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ABSTRACT OF THE DISSERTATION

Skeletal Shape Similarity and Shape Classification

By NATHAN DESTLER
Dissertation Director:

Jacob Feldman

What makes two shapes similar? Given two shapes, is there a mathematically principled
way to predict human similarity judgments, and consequent shape classification judg-
ments? To answer this question, an experimental framework was developed for rapidly
collecting human judgments of whether shapes did or not not belong to novel shape
categories. The subjects’ judgments of category membership were compared against
the predictions of several different shape similarity/classification models. Among these
models, I propose a new lattice similarity model of shape similarity based on Bayesian
shape skeletons. An earlier model of similarity based on the same Bayesian shape skele-
tons, the cross likelihood, has been shown to be an effective predictor of human shape
discrimination, but this model applies only to shapes with similar part structures. The
lattice similarity model is more principled and general, and is suitable for comparing
arbitrary shape pairs in both 2D and 3D domains. This new model provides a better
overall fit to human data than a number of competing models, including the cross likeli-
hood model, an out-of-the-box convolutional neural network model, and a non-skeletal
part-based similarity model proposed by Erdogan and Jacobs (2017). The lattice sim-
ilarity model predicted human data more accurately than all other tested models in
experiments that used 3D shapes, and most other models in experiments that used 2D
shapes. Prototype-like and exemplar-like versions of the lattice similarity model were
also compared using the same human data as above; the prototype-like version fits the

experimental data better than the exemplar-like version.
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Chapter 1

Introduction

In order for the visual system to function, it must be able to identify shapes in the
environment. A pie is round, or sometimes wedge-shaped; a book is rectangular; and a
dog is a complex network of elongated parts. Although each of these object labels (pie,
book, dog) contains far more semantic meaning than a simple shape, the shape-level
identifications are a key step in the process that transforms patterns of light striking
the retina into a complex visual scene containing complete perceptual objects such as
pies and dogs (Kellman, Garrigan, & Erlikhman, 2015; Wagemans, 2015).

But what is a shape? How is it represented by the brain? And what makes
two shapes similar to or different from one another? As yet, there are no concrete,
universally-accepted answers. Although there are a number of human shape processing
models in the literature, shape has proven difficult to concretely define.

Here, I will focus on shape similarity, and on how shape similarity is used to group
shapes into categories. I will examine similarity and categorization outside the realm
of known, nameable shapes, so as to allow for a focus on raw shape properties before

semantics become involved in the categorization process.

1.1 What makes two shape similar?

Take a look at the two shapes shown in Fig. 1.1. Are these two shapes similar or
different? If they’re similar, how similar are they? If you are told one of them is a
“blicket,” would you think the other one was also a blicket? While humans can form
these sorts of judgments, and some models can predict these judgments under specific
circumstances (Briscoe, 2008), a full model of shape similarity and its components

remains elusive.



Figure 1.1: Two 2D shapes. How similar are they?

In both human and computer vision research, there are a number of measures used
to compute shape similarity, including contour-based models, which compute similarity
based on the geometry of the shape’s bounding contour (Belongie, Malik, & Puzicha,
2002; Blake & Isard, 2012; Mustafa, Pugeault, & Kriiger, 2013), skeleton-based mod-
els, which infer an internal part-based structure for each shape and compute similarity
from there (Singh, Papanikolopoulos, & Cherkassky, 1998; Sebastian & Kimia, 2005;
Feldman & Singh, 2006; Briscoe, 2008; Rezanejad & Siddiqi, 2015; Ayzenberg, Chen,
Yousif, & Lourenco, 2019; Ayzenberg & Lourenco, 2019), and image-based models,
which involve evaluating the raw properties of the pixel-value image and classifying
based on those, often using state-of-the-art neural network algorithms (Farabet et al.,
2010; Ciresan, Meier, Masci, & Schmidhuber, 2012; Simonyan & Zisserman, 2014; Rade-
novic, Tolias, & Chum, 2018). The next section will review each of these model classes

in turn.

1.2 Types of shape models

1.2.1 Contour-based shape models

Perhaps the most intuitive class of shape models is contour-based models. These
models represent the shape using properties of its bounding contour. Fig. 1.1 shows
the bounding contours of two shapes and asks the reader to evaluate their similarity.
One obvious way to compute this similarity is to compare the shape contours directly.
In the simplest of these models, one might perform simple geometric operations, such

as scaling the shapes to match in size and orientation and then evaluating the degree



to which their boundaries overlap.

Attneave (1954) famously observed that areas of high contour curvature contained
large amounts of information about the shapes (a claim that has since been experimen-
tally verified by Biederman, 1987 and Norman, Phillips, & Ross, 2001, and formalized
by Feldman & Singh, 2005). These curvature extrema can be used to identify key shape
locations like subjective part boundaries, which may play a key role in shape similar-
ity judgments (Hoffman & Richards, 1984; Biederman, 1987; de Winter & Wagemans,
2006).

Yet other models compute similarity by the degree of deviation from one shape’s
contour to the other’s. Blake and Isard (2012), Belongie et al. (2002), and Greene
(2018) built and tested computer models that matched like points along the contours
of each shape, and computed dissimilarity according to the error in the positions of
matched points. For example, in the Blake and Isard active contour model, shapes
are stored in memory as an ideal contour prototype plus a probabilistic error function.
Classification, then, proceeds in a Bayesian fashion.

p(IDEAL|OBSERVED) o p(IDEAL)p(OBSERVED|IDEAL)

In this active contour approach, shape classification is presented as a curve-fitting prob-
lem, assessing the probability cost of fitting the observed shape contour to each can-
didate contour prototype. Note that this model, like all Bayesian models, requires the
observer to have a prior estimate of the probability probability of seeing the shape in
the environment. This is largely an advantage, as it allows observers to incorporate
contextual knowledge when making shape classification judgments. After all, a cylin-
drical object tapered at the top is more likely to be a bottle when it’s found in a liquor
cabinet, and more likely to be a vase when it contains flowers.

However, these contour-based models are not without problems. In general, contour-
based models account poorly for shapes that can and do articulate. Articulating shapes,
such as the human arm which can bend at the elbow, are common in the real world.
These articulations change the bounding contour of the shape dramatically, but humans

appear to have little difficulty maintaining constant percepts in spite of articulations



Figure 1.2: Blum’s (1978) Medial Axis Transform of a rectangular shape. The shape
contour is shown in black and the medial axes are shown in blue. Several of the shape’s
medial disks, whose centers define the medial axes, are shown in dashed gray. While
only four are shown here for illustration purposes, there are an infinite number of these
medial disks which are maximally-inscribed within the shape contour.

(Denisova, Feldman, Su, & Singh, 2016). While some contour-based models, particu-
larly those based on Attneave’s curvature extrema observation, can begin to account
for these articulations (Barenholtz & Tarr, 2008), most contour models simply cannot

maintain shape constancy across articulations.

1.2.2 Skeleton-based shape models

Another class of shape models, motivated in part by some of the weaknesses of the
simpler contour-based models, is skeletal models of shape. Shape skeleton approaches
characterize shapes as a series of parts, each of which is represented by an “axis” of the
skeleton. Because each axis corresponds to a part, these skeletal models tend to reflect
subjective human part decompositions. Additionally, shape skeletons can articulate
along axis/part connection points while preserving almost all of their properties.

Most shape skeleton models are based on the Medial Axis Transform, or MAT
(Blum & Nagel, 1978). In the MAT, the skeleton is computed by finding the centers
of maximally-large disks inscribed within the shape’s contours. The centers of all such
maximal disks form the shape’s medial axis (see Fig. 1.2). However, the MAT is also
unstable to changes in the shape contour, producing substantially different skeletons as
a result of only small contour perturbations (Blum & Nagel, 1978; August, Siddiqi, &
Zucker, 1999; Katz & Pizer, 2003).



There are two main classes of solutions to this instability problem. The first class,
put forward by August et al. (1999) and Kovécs, Fehér, and Julesz (1998), is to char-
acterize the medial points according to their relationship with the shape contour. This
class of solutions systematically marks some axes of the shape skeleton as unimportant
according to a contour-based criterion, and trims these points from their skeletons.
These trimmed skeletons are much more stable than the MAT, and are suitable for
computing similarity, usually by means of graph matching algorithms. Graph match-
ing can be performed by a number of methods, including transforming one graph into
the other by a series of operations with individual costs, or finding the largest possible
subgraphs of both the candidate and comparison shapes that are isomorphic to one
another (Siddiqi, Shokoufandeh, Dickinson, & Zucker, 1998; Torsello & Hancock, 2004;
Demirci, Shokoufandeh, Keselman, Bretzner, & Dickinson, 2006; Bai & Latecki, 2008;
Rezanejad & Siddiqi, 2015).

The other main class of solutions is to take the MAT as inspiration, but to step
away from its geometric rigidity. Proposed by Feldman and Singh (2006), this approach
instead uses the shape skeleton as a probabilistic, belief-based generator for the shape
contour. In this belief-based approach, there is a distribution over skeletons that can
generate a given shape, based on how well each skeleton explains the shape contour.
In previous work, our lab has used models based on this approach to predict human
shape similarity ratings (Briscoe, 2008) and discrimination ability (Destler, Singh, &
Feldman, 2019).

1.2.3 Image-based shape models

While most models of shape are based on a defined shape region, which is presumed
to have been separated from the rest of the image by some prior segmentation pro-
cess, some modern classification approaches are based on whole unsegmented images.
These approaches are usually focused on recognizing known objects in scenes, and so
are somewhat outside the scope of shape as discussed here. However, under some cir-
cumstances, these approaches can classify objects into categories with such accuracy

that they cannot reasonably be ignored.



The most common image-based approach to object recognition comes from the
computer vision literature. These approaches apply deep learning algorithms to large
datasets, training neural networks to correctly categorize images containing various
objects. The most effective of these algorithms are called Convolutional Neural Nets,
or CNNs.

