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ABSTRACT

Toward Automated Sketching Collaborators: An Analogical Route

MatthewMcLure

Automated sketch collaborators might help tesate more dynamic intelligent tutoring
systems, work out designs, reduce bias in solving spatial social problems, and organize our ideas.
Here, we examine some properties of sketch recognition methods diesidpedp serve that
goal. Structure Mappingechniques are applied to symbolic structural descriptions of sketched
objects in order to classify them. First, we evaluate processesdodingink into a structural
description in ways that are controllably tractable. We contribute a perceptuzikatigps
schemenvolving edgecycles which is more abstract, concise, and effective than using edges.
We also providdiltering strategies for keping input tractable for analogical matching, which
can be applied to edgwycles, edges or both, ame denonstrate the value of a hybrid encoding
with a filter based on inlcoverage Second, we evaluate two variants of an approach for
extending similaty-based classifiers with classification criteria gleaned fn@armiss
comparison$ highly similar posiive-negative pair§ and we look at its performance over a
rangetraining datacompression rates. We find thatmoderationcriteria from neamissescan
improve similaritybased classification. Third, we demonstrate that an alternative approach to
learning concept boundariewhich uses linear support vector machines built on analogical
generalization, achieves higher, more stable accuracy damiss and similaritybased
classifiers with compressiaf training datahat is equal or better. Fingllwe discuss how the
analogical approach compares to related work and close by suggestingviutitbat that

could build on these contributiot®ward the goal of sketching collaborators.
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1 Introduction

Woul dndét it be nice if our machines could in
intelligent tutoring system capable of comnuating withits user using sketching could
collaborate on drawings of food webs to teach ecology, molecular bonds to teach chemistry, and
free-body diagrams to teach physics. A personal design assistantassigtin exploring and
debugging layouts byrehitects, uban planners, interior designers, landscapers, and user
interface designer s. A quarter of the worl dé
popuation is deaf and in developingutries, most of the deaf are illiterate. @ighms
capdle of composing scenes based on descriptions and vice versa could support an ideographic
babel fish. Sketching systems that use inspectable, verifiable spatial reasoning might even
reduce human bk in solving important social problems thatarporate galitative spatial
constraints, e.g. drawing fair electoral distri@angia et al. 2017; Duchir028). More simply,
many of us could usedigital assstant to help us organize and analyze our digital and physical
notes. This work answers questions in pursuit of tekstehing collaborators.

Collaborating on a sketch can involve difficultsua s ks, i ncl uding recogni
as onceptual tings, detecting intended spatial properties and relationships between those
objects, interpreting conceptual properties and relationships from the spatial ones using task
context, integrating visuspatial input with natural language input,fpeming doman-specific
reasoning and social reasoning to determine how to respond or contribute to the content of a
sketch in a way that adds value to the conversation vameh appropriate, drawingiginal
content. This dissertation focuses on ih& bf thee subproblems sketched object recognition

T but the approach istended to be compatible with solutions to the others.
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Recognizing sketched input is a unique type of computer visidleoga. In some ways it
is a simpler problem than regnizing phdographs of realvorld objects, which have rich
variability in terms of light, color, perspective, and pose. Sketched objects often omit incidental
visual effects like lighting to focus dhe intended contours in a rendering and tend to be
cgptured in asubset of their possible views and poses. On the other hand, details like lighting are
potential clues for recognition. Furthermore, photographic images of objects in the real world
are castrained by objects in the real world. A photo tifjar is a 2dimensional transformation
of a 3dimensional tiger, whose appearance is subject to the phenotypesvioredigers, as
well as other regularities in how they appear such as the bacikbemvironment (an undoctored
photo of a tiger on theoon is had to come by, but a sketch of a tiger on the moon can be
generated relatively easily). Sketches are rarely photorealistic, and their departures from
photorealism are often noisy and vargteynatically with the artist. The firgrained detad are
potental clues in a photograph but are more often distractors and sources of error in a sketch.

Furthermore, the space of concepts one might want to sketch is functionally infinite, and the
mosteffective depiction of something may depend heavilgamext. $hce humans began
drawing figures, thought to be at least 40,000 yearg/Agjoert et al. 2018)our collection of
drawn objects has been increasing. Many of the earliest known figurative illustrations were cave
paintingsof animalstypically painted from a profile view. The set of sketched concepts was
modest and the mapping from label to taegedepiction was closer to cteone. When paper
became widely available about 500 years ago, sketching became a commordssgning
artifacts such as building&oldschmidt 1991) Now humans wssketchingo record a much
wider variety of observations, but also to reason diagrammatically and communicate spatially.

Sketding is taught as a skill in STEM disciplines to promote mbdsked learnin¢Quillin and
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Thomas 2015)Designers use various types of sketchebfierentstages of the design process
(Purcell and Gero 19987 here is now a manyp-many mapping between labels and owareld
depictons (e. g. <civil engineersd drawings of thirt
systemati cal | y infsrwihthe same labels and rdanyddepictions, especially in
design, are deliberately novel. Depictions can vary systentatizigh the person drawing, so
personalized software assistants that sketch might be more effective if they can learn
personalizd visual models of sketched objects. For example, a software collaborator might use
these models to determine who is/was drgwihat in ecollaborative sketch, or simply to speak
in a userds visual nati ve t ootgfsketched conbeptsout s al
there, and an infinite number of sketable concepts. To keep up, our machines will have to be
ale to quickly learn from their human peers what novel sketched objects look like, and how they
can be used to communicate andtbetgs done.In other words, our Al should be able to learn
to draw, and draw to learn, just like us.

Two key properties thahould beprioritized in creating sketching collaborators are
flexibility andaccessibility

By flexibility | mean two relate things: (1) the ability to leverage learned knowledge across
different contexts to make inferences without extensive traimimguodholding, and (2) the
ability to support and integrate disparate types of reasoning (e.g. deduction, causal models,
perception, analogy). These are critical properties of a useful collaborator, the first because of
the scarcity of training data fepecializegppr obl ems i n t he wil d. One h
artistic or conversational style may differ considerably fromanh er 6 s whi |l e r emai n
consistent over time. Training data in the wild that is specific to interactions with @os per

a smdl group is not going to naturally include millions, or even many thousands of dataipoints
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at least, not befordné software collaborator is expected to be useful. Making the problem
worse, the style of content may be closely related tspkeifics ofwhatever project or task is at
hand. For example, an urban planner may work on projects from disparate regtonsiering
differences in symbology and constraints. As-sisécificity increases, naturally available
training data decreaseg§inally, sketching data as training data is relatively scarce because
sketches are relatively expensive to produgeictue is worth a thousand words, and it costs a
lot of words in terms of the time and effort spent to create an example. Thiwisat, by data
techniques will only get us so far in creating personal sketching collaborators, as this challenge
includesplenty of small (but rich) data problems.

The second aspect of flexibility is important because sketches are naturally multiofizatal

accanpanied by linguistic labels, cues, analogies and argum@ige training data from user
specific multimodalnteractions may be scarce in terms of the number of examples, it is
potentially rich with visual and linguistic structure. An ionfant aspeoof flexibility in sketch
understanding is therefore to use representations expressive enough to integladataisvith
linguistic data, while bringing to bear social data, episodic memories, and semantic background
knowledge. The represttions shald also accommodate different types of reasoning involving
one or both of t hese noothadaledtads efsketchingsol dschmi dt
(Goldschmidt1991)documents an arsendlsophisticated reasoning techniques verbalized by
architects while developing designs for a library. The reasoning spannedinecahalogial
projection (e.g. Al could see this as a casba
territordketédld generation and deictic referenc
sketch] o), abduction (ranayium]i Many lwenh i tcthe rcea sies 01 q

deduction (e.g. AThat [trees] means mbdadows. 0
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with sketched contefitsome even verbalized while actively sketchiirg concrete
demonstration of why visual representatishsuld be #xible enough to be combined with
language representations and processed by reasoning systems.

By explainabilityl mean the ability of a software collaborator to inspect and explicitly
communicate its reasons for its judgmeatsd an interfae for precig tinkering, to an extent
that allows for responsible human management. Whether it is a trading algorittune aad
navigation system or a medical assistant, to monitor an Al and assess its reliability, we need to
know, to a certain depth,hy it makeghe judgments it is makes. With modern artificial
intelligenceds soberi ngsamovakeimperativeltdattach t y and f
expectations of explainability to our performance expectations. We should be able to ask our
digitala s s i swhaynot,s afind we s h othdmdnalprecisaway.e t o correct

Predicate calculus is an expressive, highly structured, symbolic representation. The Cyc
knowledge base, for example, is comprised of assertions, written in the CycL languasjer¢hat
opendomain commorsense knowledge. CycL is a declarative ontolagguage that subsumes
first-order logic but also includes higherder quantifiers and modal operators. When grounded
in a vetted knowledge base as in the case of CycL, prediglatdus isaccessible to any
knowledge engineer in a higldelity way. Even the designer of a neural network would be
hardpressed to communicate why the network made a particular decision. Moreover, in a
cognitive architecture whose transactions argredicatecalculus, the problem of understanding
and generating naturanguage about what has been learned is cleanly separated from how it
was learned. One can independently focus on translating natural language to predicate calculus

descriptions anbtack, in adition to reasoning about how to participate in a dialog, attwh
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point all descriptions of concepts and examples become much more accessible even to untrained
users.

Analogy using structured, symbolic representations has had success asopéefor
learning from relatively few examplé€hen et al. 2019; Liang and Fort2&15; Wilsm et al.
2016) A very prolific view of analogy from cogtive science is the Structure Mapping Theory
(Gentner 1983)and its corresponding computational ralpdhe Strature Mapping Engine
(SME; FakenhainerForbus,andGentner 1989; K. D. Forbus, Ferguson, Lovett, & @en
2016)has been used in many cognitive modBlass and Forbus 2016; Delagt 2009;
Friedman 2012; Kandaswamy 2017; Lockwood, Lovett, and Forbus R008tt and Forbus
2017 Lovett and Schultheis 2014nhd Al taskgBarbella and Forbus 2013; Chang and Forbus
2014; Halstead 2011; Klenk al. 2011) I n fact, Lovettds (Wodel of
Lovett et al. 2009; Lovett and Forbus 2011; Lovett and Forbus 20d4<}he genesis for most of
the domairndependent visuapatial properties and relationsusedhe, and Kandaswal
shape descriptors account for many of the rest. Structure mapping over predicate calculus
representations has also been used to perform analogies involving multitatdia oder to
answer textbook questions about biology and misy§thang 2016) As discused above, the
ability to incorporate data from other mesdof communication would be an important asset for a

sketching collaborator.
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=
Case
(touches i k)
(supports k i)
(Block k)
(touch k 1)

Figure 1.1: A sketch of an arch and a subset of its structured mresentation.

