1-hV4, VO, LO) exhibit higher accuracy 
than more anterior or more dorsal regions (IPS, AIT, IFC). (B) Novelty representation as indexed by rate βnovelty of novelty 
gain (mean ± S.E.M.). More anterior or more dorsal regions (IPS, AIT, IFC) exhibit a higher slope parameter than the 
posterior visual cortex (V1-hV4). (C) Comparison of identity and novelty representations as indexed by rate β identity  of 
identity loss (negative values) and rate βnovelty of novelty gain (positive values). Groups of regions are distinguished by 
color, with ellipsoids indicating mean and standard error. Note the positive correlation between novelty gain and identity 
loss. List of abbreviations: visual cortex (V1, V2, V3, hV4), ventral occipital cortex (VO1, VO2), lateral occipital cortex (LO1, 
LO2), parahippocampal cortex and fusiform gyrus (PHC), medial temporal areas (hMT), intraparietal sulcus (IPS), anterior 
inferior temporal cortex (AIT), and inferior frontal cortex (IFC).
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colleagues used barely discriminable shapes and empha-
sized perceptual load, whereas we used highly distin-
guishable shapes and emphasized memory load.

We also observed identity-selectivity in frontoparietal 
regions that are typically associated with the dorsal visual 
pathway and the right frontoparietal “attention network.” 
This is consistent with previous findings on the presence 
of object- and/or face-selective representations in dorsal 
areas (Freud et  al., 2017; Jeong & Xu, 2016; Konen & 
Kastner, 2008; Poirier et  al., 2006; Visconti di Oleggio 
Castello et al., 2021). However, the interpretation of this 
selectivity is not straightforward. Particularly the clusters 
associated with the “attention network” are often found 
to express functional correlations with ventral visual 
areas in both resting and task states (Dornas & Braun, 
2018; Mutlu et  al., 2022; Smith et  al., 2013). Thus, it 
seems possible that multivariate functional correlations 
could have propagated identity-selectivity feedforward 
throughout the “attention network” and beyond.

Finally, we observed pronounced identity-selectivity in 
the primary visual cortex (calcarine sulcus, left and right), 
where neuronal activity encodes basic visual features 
(orientation, spatial frequency, direction of movement, 
and so on) (Grill-Spector & Weiner, 2014; Haxby et  al., 
2001). It is possible that multivariate hemodynamic 
responses in the primary visual cortex could have 
reflected this visually evoked neuronal activity sufficiently 
well to have encoded object identity, especially as the 
rotation may have exposed the same low-level features in 
many or most presentations. Additionally, hemodynamic 
responses could have been driven by spatiotemporal 
patterns of feedback from higher areas of the visual cor-
tex. There is some evidence to suggest that feedback 
can dominate the hemodynamics of the early visual cor-
tex under continuous viewing conditions (as used here) 
(Blake & Braun, 2009).

4.2.  Cortical representation of novel object shapes

We also investigated the representation of “novel” object 
shapes that were encountered only once (and never 
recurred). Note that “novelty” is here not meant to imply 
“surprise” for the observer in the sense of a violation of 
expectations (e.g., Uddin, 2015). Rather, it simply denotes 
the more heterogeneous class of non-recurring objects 
(with 360 exemplars, each from a different object), as dis-
tinct from the 15 more homogeneous classes of recurring 
objects (with approximately 200 exemplars each, all from 
the same object). As mentioned, “novelty” was measured 
in terms of the linear discriminability of hemodynamic 
responses to non-recurring and recurring objects in 
14-dimensional subspaces S, more specifically, by com-
paring pairwise response distances between classes 

(recurring and non-recurring) and within classes (either 
recurring or non-recurring).

All 124 “identity-selective” parcels were also “novelty-
selective,” in the sense that hemodynamic responses 
discriminated non-recurring and recurring objects to 
some degree, as illustrated in Figure 5A. As discrimina-
tive subspaces were optimized for recurring objects—
that were generated in the same way as non-recurring 
objects—some degree of discriminability was to be 
expected. Moreover, as non-recurring objects were more 
numerous (360 objects) than recurring objects (15 
objects), some discriminability was expected purely by 
chance, particularly in a 14-dimensional space. However, 
as discussed further below, the linear discriminability of 
non-recurring objects increased over successive runs 
and sessions, mirroring observers’ improving ability to 
classify objects as “novel” or “familiar.” Because of this 
dynamic aspect, we quantified the novelty-selectivity of 
cortical parcels in terms of an “improvement rate,” βnovelty 
(Fig. 4). Interestingly, there was an anterior-posterior gra-
dient in that novelty-selectivity was more pronounced in 
more frontal, parietal, and anterior temporal areas than 
more posterior temporal and occipital areas, as summa-
rized in Figure 8B. In other words, the representational 
disparity between familiar object shapes and novel 
objects shapes tended to be larger in the higher-level 
(more anterior) visual cortex than in the lower-level (more 
posterior) cortex, suggesting that learning effects were 
more pronounced.

4.3.  Representational changes with learning

As representational changes with learning were the main 
objective of our study, we addressed this issue with several 
complementary approaches. First, we divided our obser-
vations from 18 runs into five successive “batches” and 
established the neural representation of both “identity” and 
“novelty” separately for each batch with cross-validated 
statistics, while aggregating over all identity-selective par-
cels (Fig. 4B). Second, to assess changes in individual par-
cels, we performed a regressional analysis of the same 
cross-validated data and obtained “rates” of representa-
tional changes for every identity-selective parcel (Fig. 4C). 
Third, we adopted stable discriminative subspaces S and 
sacrificed cross-validation in order to analyze representa-
tional geometry over individual runs (Fig.  6). All three 
approaches yielded comparable results.

Already in the first run and the first batch, without time 
for plasticity or learning, the neural representations of 
identity were maximally differentiated (Figs.  4A and 6D; 
Supplementary Fig. S5). This initial identity representation 
was most pronounced in known object processing areas, 
including the ventral occipitotemporal cortex and early 
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Fig. 9.  Changes in the geometry of shape identity and novelty representations, visualized with multi-dimensional scaling. 
Symbols (colored circles) represent neural response patterns in a 14-dimensional space S. Symbols are positioned such 
that pairwise distances reflect pairwise distances in S. Response classes are distinguished by color and are represented 
by 50 randomly selected responses each. (A) Fifteen response classes to recurring objects in the first session (left, run 
1–6) and the third session (right, run 13–18). Note that recurring response classes expand with learning to fill the available 
space. (The regions occupied by classes depend on the selected responses. “Inside” and “outside” classes can exchange 
positions). (B) Three response classes to recurring objects and one response class to non-recurring objects (larger 
symbols), in the first session (left, run 1–6) and the third session (right, run 13–18). Note that the non-recurring response 
class contracts with learning and shifts to the margins of the available space. Class positions are similar for other triplets 
of recurring classes.

visual cortex. Apparently, pre-existing representations 
based on life-long experience were sufficient to immedi-
ately provide a view-independent representation of syn-
thetic shapes, which we had designed to be highly 
characteristic and discriminable. In contrast, neural rep-
resentations of novelty were minimally differentiated in 
the first run and the first batch. As there was no system-
atic difference between recurring and non-recurring 
objects (and without time for plasticity), any residual initial 
discriminability of novelty must be attributed to chance.

Over subsequent runs and batches, the neural repre-
sentation of object identity remained pronounced, but its 
quality declined steadily over time (Figs. 4A and 6D; Sup-
plementary Fig. S5). Some decline in BOLD activity is not 
untypical for learning studies over multiple days and is 
commonly ascribed to repetition suppression, sparsifica-
tion of responses, and/or diminishing attention or effort 
(e.g., Poldrack, 2000). However, while our results are 
consistent with such a scenario in non-identity-selective 
parcels, they do not support a general decline of activity 
in identity-selective parcels, as the response amplitudes 
and distances in these parcels declined only initially and 
subsequently remained stable (Fig. 6B, C).

In contrast, the neural representation of object novelty 
improved substantially over subsequent runs and 
batches. The time course was similar in both analyses 
(batch-by-batch and run-by-run), with the steepest 
improvement occurring over the first few runs (Figs. 4A 
and 6D; Supplementary Fig. S5). However, the detailed 
results revealed that this “improvement” (in discriminat-
ing non-recurring and recurring objects) actually reflected 

a deterioration in the representation of non-recurring 
objects (i.e., diminishing response distances, Fig. 6C).

In absolute terms, response amplitudes and distances 
were already larger for recurring objects and smaller for 
non-recurring objects during the first run and the differ-
ence increased over the next few runs (Fig. 6B, C). Appar-
ently, recurring objects benefited from a “repetition 
enhancement,” as the only immediate and systematic 
difference between recurring and non-recurring objects 
was the frequency of recurrence. Interestingly, this 
enhancement was comparable for “structured” and 
“unstructured” sequences, even though the repetition 
latencies were quite different (Supplementary Fig. S1B, 
C). Accordingly, we hypothesize that the enhancement 
was not merely a passive effect but rather a consequence 
of task relevance and cognitive engagement (Supple-
mentary Fig. S1B, C).

As mentioned, the rates of change of identity and nov-
elty representations differed systematically between cor-
tical regions (Fig.  8C). Intriguingly, the rates of novelty 
gain and identity loss varied inversely over the cortical 
hierarchy: in early visual areas (V1, V2, V3, hV4), identity 
declined rapidly, whereas novelty grew slowly. At the 
opposite end, in the inferior frontal cortex (IFC) and ante-
rior ventral temporal cortex (AIT), identity declined slowly, 
but novelty grew rapidly. In the higher visual cortex (VO, 
LO), both rates were intermediate.

It is informative to visualize the observed representa-
tional changes in two dimensions (Fig. 9), while approxi-
mately preserving the relative pairwise distances in the 
discriminative subspaces S. This visualization makes clear 
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that the neural representation of recurring objects expands 
between the beginning and the end of the experiment, fill-
ing the available representational space (Fig.  9A). The 
expansion explains our observation that the linear discrim-
inability of object classes degrades but remains high. In 
contrast, the neural representation of non-recurring objects 
contracts between the beginning and the end of the exper-
iment while also shifting to the margins of representational 
space, which explains why the linear discriminability of 
non-recurring objects improved over time (Fig. 9B). These 
two opposite developments may reflect both cognitive 
engagement and repetition frequency: representations 
may expand for objects that observers attempt to memo-
rize and/or that recur frequently, but contract for objects 
that observers learn to ignore and/or that are rare.

In addition to relative changes in representational 
geometry indexed by linear discriminability, we estab-
lished absolute changes in representational geometry, 
indexed by distances between response centroids in 
successive runs (see Fig. 7). The results were dominated 
by sampling noise, and the displacement of centroids 
was comparable to random jumps in a hypersphere while 
maintaining a given distance from its center. However, 
both absolute and relative centroid distances were 
slightly (and significantly) smaller than predicted by sam-
pling noise, indicating that the representations were 
slightly more consistent and compact. The most interest-
ing result of this analysis was that centroid distances 
were approximately 30% smaller for non-recurring than 
for recurring objects, highlighting again the representa-
tional disparity noted above.

4.4.  Behavioral and cognitive changes with learning

The behavioral changes over three sessions of viewing 
sequences of objects included both increased classifica-
tion performance (“familiar” or “novel”) and decreased 
reaction times. Both behavioral measures changed rap-
idly during the first three runs of the first session and 
more slowly during the second and third sessions (Fig. 1). 
As described elsewhere (Kakaei et al., 2021), the classifi-
cation of a particular object typically changed from 
(mostly) “novel” to (mostly) “familiar” at one identifiable 
point in time during the sessions, which we termed “onset 
of familiarity.” This objective observation was consistent 
with the subjective reports of observers that they memo-
rized all three-dimensional shapes one by one, such that 
every object became recognizable from all sides. Some 
observers also mentioned having assigned linguistic 
labels to individual recurring objects. After the three ses-
sions, all observers were “familiar” with all recurring 
objects and could pick them out from an array of distrac-
tor objects.

Only some of these behavioral changes have obvious 
counterparts in the neural changes discussed above. 
First, the decrease of reaction times from under 2  s to 
under 1 s implies that observers spend less time actively 
evaluating the stimulus and more time passively observ-
ing it. However, the neural response of identity-selective 
parcels does not mirror this trend, as both response 
amplitudes and response differences stabilize after the 
first few runs (Fig. 6B, C). In the rest of the brain (non-
identity-selective parcels), the neural responses do show 
a progressive decrease, but any attribution would be 
speculative.

Second, the increase in objective performance and in 
subjective “familiarity” was not mirrored directly in neural 
responses to recurring objects, as multivariate responses 
were sufficiently rich to identify such objects from the 
very start. However, multivariate responses were dis-
persed over the three sessions such as to fill more of the 
available space (see above). This growing response diver-
sity is a plausible correlate of memory consolidation, that 
is, the formation of stable long-term memories in visually 
responsive cortical areas. When such memories are con-
solidated, one would expect that increased connectivity 
would enhance pattern completion over additional levels 
of representation, rendering network activity more com-
plex (e.g., Steinberg & Sompolinsky, 2022). It is worth 
noting that this development was observed for both types 
of presentation sequences (“structured” and “unstruc-
tured”), suggesting that neural consolidation was due to 
task relevance and not merely to repetition latency.

Third, the increase in objective performance was mir-
rored indirectly in neural responses to non-recurring 
objects. Whereas these responses were initially compara-
ble to recurring responses, they contracted over three 
sessions into a smaller part of the available space, thus 
becoming more stereotypical. As this part was compara-
bly distant from all recurring responses, it lay at the mar-
gins of the representational space. The time course of 
classification performance corresponded best to this par-
ticular development in neural representations. Accord-
ingly, this development was a plausible indirect correlate 
of memory consolidation, in the sense that visually respon-
sive areas grew less responsive to other objects that failed 
to match the newly formed long-term memories.

