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Object Size and its Correlated Properties: insights into the
representation of shape in the ventral visual stream

ABSTRACT

High-level visual cortex follows a large-scale organization related to the real-world size of objects, where
some regions respond more to pictures of small inanimate objects while other regions respond more
to large inanimate objects.

In this thesis, I test the hypothesis that size, a visually inferred property, might be an organizational
driver because it is meaningfully correlated with properties that are both more abstract and more vi-
sual than size itself in nature. Specifically, I investigate the relationship between the real-world size of
an object and its motor-relevance (Chapter 1) or its perceived curvature (Chapter 2). In both studies,
I find that the real-world size organization is stronger and more reliable when responding to objects
that follow the natural covariance with size (small and manipulable, or small and curvy), compared to
objects that do not (big and manipulable, or big and curvy). These observations lend support to the
hypothesis that the large-scale organization by real-world size is systematically related to a number of
covarying properties. These covarying properties could either be behaviorally relevant (e.g. manipu-
lability) or important features being encoded from earlier stages of visual processing (e.g. curvature).
Different possible theories of why this organization arises are discussed.

The thesis shifts its focus on Chapter 3 to the finer-grained similarity spaces of inanimate objects
and how these reflected in responses to objects across the ventral stream. Specifically, I examined how
neural responses to objects across the ventral stream hierarchy are related to three different behav-
ioral spaces: object similarity measured implicitly by visual search, shape similarity as estimated by an
explicit sorting task, and unguided object similarity estimated by the same explicit sorting task but
without any instructions. I found that the object similarity space measured by visual search was well
correlated with posterior regions of the ventral stream, and after a relatively sharp transition, the shape-
based similarity space was well correlated with anterior regions of the ventral stream. Based on these
data, I suggest that this relatively sharp transition along the ventral stream hierarchy reflects a transi-
tion from more pictorial to more structural representation of inanimate object information.

Opverall, this thesis provides new theoretical contributions in the understanding the nature of the
object representation along the ventral visual stream, suggesting that visual brain regions are sensitive
to object properties at multiple levels of abstraction, related to both perceptual and action-related
properties, with a transition from more pictorial to more structural levels of representation.
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Introduction

CONSIDER THE PROCESSING STAGES needed to recognize an object, such as a pen sitting on a desk.
Our visual system first extracts from the retinal input simple, low-level features such lines and edges.
Then, through a sequence of progressively higher-level stages, more complex features get encoded and
represented, such as curvature, elongation, texture. Eventually, it is able to parse the figure from its

background, to recognize it as a pen from different points of views, when occluded, and at different



scales.

How does our brain accomplishes such a feat, what kind of properties are being processed and
encoded in order to achieve object representation?

Among all properties, real-world size is one of the primary identifiable ones in guiding neural object
representation. However, since its first identification, it was recognized that it might not be one inde-
pendent dimension, in that in the world, real-world size tends to covariate with several other object
properties. In the first two chapters, this thesis seeks to investigate the relationship between real-world
size and two of these properties: one that is more action-based in nature, manipulability, and one that
is more perceptual in nature, curvature.

The third chapter moves towards characterizing the representational similarity space for a high
number of inanimate objects. Specifically, I explore how the brain similarity space relates to difter-
ent behavioral object similarity spaces.

In this Introduction, I will first introduce the notion of real-world size, how our visual system au-
tomatically processes it and how it relates to the large-scale neural organization. I will review what is
known about the relationship between real-world size and manipulability, to introduce and anticipate
the topic of Chapter 1. Then, I will review what is known about the relationship between real-world
size and curvature, to introduce and anticipate the topic of Chapter 2. Finally, I'll review existing lit-
erature on what is known about the correspondence between behavioral and neural similarity spaces,

to introduce and anticipate the topic of Chapter 3.

0.1 REAL-WORLD SIZE

Several lines of evidence point to the fact that objects’ real-world size is a property relevant for object
representation (Konkle & Oliva, 2011; Paivio, 1975). When instructed to draw objects, people rely on

a canonical visual size representation, drawing small objects smaller than large objects, given a blank



paper of equal size (Konkle & Oliva, 2011). When asked to judge which object is smaller or larger
in real life between object pairs presented at different visual sizes, people are slower when the target
object is presented at a visual size incongruent with its real-world size (Paivio, 1975). Further, when
asked to judge which object is visually smaller or larger between pairs of objects of different real-world
sizes, people are slower at responding in incongruent trials, when the visually larger objects if actually
smaller in real life (and vice versa), as compared to congruent trials (Konkle & Oliva, 2012a). All this
evidence points to the fact that real-world size information, an inferred physical property, is accessed
quickly and automatically when thinking about or recognizing a depicted object.

Support for an important role of real-world size in the nature of object representation also comes
from neural evidence: real-world size well-explains the large-scale organization of objects in high-level-
visual cortex (Konkle & Oliva, 2012b), with stronger responses for big objects over small objects in the
ventro-medial occipito-temporal cortex, stronger responses to small objects more laterally, and then a
return to a big objects preference more dorsally. Multivariate patterns in category-preferring regions
throughout the occipito-temporal cortex have been observed to be more similar for objects close in
real-world size, further suggesting that it could have a role in accounting for the underlying neural
representations of object categories in higher-order visual areas (Julian et al., 2016). Thus, size seems
to have an important role for object representation, both influencing behavioral judgments of object
recognition, and accounting for the structure of object-selective cortex.

However, while all these observations show that real-world size is a good descriptor of neural re-
sponses in occipito-temporal cortex, they do not answer questions about the narure of the underlying
representations (Konkle & Oliva, 2012b). The observed behavioral and neural responses might be due
to the fact that size, in the real-world, correlates with a number of properties, both visual and more
abstract. Support for the hypothesis that real-world size might not be the underlying property that is
being encoded comes from the fact that these regions are not driven by whether an object is conceived

as big or small in the world through an imagery task (i.e. imagining a giantapple still activates small ob-



ject regions, Konkle & Oliva (2012b)). This suggests that there are underlying features covarying with
object size that are being represented and encoded by our visual system. What might these features
be?

There are two, non-mutually exclusive hypotheses about the way in which our visual system comes
to encode real-world size as a relevant property (Konkle & Oliva, 2012b): the first relates to long-range
connections with behaviorally-relevant networks, the second to downstream biases from earlier stages
of the visual system driven by physical and gravitational constraints of the real-world. I will address

each one separately in the next two sections.

0.2 THEROLE OF BEHAVIORALLY-RELEVANT PROPERTIES: SIZE AND MOTOR-RELEVANCE

One hypothesis for the emergence of a real-world size organization posits that it might serve as a proxy
for behaviorally-relevant properties that distinguish small and large objects. There is a clear way in
which small and big objects usually serve different purposes: smaller objects tend to be manipulated
and handheld, while big objects tend to be used as landmarks for navigation and for support (Mahon
etal., 2007; Mahon & Caramazza, 2015 Julian et al., 2016; Konkle & Oliva, 2012b). Thus, it is possible
that one such behaviorally relevant property might be manipulability.

There is strong neural evidence for a preferred encoding of tools and manipulable objects in the
ventral stream. For example, tool selectivity has been observed in the lateral aspect of the occipito-
temporal cortex: for example, in this territory, there is a region with preference for tools (Chao et al.,
1999; Bracdi et al., 2012) which is closely overlapping with effector-specific regions (Bracci et al., 2012),
and persists in the congenitally blind (Peelen et al., 2013; Wang et al., 2015). This cortex generally shows
connectivity with fronto-parietal networks supporting actions (Simmons & Martin, 20125 Bi et al.,
2015; Konkle & Caramazza, 2016), and is causally involved in tool-action discrimination judgments

(Perini et al., 2014). Tool selective regions do not seem to store information about object use: apraxic



patients, who are impaired in their knowledge about how to use an object, as still able to name them
(Johnson-Frey et al., 200s; Caramazza & Mahon, 2003). However, there is also some evidence that the
connectivity between tool-selective regions and the parietal lobule, known to be involved in action
planning and execution, modulates performance in object recognition (Mahon et al., 2007). Overall,
these studies suggest that manipulability might be an important dimension underlying the represen-
tation of objects in small-object regions.

On the other hand, work focused on scene understanding has characterized object responses of the
ventromedial occipito-temporal cortex, an area known to also show a preference for large objects over
small objects (Konkle & Oliva, 2012b), along a series of other properties. Among the properties that
have been identified are the invocation of a local space, the tendency to stay fixed in the world, and
the usefulness as a landmark (Troiani et al., 2012; Mullally & Maguire, 2011; Julian et al., 2016; Auger
& Maguire, 2013; Epstein, 2014). The common theme of all these properties is that they tend to relate
to navigability, rather than action. Being this area also involved in scene processing, it is reasonable to
think that its coding of real-world size could be relevant for spatial navigation (Konkle & Oliva, 2012b;
Julian etal.,2016). Relatedly, there are complementary inanimate, large-object preferring regions along
the dorso-medial aspect of visual object cortex (alternatively labeled “OPA” or “TOS” in different
literature; Konkle & Oliva (2012b); Kamps et al. (2016)), whose responses are less well understood.

Given the relevance of action-related and navigation-related properties in regions largely overlap-
ping with small- and big-object regions, it is possible that networks primarily involved in these be-
haviors might shape the tuning in occipitotemporal cortex, and real-world size may serve as a proxy
to guide the sort of actions and interactions that are involved in these behaviors. In this account, the
previously observed real-world size organization may be more directly related to an underlying orga-
nization by manipulability, if most small objects tend to be manipulable and most big object tend to
be non-manipulable.

To test this, in Chapter 1 I am going to look at the degree to which motor-relevance, a dimension



related to manipulability but extendable to other effectors beyond the hands, might drive a large-scale
organization in the visual cortex independently from real-world size by employing a 2 x 2 stimulus set
of small motor-relevant, small non-motor-relevant, big motor-relevant and big non-motor-relevant

objects.

0.3 THE ROLE OF MID-LEVEL VISUAL FEATURES: SIZE AND CURVATURE

An alternative hypothesis for the emergence of a real-world size organization is that it stems from
earlier perceptual influences more closely related to the input. That is, differences in the way small
and big objects look would lead to systematic biases in the visual input affecting visual processing at a
later stage (Konkle & Oliva, 2012b).

Because of the gravitational and physical constraints of the world, and because of the way we inter-
act with them, small and big objects also differ in the way they look: small objects tend to be curvier
and more elongated; on the other hand, big objects tend to be boxier in shape, with straight corners
(Konkle & Oliva, 2012b; Long et al., 2016). Further, objects’ real-world size constrains the way in which
we can experience and look at objects: small objects tend to be seen at a closer distance and they tend
to occupy the center of the visual system; while big objects tend to be seen from farther away and to
occupy more of the periphery of the visual field (Konkle & Oliva, 2011; Cate et al., 2011). Thus, there
are multiple visual features correlating with size. Here, we’re focusing on one of them, the mid-level
visual feature of curvature.

Behaviorally, curvature has long been recognized has one of the primary features being extracted
during intermediate stages of visual processing. For example, Asada & Brady (1986) developed the
curvature primal sketch, a model of object contour based on the parameterization of curvature which
is stable when presented at differentscales. Animportantrole to curvature for object recognition is also

given Biederman’s recognition-by-components theory (Biederman, 1987). This theory hypothesizes



that the brain possesses representations of simple three-dimensional shapes called geons, hypothesized
to possess non-accidental shape properties allowing them to be viewpoint-invariant, among which the
straightness versus curvature of the contour is one of the most important. These basic shapes, when
combined together, allow for the recognition of objects: an ice cream cone is, for example, an upside
down cone with a sphere on top. Thus, curvature haslong been considered one of the most important
features to compute and implement for the goal of object recognition.

Further behavioral evidence for the importance of mid-level visual features in driving real-world
size representations comes from work of our group involving texforms, artificial stimuli generated by
submitting objects to an algorithm which degrades them so as to preserve some mid-level features,
but disrupting their identification (Freeman & Simoncelli, 2011). While identification was disrupted,
people were still above chance in judging whether an object was big or small (Long et al., 2016).

The effect of texform information in driving size representation has also been successfully tested
using the Familiar-Size Stroop paradigm (Konkle & Oliva, 2012a; Long & Konkle, 2017b), in which
participants are presented with pairs of texforms, one produced from an object that is small in the
real world, the other produced from an object that is big in the real world. The two texforms are pre-
sented at two different visual sizes on the screen, and participants are asked to judge which of the two
texforms is visually bigger or smaller. For congruent trials, the visual size of the texform in the screen
corresponds to the real-world size of the original object (e.g., the visually small texform is produced
from a small object, the visually big texform is produced from a big object); for incongruent trials,
the visual size of the texform in the screen does not correspond to the real-world size of the originals
(e.g., the visually small texform is produced from a big object, the visually big texform is produced
from a small object). Participants were faster at reporting the correct visual size when presented with
congruent than incongruent trials (Long & Konkle, 2017b).

It thus seems that some of the features preserved by the texform algorithm are sufficient in order to

automatically access information about object size. Among the mid-level features of the original object



that might be preserved in the texform version, curvature information seems to be a likely candidate.
First, big objects tend to be rated consistently as boxier, and small objects as curvier, both for original
images and for texforms (Long et al., 2016). Second, texforms’ perceived real-world size correlates
with curvy-to-boxy ratings of curvature, with texforms rated as smaller being also rated as curvier, and
texforms rated as bigger being also rated as boxier (Long & Konkle, 2017a). Finally, perceived curvature
differences between small and big objects were found to be good predictors of the magnitude of the
observed Size-Stroop effect (Long & Konkle, 2017a).

These observations strongly support the hypothesis that curvature might be a key property sup-

porting behavioral judgments related to the size of objects, even before the object is recognized.

0.3.1 NEURAL EVIDENCE FOR IMPORTANCE OF CURVATURE

Aside from affecting behavioral judgments, curvature has a prominent role also in shaping neural re-
sponses all along the ventral stream.

Animal studies have extensively proven an important role of curvature in shaping neural responses
in the visual cortex of monkeys. Area V4 in the macaque monkey brain has been observed to be more
responsive to hyperbolic and polar stimuli, characterized by curvy lines, than to cartesian stimuli char-
acterized by straight lines (Gallant et al., 1996). Many neurons in the area are responsive to specific
orientations of curves, show a bias for convex features (Pasupathy & Connor, 1999), and show size
invariance with respect to curvature preference, suggesting a possible mechanism through which size
invariance might be computed along the visual processing stream (El-Shamayleh & Pasupathy, 2016).
Coding for curvature information has been observed also more anteriorly in I'T, and it seems to be en-
coded independently from other properties such as aspect ratio (Kayaert et al., 2005). By employing
fMRI, a network of three curvature-selective patches has been observed in the macaque’s brain along
the ventral visual pathway, one in dorsal V4 (posterior curvature-biased patch), a middle one located

ventrally on the posterior superior temporal sulcus (middle curvature-biased patch), and one located



more anteriorly (anterior curvature-biased patch; Yue et al. (2014)).

Further credit to the idea that the feature of curvature is a building block for object processing comes
from the exploration of retinotopic maps in higher-order visual cortex: curvature, end-stopping and
eccentricity maps tend to correlate in the macaque’s visual cortex, with centrally-biased patches corre-
sponding to end-stopped sites and preferring curvy contours, and peripherally biased regions prefer-
ring straight stimuli (Ponce et al., 2017; Srihasam et al., 2014). These observations have led to recent
proposals suggesting that both eccentricity and curvature reflect a proto-organization of the ventral
stream that constrains the formation of stimuli-specific patches which emerge only after training in
juvenile monkeys (Srihasam et al., 2014, 2012). These studies point to curvature being an important
feature being computed in the ventral stream, not only relatively early in retinotopic areas, but also at
later stages in areas thought to process higher order visual information.

Human neuroimaging studies from our group employing the texform stimuli have further ex-
plored the degree to which mid-level properties, among which curvature, might underlie the orga-
nization by animacy and size (Konkle & Oliva, 2012b; Konkle & Caramazza, 2013). When employing
texforms, neural organization by animacy and, within inanimate regions, by size is still preserved in
the occipito-temporal cortex (Long et al., 2018), suggesting a strong role of natural statistics with mid-
level features in building this large-scale organization by domains. Further, Long and colleagues (Long
et al., 2018) collected ratings on a curvy-to-boxy scale for the same stimuli, and found that this intu-
itive curvature rating performed reasonably well at predicting neural responses in occipito-temporal
cortex. These results suggest that curvature information might be underlying the neural division by
animacy and size in high-level visual cortex.

All these studies support the hypothesis that curvature might have a pivotal role not only in affect-
ing behavioral judgments, but also in the shaping of neural responses along the ventral stream.

To test this hypothesis, in Chapter 2 I will present a 2 x 2 stimulus set of small curvy, small boxy,

big curvy and big boxy objects to two independent sets of participants in a behavioral and a fMRI



task. My question is whether behavioral judgments and neural responses are affected by the natural

covariance between size and curvature, or whether these two properties are coded independently.

0.4 EXPLORING THE FEATURE SPACE: RELATING BRAIN AND BEHAVIOR

While we gain understanding about the underlying shape-space by exploring broad, interpretable do-
mains such as size, manipulability and curvature, an alternative approach is the one of characterizing
this space by looking at a high number of objects varying in multiple dimensions in condition-rich de-
signs. Studies in this direction have often tried to characterize the neural feature space by comparing
it to similarity spaces produced from behavioral judgments or deep neural networks (de Beeck et al.,
2008; Mur et al., 2013; King et al., 2019).

Work from our group has recently looked at the correspondence between visual search behavior and
neural responses (Cohen et al., 2017). In visual search, object similarity is indirectly tracked through
reaction times, in that people take a longer time locating a target among distractors if target and dis-
tractors are more similar (Duncan & Humpbhreys, 1989). The nature of the similarity tracked by the
visual search task is hypothesized to relate most to low- and mid-level features, among which shape is
a likely candidate (Wolfe and Horowitz, 2017).

Cohen and colleagues observed surprising results in how well category-level visual search behav-
ior relates to neural responses throughout occipito-temporal cortex, with a strong correspondence
between neural responses and behavior both in ventral and dorsal divisions of the ventral stream (Co-
hen et al., 2017). However, neural responses in this study were recorded for object categories, not at
the item level, and participants were instructed at the beginning of each block for the category they
were looking for. Thus, they activated a template of the object category during the search. While
these results suggest that the nature of the representation in object-selective cortex might reflect more

mid-level than high-level representations, the fact that similarities were only recorded at this categor-
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ical level did not allow for a more fine-grained characterization of the neural similarity space in the
occipito-temporal cortex.

Other studies in the past have looked at neural correlates of both physical and perceived similarity
of objects. Indeed, physical and perceived similarity do not always correspond: Biederman identified
non-accidental properties of objects, whose differences are thought to be at the basis of shape classi-
fication, and should not be affected by rotations on depth. On the other hand, metric properties are
those properties of objects which are affected by rotations in depth (1987). Humans tend to be more
sensitive to changes in non-accidental properties, than to changes in metric properties (Biederman &
Bar, 1999), and this is reflected by the neural tuning of I'T cortex in monkeys (Kayaert et al., 2003).
That is, there is some evidence that neurons in I'T are not tuned so much based on how similar two
objects are, but on how similar they are perceived to be.

Relatedly, a human neuroimaging study also looked at how physical and perceived similarities
are encoded in the ventral stream (Haushofer et al., 2008). Perceptual differences in this case were
tracked with an implicit measure, by asking participants to detect whether two abstract objects pre-
sented sequentially and very briefly were identical or not after displaying them for a very short interval
(Haushofer et al., 2008). The rate to which two objects were considered identical by participants was
considered a measure of their perceptual similarity. When relating this behavioral similarity space to
neural activation, a gradient was found, with more posterior regions more closely matching informa-
tion about physical similarity (as computed through aspect ratio), and more anterior regions more
closely matching perceptual similarities (Haushofer et al., 2008). These findings suggest that difter-
ent parts of the ventral stream might potentially reflect different perceptual features, and that implicit
behavioral judgments could potentially relate to neural responses in at least some of these areas.

Another paradigm that has been employed to collect object similarity judgments, this time through
explicitjudgments, has been the multi-arrangement method, in which participants are asked to arrange

objects within a circular arena, so that similar objects are nearby each other in the arena (Kriegesko-
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rte & Mur, 2012). It has been observed that, when participants are not given specific instructions as
to what kind of similarity to follow, the similarity space that emerges from this method tends to be
more categorical than the neural space in I'T (Mur et al,, 2013). However, if participants are specifically
required to arrange objects either by shape or by semantic category (Bracci & Op de Beeck, 2016), it
emerges that while a shape-based similarity shape reflects neural responses both in posterior and ante-
rior occipito-temporal cortex, a category-based one is only related to more anterior regions. Overall,
these results suggest that the multi-arrangement task can be utilized to collect similarity spaces that are
more perceptual if people are instructed to specifically pay attention to this measure of similarity, and
that a shape-based space might more closely match neural responses throughout the ventral stream as
compared to a category-based one.

While studies reviewed so far have looked at perceptual similarity both with implicit and explicit
measures, a direct comparison of how well each of these reflects neural responses at the item-level has
not yet been performed.

In Chapter 3, I develop an item-level odd-one-out visual search paradigm that participants perform
online in order to obtain similarity measures for 72 inanimate objects. I also compare this space with
two different kinds of explicit judgments in a multi-arrangement task: in the shape sorting task, par-
ticipants are instructed to arrange objects by shape; in the unguided sorting task, a different set of
participants was not given any specific instructions on what similarity measure to follow. Given what
we know about the multi-arrangement task, we expect the unguided sorting to be more categorical,
and the shape sorting to rely more on visual features of objects.

The aim of this work is to examine how well each of these object similarity spaces correlates with

OTC responses, and where it correlates best along the ventral stream hierarchy.
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Size, manipulability and stability contribute

to neural IESpONscs to inanimate objects

1.1  ABSTRACT

In human occipito-temporal cortex, brain responses to depicted inanimate objects have a large-scale or-

ganization by real-world object size. Critically, the size of objects in the world is systematically related

3



to behaviorally-relevant properties: small objects are often grasped and interacted with (e.g. forks),
while large objects tend to be less motor-relevant (e.g. tables), though this relationship does not al-
ways have to be true (e.g. picture frames and wheelbarrows). To determine how these two factors
interact, we measured brain activity with functional magnetic resonance imaging while participants
viewed a stimulus set of small and large objects with either low or high motor-relevance. The results
revealed that the size organization was evident for objects with both low and high motor-relevance;
and a motor-relevance map was also evident across both big and small objects. Targeted contrasts re-
vealed that typical combination—small motor-relevant vs. large non-motor relevant—yielded more
robust topographies than the atypical covariance contrast—small non-motor relevant vs. big motor-
relevant. In subsequent exploratory analyses, a factor analyses revealed that the construct of motor-
relevance was better explained by two underlying factors: one more related to manipulability, and the
other to whether an object moves or is stable. The factor related to manipulability better explained
responses in lateral small-object preferring regions, while the factor related to object stability (lack
of movement) better explained responses in ventromedial large-object preferring regions. Taken to-
gether, these results reveal that the structure of neural responses to objects of different sizes also further

reflects action-relevant properties of manipulability and stability.
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1.2 INTRODUCTION

To recognize objects in the real world, a large portion of the brain is utilized—the ventral visual stream
(Goodale & Milner, 1992; Ishai et al., 1999) . Within this cortex there is a large-scale organization of
responses distinguishing large and small inanimate objects (Konkle & Oliva, 2012b; Konkle & Cara-
mazza, 2013). Some proposals have raised the possibility that the large-scale divisions in this cortex
arise to support different behavioral needs (e.g. manipulating objects vs navigating in environments),
linked to distinct underlying long-range brain networks (Mahon & Caramazza, 2011; Konkle & Cara-
mazza, 2016). Thus, in the present work we examined how both the size of an object and its motor
relevance can explain brain responses to object categories.