Structure mapping does not expect the input representations of an example to be from a fixed
set designed sp#ically for the problem or class of problems, unlike featugetor approaches.
Instead, it expects them to be encapsulated in an arbitralg set of assertiofisor factsi
called acase representing the examplehese facts ideally, but not nssarily, cosist of
predicates from a domageneral knowledge base e.g. the Cyc knowledge base. In Figure 1.1,
thesketch of ararch(left) can bedescribed in a cageght) that includes the relationships and
attributes that in the center are showasrectanglesverlaid onthe arch pointing to the
perceptual entitie@vhite circles)thatthey take as argumentény input that takes the form of a
case can be | abeled as an example of any conc
add to is flexibility because using the same vocabulary of predicates to describe disparate

concepts (even concepts lead from different modalities) facilitates more distant analogies.

1 Note that for most datasets in this work we automatically encédgsing purely spatial

predicates, as opposed to the partially conceptual relationships and attributes shown for the arch
in Figurel.1, whichcame from our only dataset whose encoding involved some manual
assistance by a user.
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These could allow a learner to generalize a classification rule beyondkHertavhichit was
trained, or compose concepts into novel compound concepts wehgetbarrow of pumpkins

But why use a theory of comparison from cognitive psychology and visual representations
from cognitive science as the basis for approaches fomated recgnition of handdrawn
sketches? For one thing, it serves the goal of explainability. Comparisomsednl in teaching,
argumentation, or for showing oneds reasoning
human should look sensible teethuman.

Another reason is that humans are very good at sketch recodgitibpnHays, and Alexa
2012) while using reasoning that is fléke and accssible enough to bootstrap quickly in new
domains and discuss why they understand something toneender of a category. When
human collaborators are our best working model of what we want from our automated sketching
collaborators, imitatiofis a stratgy worth pursuing.

A third reason is that by and large, the sketches we care about understaadirayvar by
humans. The relevance of this relies on two assumptions: (1) A human sketcher typically draws
with the intent to communicate a contépother lmmans, and (2) the sketcher, presumably
trying to communicate efficiently, draws what they deerbgdhe most important visual
elements for recognition. Therefore, while sketches are more informationally sparse than say, a
photograph, the imirmation tharemains in a human rendering is usually meant to be
particul arl y ame n a bproeesseso This assumptionocasts sketchiggimotei o n
as a pragmatic communication device and less as an artistic expression, as that is the type of
sketching weare more interested in endowing software collaborators with and the type that

aligns with the datads used in these experiments, which are described in S2@ion
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A hallmark of an analogical approatthlearningis an intermediate matching step. In the
Structure Mapping view, this step is expected to (1) tadenstrained, potentially disparate,
relational representations as input, (2) produeto-onecorrespondences, capturing which
elements go wh which eements across a group of these representations, and (3) produce a
numerical similarity score betweeany pair of representations. These aspects underlie the
potential of analogy to produce highly inspectable, communicable learned concepisdarsd
with relatively few training examples. The next two sections are meant to provide some intuition
asto why. A structuremapping approach to recognizing raw visual input does, however,
necessitate an encoding step, by which symbolic relatiensuaomaticly generated to
represent the visual input. SectibBintroduces a view of encoding and its implications.
Sectionsl.4and1.5outline the claims and contributions of this thesis, and Sedti6provides

a roadmap for what to expect in each of the chapters.

1.1 Palm Trees and Pineapples
Figurel.2 showsfour sketches opalm trees and orsketch of a pineapple from a large
dataset of humadrawn everyday concep{gitz et al 2012) Of course, the author and reader

have likely seenigual represntations of palm trees and pineapples before, but imagine, if these

Figure 1.2: Four of palm trees and one of a pineapple (right) from (Eitz et al., 2012
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were the first examples you were seeing, what hints you may glean from them for how to
recognize future palmees and pineapples. First, palm trees and pineapples havelsame
commoralities. In both, the large part on the bottom tends to be textured and has a vertical
orientation. The group of similar oblong parts on the top radiate outward and come g@point
acute angles. In the pineapple, the bottom part is comabelépticd, whereas in the palm trees
it tends to be more oblong, have corners, and include at least one concave, curved segment along
its exterior contour. The texture of the bottom jmdrosshatched and dotted in the pineapple,
but it is primarily made of hazontal lines in the palm trees. The palm trees also have some parts
that the pineapple doesnodét; they al/l have a ¢
other parts ame together, while half of them have a horizonal contour thetaps withthe
bottom edge of the large bottom part and extends past it.

These visual indicators are communicable partly because they refer to discrete parts that the

reader can identify. Here are bottorup clues in the ink that signal how to visualbrve up a
shape into parts. An important one is that we cleave shapes near their con@ideffrean and
Richards 1984) which is part ofvhat allows us to see the top sections of the palm trees and
pineapple asrgups of parts, even when they are drawn as a single closed shape as in the second

palm tree from the left.
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Note that this separation into discrete
parts using bottorup information is not
necessarily the most economical or

discriminative wayto carve upntermediate

features for classifying this group of five
Figure 1.3: The original example on the lefis

examples.There could exist some extremely imperceptibly different from the adversarial
example on the right (Szegedy et al., 2013).

informaive region or nonlinear function of

pixels for which strongly opposite signals ar

detected in palm trees and pineapples,

bypassing p@&eptual orgaization as an

intermediate source of error, and

Figure 1.4: A random sample of the firststage
filters learned by the deep neural network
Sketchra-Net (Yu et al., 2015)

discriminating all four examples more clearl

and economicé. This direct learning of

complex but informative signals in the input is what makes deep neural networks such powerful

classifiers Indeed, e Sketcka-Net convolutional neuraletwork(Yu et al. 2015Figure 1.4
reached superumar? performance ina recognition task on the same dataset (Eitz €04R)

from which thetrees and pineapple in Figure t@me However, this direct, maximally

discriminative endo-end learning seems to come with risks that are only partially understood.

Szegedy atla(2013) presented adversarial exampl@scorrectly classified imageserived

from correctly classified images, whose difference from the original is too slight a perturbation

to even be perceptible. Figure 1.3 shows a correctly clasgfedxampléleft) and an

2To be precise, the SketehNet approach used stroke ordering information to divide input signals into channels.

Humars performing the classification task had no asteghis stroke ordering information.
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incorrectly classified adversarial example based onghiyi They also presented an
optimization procedure for reliably generating these adversarial examples. Most strikingly, they
showed that a trained model could even gaicantly confused by adversarial examples
generated using a separate model, tchoredifferent model parameters or even a different
training set. Armed with some basic knowl edg
procedure, a bad actor wld not evemeed access to the model or the full details of its training
to know howto trick it significantly.

Furthermore, the ability of an automated sketching collaborator to refer to and reason
spatially with discrete, raseable visual parts is adooto explanability. For example, it can be
useful forgiving feedback to students their sketched designs and workshéétsbus et al.

2018; Valentine et al. 2012; Wetzel 201d3pecially if those parts can be labeled with concepts

in a knowledge base, from which relevant spatial constraints can be gleaned. | further imagine
this reasoningupporting ovel sketch generation by composing new combinations of parts;
asked to produce a palm tree with a cileagching texture, one might produce a prototypical

palm tree example and crelsatch within the confines of the part in the visual modd¢hefpalm

tree that tends to be textured.

Finally, a recognition processatuses representations that refer to discrete, visually salient
intermediate parts provides flexibility by resisting overfitting. Since humans have drawn the
sketches, arriving antermedia¢ features more familiar to humans should mitigate brittleness.

Returning to the description of palm trees and pineapples above, note that it also refers to
statistics about visual properties of the parts. Implicit in the communicatiotéhadttom patr
is oblong and contains corners in the palm tree, wheresaslliptical in the pineapple,

presupposes that we have arrived at a shared visual model, or template, which contains a part



32
the bottom part and in each of the examples, we &ow which nk to map onto that part in
the model. In palm trees that perbblong and has corners, in the pineapple it is elliptical. As
Halstead points out, successive analogical matching of examples onto a shared template can
explain how to track atistics ofparticular elements common to those examples, even when the
input consists of arbitrarily complex relational representations, as opposed to a traditional feature
vector(Halstead 2011) Featurevector approaches do not require a rhig step because the
template is baked right into the training data as a set e¥&leye pairs. In the analogical case,
the input does not have the keys baked imfact, its dility to operate on arbitrarily exotic
relational representations is paftwhat makes it so flexibleb ut Hal st eadds key i
that an assertion in an example case can still act like a feature in a vector as soon as the matcher
determines whichssertion (ifany) it corresponds to in a sufficiently similar template Hzest
been learned from sufficiently similar example cases. Structure Mapping outptsamre
correspondences between two representations that act like the keys, bridginddha wor
featue-vector learning techniques and the world of predicate caacelresentations. For
example, |l everaging Hal steadés template insig
inferences in a semantic web knowledge base by applyinditogigressin over structured
cases that were gathered using a breidéhsearch through a knowledge graph. In this respect,
analogical learning approaches are more closely aligned with feature-bas#at learners than
Inductive Logic Programmingl(P), a typeof learning discussed in Secti6til.2that, like
analogy, takes relational representations as input, but instead learns by searching forcefirst
logic sentence (containing variables) that is Satidy thepositive examples of a category and
not the negative. One suldgic sentence in this scenario mightibie has a circle, it is a palm

tree. This rule is simple to devise but is unlikely to remain discriminative when new concepts
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come along A more conplex alternatives ig it has a pair of parallel, verticallpriented curves
below a cluster of circles, it issketch opalm tree The following complex rule is just as valid:
If all of its quadrilateral polygons are diamonds, it iskech of apineapple. It is hard to know
which rules are more essential & trees, so ILP relies on heuristics to search for one. None
of these rules captures a holistic view of t
typical propertiesand they mant to remain valid when applied to all future examples.
Matching parts in an example to those in a relational model to keep statistics over corresponding
elements in the fashion of Halstead and Liang produces a more biased hypothesisaspace th
searchindor a logic sentence from scratch but is potentially lessevalrie to overfitting.

Finally, the reason we can compare the parts of the pineapple to the parts of the palm trees so
readily is that they are visually similar. This is consisteittt a clasic result in cognitive
psychology. People can more quicklil teat two stimuli are different when they are more
different, but they can more quickigentifythe differences when the stimuli are more similar
(Sagi, Gentner, and Lovett 2012)e can readily communicate differences between palm trees
ard pineappledy referring to their corresponding parts because theyiraias In this
analogical approach which uses Structure Mapping, the degree of structural similarity plays a
key role in determining when to rely on correspondences between pexisngples tduild
statistics about t he s zeclassificdtion driteparthatrefer to theens a n d
After all, when two objects are not very similar, how can it be desided goes with what

across them. Similarity is a gatekeepermf@aningfulcomparison.
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1.2 Supervised learning of category models usingcstine mapping

In the structuranapping view of supervised analogical learning adopted here, constructing
probabilistic models for a categairysay,sharki starts when the first exanepof the céegory is
observed. The example, a structured representation comprisgdtimin and attribute elements,
is stored in long term memory as a modepmtotype,of the category. Albeit a degenerative
case, we can say that the original exp not oy an example o$hark but also an example
of our only existing prototypef a shark.