5.  CONCLUSION

We analyzed the cortical representation of visual objects in 
the multivariate hemodynamic responses of 758 brain par-
cels. For each parcel, we used linear discriminant analysis 
to map the O(103)-dimensional responses into a lower-
dimensional subspace that optimally discriminated the 15 
stimulus classes (recurring objects). Optimal subspaces 
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captured a large part of the correlated variance and over-
lapped substantially with the principal components of the 
responses. Typically, 2/3 of the principal component vari-
ance discriminated between stimulus classes (and thus 
coincided with the optimal subspace), while the remaining 
1/3 was shared between stimulus classes. Our analyses 
revealed where and how the cortical representations of 
visual objects changed as visual expertise was being 
acquired and consolidated by the observers.

Our results were broadly consistent with other recent 
studies of visual expertise, which have highlighted the 
roles of three pathways or networks (Kravitz et al., 2011, 
2013), an occipitotemporal pathway (“ventral pathway”), 
an occipitoparietal pathway (“dorsal pathway”), and a right 
frontoparietal network (“attention system”). Several stud-
ies linked behavioral performance to enhanced activity 
and/or representation in the frontoparietal network (Duyck 
et al., 2021; Poirier et al., 2006; Visconti di Oleggio Castello 
et al., 2021), as well as in the more anterior parts of the 
occipitotemporal pathway and the more dorsal parts of the 
occipitoparietal pathway (Christophel et al., 2017).

Due to our focus on object shape, our results do not 
speak directly to the modulation of cortical responses by 
expectation, such as “expectation suppression” or “sur-
prise signalling” (Barron et  al., 2016; Bell et  al., 2016; 
Mayrhauser et al., 2014; Vinken et al., 2018). Moreover, in 
our paradigm, object presentations were never repeated 
exactly and every object presentation contained ele-
ments of surprise, as neither the object, nor the point of 
view, nor the direction of rotation could be anticipated by 
observers.

The most robust representations of object shape for 
both recurring objects (“identity”) and non-recurring 
objects (“novelty”) were observed in the ventral occipito-
temporal cortex, at the intermediate levels of the shape 
processing hierarchy (Grill-Spector & Weiner, 2014; Perry 
& Fallah, 2014). Additionally, we found representations of 
object shape in “dorsal stream” cortical areas, consistent 
with the view that these areas encode goal- and task-
related object features (Perry & Fallah, 2014).

The most novel aspect of our findings was changes in 
the geometry of cortical representations as visual exper-
tise for recurring objects was being acquired and consol-
idated. In relative terms, distances between response 
classes decreased, and/or distances within classes 
increased, while observers repeatedly viewed and 
became familiar with the corresponding stimulus classes. 
This modest decline in stimulus encoding was however 
associated with an expansion (or diversification) in the 
distribution of responses within classes, so that responses 
of all classes taken together scattered more uniformly 
over the available representational space. Changes in 
cortical representations were quite different for stimuli 

that appeared only once and that observers did not 
attempt to memorize (non-recurring objects). Here, again 
in relative terms, distances between classes (non-
recurring and recurring) increased and/or distances 
within classes (non-recurring) decreased. This steep 
growth in class encoding was associated with a substan-
tial contraction (or stereotypisation) in the distribution of 
responses, in the sense that responses to non-recurring 
objects shifted to the margin of the available representa-
tional space.

We conclude that hemodynamic responses to novel 
object shapes immediately represent the differences 
between these shapes, even prior to learning, presum-
ably reflecting life-long prior experience. When object 
shapes grow familiar with learning, hemodynamic 
responses to the same shapes become more diverse, 
whereas responses to different shapes remain compara-
bly dissimilar from each other. Responses to control 
objects that are always novel develop quite differently in 
that they become less diverse relative to each other, but 
also more dissimilar from responses to familiar objects.
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APPENDIX

Appendix Table A1.  List of identity-selective parcels and their anatomical region.

AAL region Parcel MNI α (%) β p! p! p! Topog.

No. x y z Identity Novelty Struct. Unstruct. Both Assign.

Precentral 14 -51 7 36 8.4 0.33 0.006 10−5 10−5 -
Superior frontal 56 25 -9 64 7.9 0.18 n.s. n.s. 4 ×10−5 -
Inferior frontal (opercular) 143 38 11 31 7.5 0.27 5×10−5 5×10−3 0.02 IFC

146 52 10 22 9 0.44 0.05 n.s. 10−5 IFC
Inferior frontal (triangular) 163 51 23 20 7.9 0.34 10−5 10−5 10−5 IFC
Parahippocampal 325 26 -38 -9 7.5 0.05 0.007 2×10−4 10−5 -
Calcarine 331 -2 -91 -1 16.9 0.01 10−5 10−5 10−5 V1v

333 -2 -94 -4 10.2 -0.01 10−5 5×10−3 10−5 V1v
335 -4 -86 7 12.6 0.11 10−5 10−5 10−5 V1d
336 -5 -99 -8 12.2 0.03 10−5 10−5 10−5 V1v
337 -12 -99 -5 13.8 0.10 10−5 10−5 10−5 V1d
338 -7 -75 10 8.7 0.08 10−5 10−5 10−5 -
342 17 -83 11 9.8 0.07 10−5 10−5 10−5 -
344 9 -85 6 13.8 0.10 10−5 10−5 10−5 V1v
345 15 -91 1 14.3 0.09 10−5 10−5 10−5 V1d
347 18 -99 -1 12.1 0.07 10−5 10−5 10−5 V1d
348 11 -72 11 9.1 0.06 n.s. 10−5 2×10−4 -

Cuneus 350 -7 -85 26 10.1 0.07 10−5 10−5 10−5 -
352 0 -94 25 9.1 0.05 10−5 10−5 10−5 V2d
354 -2 -79 22 8.6 0.07 0.003 10−5 10−5 -
355 -4 -92 25 11.9 0.09 n.s. 10−5 0.02 V2d
356 12 -91 18 13 0.15 10−5 10−5 10−5 V2d
357 15 -97 10 13.8 0.08 10−5 10−5 10−5 V2d

Lingual 363 -12 -65 -5 9.5 0.10 10−5 10−5 10−5 V3v
364 -15 -95 -16 10.9 0.02 10−4 10−5 10−5 V2v
367 -29 -89 -16 11.5 0.07 2×10−5 10−5 10−5 hV4
368 -17 -85 -12 14.9 0.26 10−5 10−5 10−5 V2v
370 -22 -65 -5 9.7 0.16 10−5 10−5 10−5 VO2
371 -12 -79 -8 13.9 0.12 10−5 10−5 10−5 V2v
372 -6 -74 2 12 0.11 10−5 10−5 10−5 V1v
373 16 -81 -7 14.1 0.11 10−5 10−5 10−5 V3v
375 11 -72 -4 12.5 0.04 10−5 10−5 10−5 V2v
377 21 -58 -3 9.3 0.24 10−5 10−5 10−5 -
378 13 -52 2 7.6 0.05 n.s. 10−5 2×10−4 -
379 16 -88 -10 13.4 0.14 10−5 10−5 10−5 V2v
380 27 -91 -16 9.2 0.06 n.s. 0.01 0.01 -
381 17 -98 -10 9.3 0.04 10−5 n.s. 0.005 V1v
383 14 -56 -6 7.9 0.05 2×10−5 0.01 10−5 -

Occipital (superior) 384 -18 -84 25 10.6 0.08 10−5 10−5 10−5 V3a
385 -16 -85 41 9.8 0.12 10−5 10−5 10−5 IPS0
386 -18 -69 29 7.7 0.04 n.s. 10−5 0.005 -
387 -16 -95 23 13.5 0.12 10−5 10−5 10−5 V3a
388 -22 -75 34 9.1 0.21 10−5 10−5 10−5 IPS1
389 -11 -95 9 12.9 0.05 10−5 10−5 10−5 V2d
390 22 -90 24 13.6 0.10 10−5 10−5 10−5 V3a
391 21 -98 14 13.8 0.11 10−5 10−5 10−5 V2d
392 27 -85 40 9.2 0.12 10−5 10−5 10−5 IPS0
393 25 -67 33 8 0.18 n.s. n.s. 0.005 -
394 24 -75 21 8.7 0.11 10−5 10−5 10−5 -
395 23 -79 33 10 0.12 10−5 10−5 10−5 -
396 29 -70 43 9.2 0.21 0.03 10−5 10−5 IPS1

Occipital (middle) 397 -28 -77 27 10.1 0.23 10−5 10−5 10−5 IPS0
398 -28 -72 34 9.1 0.32 n.s. 10−5 10−5 IPS1
400 -38 -86 4 12 0.15 10−5 10−5 10−5 LO2
402 -33 -87 19 12 0.24 10−5 10−5 10−5 V3b
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Appendix Table A1.  (Continued)

AAL region Parcel MNI α (%) β p! p! p! Topog.

No. x y z Identity Novelty Struct. Unstruct. Both Assign.

403 -30 -78 2 7.7 0.05 n.s. n.s. 0.02 -
404 -27 -94 1 12.7 0.15 10−5 10−5 10−5 V3d
405 -16 -100 1 14 0.13 10−5 10−5 10−5 V2d
406 -40 -75 15 8.9 0.14 10−5 10−5 10−5 -
407 -27 -83 14 11.3 0.19 10−5 10−5 10−5 IPS0
408 -24 -93 13 13.6 0.19 10−5 10−5 10−5 V3d
410 -38 -83 23 9.9 0.21 10−5 10−5 10−5 -
412 -46 -77 5 10.1 0.14 10−5 10−5 10−5 hMT
413 33 -88 7 13.2 0.23 10−5 10−5 10−5 LO1
414 33 -96 4 10.7 0.17 10−5 10−5 10−5 V3d
415 39 -81 14 10.6 0.19 10−5 10−5 10−5 V3b
416 44 -78 5 10.9 0.22 10−5 10−5 10−5 LO2
418 32 -86 23 11.9 0.22 10−5 10−5 10−5 V3b
420 34 -69 32 8.5 0.34 n.s. 10−5 0.02 -
421 32 -76 27 10 0.28 10−5 10−4 10−5 IPS0

Occipital (inferior) 423 -50 -68 -14 9.4 0.22 10−5 10−5 10−5 -
424 -31 -83 -8 12.6 0.22 10−5 10−5 10−5 -
425 -22 -95 -9 12.3 0.11 10−5 10−5 10−5 -
426 -42 -73 -8 11.6 0.21 10−5 10−5 10−5 -
428 36 -85 -7 13.2 0.21 10−5 10−5 10−5 -
430 42 -73 -9 11.4 0.25 10−5 10−5 10−5 -

Fusiform 432 -27 -71 -11 12.2 0.25 10−5 10−5 10−5 VO2
435 -33 -77 -17 12.4 0.15 10−5 10−5 10−5 hV4
436 -31 -53 -13 8.8 0.26 10−5 n.s. 10−5 PHC1
438 -41 -56 -17 8.9 0.26 n.s. 10−5 0.01 -
440 -36 -63 -16 9.6 0.25 0.001 10−5 10−5 -
442 28 -74 -11 12.8 0.31 10−5 10−5 10−5 hV4
443 36 -71 -16 10.8 0.25 0.02 10−5 10−5 hV4
447 29 -47 -14 8.3 0.31 0.002 10−5 10−5 PHC2
450 41 -48 -20 8.4 0.30 0.006 10−5 0.02 -
452 28 -59 -12 9.7 0.35 10−5 10−5 10−5 VO2

Postcentral 476 60 -18 37 9.2 0.34 10−5 10−5 10−5 -
478 42 -31 49 8.5 0.25 10−5 0.02 10−5 -
484 30 -40 61 8.5 0.20 10−5 10−5 10−5 -

Parietal (superior) 494 -26 -61 61 9.1 0.09 10−5 10−5 10−5 -
495 -27 -53 68 8 0.09 0.02 0.05 2×10−5 -
497 -21 -67 47 9.3 0.19 10−5 10−5 10−5 IPS1
498 -15 -69 50 8.5 0.12 0.01 10−5 10−5 IPS2
499 -28 -69 50 8.9 0.29 0.001 3×10−5 10−5 -
501 -17 -79 50 8.7 0.11 10−4 3×10−5 10−5 IPS1
502 30 -60 64 8.8 0.18 0.002 5×10−4 10−5 IPS3
504 34 -62 57 9.3 0.30 5×10−5 0.003 10−5 -
506 33 -50 58 9.8 0.34 10−5 10−5 10−5 -
507 21 -57 74 8.1 0.09 n.s. 10−5 5×10−4 -
509 31 -73 53 8.6 0.13 n.s. 10−5 0.001 -
510 21 -74 55 8.8 0.14 0.06 0.07 2×10−5 IPS1
511 20 -65 54 9.2 0.17 10−5 10−5 10−5 IPS2

Parietal (inferior) 514 -45 -30 42 8.6 0.24 0.002 10−5 10−5 -
516 -32 -75 44 8 0.19 0.01 5×10−4 10−5 -
521 -39 -47 42 8.6 0.17 n.s. 10−4 0.005 -
522 -32 -46 50 8.5 0.12 10−5 10−5 10−5 -
523 -31 -53 46 8.4 0.18 10−5 n.s. 2×10−5 -
527 46 -39 50 8.6 0.35 n.s. 10−5 0.001 -
529 37 -49 46 8.7 0.34 0.06 0.003 2×10−5 -
530 35 -44 51 9.2 0.29 5×10−4 10−5 10−5 -

Supramarginal 536 -61 -28 34 8.4 0.24 0.003 10−5 10−5 -
539 44 -34 41 8.7 0.20 0.001 0.001 10−5 -
542 63 -24 37 8.5 0.22 10−5 n.s. 10−4 -
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Appendix Table A1.  (Continued)

AAL region Parcel MNI α (%) β p! p! p! Topog.