Intuitively, the relationship between an object’s size and the degree of interaction it affords in the
world is evident: small objects tend to be graspable and easy to hold up, while larger objects tend to be
used as support or for navigation. However, other relationships are possible, including non-moving
small objects like picture frames, and interactive big objects like pianos. Here, we operationalize the
dimension dealing with object interaction as motor-relevance. While similar conceptually to the prop-
erty of manipulability that has been investigated in the past (Mahon et al., 2007), motor-relevance
spans a wider definition in that it includes actions performed not only with the hands, but with other
parts of the body as well. With this broader conceptualization, size can more easily dissociate from
degree of interaction: large objects like swing sets and wheel barrows tend to involve movements be-
yond hand-performed actions, while for small objects such as picture frames and smoke alarms there
is no clear motor interaction associated.

To date, there is substantial evidence that motor-relevance is an important construct for visual ob-
ject responses, particularly along the lateral aspect of the occipito-temporal cortex, a region known to
show a preference for small inanimate over large inanimate object (Konkle & Oliva, 2012b; Konkle

& Caramazza, 2013). For example, in this territory, there is a region with preference for tools (Chao
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et al.,, 1999; Bracci et al., 2012) which is closely overlapping with effector-specific regions (Bracci et al.,
2012), and persists in the congenitally blind (Peelen et al., 2013; Wang et al., 2015). This cortex gener-
ally shows connectivity with fronto-parietal networks supporting actions (Simmons & Martin, 2012;
Bi et al., 2015; Konkle & Caramazza, 2016), and is causally involved in tool-action discrimination judg-
ments (Perini et al., 2014). While these studies have typically focused on objects that require hand-
performed actions, the present study allows us to test whether the inclusion of non-hand-performed
actions through the motor-relevance dimension would further explain neural responses and extend
them to large objects.

In the ventromedial temporal cortex, another tool-preferring region has been observed by some
studies when contrasting tools to animals in the medial fusiform gyrus (Chao etal., 1999; Whatmough
etal.,2002; Mahon etal., 2007; Garcea & Mahon, 2014). However, the property of motor-relevance in
this region is less clear: for example, responses to manipulable tools are not higher than to other inan-
imate objects (Mahon et al., 2007; Chen et al., 2018), though there is still some evidence for sensitivity
for tools in neural adaptation signals (Mahon et al., 2007). Instead, research focused on scene under-
standing have characterized these ventral-medial object responses along other kinds of object prop-
erties that are less related to motor-relevance. For example, responses in ventromedial scene-related
regions are best predicted by objects invoking a local space that tend to stay fixed in the world, and
are useful as a landmarks (Troiani et al., 2012; Mullally & Maguire, 2011; Julian et al., 2016; Auger &
Maguire, 2013; Epstein, 2014). These same areas are also known to show a preference for large over
small inanimate objects (Konkle & Oliva, 2012b; Konkle & Caramazza, 2013).

In the present study, we sought to explore the degree to which the large-scale organization by real
world size is affected by the real-world natural covariance between size and motor-relevance. To do
s0, we built a 2 x 2 Dataset of small motor-relevant, small non-motor-relevant, big motor-relevant
and big non-motor-relevant objects (432 total images, 18 categories per condition, 6 exemplars per

category; Figure 1.1a). We presented these objects to participants undergoing functional neuroimaging,
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Figure 1.1: Stimuli and fMRI Design. a): Stimulus set: 72 objects were divided into four conditions (small motor-
relevant, small non-motor-relevant, large motor-relevant, large non-motor-relevant). Each object category included
six different pictures of the same object, for a total of 432 individual images. b) fMRI task: subjects were presented
with four consecutive pictures of the same object category in a 4s object category mini-block. Three category mini-
blocks were included in a 12s main block, corresponding to one of the 4 main conditions (e.g. large motor relevant
objects). The task for participants was to detect when a red frame surrounded one of the objects, which happened
once per 12s block.

and examined the degree to which the occipitotemporal cortex jointly or independently coded these
two dimension. The fMRI experiment consisted of a mini-block design (Figure 1.1b, see Methods)
which enabled us to analyze the data at two different levels of granularity. First, we compared the
broad relationship among object size and motor-relevance properties along a 2x2 design (big vs small,
motor-relevant vs non-motor relevant; Figure 1.1a). Second, we examined brain responses at the level
of object categories (72 categories total). This allowed us to more deeply explore the role of motor-

relevance and other related factors in describing brain responses.
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1.3 RESULTS

1.3.1 WHOLE-BRAIN CONJUNCTION ANALYSIS

We first examined whether the large-scale neural organization by real-world size of inanimate objects
is preserved when disrupting the natural covariance between size and motor-relevance. To do so, we
conducted a conjunction analysis to isolate regions which show a large vs small object difference that
holds when comparing motor-relevant objects as well as non-motor-relevant objects (see Methods).

When looking at the real-world size organization, we found regions that showed a preference for
small over large objects, and for large over small objects, regardless of the motor-relevance preference.
The whole brain maps can be visualized in Figure 1.2a, with the group MNI coordinates at the bot-
tom of the figure. With respect to small objects, we observed activation bilaterally in ITG and in the
left hemisphere and along the lateral aspect of the fusiform gyrus. In the left hemisphere, the region
with a preference for small objects expanded posteriorly to the lateral occipital cortex. With respect
to large objects, along the ventral surface of the occipito-temporal cortex, we observed bilateral re-
gions corresponding to the parahippocampal cortex. A preference for large objects was also present
more dorsally in the lateral surface in the transverse occipital sulcus (TOS) in individual participants,
but this region did not survive the group-level conjunction test at the FDR threshold depicted in the
Figure 1.2a. Overall, this group-level conjunction analysis reveals that, even when taking into account
motor-relevance, the real-world size of objects drives large-scale differential responses across the ventral
stream.

Next, we examined whether also motor-relevance, when disrupting its natural covariance with size,
would elicit a large-scale organization across this cortex. Another whole-brain conjunction analysis
was conducted, comparing motor-relevant objects vs non-motor-relevant objects, requiring this rela-
tionship to hold for both large object and small objects independently. The results are mapped in

Figure 1.2b, with the group MNI coordinates at the bottom of the figure. Along the lateral surface,
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Figure 1.2: Whole Brain Random-Effects Conjunction Analysis. a) Size conjunction contrasts are shown in which both
small motor-relevant > large motor-relevant and small non-motor-relevant > large non-motor-relevant relationships
hold. a) Motor-relevance conjunction contrasts are shown in which both small motor-relevant > small non-motor-
relevant and large motor-relevant > large non-motor-relevant relationships hold. Contrasts were thresholded at

q(FDR)<0.05.
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we observed regions with a stronger response to motor-relevant objects, with peaks in LO bilaterally.
Along the medial aspect of the ventral surface, we found stronger responses to non-motor-relevant
objects primarily in the right hemisphere, with the peak activation located slightly anterior to the large-
object preferring region. This analysis reveals that the dimension of motor-relevance also elicits stable
response differences in parts of object—responsive cortex.

Notably, these conjunction maps yielded relatively similar organizations. Specifically, lateral regions
prefer both small and motor-relevant objects; while ventromedial regions prefer both large and non-
motor-relevant objects. These findings indicate that neither size alone nor motor-relevance alone are
sufficient to explain the large-scale organization of responses to objects along occipito-temporal cortex.
Further, these results highlight that there is a clear association between the two dimensions and how

they map across the cortex.

1.3.2 TypPiCAL-ATYPICAL CONTRASTS

To further explore the relationship between size and motor-relevance, we compared maps between
two contrasts: a typical contrast (small motor-relevant > large non-motor-relevant), which follows the
real-world covariation of small objects being more motor-relevant than large objects; and an atypical
contrast (small non-motor-relevant > large motor-relevant; Figure 1.3a). These maps are shown in
Figure 1.3b and c.

When looking at surface maps produced by the typical contrast (Figure 1.3b), we find extensive
activations along the lateral and ventral surfaces. On the other hand, the surface maps produced by
the atypical contrast (Figure 1.3¢) are less extensive and also less reliable in a split-half analysis (typical
split-half map correlations: M = 0.61, SD = 0.18; atypical split-half map correlations: M = 0.43, SD =
0.24; ty; = -2.70, p < 0.05).

These topographic observations mirror the ecological covariation of these factors (Figure 1.3a):

while it is theoretically possible to artificially dissociate size and motor-relevance as we have done in

20



A B typical contrast C atypical contrast

small NMR small MR
& 3 e.g. tools

«
large NMI large MR
e.g. furniture t-value
| . |
-7 42 42 7
large NMR large MR small NMR

Figure 1.3: Typical/Atypical contrast Analysis. a) simplified representation of the size x motor-relevance design. Ar-
row points to the typical contrast conditions, representing the covariation commonly observed in the environment.
b) Typical contrast small motor-relevant > large non-motor-relevant. c) Atypical contrast small non-motor-relevant >
large motor-relevant. Contrasts were thresholded at q(FDR)<0.05.

this stimulus set, in every day experience small objects tend to be more motor-relevant and big objects
less so. And we found this covariation to also be evident in the neural data (see Figure 1.3b,c): taken to-
gether, these data show the importance of the interaction between size and motor-relevance in driving
more reliable and robust neural responses, thus revealing the importance of the natural covariation

between these two properties in the visual system.

1.3.3 EXPLORATORY ANALYSES

FacTOR ANALYSIS

We next explored the possibility that the relationship between size and motor-relevance may be more
multifaceted than what can be gathered from a simple 2 x 2 design. Our goal for this analysis was to
understand and explore how other, related properties that have been proposed in the past relate to
our findings and predict neural responses at the category level. To do so, we collected ratings along
five additional dimensions of our 72 object categories and submitted them to a factor analysis together
with size and motor-relevance (see Figure 1.4, left of the table).

First, manipulability ratings were obtained, which focused on hand movements specifically, in or-
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Figure 1.4: Object dimension similarity and Factor Analysis. a) For each rated object property, the table shows the
dimension label, the question asked to elicit ratings on the dimensions, the correlation to the other dimensions, where
the ratings reliability is shaded, and the dimension’s loading in a factor analysis. b) Scatter plots are shown for all pairs
of 7 dimensions, where each dot reflects an object category and is color-coded based on its size and motor-relevance
(light orange - small motor relevant; dark orange: small non-motor relevant; light blue: large motor relevant; dark

blue: large non-motor relevant).
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der to understand the extent to which our motor-relevance dimension correlated with this previously
studied dimension (Mahon et al., 2007). We also examined a number of dimensions that have been
previously proposed as significant modulators of tool regions or scene regions, namely interaction en-
velope (Bainbridge & Oliva, 2015), spatial definition (Mullally & Maguire, 2011), and motion-based
identity (Beauchamp, 200s). Finally, based on our observation regarding low responses to vehicles
in Large-PHC, we obtained “position variability” ratings, capturing how often an object changes its
position in the environment. Note that these properties were defined after having seen the data, and
thus any role they play in explaining neural data requires independent follow-up studies to confirm.

The relationship among these ratings and our original size and motor-relevant dimensions are de-
tailed in Figure 1.4. All ratings had a relatively high reliability (Figure 1.4a, shaded diagonal numbers),
with a range of similarity relationships between any pair of dimensions (Figure 1.4b).

There are a couple observations to note from inspecting these pairwise correlations scatter plots.
First, by design, size and motor-relevance were completely uncorrelated. Second, the correlation be-
tween motor-relevance and manipulability was at ceiling, virtually identifying the same property. As
mentioned in the Introduction, most motor-relevant objects involved hands for their interaction, thus
including whole-body actions in the motor-relevance score had a minimal effect (the only exception
being the skateboard, which was high in motor-relevance but low on manipulability).

Next, we extracted the latent dimensions within these ratings using factor analysis (see Methods).
A parallel analysis procedure determined that three factors should be retained, which were sufficient
to explain more than 80% of all variance among the ratings. The property loadings for each factor are
shown to the right in Figure 1.4a.

The first factor was loaded mostly by manipulability, motor-relevance and interaction envelope—it
seemed thus to be most related to actions and hand-object interactions. The second factor was loaded
by size and spatial definition, and was thus most related to the physical presence of the object. Finally,

motion-based identity, position variability and motor-relevance loaded strongly on the third factor,
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which seemed thus to capture the mobility/movability of the object.

Considering these factors within the context of our main design, our motor-relevance dimension
was effectively split into two factors, one related to hand-object interactions (fmanip) and one related to
object’s mobility/movability (fsubilicy), and both of these were separate from the more physical prop-
erties of size and spatial definition (fiiz). Thus, while our stimulus set was collected as varying along
only two primary factors (size and motor-relevance), the factor analysis indicated that this stimulus set
is better characterized along three factors (size, manipulability and stability).

We next explored how well the three factors extracted from our ratings can explain the neural re-
sponse profiles, both in a targeted ROI analysis and in a broader searchlight analysis. Note that these

analyses were unplanned and should be considered post hoc and exploratory in nature.

ROI ANnALysIs

To explore how well the three factors could explain fMRI responses, we employed a linear model-
ing analysis explaining the activation profile in individually defined small-object preferring inferior
temporal gyrus (Small-ITG, from the contrast [ Small > Large ], see Figure 1.5a top) and large-object
preferring parahippocampal cortex (Large-PHC, from the contrast [ Large > Small ], see Figure 1.52
bottom) with the three factors obtained from the factor analysis and their interactions as regressors
(see Methods). Note that the ROIs were produced by utilizing two runs of the main experiment, and
the average beta activation from the remaining runs was used for this analysis.

Our goal was to see which weighted combination of factors would best associated with each region’s
response variation to the 72 objects. This finer-grained analysis looking at responses to all 72 object
categories was possible due to our nested fMRI protocol design (see Methods), in which the neural
responses could be modeled at the category-level for each of the 72 categories independently (see Figure
1.1b). Note that these three factors were determined only from behavioral ratings of our stimulus

set. Further, to perform this and the following searchlight analysis, we flip fsapility to correlate it with
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degree of fixedness, rather than with degree of mobility, for easier interpretation of the results. This
transformation does not affect the significance of the statistical results.

First, we determined the appropriate model complexity by evaluating the adjusted R? (adjR?) of
three nested models: a model with the three factors as main effects, a second model with all two-way
interactions included, and a third model with also the three-way interaction included (see Methods).
The model with the highest adjR* was considered to be the one best fitting the region, and the signif-
icant coeflicients were explored.

From this analysis, we find that both Small-ITG and Large-PHC were best explained by a model
with all three factors and their two-way interactions (Small-ITG: adjR* = 0.33; F¢ ¢; = 6.90, p < 0.001;
Large-PHC: adjR?* = 0.27; Fg ¢; = 5.36, p < 0.001), as compared to the model with only main effects
(Small-ITG: adjR? = 0.23; Large-PHC: adjR?* = 0.21) and the model with main effects, two- and three-
way interactions (Small-ITG: adjR? = 0.32; Large-PHC: adj. R? = 0.26).

Next, we examined which factors had significant coeflicients, and whether they were positive or
negative, to understand the models’ relationship to the data (Figure 1.5b).

In Small-ITG, the results indicate that size alone, and size in combination with the manipulability
factor best predicted neural response magnitude: there was a significant effect of fy,e, as well as the in-
teraction of fgjze and fmanip (see Figure 1.5b top). The interaction between these factors further indicates
that it is specifically small objects involved in hand-object actions which drive the strongest responses
in this region. Thus, the distinction of hand-object action / manipulability is a better descriptor of
the responses over the more general concept of motor-relevance.

In Large-PHC, we observed a different pattern: the coefficients that significantly explained the
model were fi,e and the interaction of fijze and fypiliey (see Figure 1.5b bottom). Thus, responses in
this region were driven most by big objects that are stable in the environment. This result in Large-
PHC clarifies what observed in earlier analyses employing the 2 x 2 design: rather than the low-action

component of motor-relevance, it might be the fixedness component of this construct the one most
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driving representation in this area. That is, the stability component of non-motor-relevance is the one
to best predict response magnitude in Large-PHC.

To better understand these relationships, we visualize them in Figure 1.5c: for each ROI, the activa-
tion to each category is plotted on the y-axis as a function of the manipulability factor for Small-ITG,
and the stability factor for Large-PHC. Each dot is color-coded based on the fi,. value for the corre-
sponding object. This plot reveals that the manipulability factor drives activation in Small-ITG but
mostly for small objects (increasing activity for more manipulable small objects, see Figure 1.5c top). In
contrast, inspection of the scatterplot for Large-PHC suggests that activation is driven by stability but
mostly for big objects (increasing activity for more stable large objects, see Figure 1.5¢ bottom). These
relationships are also evident in the activation profiles of the two ROIs in Figure 1.6: For Small-ITG,
tools are the small objects that drive the most activation (e.g. nail clipper, hand rack, yo-yo; see Figure
1.6a), while for Large-PHC, means of transport tend to be the big objects that drive the least activation
(e.g. bike, scooter, jetski; see Figure 1.6b).

Taken together, these analyses begin to characterize the nature of the ecological covariation between
size and motor-relevance, clarifying how these object properties fit together. For example, no one
factor alone (size, manipulability, stability) best accounted for the responses in any ROI. Rather, the
manipulability (or hand-relevance) of an object matters more for small objects in the lateral cortex,
and the stability of an object matters more for big objects in the ventral cortex. Finally, these findings
are consistent with prior literature that has focused on either the ventral or lateral surface separately,

unifying them in one common data set and analysis procedure.

ApprtioNaL ROIs

We also conducted these same analysis in the classic scene regions parahippocampal place area and
occipital place area (PPA and OPA; Epstein (2014)), and object-responsive lateral occipito-temporal

cortex (LOC; Grill-Spector et al. (2001)), to more directly relate our findings to previous literature.
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Figure 1.5: ROl analysis. a) Visualization of size ROls Small-ITG and Large-PHC in one example subject. b) GLMs with
ROIs’ activity as dependent variable and factor scores as independent variables. Shown are estimates for all predictors
included in the model, t-value and p-value. The t-value was measured by dividing the coefficients by their standard
errors. The p-value tested the hypothesis of achieving that t-value if the coefficient were to be zero. c) Top: scatterplot
of Small-ITG’s activation by franip (X-axis) and fg,e (y-axis). Dots are color-coded based on the fg;,. weight from blue
(low-weight, large size) to orange (high weight, small size). Bottom: scatterplot of Large-PHC'’s activation by fapiity
(x-axis) and f;,e (y-axis). Same color-coding scheme as described for the plot above.
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Figure 1.6: Barplots of ROIs activation. Mean activation to each of the 72 object categories are plotted for each region
(a: Small-ITG; b: Large-PHC), where the categories are rank-ordered from most to least active, The object categories
are color-coded based on their size and motor-relevance conditions (light orange - small motor relevant; dark orange:
small non-motor relevant; light blue: large motor relevant; dark blue: large non-motor relevant). Error bars reflect £1
SEM across subjects.

These regions were functionally defined at the individual level with an independent Category Localizer
(see Methods), and are adjacent and partially overlapping with the size ROIs (Konkle & Oliva, 2012b).

The findings in these well-studied category-preferring regions generally converge with what was
observed for the size ROIs, and are reported in Appendix A: in LOC, there was a significant contri-
bution of fge, and a significant contribution of the interaction between fjze and fianip (see Figure A1
left). In PPA, there was a significant contribution of the size factor, and marginally of stability and
of the interaction between size and stability (see Figure A.1right). Further, we conducted these analy-
ses in an additional occipito-dorsal region identified with the [Large > Small] size contrast from two
runs of the main experiment (Large-TOS) and in adjacent scene-selective occipital place area (OPA).
In Large-TOS, we found a result parallel to our observation in PPA: a significant contribution of fz.
and of the interaction between fize and fiability (see Figure A.2 and A.3). However, this result did not

replicate in OPA where only fg, had a significant contribution (see Figure A.4).
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SEARCHLIGHT ANALYSIS

By focusing on the ROIs produced by the size contrast, we were able to explore whether other factors
beyond size and motor-relevance were important in these ROIs—to which the answer is clearly yes:
motor-relevance was indeed split into two sub-dimensions, one more related to manipulability, and
one more related to movement, which dissociated in explaining small- and large-object ROIs. How-
ever, by performing a targeted ROI analysis, we might have missed additional regions with different
associations between these factors.

Given the complexity of the number of possible interactions among these factors, we approached
the searchlight analysis with a more targeted comparison. Specifically, we mapped which regions

showed a better model fit among two candidate models:
* model 1, that associates size and manipulability [ fsize + fmanip + fsize * fmanip ]
* model 2, that associates size and stability [ fize + foabiliy + fsize * fstability ]

Allanalyses were conducted within the most reliable object-responsive voxels (Tarhan & Konkle (2019),
see Methods). At each searchlight, neural responses from a voxel and its neighbors were extracted and
used as predicted variable for both candidate models. That voxel was then assigned to the model that
best fit the neural responses based on adjR?. The results are shown in Figure 1.7.

From this analysis, we can gather two main conclusions. First, we found that the voxels with best
fitting models (i.e., the ones with highest F-value, see Figure 1.7 center) focused mostly in the lateral
occipitotemporal and in the ventromedial occipitotemporal regions, in areas mostly overlapping with
small- and big-object preferring Small-ITG and Large-PHC. Thus, our targeted ROIs seemed to cover
most OTC areas where voxels” information could be explained by a combination of the three factors.

Second, we found that the best-fitting voxels resulting from the searchlight largely confirmed our

targeted ROI analyses:
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Figure 1.7: Searchlight Analysis. a) Top: surface map of interaction coefficients for small-object preferring voxels

(i.e., voxels with a positive fy;,, coefficient for the winning model). In voxels in which the winning model was model 1,
that voxel is colored according to its fg,e * fmanip interaction coefficient estimate in a brown to yellow scale. In voxels

in which the winning model was model 2, that voxel is colored according to its fg,e * fstabiiity interaction coefficient
estimate in a green-to-cyan scale. Bottom: scatterplot of activation by fyanip (X-axis) and fg, (y-axis) for all voxels
showing a positive fg,e * fmanip interaction in lateral OTC. Dots are color-coded based on the f;,. weight from blue (low-
weight, large size) to orange (high weight, small size). b) Top: surface map of interaction coefficients for large-object
preferring voxels (i.e., voxels with a negative f;,e coefficient for the winning model). In voxels in which the winning
model was model 1, that voxel is colored according to its fsjze * fmanip interaction coefficient term in a brown-to-yellow
scale. In voxels in which the winning model was model 2, that voxel is colored according to its fgi,e * fstapiiity interaction
coefficient estimate in a green-to-cyan scale. Bottom: scatterplot of activation by fepiity (X-axis) and e (y-axis) for all
voxels showing a negative fgj,e * franip interaction in ventromedial OTC. Dots are color-coded based on the f;,. weight
from blue (low-weight, large size) to orange (high weight, small size).
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* Small-object preferring voxels in the lateral occipitotemporal region (i.e., the ones with positive
fize coeflicients for the winning model) presented a positive interaction of the size and manip-
ulability factors (Figure 1.7a top, colored in yellow), similarly to what observed in Small-ITG:
that s, the higher f;ie (the smaller the object), and the higher fianip (the more manipulable the

object), the stronger the activation.