CNNs are not shape classifiers per se, since they are applied to entire unsegmented
images without regard to internal structure, but CNNs have been used to identify
object shapes within images with considerable success. Heavily trained, extremely
complex CNNs, such as those developed by Krizhevsky, Sutskever, and Hinton (2012),
Simonyan and Zisserman (2014), and Farabet et al. (2010) have placed highly in image
classification competitions using tens or hundreds of thousands of images (see Deng et
al., 2009 for information on a common image set used in these competitions). More
practically, these CNNs have also proven successful in automatically detecting warning
signs in cancer screening images (Ciresan, Giusti, Gambardella, & Schmidhuber, 2013).
These CNNs often contain hundreds of thousands of nodes, and millions of learned
weight parameters, which allows them to take advantage of highly complex patterns in
the relationship between image properties and shape identity. However, this complexity
also leads to two major problems, one practical, and one theoretical.

The practical problem is that large neural networks require large sets of training
data, which means they take a very long time to train. Although a number of methods
for accelerating the training process have been proposed (Farabet et al., 2010; Ciresan
et al., 2012; Dean et al., 2012; Krizhevsky et al., 2012), these methods generally still
result in days of training even for powerful computers. Once trained, these networks
can classify new images rapidly and effectively, but this long initial training time, and
the volume of training images required, is incongruous with the rapid learning times
observed in humans. Image sets such that those detailed by Deng et al. (2009) exist
precisely because compiling training sets is extremely cumbersome. This presents a
problem if we wish to use CNNs as a model for human shape classification. Humans
can make categorical judgments based on a single instance, such as after seeing only one

image (Macario, Shipley, & Billman, 1990; Greene, 2018). If CNNs require hundreds



of thousands of images to make similar judgments, they are not accurately modeling
human vision.

The theoretical problem is that a model with millions of free parameters is inherently
less compelling as an explanation for an existing phenomenon (e.g. human shape per-
ception). Due to the bias-variance problem, we can expect a model with a large number
of parameters to fit the data it is trained on, but such a model may be heavily variant,
and may generalize poorly to new data (Geman, Bienenstock, & Doursat, 1992). In-
deed, Nguyen, Yosinski, and Clune (2015) found that DNNs trained to recognize images
can be easily fooled in ways no human can be. For example, an image that appears to
be simple white noise to a human eye can be classified by multiple DNNs as a peacock
with extremely high (>99%) confidence. It appears that the complexity of the neural
net leads to serious errors when the model attempts to process data which differ from
the training set, producing wildly erroneous results. CNNs are exceptionally complex
models, and as such, their strong performances on standard image classification tasks
cannot be taken as similarly strong evidence of substantial similarity to human visual

processing.

1.3 Similarity and categorization in vision

So far I have described a number of approaches, many of which provide a general
metric of the similarity between two shapes. Shepard (1957) proposed that similarity
metrics, whatever they may be, represent the distance in some perceptual space of
possible entities (in our case, shapes). Shapes that are very similar will be nearby in
this perceptual space, while shapes that are very dissimilar will be far apart. Ashby
and Perrin (1988) argued instead that similarity depends on the relative probabilities
of two entities arising from a noisy error model. The correct similarity metric, then,
relates geometric shape properties to probability distributions in a representational
space within the brain.

This representation space isn’t just a “soup” in which shapes float. Different regions

are designated to different categories, and shapes can be classified according to where



they fall in relation to those categories (Ashby & Perrin, 1988). It is this very categorical
structure that provides the probability distributions that Ashby and Perrin argue for. In
order to use these probabilities to generate a similarity metric, we must first understand

the forms these categorical generators take (Huttenlocher, Hedges, & Duncan, 1991).

1.3.1 Prototypes and exemplars

Modern research on human categorization has largely been driven by the contrast
between two broad frameworks. In both frameworks, categories are inferred based on
known members, entities that are understood to fall within the category. In the first
framework, put forth by Posner and Keele (1968), Rosch (1973), Homa, Cross, Cornell,
Goldman, and Shwartz (1973), and Minda and Smith (2001), information about the
known members of the category is combined to form a single prototype member. This
prototype becomes the archetypal member of that category, and all new candidates
for category membership are compared to the prototype. The category, then, can be
viewed as a distribution centered on the prototype, with some error inferred from the
non-prototype members.

In the second framework, put forward by Medin and Schaffer (1978), Nosofsky
(1986), and Hintzman (1986), every known member of the category becomes an exem-
plar for the category. Instead of comparing new candidates to a single prototype, new
candidates are compared to all current category members. In exemplar models, the
category takes the form of a mixture model, composed of error distributions around
each exemplar of that category. The probability mass of this distribution is highest,
and thus candidates are considered more “categorical,” in areas where many exemplars
are clustered tightly enough that their error distributions overlap substantially.

Here, I will explore how human observers infer shape categories, and which, if either,

of these two approaches they use to combine information about multiple shapes.



1.4 My contribution

In what follows, I propose a new model of shape similarity. I begin by assuming
that human similarity judgments and related task performance is not arbitrary. In-
stead, the system that performs these judgments is adapted to perform certain kinds
of tasks. Many of these tasks, including shape classification and discrimination, can
be represented as asking whether two shape images were generated by one noisy gen-
erative process or by two different such processes, in the style of noisy distributions
put forth by Ashby and Perrin (1988). In classification tasks, observers are straight-
forwardly asking whether shapes “belong” to particular distributions, each of which
have some uncertainly (not all dogs are identical, for example, but they tend to share
certain traits). In discrimination tasks, observers are instead asking whether the reti-
nal shape image was generated by a particular object, through a noisy process that
includes factors from neuronal noise to object orientation. In both cases, we can see
that the task being performed is an assessment of how likely a shape is to be a member
of some probabilistically-defined class. If shape similarity is adapted to these tasks,
then two shapes will be similar to the extent that they are believed to belong to the
same distribution vs. different distributions.

The model of shape similarity proposed here is based on this observation. Using the
belief-based shape skeletons put forth by Feldman and Singh (2006), and building on the
models employed successfully by Briscoe (2008), Destler et al. (2019), and Ayzenberg
and Lourenco (2019), a shape similarity metric has been constructed based on the
probability that two shapes are generated by a common process, vs. by two different
processes. The higher the probability that the two shapes are generated by the same
process, the more the evidence of the shape contours favors a single-model explanation,
and the more similar two shapes are.

This model is then used to predict human performance on a shape categorization
task, using a new framework. This new framework allows for the collection of large
amounts of data on novel category inference and membership in a relatively short

amount of time, giving the model plenty of data to predict.
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Finally, this new model’s predictions are compared to those of other shape similarity
models, including a purely-contour-based model, a non-probabilistic skeletal model, and
an image-based deep learning model, so as to determine which similarity model has the

greatest ability to predict human classifications of novel shapes into novel categories.
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Chapter 2

Skeletal Models of Shape

In what follows, I will propose a similarity metric grounded in skeletal models of
shape. In this chapter, I will explain where shape skeleton models came from, what
variations currently exist, and how each variation represents shapes. Special care will
be taken to focus on the belief-based models put forth by Feldman and Singh (2006),

as these specifically form the basis of the similarity metric described here.

2.1 The Birth of Skeletal Models

The first skeletal model of shape was a developed by Blum in the 60s and 70s (Blum,
1967, 1973; Blum & Nagel, 1978). This model, which Blum called the Symmetrical Axis
Transform, was the first of what are now called “medial axis” models of shape. In Blum’s
model, a shape’s skeleton is defined as the set of points which are the centers of circles
that are wholly within the shape’s outer boundary, but which cannot be fully contained
within any other circle that also lies wholly within the shape’s outer boundary (Blum
& Nagel, 1978). In this way, every point along an axis in Blum’s model is the midpoint
between two boundary points. Note, however, that the midpoint between two boundary
points is not necessarily an axis point.

Blum’s model is simple, and fully deterministic. For any given shape, it is mathe-
matically simple to compute the shape skeleton (see Fig. 1.2). However, this advantage
is also the main disadvantage of Blum’s model, and indeed of most medial axis models.
Due to the deterministic nature of the model, small perturbations in the shape contour
can lead to large variations in the shape skeleton. In particular, when Blum’s model is
applied to shapes with even moderate contour noise, it often produces numerous small

axes that do not correspond to structures a human would label as independent parts.
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In this way, Blum’s model fails to accurately predict human part judgments, and thus
is an unlikely model of human shape perception.

However, while Blum’s model is unlikely to accurately model human shape per-
ception, it laid the groundwork for a general class of models which show substantial
progress. Burbeck and Pizer (1995) proposed a model, based on Blum’s medial axes,
by which neurons in the visual system might identify shapes by their axis-like “cores”.
These cores were characterized by being equidistant from all of their nearest contour
boundaries, as Blum’s medial axes are, although the Burbeck and Pizer cores are not
quite so deterministic as Blum’s axes. More recently, in a study of the macaque infer-
otemporal cortex, Hung, Carlson, and Connor (2012) found evidence for the primate
brain’s sensitivity to differences in medial axis-like skeletal structure of 3-dimensional
shapes, independently of (and in addition to) its sensitivity to the shapes’ surface struc-
ture. This suggests that skeletal models are a plausible, if ultimately incomplete, model
of primate shape perception. Here, it is reasonably assumed that this category would in-
clude human primates as well as macaques, as evidenced by a number of psychophysical

studies described below.

2.1.1 Later Medial Axis Models

Many skeletal models of shape follow closely in Blum’s footsteps, using contour
geometry to build a more sophisticated form of Blum’s Symmetrical Axis Transform.
These approaches take a number of forms.

Kovacs et al. (1998) proposed a less binary form of medial axes. Instead of each
point within the shape contour being either a part of an axis or not a part of an axis, an
information value is computed for each point within the shape. This value represents
the degree to which that point is at the center of a local boundary segment around
it. In this way, Kovacs et al. can assign a measure of “axiality” to each point within
the shape. While this model tends to assign high information values to regions that
traditionally correspond to medial axis points, these information values are not uniform
along the axes, and were found to correspond with points of high human sensitivity to

shape changes. In other words, the Kovacs et al. model predicts not only that the
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medial axes themselves are informative, but which parts of the medial axes are most
informative, both in theory and in empirical practice.