When a new positive example sifarkis observed, it is compared to the existing prototype,
and elements (relations, attributes and entities) in the newpdxame mapgd onto elements
those in the existing prototype according to the conssraifStructureMappingTheory
(Gentner 1983) This produces a numerical degree afikirity anda set of correspondences
between elements. When the second examplefisisafly similar to the first, we can use their
correspondences to turn the existing prototype into a generalized prototype. Elements that have
an analog in both exartgs are seeas more characteristic of the prototypthey are deemed to
have a high pbability of being present in future examples of the prototype. Elements in either
example that do not correspond to any element in the other are considered |esd,foequ
chamcteristic of the prototype. On the other hand, If the second exampiliesigfficiently
similar to the stored prototype, it is stored as a new prototype of the categoagically new
type of shark, too different from the first prototyjpehave contlence inwhat goes with what
across the two.

Future positive examples che compared to the learned prototype(s), and if deemed to be

sufficiently similar to one of them, they can be merged into it, with the probabilities of the
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elements inhe prototypeaupdating to reflect the frequency with which the merged examples
have cordined an analog for the element. In this way, we can build up alternative structured,
probabilistic prototypes that characterize various types of sharks. One wagrtaide if uture
unlabeled examples are sharks is by seeing how similar they are to otore of our shark
prototypes.

Of the elements that have been observed in all examples of a certain prototype, some may be
critical to sharkness. Perhaps a fishtivdut a thre-sided dorsal fin cannot qualify as a shark.
These necessary conditiongyrbe discovered by observing@armiss(Winston 1970) an
example that is not a stka but is nonetheless very similarashark that has been observed
Since it is not a shark but is the same@®e shark(sh almost every way, the differences
betveen the exaples can be seen as crossing a category boundary. One or more of the hand
of differences may be necessary conditions for discriminating sharks from things that are nearly
sharks. If a classifier only pays attention to similarity, it carfidoled bya future example that
is a nearly a shark but fails to meet one of thekstideriai e . g. it 6s mi ssing a

When a criterion is hypothesized for a prototype, it does not naturally extend to a second,
disparate prototype for the samwetegory, bcause it refers to elements grounded in the first
prototype as opposed variables that can be bound. How could we know which element in the
second prototype it should refer to when we d
anything, coresponds tthe referents in the first prototype? This inability to declare two
elemats equivalent across disparate representations is the same reason Halstead found statistics

could notbe reliably tracked across examples that are not si(Hklstead 2011)
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Not Shark

Shark prototype O Shark prototype 1

Figure 1.5: Structured representations of example$ three sharks and one non
shark i and prototypes that result from analogically clustering and comparing the
examples

Figurel.5 showsthe formation of multiple prototypes by clustering structured
representations, and the formation of hypothesized criteria, which pertain to tHesgps) via
a neammiss. Circles denotentities. Squares denote attributes and relations. Different colors
denote different predicates. Translucent squares in the prototypes represent attributes and
relations with frequency lower than 100% (50%histcase).T h €6 omar ks a may operty
be necesgamuar&msd a6 property that may be disqua
SmithandMe di nds seminal wor k o(8mithandMdn 198Rt egor y |
suggestshat humans have categories that have necessary conditions (e.g. triangle), categories
whose membership is determined by similarity to probabilistic concepts (e.g. chair), and
categories whose membership is determined by similarggltent examples (e.guicidal
patient). The perspective on supervised concept learning outlined here incorporates these three

views of category membership. Salient examples can result from a lack of sufficiently similar
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examples to generalize with §angleexample prototye for a category) and can coexist with
probabilistic generalizations of the same category. Criteria can be learned that pertain to salient
examples or probabilistic prototypes, as long as-nesses have been observed for them.

Another interesting propty is that this approach can learn disjunctive concepts even if the
hypothesized criteria are constrained to be conjunctions (an assumption that dramatically reduces
the hypothesis space). The disjunction takes a form like:

The exarple must be similar tehark prototype A and there must be a part
like the top triangular part in A that is above a part like the large center
partin A,

OR

it must be similar to shark prototype B and the shape that is like the top part
of B must have aertical major axis.

Theability to construct alternative prototypes of a category is crucial in sketched object
recognition, wher e -gpdéciicddpictionvomnvénsonssandyalteenativet he t a
perspectives (often not even projections-& Beatworld objects) albffect how an object is

sketched.
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1.3 The Encoding Step

Intermediate parts (with labels):

! Areas of contribution * Add entities, attributesand/or
! | Future work relations
o .+ T i >
Trigger queries <O
" ”
B . _ “nose” V¢
Filtering - b = “face”
Ink | g Strategies 1[ Background
Discrete H : ST -1 :
. VISI.IO-Sp?tIal Relatiol _I Case for matching " Labels
Bl analysis representations
A ZAN {above Edge23 Edgel/) {above Fdge23 Edgel7) M
Labels 1€ Jicr {curved Edge19, ) ‘.‘
Y - \ (hasEdge Shapesd Edget) (hasEdge Shape3a Edge17) Learned |
L Cy ; Concept-specific encoding | {contains Shape4 Shape; {contains Shape34 Shape23) . i
Y . supports binary choices _; visual models
TR Binary questions, e.g. /_,’_:_-,:’5”
T “face?” “strawberry?” “rainbow?” _1122333111"’
Figure 1.6: The information fIl ow t hr cupgncodibgrands w

comparison (solidcolored componats), andthree possible extensions for future work (white,
dashed arrows).

Structure mapping takes two structured representations as input. Using it to learn visual
concepts by comparing raw visual instances requires an encodirigaspgpces$®y which a
relational, qualative, symbolic representation is generated to represent the raw, quantitative,
nonsymbolic visual input. For example, for any one of the gadmsin Figurel1.2, beingable
to feed analogal processes with the infoiation that it has a group of small round closed shapes
near the center (in a way that generalizes beyond this specific case) assumes, at least, visual
processes for detecting closed shapes, assessing their rouaddéssiy relative position.

Every nput sketch used here is encoded with such visual processes before being fed to
analogical processésr recoquition. Thenonwhite coloredarrows inFigure1.6 showour

implementation of thipipeline in more detailEncoding is broken dowmto three stages
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percepual organization int@a set ofdiscrete entities, visual analysis for computing relations and
attributes for thse entities, anfiltering for producingcase that can be tractably processed by
structure mpping tools. Our contributions in this thesis are primarily to the stages in the
pipelinein Figure 1.6 that are colored purpleThe greenarrows showheinformationthatflows
through oumpipdine.

In Figurel.6, the white, dashed arrovghow threes way&ashed arrowghatour approach
could be extended in future work to (@tognize intermediate parts tlatoke rerepresentation,

(b) incorporate the filteredut representatiorss background for validatdifference found by
analogicalmatchng, and (c) support conceppecific encoding to learn binary classifiers and
answer binary questions, some of whicaymesult from hypotheses about answers to-open
ended questionsith a mae agnostic encoding.

Here we concern ourselves witie problem obrganizing ink into visual primitives using
bottomup processesThough we have nabcluded any of the imagined feedback loops from
Figurel.6, note hatthe same visual processes and vocabulary that apply to primitives can apply
to parts constructed from primitives (e.g. having recognized eyes,ndetermine that the eyes
are above the nossing the same process and vocabulary with which we deiedrthat the
edges representing eyelashes are above the circle representing a pupil). In this perspective, the
only extension necessary to completefdezlback loop is detecting an object in a subset of a
relational representation (versus recognizingethiEre representation as an object) and
determining which ink corresponds to [tam not the first to imagine encoding this way; this is
similartoherer epr esent ati onal process at the core
choice taskgKandaswamy 2017)In thd work, intermediate objects are detected usgitgyim

generalizationswhich are in working memory from recent comparisons. This could be applied

of
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to generalizations stored in long term memory, whose recall and application could depend on
other topdownfactors besides recency, including searching for a correspondencstty bol
comparison, or searching for known parts of the visual model for a labdia@eg.have eygs
perhapsecause this is a binary classification problem aag or not facgor because the label
has been suggested as a possibility by somesfage, superficial classifier (e.glooks like a
face or a strawberry or a rainbdw The extraction of visual primitivefsom ink using bottom
up processeis still a key first stefin any of these scenarios.

Even within a strictly bottorup encoding pocess, there are open questions. Finlayson and
Winston(2006)gather evidence for the idea that the ideal level of representation for analogical
retrieval matching was an intermediate level, with enouggilder an informed and useful
mapping, but not so much detail that thatch is mired inthehit he so call ed AGol ¢
Hypot hesis. 0 To gener atpeweingestifatelstrategiepfore sent at i
minimizing verbosity and excessive detahile capturing the most relevant properties for
recognition and enougdtructure to bias the matcher to choose productive mappings in a reliable
way (reliable mappings, by our definition, are those that tend to preserve transitivity in a triad of
three p&-wise comparisons between three similar casms idea we will returtio in Section
5.1).

Chapter 3 deals with the encoding process. Specifically, we look at a sparser, more effective
level of abstraction, derable from edges, for carving sketched input into parts based largely on
Saunddés principles of tr acdigoodcodinugyBaurmad03d)s usi n
We go further by looking at strategies for putting hard limits on case size wioitéiping
elements in a hierarchical structure that, together, cover as much of the ink as possible, before

delving into details in areadthfirst fashion as space allows. We leverage the connective tissue
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in our representations to be able to employfiliexing strategy at the knowledge level alone

(without access to the sketch), and we show how it can be applied to multiple fevels o

perceptual organization in tandem to benefit from the most productive visual elements at both

levels.

Next, we list theclaims that this work provides evidence for, followed by its contributions.

We conclude the chapter with a brief roadmap.

1.4 Claims

For sketched object recognition by analogy, cycles of edges, extracted based on closure
and continuity, are a more effectigad efficient level of qualitative representation than
edges.

Sketched object recognition by analogy can be improved by using altasenfthe

input representations that greedily attends to the perceptual entities that cover the biggest
portions of tle leastrepresented ink.

For sketched object recognition by analogy, with an entity filter based on ink/area
coverage, attending to eglgycles and edges together (with representational tissue
connecting them) is more effective than attending to eitheexclasively when

controlling for maximum case size.

Criteria learned from neaniss comparisons and refined by analogical generalizain
improve the performance of a similariyased classifier by censoring retrievals that

violate a hypothesized criien, but the benefit is not consistent when these-messes

are between analogical generalizations themséhagsapproach with merplausible

storage requirements.
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Extending a similaritypased classifier with hypothesized criteria from fra@ses can
improve its performance when the hypotheses are genémateatlerationwhich is not
the case when detecting neaisses between amajical generalizations at relatively low
similarity thresholds.
Using an aehoc analogical generalization at testing timéinear support vector machine
can be layered on top of similarbased retrieval for higher classification accuracy than
comparale similaritybased or neamissbased classifiers, while requiring nothing
beyond prototypes to be stored in letegm menory (the same storage requirements as a
comparable similaritpased classifier) and being more robust to the compression of

those pradtypes.

1.5 Contributions

1. Edgecycles, a perceptual organization method for ink, built on a planar edge
graph embedding, thabnstructs shapes from cycles of the edges to produce a sparser
and more effective representation for recognition.