* Similarly, we found that large-object preferring voxels in ventromedial occipitotemporal re-
gion (i.e., the ones with negative fyj. coefficients for the winning model) presented a negative
interaction of the size and stability factors (Figure 1.7b top, colored in green), similarly to what
observed for Large-PHC: that is, the lower fijz. (the bigger the object), and the higher fabiliey

(the more stable the object), the stronger the activation.

For ease of comparison, we have drawn a black outline on the searchlight coefficient maps of the
size ROIs Small-ITG (Figure 1.6a) and Large-PHC (Figure 1.6b) for one example subject, from which
it is clear that the targeted ROI analyses do in fact highlight the major structures in neural responses
that are well-explained by our three factors.

At lower F-value levels, we observed two more nuanced relationships. However, given the lower
fit of model 1 or model 2 within these voxels, one can only draw tentative inferences from these re-
sults. First, a significant portion of small-object preferring voxels in the lateral occipitotemporal sur-
face (Figure 1.7a top, colored in cyan) are fit best by models with size and stability, and show a negative
interaction between the size and stability factors. Inspection of activation to all 72 object categories in
this area shows a preference for moving over non-moving things (see Appendix A, Figure A.sa) which
is in line with past observations of a movement-preferring region MT+ in the lateral surface.

Second, we also observed large-object preferring voxels in the dorsal occipito-parietal region, where
most voxels (Figure 1.7b top, colored in yellow) indicate a positive interaction of the size and manip-

ulability factors while a few voxels (colored in green) indicate a negative interaction of the size and
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stability factors. However, inspection of the scatter plots for these regions showed that these inter-
actions were not as simple and easily interpretable as the ones observed in areas neighboring our size
ROIs (see Appendix A, Figure A.sb and c). From these results, it is clear that there are systematically
varying object responses in this dorsal occipitotemporal region, but none of the three factors or their

interactions cleanly provides a description of what explains the object activations.
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1.4 DISCUSSION

Here, we examined whether the large-scale organization of neural responses to object size could be
better explained by a related, but importantly different factor: motor-relevance. This was not the
case—we found that the contrasts of small vs large objects elicited a clear size organization for both
motor-relevant and non-motor relevant objects. We also found that motor-relevance, independent of
size, accounted for some of the large-scale structure of neural responses. This observation confirms the
importance of motor interaction as an explanatory dimension in the ventral visual stream, and suggests
the intriguing possibility that its representation might decouple from object size. Further analyses
showed the two dimensions to not be completely independent, in that more typical combinations
(small and motor-relevant, large and non-motor-relevant) elicited more reliable representations than
less typical ones.

Our subsequent exploratory analyses helped to refine and clarify these results. Specifically, a factor
analysis revealed that the construct of motor-relevance could be divided into two underlying dimen-
sions, one better correlated with manipulability (i.e., related to hand performed actions), and one
better related to an object’s physical presence and stability. Further ROI and searchlight exploratory
analyses revealed that the manipulability factor was a better descriptor of activation in small-object
preferring lateral OTC, while the stability factor was a better descriptor of activation in large-object
preferring ventromedial OTC.

Broadly, these results begin to characterize the ecological covariation between size and many behav-
iorally relevant object properties, highlighting clear dissociations between the ventral stream regions
with a preference for the inanimate domain. In the next two sections, we situate these findings in
the literature, and discuss how these results inform the deeper theoretical question of what drives the

neural organization of inanimate objects.

33



1.4.1 DiSSOCIATIONS WITHIN THE INANIMATE-DOMAIN

Objects are characterized by numerous visual properties, size being one of them. However, size tends
to correlate with other more or less visual properties. Rather than considering this issue in terms of
competing, mutually-exclusive alternatives, we believe that more nuanced possibilities have yielded
deeper answers: specifically, there are suites of partially related factors that predict neural responses to
inanimate objects, with major division between small, manipulable objects on one side and large, sta-
ble, navigationally relevant objects on the other (Julian et al., 2016; Mullally & Maguire, 2011; Troiani
et al., 20125 Auger & Maguire, 2013; Bracci et al., 2012; Macdonald & Culham, 2015; Bainbridge &
Oliva, 2015). Overall, these findings point to a richer organization than simply object size alone, where
different brain regions may be sensitive to size and other factors for different reasons.

For example, along lateral OT'C and middle temporal gyrus, there is a mosaic of partially overlap-
ping regions whose response magnitudes are predicted by a range of related factors, from more prim-
itive object shape (Grill-Spector & Weiner, 2014), to real-world size (Konkle & Oliva, 2012b; Julian
et al., 2016), to tools and other objects that are manipulated by the hands (Bracci et al., 2012; Macdon-
ald & Culham, 2015; Mruczek et al., 2013; Lewis, 2006). These regions are also adjacent to motion-
selective cortex and body-preferring regions (Grill-Spector & Weiner, 2014), including a region that
jointly responds to both tools and hands, spanning the animate/inanimate divide (Bracci & Peelen,
2013). While the number of regions and exact functional divisions along this cortex are still being clar-
ified, from our results and these others, it is clear that these regions are most highly related to small,
movable, actionable items.

Along ventromedial OTC, where scene-preferring PPA is located, there are now a number of con-
verging results characterizing what dimensions are best associated with responses to isolated objects.
These collective factors include the degree to which the object invokes a local tridimensional space, its

size, its tendency to stay fixed in the world, and can be generally summarized by an overarching con-
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struct of stable spatial properties and landmark suitability (Troiani et al., 2012; Mullally & Maguire,
20115 Julian et al., 2016; Auger & Maguire, 2013; Epstein, 2014). While these studies examining PPA
responses differ in their stimulus sets, designs, and even mode of presentation (e.g. pictures, mental
imagery), they all leverage condition-rich designs and factor analyses to characterize the configuration
of related object properties. While our observation of a role of spatial stability in PHC cannot in isola-
tion lead to strong inferences, given that it is the product of a post hoc analysis, it joins this collection
of studies, adding to the diversity of stimulus sets and neuroimaging designs that show converging
evidence that size and position fixedness best explain the object responses in this region.

Our results, jointly with these collections of studies, suggest that a division based on manipulabil-
ity for small objects and stability for large objects is fundamental in the organization of inanimate ob-
ject responses. Further, they introduce a methodological implication for high-level vision research, in
which the aim is not to find the single best high-level descriptive property to explain neural responses,
but instead to understand the nature of the collective factors that capture the complexity of a region’s

responses.

1.4.2 WHAT DRIVES THIS OBJECT ORGANIZATION?

Why is it important to discover the suite of high-level dimensions that describes a regions response?
To discuss this, we want to clarify the difference between understanding which properties of a stimu-
lus lead to a particular neural tuning—that is, what is being computed by a neural population—and
understanding the deeper question of why we have this particular tuning to begin with—that is, why
is this neural population tuned to these features and not others.

With regard to the nature of feature tuning in occipitotemporal cortex, there is good evidence that
low- and mid-level visual features such as curvature and texture comprise a relatively strong compo-
nent of the tuning, with support from neuroimaging (Andrews et al., 2010; Rajimehr et al., 2011; Bracci

& Op de Beeck, 2016; Long et al., 2018). These findings point to a basic role of visual input in shaping
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the representational space in occipitotemporal cortex. Consistent with this account, recent evidence
indicates that neural response structure is very well predicted and modeled with deep convolutional
neural networks (Giigli & van Gerven, 2015; Khaligh-Razavi & Kriegeskorte, 2014; Yamins et al., 2014;
Kubilius et al., 2016), where feature tuning reflects increasingly intricate combinations of images statis-
tics. However, the answer we gain at this level is the product of weighting thousands of model param-
eters, which may not be as satisfying or informative at a higher level and for broader theories.

In contrast, we suggest that characterizing the feature tuning at a more cognitive level, as we do here
in terms of manipulability and spatial stability, serves a broader theoretical role by providing sugges-
tive evidence towards the deeper question of why we have this specific tuning. In this approach we
ask: what are the high-level descriptors that give an intuitive sense of the (mid-level shape) properties
encoded by different neural populations? With our results, we are not trying to claim that manipula-
bility, stability and size are coded in small- and large-object regions at a high-level, that is, independent
of shape or visual information. Rather, we propose that these well-fitting high-level descriptors pro-
vide explanatory value by suggesting that particular regions of cortex are read-out for those high-level
judgments. And, more provocatively, these properties may play a causal role in guiding the kinds of
shape features that come to be tuned in service of high-level information about objects’ real-world size,

their stability, and their manipulability.
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.5 METHODS

1.5.1 PARTICIPANTS

For the fMRI experiment, 21 healthy adults with normal or corrected-to-normal vision participated in
a2-hour fMRI session (age, 18-30 years; 11 females). Three were later removed for excessive head move-
ment, and the remaining 18 subjects were analyzed. Each subject gave informed consent according to
procedures approved by the Institutional Review Board at the University of Trento.

For the online behavioral experiments, ratings were collected from 644 total participants (464 sub-
jects for the stimulus set development and validation over the dimensions of motor-relevance [n=161],
size [n=168] and recognition [n=135]; and 36 subjects for each of the dimensions of manipulability,

spatial definition, position variability, motion-based identity and interaction envelope).

5.2 STIMULI

The stimulus set consisted of images from 72 object categories, where each object category belonged
to one of four conditions (small motor-relevant, small non-motor-relevant, large motor-relevant and
large non-motor-relevant) with 18 object categories per condition. Each object category included im-
ages of six exemplars of that category, for a total of 432 pictures in the stimulus set (Figure 1a). Each
image depicted an isolated object on a white background, and the image was sized to s12 x 512 pixels
with the object’s longest axis reaching the border of the image.

Stimuli validation. To develop and validate the stimulus set, we performed three separate behav-
ioral studies using Amazon Mechanical Turk on an initial larger set of 20 object categories per condi-
tion with 7 unique exemplars for each object category (560 total images). Our aim was to construct
a stimulus set in which items were recognizable, and where the size and motor-relevance dimensions

were balanced.
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1. Recognition ratings. Observers were presented with an item and reported whether they were
familiar with this object (yes/no), and how easily they recognized the object on a scale from 1

(very hard to recognize) to 5 (very easy to recognize).

2. Motor-relevance ratings. Participants were presented with an item and rated the degree to
which the object made them think of moving their hands or other parts of their body, using a

scale from 1 (not at all) to 7 (very strongly).

3. Size Ratings. Participants were presented with an item and judged the size of an object as they
would encounter it in everyday life, on a scale from 1 to 7. To provide a reference for the scale,
pictures of a wristwatch (small size), a hiking backpack (medium size) and a bed (large size)

were provided beside the values of 1, 4 and 7 on the scale.

For all three experiments, each participant made judgments for 20 items (5 items from each of the
four conditions). Only one exemplar for an object category was presented to each participant. Ratings
were obtained for all 560 objects combining data from all participants, so that each image was rated
by 6 observers along the measures of size and motor-relevance and by s observers along the measure
of recognition.

In order to eliminate those items that were least recognizable, we dropped one item from each ob-
ject category based on the familiarity score in the recognition experiment. We next eliminated two
object categories that scored low in familiarity in order to balance the ratings from the other two ex-
periments (Motor-relevance and Size experiments). This resulted in a new stimulus set with 18 objects
per condition (72 total) and 6 items per object. All results and analysis that follow refer to this new
stimulus set.

To ensure these factors were balanced, we conducted several statistical tests. As expected, motor-
relevant objects had higher motor-relevance scores than non-motor-relevant objects (ty = 32.93, p <

o.oor), and large objects had higher size ratings than small objects (t;; = 19.82, p < 0.001). Further,
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large and small objects did not differ in their average motor-relevance scores (ty = 1.63, p=o.11). The
same was true when looking separately at large motor-relevant and small motor-relevant objects (t,, =
1.05, p = 0.31), and large non-motor-relevant and large non-motor-relevant object categories (ty =1.35,
p = 0.2). Similarly, motor-relevant and non-motor-relevant objects did not differ in their average size
score (ty = -0.72, p = 0.5) and neither did large motor-relevant and large non-motor-relevant relevant
objects (t;; = 0.96, p = 0.35), nor small motor-relevant and small non-motor-relevant objects (t, =

-1.76, p = 0.1).

15.3 IMAGE ACQUISITION

Imaging data were acquired using a BioSpin MedSpec 4T scanner (Bruker) with an eight-channel
coil. Functional data were obtained with an echo-planar 2D imaging sequence (repetition time TR:
2000ms; echo time TE: 33ms; flip angle: 739; slice thickness: 3 mm; gap: 0.99 mm, with 3x3 in-plane

resolution and 34 slices). Volumes were acquired in ascending interleaved order of slice acquisition.

1.5.4 EXPERIMENTAL DESIGN AND STATISTICAL ANALYSIS

DESIGN AND PROCEDURE

During the fMRI experiment, subjects viewed images of the small motor-relevant, small non-motor-
relevant, large motor-relevant, large non-motor-relevant objects in a classic blocked design. In each
run, stimuli from each of the 4 conditions were presented 6 times in 12s stimulus blocks, with 6 rest
blocks of 12s interspersed. Images were each presented for 8ooms with a 20oms blank between each
stimulus. Fixation blocks also appeared at the beginning and end of each run, for 4 and 12 seconds
respectively. Participants were instructed to maintain fixation and to press a button when a red frame
surrounded one of the objects, which happened once per block. The full experiment consisted of six

runs each lasting 6 minutes and 12 seconds.
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Additionally, we added sub-structure in each stimulus block, to support more exploratory analy-
ses about the relationship between all 72 object categories (see Figure 1b). Specifically, each stimulus
block was comprised of 4s mini blocks. In each mini block, four different exemplars from the same
category were shown. For example, in a 125 block of large motor-relevant objects, a participant would
see 4 different cellos, followed by 4 different swings, followed by 4 different pinball machines. Within
each run all 72 object categories were presented exactly one time. The specific 4 exemplars that were
displayed in each block were randomly chosen without repetition from the set of 6 possible exemplars
from that object category.

Each image was presented in isolation ata 8 x 82visual angle. Stimulus presentation was performed

using the Psychophysics Toolbox package (Brainard, 1997) in MATLAB.

FuncTiONAL LOCALIZER

Three independent functional localizer runs were performed to identify category-selective regions.
These runs consisted of a blocked design, in which each block included one of the following stimuli:
1) objects 2) scrambled objects 3) scenes 4) bodies ) hands. Each run lasted 6 minutes and 36 seconds,
with so 6-second stimulus blocks (10 per condition) and ten 8-second rest blocks interspersed. In
each stimulus-block, six different stimuli from the same condition were presented, where each image
was shown for 8ooms followed by 200ms of fixation. Additionally, there was an orthogonal motion
manipulation: for each of the 5 stimulus categories, in half of the blocks the object was presented at the
center of the screen, and in the other half the object moved from the center out in one of 8 randomly
directions randomly. Observers were instructed to maintain fixation throughout the experiment and
press the button when an exact image repeated back to back.

Two of the 21 subjects performed 8 experimental runs (instead of 6) and only 2 Localizer runs (in-
stead of 3). Data from the all experimental runs for these subjects were used for data analysis. Due to

a technical error, localizer runs for one of these subjects did not include scrambled objects.
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For the purpose of the current project, we were only interested in identifying category-selective re-
gions Lateral Occipital Complex (LOC; Objects > Scramble) (Grill-Spector, 2003), the Parahippocam-
pal Place Area (PPA; Scenes > Objects) (Epstein & Kanwisher, 1998) and the Occipital Place Area
(OPA; Scenes > Objects) (Dilks et al., 2013). We were not able to localize area LOC in the subject for
whom the scrambled objects condition was lacking. To compare the coordinates of our contrasts of
interest with the location of well-known category-selective regions, we also localized extrastriate body

area (EBA; Downing et al., 2001) and the hand-selective area (Bracci et al., 2012).

FMRI DATA ANALYSIS

Functional data were analyzed using SPMr2 and bspmview running on MATLAB (2014b and 2016a).
Results were displayed with Caret (Van Essen et al., 2001) for brain maps and ggplota (Wickham &
Chang, 2009) in RStudio for bar plots and scatterplots.

The raw functional images were submitted to preprocessing, where the first 4 volumes were dis-
carded from each run, slice scan-time correction was performed, followed by 3D motion correction,
normalization and spatial smoothing (8 mm FWHM kernel). Data were modeled using standard gen-
eral linear models (GLM). The first GLM included regressors for each of the four main conditions,
with run regressors and motion correction parameters included as nuisance factors. The second GLM
modeled each object category as a separate condition for a total of 72 regressors, with run regressors

and motion correction parameters included as nuisance factors.

REGIONS-OF-INTEREST SELECTION

We created our ROIs utilizing a separate set of runs from the ones we used for data-analysis. Spherical
ROIs were defined around the individual peaks of activation for the whole-brain size contrast Small

> Large (collapsing over motor-relevance) from two experimental runs. Univariate responses were
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extracted from the remaining experimental runs for size and motor-relevance conditions. These ROIs
were defined with an ramm sphere (257 voxels) centered around the peak positive and negative voxels
in individual subjects, and then intersected with individual whole-brain gray matter masks.

The selected peaks are referred to following the conventions of Konkle & Oliva (2012b) and in-
cluded small-object preferring bilateral inferior temporal gyrus (Small-ITG, left hemisphere [LH]
n=1s, right hemisphere [RH] n=17), and large-object preferring bilateral PHC (Large-PHC, LH n=16,
RH n=15). After intersecting the amm ROI sphere with each subjects’ gray-matter mask, the ROIs
slightly varied in size across subjects. After intersection, the average size was 244 voxels for Small-ITG
and 257 voxels for Large-PHC.

We further identify large-object preferring TOS (Large-TOS) dorsally based on the size contrast,
and a series of category-selective regions using the Functional Localizer runs. The regions identified
with the Localizer were object-selective lateral occipitotemporal cortex (LOC), scene-selective parahip-
pocampal place area (PPA), and scene-selective occipital-place area (OPA). Analysis and results for

Large-TOS and the category-selective ROIs are reported in the Appendix A.

VOXEL MASK

We produced a mask of the most reliable object-selective voxels in occipital, temporal and parietal re-
gions using the reliability-based voxel selection method for condition-rich designs (Tarhan & Konkle,
2019). To compute the reliability maps, average beta values for odd and even runs were separated in
two groups and correlated for each voxel that was included within the gray matter. To establish a relia-
bility threshold, we then correlated the patterns for the same object category at different thresholding
levels and picked the threshold at which the average correlation across conditions plateaued, which in

this case was r = 0.25. We then produced a mask from the reliability map at this value.
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WHOLE-BRAIN CONJUNCTION ANALYSIS

To explore the size organization across motor-relevance, we performed a random-effects conjunction
analysis at the individual level between small motor-relevant > large motor-relevant and small non-
motor-relevant > large non-motor-relevant. The conjunction analysis between two contrast maps, a
new map is produced in which the weighted 3-value, corresponding to the smallest t-value between
the two contrast maps, is assigned to the corresponding voxel. This resulted in eighteen conjunction
maps (one for each participant) which were then submitted to a one-sample t-test, and the resulting
t-values were assigned to the corresponding voxels on a new map. The voxels with highest value in
these new t-maps are those that are strongly activated or deactivated by both contrasts in most subjects.
The resulting maps were thresholded with FDR q < o0.0s. Similarly, to explore the motor-relevance
organization across size, we performed the same analysis but considering small motor-relevant > small

non-motor-relevant and large motor-relevant > large non-motor-relevant contrasts.

TYPICAL-ATYPICAL CONTRAST ANALYSIS

To further explore the relationship between size and motor-relevance, we compared maps between
two contrasts: a typical contrast [small motor-relevant > large non-motor-relevant], which follows the
real-world covariation of small objects being more motor-relevant than large objects; and an atypical
contrast [small non-motor-relevant > large motor-relevant]. Individual maps for each contrast were
submitted to a second-level analysis to obtain a group map, which was FDR-thresholded at g<o.os.
To assess the reliability of the two contrasts, we further produced individual maps for each contrast
separately for odd and even runs and correlated them. We then submitted individual correlations for
the two separate contrasts to a t-test to assess whether there was a significant different in reliability

between the maps produced by the two contrasts.
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L5.5 EXPLORATORY ANALYSIS

OBJECT PROPERTY RATINGS

Ratings for the 72 objects in our dataset were collected on a series of other dimensions to identify the
ones that were best associated with the response profiles of our ROIs. All studies were conducted on
Amazon Mechanical Turk with 36 judgments per object category. Each of the 36 subjects rated one
exemplar of each of the 72 object categories, with six subjects rating the same exemplars within each
category. Subjects were not presented with two exemplars from the same category. The following

object properties were rated:

* Manipulability. Manipulability tracks the degree to which hand-interactions with objects are
prominent. Participants were presented with an item and rated the degree to which the object
made them think of moving their hands, using a scale from 1 (notatall) to 7 (very strongly). The
question asked to participants was very similar to the one posed to collect the motor-relevance

dimension, but here we focus on actions performed with the hands rather than with other parts

of the body.

* Motion-based Identity. The degree to which an object’s parts are expected to move and change
position might be a relevant property for representing objects. Subjects were asked to rate on
a scale from 1 to 7 the degree to which motion is important in determining the identity of the

object.

* Spatial Definition. This property is defined as “the degree to which objects evoke a sense of
surrounding space” (Mullally & Maguire, 2011). Subjects were asked to rate on a scale from 1

to 7 the degree to which a background is evoked when looking at a specific object.

* Position Variability. Objects can be more or less likely to change location in the environment
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(i.e., a car is more likely to change location than a swing). Subjects were asked to rate on a scale

from 1 to 7 the degree to which an object is likely to change position in everyday life.

* Interaction Envelope. “Interaction envelope” was operationalized as a measure of the amount
of space needed to interact with the object (e.g., a hamburger needs to be manipulated with
two hands that cover its whole surface, thus it has a larger interaction envelope than a coftee
mug which just needs one hand on its handle to be manipulated), following Bainbridge et al.
(Bainbridge & Oliva, 2015). Subjects had to judge on a scale from o to 2 how many hands are

often used when interacting with an object.