This practice of evaluating which parts of the medial axis transform are most in-
formative is not unique to Kovacs. Siddiqi and collaborators have proposed a shock
graph version of the medial axis, in which each point on the axis is evaluated in terms
of its relationship to the axis contour (Siddigi & Kimia, 1996; Siddiqi et al., 1998;
Siddiqi, Kimia, Tannenbaum, & Zucker, 1999). These shocks are classified into several
types, which are then used to draw categorical distinctions between different areas of
the shape. In further research, they also identified special axes called ligatures (August
et al., 1999). When the same contour points correspond to many different axis points
(as near some kinds of subjective part boundaries), these axis points are classified as a
ligature. These ligatures can be thought of as connectors, attaching the main axis of
one shape part to the main axis of another. Most of the instabilities inherent in the
medial axis transform are concentrated in these ligatures, so if they are identified and
discarded, the remaining skeleton is much more stable. The resulting ligature-less skele-
ton is called a “bone graph”, which Macrini, Dickinson, Fleet, and Siddiqi (2011) use as
the input to a graph-matching algorithm for categorizing objects, achieving generally
better classification accuracy than shock graphs that include the ligatures.

A conceptually-similar method was suggested by Torsello and Hancock (2004). This
model analyzes how quickly the maximal circles’ intersection points along the contour
change as their corresponding axis points move along the skeleton. If the axis points
belong to a ligature, the rate of boundary change is zero. By characterizing the shape
according to its skeleton’s rate of boundary length change, Torsello and Hancock were
able to both minimize the effects of small contour variations, as above, and render
the shape representation invariant to simple deformations (“bending”). Although their
algorithm is not explicitly compared to human performance, it does generally well at
classifying shapes in a labelled database.

Tam and Heidrich (2003) used a similar approach as they attempted to generalize
the medial axis approach to 3-dimensional shapes. Although this can theoretically be

accomplished by simply using the centers of spheres to compute axis points, rather than
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circles, in practice this approach is problematic. The 3-dimensional object structure
often means that the resulting structure of medial axis points is extremely complex,
since even a slight contour convexity can create two surfaces to bound such a sphere
(Leymarie & Kimia, 2001). This means that the medial axis decomposition of a 3d
shape is extremely complex, hardly a decomposition at all. Tam and Heidrich attempt
to solve this problem by pruning less-informative axes. Their algorithm estimates the
volume of the 3D shape represented by each axis, and removes axes that represent very
small volumes. Although this approach does not suggest a computationally efficient way
to generate the pruned skeleton without first generating the full skeleton, the resulting
pruned shock graph skeleton is a much more robust to small contour perturbations than
a simple medial axis skeleton. This technique is not perfect, however. Although shape
details are preserved with remarkable detail, small separate parts, such as ears on a
human head, are often removed by the pruning process.

Firestone and Scholl (2014) took a different approach, exploring whether Blum’s
original medial axis model can predict human behaviors when interacting with shapes.
Firestone and Scholl simply observed human behavior when asked to touch a spot of
their choosing on a given shape. Surprisingly, with no additional instruction, human
subjects tended to touch the shape along its medial axes. Most surprisingly, when
small perturbations where made in the contours of the shapes, thereby changing the
medial axes with minimal change to the shape’s contour, different subjects still touched
along the new medial axes. When subjects were asked to guess where other subjects
would tend to touch, however, they very rarely guessed a medial-axis-like pattern,
instead favoring either a uniform distribution across the shape or a cluster at the shape’s
approximate center. These results suggest that medial axis models are not consciously

available, but that they nonetheless play a role in how humans interact with shapes.

2.1.2 Medial axis models for shape similarity

Perhaps unsurprisingly considering their use as shape models, medial axes have also
been used to model shape similarity. Most of these models have taken advantage of the

tree-like properties of medial axes, computing similarity in terms of the mathematical
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operations that these structures entail.

Some models of similarity, such as the one employed by Liu and Geiger (1999),
observe that medial axes have a tree-like structure, with axes branches off from other
(usually larger) axes. This allows Liu and Geiger to use a standard medial axis model
(Liu, Geiger, & Kohn, 1998) and build on it, computing an approximate best-match
between two medial axis trees using an Ax algorithm, which gives them a correspondence
between the two sets of axes. Then, for each set of matched axes, they compute a
similarity cost. If two axes are matched, the cost is based on the difference in curvatures
between the two axes. Liu and Geiger further define cut and merge operations, which
add additional costs when an axis in one skeleton is matched to two or more axes in
a different skeleton. By summing the cost of these three operations for a given pair
of skeletons, Liu and Geiger estimated the dissimilarity between the two shapes, and
built a robust matching algorithm that can identify part relationships in animal- and
plant-like objects that appear to match human intuitive judgments.

Other models have used similar tree matching techniques. Often described as the
edit distance, these multi-operation dissimilarity metrics have become quite common in
shock graph approaches to shape (Siddiqi, Tresness, & Kimia, 1996; Siddiqi et al., 1998;
Sebastian, Klein, & Kimia, 2001). In each of these models, some set of operations is
defined which can be said to “transform” one shape skeleton into another. Each of these
operations has a cost, usually assigned ad-hoc (although costs tend to increase with the
degree of a particular change, e.g. a large change in one angle has a higher cost than
a small change in the same angle), as in the Liu and Geiger (1999) model described
above, and the total cost of transforming one skeleton into the other is used to estimate
the dissimilarity between the two shapes. In edit distance models, skeletons that differ
greatly from each other will require many transformations to become identical, so they

will be evaluated as highly dissimilar.

2.1.3 Belief-Based and Hierarchical Skeletal Models

Blum’s medial axis and its direct descendants are geometrically deterministic. That

is to say, for any given shape, there is precisely one medial axis skeleton (under a given
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model) that corresponds to that shape. However, not all skeletal models are based on
simple geometric relationships.

Feldman and Singh (2006) proposed instead that skeletons are not a simple geomet-
ric property of the shapes they represent, but rather that skeletons are a model of the
observer’s beliefs about the object. The skeleton is conceptualized in these models as
the schematic by which the brain reconstructs the shape. This reconstruction can be
said to be probabilistic in the Bayesian sense, in that there are many different shapes
which the observer believes might be reconstructed by a given skeleton, with various
degrees of reasonableness. This means that a given skeleton can reconstruct many dif-
ferent shapes, with some probability distribution over potential shapes resulting from
the reconstruction process. A given shape, by the same token, can be constructed
by different skeletons, although any given shape only has a single most-likely skeleton.
This framework adds complexity to the concept of shape skeletons, as a given shape now
has a potentially-infinite number of generative skeletons rather than a single skeleton.
However, because the generative process is belief-based, rather than purely geomet-
ric, small perturbations in shape contour do not generally produce large deviations in
skeletal structure (Feldman et al., 2013).

Feldman and Singh (2006) proposed a model as described above, which used Bayesian
inference to compute the highest probability (strongest belief) skeletons as an inverse
probability problem. That is to say, the degree of belief of a shape having a particu-
lar skeleton is related to the probability of a skeleton producing that particular shape
according to Bayes’ Rule, in the form

P(SKELETON|SHAPE) X p(SKELETON)p(SHAPE|SKELETON).

This approach allows for a hierarchical ranking of the best skeletons for a given
shape, including a simplicity prior (p(SKELETON)), which helps to finesse the bias-
variance problem. After its introduction, this model saw further use in shape similarity
metrics. Under the Feldman and Singh model, shape similarity can be measured as the
probability of one shape under another shape’s skeleton (Briscoe, 2008; Feldman et al.,
2013).

SIMILARITY (SHAPE{, SHAPE3) = p(SHAPE;|SKEL3)
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Wilder, Feldman, and Singh (2011) showed that a Bayesian classifier trained on
the Feldman and Singh (2006) can, for certain naturalistic categories, provide a good
approximation of human classification judgments. However, this research was limited
to familiar objects from highly-skeletal categories, such as animal and plant shapes.
This research alone is not enough to establish shape skeletons as an appropriate model
for shape perception more broadly.

In the Feldman and Singh model, the belief-based nature of the shape skeletons is
at the forefront. In other skeletal shape models, such as the one proposed by Telea,
Sminchisescu, and Dickinson (2004), the hierarchy of possible representations takes the
front. In the Telea et al. model, this is accomplished by evaluating the shape contour
under different levels of shape simplification and skeletal abstraction, defined as mini-
mum description lengths for defining the shape contour given the skeleton. This creates
a hierarchy of skeletons, where skeletons at one end of the hierarchy provide extremely
simple-but-inaccurate explanations of the shape, while skeletons at the other end of the
hierarchy provide extremely complex-but-accurate explanations of the shape. Taken
together, these different shape skeletons can be used to represent a shape at whatever
level is required for the task being performed by the observer, with a corresponding

computational cost.
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Chapter 3

A Novel Bayesian Similarity Model

In this chapter, I propose a new approach to shape similarity based on the Bayes
factor evidence in favor of a common generator for a given shape pair. In an influential
paper, Edelman (1998) argued that similarity is the fundamental construct from which
perceptual decision and model comparisons derive. The framework proposed here flips
this argument on its head, arguing that, consistent with the principles of Bayesian in-
ference, model comparison is fundamental, and human judgments simply reflect degrees
of relative model fit.

This new approach takes similarity as a Bayes factor comparison between two al-
ternative generative models that make use of the belief-based skeleton framework de-
scribed above. In one model, the two shapes arise from a common generative process,
while in the other model, each shape arises from its own generative process. Similar-
ity is then taken as the degree to which the observed shape information supports the
common-generator model versus the separate-generator model. This Bayes factor sim-
ilarity approach is highly similar to the likelihood ratio approach used by Erdogan and
Jacobs (2017), which in turn is partly based on the early Feldman and Singh (2006)
skeleton model, though the new model that will be presented here differs from theirs
substantially in terms of how the component probabilities are calculated.

The model described here is based primarily, but not entirely, on the internal
skeleton-like structure of the shape. Internal skeletons play an important role in shape
processing (Burbeck & Pizer, 1995; Briscoe, 2008; Firestone & Scholl, 2014; Destler et
al., 2019; Ayzenberg & Lourenco, 2019), but they are not the only models that exist.

As described in Ch. 2, models based on the outer contour of the shape (Belongie et
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al., 2002; Blake & Isard, 2012; Greene, 2018), or on the pixel properties of a shape im-
age (Farabet et al., 2010; Krizhevsky et al., 2012; Simonyan & Zisserman, 2014), have
also seen success in similar domains. In what follows, I introduce a similarity model
that incorporates both skeleton and contour components, and in subsequent chapters

compare it to models based on skeleton, contour, and image properties.