2. A strategy for filering visual cases that combines the strengths of edges and edge
cycles by progressively attending to visual entitie$ tbpresent an outsized portion of
the underrepresented ink. We provide a set of sufficient representational conditions for
using thisfilter to weigh edges against edggcles in constructing hybrid cases, and for
applying the filter at the knowledge kvalone, obviating access to the external
guantitative representationthe sketch and, in theory, allowing it to be applied to

genealizations or imagined examples.
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3. Atechnique for detecting nearisses and hypothesizing criteria for category
memberstps from them, in conjunction with a principle for refining them via analogical
generalization. These components are shown to potgriidiefit classification in
moderation, but also to potentially harm it if overdone.

4. The Analogical Boundary Learner (AB), an analogical approach to using
support vector machines ( S-Vagkdslievaland conj unc
analogical genatization, in an SVMKNN (Zhang et al. 200&6ramework. ABLe
augments similaritpased classification in a way that is more effegtimere stable,
more spacefficient, and more robust to compression of the training data (by analogical

generalization)itan prior neamissbased discriminative approaches.

1.6 Thesis Roadmap
Chapter 2 provides the requisite background in the Structure Mppiew of analogy and
the tools that implementiitthe Structure Mapping Engine, a model of similabised retrieval
called MAC/FAC (many are called, few are chosen), and SAGE, for the sequential analogical
generalization of examples. Italsogoesmtet ai | about CogSketchods pr
organization and its spatial representations. Finally, it deschbeatatasets used in the
experiments to follow.
Chapter 3 looks at edggcles, a novel representation for supporting better, moralract
recognition. It also describes two alternative filtering strategies for puttingawp constraints
on visual analgies and shows how to use the more effective of the two to coordinateaadge

edgecycle representations for a hybrid scheme thatigerior to each individually.
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Chapter 4 looks at how to learn explicit criteria for category membership frormmeses,
using structure mapping. Two neaiss approaches built on structure mapping tools are
presented and tested on sketch recognitiskg, one of which uses a less scalable approach but
demonstrates the value of neaisses for classification, and théwet of which takes an
approach that is more scalable but less clearly effective.

Chapter 5 explores an alternative method for levegag@armisses using support vector
machines. This technique achieves performance that is as good as or better thtarthe b
performing neamiss classifier, while being even more scalable than the more scalabhaisgar
classifier.

Chapter 6 reviews lated work and Chapter 7 wraps up with conclusions and ideas for future

work.
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2 Background

2.1 Structure Mapping
2.1.1  Structure Maping Theory

The Structure Mapping Theo(Gentner 1983pf analogy characterizes comzan and
similarity judgments as a process of aligning structured representations. The matching process
between two represtations, base and target, is governed by several constrainBngig-one
correspondencallows each element in the base to npt most one element in the target and
vice-versa (an injective mapping), (Rarallel connectivityensures that if two tations
correspond, their arguments will correspond, andi€8¢d identicalityonly allows relations to
correspond if they haveedtical predicates, or if aligning close predicates would support a
larger relational match. Theystematicity biasstablshes a preference for larger, more

interconnected aligned structures. In addition to correspondences, the matching process may
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geneatecandidate inferencesvhich project unshared structure from the base onto the target and

from target onto base, if amohly if it is connected to the shared structure.

2.1.2  The Structure Mapping Engine (SME)
The Structurévlapping EngingForbus et al. 2018% a computational model of Structure

Mapping Theory. It matches two structuredatielnal descriptions using a logatglobal

Base Target
r_ i \ e

Mapping

supports ™
tou

Candidate
Inferences

Figure 2.1: Two arches compared using SME. The middle row visualizes the mapping
between theirrepresentations (actually a subet of their representations), and the bottom
row highlights the resulting candidate inferences.
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process. First, potential correspondences between identical predicates give rise to local match
hypotheses, which then gregddoalesce into progressively larger, structurally consistent
clusters. The resuls a set of mappingsglobally consistent sets of correspondences between
the two descriptions. Each mapping contains a list of correspondences from entities and
expressns in the base to entities and expressions in the tagjetcoded in the middleow of
Figure2.1, a list of candidate inferences (from base to target) and reverse candidate inferences
(from target to base¥hown in red in the bottom row Bfgure2.1, and a strctural similarity
score. Mappings are scored using a trickd@n process that implemerite systematicity bias
by rewarding larger shared structure. In pragtgmilarity scores are often normalized to range
from O to 1, by dividing by either thedf-scoreof the base (the similarity score of its match with
itself), the selscore of the target, or the mean of their-sebires.

Candidate inferences may cantakolemshypothesized entities in the target which are
projected from entities in the @that have no correspondence in the mapping. Because
candidate inferences are only produced when they mention some shared (corresponding)
structure, these skolerase only produced if the netorresponding base entity participates in a
relation with someorresponding entity.
SME is a heuristic procedure for finding mappings that optimize systematicity subject to the
constraints of Structure Mapping Theory. Thislgem is similar to the maximum common
induced subgraph problem for labeled graphs, wisdiiRth a r d . SMEGs ti me com

O(n?log(n)) for two equalsize cases of items (entities and expressions) each.
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2.1.3 MAC/FAC

MAC/FAC (Forbus, Gentner, and Law 1995)a model of similaritybased retrieval built on
SME. Given a probe case (a relational description) and a case library, MAC/FACesetreto
three similar cases from the case library. The algorithm has two stiegésted irFigure2.2.
The first stage, MAC (many are called), computes fast, shallow simistityates between the
probe and evergase in the case library using dot products of content vectors. The content vector
of a case stores a sparse encodinttpe frequencies of all functors (predicates at the heads of
assertions) in the case. For example, if the case incluctegdinsrelaions, thecontains
di mension of the caseds c on-4vextortdotpvoducttakestheh as t h
dot-product of two content vectors and normalizes the resulting scalar to range from 0 to 1 by
dividing by the square root of the produétlve magnitudes of the two content vectors.

The MAC stage allows the algorithm to scale to large case libraries. It passes the most
similar cases (by default, at most three) to the second stage, FAC (fevosea)chFAC

performs an SME comparison betan each retrieved case and the probe in parallel. The

& Jikil
by

Output =
memory item
+ SME results

b ’ c
N ﬁ Cheap, fast, nosstructural

Figure 2.2: The MAC/FAC algorithm for similarity -based retrieval.
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similarity scores returned by SME are used to sort the candidate retrievals and the most similar
case is output (a reminding), plus up to two more if theychrse to the top score

MAC/FAC can be usd to classify an unlabeled exampleusyng it as a probe tetrieve
similar exampledrom a case library dhbeledtraining examples. The label(s) associated with
the reminding(s) propagate to the unlabeled example. Taking the label of the topmgmind
approximates nearest neighbor classification with a structural similarity measure (it is an
approximation becausd the fast/cheap MAC stage). This classification scheme will be referred
to in later sections as thetrieveNN approach. It will be sed to evaluate encoding schemes in
Experiment 2 (SectioB.5). Taking the topdbel from a weighted sum of the remindings
(weighted by similarity score), approximates weighteddaresineighbor classification. This

scheme will be referred to below RetrieveKNNW.

2.1.4  Sequential Analogical Generalization Engine (SAGE)

The Sequential Aalogical Generalization Engine (SAGE) is a model of analogical
generalization and the evolutionary successor to SEQEhne et al. 2000)It has been used to
explain progressive alignment, the human phenomenon in which almstsafcim more readily
from sequences of examples that differ incrementally. In SAGE, examples, in the form of cases
(sets of propositics), are added sequentially tgeneralizatiorpool, where they are
automatically clustered into probabilistic geslerations (cases themselves, where facts have a
frequency associated with them) and ungeneralized examples (cases that were notlgufficient
similar to any preexisting generalization or ungeneralized example). The SAGE algorithm
consists of two stagest)(Selectat most one existing cluster to add an incoming example to, and

(2) Mergethe incoming example into the cluster.
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Figure 2.3: The formation of a probabilistic generalization by adding to aSAGE generalization
pool a case that is sufficiently similar to a previously added, ungeneralized example.

Selection of ayeneralization partner is performed using MAC/FAC, treating the incoming
example as the probe and the generalization pool as thibrasgfor retrieval. The similarity
score for each of the resulting remindings is normalized using the mean of theoseff for the
reminding and the probe. This normalized score is guaranteed to be between 0 and 1 since the
mean of the two selcoes will be greater than or equal to the lesser of the two, and the
similarity score between two cases cannot exceed thec®e of either case (the amount of
relational structure on either side of a comparison are upper bounds on the amount of potential
shared structure). The reminding with the highest normalized similarity score is selected to be
merged with the incomingxample if and only if its score exceeds déissimilation thresholof

the generalization pool, which ranges from 0 to 1.



51

The select stage passes along the selected cluster to the merge stage, along with its analogical
mapping with the incoming exampldf the selected cluster is an ungeneralized example, as is
the case in Figure 2.3, the incoming example will be merged with the ungeneralized example to
create a new generalization. If the selected cluster is a generalization, the merge process will
assimilate the incoming example into the generalization. If mgtis selected, nothing is
merged, and the incoming example is added to the generalization pool as an ungeneralized
example.

The merge stage begins by using the SME mapping returned byetiessege to create
generalized entities from correspondingpiientical entities in the base (incoming example)
and target (selected cluster). These generalized entities will replace their corresponding original
entities in the resulting generalizatioWhen the target is a generalization, some entity
correspondeces may include a generalized entity, in which case that entity will be reused in the
updated generalization. Using the mapping from base/target entities to generalized entities,
SAGE transktes each pair of corresponding expressions from the SME mapiurey
generalized expression, adds this expression to the resulting generalization if it is not already
there, and updates its associated probability. Expressions from the base ankatagetrot in
the SME mapping are also translated, added tgeheralization if necessary, and updated. The
probability of an expression in the generalization reflects the proportion of its assimilated cases
that contained an expression that correspddé¢hat (generalized) expression. For example, in
Figure 2.3the corresponding expressions end up with p = Wlitgreas the nenorresponding
expressions each end up with p = 0.5, since an analogous expression was found in half of the
assimilated case If the next case to be assimilated were to contain an siprésat mapped

onto one of these, that generalized expressio
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A generalization pool can be treated as a case library for MAC/FAC retrieval becadse SM
can take a generalization as input for analogical matchimgjjesany other case. The
probabilities associated with expressions in the generalization act as weights on match
hypotheses during the match process. Therefore, the higher probabittyrettias more
influence on the analogical mapping. This maaas an incoming example that shares some
structure with the higiprobability structure in a generalization, as well as a comparable amount
of structure with lowprobability structure in anoén generalization, will be more likely to be
assimilated to thgeneralizatiorwith the highetprobability structural overlap. As a result,
generalizations in SAGE tend to end up containing a wide distribution of probabilities. These
probabilities sepate characteristic structure (high probabilities) from nd@&-probability)
across the generalized examples.