No. x y z Identity Novelty Struct. Unstruct. Both Assign.

Angular 557 34 -60 44 8.7 0.38 n.s. 10−5 0.005 -
Precuneus 561 -5 -77 53 7.9 0.06 10−5 2×10−5 10−5 -

573 -9 -71 54 8.1 0.08 10−5 0.003 10−5 -
576 14 -71 45 7.9 0.12 10−5 10−5 10−5 -

Temporal (middle) 678 -45 -67 11 8.9 0.12 10−5 n.s. 10−4 -
685 -49 -62 0 9.3 0.19 10−5 10−5 10−5 -
701 52 -59 3 8.9 0.20 10−5 10−5 10−5 -
717 49 -69 4 10.5 0.18 10−5 10−5 10−5 -

Temporal (inferior) 728 -54 -58 -11 8.5 0.25 2×10−4 10−5 10−5 AIT
732 -45 -52 -13 9.3 0.30 10−5 10−5 10−5 AIT
755 46 -53 -11 9.7 0.42 10−5 10−5 10−5 AIT

Parcel ID, geometrical centroid x/y/z in MNI coordinates, average classification accuracy α, average novelty rate β, corrected significance 
p! in structured or unstructured conditions (n = 8), corrected significance p! in both conditions (n = 16), and topographical assignment, if any.
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1.  INTRODUCTION

Even when sensory stimuli are experienced passively—
without task or reward—they can modify the underlying 
neural pathways and alter subsequent sensory perfor-
mance and behavior (e.g., Conway & Christiansen, 2005; 

Lengyel et al., 2019; Li & DiCarlo, 2012). This incidental 

and automatic type of plasticity had been termed ‘statis-

tical learning’ or ‘implicit learning’ (for reviews, see Aslin, 

2017; Fiser & Lengyel, 2022; Perruchet, 2019; Perruchet 

& Pacton, 2006; Saffran & Kirkham, 2018; A. Schapiro & 
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ABSTRACT

Objective: Incidental learning of spatiotemporal regularities and consistencies—also termed ‘statistical learning’—
may be important for discovering the causal principles governing the world. We studied statistical learning of tempo-
ral structure simultaneously at two time-scales: the presentation of synthetic visual objects (3  s) and predictive 
temporal context (30 s) in the order of appearance of such objects.
Methods: Visual objects were complex and rotated in three dimensions about varying axes. Observers viewed fifteen 
(15) objects recurring many times each, intermixed with other objects that appeared only once, while whole-brain 
BOLD activity was recorded. Over three successive days, observers grew familiar with the recurring objects and reli-
ably distinguished them from others. As reported elsewhere (Kakaei & Braun, 2024), representational similarity analy-
sis (RSA) of multivariate BOLD activity revealed 124 ‘object-selective’ brain parcels with selectivity for recurring 
objects, located mostly in the ventral occipitotemporal cortex and the parietal cortex.
Main results: Here, we extend RSA to the representation of predictive temporal context, specifically “temporal com-
munities” formed by objects that tended to follow each other. After controlling for temporal proximity, we observed 27 
‘community-sensitive’ brain parcels, in which pairwise distances between multivariate responses reflected community 
structure, either positively (smaller distances within than between communities) or negatively (larger distances within). 
Among object-selective parcels, 11 parcels were positively community-sensitive in the primary visual cortex (2 par-
cels), the ventral occipital, lingual, or fusiform cortex (8 parcels), and the inferior temporal cortex (1 parcel). Among 
non-object-selective parcels, 12 parcels were negatively community-sensitive in the superior, middle, and medial 
frontal cortex (6 parcels), the insula (2 parcels), the putamen (1 parcel), and in the superior temporal or parietal cortex 
(3 parcels).
Conclusion: We conclude that cortical representations of object shape and of predictive temporal context are largely 
coextensive along the ventral occipitotemporal cortex.
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Turk-Browne, 2015). Some theories of cognitive develop-
ment hypothesize that incidental learning during everyday 
experience captures the causal processes and relation-
ships underlying sensory observations at a more abstract 
level (Kemp & Tenenbaum, 2008; Tenenbaum et al., 2011). 
If so, statistical learning might contribute to higher cogni-
tive function by acquiring the quality of a “structural learn-
ing” that could underpin learning from examples, 
generalizing between domains, or gaining causal insight 
and understanding (Lake et al., 2017; Shafto et al., 2011).

A well-studied instance of incidental learning is the 
view-invariance of visual object recognition (for reviews, 
see DiCarlo et al., 2012; Gauthier & Tarr, 2016; Logothetis 
& Sheinberg, 1996). Humans and non-human primates 
typically recognize visual objects from different viewing 
directions and distances, presumably relying on charac-
teristic features and/or their spatial relationships. This 
perceptual invariance can be modified rapidly by the 
experience of contiguous sequences of different views, 
demonstrating dependence on learning (Tian & 
Grill-Spector, 2015; Wallis & Bülthoff, 2001; Wallis et al., 
2009). The neural representation of visual shape in the 
ventral occipitotemporal cortex is similarly view-invariant 
and equally subject to modification by the recent experi-
ence of (natural or unnatural) sequences of views (Jia 
et al., 2021; Li & DiCarlo, 2008, 2010, 2012; Op de Beeck 
& Baker, 2010; Van Meel & Op de Beeck, 2018, 2020).

Incidental learning is not limited to individual objects 
but extends also to spatiotemporal configurations of mul-
tiple objects. When human observers experience tempo-
ral sequences or spatial arrays of visual objects, 
task-irrelevant statistical regularities and contingencies 
are learned rapidly (within minutes), as can be revealed by 
subsequent behavioral tests (Fiser & Aslin, 2001, 2002, 
2005; Kakaei et  al., 2021; Sáringer et  al., 2022; 
Turk-Browne et al., 2005, 2009). In non-human primates, 
the experience of task-irrelevant temporal dependencies 
modifies object-specific responses of neurons in visual 
areas of the ventral temporal cortex, but also in multi-
modal areas of the medial temporal lobe (Erickson & 
Desimone, 1999; Kaposvari et  al., 2018; Meyer et  al., 
2014; Miyashita, 1988; Sakai & Miyashita, 1991). In 
human observers, functional imaging evidence reveals 
that task-irrelevant temporal dependencies can modulate 
BOLD responses in visually selective areas of the ventral 
occipital cortex, as well as in multimodal areas such as 
the medial temporal lobe, hippocampus, and basal gan-
glia (Gheysen et  al., 2011; Giorgio et  al., 2018; Hindy 
et  al., 2016; Hsieh et  al., 2014; Karlaftis et  al., 2019; 
Turk-Browne et  al., 2009, 2010; A. C. Schapiro et  al., 
2012; R. Wang et  al., 2017). Statistical learning goes 
beyond first-order dependencies (between immediate 
temporal neighbors) and extends to higher-order depen-

dencies (between more distant neighbors). For example, 
A. C. Schapiro et al. (2013, 2016) demonstrated statistical 
learning of clusters of dependencies (“temporal commu-
nities”) and observed BOLD correlates of this predictive 
temporal context in associative areas of the frontal and 
temporal lobes and in the hippocampus, but not in visu-
ally selective areas of the ventral occipitotemporal cortex.

Here, we investigate statistical learning by human 
observers with temporal sequences of visual objects, 
seeking to compare neural correlates of learning at the 
levels of individual visual objects and of higher-order 
temporal dependencies. Unlike previous work, we focus 
on the visual pathways in the ventral occipitotemporal 
cortex, the major neural substrate of visual experience 
and long-term memory (reviewed by Bi et  al., 2016; 
Grill-Spector & Weiner, 2014; Kravitz et al., 2013; Weiner 
& Zilles, 2016). We hypothesize that learning of visual 
shapes (i.e., spatiotemporal relationships of characteris-
tic features) might interact with the learning of the context 
in which such shapes appear (i.e., spatiotemporal config-
urations of distinct shapes) (Miyashita, 1988).

Our visual stimuli were synthetic, three-dimensional 
objects of unique and characteristic shape that rotated 
slowly about varying axes. Over three successive ses-
sions/days, observers viewed 15 ‘recurring’ objects 
approximately 200 times each, as well as 360 ‘non-
recurring’ objects once each, while attempting to classify 
each presented object as either ‘familiar’ (recurring) or 
‘novel’ (non-recurring). As reported previously (Kakaei & 
Braun, 2024; Kakaei et al., 2021), observers quickly gained 
familiarity with recurring objects and learned to recognize 
their characteristic shape from all points of view.

We recorded whole-brain BOLD activity during all three 
sessions/days and analyzed this activity in terms 758 func-
tionally defined brain parcels (Dornas & Braun, 2018), 
which on average comprised approximately 200 voxels 
and 1.7cm3 of gray matter. ‘Representational similarity 
analysis’ (RSA; Haxby, 2012; Kriegeskorte et al., 2008) was 
used to quantify the information encoded by the BOLD 
activity of each brain parcel, specifically, the 9s of multivar-
iate activity following object presentation. For every brain 
parcel, this analysis was carried out in a lower-dimensional 
subspace chosen to maximize the differences between 
BOLD responses (‘optimal subspace’; Yu & Yang, 2001). A 
cross-validated analysis identified 124 (of 758) brain par-
cels that were ‘identity-selective’ in the sense that object 
identity could be decoded from BOLD activity in the major-
ity of observers: 90 parcels in the ventral occipitotemporal 
cortex, 28 parcels in the parietal cortex, and 6 parcels in 
frontal and other regions. The detailed results are reported 
in a companion study (Kakaei & Braun, 2024).

To investigate the effect of predictive temporal con-
text, we manipulated the order in which objects were 
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presented, adapting the paradigm of A. C. Schapiro et al. 
(2013). For three sessions/days, the sequence of recur-
ring objects was generated such as to form ‘temporal 
communities’ in the sense that every object was likely to 
be followed by other objects from the same community 
(“structured condition”). For three further sessions/days, 
the presentation sequence was fully random so that 
every object was equally likely to be followed by any 
other object (“unstructured condition”).

To ascertain the effect of ‘temporal communities’ on 
multivariate BOLD activity, we analyzed pairwise dis-
tances in the ‘optimal subspace’ and established ‘com-
munity sensitivity’ in terms of the ratio of average 
response distances to objects in the same community 
and in different communities. After controlling for effects 
of temporal proximity, we established significant ‘com-
munity sensitivity’ in 27 of 758 cortical parcels. In partic-
ular, we observed positive community sensitivity (i.e., 
smaller distances within than between communities) in 
11 ‘identity-selective’ parcels in the ventral occipitotem-
poral cortex, as well as negative community sensitivity 
(i.e., larger distances within than between communities) 
in 12 non-identity-selective parcels of the frontal cortex, 
the insula, the putamen, and the superior temporal or 
parietal cortex. A further 4 parcels exhibited other combi-
nations of community-sensitivity and identity-selectivity.

We conclude that the ventral occipitotemporal cortex 
harbors largely coextensive representations of both the 
identity of objects and of statistical regularities in the 
order of their appearance.

2.  METHODS

The experimental paradigm and procedure are described 
in detail elsewhere (Kakaei & Braun, 2024). Here, we only 
summarize the most pertinent aspects.

2.1.  Observers and behavior

Eight healthy observers (4 female and 4 male; aged 25 to 
32 years) took part in behavioral training (‘sham experi-
ment’, two sessions per observer), the functional imaging 
experiment (‘main experiment’, six scanning sessions per 
observer), and a final behavioral assessment (two ses-
sions). All participants were paid and gave informed con-
sent. Ethical approval was granted under Chiffre 30/21 by 
the ethics committee of the Faculty of Medicine of the 
Otto-von-Guericke University, Magdeburg.

In both sham and main experiments, observers viewed 
sequences of 200 recurring and non-recurring objects (see 
below and Fig. 1A) and attempted to classify each object 
as ‘familiar’ or ‘novel’ (by pressing the appropriate button). 
Over the course of multiple sessions, observers gradually 

became familiar with recurring objects and thus became 
able to distinguish them from non-recurring objects. 
Objects of the sham experiment were two-dimensional 
shapes, whereas objects of the main experiment were 
rotating, three-dimensional shapes (see below and Fig. 1A).

The main experiment extended over three successive 
weeks, with three sessions on separate days of both the 
first and third week (no sessions took place in the second 
week). The experiments of the first and third weeks dif-
fered in four aspects: sequence type (structured or 
unstructured), the set of recurring objects, object color (red 
or blue), and responding hand (left or right). All aspects 
were counterbalanced across observers. With either 
responding hand, the index finger responded ‘familiar’ and 
the middle finger responded ‘unfamiliar’. Observers were 
not informed about the difference in sequence structure.

After the three scanning sessions of a week, observers 
participated in an additional behavioral session to confirm 
that they had, in fact, become familiar with every recurring 
object. Specifically, they performed a spatial search task 
in which they pointed out recurring target objects among 
non-recurring distractor objects (Kakaei et  al., 2021). In 
addition, observers were offered the opportunity to voice 
anything they might have noticed about the experiment.