3.1 Bayes factor evaluation

In order to determine the degree to which the observed shapes support each model,
we must first establish the principles by which we will evaluate the evidence in favor of
each model. We will use uppercase letters to represent generative models, and lowercase
levels to represent individual shapes. Therefore, under a belief-based generative frame-
work such as the skeletal frame described in Ch. 2, there is a probability p(s|M) for a
given shape model M to generate a particular shape s. Using Bayes’ rule, we can then
evaluate probability p(M|s) that an observed shape s was generated by a candidate

model M.
p(s|M)p(M)

p(s) (31)

p(M]s) =

This equation allows us to evaluate the extent to which a particular shape model
is supported by the observed shape. However, the shape similarity approach proposed
here requires that we evaluate the extent to which a model is supported by evidence
from two observed shapes, a and b.

_ pla, b|M)p(M)

p(Mla,b) = (a.b) (3.2)

Assuming the shapes are generated independently conditioned on the model, we can
rewrite this likelihood as the product of two separate probabilities, p(a|M) and p(b|M).
_ p(a, b|M)p(M) _ p(a|M)p(b|M)p(M)

PMIab) ===~ pad) (33)

Now that we can evaluate the extent to which the evidence from a pair of observed

shapes supports a given shape model, we can compare different shape models to one
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another. For the proposed similarity measure, we must evaluate the probability of a
pair of shapes being generated by a common generative model C , or by two separate
generative models A and B. Here, we use uppercase letters with hats to indicate models
with parameters fitted to particular shapes, e.g. A is fitted to shape a, B is fitted to
shape b, and so on. Cis specifically used to indicate a common model whose parameters
are fitted to both shapes a and b. Note also that A and B combine to form a single
model M ; 5, and that p(a|M ;5)p(b|M ;z) = p(a|A)p(b|B), since M ;5 proposes that a
is generated only by A with no influence from B , and vice versa. Therefore, the Bayes

factor in favor of the common model takes the form

This resulting BF' value can be taken as the degree of similarity between the two
shapes a and b, because it quantifies the degree to which the shape data support the

common model relative to the separate models.

3.2 The shape lattice

In order the evaluate this Bayes factor, we must first define the generative models
C , 121, and B. To do this, we introduce the concept of skeleton topology and the shape
lattice. A given shape skeleton can be viewed as a tree, with a root axis that serves
as a parent to one or more child axes, which may themselves be parents to additional
child axes (see Fig. 3.1).

While there are an infinite number of skeletons with a given number of axes, there
is a finite set of possible parent-child relationships between those axes (again, for a
given number of axes). By defining these parent-child relationships, along with the
total number of axes, we can create a representation of the skeleton’s course topol-
ogy. “Topology” is not used here to refer to all of a skeleton’s physical features,
but instead to refer to the set containing all of the parent-child axis relationships
within the skeleton. For example, the skeleton in Fig. 3.1 would have the topology

set {(BLACK, BLUE} ), (BLACK, BLUE3), (BLUE], RED) }, where e.g. (BLACK, BLUE; ) means



21

Figure 3.1: Parent-child relationships within a shape skeleton. The black axis is the
root, and the blue axes are its children. One of the blue axes, in turn, is the parent to
the red axis.
that the black axis is the parent of the first blue axis. As long as this set remains the
same, two skeletons are considered topologically equivalent, even if the axes themselves
are otherwise substantially different across the skeletons. From this definition, we can
construct a theoretical lattice of skeleton topologies, with each node representing one
possible topology. This shape skeleton lattice is itself defined as a set with a partial
order on topology sets, such that S < T if topology set S contains topology set T' plus
some additional elements. The lattice set is a lattice because, for any two topology sets
Si and Sz, we can find both a meet (greatest common descendent) and a join (least
common ancestor). The lattice meet between any two topology sets within the lattice
is simply the union of the two topology sets (which is unique, and therefore the meet
is unique), while the join is similarly the intersection of the two topology sets (which is
also unique). See Fig. 3.2 for an illustration of the first four levels of the shape lattice.

But how does this shape lattice relate to the model probabilities for C, A, and
B? Each of these models represents a distribution over possible shape skeletons within
a certain lattice node. If a shape’s Maximum A Posteriori (MAP) skeleton (under
the Feldman & Singh, 2006 model described in Ch. 2) falls within the same node
as the model, determining the skeleton’s probability under the model distribution is
straightforward; it’s simply defined by the distribution.

However, when a shape x’s MAP skeleton S, falls outside of the model’s node, this

simple definition is no longer sufficient. Each shape model Y is defined within a lattice
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Figure 3.2: The first four levels of the shape lattice. Each node represents a class of
parent-child skeleton topologies. At each level of the graph, every shape has the same
number of axes. The shape lattice is not restricted to these four levels, and continues
downward infinitely as more axes to added to the skeletons.

node Y, and describes a distribution over the parameters of each axis within that node.
If there is a mismatch in the number or topological identity of the shape axes, the model
distributions can no longer be straightforwardly applied. To solve this problem, we add
to each model a distribution over the lattice position. The more topological differences
(axis additions or removals) between the skeleton node X and the model node Y, the
lower the probability of the skeleton’s lattice position. Note that these topological
difference probabilities are independent of the particular model parameterizations, so
p(X|Y) = p(X]|Y). In other words, the probability of one topological structure given
another remains the same, regardless of the parameter distributions used.
p(Se|Y) = p(Se| X)p(X[V) = p(S:| X )p(X[Y) (3.5)
From here, we can determine the final probability of any shape given any model

within the lattice according to the following equation:
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p(x[Y) = p(x]S:)p(S:| X)p(X|Y) (3.6)

Since the probability of a shape given a skeleton p(x|S;) is well-defined by the
skeleton framework, and the other probability terms are well-defined as described above,
we can now compute the full probability of any shape given any potential generative

model within the lattice.

3.3 Model parameterization in practice

Now that we have described how to compute the probability of a shape under an
arbitrary model within the lattice, our next task is to describe which non-arbitrary
models to use for our evaluation. Recall that our goal is to solve for BF in the Bayes
factor shown in Eq. 3.4. To accomplish this, we need to compute probabilities of shapes
a and b under shape models C’, fl, and B. However, while a and b are observed shapes,
C , fl, and B are latent models that must be estimated.

Our goal in defining C’, A, and B is to represent the best possible one-generator
and two-generator models for shapes a and b. In other words, we must create a set
of models that maximize probabilities p(a,b|C) and p(a|A)p(b|B) (the numerator and
denominator of the Bayes factor respectively). To do this, we will use the skeletons S,
and S, to infer the axis parameters of C’, /1, and B. For the common model C’, we
will use both S, and Sy to infer the parameters of the model distributions, such that C
maximizes the total probability of both skeletons. For the purposes of generating C and
calculating p(a, b\é’), S, and Sy are normalized in terms of the scale and position of their
root axes. In other words, their root axes are set to the same size and orientation, and
any child axes undergo the same scale and orientation changes as the root axes. In this
way, the model can be considered scale- and orientation-invariant to the base part of
each shape, but not to the scale and orientation of additional parts. Some degree of scale
and orientation invariance is commonly attributed to human shape perception both
behaviorally (Loomis & Philbeck, 1999; Palmer, 1999) and neurologically (Riesenhuber

& Poggio, 2002), though recent evidence has raised questions as to the degree of this
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Figure 3.3: Three nodes on the lattice. Note that C' is the join to both A and B.

invariance (Lehky & Tanaka, 2016). By enforcing these invariant properties for the
base part, and only for the base part, we hope to reflect the totality of these findings
while also adhering to the intuition if e.g. a leg is removed from a chair, the chair’s
remaining parts are not perceived as changing in size; an intuition supported by research
on perceptual segmentation and the crucial role of the base part by Cohen, Singh, and
Maloney (2008). The positions of the base parts are also normalized, to again reflect
the intuition of the chair. If a leg is removed, the chair’s position in space does not
appear to shift, presumably because its base part remains stationary.

In addition, if S, and S are located in nodes A and B on the shape lattice, respec-
tively, C will exist within a node C which is the join of A and B. See Fig. 3.3 for a
(simple) possible arrangement of these nodes.

For the separate models A and B, we will use only S, to parameterize A and only
Sp to parameterize B , because each generator only needs to maximize the probability
of its respective skeleton. If we again take S, and S to be located in nodes A and B
respectively, then A and B will also be located in A and B respectively, because the
“join” of A alone is simply A.

Because each model C , /1, and B is parameterized on some set of a¢ and b, we can
more precisely notate them as A,, and B as By, to illustrate where their parameters are
inferred from. Carrying this further, we can notate new models that represent other

combinations of parameterization and lattice node. Model flab, for example, notates a
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model within node A that is parameterized on both shapes a and b.
Now, at last, we can compute the Bayes factor BF' for the skeletal model. The

expansion of the skeletal Bayes factor as used here is

pr — PeCIP0I0) (3.7)
p(alA)p(b|B)
BP(skeL) = P(a]80)P(Sal Aat)D(A|C)p(b] Sy)p(Sh| Bap)p(BIC) (3.8)
p(alSa)p(Sa|Aa)p(b]Ss)p(Sh| Bs)
_ p(SulAa)p(AICI(S) Bus)p(BIC) 59
p(SalAa)p(Se|By)

3.4 Curvature component

While the main focus of the model presented here is the skeleton lattice described
above, previous work suggests that both shape skeletons and shape contour properties
play key roles in shape perception (Wilder, Feldman, & Singh, 2015a, 2015b). To
that end, the probabilities used in the Bayes factor also include a component for the
relative probabilities of different contours. Based on the measure of contour information
proposed by (Feldman & Singh, 2005), we sample the contour curvature at a series of
points along the contour of each shape, and use a distribution inferred from these
curvatures to estimate a probability of one shape’s contour curvature given another
shape’s contour curvature. For any shape a and b, we take K, and K} to be the sets of
samples points along the contours of a and b respectively. The relative curvature of a

to b is given by the equation

p(Ko|Kp) = Zp(Kaieri> (3.10)

i
where K,; and Kj; represent matched points on the contours of a and b. For each pair
of shapes, all possible order-preserving contour point correspondences are tested, and
the best (maximum likelihood) is used in the similarity formulation.