The approaches that will be described in Chapter 3 maintain separate generalization pools for
every category label, so that similar examples avily merge if they share the same label.
Positive examplesf the category are sequentially added to its generalization pool, resulting in a
set of generalizations for each category that reflect alternative patterns of characteristic structure
for thatcategoryi below, these will sometimes be referred tpagotypes Comparisons with
SAGE generalizations of learned categories have been successfully used to classify unlabeled
examples of musical genr@i3ehghani and Lovett 20063patial prepositiond.ockwood et al.
2008) and sketched eveday objectgLovett, Dehghani, & Forbus, 20Q7McLure et al.
(2010, 2011, 2012jescribe a classification algorithm theses similaritybased retrieval over
the union of the generahtion pools for all learned categories, which is a more scalable
approach than iteratively comparing an unlabeled example to every generalization from every

pool. In the same way, thietrieveNN andRetrieveKNNWapproaches described in the
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previous seion can be applied over a union of generalization pdRktrieveNN over
generalization pools is used to evaluate encoding schemes in Experiment 1 (Bdxtand it
is the foundation for the discriminative classifiers in Section 4 as well as the baseline used to
evaluate them in Experiment 3 (Sectb). RetrieveKNNWover generalization pools is used
as thesimilarity-based baseline for evaluating a discriminative classifier in Experiment 4

(Section5.3).

2.2 CogSketchPerceptuaDrganization, and Spatial Representation

CogSketch is an opestomain sketch understanding systthathas been used for sketch
worksheets in the classrodiforbus et al. 2017, 2018; Yin et 2010) cognitive modeling of
spatial problem solvingAndrew Lovett et al. 2009and preposition learnindg.ockwood et al
2008) tutoring in engineering desigietzel 2014)and other Al research. It provides an
interface for drawing digital ink. Every pen stroke produces a polyline, a series of points. When
utilities in CogSletch are used to import images of other formats, it ultimately produces
polylines (a data structuretive to the SVG format but requiring processing for bitmaps, e.g. for
the MNIST dataset per Secti@m®). Sets bpolylines can be manually grouped into
conceptually meaningful objects callglyphs either orthe-fly or post hoc, allowing users to
manually segment ink into glyphs and then label the glyphs with concepts from the Cyc
ontology. A multitude of qualitave spatial attributes and relations can be computame
automatically, some on deman@boutglyphs and groups of glyphs. Candidate visual
conceptual relations are made available based on the conceptual labels of glyphs, their spatial

relationshipsand the pose. For example, if glyphs A and B have each been labeled as
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RigidObject, they touch whout overlapping, and A is above B, then theRhysical
relationship is made available.

CogSketch provides routines for decomposing the ink of a glypluistoete, visually
salient parts at multiple levels of abstraction. This process is qatedpual organization
CogSketch can also compute spatial relationships (e.g. (above Edgel Edge2)) and attributes (e.g.
(isa Edgel StraightEdge)) between theganuch like at the glyph level. Aggregating a subset
of these assertions can produce astrecti;, qual i tative description o
the form of a case. Below we use the temoodingto refer to perceptual organization together
with the computation and selection of qualitative descriptors.

The | owest | evel of granul arity iatheedghi ch Cog
level Edges are generated by carving the ink into segments at intersections using the technique
in Section 2.2.1below, and at discontinuities in curvature using an adaptation of the Curvature
Scale Space technig(ieovett et al. 2012; Mokhtarian and Suomela 1998itributes at the
edge level describe things like relatilength (e.g. longEdge), curvature, orientation ¢axis
alignment). Relations between edges can
describe the nature of their junctions (e.g. acut
clockwise), relative orientation (e.g. parallel),
overlap, and other relationships. J@elLovett
and Forbus 20)¥or a full catalog of edgéevel

descriptors. Edges, by default, form an

embedded planar graph, since junctions are

_ Figure 2.4: A sketch of a rabbit from
placed such that they cover all locations where  (Eitz et al. 2012) decomposed into edges

by CogSketch.
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two edges intersecfigure2.4 shows the edgem(different colors) anglinctions (circles) for
the edgegraph embeddingf a sketch of a rabbit.
Notice that this edge graph embedding covers the ink in a way that Is jointly exhaustive and
pairwise dsjointT every piece of ink is covered by exactly one edge or junction. This will be
relevant for entity filtering in Section 3.3.2 below. HowevergSketch also supports the

detection osuper edgescompound edges that result from a sequence of edgescted end

toend that together have relatively constant c

described with the same edigeel voabulary. Thesub edgeelation is added to relate super
edges to their subdges, making explicit the egosition of the super edges.

Many of the purely spatial descriptors CogSketch can compute about glyphs come from
L o v eshapélevetepresentationd.ovett and Forbus 2011)This level has a richer
vocabulay than the edge level. Some of its attributes and relations are the same as, or analogs
of, attributes and relations at the edge level (@ptOf , parallelElements :
largeSizeShape ). Others result from the additional variations that shapes can tatedbey
those of constarturvature edges, such as containment, and various flavors of symmetry. There
are still more attributes at the shape level tleaive from properties shared by all the edges in
the shape. For example, a straight shape is made lysigrty of straight edges, a convex
shape is made entirely of convex corners between adjacent edges, andadigreedsshape is
one whose edges aa#t axisaligned.

L ov et t-aml shapdegetdescriptors, in conjunction with tiyeoup leveli a thrd level
of spatial representation in CogSketch used for groups of shdpesed the representational

substrate for cognitive models of spatial gfradbm s ol vi ng, Brggpessiveed t o

Rav
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Convexity / Eccentricity Compactness  Circular variance Elliptic variance
Solidity

Figure 2.5: Shape descriptors implemented in CogSketch bKandaswamy 2017) which
measure qualitative degrees along dimensions commonly used in object recognition, aggrege
by (Peura and livarinen 1997)

Matrices(Lovett and Forbus 201,7¢eometric analogigtovett et al. 2009)and a visual oddity
task(Lovett and Forbus 2011)

lnaddition tol adwveletdfdsdesdha@ampiepti on, we -use Kan
level attributegKandaswamy 201 Figure 2.9, implemented in CogSketch, which qualitatively
characterize closed shapes along six quantitative shapsures commonly used in object
recognition, five of which are aggregated(Pgura and livarinen 1997 Cmvexity is the ratio
of the perimeter of a shapeb6s convex hull to
the set by Kadaswamy) is the ratio of the area of the shape to the area of its convex hull.
Eccentricity measures the ratio ofthaghe 6 s pri nci pl e axes. Compac
shapeds area to the area of t hencedsthecl e wi th t
normalized measquared error between the shape and itsfliesicle, and elliptic variance is
the normalizd meanrsquared error between the shape and the ellipse with the same covariance
matrix.

In CogSketch, the same level of representataambe applied to entities derived from
disparate perceptual organization methods. Edges can trace ink, for exartifgg,can trace

the skeleton of a closed shape via its Medial Axis Trans{Btom 1967; see Sectidh?2.]).
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Figure 2.6: The levels of representation in CogSketch edges, shapes, and groupiscan each apply
to many perceptual organization methods that can derive from otheperceptual organization
methods.

Shapes can describe glyphs, closed sequences of (®ijage et al. 2011; see SectiBri),

convex hulls, or parts of a |kaletap€henetd.201l®, e . ¢
Lovett and Schultheis 2014)Ihese spatial transformations can be strung together, repeated, and
used recursively. They can be conditional on the detection of qualitatiperpes (e.g. take the

medial axes of all connected objeécts c ur ved peri meter s) . The resu
encoding schemes available for carving up visual input is rich and potentially overwhelming.

But note some tractable aspects of this engpdaieme spacdt results from a closed (but

extensible) dmaingeneral spatial vocabulary that spans three |d#&sire2.6), and a closed

(but extensible) set of wetlefined, cognitively inspired, domageneral patial transformations

It also provides a natural measofecomplexity, since every scheme grows algorithmically from

the same stepa decomposition of ink into edges. Complexity provides a natural preference if

one were to search this space as gaatlearning algorithm, an approach left for future work,



58
but nonetheless motivating the pursuit of spatial transformations and learning components in the
present work.
Crucial overarching questions for structumapping based approaches to visual learaneg
Which of these encoding schemes are effective? Howldhask demands and other -gwn
contextual signals factor into the choice of a scheme? How shouttbtap feedback from
comparisons drive adjustments to the encoding scheme, and how $teattjustments be

accounted for in learning? This work omlgldresses the first of these.

2.2.1  Decomposing ink into a planar edge graph embedding

The original decomposition of ink into edges is designed to result in a planar graph
embedding, meaning it is dravon a plane and no two edges intersect. The edges affite g
are curvilinear ink fragments and the nodes are junctions where multiple edges meet or where an
edge terminates. Every edge connects exactly two junctions, and junctions can connect to zero
or more edges. A zemdge junction can result from a ddtimk. A manyedge junction would
result at a place where many ink strokes are intended to converge, e.g. the center of a bike wheel
with spokes. A tweedge junction would result from a discantity in curvature, pefLovett et
al. 2012)

This framing as an edge graph embedding cont
tracing perceptual paths througlree fragments in the infSaund 2003) He starts with by
creating a fAjunction grapho, i n which curve f
pairwi se connections between ink fragments are |
highi ght t hi s r ol e ionggraghissd hecessari§y planardsiice many edges

(nodes in the graph) that meet at a single in
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may result in many pairwise junctions (edges in the graphgtbss one another to join pairs of
edges.

Planarity in the edge graph embedding is enforced through the following constraints:

a) Every edge is a simple curve (no selersections).

b) No two edges intersect.

c) Edges can only intersect junctions at their endpoin

d) Every edge endpoint mussitersect the boundary of exactly one junction.
e) No two junctions overlap.

The CogSketch approach attempts to place junctions and edges in a way that abides by these
constraints while best represieigt theintendedgeometry othe raw ink, meaning mending noisy
discontinuities, such as gaps in ink or jitter in curvature. Given a set of strokes in the form of
polylines, CogSketch immediately merges pairs of polylines whosea@ntts are very close
together into longr polylines. Then it smooths and resamples them to reduce jitter and expedite
later computations in a way whose traaf&between tractability and fidelity is parameterized
(via the resampling interval). Then the strategy is to place junctions sucii that

intersections and endpoints of these processed ink polylines are covered by some junction and no

Figure 2.7: From left to right, (1) a sketch of a pumpkinfrom (Eitz et al. 2012) (2) its raw
polylines and primitive junctions, (3) its final edges and junctions, and (4) a magnified view of al
intricate region.
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two junctions overlap, while preferring that neanttgrsections/endpoints end up in the same
junction and that junctions are not too large or toals(Rigure2.7). Thenedges are extracted
from each maxi mal ink segment that 1isndét cove
two directed edges, which traverse the edge in opposite directions.

Junction placeent begins finding all polyline intersections (self or mutual) and polyline
endpoints in the processed ink. These points are marked as critical. CogSketch also finds corners
and inflection points in the ink using a modification of the Curvature Sydee (CSS)arner
detector (Lovett et al. 2012; Mohktarian and Suomela 1998) and marks these poitrisicain
For every critical and noncritical point, a new junction (a circle) with a default size proportional
to the size of the glyph is centeredtbe point. hese primitive junctions are allowed to overlap.
Clusters of overlapping junctions are identified, and the junctions in each cluster are collectively
modified such that all critical points overlapping the cluster are still covered by dme of t
resultingjunctions, but none of the resulting junctions overlap. Specifically, we resolve the
cluster by resorting to the following alternatives in order, resetting if and when each fails, until
the last resort, which is guaranteed to succeed:

1. Find alocation at vinich a junction of the default size can cover all critical and
noncritical points in the cluster. If found, replace the cluster with that junction.