PAIRWISE CORRELATIONS

We compared the similarity across our seven dimensions (size, motor-relevance and the additional ones
collected post hoc), and the reliability of each of the rated dimensions, in the following way. First,
we divided subjects into two groups and computed the mean rating for each group and each object
category separately for each dimension, resulting in two group vectors of 72 mean ratings for each
dimension. To compute the reliability of a dimension, we correlated the two group vectors with each
other. To compute the correlation between two different dimensions, we correlated each dimension’s

group vectors with the other dimension’s group vectors, and averaged across the four combinations.

FacTOR ANALYSIS

To understand how our critical dimensions of size and motor-relevance related to the variety of stim-
ulus properties from the subsequent stimulus norming studies, we conducted a maximum-likelihood
factor analysis on all seven dimensions (size, motor-relevance, manipulability, motion-based identity,
spatial definition, position variability and interaction envelope) with a “varimax” rotation of the coef-

ficients. This factor analysis was implemented with the factanal function in R. To determine the num-
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ber of meaningful factors to extract from our dimensions, we performed a “parallel” analysis (Horn,
1965). This procedure involves generating random data and submitting them to the same factor analy-
sis, iterated sooo times. The average of the eigenvalues resulting from the parallel random-data factor
analyses is then compared to the factors from the observed data: if the average eigenvalues from the
parallel factor is smaller than the one from the data factor, then the data factor is kept. This procedure
was implemented with the fa.parallel function in R. The three resulting factors can be summarized as
relating to real-world size and context (fize ), manipulability (fmanip) and degree of movement (fyapiticy)-

For the following ROI and searchlight analyses, for ease of interpretation, we flipped the direction

of fyability S0 as to positively correlate with degree of stability.

ROI ANALYSIS WITH FACTORS AS PREDICTORS

Following the factor analysis on the behavioral ratings of the objects, we performed a linear model
analysis to predict the size ROISs responses from the resulting factor scores and their interactions. To
estimate the response profile of each ROI, beta weights for each of the 72 object categories were ex-
tracted from the GLMs of the main experiment runs (which were not used to produce the ROIs).
These betas were averaged across voxels, resulting in a vector of 72 values reflecting the ROIs overall
response activation to each category. These ROI activation profiles were computed for each subject
using subject-specific ROIs and GLMs.

We next sought to explain these ROI activation profiles using the factors from the factor analysis
above and a linear modeling approach. All linear models to predict an ROI activation were imple-
mented with the function Im in R. We first looked for hemispheric interactions by submitting our size
ROIs to a model with the three factors, hemisphere and their interaction as coefficients. No hemi-
spheric interaction significantly explained either Small-ITG or Large-PHC’s activation; hemisphere
was thus removed from the models.

Next, we examined which of three nested models best explained activation in our size ROIs by com-
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paring their resulting adjusted R square (adjR2). The three models were: one with the three factors
as predictors, with no interaction terms [ fsize + fmanip + fstabiliy J; 2 second model that also included
the two-way interaction terms [fsize fmanip + fsize fstabilicy + fmanip “fsability 5 and a third model that
also included the three-way interaction term [fsize *fmanip “fstabilicy ]. The model with the highest adjR2
was considered the one most fitting the region and the significant coefficients were explored. If two
models had comparable adjR2 (rounded at the second decimal), the simpler model was picked. The
same analysis was also performed on Large-TOS and in category-selective regions defined from the
Functional Localizer (LOC-sphere, PPA-sphere and OPA-sphere; see Appendix A).

To evaluate the quality of the fit of the different coeflicients, we looked at the resulting associated t-
and p-values. T-values were computed by dividing coefhicients by their standard errors, while p-values
tested the significance against the hypothesis of obtaining given t-values if the coefficients were not

actually contributing in explaining the dependent variable.

SEARCHLIGHT REGRESSION ANALYSIS

Following our findings in the spherical ROIs, we next explored which factors would best fit voxels
throughout object-responsive cortex.

The searchlight analysis was performed within this mask in the following way: within the voxel
mask, a 6mm sphere was drawn around a voxel, and all voxels falling within that sphere were consid-
ered part of the neighborhood for that voxel. This procedure was performed iteratively so that each
voxel within the object-selective mask was at the center of the sphere. In each searchlight ROI, voxel
activation for all 72 object categories was averaged across all voxels within the sphere, and the resulting
vector used as the dependent variable for two models.

For each search sphere, we fit two models. The first model related size and manipulability, with fg,e,
fmanip> and their interaction [fize + fmanip + fiize * fmanip]. the second model related size and stability,

with fsze, foabilicy and their interaction [fgize + fitabiliy + fiize ™ fstabiliy]. For each given searchlight,
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adjusted R square values for these two models were extracted and compared, and the model with the
highest positive adjR2 value was selected and assigned to that searchlight’s central voxel.

To visualize which models are fitting best where, we looked separately at small-preferring and big-
object preferring voxels. Small- and big-object preferring voxels were identified based on whether the
coefficient for the main effect of fyj,. was positive (preference for small) or negative (preference for big).
We then visualized the coefficient maps for the interaction terms e "fmanip and fiize "fstabilicy Separately
for big- and small-preferring voxels, comparing them with a map of the F-values for the winning model

associated with each voxels.
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Behavioral and Neural Associations

between Object Size and Curvature

2.1 ABSTRACT

In the physical world, the size of an object is systematically related to its shape—big objects tend to be

boxier, small objects curvier. Here, we examined whether internal object representations are sensitive
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to this size/curvature covariance, leveraging a 2 x 2 stimulus set of big and small, boxy and curvy ob-
jects. Inabehavioral experiment, participantsjudged either the real-world size or the curvature of these
objects. Overall, people were faster and more accurate at judging objects with typical size-curvature
combinations relative to those with atypical combinations. These images were also presented to new
participants in a neuroimaging experiment, where we found that size and curvature were jointly rep-
resented, with more neural representational resources devoted to processing big-boxy and small-curvy
combinations than the atypical combinations. This behavioral and neural evidence demonstrates that
the visual system is sensitive to the covariance between real-world size and curvature, reflected in more

efficient behavioral judgments and more robust neural responses.
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2.2 INTRODUCTION

We can easily and seamlessly detect and recognize objects around us, and one of the properties that
seems to be deeply related to this capacity is the physical size of the object in the world—whether it is
small and manipulable or big enough to provide support or shelter. Indeed, as soon as we recognize
an object, we automatically access information about its real-world size (Konkle & Oliva, 2012a). The
real-world size of objects is a large-scale factor in the structure of object responses in the ventral visual
stream (Konkle & Oliva, 2012b; Konkle & Caramazza, 2013; Julian et al., 2016).

Moreover, there is evidence that the visual system processes real-world size information through
systematic differences in the way big and small objects look. For example, in behavioral studies we
found that big and small objects have systematically different perceptual features, related to differences
in texture and coarse form information (Long et al., 2016), and these mid-level features of an object are
sufficient to trigger size-related processing without even recognizing the object first (Long & Konkle,
2017a). Further, the large-scale organization of object responses related to real-world size is evident
even when viewing textured blobs that only preserve the mid-level features of objects (Long et al.,
2018). Indeed, there s clear converging evidence using many different approaches that neural responses
in this cortex predominantly reflect mid-level visual features related to shape and texture, rather than
very abstract high-level tuning (Bracci & Op de Beeck, 2016; Hong et al., 2016; Kaiser et al., 2016).
While these findings highlight the relevance of mid-level features for higher-level processing, they raise
an important new challenge to characterize what exactly these mid-level feature differences are and
how they relate to the overarching higher-level categorical distinctions.

Here, we focus on probing the links between the real-world size of inanimate objects and the per-
ceptual property of curvature. We have speculated that the physical world gives rise to systematic links
between size and shape: big objects are boxier with extended surfaces, to support people and with-

stand gravity; small objects may take on more possible shapes but may tend to be curvier and hand
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held (Konkle & Oliva, 2012b). Behaviorally, we have found that perceptual judgments of how curvy-
to-boxy a depicted object is correlates with its perceived real-world size (Long et al., 2016), and that this
measure can be used to predict the magnitude of familiar size Stroop effects (Long & Konkle, 2017a).
With neuroimaging, we have found that the perceived curvature of objects was a good predictor of
the neural similarity of objects across the ventral visual stream (Long et al., 2018). Our aim here is
to directly examine the degree to which this mid-level feature of curvature is integrally related to the
property of real-world object size, in both behavioral judgments and neural responses.

Curvature has long been recognized has one of the primary features being extracted during inter-
mediate stages of visual processing (Attneave, 1954; Asada & Brady, 1986; Biederman, 1987; Drucker
& Aguirre, 2009; Vernon et al., 2016). Neurally, there is extensive evidence for the importance of cur-
vature for the organization of monkey visual cortex. For example, recordings in area V4 in macaque
monkeys indicate that this region is more responsive to curvy lines than to straight lines (Gallant et al.,
1996), it shows a bias for convex features (Pasupathy & Connor,1999), and it shows size invariance with
respect to curvature preference (El-Shamayleh & Pasupathy, 2016). Indeed, a network of curvature-
selective patches has been observed using functional neuroimaging of the macaque’s brain along the
ventral visual pathway (Yue et al., 2014). Finally, curvature has even been hypothesized to be a crit-
ical factor in the emergence of the large-scale topography of object responses in the ventral stream:
curvature, end-stopping and eccentricity maps tend to correlate in the macaque’s visual cortex, with
centrally-biased patches corresponding to end-stopped sites and preferring curvy contours, and pe-
ripherally biased regions preferring straight stimuli (Ponce et al., 2017; Srihasam et al., 2014). Thus,
there is extensive evidence that curvature is an important factor in the tuning properties of neural
responses.

To explore the degree to which real-world size and curvature are coded independently versus de-
pendently, we selected stimuli to play against the natural covariance we hypothesize between size and

curvature. Thus, we collected a stimulus set of big boxy objects, big curvy objects, small boxy ob-
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Figure 2.1: Stimuli. Stimulus set with 180 images of inanimate objects, with 45 images for each condition of big boxy,

big curvy, small boxy, and small curvy objects. All objects were balanced for familiarity, pixel area and aspect ratio
across all conditions.
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jects, and small curvy objects (180 total images, 45 per condition; see Figure 2.1). Behaviorally, we
tested whether people’s judgments of size were automatically affected by curvature (and vice versa),
even when the opposite dimension was not relevant to the task. With functional neuroimaging, we

examined the degree to which the occipitotemporal cortex jointly or independently coded these two

dimension.
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2.3 REsuLrTs

2.3.1 BEHAVIORAL JUDGMENTS OF SIZE AND CURVATURE

To examine the associations and dissociations between the two properties of object size and curvature,
we created a 2 x 2 stimulus set consisting of small curvy, small boxy, big curvy and big boxy objects
(180 images, 45 per condition; see Figure 2.1). Behavioral norming studies were conducted to balance
the image set for size variation across curvature, curvature variation across size, and for overall famil-
jarity (see Methods). We also balanced overall pixel area across all four conditions—even though this
factor is also likely meaningfully correlated with the size of the objects, here our goal was to probe the
relationship between curvature and other underlying factors that relate to real-world object size.

In the behavioral task, we aimed to assess whether people’s judgements of one dimension were au-
tomatically influenced by the other dimension, even when it was not relevant to the task. Participants
(N = 25) were presented with single objects and had to judge their size—whether the objects were big
or small (Size task), in the first block of trials. In the next block of trials, for the same objects, they
had to judge curvature — whether the objects were curvy or boxy (Curvature task). Participants com-
pleted 4 blocks of trials, alternating tasks, with a full counterbalance of which task was conducted
first and what keys were mapped to which options across participants (see Methods; see Figure 2.2a).
Participants were instructed to be as fast as possible while maintaining high accuracy.

The results of the behavioral task are shown in Figure 2.2b. In the size task, participants were both
faster and more accurate to judge objects as big if the objects were boxy (rather than curvy), and to
judge objects as small if the objects were curvy (rather than boxy). That is, we observed a cross-over
interaction with faster and more accurate responses for the typical vs atypical size-curvature combi-
nations (2 x 2 ANOVA: size task: interaction for RT: F, ,; = 7.94, p = o.010, interaction for accuracy:
F,; = 10.99, p = 0.003; curvature task: interaction for RT: Fi2; = 9.87, p = 0.00s, interaction for ac-

curacy: F,;,.=8.090, p=0.009). A similar effect was found for the curvature task: that is, people were
Y: iz 90, p 9 peop
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Figure 2.2: Behavioral Task and Results. a): behavioral paradigm for size and curvature tasks. A fixation dot appeared
for 400-700ms, followed by the image of one of the objects for 100ms. After the object presentation, the screen was
blanked and participants responded within a 2 seconds to respond with a key-press. In some blocks the task was to
judge whether the depicted object was a big or small object in the world; in alternating blocks the task was to judge
whether the depicted object was boxy or curvy. b): Interaction plots for reaction times (in milliseconds) and accuracy
(in percent correct), for the Size and the Curvature Tasks. Error bars reflect the within-subject standard error (n = 24).

faster to judge an object as boxy if it was big (rather than small), and to judge it as curvy if it was small
(rather than big; 2 x 2 ANOVA: interaction for RT: F, ,; = 9.87, p = 0.00s; interaction for accuracy:
Fi; = 8.09, p = 0.009). These interactions were also confirmed running a mixed-effect model for
each task, with reaction times as the dependent variable, with Size, Curvature, and their interaction as
fixed effects, and with participants and items as random effects (Size Task: Fixed effect coefficient on
Size-Curvature interaction: F; 4,6 = 7.31, p = 0.007, Adjusted R? = 0.46; Curvature task: Fixed effect
coefficient on Size-Curvature interaction: F; ;.5 = 9.38, p = 0.002, Adjusted R* = 0.49; see Methods).

These behavioral data demonstrate that behavioral judgements of both size and curvature auto-
matically influence each other, specifically with a big boxy and small curvy alignment.

One important question is the degree to which this result is induced by the experimental context
of having to do both size and curvature tasks on the same objects in the same session. Notably, this ar-

gument still relies on there being a systematic alignment between size and curvature properties across
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participants. However, an interesting question is whether the interaction effects hold even in the first
block of trials, having only done one of the tasks. This would indicate an even stronger underlying as-
sociation between these two dimensions. To examine this possibility, we conducted a post hoc within-
subjects analysis using only the first block of trials for all participants. The pattern of data partly held,
with a significant interaction for reaction time and accuracy in the size task (RT: F; ; = 5.45, p = 0.039;
accuracy: F, ; = 9.77, p = 0.010), but no significant interactions in the curvature task (RT: F; ; = 2.25,
p = 0.162; Accuracy: F,; = 0.94, p = 0.352). We did find, however, robust interactions for both tasks
when employing mixed-effects modeling (Size Task: Fixed effect coefficient on Size-Curvature inter-
action with RT in the first block: F, ;559 = 5.76, p = 0.016; Adjusted R* = 0.37; Curvature Task: Fixed
effect coefhicient on Size-Curvature interaction with RT in the first block: F;o,, = 9.73, p = 0.002; Ad-
justed R* = 0.27; see Figure B.1). This analysis indicates that the behavioral interaction effects relating
size and curvature are evident even in the first block of trials.

In addition, the behavioral data showed several other overall reliable patterns. Being big or being
boxy led to faster reaction times when judging the size of the depicted object (big main effect: F, ,,
= 32.59, p < 0.001; boxy main effect: F,,; = 4.59, p = 0.043). This is partly consistent with classic
literature finding faster R'Ts for visually larger objects (Osaka, 1976; Sperandio et al., 2009), and with
the observations of faster RTs for objects that are bigger in the real world (Konkle & Oliva, 2012a).
Additionally, overall reaction times were faster in the curvature task compared to the size task (F; ,; =
4.59, p = 0.043). This pattern of data might indicate that the mid-level feature of curvature is more
quickly accessible than the high-level feature of size, but these results should be interpreted with cau-
tion, as these results could change with more subtle or more obvious differences between big/small or
boxy/curvy conditions.

Taken together, the behavioral data show clear evidence that the real-world size of an object and its
curvature properties are jointly processed, even when either dimension is task-irrelevant. Specifically,

they show a stronger association for big boxy objects and small curvy objects than the alternative com-
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bination. This pattern of results is consistent with the intuitive arguments that these dimensions are

intrinsically correlated in visual object image statistics based on the physical constraints of the world.

2.3.2 NEURAL RESPONSES TO SIZE AND CURVATURE

S1ZE-CURVATURE PREFERENCE MAPS

We have shown evidence for the association between size and curvature properties of objects in behavior—
are these same associations evident in neural responses to these two properties? To answer this ques-
tion, we conducted a functional magnetic resonance imaging experiment in new participants (N = 16)
who were shown the same 2 x 2 image set of small curvy, small boxy, large curvy, and large boxy ob-
jects in a standard blocked design (see Methods). Our goal was to design an analysis that clarifies how
neural preferences for big vs small objects are related to neural preferences for boxy vs curvy objects,
and to see how these associations are mapped across object-responsive cortex, without presupposing
any relationships or regional boundaries in advance.

To do so, we first defined occipitotemporal cortex based on overall activation levels relative to fixa-
tion baseline and anatomical landmarks. Then, for each voxel, we computed its size preference [ Small
- Big ] and its curvature preference [ Curvy — Boxy ]. If size and curvature properties are coded com-
pletely independently across this cortex, we would expect to see an equal number of voxels with a big
boxy preference, a big curvy preference, a small boxy preference, and a small curvy preference.

Figure 2.3a shows the scatter plot between size preference and curvature preference. Each dotis a
voxel, plotted based on its size preference (x-axis) and curvature preference (y-axis). Overall, voxels
have stronger size preferences than curvature preferences, and voxels with a strong big object prefer-
ence tend to have boxy preferences. Figure 2.3b shows the corresponding frequency histogram of the
number of voxels falling within each polar angle of the scatterplot. From this graph, it is clear that

the distribution of voxels is not uniform (Rayleigh test of uniformity: z = 588.08, p < 0.0o1r)—there
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Figure 2.3: Polar scatterplot, radial frequency histogram and brain maps of voxel-wise preference. a): Scatter plot
with size preference on the x-axis (small - big) and curvature (curvy - boxy) preference on the y-axis. Each dot corre-
sponds to a voxel in OTC. b): radial frequency histogram of the number of voxels falling on each direction of the scatter
plotin A. c): surface map plotting the location of each single voxel in OTC color-coded based on its size and curvature
preference following the scheme on the far left. Outlined in gray is the group-level OTC mask within which all voxels
with positive values for all four conditions were considered.

is relatively more cortex sensitive to the big-boxy and the small-curvy combinations than other com-
binations.

To visualize how these voxel preferences are organized across the cortex, we colored each voxel using
a two-dimensional color space, where the hue indicates the size-curvature preference, and the satura-
tion indicates the overall strength of preferences, as shown in the correlation plot in Figure 2.3a. The
size-curvature preference map is shown in Figure 2.3¢ (for individual maps, see Figure B.2). Voxels with
a small/small curvy preference are localized to the lateral surface, and voxels with a big/big-boxy pref-
erences are localized along both the medial-ventral and medial-dorsal edges of the occipitotemporal
cortex. These topographies are consistent with previously mapped response preferences for objects
of big and small real-world sizes (Konkle & Oliva, 2012b; Long et al., 2018). Notably, these results
clearly highlight the joint sensitivity of big boxy response preferences and small curvy response pref-
erences, using an analysis that could have found any number of possible relationships between these
two dimensions across the cortex.

Opverall, these size-curvature maps imply that there are more neural representational resources de-
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voted to processing big-boxy and small-curvy combinations than the less typical combination of these

factors.

RELATIONSHIP TO ANIMACY ORGANIZATION

The size-curvature topographies in Figure 2.3¢ also show some regions of cortex with a red/pink hue,
mostly along the lateral surface, indicating a general curvature preference. This observation suggests
that atleast some portions of object-responsive cortex are less sensitive to size, butstill have a preference
for curvier things rather than boxier things. Indeed, we have shown in previous work that, between
big and small inanimate object preferring zones, there are zones of cortex with a strong preference for
animals (Konkle & Caramazza, 2013; Long et al., 2018), and that on a curvy-to-boxy scale, animals are
judged the curviest (see Supplementary Figure S4b in Long et al. (2018)).

To more quantitatively assess this correspondence, we used an independent Localizer to map the
tripartite organization related to animacy and object size (Figure 2.4, see Methods). Zones of cortex
were defined based on their preference for big objects (blue), animals (purple), or small objects (orange)
at the group-level. Figure 2.4 shows the distribution of size-curvature preferences mapped separately
for each zone. This analysis confirms the prior results that regions with a big object preference were
not uniformly distributed but show a slight boxy preference overall, while regions with a small object
preference have a slightly broader distribution of curvature preferences on the curvy side (Rayleigh
test of uniformity: small object preferring voxels: z = 47.76, p < o0.001; big object preferring voxels: z
=397.77, p <o.oo1). Further, this analysis reveals that cortex that responds more to pictures of animals
than inanimate objects shows an overall bias towards small curvy objects (Rayleigh test of uniformity
for animal-preferring voxels: z = 372.04, p < 0.001). Overall, there is a preference towards small/small
curvy objects in the animal-preferring regions, which is expected given that these zones are known to
have systematic structure in the non-preferred conditions, responding to an intermediate degree to

small objects and relatively less to big objects (Konkle & Caramazza, 2013). However, the ranging hues
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Figure 2.4: Voxel-wise analysis by animal-, big-objects and small-object preferring regions. Far left: visualization of
group-level animal-preferring, small-object preferring and big-object preferring regions as produced from the Tri-
partite Localizer, with example stimuli from the Localizer runs at the bottom. These regions were produced at the
group-level by assigning voxels to the condition which had the highest activation among all three, respectively animals-
preferring (animals> small and big objects), big-object preferring (big objects > animals and small objects) and small-
object preferring (small objects > animals and big objects). On the right, surface maps and histograms of curvature and
size preference for these Tripartite regions. We plot the radial frequency histograms for size and curvature prefer-
ence as described in the Methods and in Figure 2.3, this time restricting the selection of voxels to the corresponding

Tripartite region.
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evident on the lateral aspects of animate preferring cortex highlight the potential for other organizing
distinctions within this cortex.
Taken together, this analysis serves to characterize how neural tuning related to inanimate object

size and curvature falls with respect to the major large-scale divisions of the occipitotemporal cortex.

ALTERNATIVE SIZE-CURVATURE TUNING COMBINATIONS

The size-curvature analyses we have conducted so far focus on how these two dimensions align. How-
ever, it does not give us a clear indication of the degree to which one dimension (e.g. curvature) would
generalize across the other (e.g. size). To probe for the presence of these voxels, we look at the degree to
which curvature preference generalized across size: that is, the proportion of curvy-preferring voxels
that were preferring both small curvy over small boxy, and big curvy over big boxy objects.

This analysis revealed that 62% of voxels which showed a curvy over boxy preference, tended to do
so both for small and big objects (2164/3487), while only 46% of voxels which showed a boxy over
curvy preference did so for both small and big objects (1229/2663 of voxels).

On the other hand, when factoring by size, 73% of voxels which show a small over big preference
tend to do so for both boxy and curvy objects, and 72% of voxels with big object preference do so for
both boxy and curvy objects (1803/2487 of voxels).