2.2.  Experimental paradigm

Complex three-dimensional objects were computer-
generated and presented as described previously (Kakaei 
et  al., 2021). A movie can be viewed under this LINK: 
https://learnmem.cshlp.org/content/suppl/2021/04/09/28 
.5.148.DC1/Supplemental_Movie_S1.mp4. All objects 
were highly characteristic and dissimilar from each other 
(as confirmed by computational means). Objects were pre-
sented every 3s, with 2.5 s viewing and 0.5 s transition 
time (Fig. 1A). Objects were shown from all sides and, after 
appearing at an arbitrary angle, revolved smoothly for one 
full turn (period 2.5 s, frequency 0.4 Hz, angular frequency 
144!/s) about one of several axes in the frontal plane  
(−45!, 0!, 45!, clockwise or counter-clockwise). Axes and 
directions were counterbalanced for each object, and ini-
tial viewing angles were chosen randomly (Fig.  1B). All 
stimuli were generated with MATLAB (The MathWorks, 
Inc.), presented with the psychophysics toolbox (Brainard, 
1997), and viewed in a mirror mounted to the MR head coil 
(screen resolution 960 ×720 pixels, frame rate 60Hz, sub-
tending approximately 8! × 6! of visual angle, average  
luminance 50Cd/m2, background luminance 5Cd/m2). 
Observers responded with the right or left index finger on 
an MR-safe response box.

Fifteen objects recurred many times during three  
sessions (‘recurring’ objects), whereas other objects 
appeared exactly once (‘non-recurring’ or ‘singular’ 
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objects). As mentioned, observers classified every object 
as either ‘familiar’ or ‘unfamiliar’ by pressing either the left 
or right button (counterbalanced) during its presentation. 
Over the course of three sessions, all observers gradually 
became familiar with the ‘recurring objects’ (see below). 
The average time-course of learning, as established by a 
simplified signal detection analysis, is shown in Figure 1C.

Every session comprised six sequences (‘runs’), each 
lasting 600s and presenting 180 ‘recurring’ and 20 ‘non-

recurring’ objects (200 objects in total). As there were 15 
different recurrent objects, each such object was seen 
12 ±1.9 times during every sequence. Over the three ses-
sions (or 18 sequences), each recurring object appeared 
at least 190 times each (mean ± S.D: 216 ± 9), whereas 
non-recurring objects appeared only once. Altogether, 
there were 3,240 presentations of recurring objects 
(3× 6 ×180) and 360  presentations of non-recurring 
objects (3× 6 ×180).

Fig. 1.  Experimental paradigm. (A) Observers viewed complex, three-dimensional objects that rotated slowly, presented 
as sequences with 200 trials (2.5 s presentation time and 0.5 s transition time). During the transition, the previous object 
vanished to the right while the next object approached from the left (please see https://learnmem.cshlp.org/content 
/suppl/2021/04/09/28.5.148.DC1/Supplemental_Movie_S1.mp4). Most objects (180 of 200) recurred multiple times 
within and between sequences (‘recurring’ objects). The others (20 of 200) were presented only once (‘non-recurring’ 
objects). Over 3 days/sessions, observers viewed 18 sequences and attempted to classify each object as either ‘familiar’ 
or ‘unfamiliar’. (B) Sequences were generated from quasi-random walks on either a sparse and modular graph, or a 
fully-connected and non-modular graph (nodes represent recurring objects, and links represent possible successions). 
Sequences from the left graph exhibit clustered sequential dependencies (‘structured’). Sequences from the right graph 
lack such dependencies (‘unstructured’). (C) Over three sessions, observers learned to classify recurring and non-recurring 
objects as ‘familiar’ and ‘unfamiliar’, respectively. Performance was slightly better with structured than with unstructured 
sequences. For the present group of observers, the difference was significant during the first and the last sessions 
(*p < 0.05; FDR corrected). With structured sequences, performance continued to improve slightly from the second  
to the third session.
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2.3.  Presentation order

To create conditions with and without predictive temporal 
context (‘structured’ and ‘unstructured’), sequences were 
generated as quasi-random walks on graphs represent-
ing the 15 recurring objects as nodes and possible con-
tinuations as edges (Fig. 1B). Each sequence started at a 
random node and continued with equal probability on 
any one of the available edges, except that immediate 
repetition (X → X ) and direct returns (X → Y → X ) were 
not allowed. Although generated randomly, sequences 
were post-selected to counterbalance the number of 
appearances of both objects and object pairs (Kakaei 
et al., 2021). Non-recurring objects were interspersed at 
random sequence locations.

Structured sequences were generated from the mod-
ular graph depicted left in Figure  1B. Note that each 
object is linked to exactly four other objects (i.e., may 
be preceded or followed by four other objects). Addi-
tionally, links are clustered such as to form three “com-
munities” with five objects each. As a result, the objects 
from a community tended to follow each other: on aver-
age, 9 ± 2 successive objects derived from the same 
community, so that these “community episodes” lasted 
27 ± 6 s on average. Moreover, the same objects tended 
to repeat at short intervals and the expected repetition 
latency of 5.5 ±15 (median and S.D.) was comparatively 
short.

In structured sequences, the 105 possible pairings of 
15 objects could be divided into four groups, as illus-
trated further below in Figure  6A. There were 27 pairs 
from the same community and adjacent on the graph 
(SameAdjacent pairs), 3 pairs from different communities 
and adjacent on the graph (DA pairs), as well as 3 pairs 
from the same community and non-adjacent on the graph 
(SN pairs). Finally, 72 pairs were from different communi-
ties and non-adjacent on the graph (DN pairs).

Note that only SA pairs and DA  pairs actually occurred 
in structured sequences, in the sense that one member 
occasionally followed the other. Counterbalancing 
ensured that all objects and all possible object pairs 
occurred comparably often in presentation sequences 
(probability approximately 1/ 60). See Kakaei et al., 2021 
for further details about the statistics of presentation 
sequences.

Unstructured sequences were generated from the 
graph depicted right in Figure  1B. In this graph, each 
object was linked to all other objects (i.e., it may be pre-
ceded or followed by any one of the other objects), so 
that no sequential dependencies arose. As a result, same 
objects rarely repeated at short intervals and the expected 
repetition latency of 10.5 ±11 (median and S.D.) was 
comparatively long.

2.4.  MRI acquisition

All magnetic-resonance images were acquired on a 3T 
Siemens Prisma scanner with a 64-channel head coil. 
Structural images were T1-weighted sequences 
(MPRAGE TR = 2,500 ms, TE = 2.82 ms, TI = 1,100 ms, 
7! flip angle, isotropic resolution 1×1×1 mm, and matrix 
size of 256 × 256 ×192). Functional images were T2*-
weighted sequences (TR = 1,000 ms, TE = 30 ms, 65! flip 
angle, resolution of 3× 3× 3.6 mm, and matrix size of 
72×72× 36). Field maps were obtained by gradient dual-
echo sequences (TR  =  720  ms, TE1  =  4.92  ms, 
TE2 = 7.38 ms, resolution of 1.594 ×1.594 × 2 mm, and 
matrix size of 138 ×138 ×72).

2.5.  fMRI pre-processing

Our approach to fMRI analysis was influenced by recent 
advances in comparing uni- and multivariate responses 
of corresponding voxels between different observers 
(Kumar et al., 2022; Nastase et al., 2019). The local cor-
relation structure of voxel response is surprisingly similar 
in different observers and provides a solid basis for func-
tional parcellation (Dornas & Braun, 2018). Such a parcel-
lation obviates ‘searchlight’ strategies and can define 
high-dimensional multivariate activity in corresponding 
‘parcels’ for different observers.

The fMRI pre-processing procedure was similar to that 
published previously (Dornas & Braun, 2018). Brain tis-
sues were extracted and segmented using BET (Smith, 
2002) and FAST (Zhang et  al., 2001). Fieldmap correc-
tion, head motion correction, spatial smoothing, high-
pass temporal filtering, and registration to structural and 
standard images were performed with the MELODIC 
package of FSL (Beckmann & Smith, 2004). Field map 
correction and registration to structural image were car-
ried out using Boundary-Based Registration (BBR; Greve 
& Fischl, 2009). MELODIC uses MCFLIRT (Jenkinson 
et al., 2002) to correct for head motion. Spatial smooth-
ing was performed with SUSAN (Smith & Brady, 1997), 
with full width at half maximum set at FWHM = 5 mm. To 
remove low-frequency artifacts, we applied a high-pass 
filter of the cut-off frequency f = 0.01 Hz, that is, oscilla-
tions/events with periods of more than 100 s were 
removed. To register the structural image to Montreal 
MNI152 standard space with isotropic 2mm voxel size, 
we used FLIRT (FMRIB’s Linear Image Registration Tool; 
Jenkinson & Smith, 2001; Jenkinson et al., 2002) with 12 
degrees of freedom (DOF) and FNIRT (FMRIB’s Nonlinear 
Image Registration Tool) to apply the non-linear registra-
tion. To further reduce artifacts arising from head motion, 
we applied despiking with a threshold of λ = 100 using 
BrainWavelet toolbox (Patel et  al., 2014). Later, we 
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Fig. 2.  Direct linear discriminant analysis (DLDA) of multivariate BOLD signals. For each observer and functional parcel, 
we identified a 14-dimensional space that optimally discriminated the 15 classes of activity patterns associated with 
recurring objects. Typically, this space was contained largely within the space of the 14  principal components (88 ± 5% 
of variance), but excluded shared variance associated with all object presentations. (A) For a given parcel with Nvox  
voxels (yellow: Inf-Front-Oper-R, parcel 146), activity was recorded over 9s during and after object presentation (from 2 
to 11s  after onset). Each such activity pattern corresponded to a point in a 9 ⋅Nvox -dimensional vector space (right), here 
represented schematically by spheres (red, green, and blue). Images exemplify average responses to three objects with 
a color scale. (B) In the optimally discriminative subspace, S ∈R14, Euclidean distance measures the representational 
similarity of different responses to the same object.

regressed out the mean CSF activity as well as 12 DOF 
translation and rotation factors predicted by a motion 
correction algorithm (MCFLIRT). Afterward, the time 
series of each voxel was whitened and detrended. This 
resulted in a temporal signal-to-noise ratio (average over 
time-series, divided by standard deviation over time-
series) of approximately 200, with a standard deviation of 
±30 over voxels and of ±90 over observers.

Finally, the 160,099 voxels of MNI152 space were 
grouped into 758 functional parcels according to the 
MD758 atlas (Dornas & Braun, 2018). Each functional 
parcel is associated with an anatomically labeled region 
of the AAL atlas (Tzourio-Mazoyer et al., 2002) and com-
prises approximately 200 voxels or approximately 1.7cm3 
of gray matter volume (212 ±70 voxels, range 45 to 462 
voxels). Parcels were defined for a small population of 
observers such as to maximize signal covariance within, 
and minimize covariance between parcels in the resting 
state. In contrast to other parcellation schemes, this was 
based exclusively on the (typically strong) functional cor-
relations within each anatomical region and disregarded 
the (typically weak) correlations between different ana-
tomical regions. The MD758 parcellation offers superior 
cluster quality, correlational structure, sparseness, as 
well as consistency with fiber tracking, compared to 
other parcellations of similar resolution (Albers et  al., 
2021; Dornas & Braun, 2018).

2.6.  fMRI data analysis

To study the effect of sequence structure on the neural 
representation of object shape, we extracted the multi-

voxel activity pattern at Nt = 9 time points following 
object onset. In a functional parcel with Nvox voxels, this 
response pattern constituted a point (or vector) in an  
Ndim-dimensional space, where Ndim = Nt ⋅Nvox (Fig. 2A). 
Our objective was to compare distances between 
response patterns to the same objects, to different 
objects in the same community, and to different objects 
in different communities, in other words, to analyze rep-
resentational similarity or dissimilarity in terms of the 
standardized Euclidean (Mahalanobis) distance between 
responses in a high-dimensional space (RSA; Kriegeskorte 
& Diedrichsen, 2019). Over all 758 parcels, response 
dimensionality was Ndim = 1,911± 634 (mean and stan-
dard deviation), with a range of 405 to 4,158.

To analyze the response variance that discriminates the 
15 recurring objects, we reduced dimensionality with Fish-
er’s Linear Discriminant Analysis (LDA) for multiple classes 
to identify the (at most) κ −1( )-dimensional subspace S 
that optimally discriminates κ = 15 classes of activity pat-
terns (i.e., responses to the 15 recurring patterns). Here, 
optimality is defined as simultaneously minimizing within-
class variance and maximizing between-class variance of 
activity patterns. This approach corresponded to a ‘super-
vised’ principal component analysis and yielded κ −1( ) 
informative dimensions.

To interpret the results, it is important to appreciate the 
commonality with principal component analysis (PCA). 
Over all 758 parcels, the first 14 principal components 
captured 64 ± 5% to the the total response variance fol-
lowing an object presentation. However, about one-third 
of this variance was shared between presentations and 
thus uninformative about the identity of the presented 
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object. The 14-dimensional subspaces S identified by 
LDA captured the remaining two-thirds (66 ± 5%) of the 
PCA variance, which were informative about the objects 
present. In fact, almost all of the subspace variance 
(88 ± 5%) overlapped with the space of the 14 leading 
principal components. Moreover, the subspaces S tended 
to distribute variance more uniformly over dimensions 
(3 ± 3% per dimension) than principal components did 
(4 ± 6% per dimension).

This commonality between LDA and PCA explained 
why subspaces S captured response variance under all 
conditions (non-recurring objects, non-selective parcels), 
not just the conditions for which they had been opti-
mized. A numerically tractable procedure for identifying 
the optimal subspace S is available in terms of ‘direct 
LDA’ or DLDA (Ye et al., 2006; Yu & Yang, 2001). The link 
github.com/cognitive-biology/DLDA provides a Matlab 
implementation of DLDA.