2. Shrink all junctions in the cluster as much as necessary to eliminate overlap
without going lelow the minmum junction size.

3. Find a location at which a minimally sized junction, up to the maximum junction
size, can cover all critical and nantical points in the cluster. If found, replace the
cluster with that junction.

4. Discard the junctions ceespondingd noncritical points.
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5. Find a location at which a minimally sized junctioinany sizecan cover all
critical and norcritical points in the cluster. Replace the cluster with that junction.

Our minimum junction diameter is the width of themoavest piecef ink in the junction,
and the maximum junction size is twice the default junction size.

Edges are extracted by subtracting the junctions from the processed ink. Every resulting
polyline becomes an edge. Every edge connects two jundciiod$io two eges intersect, since
all intersections were covered by the junctions. The location where an edge meets the border of
a junction is called houndary point Each boundary point stores a junctreferenced
orientation, denoting the orientatiof the raypointing from the center of the junction to the
boundary point, as well as a local edge orientation, denoting the local orientation of edge as it
leaves the boundary poinT.hese properties are relevant to the procedures for tracing edge

cycles in Sectior8.1 below.

2.2.2  The Medial Axis Transform and Shock Graphs

The medialaxis transforn{Blum 1967)of a region is the set of points on the interior that
have more thone closest point on the exterior. This representation has been popular in
computer vision for its ability to capture a
stable wih respect to articulations and viewing perspect{@&ddiqgi and Pizer 2008)The
medial axis transform is especially well suited for organic objects or figures, since it traces a
shapebs skeleton. There i s evidence from cog
computes skeletons for shapes in general as an early visual gicest®ne and Scholl 2014)
and that those shape skeletons play an outsized role in similarity/discrimination judgments

compared to suate level propertied.owet, Firestone, and Scholl 2018)
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CogSketch can compute the medial axis transform given a cycle of edges as the exterior and

any number of cycles of edges as interiors, provided the contotheeflgec y c | es donoét

intersect.

There is an issue with using the medial axis transform on a region withdheand contours.

Figure 2.9: (Top) An approximate
medial axis transform with hair
resulting from minor, unintended
concavities in the ink. (Bottom) A

medial axis transform that does no

include points whose generating
points lie on the same exterior edg

Figure 2.9: The shock graph of a
sketched hand. The arrows point
toward decreasing radius function.
The brown edges are segments of
relatively constant radius function.

They grow hair. This is beaae jitter in the ink
produces minor unintended convexities along the
exterior. We employ a teclyue inspired byBai et al.
2006) which uses the exterior edge segmentation to
prune the medial axis transform. They prune any
medial axis point whosgenerating point$ its closet
points on the exteridr lie on the same edgendofar as
the exterior edge segmentation ignores uniteen
convexities, the medial axis will omit their
corresponding brancheasin Figure2.9. In our case,
we obviate the pruning step by using the edges as
wavefronts in the grassfire algorithm that computes
the medial ais transform.

CogSketch can computeshock graph(Siddiqi et
al. 1999)from a medial axd transform. The shock
graph, an edge graph embedding, segments the medial
axis at points of qualitative changes in thdius
functioni the distance from a medial axis point to its

generating poirst The resulting edges are described
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wi t h Co g®@eklevel cobabusary.eThey are given additional attributes characterizing
their radius functiofi whether it is decreasing or constant, its magnitude relative to the rest of
the skeleton (wide/mediumarrow/very narrow), and the angle at which its gemegaioints
converge (acute/obtuse/right). They participate in additional relationships that capture changes
in radius function between neighboring edges. For example, the pairwise combinati@ns of th
three edges at the centérthe hand irFigure2.9 are each connected by a source junction
relationship.

We employ shock graphs in two of our datasets (explained in S@c8onin both cases, we
prune the edges from tisbock graph that are terminal (disconnected at one end) and have
decreasing iius function. These are the outmost edges that reach into the corners of a shape.
In the hand irFigure2.9, eliminatingthese edges woulgmove the pair of edges reaching from

the center of the wrist to its corners, as well as the edges in the fingertips.

2.3 Sketch Datasets
This section describes the datasets used in the experiments belowokd ihanddrawn
input to some extent, and all ultimately ended up in the form of polylines in CogSketch, where a

gualitative representation was encoded.

2.3.1 Berlin25

The set of everydasketched objects from TU Berl{iitz etal. 2012) s, t o t he aut h
knowledge, the largest corpus of hadrdwn sketched objects (as opposed to synibsée
Section6.2) . Amazonbdés Mechanical Turk was used to
categories (80 per category) from 1,350 unique participants. The categories include various

animals, plants, household objects, vehicles, musical instruments, toys, bisdglp#ring,
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food, weapons, tech gadgets, celestial bodies and
buildings, as well asome norfrealworld

categories such as angel, dragon, mermaid, and

flying saucer. The median drawing time for each
Figure 2.10: Two examples from our
subset of the TU Berlin dataset a house instance was 86 seconds and the median number of

and a barni that contain textures.
strokes was 13.

In the experiments here we used a subset of 25 of the 250 categoaieselma attempts to
run on the full set were stymied by scalability issues. Our database access operations became
prohibitively slow as the knowledge base grew to contain more than several million assertions,
which wasnoét enou g htations of the ful set of categorie$ (thé ddigesede pr e s e
representations for all 250 categories took about 20 million assertions, let alone the hybrid
edge/edgeycle representations introduced3ii?). A primary reaa for the size of the
representations were objects drawn with textures, which result in regions densely filled with
smallrepeating visual structures (e.g. the grid of tiny quadrilaterals created byhatoksgin
Figure2.10). The encodingchemes used here compute many relations over all pairs of

neighboring atomic entities (edges or closed shapes), thus textures result in serious

representational bloat. The implications of this issue are further discusSectiom 3.6.



In the interest of accruing more
datapoints for comparing the approaches
tested, a subset of 10% of the categories
was chosen (once, up front, before seein
any perconcept results) to focus on
simpler conceps that would not contain
textures. These 25 categories are shown
Tablel. In Figure2.11, a scatterplot
shows the relative complexity of the
Berlin25 subset in terms of the avesag
number of entities per case, and the
average number of facts per case.
Averaged over all categories, the edge
representations contained 1070 facts anc
30 entities per cada the full dataset and
615 facts and 20ngities per cas@n the
Berlin25 subset The edgecycle
representations discussed in Section 3

belowwent from 490 facts and 12 entities

Table 1. Categories in Berlin25, our subset of
(Eitz et al. 2012)

Apple  Banana Barn Bowl Cloud
Cup  Envelope Eyeglasse:  Fish Foot
Frying Hammer Hand Hourglass House

Pan
Knife Moon Mug Mushroom Nose
Wine
Skull Spoon Tent Tooth Bottle

Scatter plot of categories by
Average Entities/Facts
Berlin25 vs. full TU Berlin dataset

© Edges All

Entities
d

Cycles All
® 1 Edges Berlin25

® % Cycles Berlin25

3000

Figure 2.11: A scatter plot of the categories in
the TU Berlin dataset and Berlin25 (the subse
used here), plotted according to the average
number of entities i1
and the average number of facts in the

cat ego rsyyh Fheedpedased and edge
cycle-based versions of the cases apdotted
(edgecycles are discussed in Chapter 3 below

per case in the full dataset to 232 facts and 7 entities peindhseBerlin25 subsetTo the
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aut hor 6 swosfthe gomcepss ehoser for the Be2b subset{ouseandBarn, still often

contained textured-(gure2.10). These concepts show up as outliers in the scatter plot for the

Berlin25 edgecyclerepresentations (purple).
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2.3.2  Freeciv Geography

Freeciv is an openource strategy game that takes place in a rich 2D environment. The
game interfaces with CogSketch and Compani{Mtt.ure and Forbus 2012)vhich allows for
spatial computations over geographislalbsi regions of tiles o& constant type (e.g. land,
water). It also allows a user doaw on the Freeciv map. The Freeciv Geography dataset
consists of 60 examples spread evenly over 6 geographical constisis, strait, bay,
peninsula, island, and archipela@xamples shon in Figure2.12, left). Each instance is a user
drawn closed shape overlaid on a Freeciv map, enclosing a region.

An instance was encoddy (1) zooming to the usérawn glyph, (2) computing pruned
shock graphs for the visible blobs, and (3) computing qualitative represesttatidescribe the
edges in the shock graph, as well as the topo
the shock graph edges, specifically containment and interseétignre2.12 (right) shows the

shock gaph edges and the user glyph in an instan&rait.

Isthmus Peninula

Figure 2.12: (Left) One stimulus from each of the six concepts in the [eeciv Geography
dataset. (Right) The perceptual organization of the encoding scheme used. A pruned mel
axis transform was computed for terrain/water blobs, from which shock graphs were
computed.
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This dataset only tangentially qualifies as hanalwn, butstill serves to demonstrate and

compare the efficacy of learning approaches for visual input.

2.3.3  Sketched Concepts 2010

This dataset was firstsed in(McLure et al. 2010) It contained 44 examples spanning 6
categories in addition tine null labeli i.e. it contained instances that were not examples of any
category. The categoriase shown immable2 and some examples are showirigure2.13.
Each example wadrawn by a person in CogSketch, using multiple glyphs. This is the only

dataset in which the
Table 2. Categories in the Sketched Concepts 2010 datas

segmentation of ink into entities Arches 8 Bridges 4 False arches 8

Skeletal arm: 4 Triangles 4 False triangles 4

was not automatic. Basic spatie Skeletal leg¢ 4 Quadrilaterals 4 False quads 4

relationships (positional

relationships and topological

relationships) were computed

betweerglyphs, and conceptual

labels from the Cyc ontology
(e.g. BoneBodyPart) were
added to the glyphs. Visuo
conceptual relationships were

then computed between glyphs

in a semiautomated way, Is&d

on the spatial relationships and Figure 2.13. Examples from the Sketched Concepts
2010 dataset, withormalized similarity scores shown.
knowledge about the concept
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label. For example, the @physicalrelationship is manually selected from a list of
automatically generated candidate relations that can hold between two rigid objects that are
touching,one above the other.

The sketches in the Sketched Concepts 2atfiset were drawn by two of the authors of

(McLure et al. 201Q)where each category wasadn entirely by one of the two.

2.3.4  Sun Up to Sun Down

This dataset was first published(lrovett et al. 2006) It consists of 72 examples spread
evenly over 8 categories of everyday objeetemplified inFigure2.14. These objects were
drawn by 9 different participantsone sketch per category per person. The participants were
shown the same stimulus for each catediargages from the book Sun Up $un Down
(Buckley 1979) which illustrates physical processeshwsimple drawings. The stimuli were
provided to encourage the participants to draw from the same perspective. They were asked to

only include what they thought was necessary to communicateicept.