Taken together, these results suggest that size preference tends to generalize across curvature, while
curvature preference shows a relatively weaker degree of generalization across size. Analyses are still
ongoing to test the significance of these results, as well as to further characterize the tuning profile of

populations that do not generalize across size or curvature.
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TYPICAL AND ATYPICAL PREFERENCE MAPS

The final analysis of the neuroimaging data focused on targeted contrasts in the 2 x 2 space: the typical
contrast, comparing big boxy vs small curvy activations, and the atypical contrast, comparing big curvy
and small boxy activations. Doing so enabled us to ask two distinct questions, related to the relative
strength and the robustness of the response topographies.

The first analysis was aimed at understanding the relative strengths of curvature and object size
properties for the organization of brain responses. We have previously hypothesized that the large-
scale organization of object responses by real-world size actually reflects different tuning along mid-
level features, like curvature (Konkle & Oliva, 2011; Long et al., 2018). We reasoned that if the typical
real-world size organization was relying primarily on curvature differences, then when pitting size and
curvature against each other, the response topographies to size should reverse. Thatis—-a region that
responds preferentially to big boxy object should respond more to small boxy objects (same curvature),
rather than big curvy objects (same size). However, if curvature is not the sole mid-level feature un-
derlying the real-world size organization, then we expect the atypical contrast to follow the original
object size topography, perhaps with slightly weaker activations.

The typical contrast topographies and the atypical contrast topographies are shown in Figure 2.5a.
As expected, we observed stronger responses to big boxy images in the medial-dorsal and medial-
ventral regions, with preferences to small curvy objects on the lateral occipital cortex. Critically, in
the atypical contrast, the size-factor predicts the topography—that is, big-boxy regions prefer also
big-curvy objects, and the small-curvy regions also prefer small-boxy objects. We quantified this re-
lationship at the single subject level by correlating the two maps (see Methods), and found positive
correlations which indicate a size-biased organization, rather than negative correlations which would
indicate a curvature-biased organization (M = 0.39, SD = 0.13). This result is also consistent with our

previous analyses that showed voxels in occipitotemporal cortex tended to have stronger size prefer-

63



A Typical contrast Atypical contrast B Odd-even Correlation

*

0.6
Small Boxy T
F X ] gre 5 T
-3 ¥ ] d =% 8 = 04
“&‘-“ \ ove 20
® Q
£38 AN 28 -
3 2 52 5
=2 e 302
T @ T s
o
0= /<\ 7208
» l? ( . T¥o 0 N
_@'vx .. ) @ow Q\db&
Big Boxy Big Curvy W

Figure 2.5: Typical/Atypical Maps Correlations. a): Typical [small curvy > big boxy] and Atypical [small boxy > big
curvy] Preference maps at the group level. Maps were thresholded at the same level for easier comparison. b): Bar-
plots of individual and average odd-even runs correlations for the typical and atypical maps, averaged across subjects.
Error-bars represent standard error (n=16).

ences than curvature preferences (Figure 2.3a). More generally, this analysis indicates that curvature
(as we have operationalized it here), is only one of the visual properties related to visual differences
between big and small objects, and that there are must be others as well (Konkle & Oliva, 2o1m).

The second question we asked of the typical vs atypical topographies was about their robustness,
as measured by split-half reliability. Which contrast yields more reliable organizations? We found that
the typical preference map was significantly more reliable than the atypical one (typical split-half map
correlations: M = 0.52, SD = 0.13; atypical: M = 0.29, SD = 0.27; t;; = 3.87, p = 0.002; Figure 2.5b;
for individual reliabilities, see Appendix B, Figure B.3). This result highlights that even though the
organization of object responses tends to follow size more than curvature (as operationalized here),
the responses are clearly affected by their covariation—the organization by object size differences is

more robust when aligned with curvature differences than when misaligned.
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2.4 DiscussioN

Here, we investigated how our visual system is affected by the natural covariance between size and
curvature by employing a 2 x 2 stimulus set in which these two properties are controlled for.

Behaviorally, we found that people are faster and more accurate when judging objects that follow
the natural covariance between size and curvature, suggesting that these two visual features are not
independent from each other.

Neurally, we found that the distribution of small-to-big, and curvy-to-boxy preferences in occipi-
totemporal cortex was not uniform, but also followed this natural covariance.

Overall, these results show that behavioral judgments and neural representations are affected by
the natural covariance between size and curvature, strengthening the hypothesis that curvature is a
mid-level visual property essential for the internal representations of small and big objects.

Despite having found the two properties of size and curvature to not be independent form each
other, they were not equally important in driving neural representations. Indeed, flipping curvature
information as to go against the natural world covariance did not flip the normal real-world size orga-
nization. What could explain these results?

One hypothesis is that size cannot be reduced completely to curvature, but that there may be addi-
tional features other than curvature driving real-world size organization. What could these additional
features be? It is possible that texture information, and its natural covariance with main categorical
domains such as animacy and size, might have affected our results: together with shape, texture is a
mid-level visual-feature that has been observed to drive neural representations in the ventral stream
(Grill-Spector & Weiner, 2014) as well as DNN layers representations (Geirhos et al., 2018). While
there are clear textural differences between animate and inanimate things (e.g. animals tend to have
turs, objects tend to have smoother surfaces), there might also be distinct statistical regularities for

small and big inanimate objects that could drive real-world size organization.
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Another possibility is that objects’ elongation (i.e. width to length ratio), which has been observed
to drive representations in the ventral stream (Bracci & Peelen, 2013; Cohen et al., 2017), might be a
main driver of the real-world size organization, especially in small object preferring regions that tend to
prefer manipulable small objects such as tools, which are typically elongated in order to be hand-held,
over other small objects (Magri et al., 2016). This would explain our observation following the voxel-
wise analysis that voxels in small-object preferring regions did not show a clear curvature signature: in
this area, elongation and width-to-height ratio might be more important.

Another hypothesis for why we failed to see a flipping of the map for the atypical contrast is that
there could be limitations in our curvy-to-boxy scale, and thus in the way we picked our stimuli. A
curvy-to-boxy scale is a quick and intuitive way to track objects’ curvature, and it has been shown
to predict reasonably well responses in OTC (Long & Konkle, 2018). However, curvature (i.e., the
amount to which a geometric object such as a line deviates from being straight) is a complex construct
which requires precise mathematical definitions, and the way we discursively describe it is unlikely to
completely encompass its complexities. For example, as an object changes in scale and gets smaller,
the absolute value of its curves are going to increase. But curvature can be also defined with size-
dependent specifications, as a function of contour length (EI-Shamayleh & Pasupathy, 2016). While
it has been observed that ventral stream regions which possess scale-invariant representations do also
represent normalized over absolute curvature (El-Shamayleh & Pasupathy, 2016), itis not yet clear the
degree to which “normalized” versus “absolute” curvature may affect explicit judgments, although it
is intuitively more likely that humans may judge curvature on a scale-invariant level.

Further, while we pit curviness and boxiness in two opposite sides of a spectrum, and thus in polar
opposites in the curvy-to-boxy space, the mathematical opposite of a curve is not a right angle, but a
straight line. Thus, rather than quantifying the amount of right angles in a shape, in order to get to
a measure that is the opposite of curvy one should compute the amount of straight lines in a shape.

While the presence of right angles and straightlines in an object’s contour necessarily correlate, they are
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not perfectly matched (i.e. straight lines might be longer or shorter). Itis not yet clear whether human
judgments over an object’s boxiness are solely based on the presence of right angles, or whether the
amount and length of straight (or almost straight) lines also aftects them.

Given these uncertainties, it is possible that our curvy-to-boxy scale missed some features of curva-
ture thatare important for the brain in order to process contour information, but that are not explicitly
picked up during judgments. Thus, while we have tested and found some clear associations between
size and curvature, future work accounting for additional mid-level features (e.g. texture, elongation),
and employing a more quantitative way to measure curvature might bring us closer to fully explain
the real-world size organization.

One question raised by these results is, why is the visual system sensitive to this natural covariance?
One hypothesis supported by a growing body of work is that the processing of mid-level features
statistically covarying with categorical information could lead to more efficient coding (Grill-Spector
& Weiner, 2014; Bracci & Op de Beeck, 2016; Hong et al., 2016; Long et al., 2018). Several studies
have shown that more anterior parts of the visual system have more abstract representations, but that
they still retain sensitivity to low-level features. For example the PPA, which shows a preference for
navigationally-relevant objects (Janzen & Van Turennout, 2004), is also preferentially selective for
vertical-horizontal lines (Nasr & Tootell, 2012). Specifically, distributed coarse coding might allow
for the acquisition of invariant object representations, and it might also preserve information about
category-independent features such as position, perimeter or curvature (Pasupathy & Connor, 2002;
Connor et al., 2007; DiCarlo & Cox, 2007; Hong et al., 2016).

Aside from the natural covariance between an object’s shape and its category, a further force for do-
main organization formation might be due to ecological and gravitational constraints in the way we see
and interact with objects. Indeed, while small objects tend to be mostly foveated to and looked at from
a closer distance, big objects tend to be located farther away, and at the periphery of the visual field.

Recent work has observed a largely overlapping map between eccentricity bias and curvature maps in
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the ventral stream, and this maps were largely predictive of the location of category selective regions,
thus suggesting they might function as proto-organizing forces for object-selective cortex (Srihasam
etal., 2014).

However, we do not exclude a role of long-range connections to behaviorally relevant networks,
which has also been advanced as a possible driver of this organization (Mahon et al., 2007; Konkle &
Oliva, 2012b). There is a clear way in which small and big objects tend to be behaviorally relevant:
small objects tend to be manipulated, while big objects tend to be used for support and navigation.
It has been proposed that long-range connections between small-object regions and the action-related
network on one side, and large object regions and the navigation-related network on the other might
help in the shaping of real-world size organization (Mahon et al., 2007; Konkle & Caramazza, 2013,
2016; Magri et al., 2016).

Thus, the natural covariance between size and curvature might affect object recognition and subse-
quently object-oriented action. Overall, our work joins a converging set of findings that “high-level”
regions still have sensitivity to mid-level and even low-level features, driving the formation of a broad
organization by domain which facilitates the processing of information related to objects and what to

do with them.

2.5 CONCLUSION

Rather than assuming that the ventral stream encodes curvature and size as separate and independent
entities, here we show it processes the associations between them, which is evidenced by more efficient
behavioral processing and more robust neural responses, as well as extended neural territory. These
findings broadly fit into the larger hypothesis that the visual system processing system works by associ-
ating levels of representation, with mid-level features in service of high-level properties that are useful

for behavior.
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2.6 METHODS

2.6.1 STIMULI
FinaL DATASET

Both for the behavioral and the fMRI experiment, we employed a stimulus set of 180 small curvy, small
boxy, big curvy and big boxy inanimate objects (45 objects per condition). Stimuli were matched in
aspect ratio (F; = 1.58, p = 0.19) and pixel area (F; = 0.94, p = 0.42) across conditions. They were also
matched in real-world size across curvature (t,5 = -0.65, p = 0.52), in curvature across size (t,s = 1.26,

p = o.21) and familiarity across all conditions (F; = 0.56, p = 0.64) with ratings collected in Amazon

Mechanical Turk.

STIMULI AND RATINGS COLLECTION

An initial Dataset of 336 images of objects (84 objects per condition) was collected manually through
Google Images, the background was removed and the images were squared and resized to 550 x 550
pixels per inch. Size rank (n = 9), Curvy-to-boxy (n = 8) and familiarity ratings (n = 18) were collected
on Mechanical Turk for all 336 images. Size rank. Participants were presented with individual objects,
and asked to rate their size on a 7-point scale based on anchor objects which were not part of the
dataset. Curvy-to-boxy ratings. Participants were presented with individual objects, and asked to
rate them on a curvy-to-boxy s-point scale. Familiarity. Participants were presented with individual
objects, and asked to rate their familiarity on a s-point scale. Further, pixel area and aspect ratio of all

images were measured to balance them across all conditions.
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STIMULI SELECTION PROCEDURE

We manually excluded 25 individual items for several reasons (e.g. their similarity with the animate
category or to human body parts, or for the presence of text). We excluded any of our initial items for
which there was a mismatch between actual and perceived size, and for which our assumptions about
their curvature did not match raters’ judgment. Further, we excluded items that were rated as overly
familiar (> 4.7) or overly unfamiliar (< 3.5), to equalize familiarity across conditions, for a total of 131
items removed. This resulted on a total of 180 items, 45 per category. We performed t-test comparisons
among all ratings and across all 4 conditions and found that the only failure of perfect balance was a

significant aspect ratio difference between small curvy and big curvy objects (tgs = 2.77, p = 0.007).

2.6.2 BEHAVIORAL EXPERIMENT
PARTICIPANTS

Twenty-five naive subjects participated. All participants were affiliated with Harvard University. A
power analysis conducted on previously collected pilot data (N = 12), which showed that a minimum
of 24 participants was required to achieve a power of 0.75 in effects of interest. One participant showed
exceptionally low overall accuracy (accuracy level 53%), we thus excluded that participants as an outlier.
The remaining sample consisted of 24 participants (11 males, 13 females, mean age: 21 years, age range:

18-33 years). All had normal or corrected-to-normal vision.

EXPERIMENTAL SETUP

Participants were positioned in front of an Apple iMac (1024 x 768 pixels, 6o Hz) and were instructed
to sit straight and keep their body position still during the experiment. The experiment was pro-

grammed and run in MATLAB 20r7a with Psychophysics Toolbox (Brainard, 1997).
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BeunavioraL EXPERIMENT DESIGN

Participants were asked to judge the size (Size Judgments) or the curvature (Curvature Judgments) of
presented objects for a total of four blocks, two for each kind of judgment. Instruction on the kind of
judgments to give were provided at the start of each block. Each trial started with a fixation dot. Dura-
tion was randomly set within a 400-700ms range to prevent participants from anticipating the onset of
stimuli. Then, an object was presented at the screen center for rooms. Each object was presented once
per block for a total of 180 trials per block and items were all presented at the same size on the screen
(350 x 350 pixels). In the Size Judgment blocks, participants were asked to judge if the real-world size
of the object was bigger or smaller compared to an anchor object, a trash that was present in the testing
room. In the Curvature Judgment blocks, participants were asked to judge if the shape of the object
was perceived as boxy or curvy. Responses were given by response keys following which immediate
feedback was provided. Participants were instructed to respond as fast as possible by using a keyboard
and pressing either “.>” key with the right index finger or “/?” key with the right middle finger. Fol-
lowing responses, feedback was provided, which lasted sooms for correct responses and 1z0oms for
wrong responses. If no keypress was detected within 200oms from stimulus disappearance, the trial
would timeout and a r20oms feedback display would appear, communicating response time took too
long. Thus, high accuracy was encouraged. Prior to the actual experiment, participants practiced 6
trials in size task and 6 trials in curvature task. The formal experiment consisted of four blocks, where
participants performed either size task or curvature task in each block. Task type switched after 1st
block and 3rd block. Each block consist of 180 trials, with every stimulus from the whole set (4 x 45 =
180 stimuli in total) presented once in a randomized sequence. Therefore, each unique stimulus was
judged twice for real-world size and twice for perceived curvature. Overall, there were 720 trials in the
experiment. Reaction time and accuracy were recorded for every trial.

Task order were counterbalanced across participants so that half of the participants started with a
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size task, and the other half started with a curvature task. Task order during training was consistent
with the order of the first two blocks of the formal experiment. The mapping of responses (big/small
for Size Judgments, boxy/curvy for Curvature Judgments) to response keys (“.>” and “/?”) was also

counterbalanced across participants.

OUTLIERS REMOVAL AND PREPROCESSING

One participant with a near-chance overall accuracy (53.2%) was excluded from all further analysis.
Overall, accuracy of the remaining 24 participants was above 85% (M = 92.12%, SD = 3.70%). For the
remaining participants, we excluded inaccurate trials (8% of trials removed on average across subjects),
and iteratively eliminated any trials for which RTs were 3 standard deviation above the overall mean

for that subject, condition, and judgment (4% of trials removed on average across subjects).

ANALYSIS

We tested whether both reaction times (RTs) and accuracy were affected by the covariance between size
and curvature. To do so, we performed a within-subject repeated measure ANOVA, separately for the
Size and the Judgment tasks, and separately for RTs and accuracy, with Size and Curvature as within-
subject independent variables. We employed the function ezANOVA in R to fit the within-subject
repeated measure ANOVA tests. We confirmed results of our ANOVA by employing mixed-effect
modeling, with RTs as dependent variable, size, curvature and their interaction as fixed effects, and
subjects and items as random effects. Subjects random effects were modeled in terms of both slope
and intercept, while the random effects of Items were modeled in terms of intercept only. This was
the most complex mixed-effect model that could reach convergence, which is recommended when fit-
ting mixed-effect models (Bates, 2005). We tested how significantly each predictor and random effect

contributed to the model by running a likelihood ratio test comparing nested mixed-effect models, in
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which the simpler model has some parameters fixed (compare function for table structures in MAT-
LAB). Two separate mixed-effect models were run, a separate one for each task. The mixed-effect
models were computed in MATLAB using the fitlm function.

Exploring S-R mapping: first block. To test whether our results were affected by stimulus-response
mapping focusing only on the first block of each subject, before any mapping can take place. Similarly
to previous analyses, we perform two separate ANOVAs to predict accuracy and RTs, separately for
Size and Curvature Judgments, with Size and Curvature as within-subjects independent variables. We
performed the same mixed-effect model analysis, but this time restricting data to the first block. We

employed the same procedure as before to establish the number of random effects.

2.6.3 FMRI EXPERIMENT
PARTICIPANTS

Sixteen healthy observes with normal or corrected-to-normal vision participated in a 2 hour fMRI
session (age range: 22 - 37 years; 6 females). All participants were consented using the procedures

approved by the Institutional Review Board at Harvard University.

MRI AcQUISITION

Imaging data were collected using a 32-channel phased-array head coil with a 3T Siemens Prisma fMRI
Scanner at the Harvard Center for Brain Sciences. High-resolution T1-weighted anatomical scans were
acquired using a 3D MPRAGE protocol (176 sagittal slices; FoV = 256mm, 1 x 1 x 1 mm voxel resolu-
tion; gap thickness = omm; TR = 2530 ms; TE = 1.69ms; flip angle = 7 degrees). For functional runs,
blood oxygenations level-dependent (BOLD) contrast was obtained using a gradient echo-planar T2*
sequence (84 oblique axial slices acquired at 25° angle off of the anterior commissure-posterior com-

missure line; FoV = 204 mm; 1.5 X 1.5 X 1.5 mm voxel resolution; gap thickness = o mm, TR = 2000 ms;
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TE = 30 ms; flip angle = 8o degrees; multi-band acceleration factor = 3).

FMRI EXPERIMENT DESIGN

Observers viewed images of big curvy, small curvy, big boxy and small boxy objects in a standard
blocked design while undergoing functional neuroimaging. Observers were asked to pay attention to
each image, and to press a button when the same image repeated back to back, which occurred once
per block. Each run had five 10-second blocks per condition, with ten 10-seconds rest blocks inter-
leaved. Each block consisted of ten images, nine unique and one repeated. Each image was presented
for 8ooms followed by a 200oms blank. All images were presented in isolation on a uniform white

background. The total duration of a run was of 5.33 minutes, and participants performed 6 runs.

LocALIZERS

In addition to the main experiment, we ran three separate Localizers: a Tripartite Localizer, a Retino-
topy Localizer, and a Category Localizer.

The Tripartite Localizer was run to identify the animate region and the small and big inanimate ob-
ject regions. In each run, animals, small objects and big objects were presented in a standard blocked
design. Participants had to pay attention to images and respond when an image was repeated, which
occurred once per block. Within each run, there were six 12-second blocks per condition, and twelve
12-second rest blocks interleaved. The order of the block presentation was randomized. Each block
contained 12 total images, 11 unique ones and one repeated. An image was presented for 8ooms fol-
lowed by a 200ms blank. Each run lasted 5.47 minutes and each participant performed a total of four
runs.

The Retinotopy Localizer was performed to identify areas V1-V3, as well as curvature preferring

areas. Participants payed attention while being presented with vertical meridians, horizontal meridi-
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ans, a small circle (fovea), a large circle (periphery), abstract wavy/curvy patterns and abstract straight
patterns. Images for these last two conditions were sourced from Shriasam and colleagues (Srihasam
et al,, 2014), to compare our results with their observations in the monkey brain. Images were pre-
sented in a standard blocked design. Vertical meridians, horizontal meridians, small circle and large
circle were presented in seven six-second blocks per run, while the straight and curvy patterns were
presented in fourteen six-second blocks. The order of the blocks was randomized. In each run there
were 14 8-second rest blocks interleaved throughout. A run lasted a total of 7.73 minutes and partici-
pants performed a total of 2 runs.

The Category Localizer was performed to identify body-selective, face-selective, object-selective,
scene-selective areas, as well as MT+. Participants watched pictures of headless bodies, faces, scenes,
inanimate objects, scrambled objects in a standard blocked design. Participants were asked to detect
when a picture was repeated back-to-back, which occurred once per block. There were eight six-
seconds blocks per condition in one run. In half of the blocks, the image was fixed in the middle of
the screen, in the other half, the image moved across the screen at a random direction. This was done
in order to identify movement-sensitive area MT+. Within a 6-second block, there were five unique
images and one repeated image. Images were presented for 8ooms followed by a 200ms blank. In addi-
tion, there were eight eight-second rest blocks interleaved throughout the run. Each run lasted a total
of 5.33 minutes, and participants performed a variable number of runs, depending on the amount of

time available.

DATA PREPROCESSING

We analyzed functional data using BrainVoyager QX software for MALTAB. Preprocessing included
slice scan-time correction, 3D motion correction, linear trend removal, temporal high-pass filtering
(0.01 Hz cutoft), spatial smoothing (4 mm FWHM kernel), and normalization into Talairach (TAL)

coordinates. Data were down-sampled to 3 x 3 mm voxel resolution. We computed General Linear

75



Models (GLMs) at the single subject level for texforms and original runs separately. GLMs included
square-wave regressors for each condition’s presentation times (small curvy, small boxy, big curvy, big

boxy), which were convolved with a gamma function to approximate the hemodynamic response.

RETINOTOPY AND OCCIPITOTEMPORAL MASK DEFINITION

We created and early visual cortex mask by bilaterally defining retinotopic maps V1, V2 and V3 based
on anatomical landmarks on BrainVoyager. This was done as to exclude voxels in early visual cortex
from further analysis. We also created an occipitotemporal (OTC) mask as the union of manually
defined uber-regions ventromedial temporal cortex (vOTC), lateral occipitotemporal cortex (I0TC),
and dorsal occipitotemporal cortex (dOTC), both at the individual and the group-level. The OTC

mask did not include voxels from early visual cortex.

TRIPARTITE REGIONS DEFINITION

Group-level animal, small-object and big-object preferring regions were defined in the occipitotem-
poral cortex based on the average beta weights across subjects for the Tripartite Localizer. Within the
group-level occipitotemporal cortex mask, a voxel was assigned to the condition which had the highest

positive beta value.

VOXEL-WISE ANALYSIS

We perform a voxel-wise analysis where, for each voxel, we look separately at size and curvature pref-
erence. We retained all voxels that had positive values for all conditions within the group-level OTC
mask, which excluded 1937 out of the total 8087 voxels within the mask.