The generic nature of subspaces S permitted us to 
investigate also the representation of “temporal context” 
in this way. Specifically, we analyzed the representation 
of temporal communities with data from structured 
sequences (8 observers) but performed identical analy-
ses on data from unstructured sequences (8 observers) 
for comparison. As detailed further below, spurious 
‘effects’ of community structure can be observed due to 
systematic and/or unsystematic fluctuations of respon-
siveness over time. To guard against such spurious 
effects, we removed the effects of temporal proximity 
and verified that our analyses yielded null results with 
data from unstructured sequences.

2.6.1.  Amplitudes, distances,  
and temporal correlations

Note that the straightforward approach of decoding com-
munity identity (i.e., “community selectivity”) would have 
been confounded by object identity, as any selectivity for 
“object identity” would necessarily have entailed also some 
degree of selectivity for “community identity”. To sidestep 
this issue, we devised a somewhat weaker yet indepen-
dent measure—“community sensitivity”—which compared 
pairwise distances between responses to objects within 
and between communities, as detailed further below.

Activity patterns x jk associated with trials k  were  
analyzed in the maximally discriminative subspace S.  

The average normalized amplitude ak = 1
κ −1

x jk
2

j=1

κ−1

∑  was 

a = 0.99, and the average normalized distance 

dkl =
1

κ −1
x jk − x jl( )2

j=1

κ−1

∑  between patterns from trials k  

and l  was d = 1.40. This value corresponds to the  

normalized distance expected between random patterns, 
as the average Euclidean distance between two random 
points, on an n-dimensional hypersphere of unit radius, is

	 dave =
2n

π

Γ2 n+1
2

⎛
⎝⎜

⎞
⎠⎟

Γ n+ 1
2

⎛
⎝⎜

⎞
⎠⎟

	 (1)

with dave ≈ 1.4017 for n = 14.
On successive trials, activity patterns exhibited a weak 

temporal correlation, with approximately 5% smaller dis-
tances at delays below 4 trials and approximately 2% 
larger distances at delays ranging from 6 to 15 trials. Sup-
plementary Figure  S2 shows the delay-dependent dis-
tance between response pairs, as well as the pairwise 
distance within runs, averaged over all parcels and observ-
ers. The delay-dependence of response distances to the 
same objects was comparable in identity-selective and 
non-selective parcels, although the delay-dependence of 
distances to different objects was slightly more pro-
nounced in non-selective parcels. In contrast to multivari-
ate response distances, we did not observe any effect of 
delay on multivariate response amplitudes (i.e., we 
observed neither repetition suppression nor repetition 
facilitation).

To correct for this temporal correlation, we established 
for each parcel w the average delay-dependent distance 

Tw Δ i( ) = dw,u,r Δ i( )
u,r

 between patterns with relative 

delay Δ i , where the average was taken over subjects u and 
runs r. The time-course Tw allowed us to subtract the aver-
age effect of temporal correlation by computing residual  

distance dw,u,r
corrected Δ i( ) = dw,u,r Δ i( )−Tw Δ i( )+ Tw Δ i( )

Δ i
,  

where Tw Δ i( )
Δ i

 is the average value over delays Δi.

2.6.2.  Measure of identity-selectivity

Selectivity for object identity was quantified in terms of 
“classification accuracy”, α identity, which was defined as 
the probability that a multivariate response was classified 
correctly on the basis of distance to class centroids. To 
test for statistical significance, we relied on the “minimum 
accuracy” over all observers or data sets (Allefeld et al., 
2016). Further details are provided in the companion 
paper (Kakaei & Braun, 2024).

2.6.3.  Geometry of temporal community 
representations

To assess the representation of community structure, 
we compared pairwise distances between responses 
to objects within and between communities for each 
parcel w. Specifically, we first obtained pairwise  
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distances dij and sorted them into two groups: within-
community distances with average Dw

W = dij ( ij | i, j ∈L)  
and between-community distances with average 

Dw
B = dij ( ij | i ∈L, j ∈K,L ≠ K ) . Then, we established the 

signed difference Δw
BW = Dw

B − Dw
W , which we termed 

“community sensitivity”, and assessed the statistical 
significance of Δw

BW  with a two-sample t-test. After cor-
recting for false discovery (Benjamini & Hochberg, 
1995), we summarized the results for each parcel in 
terms of t-statistics tBW .

A similar procedure was used to assess differences 
between classes of object pairs. Specifically, for every 
parcel, we established the average pairwise distance Dw  
(averaged over all pairs and all observers) for different 
classes of object pairs: same community & adjacent (SA), 
same community & non-adjacent (SN), different commu-
nities & adjacent (DA), and different communities & non-
adjacent (DN). The resulting values were termed Dw

SA, 
Dw
DA, Dw

SN, and Dw
DN. The statistical significance was 

assessed by comparing the observed values to the pair-
wise distance Dw

diff , which contains pairwise distances of 
all 4 types of object pairs, by a two-sampled t-test. The 
results were summarized in terms of t-statistics tw

SA, tw
DA, 

tw
SN

, and tw
DN. The behavioral evidence (Kakaei et  al., 

2021) informed our a-prior hypothesis that SA pairs might 
be more similar, and NA pairs more dissimilar, than the 
overall average. A further a-priori hypothesis was that DA 
pairs might be more dissimilar, as they involve the “link-
ing objects” that mark transitions between different com-
munities.

Note that response distances within and between 
communities are confounded by temporal proximity 
because responses within communities tend to have 
shorter relative latencies than responses between com-
munities (A. C. Schapiro et  al., 2013). To assess the 
degree to which temporal proximity contaminates the 
observed community signal, we repeated the analysis of 
community representations for different ranges of tempo-
ral latencies. Specifically, we recalculated the average 
pairwise distances Dw

between and Dw
within, and the corre-

sponding tw
BW  for object pairs i, j whose relative latencies 

τ ij  where bounded from below by τLB ≤ τ ij  and from 
above by sequence termination, with the lower bound 
ranging over τLB ∈ 1,…,30{ }. The t-statistics of response 
pairs with bounded latencies and their corresponding 
p-values, corrected for false discovery rate, will be 
denoted as tBW τLB( ) and PBW τLB( ), respectively.

To assess whether community representations are con-
sistent over different latency ranges, we examined how 
tBW τLB( ) changes with its lower bound τLB. Specifically, 
for each parcel, we defined a consistency measure τsig as 
the highest lower bound at which tBW τsig( ) remains signif-

icant. We considered a parcel as ‘community sensitive’ 
only if τsig ≥ 30. In other words, a ‘community sensitive’ 
parcel exhibited significant between-community separa-
bility tBW  for all lower bounds τLB ∈ 1,…,30{ }. This ruled 
out the possibility that community sensitivity was a spuri-
ous effect of temporal proximity (which was strongest at 
shorter latencies).

2.6.4.  Statistical power

The representational similarity analysis concerning object 
identity described in Kakaei and Braun (2024) was based 
on approximately 216 object responses (18 sequences 
with approximately 12 recurrences of each object) from 
each of 16 data sets, affording approximately 370,000 
representational distances for each of the 105 object 
pairs. In contrast, the assessment of representational sim-
ilarity concerning community was based on approximately 
120 community episodes (18 sequences with approxi-
mately 6 recurrences of each community) from each of 8 
data sets, affording approximately 57,000 representa-
tional distances for each of the 3 community pairs. Hence, 
the number of independent pairwise observations about 
identity was approximately 225 times larger than the num-
ber about community. Accordingly, on purely statistical 
grounds, the sensitivity of our paradigm for detecting 
community sensitivity is expected to be approximately 15 
times lower than for detecting identity selectivity.

As a consequence of this statistical disparity, we were 
unable to establish the temporal development of “commu-
nity sensitivity” over the 3 days/sessions (see Supplemen-
tary Fig. S8). For “object identity”, we could demonstrate 
temporal developments not only over days/sessions but 
even over individual runs (Kakaei & Braun, 2024).

2.6.5.  Dimensional reduction

To visualize the representational geometry of community 
structure in two dimensions, we calculated a distance 
matrix Dw,u,r i, j( ) = dij  of response distances corrected 
for temporal proximity within each run r, for every parcel 
w and observer u. Averaging over the runs produced 
matrices Dw,u of size 15×15 of the average distances 
between the 15 recurring objects in the discriminative 
subspace S.

As we did not expect different observers to exhibit 
comparable activity patterns and distance matrices, we 
did not wish to average these matrices directly. To side-
step the difficulty, we permuted the object order of the 
matrix 104 times while maintaining graph structure (adja-
cency and module membership), to first obtain an ensem-
ble average matrix Dw,u for each observer, and finally the 
observer average Dw  of ensemble averages.
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Using multidimensional scaling (Matlab function 
mdscale), we converted the observer average matrix Dw 
to a two-dimensional map of 15 locations approximating 
these pairwise distances. These maps reveal the average 
response distance between objects within and between 
communities, as well as the average distance between 
‘linking’ and other objects. Note that the three-fold rota-
tional symmetry of these maps is owed to the permuta-
tion procedure.

3.  RESULTS

3.1.  Behavior

Observers readily became familiar with recurring objects, 
as confirmed by the time course of performance in classi-
fying objects as ‘familiar’ (recurring) or ‘novel’ (non-
recurring), which exceeded 75% correct after one session 
and approached 90% performance after two further ses-
sions (Fig. 1C). Typically, the classification of a particular 
object changes from ‘novel’ to ‘familiar’ at a particular 
point in time (“onset of familiarity”). After the experiment, 
several observers mentioned having invented linguistic 
labels for each recurring object (‘anchor’, ‘butterfly’, 
‘hedgehog’, etc.). Some observers mentioned noticing 
that objects repeated in close temporal proximity in the 
‘structured condition’. However, no observer mentioned 
noticing that the recurring objects formed three distinct 
“communities”.

In the structured condition, familiarity increased 
slightly faster and “onsets of familiarity” occurred some-
what sooner. Specifically, performance was slightly but 
significantly higher during much of the first and third 
sessions, and comparable in the second session 
(Fig. 1C). Moreover, after an object became familiar, the 
next object to do so was significantly more likely than 
chance to be a ‘same adjacent’ (SA) object and signifi-
cantly less likely to be a ‘different non-adjacent’ (DN) 
object. Specifically, the frequency of successive onsets 
of familiarity was elevated by 0.15 (p < 0.05) for SA 
pairs, and reduced by −0.15 (p < 0.05) for DN pairs, but 
did not differ significantly for either DA pairs (“linking 
objects”) or SN pairs.

Average reaction times mirrored the performance 
results in that they were higher before than after the 
“onset of familiarity” (p < 0.01). In the structured condi-
tion, reaction times for linking objects (members of DA 
pairs) and internal objects (all others) did not differ sig-
nificantly during either the first, second, or third session 
(p < 0.01). Thus, the behavioral effects of sequence 
structure did not extend to reaction times. This was con-
sistent with the behavioral results reported previously 
(Kakaei et al., 2021).

3.2.  Representation of temporal community 
structure

To assess the effects of temporal community structure, 
we analyzed the multivariate BOLD activity of each brain 
parcel over 9s  (or 9TR), starting with the onset of object 
presentation. Specifically, we analyzed linear distances 
between multivariate responses after reducing the dimen-
sionality of the originally O 1,000( )-dimensional responses 
to the 14 dimensions of an ‘optimal subspace’ S . We 
chose this subspace such as to maximize the discrimin-
ability of responses to different recurring objects, using 
Fisher’s linear discriminant analysis (LDA). Unlike princi-
pal component spaces, the optimal subspaces disre-
garded variance that was shared between responses to 
different objects and emphasized variance that distin-
guished responses to different objects. The dimensional-
ity of the subspace (14) reflected the number of recurring 
objects (15) and was large enough to capture the major 
part of the response variance.

Over all 758 parcels, the first 14 principal components 
captured 64 ± 5% of the total response variance following 
an object presentation. However, about one-third of this 
variance was shared between presentations of different 
objects and was thus uninformative about the objects. 
The 14-dimensional subspaces S identified by LDA cap-
tured the remaining two-thirds (66 ± 5%) of the PCA vari-
ance, which were informative about the objects present. 
Moreover, the subspaces S tended to distribute variance 
more uniformly over dimensions (3 ± 3% per dimension) 
than principal components did (4 ± 6% per dimension).

In principle, response distances could have reflected 
temporal community structure in different ways, as illus-
trated schematically in Figure 3. For example, responses 
to objects in the same community could be systemati-
cally closer together than to objects in different commu-
nities, indicating greater representational similarity 
(‘positive sensitivity’; Fig. 3A). Alternatively, responses to 
objects in the same community could be systematically 
further apart than to objects in different communities, 
indicating less representational similarity (‘negative sen-
sitivity’; Fig. 3B). A third possibility would be no system-
atic relationship between response distance and 
community membership (Fig.  3C). Optimal subspaces 
were chosen such as to maximize distances between 
objects regardless of temporal community and thus 
favored neither possibility over another. In fact, optimal 
subspaces were computed in the same way whether or 
not temporal communities were present (structured and 
unstructured conditions).