Figure 2.14: One sketch from each category in the Sun Up to Sun Dovdataset: (top)
Bucket, Fireplace, Oven, Refrigerator, (batom) House, Brick, Cup, Cylinder.
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In this dataset every sketch was a single glyplh, soe CogSket chds percept

routines were responsible for carving the sketch into entities.

2.3.5 MNIST

The MNIST datasefiLeCun et al. 1998}onsists of 70,000 a-drawn digts split into a
training set of 60,000 and a testing set of 10,000. The images are in bitmap forbna®0
pixels centered on a A8/-28pixelf i el d . We used a version conve
format by Kezhen Chen and Irina Ralk(Chen et al. 2019)'his conversion process produced
a glyph for each digit in which the polylines formed a boundary arthendriginal ink, rather

than tracing along the ink strokes themselVEs recover a more inttive decomposition in

Figure 2.15; Stages of extracting a skeleton decomposition for an MNIST digit.



which edges represent segments of ink, we use
organization routine to extract the skele(bigure2.15). The edges in the pruned shock graph
were treagd as ink polylines and decomposed into edges using the standard foethednk in
a glyph(Section2.2.1), therebylosing the radiusfunction-based segmentations of the shock
graph.
When using the MNIST daset below, we selected training sets randomly from the MNIST
training set (subsetanging from 10 to 500 examples), and testing sets were randomly selected

subsets of 500 from the MNIST testing set.

2.4 Companions and Experimentation

CompaniongForbus, Klenk, and Hinrichs 2008)an agenbased cogitive architecture
with a ubiquitous role for analogy. It has besedifor various tasks such as solvysics
problems(Klenk and Forbus 2009earning by demonstratigitdinrichs and Forbus 2012and
extracting qualitative process model fragments from {td-ate, Forbus, and Hiiichs 2013)
A Companion consists of several types of specialagghts. Theession reasones the hub for
domainspecific reasoning. Aickler is an agent that specializes in letegm memory operations
such as similaritpased retrieval and analogl generalization. There are agent types that deal
with specificinteraction modalities. For example, a spatial agent interfaces with CogSketch.
Through the CogSketch agent and a set of individual sketch agents that it manages, the
Companion has acce$o the full CogSketch API including its catalog of spatial reagpni
capabilities and (shared) control over many of the Ul operations. It can organize a sketch
according to any available perceptual organization strategy and attend to any subset of the

available attributes and relations. Finally, the Executive is resplenfor monitoring and
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managing the other agents. The Executive can spawn worker agents to delegate patddéelize
workloads, and the workers spawn their own ticklers of spatial agsntecessary.

The experiments in this work were run on a Companibime session reasoner decomposed
an experiment definition into a set of conditions to test, and conditions into a number of
independent trials (K trials for+#old crossvalidation). The session reasoner forwarded along
these trials to the executivedelegate, where they waited for an available worker to take them
up. Workers sent trial results back to the session reasoner for compilation and analysis. The
error bars in all the redslpresented below are based on the standard error across these tria
The apparatus was designed for longevity. Workers periodically performadaatenance
(e.g. compressing their knowledge base, clearing working memory). The executive also
performred mai ntenance by aut omat i c abhatlbgcameeb oot i ng
unresponsive or whose heap became too bloated, first allowing the agent a chance to record its
state in its knowledge base to pick up where it left off. The largest experiraerits the better
part of a week, spawning hundreds of workera @mgle Companion that ran up to 57 agents

(several hundred threads) at a time across 20 nodes in our cluster.

2.5 Summary

To apply structure mapping to haddawn input for recognition, thek must be encoded
into an intermediate qualitative, relational Splarepresentation. Encoding involves perceptual
organization, the carving of ink into discrete entities, and a set of queries for deteantithg
outputting assertions férqualitative attributes of those entities and relationships between them.
Secton 2.2 provides a primer on how this process unfolds in CogSketch. It explains the

foundational edgéased perceptual organization scheme in Retgh as well as the ed¢pased
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assertions that encode the arranganoé the resulting entities. It also provides details about the
shape level of representation in CogSketch.

Choosing an encoding scheme is nontrivial because if the set of encodetigsaper
inappropriate, structure mapping may be bogged down by ®xeedetail, distracted by
irrelevant details, or deprived of relevant details for learning a visual concept. The next chapter
describes and evaluates an alternative perceptual organizalieme, as well as strategies for
mixing and filtering represerntians at the edge and shape levels of representation. The goal is to
develop more effective and tractable encoding schemes for learning sketched concepts by

analogy.
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3 EncodingDigital Ink for Tractable Analogical Learning

In this chapter, we describe edgycles, a shapkevel method of perceptual organization
derived from edges, for encoding more abstract visual entities to represent sketched input more
concisely. We evaluate how edggcles compare to edgés analogybasedsketched object
recognition, as well as the value of combining the itwto a hybrid representatiorin the
interest of tractable learning, we also explore filtering strategies for encoding structured
representatios of fixed size and examine their efficacy.

There are irportant topdown clues to how to parse ink into edges and shapes. Recognizing
that an object is an upright, optap container may lead to an analysis of the shapes of the
closures in the sketch tiecide whether it is a cup, a bowl, a mug or a bucketwveder here we
only evaluate bottorup strategies for perceptual organization, meant to precede these more

sophisticated analyses.

3.1 Edge Cycles

Edge cycles are circular lists of contiguous edgesfoinat a closed path in the edge graph
described in SectioR.2.], i.e. a sequence that ends where it began without traversing the same
edge twice in the same direction. Edge cycles are limited to cycles in thetlggagb not self
intersect, so that they form curvilimgaolygons and are therefore describable using the shape
vocabulary in CogSketch.

Saund identified two types of perceptually salient closed figures that appear in sketches
those that tightly ciemscribe empty regions, and those that follow smoothjragous contours
(Saund 2003) He therefore searched for figural closures using two sets of tracing preferences,

maximally turning preferences and smooth continuation preferences. We adopéetbese s
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preferences to find edggycles using three sepéedracing algorithms one following maximal
turns to find tight regions, one following the best continuation to find the smoothest contours,
and one that mixes the two, following continuation whes sufficiently good (such that the

edges on eitherde could be seen as one continuous edge) and maximal turns otherwise.

3.1.1 Atomic and perimeter edgeycles

A maximally turning tracing method will trace around the faces in the planar edge graph
embeddig introduced in SectioR.2.], i.e. the regions of whitespace. One of the faces in the
edge graph embedding will always be the background (infinite) whitespace. This face is traced
by the perimeters of the outerstedgeconnected objectsa term for the connected
components in the edge graph embedding, i.e. maximal sets of connected junctions and edges.
An edgecycle is instantiated foreachedgeo nnect ed obj ect 6s peri meter
perimeter edgeydes In Figure3.2(a), the spout and the cylinder are different eclgenected
objects. InFigure3.2(b), the spout and the cylinder are connected by the stream of fluid, and

therefae arepart of the same edgmnnected object
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The rest of the faces in the edge graph embeddi
are each tightly circumscribed by one edgele that
does not contain any other cycle from its same -edgt
connected object (they may contain separate-edge
comected objects). These are caledmicedge

cycles The pumpkin inFigure 3.1 haseightatomic

edgecycles including a tiny one at the tip of the ster Figure 3.1: A pumpkin sketchwith

atomic and perimeter edgecycles
shown, traced from the edge graph
embedding inFigure 2.7.

and one perimeter edggclein purple.

Perimeter and atomialge cycles were originally
introduced in(McLure et al. 2011) Theyare notable for several reasons. Tirage closed
paths around a jointly exhaustive and paise disjoint set of regions that make up the sketch.

The number of faces in the embedding is one more than the number of atomiyadge This

allows us ¢ validate the planarity of theentirk-d e composi ti on, using Eul
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Figure3.22 Two partici pantsod sk e$uolpe
to Sun Down dataset, both drawn with water spouts.
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defines the number of faces for planar graphs as a function of edges, vertices (junctions), and
connected components (edgennected objects). To fail signals an eresulting from
aggressive resampling the preprocessing described in Secfahl, and triggers re
decomposition with higher fidelity. In line drawings etiBnensional opaque objects, atomic
edgecycles often itcumscribe physical surfaces, and pester edgecycles correspond to
silhouettes. Note that the dual graph embedding for the edge graph embedding has nodes
corresponding to the atomic edggcles and the background region, and edges connecting pairs
of regions whose edggycles share an edgeith the dual edge crossing the shared edge).
Therefore, this atomic edgg/cle embedding is also planar, and can serve as a substrate for
efficient computations such as texture detectMoLure et al. 201B; Sectior6.2.2. Note that
eachdirected edgé an edge traversed in one of its two directions, from a starting junction to an

ending junctiori appears in the trace for one and only one atomic or perimejecgde,
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assumi t h ethtcages | ¢

ng
around protrusions (for example, the
three terminal edges that dangle off the
bottom of the cylinder irigure3.2, or

the body of a stick figure). This is
leveraged when detecting cycles, but fo
characterizig shapeyersions of the
cycles are used with the protrusions
pruned (as described later in this sectio
forming curvilinear polygons.

The algorithm for detecting these
cycles outlined in pseudocode Figure
3.3, takes as input a set of edge choices
(directed edges in which to search for
cycles, initially all of the directed edges
from the graph embedding), a set of val
starting edges (initially equivalent to the
set of edge choices), a preference
function (maxinal turning preference vs
good continuation preference), a Boole:
flag that determines whether a cycle ca

traverse the same junction more than

FindAtomicAndPerimeterCyclegedgesE)

FindSuperEdgeCycleqedgesE)

FindContinuousCycleqedgesE)

FindCyclegedgechoicesE, starting edgeks, pref. functionfp,

TraceCyclePathledgee, edgechoicesE, starting edgeks, pref.

once, and a variable for accumulating

;; Finds atomic and perimeter edggcles by using a maximal
turning preference anttacing aroundprotrusions
FindCycleqE, E,RightmostTurningEdge, true, &)

;; Finds maximally turning cycles in the edge graph where
super edges replace their sub edges.

ErY ReplaceSubEdgesWithSuperEdg¢E)

FindCycleqEr, Er, RightmostTurningEdge, false,d)

;; Finds cycles by following the most continuous edge at eve)
junction
FindCycleqE, E,MostContinuousEdge, false, )

allow repeat junctions (Boolearj}t, cyclesC)
;1 Returnsa set d cycles found

if Es=@ ;; If there are no more starting edges,
return C ;;  then return the cycles found. (base case)
e [Nop(Es) ;; Pick any starting edge.

{c, B} Y TraceCyclePath(e, E, Es, fp, rict, [€])

C Y )} ; Ifacyclewas foundidd it to the set.
EsY &Ev
FindCycleqE, Es, fp, rjct, C) ;; tail-recurse

functionfe, allow repeajunctions(Boolean)
rict, pathP)

;; Returns a cycléf one is found, along with all visited edges

enext Y call(fe, {e, E}) ;; select the next edge ugithe pref. fn.