For each of the resulting voxels, we computed the Size [Small > Large, across curvature] and Cur-

vature [Curvy > Boxy, across size] preference, and plot resulting activation with Size and Curvature

76



preference as main axes in a Cartesian space. These Cartesian coordinates were then transformed to
polar coordinates with given angle and radius, and voxels were color-coded based on such a scale. The
number of voxels which showed the same preference profile were plotted in a frequency histogram,
and color-coded voxels were displayed in a scatterplot and as a brain surface map.

We tested for uniformity of the circular distribution of the data by performing the Rayleigh test
(Zar, 1999) using the circstat toolbox on MATLAB (Berens et al., 2009). Given the bimodal distri-
bution of our data, which presented two diametrically opposite modes, we performed a doubling of
the angles procedure to transform it in a unimodal distribution. In this procedure, each angle is dou-
bled, and if its result is equal or larger than 360°, then 360 is subtracted from it. In this way, data were
transformed into a unimodal distribution fit for submission to a Rayleigh test. We visualize the voxel
locations on the brain surface with voxels color-coded based on their angle and radius in the polar
space.

We further look at the voxel-wise preference within the animal, small- and big-object preferring re-
gions of the Tripartite Localizer. Tripartite regions were defined at the group-level, voxels with positive
values for all four conditions of the main experiment were selected, and polar frequency histograms
and surface maps were visualized using the same procedures are before. Voxels with certain types of
interactions would not be visible with the previous analysis. To test the degree to which curvature
preference generalized across size, and size preference generalized across curvature, we computed the
number of voxels in OTC (masked to only select voxels with positive activation for all four condi-
tions) that showed a curvy>boxy preference, and the number of voxels that showed a boxy>curvy
preference. For these subsets of voxels, we computed the proportion of voxels whose curvature pref-
erence generalized across size. The same analysis was also performed when factoring by size, that is
looking at the proportion of small-object and big-object preferring voxels in OTC which showed the

size bias across curvatures.
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TyricarL/ATyPiCAL PREFERENCE MAPS

We were interested in testing whether the typical combinations [small curvy, big boxy] would lead to
more reliable neural responses than the atypical combinations [small boxy, big curvy]. To do so, we
restricted our investigation to all active voxels for the contrast [all conditions > rest] thresholded at t>2
for the Tripartite Localizer data. We then computed a typical [small curvy > big boxy] and an atypical
contrast [small boxy > big curvy] from the main experimental run, masked them, and displayed them
on the surface. Maps were thresholded at the same level for easier comparison. We first assessed the
reliability of typical and atypical contrasts by performing an individual level odd-even correlation.
For each subject, we divided the masked beta maps in two groups, depending on whether they were
collected in even-numbered runs or odd-numbered runs, and computed the average activation. Beta
maps for the average of odd and even runs were then correlated with each other. We then performed a
t-test to assess whether the reliability between the typical and atypical contrast maps was significantly

different.
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Comparing facets of behavioral object

representation with brains and models

3.1 ABSTRACT

Here, we explored how well different kinds of behavioral similarity judgments of inanimate objects

related to neural response to those objects along the ventral stream hierarchy.
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Specifically, we first measured similarity implicitly using a visual search task, measuring the time it
took participants to find one target amongst others items. We also measured similarity with an explicit
shape-guided sorting task, in which participants dragged and dropped similar items nearby while fo-
cusing on shape similarity, and not on other object properties. Finally, we measured similarity with a
second sorting task, but this time without giving participants any guidance on what measure of simi-
larity to follow (unguided). Our results show that (i) there are clear differences in the measured similar-
ity space of objects across tasks, (ii) the implicit similarity measured by visual search was most strongly
correlated with the posterior half of the ventral visual stream, (iii) the explicit shape-guided sorting
similarity was most strongly correlated to anterior half along the ventral stream, and (iv) the similarity
measured with unguided sorting task was not well-correlated with any visual system responses, despite
it being a highly reliable behavioral similarity space. Deep-net hierarchical layers showed a similar re-
lationship with these three behavioral measures, but with notable divergences: the deep-net lacked a
strong shape-based similarity space, and showed moderate correlation with the unguided similarity
space in the final output layer.

Broadly, these results highlight that different kinds of similarity can be manifest in different be-
havioral tasks, and reveal a clear joint in the way the visual system represents the similarity of objects.
Based on these data, we hypothesize that this relatively sharp transition along the ventral stream hi-
erarchy may reflect a transition from more pictorial to more structural representation of inanimate

object information.
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3.2 INTRODUCTION

The similarity space of objects has been extensively used as a tool to relate representations among
minds, brains, and models. However, the psychological construct of “similarity” is not well defined
— objects can be similar in different ways. For example, an orange and a tennis ball are more similar
if shape is considered as a measure of similarity, while an orange will be more similar to a banana
if semantic category is considered as the measure of similarity. Further, the way in which we define
shape similarity is also not obvious, in that shape information is constituted of a multitude of features
at different levels (DiCarlo & Cox, 2007). This raises the important question of whether and how
these different object similarity spaces relate to the structure of object responses in the brain.

Various studies have collected behavioral measures of object similarity and correlated these mea-
sures with neural responses along the ventral stream, utilizing different kinds of paradigms (Kiani
et al., 2007; Haushofer et al., 2008; Bracci et al., 2015; de Beeck et al., 2008; Peelen & Caramazza, 2012;
Carlson et al., 2014; Bracci & Op de Beeck, 2016; Edelman et al., 1998; Jozwik et al., 2016). One of the
most popular paradigms in recent years has been the multiple object arrangement method (sorting task
for short; Kriegeskorte & Mur (2012)). In this paradigm, participants are required to arrange an initial
set of objects for several trials. Over trials, an algorithm zooms into specific subsets and then com-
putes the ideal similarity space given information collected throughout the trials. Interestingly, when
instructing participants to arrange items into a space based on their similarity, without further instruc-
tions on what this similarity should be (i.e., it was unguided), similarity seemed to follow features that
were more categorical than the ones guiding representational space in monkey I'T (Mur et al., 2013).
This suggests that the sorting task, when no instructions are provided, leads to people relying more
strongly on semantic categorical information (e.g. grouping together food, clothing, furniture, etc.)
than on more primitive perceptual features (e.g. grouping together based on aspect ratio, curvature,

shape).
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What happens if participants are instructed to arrange objects based on a specific measure of similar-
ity? Bracci & Op de Beeck (2016) tested two different variations of the sorting task: while one version
asked participants to arrange objects specifically based on semantic similarity, the second one asked
participants to arrange objects based on their perceived shape similarity. They also carefully selected
a stimulus set to separate as much as possible the shape of depicted objects from their broad semantic
category (e.g. animals, fruits and vegetables, sporting equipment, etc.). They found that posterior
aspects of the visual system showed a neural similarity structure related to the shape-similarity of the
objects, and that more anterior parts of the visual system showed a correlation with both shape and
category similarity structures (Bracci & Op de Beeck, 2016; Peelen & Caramazza, 2012; Proklova et al.,
2016).

Finally, more recently, Cohen et al. (2017) examined brain/behavior similarity where the similar-
ity was measured with a different paradigm: visual search. This method measures similarity implic-
itly, by measuring the time it takes to find one object among distractors of another kind (Duncan &
Humphreys, 1989; Wolfe & Horowitz, 2017). For example, people are quick to find a picture of a face
among pictures of cars and slow to fine that same picture of a face among pictures of bodies—this
indicates faces are more similar to bodies than to cars. Using this measure of similarity, they found
extensive and strong correlations across entire ventral visual stream. They proposed that there may be
one ubiquitous representational space across the entire visual stream. However, they only measured
brain and behavioral similarity at the level of object categories, effectively presuming category-level
relationships, leaving open whether the search and brain relationships actually hold when considering
similarity among individual items.

Taken together, these studies indicate that there are different kinds of similarities among objects.
Implicit measurements using visual search speeds and explicit measurements focusing on shape-similarity
seem to both account better for much of the ventral visual stream (Bracci & Op de Beeck, 2016; Cohen

et al., 2017) than unguided similarity measurements (Mur et al., 2013), which tend to be more seman-
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tic rather than perceptual. To date, these measures have not been considered at the same time, in the
same participants, over the same stimulus set. Further, the relationship between visual search implicit
similarity and shape-guided explicit similarity is completely unknown—do they both correlate with
brain similarity measures in the same way? The aim of this study is to measure and compare these
three similarity spaces and relate them to the neural responses along the visual hierarchy.

One key challenge of our study is the stimulus set of choice: we showed participants objects that
cover a range of categories that was narrower than the one employed in previous studies exploring
psychological similarity (Mur et al., 2013; Jozwik et al., 2016). Specifically, we did not cover the an-
imate/inanimate distinction, but focused on inanimate objects. Since representations in occipito-
temporal cortex are strongly driven by distinctions at this broader categorical level (Mur et al., 2013;
Kriegeskorte et al., 2008), this choice provides a stricter and more nuanced test, as compared to previ-

ous literature, of the relationship among these behavioral similarity measures and neural responses.
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3.3 RESULTS

3.3.1  VISUAL SEARCH TASK DESIGN

In the visual search task, participants had to detect the odd-one-out target among distractors as quickly
as they could in a Mechanical Turk study (Figure 3.1a, see Methods). For this experiment, images (n
= 72, all inanimate) were gray-scaled and luminance-matched. The measure of dissimilarity is, in this
case, given by reaction time (RT): the faster the target is individuated, the more dissimilar the target
is from the distractors (Duncan & Humphreys, 1989; Wolfe & Horowitz, 2017). Constructing a 72 x
72 similarity matrix based on RTs requires the collection of 2556 reliable RT measures, too many for
it to be feasible to collect them from one individual participant in a single experiment (or Mechanical
Turk "hit”). We thus devised a novel way to collect RTs, in which participants performing a hit were
presented with only a sub-sample of the whole possible 2556 target-distractor pairs, which consisted
of 12 pairs (objects were presented both as target and as distractor within each experiment; Figure
3.1b). From pilot data, we established that, to obtain reliable data, we needed at least 27 individual
RT measures per object pair (averaged across 12 presentations per hit), which amounted to 828,144
trials. Thus, we produced a total of 5,751 separate Mechanical Turk hits, with 12 object pairs each,
and we ensured that there was no repetition of the same object among these 12 object pairs within
an experiment. Further, we ensured that object pairs overlap was not more than 50% for any two of
the 5751 Turk hits. A total of 1,272 participants performed the experiment (individuals could perform
more than one hit). We eliminated individual subject variability through mixed-effect modeling, by
modeling subjects as random intercept. This proved to greatly increase the reliability of the data, that

went from o.15 to 0.54 (average of so split-half iterations).
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Figure 3.1: Visual Search Task Design. a): visual search task display: after a fixation dot (500ms), six objects appeared

do you see it?
(reaction time)

report location o

(auracy)

in a circular array. Only one of these objects was different (target) while all the others were similar (distractors). Par-
ticipants had to press the space-bar as soon as they identified the target location. After their response, the images
were masked and participants had to report on the keyboard where the target was located. b): Visual Search Experi-
ment Design. The 72 x 72 matrix of 2,556 comparisons was divided into 5,751 separate Mechanical Turk hits in which
12 object pairs were presented. Each object in a pair was presented both as target and as distractor within one hit.
Since participants could perform more than one individual hit, the final number of participants (1,272) is smaller than
the number of individual hits (5,751). Once all 5,751 hits were collected, we obtained 27 average RTs for each of the
2,556 combinations, which pilot data established was sufficient to obtain reliable data.

3.3.2 MDSrLoTS

To understand which were the main dimensions that drove RT differences among object pairs, we
mapped these differences into a Cartesian space through multidimensional scaling (MDS; mapped
into 2 dimensions; figure 3.2a left). When visualizing the MDS plot, we can easily identify subdivi-
sions based on objects’ mid-level visual features such as curvature or elongation. Further, even though
images were gray-scaled and luminance-matched, from the plot it appears that there could also be an
influence of lower-level visual features (e.g. pixel area). Thus, this space seems to contain visual feature
information of low-to-intermediate complexity. How did this implicit search space compare to the
spaces produced with explicit similarity measurements?

To explore this question, we collected similarity ratings during a sorting task (Kriegeskorte & Mur,
2012; Bracci & Op de Beeck, 2016), in which participants were asked to arrange objects based on sim-
ilarity inside a circular arena. In one experiment, participants were asked to arrange objects by shape

(shape-guided sorting space). In the other, they were not given specific instructions about which sim-
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ilarity measure to use (unguided sorting space). Given past literature, we expected the shape-guided
space to lead to more perceptual dimensions, and the unguided sorting space to lead to more categor-
ical dimensions (Mruczek et al., 2013; Bracci & Op de Beeck, 2016).

When mapping the dissimilarities into a 2-dimensional space with multidimensional scaling, we
find that for the shape-guided sorting space (split-half reliability: 0.82; Figure 3.2a center), clustering
was primarily based on shape similarity: a squared-to-boxy object gradient emerged, as well as a gradi-
ent from objects with rounder shapes to objects with elongated parts (replication of Bracci & Op de
Beeck (2016)). From this qualitative analysis, there did not seem to be a strong difference between this
space and the search-RT one. However, the correlation between the shape-guided sorting space and
the search-RT one was relatively low (r = 0.34), suggesting that these two spaces were more dissimilar
than what could be inferred from a qualitative observation of the MDS plots.

On the other hand, a qualitative evaluation of the MDS plot produced by the unguided sorting
space revealed this space to be more categorical. Indeed, there were higher-order divisions as compared
to the search-RT and the shape-guided sorting space (split-half reliability: o0.73; Figure 3.2a right), with
clustering based on semantic categories such a foods, musical instruments, clothing items, cleaning
supplies. The dissimilarity between the unguided sorting and the search-RT was also reflected by their
low correlations (r = o.12). Correlation between the unguided sorting and the shape-guided sorting

spaces was 0.29, suggesting that they were also largely different.

3.3.3 SEARCHLIGHT

After evaluating the three behavioral spaces qualitatively, we sought to relate them to the representa-
tional space of the occipito-temporal cortex. To do so, we employed a searchlight analysis, in which
we correlate behavior to the similarity space for small clusters of neighboring voxels throughout OTC.
The result of this correlation is then assigned to the voxel at the center of a given searchlight. In this

way, a map of correlation values is created, representing the degree of similarity between behavioral
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Figure 3.2: MDS plots and Searchlight Analysis. a): MDS plots for the search-RT, the shape-guided sorting and the un-
guided sorting spaces. Above the plots is displayed the reliability for each task (iterative split-half Pearson correlation).
Values above the arrows correspond to Pearson’s correlations between spaces. b): Searchlight Analysis results: sur-
face maps of correlations between searchlight neural RDMs and behavioral RDMs. For easier comparisons, all three
maps of behavior-brain correlations were thresholded leniently to O < r < 0.15.



and neural RDM at each given point. Results of these analyses can be observed in Figure 3.2b, in
which we adopt a lenient threshold which allows the evaluation and comparison among the different
searchlight maps.

Literature on the neural representations underlying the occipitotemporal cortex suggests that more
perceptual similarity spaces, such as the search-RT and the shape-guided sorting space, are a closer
match to neural representations throughout OTC, while the more categorical unguided sorting space
would best correlate with more anterior parts of the ventral stream (Mur et al., 2013; Bracci & Op de
Beeck, 2016; Peelen & Caramazza, 2012).

When evaluating the fit between the neural responses and search-RT space (Figure 3.2b, left), we
find that the search-RT space was extensively correlated with neural patterns in early visual cortex, and
extended to more posterior regions of the ventral, lateral and dorsal occipitotemporal cortex. This is
partly in line with what was observed by our group with a search task at the category level (Cohen et al.,
2017), although in our case we found stronger correlations in early visual cortex, and correlations did
not extend quite as anteriorly. This could be explained by differences in the experimental paradigm:
while the current paradigm is an odd-one-out search task, Cohen et al. (2017) employed a template-
matching task. Further, the similarity space in the current paradigm is at the item-level, rather than
the category-level, so it is reasonable to assume that the features underlying the current similarity space
tend to relate more to low-level information than the ones of Cohen et al. (2017).

When relating the shape-guided sorting space to the neural space (Figure 3.2b, center), the shape-
guided sorting task shows strong correlations with ventral and lateral regions of OTC that seemed to
fall more anteriorly than the strongest correlations from the search-R T searchlight analysis. Compared
to correlations emerging from the search-RT searchlight map, no strong correlations were found either
more dorsally on OTGC, or in earlier visual processing regions. This result is in line with our evalua-
tion of the MDS plot and suggests that the visual features underlying the shape-guided sorting space

tend to be more complex than the ones defining the search-RT space, possibly representing a holistic
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representation of the complex shape of an object, rather than specific features of it such as curves or
edges.

When comparing the unguided sorting space to neural responses in a searchlight analysis (Figure
3.2b, right), we find that the unguided sorting space correlated overall less strongly and extensively as
compared to the search-RT and the shape-guided sorting space, with strongest correlations in anterior
patches of IOTC and vOTC.

Overall, these observations are in line with literature showing encoding of intermediate level fea-
tures throughout OTC (Hong et al., 2016; Srihasam et al., 2014). Further, these results replicate pre-
vious observations that the representational space produced by an unguided version of the multi-
arrangement task produces more semantic and categorical distinctions (Mur et al., 2013; Jozwik et al.,
2016). Finally, they lend support to previous literature pointing to categorical and semantic informa-
tion being stored more anteriorly in the ventral stream (Peelen & Caramazza, 2012; Proklova et al.,
2016; Bracci & Op de Beeck, 2016).

After a qualitative evaluation of the differences among the three behavioral spaces in how well they
related to each other and to OTC, we assessed that the three behaviors seemed to represent similari-
ties among objects at different levels of complexity. Next, we sought to explore this by again relating
behavior to neural responses, but this time focusing on the ventral stream, and by selecting a series
of neighboring “slices” that went from more posterior to more anterior coordinates. Further, we also
related our behavioral spaces to layers of a DNN, and compared the fit of behavior with both brain
and models. In this way, we could observe how well different stages of visual processing related to

behavior.
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3.3.4 RELATING BEHAVIOR TO HIERARCHICAL STAGES IN BRAIN AND MODELS
POSTERIOR-TO-ANTERIOR NEURAL GRADIENT: CORRELATIONS

We sought to explore how well the behavioral spaces related to neural populations in the ventral stream
along a posterior-to-anterior gradient. To do so, for each individual, we produce partly overlapping
“neural slices” of object-responsive voxels at different y coordinates (6mm thickness) along the ventral
stream, going from more posterior to more anterior regions. We then produce the neural RDM for
the voxels contained within each given slice, and correlate it with the three behavioral RDMs. Results
of the correlations are plotted to the left of Figure 3.3a, with the split-half reliability of each neural slice
in a dashed gray line.

The plot shows a clear dissociation in the way the behavioral spaces relate to neural slices from more
posterior to more anterior coordinates: while more posterior slices show higher correlations with the
search-RT space, more anterior regions show higher correlations with the shape-guided sorting one.
On the other hand, the unguided sorting space did not seem to show strong correlations at any point
in the gradient.

These results point to what was already suggested by the searchlight analysis: while more posterior
ventral regions encode visual features at a lower- or intermediate-level as reflected by the implicit task,
more anterior ventral regions are more strongly correlated with complex shape features like the ones

represented in the shape-guided sorting task.

POSTERIOR-TO-ANTERIOR NEURAL GRADIENT: UNIQUE VARIANCE

What this analysis did not tell us was the degree to which the correlation between a behavior and a
neural slice was unique to that behavioral space, or whether it was also shared with the others. It
is possible that whatever is shared in common by the behavioral spaces composes a big part of the

correlation between the ventral stream and each of the tasks. Or, it could be that one or more of the
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Figure 3.3: Relating behavior to hierarchical stages in brain and models. a): Left: Pearson’s correlations between be-
havioral task RDMs and neural slice RDM, from more posterior to more anterior position (see Methods). Gray dashed
line: split-half reliability of neural slice. Right: unique variance explained by one task for a given neural slice, when ac-
counting for the explained variance that is shared with the other two tasks. Gray dashed line: explained variance at
each slice for a model with all three tasks as predictors. Bottom of graphs: depiction of neural slices in ventral stream
for an example subject. b): Left: Pearson’s correlations between behavioral task RDMs and AlexNet layers RDMs.
Right: unique variance explained by one task for a given AlexNet layer, when accounting for the explained variance
that is shared with the other two tasks. Gray dashed line: explained variance at each layer for a model with all three
tasks as predictors. Bottom of graphs: summary description of AlexNet architecture.
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behavioral spaces correlates to the brain in a mostly unique way.

To explore these possibilities, we computed the amount of unique variance ( R* ) explained by each
model separately by performing a commonality analysis (see Methods). The plot on the right of Figure
3.3a shows the unique variance explained at each neural slice by the three separate behavioral models,
as well as the variance explained by a model with all three behavioral spaces as predictors (common
and shared variance; in a dashed gray line).

From this plog, it is further clear the dissociation between posterior neural slices, in which search-
RT contributes in explaining more unique variance, and anterior neural slices, in which shape-guided
sorting contributes in explaining more unique variance. To the degree to which the search-RT space
and the shape-sorting space contain features of different complexity, this reflects a difference in feature
complexity along the ventral stream. To further explore our intuition that this switch is due to a
difference in degree of feature complexity between the behavioral spaces, we are next going to perform
this same analysis, but correlating the behavioral spaces with RDMs produced from a hierarchical

convolutional deep neural network.

DNN LAYERS: CORRELATIONS

To assess how well all three behaviors related to the DNN layer hierarchy, we measured the activation
of AlexNet (8 layers, 5 convolutional and 3 fully connected, pre-trained on ImageNet) to all 72 objects
from our Dataset, and produced 8 RDMs (one per layer, based on Euclidean distance). Then, we
computed the correlation between each layer’s RDM and the three similarity spaces (see Methods;
Figure 3.3b, left). The correlations show that the search-RT space was most correlated with early to
mid-layers of the DNN, suggesting that this space contained visual features of low- and intermediate-
level complexity, in line with what we previously observed qualitatively with the MDS plots. On the
other hand, the shape-guided sorting space showed a slower increase in correlation as the hierarchical

stage of the model progressed. However, its performance did not fully surpass the one of the search-
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RT undil the very end. Finally, the categorical unguided sorting space showed the lowest correlation
overall. Like the shape-guided sorting task, its correlation also reached a peak only at the last read-
out fully-connected layer 8 of the DNN.The same profile of results was observed when weighting
the behavioral spaces by the reliabilities so as to make them comparable across tasks (see Appendix C,

Figure C.x).

DNN LAYERS: UNIQUE VARIANCE

After looking at the simple correlations, we explored the degree to which each individual layer was
uniquely explained by each of the three behavioral models by employing commonality analysis, with
the same approach employed earlier for the neural slices (see Figure 3.3b right). The commonality
analysis further replicates our observations: the search-RT space is the one contributing the most
unique variance, and it does so in the earlier and intermediate DNN layers. In comparison, neither
the shape-guided sorting, nor the unguided sorting spaces seem to contribute a lot of unique variance.
Specifically, the shape-guided sorting space does not contribute much in uniquely explaining later
layers of the DNN, as it would have been expected given the brain fits (Figure 3.3a).