As with the skeletal similarity components described above, we also infer a common

distribution of contour curvatures from both shape contours, which we will refer to as
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K.. This allows us to compute p(K,|K,.) and p(Kp|K.), which we use to compute the

curvature component of the Bayes factor.

(Ko |Ke)p(Kp| Ke)

BF(CURVE) = (K| Ko)p(Ky| Ky

(3.11)

This curvature component is then combined with the skeletal component described

above to form the full Bayes factor used by our lattice similarity model.

o PLalCp(bIC) 5.12)
p(alA)p(b] B)
= BF(SKEL) BF(CURVE) (3.13)

p(SaIAab)p(AlfJ)p(Sb!Bab)p(B!C)p(Ka!Kc)p(Kb\Kc)

A (3.14)
P(SalAa)p(Sp| By)p(Ka|Ka)p(Kp| Kp)

This combined similarity measure expresses how similar the contours are as contours

with how similar the enclosed regions (represented skeletally) are as regions.

3.5 Edit distance approximation

Thus far, the lattice similarity metric has been presented in terms of the Bayes
factor between a common-generator model and a separate-generator model. However,
the skeleton component of this metric can also be described as an approximation of
the edit distance between two shapes. Recall that the edit distance is a measure of
the number and complexity of transformation operations that must be performed to
make two skeleton identical, and that edit distance has been used as a model of shape
dissimilarity in the past (Siddiqi et al., 1996, 1998; Sebastian et al., 2001).

Here, we observe that an edit distance expressed in terms of generative probabilities
is approximately equivalent to the numerator of the skeletal component of the Bayes
factor, while the denominator serves as a normalization.

There are two components of the edit distance between two shapes a and b in the
lattice similarity framework. The first component is the minimal path through the

lattice from node A to node B (see Fig. 3.4). This path has a probability dependent
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Figure 3.4: The edit path between two nodes A and B on the shape lattice. Each time
an axis is added to or removed from a skeleton S, in A, the skeleton “moves” to a new
node, and the probability of the resulting transformed skeleton decreases. In this way,
longer edit distances have lower probabilities associated with them.

on the number of skeleton transformations required, or in other words, the number
of nodes traversed, with longer paths having lower probabilities. This is because each
topological transformation has a certain probability, described in the form p(X|Y’). The
probability of two such transformations is the joint probability of both transformations.
For example, to traverse the lattice from X to Y and then from Y to Z, we compute
probability p(Y|X)p(Z]Y). Since both component probabilities are less than 1, the
resulting joint probability is lower than either component probability. As the length
of the path increases, the number of these component probabilities increases, and the
joint probability of all these transformations decreases further as a result.

The shortest possible path between two shapes necessarily passes through their meet
(greatest common descendent) or, more saliently for our purposes, their join (least
common ancestor). In the case of A and B, their join is C, which means we can
split p(B|A) into the joint probability p(C|A)p(B|C). If we assume axis additions
and removals are equally probable, any path probability p(X|Y) is equal to p(Y]X).
Therefore, p(B|A) = p(A|C)p(B|C). This joint probability is a key component of the
numerator of the Bayes factor described in Eq. 3.9.

Of course, these probabilities only describe the cost of moving from one node to
another. However, shape skeletons within a single node can still be highly dissimilar,

as illustrated in Fig. 3.5. Here, the edit distance diverges somewhat from the Bayes
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Figure 3.5: Even when two skeletons have the same topological structure, they can
still differ significantly. To account for these, the lattice similarity model also incorpo-
rates additional dissimilarity costs for differences in axis parameters, such as curvature,
length, and origin on the parent axis.

factor model. In an edit distance framework, we transform skeleton S, into Sj directly
after topological additions and subtractions. This means that to compute this final
stage of the transformation, we have to compute p(Sb|Ba), the probability of S, given a
parameter model B, that has Sp’s topological structure, but S,’s axis parameter values.
By contrast, the Bayes factor model asks us to compute the probability of both S, and
Sp under parameter models based on both of their parameter values, resulting in a
probability p(SalAuy)p(Sy|Bas).

While both these probability equations represent related transformations based on
skeletons S, and Sy, they are fundamentally different equations, and should not be
expected to resolve to the same values. For this reason, the edit distance can be
described as an approximation to the numerator of the partial Bayes factor over shape

skeletons, but the two approaches are not equivalent in a strong sense.
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Chapter 4

Experimental Framework

In order to test this lattice model of skeletal shape similarity, a shape classification
task was used. As described above, similarity is conceived of here as a psychological
system adapted to classifying mental objects. As such, a metric that models shape
similarity ought to be able to predict human shape classification judgments with good
accuracy.

In order to evaluate our model’s predictions, a novel framework was developed that
allows researchers to obtain a large number of human shape classification judgments
in a relatively short amount of time, and to obtain these judgments in the context of

different imposed structures on the shape categories.

4.1 General Method

Under this experimental framework, each subject was asked to classify shapes as
belonging to, or not belonging to, a particular unfamiliar category based on a set of
category example shapes. Subjects were shown one or more example shapes that were
labelled as belonging or not belonging to a novel named category (e.g. “this is a blicket,”
or “this is not a blicket”), and were asked to choose additional shapes from a list of
candidates that they judged as belonging to that same category (e.g. “which of these
are blickets?”). The candidate shapes were displayed in white in a 6x6 grid at the
center of a computer screen, while the positive examples were shown on the left in blue,
and the negative examples were shown on the right in white, as seen in Fig. 4.1. Text
instructions were displayed at the top and bottom of the screen.

Subjects selected shapes that they judged to be members of the novel category by

clicking on them. When they clicked on a shape, its color changed from white to blue,
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Figure 4.1: An example screen from one trial of our experiments. On this trial, one
shape is shown from a novel category (left, blue), and that is not from a novel category
(right, white). The 36 shapes in the center grid are the candidate shapes, which the
subject clicks on to indicate each shape’s judged membership or non-membership in the
blue novel category.

the same color as the positive example, indicating its judged membership in the novel
category. Additional clicks on the same shape would toggle the shape’s membership
status and color.

Subjects were instructed that most people chose approximately seven shapes on
each trial to be members of the known category. This instruction was given in order
to create a norm that would have the subjects pick an informative number of shapes,
without strictly requiring them to pick a certain number, which might cause them to
select shapes that they did not judge as very similar.

Once the subject had picked all the shapes they judged as members of the category,
they would press the spacebar to lock-in their selections and move to the next trial. Each
subsequent trial used a different set of randomized shapes, and a different novel category
name. In order to minimize the chance that the category names would be confused,
each category name began with a different letter of the alphabet. Each subject saw
26 trials, each with its own novel category, so no starting letters were repeated for any

given subject.
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Note that this experiment does not have ground truth correct answers. The shapes
are not a-priori grouped into categories; only the subjects’ judgements divide them into
different classes. While there are structural differences between the shapes, these differ-
ences only affect category membership insofar as they influence the subjects to classify
shapes differently. Because there is no ground truth, it is impossible to objectively
evaluate a subject’s performance. Instead, the models were evaluated in terms of how

well they predicted the subjects’ choices.

4.2 Shape generation process

4.2.1 2D shape generation

Figure 4.2: A sample shape and its MAP (highest posterior probability) skeleton. The
shape contour is shown in black, the two axes of the MAP skeleton are shown in green
and red respectively, and the ribs are shown in blue. Note how the ribs project outward
from the axes to generate the shape outline.

Shapes for the 2D classification experiments were randomly generated using a three-
step process. During the first step, for each shape, the generator randomly selected a
series of coordinate points from a uniform X-axis distribution and a uniform Y-axis
distribution. These randomly-selected points formed the first rough contour outline of
the shape. This outline was defined further by computing the concave hull over these
contour points.

Once the concave hull was computed, a shape skeleton was extracted from the
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Figure 4.3: An illustration of the shape generation process. First, a concave hull (the
shape contour on the left, in black) is generated from a series of random points, and a
shape skeleton is computed based on that (the green and red axes on the left). That
skeleton is then extracted from the concave hull (middle), and used to generate a new
axial shape (the shape contour on the right, in black) using the methods described in
Feldman and Singh (2006).

contour using the method described in Feldman and Singh (2006). As described above,
this skeleton forms a belief-based explanation of the shape contour. Under the Feldman
and Singh skeleton model, any shape can have a number of skeletons, each of which is
believed to a different degree p(SKELETON|SHAPE). For the purposes of this experiment,
only the MAP skeleton was used for each shape, which is the single most plausible
(highest posterior probability) skeleton given the shape contour.

Finally, rib projection probabilities stored in the MAP skeleton were used to generate
a final shape contour by projecting ribs out from the skeleton axes, effectively reversing
the skeleton inference process to generate a new shape from the skeleton by sampling
from the generative model. This is possible due to the fundamentally Bayesian nature of
the Feldman and Singh skeletons. Just as there is a probability of a given shape being
generated by a particular skeleton, so too is there a probability of a given skeleton
generating a particular shape (see Fig. 4.2). Here again, only the most likely shape
was computed for the purposes of these experiments, although a theoretically-infinite
number of shapes can be generated by any skeleton. Once generated by this reverse
skeletal process, the new shape contour was used directly for my 2D shape experiments.

See Fig. 4.3 for a visual summary of the full shape generation process.
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4.2.2 3D shape Generation

The shapes used in the 3D experiments were generated similarly, but with a twist.
The skeleton-estimation process does not have a counterpart in 3D as yet, but the
likelihood model does have a 3D version, the inflation model described in Feldman et
al. (2013, and see also Twarog, Tappen, & Adelson, 2012). The inflation model is a 3D
generalization of the likelihood model developed by Feldman and Singh (2006), which
constructs the 2D shape contour by projecting ribs outward from the skeleton axes.
In the 3D inflation model, the shape’s surface is constructed in a similar fashion, by
projecting ribs outward from the axes in three dimensions, in a manner reminiscent of
the spokes of a wheel (see Fig. 4.4). The endpoints of these axes form the vertices of

the 3D shape surface.