A difficulty in assessing community sensitivity is that it 
is confounded by the known temporal auto-correlation  
of multivariate activity (A. C. Schapiro et  al., 2013). As 
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illustrated in Figure  4A, pairwise distances were com-
puted for all observers, runs, and parcels w, to obtain 
average pairwise distance Dw

within communities, average 
pairwise distance Dw

between between communities, and 
the average separability Δw

BW = Dw
between − Dw

within. For 
every parcel w, we established “community sensitivity” 
by assessing whether or not Δw

BW values differed signifi-
cantly from zero with t-statistic tBW . Two measures were 
taken to correct for temporal auto-correlations and to 
dissociate community sensitivity and temporal proximity 
(see Section 2.6.1). Firstly, for each raw pairwise distance 
and its latency, we computed a residual pairwise distance 
by subtracting the average distance at that latency. Sec-
ondly, we compared the t-statistic tBW  for subsets of 
pairwise distances covering different temporal latency 
ranges (τLB ≤ τ ≤ 30;τLB ∈ 1,…,30{ }). For all parcels, sig-
nificance decreased monotonically when lower bound 
τLB was raised and shorter latencies were progressively 
excluded. Thus, the situation was summarized by the 
largest value of τLB at which tBW  statistic was significant, 
which value was termed τsig. A high value of τsig indi-
cated significance over all latency ranges, both including 
shorter latencies (low values of τLB) and excluding shorter 
latencies (high values of τLB). A low value of τsig  indicated 
significance only for ranges that included shorter laten-
cies (low values of τLB).

When raw pairwise distances were used, almost all 
parcels (613 out of 758 parcels) exhibited significant sep-
arability Δw

BW. When residual pairwise distances were 
considered, ninety-three parcels retained significant Δw

BW  
(left margin of Fig. 4B). In 28 of these 93 parcels, between-
community separability was higher (tBW > 0) and in the 
remaining parcels, it was lower ( tBW < 0).

This disparity between raw and residual distances 
shows that community structure is confounded by tem-
poral auto-correlation to a considerable degree. This is 
also evident from strong dependence of tBW  on the range 
of temporal latencies τsig (Fig.  4B). When only latency 
ranges including shorter latencies are considered (τsig ≤ 5),  
many more parcels are consistently significant than when 
ranges excluding shorter latencies are also considered 
(τsig > 15). Applying the strictest criterion and considering 
only parcels with significant Δw

BW (FDR corrected p < 0.05) 
for all latency bounds τLB ∈ 1,…,30{ } (τsig = 30), we 
obtained 27 parcels that we considered ‘community sen-
sitive’. These parcels are listed in Appendix Table A1 and 
illustrated in Figure  4C to D and in Supplementary  
Figure S1.

The above analysis yielded interpretable results for 
strongly-structured presentation sequences, where every 
object can be objectively assigned to one particular com-
munity. When the analysis was repeated for unstructured 
presentation sequences (by counterfactually assuming a 
structured sequence and assigning communities accord-
ingly), no systematic results were obtained, as shown in 
Supplementary Figure S3. Specifically, apparent commu-
nity sensitivity is observed only when uncorrected dis-
tances over low-latency ranges are considered. 
Correcting for temporal correlations eliminates this spuri-
ous sensitivity. The static matrix of average pairwise dis-
tances provides an instructive baseline for spurious 
‘sensitivity’ that is entirely due to temporal correlations. 
Apart from very short latencies, the results from this 
matrix are comparable to results from unstructured 
sequences, for both positively and negatively community-
sensitive parcels temporal correlations (Supplementary 
Fig. S3B, C). Results for structured sequences are dra-
matically different (both higher and lower), corroborating 
the validity of our analysis of community sensitivity.

Fourteen community-sensitive parcels with higher 
separability of between-community pairs (ΔBW > 0) were 
located in bilateral occipital regions and in ventral occip-
itotemporal regions of the right hemisphere (visual cor-
tex, lateral occipital cortex, fusiform and lingual gyrus, 
anterior inferior temporal cortex, as well as intraparietal 
cortex and middle frontal cortex; Fig. 4C; Appendix Table 
A1). Eleven of these parcels were also identity-selective. 
Thirteen other parcels exhibited significantly lower sepa-
rability of between-community pairs (ΔBW < 0) and were 
located in the superior temporal cortex, supramarginal 
gyrus, insula, operculum, medial frontal cortex, and the 
frontal pole (Fig.  4C; Appendix Table A1). In this latter 
group, 12 parcels were not identity-selective.

The respective cortical distributions of the representa-
tions of object identity and community membership are 
compared and illustrated in Figure  5. The criterion for 

Fig. 3.  Possible representations of temporal community 
structure (highly schematic). Disks represent multivariate 
responses to 6 objects, and two-dimensional distances 
represent multivariate distance. Colors represent temporal 
communities. In each case, the average distance within 
and between communities is provided (DW  and DB, 
respectively). (A) Responses to objects are closer within 
than between communities (dotted boxes). (B) Responses to 
objects are further apart within than between communities. 
(C) Responses to objects are, on average, comparably 
distant within and between communities.
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community-sensitivity was a significantly positive or neg-
ative t-score value tBW , whereas the criterion for identity-
selectivity was a significantly positive minimum statistic 
of classification accuracy αmin (for details, see Kakaei & 
Braun, 2024). Figure  5C shows average classification 
accuracy α identity as well as αmin. Coloring indicates 
whether parcels combined identity-selectivity with posi-
tive community-sensitivity (11 parcels, orange) or nega-
tive community-sensitivity (1 parcel, cyan), or whether 
parcels were either exclusively community-sensitive (3 
parcels positively in red, 12 parcels negatively in blue) or 
exclusively identity-selective (112 parcels, yellow). Of the 
124 identity-selective parcels, 12 parcels (approximately 
10%) were additionally community-sensitive. Jointly 
selective/sensitive parcels were most common in the 
mid-level visual cortex (ventral occipital cortex, lingual 

and fusiform gyrus) and somewhat less common in the 
early visual cortex (V1, V2, V3, hV4). Jointly selective/sen-
sitive parcels were largely absent from high-level visual 
areas in the parietal and frontal cortex (inferior parietal 
sulcus, superior parietal lobule, insula, inferior and medial 
frontal cortex), but were present in the anterior inferior 
temporal cortex. The one negatively community-sensitive 
parcel in the intraparietal sulcus appeared to be an 
exception. In summary, jointly selective/sensitive parcels 
were present at all levels of the ventral visual pathway.

Note that the comparison of community- and identity-
selectivity was skewed by disparate statistical power. 
The assessment of community sensitivity was based on 
approximately 225 times fewer observed response dis-
tances than the assessment of identity-selectivity (see 
Section 2), so statistical sensitivity was expected to be 

Fig. 4.  Distribution of sensitivity to temporal community structure. (A) Pairwise distances between object responses 
(triangular matrices) were corrected for the average auto-correlation, thresholded by latency τ ij  (lower bound τLB, indicated 
by shading), and sorted into different subsets—within-community pairs (cyan, magenta, orange) and between-community 
pairs (grey)—according to object positions on the modular path (right). For the average signed difference ΔBW ,  
statistic tBW was computed. (B) Number of parcels with consistent significance up to τsig for residual (solid) and raw 
(dashed) pairwise distances. The average duration of a community visit was 9.4 ± 0.15 (gray shading). (C) Representation 
of ‘temporal communities’ by parcels with consistently significant ΔBW . In 14 parcels (red), between-community pairs are 
significantly more separable (tBW > 0, corrected p < 0.05) over all latency ranges whereas, in 13 parcels (blue), within-
community pairs are more separable (tBW < 0) over all ranges. Labeling indicates parcels in visual cortex (V1, V2, V3, hV4), 
lateral occipital cortex (LO1, LO2), fusiform and lingual gyrus (Fus, Lin), anterior inferiotemporal cortex (AIT), intraparietal 
sulcus (IPS), superior temporal cortex, supramarginal gyrus, medial frontal cortex, precuneus, insula (Ins), Rolandic 
operculum, precentral cortex, and frontal pole (FP). (D) Between-community separability tBW  for different latency ranges 
(lower bound tBW ), for ‘community-sensitive’ parcels with positive tBW > 0 (red) and negative tBW < 0 (blue). The mean 
and S.D. of separability over all parcels are shown in gray.
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approximately 15 times lower. Accordingly, if community-
sensitivity was detected in only a fraction of identity-
selective parcels, this could, in part, have been due to 
this disparity in statistical power.

Nominally non-identity-selective parcels with positive 
community-sensitive were located in the anterior inferior 
temporal cortex and in the medial frontal cortex. As seen 
in the top panel of Figure 5C, the average classification 

accuracy α identity of these 3 parcels was comparable to 
other identity-selective parcels. However, these parcels 
just missed the minimum statistics criterion for signifi-
cance, as seen in the bottom panel. It seems possible 
that community-sensitivity degraded identity-selectivity 
in these parcels, in the sense that reduced response dis-
tances within a community might also have reduced dis-
tances between the different objects of this community.

Fig. 5.  Comparison of selectivity for object identity and sensitivity to community structure. (A) Anatomical distribution of 
142 parcels that are identity-selective, community-sensitive, or both. 11 parcels (orange) are both identity-selective and 
positively community-sensitive, while 1 parcel (cyan) combines identity-selectivity with negative community-sensitivity. 
15 parcels are exclusively community-sensitive, 3 parcels positively (red) and 12 parcels negatively (blue). The remaining 
112 parcels (yellow) are exclusively identity-selective. (B) Share of identity and community representation in 142 parcels 
with significant representation, assigned to 29 topographical regions, as defined by L. Wang et al. (2015). In the right 
hemisphere, two parcels (428 and 430) are missing because they could not be assigned to any topographical regions. 
Coloring corresponds to (A) and indicates the fraction of voxels from parcels with different selectivity. Visual cortex 
(V1-hV4), ventral occipital cortex (VO), lateral occipital cortex (LO), lingual and fusiform gyri (LIN/FS), medial temporal 
areas (MST, hMT), intraparietal sulcus (IPS), superior parietal lobule (SPL), anterior inferior temporal cortex (AIT), insula 
and supramarginal gyrus (INS/SMG), inferior frontal cortex (IFC), medial frontal cortex (MFC), and frontal pole (FP). (C) 
Quantitative comparison of selectivity for identity and sensitivity for community over all parcels. Identity-selectivity is 
quantified either by average classification accuracy α identity (top) or by the minimum statistic of classification accuracy 
(bottom). Community-sensitivity is measured by positive or negative values of tBW. Significantly sensitive parcels are 
represented by colored disks, and non-sensitive parcels by grey dots. Coloring corresponds to (A).
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Non-identity-selective parcels with negative community-
sensitivity were located in the insula, the medial frontal cor-
tex, and at the frontal pole. These 11 parcels exhibited no 
trace of identity-selectivity in terms of either the observer 
average or the minimum statistics. Negative sensitivity 
implies that responses to objects from different communi-
ties were more similar than responses to objects from the 
same community. As discussed below, it seems possible 
that the responses in these areas placed particular empha-
sis on ‘linking objects’, thereby highlighting the ‘novelty’ or 
‘surprise’ associated with the transition to another com-
munity and the appearance of unexpected objects.

3.3.  Representation of object pairs

Structured presentation sequences consist of different 
types of object pairs, such as adjacent and non-adjacent 
pairs, or ‘linking’ pairs (between different communities) 
and ‘internal’ pairs (within the same community). Thus, it 
was natural to wonder whether different types of object 
pairs might have contributed differentially to our average 
measure, tBW , for “community sensitivity”?

To address this question, we compared the statistical 
significance of the signed difference in response dis-
tances between and within communities for all object 
pairs, tBW , and for specific types of object pairs: non-
adjacent objects in different communities (DN), non-
adjacent objects in the same community (SN), adjacent 
objects in different communities (DA), and adjacent 
objects in the same community (SA). The results are 
shown in Figure 6. The separability measure tSA was neg-
atively correlated with tBW (ρ = −0.91, p < 0.01), whereas 
the measure tDN was positively correlated with tBW  
(ρ = 0.93, p≪ 0.01). The separability measures tDA and 

tSN  were also negative correlated with tBW , though  
much less strongly (ρ = −0.15, p < 0.01 and ρ = −0.19,  
p < 0.01; respectively). These results were robust and 

held for all lower temporal bounds τLB ≤ 30, except for 
the correlation between tBW  and tDA, which held only for 
τLB ≤ 28.

These results show that the representation of commu-
nity structure (indexed by tBW ) includes a reduced sepa-
ration of SA pairs (indexed by tSA), as well as an increased 
separation of DN  pairs (indexed by tDN ). Recall that SA 
(and DA) pairs occur in presentation sequences (with 
probability 1/ 60 ), whereas SN (and DN ) pairs never 
occur. The selective modulation of representational dis-
tance for one of the two adjacent (and therefore occur-
ring) pairs appears to be a correlate of temporal 
community structure. The same can be said for the selec-
tive modulation of representational distance for one of 
the two non-adjacent (and therefore non-occurring) pairs. 
Furthermore, the correlation between community repre-
sentation and separation of SA and DN pairs is evident 
not only in the few parcels meeting the statistical thresh-
old for community sensitivity (red and blue dots in Fig. 6), 
but also in all other parcels as well (grey dots in Fig. 6). 
Thus, reduced separation of SA pairs and increased sep-
aration of DN pairs appear to be a general feature of the 
cortical representation of community structure.

The results described above depend critically on the 
correction for temporal correlations (Supplementary 
Fig.  S4). Without this correction, the tBW measure for 
between-community separation is dominated by the 
influence of short-latency pairs. When shorter latencies 
are excluded and τLB ≥ 5, the correction ceases to make 
a difference. This underlines again that correcting for 
average temporal correlations is key to establishing rep-
resentations of community structure.