Opverall, these results confirm that our behavioral spaces reflect features of different complexity.
Specifically, while the search-RT space best relates to low- and mid-level visual features, the sorting
spaces reflect more complex features. This is partly in line with both the searchlight and the posterior-
to-anterior gradient analysis: indeed, earlier stages of visual processing and earlier layers of a DNN
were better reflected by the lower- and intermediate-level features of the search-RT space. However,
while we find that later visual processing stages better reflected the complex shape features of the shape-
guided sorting space, this space did not strongly correlate with later DNN layers. This mismatch in
representations between later visual processing stages and later DNN layers lends support to past work
showing that DNN's classification performance, unlike human object recognition, relies more on in-

formation on object texture than on object shape (Geirhos et al., 2018; Long & Konkle, 2018).
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3.4 DISCUSSION

Here, we have explored the features underlying explicit and implicit behavioral similarity measures.

In line with past literature, by visualizing the similarity spaces with multidimensional scaling, we
found that the search-R T and the shape-guided sorting tasks reflected object features along more visual
dimensions as compared to the unguided sorting ask (Mur et al., 2013; Cohen et al., 2017; Bracci &
Op de Beeck, 2016). However, the search-RT space seemed to reflect perceptual features at a lower-
and intermediate-level, while the shape-guided sorting space contained more complex shape-related
features. The unguided sorting space seemed to organize objects along more categorical and semantic
dimensions.

After qualitatively assessing the differences among these similarity spaces, we evaluated how well
they reflected neural responses in the ventral stream. We found that the two behavioral similarity
spaces containing more visually-based features well-reflected different hierarchical stages in the ventral
stream. On the other hand, when evaluating our behavioral models fit to a DNN, we found only a
partial correspondence with the ventral stream: while earlier stages of processing were well-correlated
with the search-RT space in both brain and model, later stages of processing had a good fit with shape-
guided sorting space only in brain, while no behavioral space showed a satisfactory fit with later DNN
layers.

In results reported in Appendix C, we have tested how well individual AlexNet layers, AlexNet
as a whole, and our three behavioral models performed in predicting broad neural sectors of OTC
with weighted representational modeling and found predictive performances largely fitting our ob-
servations (see Figure C.2), but failing to identify the nuances that could be observed when exploring
neural populations at a smaller scale. Future work could employ this predictive modeling approach
in order to explore the fit between brain and behavior, and brain and AlexNet, at a smaller scale (i.e.

through a searchlight or a posterior-to-anterior gradient analysis).
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Next, were going to address separately the implications of our findings for the representational
spaces underlying the ventral stream, compare our results with previous findings, and discuss what

they may suggest about how information is computed in DNNs as compared to the brain.

3.4.1 REPRESENTATIONS IN THE VENTRAL STREAM

Given past literature, we hypothesized that more categorical information was going to more closely
reflect neural responses more anteriorly in the ventral stream (Peelen & Caramazza, 20125 Proklova
et al., 2016; Bracci & Op de Beeck, 2016), and more perceptually-based information could show fits
both in anterior and posterior regions of the ventral stream (Bracci & Op de Beeck, 2016; Cohen et al.,
2017; Hong et al., 2016; Long et al., 2018). However, no study had so far tested the explicit and implicit
shape similarity judgments one against the other in how well they reflected neural responses in the
ventral stream.

By relating the behavioral spaces to the brain through a searchlight analysis and with a posterior-to-
anterior gradient along the ventral stream, we observed that the search-RT space better reflected earlier
visual processing regions, while the shape-guided sorting space better reflected later visual processing
regions. On the other hand, the more categorical space of the unguided sorting task did not show high
correlations anywhere along the ventral stream.

While our group in the past theorized a common similarity space shared across all OTC (Cohen
etal., 2017), these results conflict with such a possibility, at least when considering item-level similarity
spaces. More likely, our analyses suggest that the search-RT and the shape-guided sorting space may
highlight two sub-spaces in the ventral stream involved at two different levels of visual processing (for
theoretical ideas on how similarity spaces might develop along the ventral stream, see DiCarlo et al.
(2012)): an earlier stage, which is best reflected by the implicit similarity measure, is involved in the
detection of pictorial information about objects such as curvature and shape. At some point during

visual processing, a radical transformation of information would occur following which object infor-
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mation could become more complex, and resistant to simple transformations. In this later stage, the
explicit similarity judgments of the shape-guided sorting task would best reflected the neural popula-

tions space.

3.4.2 COMPARISON WITH PREVIOUS FINDINGS

Why did we find different results from Cohen et al. (2017) when relating brain and visual search task?
First, Cohen and colleagues employ a template-based version of the visual search task to test category-
level responses in high-level visual cortex (Cohen et al., 2017). In the version of the task we adopted,
participants did not prepare a mental representation of the target object at the beginning of a trial.
Second, we looked at item-level RT differences among 72 objects, for a total of 2556 target-distractor
comparisons, rather than at category-level ones. Thus, the search-RT space as produced by the present
study paradigm might contain different features distinguishing objects at the item level, and relate
differently to representations throughout OTC. It is thus not surprising to observe relatively more
posterior fits to the ventral stream in the case of this item-level search-RT space.

The present work is also partly in contradiction with findings from Bracci & Op de Beeck (2016)
where, employing similar unguided and shape-guided paradigms, they found that shape and category
information coexisted in more anterior regions of the ventral stream. In the present study, we find that
information in these areas seems to primarily relate to shape, and that category information is virtually
non-existent. Future work could get at this more directly by explicitly instructing participants to sort

based on semantic categories.

3.4.3 RELATING DNNS AND THE BRAIN

While the shape-guided space was a good match for the most anterior parts of the ventral stream, it did

not perform comparably well in explaining later layers of a DNN. This result is supported by recent
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literature suggesting that most DNNs might be biased towards classifying texture rather than shape
information, thus accomplishing object recognition in a different way from how the brain performs
it (Geirhos et al., 2018; Long & Konkle, 2018).

The tasks developed here might be useful for future work seeking to diagnose the underlying shape-
space of DNNSs, and could potentially be employed to train DNNS at performing object classification

in a way that is closer to how the brain performs it.

3.5 CONCLUSION

The present work sought to compare different behavioral paradigms in how well they reflected neural
responses along the ventral stream, as well as testing how well they related to similarity spaces of in-
creasing complexity produced from layers of a DNN. We demonstrate that a reliable similarity space
which well-reflects early and intermediate visual processing stages can be achieved with a new, large-
scale online odd-one-out visual search paradigm. On the other hand, we also show evidence that ex-
plicit similarity judgments in a sorting task paradigm are strongly aftected by the type of instruction
given, with similarity judgments based on more visual features leading to better fits for later stages of
visual processing.

Overall, these results give further insight into the representational stages underlying the processing
of visual information along the ventral stream, and point to differences in the way models and brain

might accomplish object recognition.
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3.6 METHODS

3.6.1  STIMULUS SET

For both the fMRI experiment, the sorting tasks and the visual search task, we employed the same
72 pictures of inanimate object categories on white background ranging different sizes. Objects were
presented in color on a white background for the fMRI experiment and the sorting tasks. For the
visual search task, we removed the background, gray-scaled and luminance-matched the objects to

remove some of the effects of low-level visual properties which might affect reaction times.

3.6.2 FMRI EXPERIMENT
PARTICIPANTS

Thirteen healthy observes with normal or corrected-to-normal vision participated in a 2 hour fMRI
session (age range: 19 - 32 years; 8 females). Three participants were excluded for excessive motion, for

a total of 10 subjects that underwent analysis after preprocessing.

FUNCTIONAL RUNS

We presented the 72 objects on a display as participants lied in the scanner during a mini-block design.
A total of 10 participants were collected, and 8 six-minute runs per participant. Each run included 72
mini-blocks for all objects, and 4 15-s rest periods interleaved throughout. During each run, partic-
ipants were asked to think about the objects presented in a different way, specifically to: 1) how to
interact with them, 2) where they’re found, 3) what they’re for or 4) their physical properties. The
purpose of this manipulation was unrelated to the goals of this study. In addition to thinking about

those properties, participants were also asked to detect when an object was surrounded by a frame.
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MRI AcQUISITION

Imaging data were acquired on a BioSpin MedSpec 4T scanner (Bruker) using an eight-channel head
coil. Functional data were collected using an echo-planar 2D imag- ing sequence (TR, 2000oms; TE,
33ms; flip angle, 73°% slice thickness, 3mm; gap, 0.99mm, with 3 x 3 in-plane resolution). Volumes
were acquired in the axial plane parallel to the anteroposterior commissure in 34 slices, with ascending

interleaved slice acquisition.

DaTta ANALYSIS

Functional data were analyzed using Brain Voyager QX software and MATLAB. Preprocessing in-
cluded slice scan-time correction, 3D motion correction, linear trend removal, temporal high-pass fil-
tering (o.o1 Hz cutoff), spatial smoothing (6 mm FWHM kernel), and transformation into Talairach
(TAL) coordinates. General linear model analyses included square-wave regressors for each condition’s

presentation times, convolved with a gamma function to approximate the hemodynamic response.

3.6.3 BEHAVIORAL EXPERIMENTS

UNGUIDED AND GUIDED SORTING TASK

For both experiments, participants were required to arrange objects displayed on a computer screen
inside a circular arena based on their similarity. This experiment aims to compute a measure of psycho-
logical similarity as a function of distance, thus assuming a geometric model of mental representation
(Kriegeskorte & Mur, 2012).

The experiment followed an adaptive trial design, in which all 72 objects were presented at the
first trial, and consequent trials vary based on the information gathered and the dissimilarity evidence

available so far (see Kriegeskorte & Mur (2012) for further details and code). At the end of the first
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trial, the distance between the objects corresponds to an estimate of the representational dissimilarity
matrix (RDM), which is then recomputed at the end of each trial based on the available evidence. The
subset presented at the following trial is determined based on the current information available from
the estimated RDM. Rather than considering absolute distances, the scaled distances between objects
were used to estimate the RDM.

The whole experiment lasted one hour plus time for rest, which occurred every eight trials, and
could last as long as participants wanted. Before starting the experiment, participants performed a
practice trial on eight geometrical and abstract shapes to familiarize themselves with the interface.

Two different versions of the experiment were performed, and unguided version to record categor-
ical similarities between objects, and a guided version to record shape similarities between objects.

In the unguided version of the experiment, no specific instructions on the kind similarity to con-
sider was provided. This followed the classic paradigm followed in past studies and it’s known to lead
to a representational space which is more categorical and semantic (Mur et al., 2013; Jozwik et al., 2016).

In the guided version, participants were given more precise instructions, and asked to arrange ob-

jects specifically by shape similarity, ignoring alternative categories such as color or function.

PARTICIPANTS AND PREPROCESSING: SORTING TASKS

We collected 26 participants for the unguided, and 25 participants for the guided version of the study.
Subjects were excluded if the Fisher z-transformed average correlation with other subjects negatively
exceeded a z-score threshold of 2. After preprocessing, 23 participants for the guided and 25 for the

unguided were retained. A group RDM was then computed by averaging the single-subject RDM:s.
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VisuaL SEARCH TASK

We collected reaction times (RTs) during a visual search task as a measure of target-distractor similarity
(Duncan & Humphreys, 1989). During the visual search task, participants had to fixate on a fixation
cross at the center of a circular arena on a computer screen. After s00s, 6 images of objects were then
displayed on a circular array, all the objects were the same (distractors) except on (target), subjects
were required to respond as quickly as they saw the distractor by pressing a key (the space-bar). All
images were presented on a gray-scale to prevent the predominance of hue over shape and curvature
(Alexander et al., 2019).

Reaction time was recorded from object presentation to the space-bar press. After the space-bar was
pressed, objects were masked for 2soms. If more than 5 seconds passed without a response, a warning
appeared and the experiment was paused until participants were ready again which was signaled by a
button press. Once they were ready, the same trial they did not respond to was repeated.

If participants responded within the 5 second interval with a space-bar, the images were masked
for 250ms with noise and then six numbered rectangular frames appeared in place of the images, with
numbers from one to six. Participants had to report where the object was in the array by pressing the
correct number, and if they did not respond within 10 seconds a warning appeared, urging them to
repeat the trial again when ready, which they signaled by a button press. If they responded incorrectly,
another warning appeared and the next trial was delayed by 3 seconds, which motivated participants
to respond accurately. If participants responded correctly, then the array disappeared, and the next
trial resumed after sooms.

In an individual experiment, each object pair was presented both as target and as distractor six times
(once per position in the array), for a total of 12 individual trials per object pair, and target-distractor
asymmetries were later averaged to compute an individual mean RT for a specific object pair.

Pilot data revealed that reliable data could be obtained with at least 27 individual mean RTs per
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object pair. Obtaining 27 individual mean RTs for each of the 2556 object pairs, each of which was
presented 12 times, amounts to a total of 828,144 trials.
We decided to divide all conditions in a counterbalanced way among s7s1 separate trial sets, em-
ploying Amazon Mechanical Turk. Participants could perform more than one individual trial set.
Each trial set consisted of 12 object pairs, and we ensured that there was no repeating object among
these 12 pairs within a trial set. We also ensured that there was no more than s0% overlap of conditions

(i.e. object pairs) among all 5751 trial sets, to later improve the removal of individual subject variability.

PARTICIPANTS AND PREPROCESSING: VISUAL SEARCH

* Trials Trimming. For each participant (n = 1,272), we removed trials in which they responded
incorrectly, reporting the target at the wrong location. Then, we iteratively removed trials
whose z-transformed RT was above 2.5: at each iteration, the highest z-scores above 2.5 was
removed, and the z-scores recomputed without that data point. The exclusion process termi-
nated when there were no more z-scored RTs above 2.5. For each subject, we excluded a whole

condition/pair if more than 33% of the trials (i.., if more than 4 out of the 12 trials) were miss-
ing.

* Target-Distractor Asymmetries. After testing on pilot data that the average highest between-
pair difference between fastest and slowest response was higher in magnitude than the average
highest target-distractor difference, we decided to average across targets and distractors RT for

the same pair, and, in this way, were able to construct a 72 x 72 symmetric RT matrix.

* RT Matrix Normalization. To account for between-subject differences withoutlosing between-
group differences, we submitted the log-transformed 2556 RT pairings to a mixed-effect model,
with the target-distractor pair as predicting fixed-eftect variable and subject as predictive random-

effect variable. Note that we collapsed across target-distractor asymmetries, thus each object in
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a pair was target in half of the data points and distractor in the other half. In this way, we were
able to remove the individual differences as random-effect from the “true” differences in RT
based on target-distractor dissimilarity. To ran the linear mixed-effect model by employing ef-
fect coding, in which the mean RT for each level of the categorical variable “target-distractor
pair” is compared to the grand mean. This resulted in 2555 fixed-effect coefficients and an in-
tercept, as well as a random-effect of the intercept for each subject. Since in effect coding the
constraint is that coefficients must sum up to zero, we were able to compute the last coefficient
as the difference between zero and the sum of the 2555 coefficients. We the added the intercept
value, which corresponds to the average normalized RT, to the 2,556 fixed-effect coefficients in

order to make all values positive.

* Dissimilarity Matrix construction. To build the dissimilarity matrix for the fixed-effect coeffi-
cients of the RTs, we subtracted from the overall highest value each single coefficient. No fur-
ther transformation was needed, as the difference between fixed-effect coefficients corresponds
to their perceived dissimilarity, with lower values corresponding to lower RTs and larger target-

distractor difference, and vice versa.

3.6.4 DEEP NEURAL NETWORK SETUP

We submitted our Dataset to AlexNet, an 8-layer deep convolutional neural network pre-trained with
ImageNet (1.2 million images), and extracted the features for each layer. AlexNet comprises 8 layers,
5 convolutional and 3 fully connected ones. For the five convolutional layers, features were summed

across the image plane. We computed 72 x 72 RDMs for each layer based on Euclidean distance.
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3.6.5 RELIABILITY ESTIMATION

To have an estimate of the reliability of our spaces, we performed an iterative split-half correlation.

Reliability was measured by correlating using Pearson’s correlation, plotting.

* Search Task. To get an estimate of reliability, we ran an iterative split-half correlation for both
log-transformed average RT coeflicients and for the fixed-effects resulting from the mixed-
effect model, for a total of so iterations. At each iteration, the Dataset was split into two ran-
dom halves with an equal number of subjects for each group and submitted to two separate
mixed-effect models. The fixed-effect coefficients resulting from the two models were then
correlated, employing both Pearson’s r and Kendall’s tau. Finally, the correlation values were
averaged across iterations to get an estimate of test-retest reliability. The average correlation
between fixed effects across iterations was compared to the average correlation between the
log-transformed R'Ts for the two sets. If the mixed-effect model did indeed remove individual
subject noise, the fixed coefficients should have been more highly correlated between the fixed
effects than the log-RTs. The fact that we did observe the fixed effect correlations to be higher

points to the soundness of our normalization method.

* Sorting tasks. Reliability and noise ceiling estimates were computed by iteratively (n=1000).
dividing the subjects in two separate groups, averaging the RDMs and correlating them using

Pearson and Kendall’s tau correlation separately.

3.6.6 EXPLORING THE BEHAVIORAL SPACES: MDS PLOTS AND CORRELATIONS

To have an estimate of the similarity of our models’ spaces, we computed the pairwise correlations. In
addition, we qualitatively estimated the main dimensions of the representational spaces by employing
multidimensional scaling (MDS; criterion: metric stress; distance measure: Euclidean distance for

guided and unguided sorting task, RT distance for visual search).
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3.6.7 RELATING BEHAVIOR AND BRAIN: SEARCHLIGHT ANALYSIS

We explored how our behavioral models related to neural representations in OTC more locally by
employing searchlight analysis.

To do so, for each individual subject, for every voxel in the gray matter, we computed the neighbor-
ing voxels within a spherical searchlight area of 3 voxel radius (mean number of neighbors ~ 113). For
each sphere, we then compute the neural RDM (distance: 1 - correlation). Then, each searchlight is
correlated separately with the dissimilarity matrices from the three space (search-RT, unguided sorting
and shape-guided sorting).

Average correlations were computed across subjects to produce three separate group maps, one
per searchlight analysis (Figure 1b,c and d). All three maps from the three behavioral models were

thresholded at 0 > r > o.15.

3.6.8 POSTERIOR-TO-ANTERIOR NEURAL SLICES CONSTRUCTION

To assess whether there was overall difference in how well our three behavioral models reflected neural
responses in the posterior-to-anterior gradient, we wanted to compare our behavioral RDMs to neural
RDM:s for “neural slices” of voxels going from more posterior to more anterior regions of the ventral
stream.

To build our neural slices, we first produced a mask from the intersection between OTC, drawn at
the individual level on BrainVoyager based on anatomical landmarks, and the 1000 most active voxels
for the contrast [ All Objects > Rest] at the group-level.

To produce a “neural slice,” for a given Talairach y coordinate, we extracted the voxels which were
in the +3mm range from that coordinate in the mask. We then produced, for the voxels included at
each slice, a neural RDM based on Euclidean distance, and the values were re-scaled in the zero-to-one

range.
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Each neural slice RDM was then correlated with the three separate behavioral RDMs, and the re-
sulting Pearson’s correlation values were displayed in a linear plot with neural slice on the x-axis, and
Pearson correlation on the y-axis.

To produce group-level neural slices RDMs, we averaged neural slices sharing the same y coordinate
across participants. All participants shared common y coordinates with the others for most of their
neural slices: there were 18 out of 18 shared neural slices/coordinates for three participants and 18 out
of 19 shared neural slices/coordinates for six participants. One participant shared 17 out of 18 neural
slices/coordinates with the others.

Of the participants with additional slices/coordinates, two participants had an additional neural
slice more posteriorly than the others, and other four participants had an additional neural slice more
anteriorly than the others. For these cases, the additional neural slicce RDM was averaged with the
neighboring slice.

This resulted in 18 separate RDMs per participant, and the ones sharing the same y coordinates

were averaged together across participants to produce group-level RDMs.

3.6.9 RELATING BEHAVIOR TO HIERARCHICAL STAGES IN BRAIN AND MODELS: PEAR-

SON’S CORRELATIONS

* Neural Slices. We plotted the Pearson’s correlations between group-level neural slice RDMs
and behavioral RDMs, and overlaid them with the iterative split-half reliability for the given

neural slice (1,000 iterations).

* AlexNet layers. We assess the similarity between our three behavioral spaces and the 8 separate
DNN layers by computing the Pearson’s correlations between each of the behavioral RDMs
and each of the DNN layer RDMs. To allow easier comparison of similarity between DNN

and behavior across tasks, we also weighted the correlations by dividing them for the individual
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reliabilities.

3.6.10 RELATING BEHAVIOR TO HIERARCHICAL STAGES IN BRAIN AND MODELS: COM-

MONALITY ANALYSIS

We then computed the amount of unique variance contributed by each separate behavioral model in
explaining a given neural slice or DNN layer. To do so, we performed a commonality analysis (Groen
etal,, 2018), in which we ran four separate regression models with the RDM for a given neural slice or
AlexNet layer as predicted variable.

Of the four models, one model had all three behaviors as predictors (search-RT, shape-guided sort-
ing and unguided sorting), and the other three had only two of the behaviors as predictors, to satisfy
all pairwise combinations of the three behavioral spaces. To compute the amount of unique variance
contributed by one of the behaviors (e.g., search-RT), we subtracted the R squared (R?) for the model
with the two other behavioral spaces as predictors (e.g., shape and unguided sorting) form the R? of
the model with all three behavioral spaces as predictors. This was done to compute the unique vari-
ance of each behavior. The unique variances so computed were then displayed in a linear plot, and

the R square for the three-predictor model was overlaid in a dashed gray line.
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Conclusion

In this dissertation, I have investigated how visual information about objects is organized and repre-
sented in the visual cortex. To do so, I have employed two primary approaches: in Chapters1and 2, I
have explored the way in which the natural covariance of size with lower- and higher-level properties
affects the large-scale organization of objects in occipitotemporal cortex; in Chapter 3, I looked at the
finer-grained differences among object representations at the item-level, and how their representations

change along the ventral stream.
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More specifically, the first chapter tested the relationship between size and manipulability, and
how the natural covariance between these two properties is represented in higher-level visual cortex. I
found that manipulability and size are both encoded in high-level visual cortex, and that they are not
independent from each other. Rather, small-object regions are driven by manipulable small objects.
Post hoc analyses further showed that a property related to stability might be a strong driver for object
representations in large-object preferring regions.

After looking at the relationship between real-world size and the behaviorally-relevant property
of manipulability, the second chapter investigated the relationship of real-world size and the mid-level
visual property of curvature. I found that, also in this case, the relationship between size and curvature
was not orthogonal, but that encoding of object information was affected by the natural covariance
between these two properties.

Finally, the third chapter looked more closely at the way in which the representational space is trans-
formed along the ventral stream, by testing different behavioral similarity spaces, and finding that two
behavioral measures of perceptual similarity best related to different processing stages along the ventral
stream.