Figure 4.4: An example of the 3D inflation process. Left: a lengthwise view of the
axis (red), which projects ribs outwards like spokes of a wheel (blue). The endpoints of
these ribs form the vertices of what will become the 3D surface (black). Right: an axis
(red) projecting ribs (blue) from three different points, creating three sets of vertices
(black) which will define the 3D surface.

In the 3D experiments, the shape surfaces generated by this inflation process from
known skeletons (inferred from the 2D concave hulls described above, so the skeletons

are always planar) were used in place of the estimated skeletons.
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Figure 4.5: An example screen from one trial of the 3D shape experiments. On this
trial, two shapes from a novel category were shown (left, blue). The 36 shapes in the
center grid are the candidate shapes, which the subject clicks on to indicate each shape’s
membership or non-membership in the blue novel category.

In this way, new 3D shapes were created with corresponding skeletons that could be
used in the lattice similarity model. The shapes were always rendered from the same
fixed viewpoint, 15° off from the planar view, so that the overall 3D structure would be
visible to each subject. See Fig. 4.5 for an example experiment screen showing these
rendered 3D shapes.

When computing similarities of the 3D shapes, the planar skeleton that was used
to generate a shape was substituted for that shape’s MAP skeleton under the Feldman
and Singh skeletal model. In this way, the generative skeleton serves as a reasonable
approximation of the MAP skeleton for the 3D shape, which allows us to sidestep the
practical problem of computing the 3D skeleton from a 3D shape, which is outside the
scope of the current project.

When computing similarities of the 2D shapes, the MAP skeleton was computed

using the ordinary Feldman and Singh method described for 2D shapes, above.
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4.3 Data collection process

Amazon Mechanical Turk was used to collect subject responses. All participants
had at least 95% positive ratings on the Mechanical Turk system, and were recruited
from within the United States.

After seeing an instruction screen describing the experimental task, each subject
saw one full round of 26 novel shape categories across 26 screens, each with its own
example shape(s) and candidate shape grid. Subjects selected shapes as members of
the category by clicking on them, as described above. Subjects usually responded to
the full set of shapes in approximately 20-30 minutes, and were compensated $4 each

for their participation.

4.4 Advantages of this experimental framework

The primary advantage of this experimental method is the speed with which large
amounts of data can be collected. Subjects are able to judge shapes as belonging to
the category or not belonging to the category very quickly when shapes are presented
simultaneously. Even when presented with 36 shapes at once, subjects respond in
systematic patterns (as will be shown in Ch. 6) in times averaging less than a minute
per set of 36. This new framework takes advantage of this rapid processing and response
time to collect data on many shapes at once, cutting down on the total time needed to
run classification experiments.

Furthering the speed advantage offered by this framework, the instructions are sim-
ple, and the task can easily be performed by non-expert subjects on a computer. This
allowed the data collection process to be automated using Amazon Mechanical Turk,
making it even faster.

This high collection speed allowed the testing of a large number of shape categories
in each experiment. Even more importantly, it enabled the running of ten different
experiments (described in Ch. 5) using different patterns of category example shapes

in both the 2D and 3D domains.
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Chapter 5

Experiments

Using the experimental method described above, ten experiments were performed
testing subjects’ shape classification judgments based on a small number of positive
and negative examples. Exps. 1-5 were performed with 2D shapes such as those seen
in Fig. 4.1. Each of these five experiments used a different pattern of positive and
negative example shapes, e.g. Exp. 1 had only a single positive example and no
negative examples, while Exp. 5 had two positive examples and one negative example.
These experiments are denoted x:y, where z is the number of positive examples and y
is the number of negative examples. For example, the 2:0 experiment had two positive
examples and no negative examples.

Different numbers of positive and negative examples were used for several reasons.
First, to investigate the question of how we combine information from multiple positive
examples to infer a category. What is the essential information that e.g. all chairs
have in common? Humans can easily identify very different styles of chairs from very
different viewpoints, and classify them as chairs, in spite of large differences in the
physical structure and retinal projections of different chairs. What information do we
use to accomplish this? The different numbers of positive examples were used in order
to both explore that question, and to examine categorization in the absence of that
additional level of complexity. Second, to explore the effects of a negative example on
the inference of the positive category. It was expected that the negative example would
be treated as an example from a second category, as in common two-alternative-category
experiments (see e.g. Ashby & Gott, 1988, Ashby & Maddox, 1992, and Waldron &
Ashby, 2001), and that shapes would be classified as belonging to the named category

to the extent that they were more likely to be generated by the named category than
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by this negative category. However, the negative example is not explicitly a member of
a second category in these experiments, and instead simply represents a set of shapes
disjoint from the named category. These negative examples were tested in order to
explore how members of such a disjoint set would affect the inference of the named
category.

In addition to these five experiments with 2D shapes, another five experiments,
Exps. 6-10, were performed using 3D shapes. Each of the 3D shapes was rendered and
shown from a single canonical view as described in Ch. 4 (see Fig. 4.5).

10 subjects participated in each experiment (N = 10), based on pilot studies suggest-
ing this would be sufficient to reveal consistent trends in subjects’ shape classification
judgments. Across all ten experiments, 100 subjects participated in total. The subjects
were recruited using Amazon Mechanical Turk, and each subject was compensated $4
for their time. All subjects were recruited within the United States. The experiment
took 20-30 minutes for each subject.

Informed consent was obtained from all participants, and all research described here
was conducted under the supervision of the Rutgers Institutional Review Board and in
accordance with the Code of Ethics of the World Medical Association (Declaration of

Helsinki).

5.1 Exps. 1 and 6 (1:0 Case)

The simplest experiments were the 1:0 experiments, with a single positive example
shape and no negative example shapes. These experiments are the purest measure taken
here of how shape similarity relates to shape classification. Since the novel category is
only informed by a single example shape, classifications should be based primarily on
the similarity between the example shape and each candidate shape, with a minimum

of influence from other category inference processes.
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5.2 Exps. 2 and 7 (2:0 Case)

The 2:0 experiments had two positive examples and no negative examples. These
are the tasks that most cleanly test how a category is inferred from multiple category
examples. Under the Ashby and Perrin (1988) framework of similarity as a function
of relative probabilities under some noisy model, similarity to the category should be
based on the category distribution. Therefore, we can evaluate the shape of this dis-
tribution by testing the classification patterns under different positive example pairs,
and investigating how the distance between the positive example shapes informs the

distribution that subjects infer.

5.3 Exps. 3 and 8 (3:0 Case)

The 3:0 experiments had three positive examples and no negative examples. These
experiments were largely designed to serve as a check for the 2:0 experiments, to test
whether the same models that predicted two-example category inference also predicted
category inference for higher numbers of examples, and to further challenge the combi-

nation rule.

5.4 Exps. 4 and 9 (1:1 Case)

The 1:1 experiments had a single positive example and a single negative example.
These experiments were a partial return to the more “pure” similarity measured in the
1:0 experiment. This time, however, a single negative example was also included, in
order to test the effects of the negative example on the similarity distribution around

the positive example.

5.5 Exp. 5 and 10 (2:1 Case)

Lastly, the 2:1 experiments had two positive examples and one negative example.
These experiments served as a combination of the 2:0 and the 1:1, testing how category

inference from multiple positive examples was influenced by the presence of a negative
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example.

5.6 2D and 3D

As described above, each of these five experiment types was performed twice. Once
using only 2D shapes (Exps. 1-5), and once using only 3D shapes (Exps. 6-10) viewed

from a fixed perspective, for ten experiments in total.

5.7 Data Collection

In each of these ten experiments, the example shapes shown to the subjects were
varied on different trials, and which shapes each subject judged as a member of the
positive category for that trial were recorded. These classification judgments were then
used to test whether each of several different similarity models could predict the human

classifications, as I will describe below.
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Chapter 6

Results and Model Comparison

Once the shape classifications were collected, the extent to which each of several
models predicted the human classifications was analyzed. In order to do this, each
model was used to predict which choice(s) a subject would make on a given trial,
modelling each choice made by each subject on each trial. Recall that there is no “right
answer” to how similar one shape is to another or which shape belongs in which named
category; the models can only be considered good or bad relative to human behavior,
and to the predictions made by other models.

For each model, the prediction was computed as follows: For each choice the subject
made on a given trial, a probability was assigned to each (not already chosen) shape
in the grid. The probabilities assigned to each shape were proportional to the nega-
tive exponential of the similarity to the positive example(s) times a sensitivity factor
(e @*SIMILARITY) " iny accordance with the Luce choice rule (Luce, 1959; Shepard, 1987).
The probabilities were then normalized such that the probabilities summed to 1, since
for each choice, the subject picked exactly one shape, by definition. The probability
of the choice the subject actually made was recorded, and the analysis moved on to
the next choice. Each model was penalized according to the log probability of these
choices under that model, summed over trials under the assumption that the trials were
conditionally-independent given the model and the previous choices of the individual
subject. Data from all 10 subjects in each experiment were combined to compute an
AIC value for that model, in that experiment.

The AIC values for each model are shown in Figs. 6.1 through 6.6, sorted according
to experiment. Lower AIC values indicate higher model probabilities (Akaike, 1973,

1974, 1979), and all plots show AIC values relative to the lowest AIC value of any
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model analyzed, as suggested by Wagenmakers and Farrell (2004). As such, the model
that best predicts the data in a given experiment has a relative AIC of 0, and cannot be
seen in the graphs. All visible models are worse predictors, and the higher their relative
AIC values, the worse they are at predicting human classifications in this experiment.

In the 2:0, 2:1 and 3:0 experiment graphs, similarity was usually computed for each
candidate shape based on its similarity to the most similar positive example shape.
This approach is comparable to an exemplar model of similarity (Medin & Schaffer,
1978; Nosofsky, 1986; Hintzman, 1986), which does not involve the explicit construc-
tion of a category central tendency. The lattice similarity model, however, includes a
built-in model of category inference, as described in Ch. 3. As such, for the lattice
similarity model, a prototype-like similarity measure was tested and included which
infers a common generative distribution for all positive examples and then computes
the similarity of candidate shapes based on that distribution. This prototype model
was used to produce the lattice similarity predictions used here.