3.4.  Representational space

A previous study with structured sequences (A. C. 
Schapiro et  al., 2013) reported that within-community 

Fig. 6.  Neural representation of different types of object pairs. Pairs of recurring objects may be in the same (S) or 
different (D) communities, and may occupy adjacent (A) or non-adjacent (N) positions on the path. Differential separability 
of between- and within-community pairs (measured by t-score value tBW) is compared to separability tSA of adjacent 
objects in the same community (left), tDN of non-adjacent objects in different communities (middle left), tDA of adjacent 
objects in different communities (middle right), and tSN of non-adjacent objects in the same community (right), for all 758 
parcels. Community-sensitive parcels are shown in red or blue (as in Fig. 4C).
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Fig. 7.  Representation of temporal community structure in positively sensitive parcels. Multidimensional reduction of 
the pairwise distance matrix averaged over path permutations and over observers. Communities are distinguished by 
color and linking objects by a black outline, as indicated by the path diagram (inset). Fourteen parcels exhibited higher 
separability between communities than within communities (tBW > 0). Identity-selective parcels are marked with !.

distances are typically smaller than between-community 
distances and illustrated this finding with multidimen-
sional scaling. We sought to replicate this by visualizing 
the relative proximity of different types of object pairs. To 
obtain interpretable results, we employed a permutation 
procedure that allowed us to average proximity matrices 
over observers (see Section 2 for details). The resulting 
arrangements exhibited a three-fold rotational symmetry 
that was owed to this permutation procedure and there-
fore was artificial.

For the 14 positively community-sensitive parcels, the 
relative proximity of different object pairs is illustrated in 
Figure 7. In all cases except one, objects were clustered 
by community (i.e., spaced more closely within than 
between communities), with Temporal-Inf-R-10 providing 
the most extreme example. Additionally, ‘linking’ objects 
tended to be positioned differently than internal objects,  
in all but two cases closer to each other (and to the cen
ter) (Calcarine-L-9, Calcarine-R-5, Lingual-L-1, Occiptal-
Mid-L-4, Occiptial-Mid-L-9, Occipital-Inf-L-2, Fusiform-L 
-2, Fusiform-L-6, Postcentral-R-11, Temporal-Inf-R-10). 
Exceptions were Frontal-Mid-R-7, where only internal 
objects clustered by community, and Occipital-Inf-R2/4, 
where linking objects were more distant from each other. 
As these illustrations show only relative distances, Sup-
plementary Figure S6A provides absolute response dis-

tances in terms of the average and standard error over 
parcels, separately for internal objects and linking objects, 
as well as within and between communities. Response 
distances of internal objects within the same community 
correspond to the grand average over all object pairs, 
whereas distances between different communities were 
significantly larger. Additionally, distances between linking 
and internal (or linking) objects within the same commu-
nity were significantly smaller. Thus, both clustering by 
community and relative proximity of linking objects was 
statistically significant. On average, this corresponded to 
the possibility shown schematically in Figure 3A.

Results for the 13 negatively community-sensitive par-
cels are shown in Figure  8. The clustering of internal 
objects (Frontal-Sup-L-12, Frontal-Sup-Orb-R-3, Frontal-
Mid-R-16, Frontal-Med-Orb-R-3, Parietal-Sup-L-8, and 
Temporal-Sup-R-6) was variable but, when averaged over 
parcels, internal objects were more distant within than 
between communities (Supplementary Fig. S6A). Specifi-
cally, within the same community, response distances of 
internal objects to other internal objects (or linking objects) 
were significantly larger than the grand average over all 
object pairs, whereas between communities response dis-
tances were smaller. On average, this corresponded to the 
possibility shown schematically in Figure 3B. In six parcels, 
all linking objects were distant from each other (and from 
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the center), suggesting that the representation in these 
parcels individuated different transitions between commu-
nities (Frontal-Sup-R-19, Frontal-Sup-Orb-R-3, Insula-
R-6, Parietal-Sup-L-8, Precuneus-L-12, Putamen-R-5). 
However, in seven other parcels, linking objects were sep-
arated less well than internal objects (Frontal-Sup-L-12, 
Frontal-Mid-R-16, Rolandic-Oper-L-2, Frontal-Med-Orb-
R-3, Insula-R-5, SupraMarginal-R-4, Temporal-Sup-R-6), 
suggesting that the representation conflated different tran-
sitions between communities.

It is instructive to also compare parcels that were not 
classified as either identity-selective or community-
sensitive. Results for 15 randomly chosen ‘non-selective’ 
parcels are shown in Supplementary Figure S5. Perhaps 
not surprisingly, the results were quite heterogeneous 
and few differences reached statistical significance when 
averaged over parcels (Supplementary Fig. S6A). How-
ever, in several individual parcels, clustering by commu-
nities and/or prominent representation of linking objects 
was evident.

As a final control, we analyzed average pairwise dis-
tances in the responses obtained with unstructured 
sequences. Here, we failed to observe significant devia-
tions from the grand average distance, either for internal 
and linking objects or within and between communities 
(Supplementary Fig.  S6B). This corroborates that the 
results obtained with structured sequences were due to 

the presence of temporal structure and/or temporal com-
munities.

4.  DISCUSSION

We investigated incidental and automatic learning of reg-
ularities and dependencies without explicit behavioral 
task (Aslin, 2017; Fiser & Lengyel, 2022; Perruchet, 2019; 
Perruchet & Pacton, 2006; Saffran & Kirkham, 2018; A. 
Schapiro & Turk-Browne, 2015). Our aim was to compare 
the cortical basis of concurrent learning of statistical 
structure with two timescales, namely, explicit learning to 
recognize complex objects presented for ~3 s (Cox et al., 
2005; Tian & Grill-Spector, 2015; Wallis & Bülthoff, 2001) 
and implicit learning of task-irrelevant contingencies in 
the sequence of object presentations (“temporal commu-
nities” lasting ~30 s) (Fiser & Aslin, 2002; Kakaei et al., 
2021; Miyashita, 1988; Sáringer et al., 2022; Turk-Browne 
et al., 2005, 2009). Our results show that cortical repre-
sentations of both object identity and temporal commu-
nity structure coexist in large parts of the ventral 
occipitotemporal cortex.

Previous studies have localized view-invariant object 
representations in inferior temporal cortex (IT) and lateral 
occipital complex (LOC) (Grill-Spector et al., 2001; Sáry 
et al., 1993; Van Meel & Op de Beeck, 2020). Single-unit 
responses in IT of non-human primates reflect the intrinsic 

Fig. 8.  Representation of temporal community structure in negatively sensitive parcels. Multidimensional reduction of the 
pair-wise distance matrix averaged over path permutations and observers. Communities are distinguished by color and 
linking objects by a black outline, as indicated by the path diagram (inset). Thirteen parcels exhibited lower separability 
between communities than within communities (tBW < 0). Identity-selective parcels are marked with !.
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contingencies of an invariant representation and cor-
relate closely with recognition performance (Jia et  al., 
2021; Li & DiCarlo, 2008, 2010, 2012). Human fMRI show 
differential adaptation in IT for congruent and incongru-
ent shapes (Van Meel & Op de Beeck, 2018). In addition, 
evidence for view-invariant representations has been 
reported in primary-visual cortex (Eger et  al., 2008), at 
more anterior sites such as fusiform gyrus, and ventral 
occipito-temporal cortex (Brants et al., 2016; Visconti di 
Oleggio Castello et al., 2021), as well as in several areas 
of the dorsal pathway (Freud et  al., 2017; Jeong & Xu, 
2016; Konen & Kastner, 2008; Poirier et al., 2006; Visconti 
di Oleggio Castello et al., 2021).

Our results confirm and extend these previous find-
ings on cortical regions with view-invariant object repre-
sentations, as described in our companion study (Kakaei 
& Braun, 2024). In brief, we established cross-validated 
multivariate representations of object identity for smallish 
‘functional parcels’ (~1.7cm3 cortex volume) defined pre-
viously by a functional parcellation (MD758; Dornas & 
Braun, 2018). Parcels in which significant identity infor-
mation was prevalent (Allefeld et al., 2016) were located 
in both the ventral and dorsal visual pathways, beginning 
with early visual areas (V1-hV4), extending to more ante-
rior parts of ventral occipitotemporal cortex into anterior 
inferior temporal cortex, as well as to anterior inferior 
frontal cortex (Kakaei & Braun, 2024).

Our motivation to compare cortical representations of 
object shape and temporal object sequence derived from 
classical studies of object recognition in non-human pri-
mates (Erickson & Desimone, 1999; Miyashita, 1988). 
These studies had shown that the responsiveness of sin-
gle neurons in the inferiotemporal cortex developed 
selectivity not only for the identity but also for the presen-
tation order of objects, provided that animals had consis-
tently viewed these visual objects in the same sequential 
order. As this order was irrelevant to the animal’s task, the 
development of a neural representation for sequential 
order constituted a prototypical instance of incidental or 
implicit learning.

In extensive subsequent work with “paired-associate 
tasks”, the sequential order of objects was made task-
relevant so that learning of temporal associations became 
explicit. Over the course of training, the prevalence of 
pair-encoding neurons was found to increase in anterior 
parts of inferiotemporal cortex IT (Hirabayashi & 
Miyashita, 2014; Messinger et al., 2001; Naya et al., 2001, 
2003). Additionally, neurons in IT were found to encode 
“object-general semantic value” in the sense of identify-
ing whether a particular object was “familiar” or “novel” 
(Tamura et al., 2017). Here, we investigated the possibility 
that such “object-general” information could extend to 
membership in a “temporal community” of objects.

Previous behavioral studies have shown that humans 
can implicitly learn spatiotemporal associations between 
objects and use these regularities to enhance their cogni-
tive performance. Observers can automatically capture 
spatial (Fiser & Aslin, 2001) and temporal (Fiser & Aslin, 
2002; Turk-Browne et al., 2008) regularities as both joint 
and conditional probabilities of stimuli co-occurrence. 
This surpasses simple object-object associations and 
extends to higher-order association probabilities, over 
multiple objects. Even when the conditional probability 
between object pairs is uniform and thus uninformative of 
the underlying association between objects, humans are 
sensitive to higher-order regularities (higher-moments of 
conditional probability distribution) (Kahn et  al., 2018; 
Kakaei et  al., 2021; Karuza, Kahn, et  al., 2017; A. C. 
Schapiro et al., 2013). This capability for incidental learn-
ing of complex regularities can facilitate performance in 
various domains, including language (e.g., Saffran et al., 
1996), motor (e.g., Hunt & Aslin, 2001), spatial attention 
(e.g., Chun & Jiang, 1998; Jiang & Wagner, 2004), and 
object recognition learning (e.g., Kakaei et al., 2021).

The literature on implicit or explicit learning of temporal 
associations shows that both domain-specific and 
domain-general brain regions can be involved (for reviews, 
see Batterink et al., 2019; Fiser & Lengyel, 2022). Neural 
correlates of statistical learning are evident in early 
domain-specific sensory areas where spatiotemporal reg-
ularities are first extracted, to mid-level sensory areas 
where these representations are supposedly integrated. 
In the visual domain, spatiotemporal regularities emerge 
in lateral and ventral occipito-temporal and parieto-
occipital regions in humans (Henin et al., 2021; Karuza, 
Emberson, et al., 2017; Rosenthal et al., 2016; Turk-Browne 
et al., 2009) and are observed in inferiotemporal and ante-
rior inferiotemporal regions in non-human primates 
(Kaposvari et  al., 2018; Meyer et  al., 2014; Miyashita, 
1988; Sakai & Miyashita, 1991). More abstract and gener-
alized representations of temporal associations have 
been reported in more downstream, domain-general 
areas such as medial temporal lobe, striatum and frontal 
regions. Moreover, the majority of studies point to an 
essential role of the medial temporal lobe (MTL), particu-
larly the hippocampus, in statistical learning (Hindy et al., 
2016; Hsieh et  al., 2014; A. Schapiro & Turk-Browne, 
2015; A. C. Schapiro et al., 2012, 2013, 2016; Schendan 
et al., 2003; Turk-Browne et al., 2009, 2010). This is partic-
ularly true when sequences are repeated and when ordi-
nal knowledge is of particular interest to observers (for 
reviews, see Davachi & DuBrow, 2015; Eichenbaum et al., 
2016). MTL seems to be engaged in statistical learning 
that occurs early in the learning process but seems to dis-
engage as learning progresses, particularly after consoli-
dation. Concurrently, the encoding of statistical knowledge 
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seems to transfer from MTL to the striatal-frontal network 
(Batterink et al., 2019; Durrant et al., 2013). Higher cortical 
regions in insular cortex and prefrontal cortex (PFC), 
including inferior frontal gyrus (IFG) and medial prefrontal 
cortex (mPFC), also show sensitivity to statistical regular-
ities, particularly when the complexity increases (Giorgio 
et  al., 2018; Henin et  al., 2021; Karlaftis et  al., 2019; 
Kourtzi & Welchman, 2019; A. C. Schapiro et  al., 2013;  
R. Wang et al., 2017).

Here, we adapted the paradigm of A. C. Schapiro et al. 
(2013) and used object sequences with higher-order “tem-
poral community structure”. In such sequences, pair prob-
abilities are uniform in that every object is succeeded by 
one of four other objects with equal probability. This avoids 
the novelty/surprise effects that would arise if some object 
transitions were more common or rare than others. We 
term sequences with temporal communities “strongly 
structured”, to distinguish them from “unstructured” 
pseudo-random sequences where every object can be 
succeeded by any other object (Kakaei et al., 2021).