These findings inform questions concerning (i) what gives rise to the organizational principles un-
derlying object representations in human visual cortex, and (ii) what is the representational space and

what are the features underlying this organization. Here, I am going to discuss these issues in turn.

4.1 WHAT DRIVES THE ORGANIZATION IN HIGH-LEVEL VISUAL CORTEX?

In this section, I will discuss how these findings leverage on two alternative explanations for what may
drive the large-scale organization of OTC.
On the one hand, the finding that the natural covariance between size and curvature affects neural

responses (Chapter 2) gives support to the "visual bias” hypothesis. According to this hypothesis, the
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origin of the organization of objects representation in OTC stems from regularities in the real-world
natural statistics which would then bias and constraint the way information is encoded from earlier
to later stages of visual processing. That is, since size tends to relate in a specific way with objects’
visual features, these regularities would then affect the visual input, and the way this information is
transferred and processed at later stages (Konkle & Oliva, 2012b; Srihasam et al., 2014).

On the other, results unveiling the relationship between size, manipulability and spatial stability
(Chapter1) are in line with the "connectivity hypothesis,” according to which the organization of high-
level visual cortex may be driven by long-range connections with behaviorally-relevant networks, such
as networks involved in action or navigation (Mahon & Caramazza, 2o011).

While the two chapters seem to defend diametrically opposing views, it should be noted that the
size x manipulability stimulus set employed in Chapter 1 did not correct for low- and mid-level visual
features which may covary with size and manipulability. Thus, bias from earlier stages of visual pro-
cessing cannot be excluded to account at least in part for this organization, and I actually believe it to
play an important role.

However, there are multiple ways in which low-level visual biases could constraint the mapping and
organization of object representation in the ventral stream. One is through the pre-set innate structure
of visual cortex: that is, manipulability and navigability information may covary meaningfully with
visual low- and mid-level features such as curvature and eccentricity, and thus lead to this information
being mapped and constrained by innate visual processing pathways (Konkle & Oliva, 2012b; Srihasam
etal., 2014).

Alternatively, experience we have with our surrounding environment in the early years may lead
to the shaping of visual processing information: the behavioral relevance of both manipulability and
navigability lends support to the possibility that our attention might be drawn to the features most
diagnostic of these properties, which would not only be shaping visual cortex information innately,

but also through learning mechanisms (Long et al., 2019).

110



The extreme consistency across subjects on the location of both large-scale and category-selective
regions would suggest that an underlying proto-map of innate visual biases is to the least already in
place (Srihasam et al., 2014). On the other hand, experience has also an important role, as is proven by
the existence of category-selective regions for words, which could not have feasibly emerged through
evolutionary processes (Dehaene et al., 2010). It is thus likely that these forces together are involved in
driving the observed organizational structure.

While visual biases do seem to play a role in shaping the organization of the visual cortex, long-range
connectivity with behaviorally-relevant areas has also been reported. In support of the connectivity
account small-, big- and animal-selective regions have been shown to connect to separate sub-networks
(Konkle & Caramazza, 2016), and it is indeed possible that the tuning of OTC for small manipulable
and large stable objects might be partly driven by these long-range connections. However, further
studies need to be performed in order to understand whether this connectivity is innately present
(Mahon & Caramazza, 2011), or emerges with pruning during development in response to differential
tuning from the visual cortex (Konkle & Oliva, 2012b; Konkle & Caramazza, 2016; Innocenti & Price,
2005). On this second account, the long-range connectivity would thus follow from the organization
of high-level visual cortex driven by visual biases and experience (Konkle & Oliva, 2012b; Srihasam
etal,,2014), rather than being its cause. Future work exploring the neural development of connectivity
could help clarify whether such connections are built-in or pruned following experience.

Overall, this thesis does not confirm neither of these hypotheses, and does not clarify whether rep-
resentations in high-level cortex are driven more by proto-maps and neural blue-prints, or by experi-
ence and neural pruning. However, it paves the way for further research into these areas, by proving
what had already been hypothesized from the first observation of a large-scale organization of OTC by
real-world size: that size constitutes an interpretable, high-level descriptor for a multitude of complex
and covarying dimensions which, together, lead to the shaping of representations in occipitotemporal

cortex (Konkle & Oliva, 2012b).
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4.2 REPRESENTATIONAL CHANGES ALONG THE VENTRAL STREAM

This thesis primarily deals with the featural space(s) underlying the organization of object representa-
tions in OTC, and what dimensions they may contain.

Related to the hypothesis of retinotopic mapping extending to higher-order regions in driving vi-
sual object organization, recent studies have shown encoding of mid- and intermediate-level features
all along the ventral stream: not only at earlier stages of visual processing in more posterior regions, but
also more anteriorly, alongside invariant object representations and categorical information (Hong
et al., 2016; Bracci & Op de Beeck, 2016). Similarly, our group as previously advanced the hypoth-
esis of a stable and widespread representational space underlying the whole occipitotemporal cortex
that was well-predicted by visual search behavior (Cohen et al., 2017). This literature would suggests
a certain degree of homogeneity in the representational space underlying the visual cortex.

However, when comparing the neural representational space to different behavioral similarities
in Chapter 3, such a homogeneity was not observed. Indeed, I found that two perceptual item-level
similarity measures that seem to relate to, respectively, lower-level (i.e. pictorial, related to edges and
contour) and higher-level (i.e. related to complex object shape) visual features best reflected neural
responses at different points along the ventral stream, respectively more posteriorly and more anteri-
orly.

This implies that the representational space along the ventral stream might not be as homogeneous
as previously observed: there rather seems to be a point along the ventral stream in which the un-
derlying shape-space is radically changed, presumably through pooling and pruning of information,
which allows for higher-level visual information to emerge, but that does not completely throw out
all lower-level visual features information (Hong et al., 2016). More specifically, the reasons for such
a transition could signify a change from a stage in which the encoded information is more pictorial

and related to the object’s contour, to a stage in which it becomes more structural and invariant to
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transformations (DiCarlo et al., 2012).

Interestingly, while I did find good fits between the lower-level implicit similarity space and inter-
mediate DNN layers, the fit was not as good for the higher-level similarity space and later layers of
the model. Deep-neural networks constitute the state-of-the-art in the modeling of visual cortex, and
have been a powerful instrument in the interpretation and exploration of the representational spaces
underlying the ventral stream (Gliglii & van Gerven, 2015; Yamins et al., 2014). However, more recent
studies have observed idiosyncrasies between human judgments and DNNs that hint to differences in
the underlying computations and representations: a growing body of literature shows how applying
small perturbations to images that leave human judgments unaffected result in misclassifications for
models (Geirhos et al., 2017). Differently from the visual cortex, they seem to relate more on texture
rather than shape in order to accomplish object recognition (Long et al., 2019; Geirhos et al., 2018).

Further study and investigation of the implicit measure of similarity I developed, along with per-
ceptual and categorical explicit similarity measures, could help us further understand the similarity
space underlying the ventral stream, and the transformations this space goes through at later stages of

visual processing, as well as help us build models that more closely match human judgments.

4.3 CONCLUSIONS

This dissertation contributes to the field by exploring the influence of covarying properties in shaping
neural responses to object size in high-level visual cortex. I found that, when looking at the large scale
organization by size, following the natural covariance between size and manipulability/stability on
one side, and size and curvature on the other, led to stronger and more stable neural representations.

This dissertation does not directly test opposing theories on what may have driven this organiza-
tion to begin with (innate long-range connectivity blueprints? Innate visual biases from earlier visual

regions?). However, by showing that neural responses are tuned by the natural covariance of size with
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other properties, this thesis paves the way to future research on this area.

Further, by comparing the neural representational space to different measures of similarity, I ex-
plored the content of this space and developed a new behavioral paradigm with which it may be pos-
sible to test and probe computational models of human vision.

Overall, this work has given new insights into how the brain can accomplish the incredible feat of
transforming and representing information in such a way as to allow us to see the world that surrounds

us.
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A1 SuPPLEMENTARY ROI ANALYSES

Ai11 METHODS

LARGE-TOS AND CaTEGORICAL ROISs SELECTION

In addition to the small-ITG and large-PHC, we identified left and right large-object selective TOS
(Large-TOS , see Figure Sia; n=15 for left hemisphere, n=13 for right hemisphere; average size of 226
voxels).

To connect our main findings with previous literature, we also defined gray-matter masked spher-
ical ROIs (rzmm radius) around the peak of activation for object-selective LOC and scene-selective
PPA and OPA. PPA and OPA were localized in each participant using the contrast of Scenes > Ob-
jects from the functional Localizer runs (n=18), LOC was localized in each participant using a contrast
of Objects > Scrambled from the same runs (n=17). The average size was 228 voxels for LOC, 257 vox-
els for PPA and 248 voxels for OPA. LOC was localized in all but one subject due to a technical issue

related to stimuli presentation.

ROIs OVERLAP

When comparing the location of the spherical ROIs, there was systematic overlap between Small-ITG
and LOC, between Large-PHC and PPA and between Large-TOS and OPAKonkle & Oliva (2012b).
To quantify this, ROI overlap was computed by extracting, for each subject, the number of voxels
shared between Small-ITG and LOC, between Large-PHC and PPA and between Large-TOS and
OPA. The average of the shared voxels was then computed across subjects and divided by the aver-
age extension of LOC, PPA or OPA across subjects. On average, 33 percent of left LOC overlapped
with left Small-ITG and 8 percent of right LOC overlapped with right Small-ITG: right Small-ITG

was located more anteriorly and dorsally than its left counterpart, while left and right LOC were rela-
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Figure A.1: LOC and PPA: regression results.

tively symmetrical. Additionally, 47 percent of left PPA overlapped with Large-PHC while so percent
of right PPA overlapped with right Large-PHC. Finally, 13 percent of left OPA overlapped with left

Large-TOS and 22 percent of right OPA overlapped with right Large-TOS.

A2 Resurrs
LOC anp PPA.

We observed a pattern of results mostly convergent with our main results when running regression
models in LOC and PPA with fsize, fmanip and fsabiticy as predictors (see A.1).

Similarly to what observed with Small-ITG, LOC was significantly associated to fiize, fmanip and
their interaction (see Table A.1, left). This result differs only slightly from small-ITG, in which there
was no significant contribution of fian;p alone.

PPA was significantly associated to fiize and marginally to the interaction between fiize and fiapiticy

(see Table A.x,right). This result is largely in line with the one observed in Large-PHC.

LarGEe-TOS anD OPA.

We found a significant contribution of f,e and of the interaction between fg,e and fiabiticy in Large-

TOS (Figure A.2b), but inspection of scatterplot and barplot of activation to individual objects didn’t
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Figure A.3: Large-TOS: Barplot.

reveal a clear direction of the interaction (Figure A.2c and Figure A.3). Finally, OPA was only signifi-

cantly associated to fg,e, without other factors or interactions significantly contributing (Table A.4).

A2 SUPPLEMENTARY SEARCHLIGHT ANALYSES

When performing the searchlight analysis, we observed additional sub-regions which we did not cover
in the main analyses, as the model fits tended to be lower. Here, we plot the activation within these
sub-regions for each of our 72 objects.

Figure A.sa depicts the sub-region composed of small-object preferring voxels which show a pos-
itive fgize *foabilicy interaction, showing a preference for moving over stable big objects, and an overall

trend in preferring moving over non-moving across object size. This area might be partly overlapping
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Figure A.4: OPA: Regression results.
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Figure A.5: Supplmenetary Searchlight Results.

with region MT+ which is known to show a preference for moving over non-moving stimuli.

Figure A.sb depicts the sub-region composed of large-object preferring voxels which show a nega-
tive fsize *fitability interaction, showing a preference for stable over moving big objects. Curiously, this
region seems to be partly overlapping with Large-TOS and OPA.

Figure A.sc depicts the sub-region composed of large-object preferring voxels which show a positive
fsize fmanip interaction, showing a preference for manipulable over non-manipulable small objects, and

a trend towards preferring non-manipulable over manipulable small objects.
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Figure B.1: Behavioral Results form First Block. Interaction plots for reaction times (RT; in milliseconds) and accuracy

(in percent correct), for the Size and the Curvature Tasks when only the first block is considered. Error bars reflect the
within-subject standard error (n = 12).
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Figure B.2: Individual Voxel-wise Preference Maps for Size and Curvature Preference. Individual surface maps plot-
ting the location of each single voxel in OTC color-coded based on its size and curvature preference following the
scheme on Figure 2.3.
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Figure B.3: Individual-level Odd-Even Correlations for Typical and Atypical Maps. Bar-plots of individual and average
odd-even runs correlations for the typical and atypical maps. The mean correlation bars (rightmost) were computed
by averaging the values across subjects, and are the same plotted in Figure 2.5b of the main manuscript. Error-bars
represent standard error (n = 16).
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C.1  SUPPLEMENTARY METHODS — PREDICTIVE MODELING OF BRAIN AND BEHAVIOR

C..1 NEURAL SECTORS SELECTION

Four broad neural sectors were selected based on anatomical landmarks. Early Visual cortex (EarlyV),
which included areas V1, V2 and V3, was based on retinotopy maps for a contrast of horizontal versus
vertical lines. The ventral stream was divided among two broad sectors, ventral and dorsal occipital-
temporal cortex (VOTCand IOTC). Finally, a neural sector was selected for the dorsal stream, spanning

occipital and parietal lobe (occipital-parietal cortex, OPC).

C.2  SIMILARITY MATRIX CONSTRUCTION

Brain

For each sector, the mean activation for all objects was computed and intersected with the gray matter
mask. Then, the top 1000 most active voxels were selected from each sector, and used a to compute a
72.x 72 RDM for that sector using correlation distance. This resulted in four separate 72 x 72 similarity

matrices, one per neural sector.

ALEXNET

We computed feature-level RDMs for each layer based on Euclidean distance separately for each fea-

ture in each layer.

C.1.3 PREDICTIVE MODELING

To obtain a predicted estimate of the true model from our predictive models (individual DNN lay-
ers, collapsed DNN layers, or behavioral models), we employed linear regression with 9-fold cross-

validation, in which data is divided into 9 groups, and 1/9th of the data is removed at each iteration,
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the beta weights are computed with the retained data, and a prediction of the removed data is produced
with the beta weights values that have just been computed. At the end of the process, beta weights
computed at each iteration are averaged, and an average predictive matrix is produced by combining
together the predictions computed for the corresponding conditions.

This method allows us to obtain a measure of the degree to which a model is able to generalize and
predict new data it was not trained to explain, it is thus a more powerful tool than simple regression.

We employed non-linear least square regression (NNLS) to compute the beta weights.

PREDICTING BEHAVIOR WITH DNN LAYERS

We built nine separate model to predict our behavioral similarity spaces: 8 models consisted of the fea-
ture RDMs from each of the 8 DNN layers separately, the ninth model consisted of all RDM features
from all layers. This resulted in a total of 3 (behavioral spaces) x 9 separate models. The predicted
variable was the average RDM across subjects for the sorting tasks, and the RT space for the visual
search task. The predictive variables for each model were the RDMs corresponding to the individual
features for that layer (dissimilarity measure: Euclidean distance). The model corresponding to layer
convi of AlexNet thus comprised 96 predictors, conva comprised 256 predictors, and so on.
PREDICTING BRAIN WITH DNNS AND BEHAVIOR
Each of the four neural sectors was predicted with a total of 12 separate models:

* 8 DNN layers models (similarly as above for predicting behavior),

* one model with all RDM features of all layers used as predictors,

* 3 behavioral models.

The predicted variable was the average neural RDM for that specific neural sector.
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Noise Ceiling for Neural sectors. Noise ceiling was computed with an iterative split-half Kendall
correlation procedure, in which at each iteration individual subject RDMs were split into two random

groups, averaged and correlated (n iterations = 1000).

C.I.4 INFERENTIAL ANALYSIS OF MODEL PERFORMANCE

Inferential analyses was also performed with the RSA toolbox developed by Nili et al. (2014). The
predictive power of a certain model is established by computing the Kendall’s rank correlation coef-
ficient tau between each candidate RDM (the RDM:s constructed based on each candidate model)
and the reference RDM. Error bars on the bar plots indicate the standard error, estimated by a condi-
tion bootstrapping procedure (1000 iterations), which simulates the variability of the estimates across

condition samples.
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C.2 SUPPLEMENTARY RESULTS — PREDICTIVE MODELING OF BRAIN AND BEHAVIOR

C.2.1 PrREDICTING BEHAVIOR WITH DNNS AS MODELS

The results of weighted representational modeling when predicting behavior with DNNs can be seen
in Figure C.1. When predicting the search-RT space, we can observe a similar profile to the one ob-
served with simple Pearson’s correlation (Figure 3.3b): also in this case, earlier and intermediate layers
performed best at predicting this implicit task compared to the explicit tasks (Figure C.1 left). When
collapsing all layers together in one unique model, performance was not greatly improved.

Also in line with our main results, when predicting the two sorting tasks (Figure C.1 center and
right) we find that for both spaces later, fully connected layers perform better as compared to earlier
layers, with performance reaching noise ceiling. When collapsing all layers in one unique model, per-
formance showed a slight improvement in both cases, suggesting that to some degree different layers

predicted different aspects of the spaces.
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Figure C.1: Predicting Behavior with DNNs as models. Kendall’s tau correlations between reference RDMs (left:
search-RT, center: shape-guided sorting; right: unguided sorting) and candidate RDMs. RDMs were reconstructed
with weighted representational modeling, in which the missing data at each iteration is reconstructed with the com-
puted beta weights. Candidate RDMs were reconstructed based on weights given to the feature RDMs composing
each model. Each individual AlexNet layer was either considered as an individual model, or all layers were collapsed
together in one unique model (rightmost bar of each barplot). The reference RDM for the unguided sorting and the
shape-guided sorting is the average RDM across all participants. Error bars were computed with a condition boot-
strapping procedure (n = 1,000). Noise ceiling was computed with an iterative split-half Kendall correlation procedure,
in which at each iteration individual subject RDMs were split into two random groups, averaged and correlated (1,000
iterations for sorting tasks, 50 iterations for search task). The final correlation value was the average across all itera-

tions.
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C.2.2 PreDICTING BRAIN wiTH DNNS AND BEHAVIOR AS MODELS

While we investigated in the main analyses how well the three tasks related to neural responses in
OTC, we did so by employing simple correlations for local, small clusters of voxels, or for slightly
larger sections of cortex in a posterior-to-anterior gradient analysis.

However, we also sought to investigate how the behavioral measures would relate to neural spaces at
alarger scale, by employing a stronger inferential approach, and to relate their performance to DNNs,
which are currently the state-of-the-art in predicting the neural representational space. Thus, we ex-
plored how the search-RT space, the two sorting tasks and DNNs are able to predict broad neural
sectors of OTC.

For this analysis, we built neural RDMs for each of four broad neural sectors of OTC: early vi-
sual cortex (EarlyV), lIOTC, vOTC, and occipital parietal cortex (OPC). We then employed weighted

representational modeling to predict the neural RDM with as models:

* individual layers of AlexNet, with the features within each layers modeled as separate predic-

tors;

+ alllayers of AlexNet collapsed together as a unique model, with all features of all layers modeled

as separate predictors;
* aseparate model for each of our three behavioral spaces, with only on predictor per model.

Results are displayed in Figure C.2.

EARLYV

In Early visual cortex (far left in Figure C.2), neither the DNN layers separately, nor the behavioral
spaces performed particularly well, as the correlation between predicted and real RDM was far from

reaching noise ceiling. When looking at the predictive performance between the DNN layers, contrary
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Figure C.2: Predicting Brain with DNNs and behavior as models. Top: Neural sectors for one exemplar subject. For
each sector, beta weights from only the top 1000 most active voxels were retained for the contrast [ All Conditions

> rest ]. From left to right: Early Visual Cortex (EarlyV), ventral occipito-temporal cortex (vOTC), lateral occipito-
temporal cortex (IOTC), occipito parietal cortex (OPC). Bottom: Correlation between reference RDM (the neural RDM
for that neural sector, averaged across subjects) and the candidate RDM coming from different models (light orange:
individual AlexNet layers; dark orange: AlexNet layers combined together; pink: unguided sorting space; green: shape-
guided sorting space; blue: RT space). Error bars were computed with a condition bootstrapping procedure. Noise
ceiling was computed with an iterative split-half Kendall correlation procedure, in which at each iteration individual
subject RDMs were split into two random groups, averaged and correlated. The final correlation value was the average
across all iterations (n = 1,000).

to what would be expected, earlier layers did not perform better than later ones. Further, all DNN
layers together performed significantly better, but still did not reach noise ceiling.

These results suggest that none of our models well reflects the neural shape-space at this early stage,
and specifically it does not seem to be the case that early layers of the DNN contained the same low-

level visual features that EarlyV seems to care about.

vOTC AnD LOTC

In ventral and lateral occipitotemporal cortex (VOTC and IOTC, second and third from left in Figure
C.2), both individual DNN layers, the shape-sorting space and the search-RT space perform reason-
ably well, but do not reach noise ceiling. The unguided-sorting space, on the other hand, does not

perform particularly well compared to the other spaces. When looking at the predictive performance
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between the DNN layers, we found comparable predictive performance for intermediate and later
layers. When collapsing all DNN layers together, we find that performance approaches noise ceiling.

These results suggest that the features being represented both by the DNN layers and by two of
our behavioral models better resemble the shape-space in this broad neural sectors. Further, given the
relatively poor performance of the unguided-sorting space, these features seem to be more related to
perceptual properties than to categorical and semantic information.

Finally, the fact that performance improved when collapsing AlexNet layers together suggests that
visual features of different complexity, from intermediate- to higher-level might be represented in this

areas, in line with our main results.

oPrC

Finally, in OPC (far right in Figure C.2), similarly to what observed for vOTC and IOTC, performance
of individual DNN layers, of the shape-guided sorting and the search-RT spaces was good. In this
case, performance of all models was closer to noise ceiling. Also in this case, DNN layers at multiple
hierarchical stages performed similarly well, and collapsing all layers together led to better performance
of the DNN.

Opverall, these results suggest that the similarity space in OPC, like to the ones in vOTC and IOTC,

can be interpreted as being composed of perceptual features from multiple hierarchical stages.

Overall, performance of our model was significantly better in higher-order visual areas as compared
to EarlyV. Although most DNN layers performed significantly better than chance, we did not find
any layer to perform particularly well when modeled separately, and no layer was able to reach noise

ceiling. When modeling all the layers of the DNN together, performance of the DNN significantly
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improved. These results suggest that, within broad sections of higher-order visual areas in the ventral
and dorsal stream, features at multiple hierarchical stages of complexity are being represented, and
that different DNN layers explain different aspects of these representational space.

When comparing performance between DNNs and the more perceptual behavioral spaces (i.e.
shape-guided sorting and search-RT spaces), we found that our behavioral models performed similarly
to well-performing DNN layers. On the other hand, the model based on a more categorical behavioral
measure (i.e., the unguided-sorting space) performed significantly worse than all other models.

These results suggest that, also when considering the neural space at this broader scale, the neural
representational spaces in both the ventral and dorsal stream reflect more perceptual, rather than more

categorical information.
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