In the 1:1 and 2:1 cases, the similarity to the negative example was also incorporated
into the final classification probability for each model, though weighted by a fitted
parameter. In these cases, a shape was assigned a predicted probability of being selected
proportional to the log likelihood ratio between its similarity to the positive example
(see above), and its similarity to the negative example times the weight parameter w.
This ratio is expressed as subtraction because of the log scale used for these probabilities.
For a given shape a, model similarity between two shapes sim, positive example e,

and negative example e,, the final classification probability is given by

P(SELECTED)  log(sim(a,ep)) — w * log(sim(a, ey)) (6.1)

6.1 The models

6.1.1 Lattice similarity

The lattice similarity model (dark blue on the graphs) is the primary model proposed

herein, and has been described in detail in Ch. 3. It is based on the contour and
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Figure 6.1: Model AIC values for the 2D 1:0 and 1:1 experiments. Each AIC is shown
relative to the best predictor, which in turn is 0, and therefore not visible on the bar
graph. Each visible bar represents a model which performs worse than the best predictor
for that experiment, with higher bars representing worse performance.

skeleton models proposed by Feldman (1997) and Feldman and Singh (2006), and treats
similarity as a Bayes factor comparison between a model of two shapes being generated
by a common process, and two shapes being generated by different processes.

As presented here, this model includes 8-9 fitted parameters (depending on the ex-
periment, see below) that are used primarily to weight the component probabilities
used to evaluate the Bayes factor. Four of these parameters are scalar weight factors on
the components of the skeletal similarity probability. These weight factors control the
extent to which the model values differences in axis length, turning angle, initial branch
angle from the parent axis, and position of the branch on the parent axis, when com-
paring a skeleton to a skeletal distribution (e.g. p(Sq|Aq)). Another parameter weights
differences in the contour curvature pattern between shape contours (e.g. p(K,|K.)),
while another weights the probability of each shape under its own skeleton p(a|S,). An-
other fitted parameter serves as the probability cost of lattice additions and removals,
which are assumed here to be equally costly. The next, and usually final, fitted param-
eter is the sensitivity ¢ used to turn model similarity ratings into predictions of human

performance (p(SELECTED) ox e~ @*SIMILARITY 55 described above). In the 1:1 and 2:1
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Figure 6.2: Model AIC values for the 2D 2:0 and 2:1 experiments. Each AIC is shown
relative to the best predictor, which in turn is 0, and therefore not visible on the bar
graph. Each visible bar represents a model which performs worse than the best predictor
for that experiment, with higher bars representing worse performance.

experiments, a ninth and final parameter was added, which governed the weight the
model put on the similarity to the negative example. Negative example similarity was
otherwise computed using the same weights as positive example similarity.

These parameters were fitted based on data from the first half of the subjects in

each condition, and tested on the full dataset for that condition.

6.1.2 Cross likelihood model

The cross likelihood model (green on the graphs) is a previous skeletal model of
shape similarity introduced by Briscoe (2008). Although it is still based on the skeleton
work by Feldman and Singh (2006), the cross likelihood model does not incorporate
the shape lattice, the Bayes factor, or any contour component. Instead, it simply asks,
for two shapes a and b, what is the probability of shape a being generated by shape b’s

skeleton, and vice versa.

alSy) + p(blSa)

~p(
CL = 5

(6.2)
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Figure 6.3: Model AIC values for the 2D 3:0 experiments. Each AIC is shown relative
to the best predictor, which in turn is 0, and therefore not visible on the bar graph.
Each visible bar represents a model which performs worse than the best predictor for
that experiment, with higher bars representing worse performance.

This model has proven effective at predicting human ability to discriminate highly
similar shapes (Destler et al., 2019), and has shown some promise for predicting simi-
larity ratings (Briscoe, 2008), but its predictions began to deteriorate as the two shapes
become less similar (as happens when two shapes have qualitatively different part struc-
tures) and the probability of one shape’s skeleton producing the other shape approaches
0.

The cross likelihood model is not defined for 3D shapes, due to the limitations of
the skeleton model described in Ch. 4. As such, the cross likelihood model is excluded

from the analyses of the 3D experiments.

6.1.3 Erdogan and Jacobs model

The model proposed by Erdogan and Jacobs (2017, light blue on the graphs) is
similar in some respects to the lattice similarity model and shares its generative for-
mulation. As in the lattice similarity model, shapes are compared as a likelihood ratio
between their probability of being generated by a single generator, and their probabil-

ity of being generated by two separate generators. The Erdogan-Jacobs (EJ) model
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Figure 6.4: Model AIC values for the 3D 1:0 and 1:1 experiments. Each AIC is shown
relative to the best predictor, which in turn is 0, and therefore not visible on the bar
graph. Each visible bar represents a model which performs worse than the best predictor
for that experiment, with higher bars representing worse performance.

begins by inferring the 3D structure of a shape from a single rendered image. Shapes
are represented as sets of segments, somewhat analogous to shape skeleton axes, and
segment endpoints. A bounded-uniform prior probability over number of segments and
endpoint positions is combined with a likelihood for 3D shape inference that assumes
the image reflects the 3D stimulus plus some Gaussian error and a given viewpoint of
2D projection.

Once this 3D shape has been inferred, the EJ model computes predicts shape clas-
sifications using the likelihood described above. The model compares shapes in terms
of their rendered images, and computes a posterior probability that the second images
was generated by the same 3D shape as the first, under the error and viewpoint distri-
butions described in the likelihood function. The EJ model then computes the posterior
probability that the second image was generated by any other 3D shape. These two
posterior probabilities are then compared in a posterior ratio, which serves as the EJ

measure of similarity.
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Figure 6.5: Model AIC values for the 3D 2:0 and 2:1 experiments. Each AIC is shown
relative to the best predictor, which in turn is 0, and therefore not visible on the bar
graph. Each visible bar represents a model which performs worse than the best predictor
for that experiment, with higher bars representing worse performance.

6.1.4 CNN MNIST model

Given the recent success of convolutional neural net (CNN) models in classifying
images in standard databases (Jacobs & Bates, 2019, see also Farabet et al., 2010,
Krizhevsky et al., 2012, Simonyan & Zisserman, 2014), a generic CNN model was
included as a comparison to the other, more typically psychophysical, models eval-
uated here. For this purpose, generic CNN model packaged with the MatConvNet
MATLAB toolbox (available at http://www.vlfeat.org/matconvnet/) was selected. The
model used here (pink on the graphs) was pre-trained on the MNIST handwritten digit
database, which consists of 60,000 training images and 10,000 test images. Each image
is of a single handwritten digit, 0 to 9. A handwritten digit database was chosen be-
cause it was judged that handwritten characters were similar in structure to the axial
2D shape stimuli used here. The handwritten character images are of single, isolated
objects with some degree of variation, and the ten digit categories are defined largely
by the arrangement of parts relative to one another.

The CNN MNIST model, like most CNN models, produces a series of confidence
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Figure 6.6: Model AIC values for the 3D 3:0 experiments. Each AIC is shown relative
to the best predictor, which in turn is 0, and therefore not visible on the bar graph.
Each visible bar represents a model which performs worse than the best predictor for
that experiment, with higher bars representing worse performance.

ratings as its output. Each confidence rating corresponds to one of the model’s learned
categories, in this case, the digits 0 through 9. For the purposes of the AIC evaluation,
these confidence ratings were treated as a probability distribution, and defined similarity
between two shapes as the intersection of their respective distributions; that is to say,
the model’s confidence that both shapes would be classified as belonging to the same
category. For shapes a and b and set of classes i, the similarity between a and b is
described by

sim(CNN) o< " p((a € 9) U (b € 7)) (6.3)

i

6.1.5 Active contour model

The active contour model (yellow on the graphs) is a model for deforming contours
step-by-step until they match other contours. In the context of shape similarity, that
means deforming one shape’s bounding contour to match another shape’s bounding
contour. This is done by finding a minimum-distance order-preserving correspondence

between contour vertices in the two shapes, and then adjusting the positions of vertices
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in one shape until they have the same positions. as the vertices in the other. Each
of these adjustments has a certain probability, given as a Gaussian function of new
vertex position, and the similarity between two shapes is proportional to the combined
probability of these adjustments. This is similar in concept to the contour component of

the lattice similarity model, but uses vertex positions instead of turning angle curvature.

6.2 Model comparisons

In the 2D 1:x experiments, the lattice similarity model has the lowest (best) AIC
value of all evaluated models. In the 2D multiple-positive-example experiments (2:x and
3:0), the active contour model has the lowest AIC value. In all 2D cases, the lattice sim-
ilarity, cross likelihood, and active contour models have substantially lower AIC values
than the Erdogan-Jacobs model on this dataset. The Erdogan-Jacobs model, in turn,
has a substantially lower AIC value than the CNN MNIST model in all experiments
except the 2:1 experiment.

Note that these AIC values relative to one another can be converted into effective
likelihood ratios, expressing the relative probability of the models given the data. Be-
cause the AIC values exist in log scale, absolute differences in AIC space correspond
to exponential differences in likelihood ratio. Two AIC values that differ by even 100
points, far smaller than many of the differences seen here, correspond to a likelihood

ratio of e!% (roughly 10?!) in favor of the lower-AIC model.

6.3 Exemplar vs. prototype models

When computing the model predictions for the 2:0, 2:1, and 3:0 experiments, the
model had to combine information from multiple positive examples when computing
similarity. This combination was implemented in two different ways, corresponding
roughly to “prototype-like” and “exemplar-like” rules. In the prototype-like method,
the positive examples are combined into a shape prototype and similarity is computed
from the prototype to the target shape (Posner & Keele, 1968; Rosch, 1973; Homa et

al., 1973; Minda & Smith, 2001). In the exemplar-like method, similarity is computed
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Figure 6.7: Model AIC values for the prototype vs. exemplar versions of the lattice
similarity model in the experiments with multiple positive examples. The 2D experi-
ments are shown on the left, while the 3D experiments are shown on the right. Each
AIC is shown relative to the best predictor for that experiment, which in turn is 0,
and therefore not visible on the bar graph. Each visible bar represents a version of the
model which performs worse than the best predictor for that experiment.

from the target to each positive example, and the highest of those similarities is used for
the metric (Medin & Schaffer, 1978; Nosofsky, 1986; Hintzman, 1986). Most similarity
models here do not inherently include a method for inferring shape prototypes, so the
exemplar version was used instead. The lattice similarity model, however, inherently
proposes a formulation of the prototype, by inferring the parameters of the positive
shape distribution from all positive examples. In the prototype version of the lattice
similarity model, the parameters of the common distribution C are inferred using all the
positive example shapes, not just one of them. Otherwise, this inference proceeds as de-
scribed in Ch. 3, and the similarity is computed between this full common distribution
and the target shape.