We studied cortical representations with a “represen-
tational similarity analysis” (RSA) approach, which relies 
on comparing pairwise distances between multivariate 
BOLD responses to different objects. A difficulty with this 
approach is that multivariate BOLD patterns are known 
to be significantly autocorrelated over 10 s of seconds 
(Alink et al., 2015; Henriksson et al., 2015), in part due to 
hemodynamic effects (Friston et al., 1994; Zarahn et al., 
1997). Accordingly, it was essential to distinguish 
between response similarity due to genuine “temporal 
community” effects and response similarity due to mere 
temporal proximity (i.e., systematically shorter latencies 
between objects in the same community) (Cai et  al., 
2019; Gilron et al., 2016).

We took two measures to control for this confound 
and to distinguish between community and latency 
effects. First, we computed and analyzed ‘residual dis-
tances’ by subtracting from each observed distance at a 
certain latency the average distance at that latency (see 
Section  2.6.1). Second, we assessed consistency by 
analyzing and comparing distances in different latency 
ranges, for example including or excluding short laten-
cies. These measures turned out to be essential, as 
nearly the entire brain would have spuriously appeared to 
be ‘community-sensitivity’ without them. They also 
proved effective, as they revealed ‘community-sensitivity’ 
only in multivariate BOLD responses to “strongly-
structured” sequences and not in responses to “unstruc-
tured” sequences. Accordingly, we are confident that 
these measures identify genuine cortical representations 
of “temporal community”.

Our analysis of multivariate BOLD responses in 758 
‘functional parcels’ revealed two functionally and ana-

tomically distinct kinds of ‘community-sensitivity’ (see 
also Fig. 3). The first kind—termed positively-sensitive—
showed greater similarity of responses within communi-
ties than between communities and was observed mostly 
in domain-specific, visual brain regions. The second 
kind—termed negatively-sensitive—exhibited lesser sim-
ilarity of responses within communities and was observed 
mostly in domain-general areas. We now discuss these 
two groups in more detail.

Positively community-sensitive parcels—where re
sponse distances were smaller for objects within than 
between communities—were located almost exclusively 
in ventral occipitotemporal cortex, with seven parcels in 
the left hemisphere (Calcarine-337, Occipital-Inf-424, 
Occipital-Mid-400 and -405, Fusiform-432 and -436, Lin-
gual-363) and five parcels in the right hemisphere (Cal-
carine-344, Occipital-Inf-428 and -430, Temporal-Inf-751 
and -755). Thus, community-sensitive parcels spanned 
the range of ventral occipitotemporal cortex that also 
contained parcels selective for object identity. Almost all 
positively community-sensitive parcels also exhibited 
significant identity-selectivity. Although the pattern of rel-
ative response distances was somewhat heterogeneous 
(Fig. 7), some significant trends emerged: response dis-
tances between ‘internal’ objects were above average 
between communities, whereas distances between ‘link-
ing’ objects were below average both within and between 
communities (Supplementary Fig. S6).

While positively community-sensitive parcels com-
prised only a small fraction of identity-selective parcels 
(11 of 124 parcels), this disparity may exaggerate the true 
situation. As our paradigm was considerably less sensi-
tive for community than for identity, a number of ‘false 
negatives’ was only to be expected. If the respective sta-
tistical sensitivities had been comparable, the overlap 
between the two groups might well have been larger.

These results are consistent with earlier findings that 
early and mid-level visual areas are sensitive to temporal 
regularities and can flexibly alter their activity pattern to 
represent the temporal context (Henin et al., 2021; Karuza, 
Emberson, et al., 2017; Rosenthal et al., 2016; Turk-Browne 
et al., 2009). These are also consistent with the classical 
observation that representations of temporal association 
develop conjointly with representations of object identity 
(Erickson & Desimone, 1999; Miyashita, 1988).

In contrast to numerous earlier studies (Hindy et al., 
2016; Hsieh et  al., 2014; A. Schapiro & Turk-Browne, 
2015; A. C. Schapiro et al., 2012, 2013, 2016; Schendan 
et al., 2003; Turk-Browne et al., 2009, 2010), we failed to 
observe positive community-sensitivity in the medial 
temporal lobe (MTL). We do not consider this a contra-
diction, as our analysis did not focus on MTL and our 
parcellation included only six parcels in this region  
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(2 × Hippocampus, 2 × Perirhinal, 2 × Amygdala). More-
over, MTL is thought to engage early in the learning pro-
cess and the memory engram is thought be transferred to 
the striatum after consolidation. As our observations 
spanned multiple days, memory consolidation could 
have occurred already after the first session, which could 
also have explained our failure to observe any community-
sensitivity in the MTL. Interestingly, we did observe such 
sensitivity in one parcel of the putamen.

Negatively community-sensitive parcels were located 
in domain-general cortex, including the temporal cortex 
(Temporal-Sup-R-650), parietal cortex (Parietal-Sup-
L-499, Supramarginal-R-540, Precuneus-L570), superior 
frontal cortex (Sup-Frontal-L-45 and -R-69, Sup-Frontal-
Orbit-77, Sup-Frontal-Med-R-248), and middle and infe-
rior frontal cortex (Mid-Frontal-R-118, Insula-R-270 and 
-271, and Rolandic-Oper-L-187). Apart from Parietal-
Sup-L499, none of these parcels exhibited a significant 
representation of object identity, further strengthening 
the dissociation between negative and positive commu-
nity representations.

These findings are consistent with previous reports 
that implicit learning paradigms can engage parieto-
frontal, fronto-striatal, and/or ventral attention networks 
(Batterink et al., 2019). More generally, prefrontal cortex 
(PFC) is thought to reflect higher-order statistics of event 
(Henin et al., 2021) and decision strategies adopted by 
observers (Giorgio et  al., 2018; Karlaftis et  al., 2019; 
Kourtzi & Welchman, 2019; R. Wang et al., 2017). Orbi-
tofrontal cortex (OFC) is thought to be engaged when 
more abstract representations or ‘cognitive maps’ are 
required (Behrens et al., 2018; Christophel et al., 2017; 
Knudsen & Wallis, 2022; Rusu & Pennartz, 2020; Schuck 
et al., 2016; Wilson et al., 2014). Insula and inferior fron-
tal gyrus are thought to be engaged by working memory 
tasks, especially under conditions of high load (Rottschy 
et al., 2012), and to contribute to goal-directed behavior 
by interacting with the medial temporal lobe hippocam-
pus (Rusu & Pennartz, 2020). Moreover, when objects 
are viewed in temporally structured sequences, 
responses in insula and inferior frontal gyrus are sup-
pressed for expected objects (Ferrari et al., 2022). Inter-
estingly, this ‘expectation suppression’ arises earlier 
than in the occipitotemporal visual areas (see also 
Weilnhammer et al., 2021).

The negative community-sensitivity observed both here 
and in previous studies (A. C. Schapiro et al., 2013) is con-
sistent with “context-specific maps” that individuate 
objects in a given community, without necessarily identify-
ing either the community or objects in other communities. 
When the context changes, such a map could be reused to 
individuate objects in the new community. This would be 
similar to the invariant response patterns in different envi-

ronments exhibited by grid-cells (Constantinescu et  al., 
2016; Doeller et al., 2010; Fyhn et al., 2007).

In summary, our results demonstrate incidental learn-
ing of temporal associations at all levels of the ventral 
visual pathway—from the primary visual cortex to the 
anterior inferior temporal cortex—at the time-scales of 
both object presentations (seconds) and of temporal 
contingencies in the object sequence (tens of seconds). 
This functional overlap suggests that the visual hierarchy 
develops convergent representations (Grill-Spector & 
Weiner, 2014) that integrate information from a range of 
time-scales. It seems likely that such convergent repre-
sentations contribute to context-dependent enhance-
ment of recognition performance. Our findings confirm 
the classical observation of a conjoint development of 
representations of object identity and temporal associa-
tion (Erickson & Desimone, 1999; Miyashita, 1988).

In the domain-general cortex—superior temporal, 
parietal, frontal, and insular—representations of higher-
order temporal context were also evident, but without 
any stable representations of object identity. Particularly 
the ‘linking objects’ that separated different temporal 
communities in structured presentation sequences 
tended to be represented distinctly. Thus, our finding 
suggests that both the ventral occipitotemporal cortex 
and/or domain-general cortex could be in a position to 
contribute to “structural learning” (Kemp & Tenenbaum, 
2008; Tenenbaum et al., 2011) and the development of 
causal insight and understanding (Lake et  al., 2017; 
Shafto et al., 2011).
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APPENDIX

Appendix Table A1.  List of community-selective parcels and their anatomical region.

Region Parcel MNI Community Identity Topog.

No. X y z tBW α(%) assign.

Middle frontal 109 48 -3 56 2.9 - -
Calcarine 337 -12 -99 -5 5.2 13.8 V1d

344 9 -85 6 5.2 13.8 V1v
Lingual 363 -12 -65 -5 3.8 9.5 V3v
Occipital 400 -38 -86 4 3 12.0 LO2
(middle) 405 -16 -100 1 6.3 14.0 V2d
Occipital 424 -31 -83 -8 4.5 12.6 -
(inferior) 428 36 -85 -7 5.9 13.2 hV4

430 42 -73 -9 3.6 11.4 hV4
Fusiform 432 -27 -71 -11 4.9 12.2 VO2

436 -31 -53 -13 4.1 8.8 PHC1
Postcentral 483 51 -26 47 3.8 - -
Temporal 751 51 -67 -8 5.1 - AIT
(inferior) 755 46 -53 -11 5.5 9.7 AIT
Superior frontal 45 -23 58 23 -4.1 - -

69 21 63 4 -6.4 - -
Superior frontal 77 23 61 -5 -6.8 - -
(orbital)
Middle frontal 118 44 35 34 -3.8 - -
Rolandic 187 -42 -25 18 -3.2 - -
operculum
Superior frontal 248 9 65 -9 -4.6 - -
(medial orbital)
Insula 270 39 20 -4 -3.6 - -

271 41 7 4 -3.8 - -
Parietal 499 -28 -69 50 -4.2 8.9 -
(superior)
Supramarginal 540 56 -44 29 -4.4 - -
Precuneus 570 -3 -62 46 -3.5 - -
Putamen 619 26 11 6 -4.2 - -
Temporal 650 63 -8 5 -3.5 - -
(superior)

Numerical parcel ID, geometrical centroid x/y/z in MNI, between-community separability tBW , identity classification α, and topographical 
assignment, if any.
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Appendix A

Mathematical methods

A.1 Cross-validation measures

A data point k in an Nd dimensional space is defined as a vector xk:

xk = [xik|i ∈ {1...Nd}] (A.1)

The Euclidean distance dkl and the normalized distance d̂kl between two data

points k and l are calculated by:

dkl =

√√√√ Nd∑
i

(xik − xil)2

d̂kl =
dkl√
Nd

(A.2)

A class L of size NL, and its corresponding train-set Ltrain and test-set Ltest,
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are defined as:
XL = {xk|∀k ∈ L}

X train
L = {xk|∀k ∈ Ltrain}

X test
L = {xk|∀k ∈ Ltest}

(A.3)

For each class, the centroids ctnL of the train-set X train
L and ctsL of the test-sets X test

L

are defined as vectors:

ctnL = ⟨X train
L ⟩k =

1

N train
L

∑
∀k∈Ltrain

xik = [ctnik |i ∈ {1...Nd}]

ctsL = ⟨X test
L ⟩k =

1

N test
L

∑
∀k∈Ltest

xik = [ctsik|i ∈ {1...Nd}]
(A.4)

A.1.1 Classification accuracy

In order to calculate the accuracy of a classifier in a classification problem, first we

calculated the distance DLL′ = D(X test
L , ctnL′ ) of all test data of class L from centroid

of the training class L′. Then, we defined the accuracy α as the probability of

finding the minimum distance between a test-set and its corresponding centroid of

the train-set:

∆DLL′ = DLL −DLL′

α = P (∆DLL′ < 0|L ̸= L′)
(A.5)
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A.1.2 Class-pair discriminability

For two classes L and L′, first we projected their test-data on the line êLL′ connecting

their train centroids:

eLL′ = ctnL − ctnL′

êLL′ =
eLL′

∥eLL′∥
(A.6)

Then, we calculated the mean and the standard deviation of the projected data:

µL =
1

N test
L

∑
∀k∈Ltest

xk · êLL′

σ2
L =

1

N test
L − 1

∑
∀k∈Ltest

|xk · êLL′ − µL|2
(A.7)

Finally, we defined the pair-wise discriminability δLL′ and average discriminabil-

ity δ as:

δLL′ =
|µL − µL′|√
0.5(σ2

L + σ2
L′)

δ =
1

κ(κ− 1)

κ∑
L=1

κ∑
L′=1

(δLL′|L′ ̸= L)

(A.8)

A.1.3 F-ratio

We used the non-parametric approach of Anderson (2001) to calculate an overall

discriminability measure between all classes. First, we calculate the within-class

variance SSW as the average squared distances between all the test-data within a
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class and their corresponding test centroids:

SSWL =
∑

∀k∈Ltest

D(X test
L , ctsL )

2

SSW =
1

N test

κ∑
L=1

SSWL

(A.9)

where N test =
∑κ

L=1N
test
L .

Then, we calculated the between-class variance SSB and the total variance SST as:

cts = ⟨X test⟩k

SSB =
1

N test

κ∑
L=1

N test
L D(cts, ctsL )

2

SST =
1

N test

κ∑
L=1

∑
∀k∈Ltest

D(X test
L , ctsL )

2

(A.10)

Finally, we calculated the F -ratio F as:

F =
SSB(N

test − κ)

SSW (κ− 1)
(A.11)
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