In the 2:0, 2:1, and 3:0 experiments, the performance of this prototype lattice simi-
larity was analyzed versus the exemplar version of the lattice similarity model. Model
predictions were computed for each version as with comparisons between models. The
prototype version of lattice similarity out-performed the exemplar version in every ex-

periment except for the 3D 3:0 experiment (see figure 6.7). The AIC values were
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relatively close in both the 2D and 3D 3:0 experiments.

6.4 Role of the negative example

When computing the model predictions for the 1:1 and 2:1 experiments, the model
needed to incorporate, or choose not to incorporate, the negative example shape. When
it was incorporated, the negative example shape was included in a likelihood ratio, as
described by Eq. 6.1. The negative example was also weighted by a scalar value, which
was one of the fitted parameters in the model. The results of adding the negative
example can be seen in Fig. 6.8. As can be seen from the figure, the incorporation of
the negative example substantially improved the model fit in the 2D 2:1 experiment
and the 3D 1:1 experiment, while adding little in the 2D 1:1 and 3D 2:1 experiment.

Adding the negative example never negatively impacted the model’s predictions, in part

because the parameter fitting effectively discards variables without predictive power.
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Figure 6.8: Model AIC values for versions of the lattice similarity model that included
vs. did not incorporate information from the negative example shapes, in the four
experiments with negative example. The 2D experiments are shown on the left, while
the 3D experiments are shown on the right. Each AIC is shown relative to the best
predictor for that experiment, which in turn is 0, and therefore not visible on the bar
graph. Each visible bar represents a version of the model which performs worse than
the best predictor for that experiment.
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6.5 Overview of results

Here, lattice similarity model has predicted human classification data more accu-
rately than other models overall, including in all of the 3D experiments and in the
one-example 2D experiments. It substantially outperforms the Erdogan-Jacobs and
MNIST CNN models in all experiments, but is sometimes outperformed by the Active
Contour model and the Cross Likelihood model in 2D experiments.

In the experiments with multiple positive example shapes, the prototype version of
the lattice similarity model strongly out-performed the exemplar version of the same
model overall. However, in the 3:0 experiments specifically, the performance of the two
versions was more evenly matched.

In the experiments with a negative example shape, the inclusion of the negative
example in the similarity metric was sometimes, but not always, able to substantially

improve the prediction of the lattice similarity model.
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Chapter 7

Summary and Conclusion

In this research, I set out to create and test a new shape similarity measure, based
on the simple principle that shape similarity is essentially a model comparison task.
From this grounding idea, and based on skeletal- and contour-based models that have
successfully predicted human shape similarity and classification judgments in past work
(Briscoe, 2008; Wilder et al., 2015a, 2015b; Destler et al., 2019), I constructed a new
shape similarity model that treats shape similarity as a Bayes factor model comparison,
assessing similarity as the probability that two shapes were generated by a common
model. In this lattice similarity model, shapes are considered similar to the extent
that they are likely to be generated by this single common model of shape region and
contour, vs. by two separate models. This similarity measure includes a component
evaluating the change in skeletal structure, like previous graph-matching skeleton com-
parison techniques (Siddiqi et al., 1998; Torsello & Hancock, 2004; Demirci et al., 2006;
Bai & Latecki, 2008; Rezanejad & Siddiqi, 2015), but embeds this in a full generative
probabilistic model, allowing the more principled Bayes factor formulation developed
above.

In order to test this new model, I created a new experimental framework for rapidly
testing shape classification judgments. Subjects were shown example shapes that were
either labelled as members of a novel shape category, or as non-members of a novel
shape category. The subjects were then asked which target shapes from a grid of 36
were also members of this category. This technique allowed the rapid collection of data
from subjects over the internet using Amazon Mechanical Turk, which in turn allowed
the running of ten different experiments.

These ten experiments varied in both the dimensions of the stimuli (2D shapes vs.
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3D shapes) and the number of positive and negative example shapes shown to the
subjects. By varying the numbers of positive and negative shape examples, I hope to
shed light on how category examples are used to infer mental shape categories. And by
experimenting in both 2D and 3D, I aimed to demonstrate the extent to which common
principles govern both 2D and 3D shape classification.

The 3D experiments also put into practice the skeleton inflation techniques proposed
by Feldman et al. (2013) and Twarog et al. (2012). While further work is required to
develop a full 3D version of the Bayesian skeletons used in the lattice similarity model, I
have created a way to infer 3D shapes from known skeletons, and here it has been shown
that these skeletons can then be used as reasonable approximations of the true skeletons
in shape similarity calculations. In fact, even relying on this approximation, the lattice
similarity model performed better relative to other models in the 3D experiments than

in the 2D experiments.

7.1 Key findings

In these experiments, the lattice similarity model made the best predictions of all
tested models in the most straightforward 2D classification experiments, 1:0 and the 1:1.
This success is important, because it demonstrates that the model is highly successful at
predicting how shape similarity relates to shape classification in the purest case. The
lattice similarity model also made the best predictions in all of the 3D classification
experiments, which lends strong support not only to the lattice similarity model, but
to the practical applicability of the new new 3D inflation technique. Overall, the lattice
similarity showed the best performance of all models in seven out of the ten experiments,
though it was out-performed by the active contour and cross likelihood models in three
of the 2D experiments.

While the lattice similarity model was out-performed by the active contour model
on the 2D experiments with multiple positive examples, the lattice similarity model
still substantially out-performed the Erdogan-Jacobs and CNN MNIST models in all

conditions, 2D and 3D. The relative success of both this skeleton-contour hybrid model
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and the purely contour-based active contour model suggests that further exploration
may be needed into the role of contour geometry in the inference of shape categories
from multiple examples. However, the consistent success of the lattice similarity model
in the 3D domain suggests that shape skeletons play an important role in 3D shape
perception.

The Erdogan-Jacobs model and especially the CNN model had difficulty predicting
human shape classifications in these experiments. The relatively poor performance
of the Erdogan-Jacobs model is especially surprising given that model’s success on a
previous classification task (Erdogan & Jacobs, 2017), and may result from differences
in the shape structure of the stimuli. The more serious failure of the CNN model in
these experiments is less surprising. CNNs are traditionally trained on upwards of tens
of thousands of category examples (Farabet et al., 2010; Ciresan et al., 2012; Dean et
al., 2012; Krizhevsky et al., 2012), while humans can infer categories from as few as
one example (Macario et al., 1990; Greene, 2018), as subjects were asked to do in this
experiment. The failure of the CNN model to approximate human performance can
thus easily be attributed to it being given an inapt training set, but is still significant
in light of how strongly CNN models have been advocated as models of human visual
classifications (Yamins et al., 2014), and the lack of task-specific training data for the
human subjects beyond the specific category examples.

More subtly, these experiments showed that the lattice similarity prototype model
out-performed the lattice similarity exemplar model decisively in the 2:0 and 2:1 ex-
periments. This suggests that subjects do, at least in part, infer shape categories by
constructing a common generative model based on the example shapes, as the pro-
totype version constructs an overt “common model” while the exemplar version does
not. However, the 3:0 experiments were less conclusive, indicating that subjects may
use a more exemplar-like technique to infer categories with larger numbers of positive
examples.

Finally, performance was improved for the lattice similarity in some of the 1:1 and
2:1 experiments by the incorporation of negative example information. Specifically,

incorporating the negative example similarity as the denominator of a likelihood ratio
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led to improved model prediction in two of the four experiments, and effectively-equal
model prediction in the other two. This suggests that humans may incorporate negative
example information according to the rules of rational model comparison, but if so, there
are additional factors that impact when and how the negative shape example is used.

The exact nature of these factors remains an important subject for future research.

7.2 Future directions

This work has highlighted the need for, and benefits of, a similarity model grounded
in the mathematical principles that underlie model comparison and belief updating. I
have shown here that the math of Bayesian model comparison is an effective framework
from which to understand shape similarity, and opened the door for mathematically-
motivated models of other key aspects of shape and object perception.

The details of the lattice similarity model have also lent support to previous findings
that both shape skeletons (Briscoe, 2008; Destler et al., 2019) and contour curvature
(Wilder et al., 2015a, 2015b) play an important role in shape similarity and classi-
fication. While skeletons and contours are often represented as different models, a
full model of human shape perception can and must account for both. Indeed, in the
lattice similarity framework, skeleton and contour models are treated in an exactly par-
allel fashion, with an analogous degree of fit comparison (the Bayes factor), but with
different generative models.

¢

Another attractive feature of the lattice similarity framework is that a shape “pro-
totype,” the common model, can be calculated for any group of shapes, using only the
same operations that the model applies for “ordinary” shape similarity calculations.
The experimental findings reported here have supported the psychological reality of
this prototype model, in that it predicts human performance more accurately than the
exemplar version of the lattice similarity model. However, as the number of category
example shapes increases, the advantage of this prototype process appears to decrease.

This pattern may suggest that exemplar models are favored as the amount of avail-

able category information increases (see McKinley & Nosofsky, 1995, Minda & Smith,
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2001, and Briscoe & Feldman, 2011) but further testing on larger numbers of category
examples is necessary to draw any definitive conclusions.

While these results have illuminated much about how positive category examples
are used, the role of negative category examples remains largely unclear. I have demon-
strated that information from negative examples, incorporated in the form of a like-
lihood ratio, is often useful in predicting human classifications, but this utility is in-
consistent. Further investigation will be required to fully illuminate when, and how,
humans make use of negative category examples.

Finally, I developed a new experimental framework for rapidly testing human clas-
sifications of large numbers of shapes. This framework can be used either in-person or,
as it was used here, over an online data collection service such as Amazon Mechani-
cal Turk. I hope that in the future, this framework can be used to build on what I
have demonstrated here, and bring new insight into the domain of shape and object

perception.
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