;;» If the path already contains the next edthen a cycle has
beenfound. Return it along with all visited edges.

if (&next P)
return {Subsequenc&tartingWith (P, enexy), P}

;; If there is no next edge, cgpeated junctions are prdsited
and weencounteone,or if the next edge is not among the
valid starting edges, then fail

if (~€next”
(=rjct A (Junctions(nexy)
—l(enext ES))
return {null, null}
;; Otherwise, add the next edge to the path andrémilirse
P Y & +
TraceCyclePath(nex, E, ¥, rict, P)

Junctions(P)) or

Figure 3.3: Procedures for tracing edgecycles.
All edges are assumed to be directed edges (twc
per edge in the edge graph).

;; Eliminate the visited edges as starting edges.

ry
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cycles (initially an empty set). A starting edge is popped off the setlidfstarting edges. This
directed edge, along with the set of edge choices, the valid starting edges, the preference
function, the repegtinction flag, and a sequence of visited edges called the path (initially
containing the initial edge) are passedhe patkracing function. This function is expected to
return a new cycle path if one is found, and a set of the directed edges that were visited in the
search. If a cycle is found, the visited edges are eliminated as starting edges since timgy will o
lead to discovering the same cycle. The c¥iclding function is then called in a tail recursive
fashion. When searching for atomic and perimeter cycles, theanpathg procedure is
guaranteed to find a cycle without visiting any extra edges ribeioycle, which means the
overall cyclefinding procedure will check every edge exactly once.

The pathtracing procedure first selects a next edge by applying the preference function to the

current edge and the set of edge choid¢ew perimeter and amac edgecycles, a maximal
turning preference is used, so the next directed edge is the one associated with the rightmost
turning boundary point that is also among the choices, measured from the boundary point
associated with the current edge at its englingtion. The rightmost turn is the one with the
largest clockwise angular distance between the juncéfarencedrientationof the current
directed edgeds endi ng -rdfebencedriantaonoptiocinext and t he
di r ect ed inglmbgndady poins(Note thtt we do not determine the rightmost turn using
thelocal edge orientatiaof the boundary pointdn Figure3.4, the maximal right turn when

coming in along the green edge is the puedige, even though the maximally rigiutrning local
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Figure 3.4: (a) A sketch of a bellfrom (Eitz et al. 2012) (b) The edges and junctions fond
during ink decomposition. (c) The four boundary points along a junction in the bell (d) Its
atomic andperimeter edge cycles. (e) Three detected supedges. (f) Its continuitybased
edgecycles, with G generated by tracing with the continuity prefeence, and G and Cs
generated by tracing using superedges and a maximal turning preference.

edge orientation is the cyan edgd@he (end) boundary point of the current edge is an option, so

if there are no other edges connected to the junction besides the curréntedgéhe case at a

term n al edge | i ke t he Figuk24odtigeaanglingwatéréails abbi t 6s
hanging off the bottom of the cylinder figure3.2 (edgesE1, E2, and E) T then the next

directed edge will be the reversed version of the current directed edge. If the nastatdge

edge in the current path, a cycle has been traced from this edge back to itself, through everything
after it in the current path. The subsequence of edgesiies up the cycle is returned as the

found cycle and all of the current path is retaras the edges visited. If the next edge is not a

valid starting edge, or if a repeated junction is found while they are prohibiteergaitiy fails
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to find a cyce. It returns null for both the found cycle and the visited edges (a cycle may still be
found using edges in the path except for the first, since for other preference functions, there may
be two edges among the choices that have the same next edgeyvisethtbe pathracing
function is called (tail) recursively on the next edge, addiegiéxtedge to the path.

When repeated junctions are allowed and a maximal turning preference is used, as when
detecting perimeter and atomic cycles, the cycle pailhtrace along protrusions, following
them out away from the cycle and then back inattier direction. Connected subgraphs that are
protrusions are always trees. They are detectable as a subsequence of directed edges in the cycle
whose correspondingndirected edges, together with its node subsequence, form®edpre
tree traversal (vt duplicates). These protrusions are subtracted from thecgdbpewhen
computing qualitative shape representations in order to focus on the curvilinear polygon
conmponent of the edgeycle, but their presence is noted with edgele attributes
EdgeProt rudedShape /EdgelntrudedShape  for perimeter and atomic cycles,

respectively.

3.1.2  Continuity cycles
Edgecycles are found in two additional way that incorporate good cattoru Both
methods use the same recursive path tracing function above. To thiagubhe continuity cycles
found are simple curvilinear polygons (no intersections), no repeated junctions are allowed.
The first method simply applies the maximal turnpngferences to a set of edge choices in
which anydetectedsuper edges replace theie mber edges. The super ed
the start junction of the first edge in the sequence of member edges, and its end junction is the

end junction of the lasnember. Any new edggycles found are continuity cyclegor
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examplejn Figure3.4(f), Cz traces alongwo super edge9p(us oneregular edge) using a
maximal turning preferenceNote thatcontinuity cycledound in this wayneed not be edge
cycles that contain super edges. Somag/simply resilt from removing the sukdges, like
cycle Gin Figure3.4(f), whichresults from replacing the member edges of the blue super edge
with the blue super edge, thereby eliminating the members as turning options in teacing C
Finally, we add in cycles that trace the edge paths with a preference for good continuation.
We usethe same procedure as above (without replacing edges withesiges) and pass in a
heuristic continuity preference function. Specifically, the function used here, given an
(incoming) edge, finds the outgoing edge leaving its end junction with l@eeshuity
difference a sum of four terms:
Yo € & Y0 I "@QEO QFEO6 T U WE AYQR O OO0 QYOl € QQ0 Qe HGa o w
We refer to the i ncomi ngb,e dagedd st heen doiunt gg ob onugn d
starting boundary point &s. M is the incoming orientation the inverse of the local edge
orientation ofb:. Moyt is the outgoing orientatiointhe local edge orientation of.b
YO i "QQ¢ oisitie Giffetence in orientation betwelia andMou. Y6 0 1 tm@asurs the
absolute difference between the cubet of the incomingedgdb s aver aGandtheer vat ur
cuber oot of the out goi n(g (Guuaueedtise ingevse of @djus,isc ur vat u
signed to reflect the direction of curvature and has no cealds. The cubsoot preserves the
sign while scaling down the difrence).0 €@ asur es t he @Aj ogo biet ween
informally, correlated to how much the hypothetical contour connecting the incoming edge to the
outgoing edge is lateralljisplaced while passing through the junction. We call the orientation

of thevector betweelir; andb; the jog orientatioiMog. U ¢ iXxhe average of the angular
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Figure 3.5: A sketch of a fire hydrant from (Eitz et al. 2012) and toits right, its decomposition
into edges and junctions. The super edges, including Edgel and Edge2, are aidr{over their
atomic edges). On the far right are closep views of the junction between Edgel and Edge2.

displacement betwedvin andMjog and the angular displacement betwityg andMout.
YQOR O 00 QYo 1 i rerant 10 give @ bodst to edgeattbame from the same stroke or
locally overlapping strokes in the original ink. The penalty isk &ndb, lie on the ame stroke

in the original ink. It is- if the original ink stokes correspondinglipandb; intersect inside the

junction. Itis~ ot h eAll af thesenecessary elements for computing the continuity
differenceare shown irFigure 3.5 for assessing the continuity between Edgelkage2. In
this case band b do not come from the sanogiginal ink stroke but theioriginal ink strokes do

intersect inside the junction (bottom right in the figure)
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3.1.3 Vocabulary Extensions

Perimeter, atomic, and continuity edge cycles, as curvilinear polygons, are reified as entities
and described using tlshapelevel vocabulary in CogSketch (Sectidr2). This section
describes the additional rdlas and attributes that are specific to edgeles.

Two attributes introduced at the end of Sec8dh], EdgeProtrudedShape and
EdgelntrudedShape , mark edgecycles that have protrusions on their outside (for
peimeters) or inside, respectively. There are also attributes to mark the type -afyetige
PerimeterEdgeCycle , Atomic EdgeCycle , or ContinuityEdgeCycle
boundingEdgeFor is a relation that ties each edggcle to each of its member edges. Edge
connectedbjects are marked with tliegdlgeConnectedObject  attribute.

Intersection relationships between edyeles are importariiecause they signal connectivity
in what they depict. Edgeycles that share an edge are relatediayesEdgesWith , and
any two edge cycles that share either a junction or an edge are reltédedhmssDirectly :
which provides a notion of adjacency. sRmnal relations and relativerientation relations are
only computed by default between adjacent ecigdes. A hird intersection relation,
edgeSubsetOf |, is used in the case when all of the edges in one cycle form a subset of those in
another cycle

As an examplehe closeupin Figure3.2 (right) in shows the atomic (GC4) andperimeter
(C5) edgecycles in the vicinity of the stream depiction. The symmeteresEdgesWith
relation holds between the pairs: {C1:}C#C1: C3}, {C1: C5}, {C4: C3}, {C4: C5}, {C3: C5}

{C3: C2}. ThetouchesDirectly relation, also symmetric, holds between all of these same

pairs as well as {C1: C2} and {C4: C2}. C2is related to C28geSubsetOf , since all of
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- """""" Atomic edge-cycle
o LT o = « == » == Perimeter edge-cycle

Atomic & perimeter
edge-cycle

‘ @ Junction between edges ‘

Figure 3.6: (a) A sketch of a brick from the Sun Up to Sun Down dataset, (lifs junctions, and (c)
its edgecycles.

the edges that compri§® (in this case only one edge) are also in C3. The three bottom edges
El, E2, and E3 pratrusions found when tracing the perimeter cycle’ @be not part of any
edgecycle (taken as a curvilinear polygon) because they terminate at one end, bdtithey a
edgeProtrudedShape  attribute to the perimeter edggcle C5.

Containment relationshipsetween atomic edgeycles and edgeonnected objects are
important for encoding nested imagery within a sketch. atbmicPartOf  relation connects
an atomic cya to the edgeonnected object it is part of. Conversely, ¢batainsObject
relation holds btween an atomic edgwycle and an edgeonnected object if the cycle spatially
contains the object without sharing any edges or junctions with it (e.g. thé lsrickh d-lgees i n
3.6).

The between relation is queried for some triples of eygées. Specifically, we query
whether B is between A and C if A shares a junction with B and B shares a junction with C, they
are alldifferent cycles, and none of them overlap. Our notion of éetwess for-D closed
shapes borrows from the ideagBtoch, Colliot, and CesaR006) which makes use of the
convex hull. In our version, B is between A and C if it lies completely inside their convex hull

or bisects theiranvex hull, with the exception of situations where the perintB is mostly
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Between Between Not between Not between

Figure 3.7: Positive and negative examples of the betweenness relation between triples-of
closed shapes.

(>50%) occluded by one shape from every point alongéhieneter of the other shape.
Resampling is used on the perimeters to keep computation tradtadplee 3.7 shows positive
and negative examples of otersionbetweennesskrom left to right, (blue) B ibetween A and
C because B lies completely inside the convex hull of A and &y)(Bris between A and C
because B bisects the e@x hull of A and C, (orange) B is not between A and C because it does
not bisect the convex huwik lie completely within itand (green) B is not between A and C
because, despite lying inside their convex hull, most of the perimeter of B is occluddbhy C
every point along the perimeter of &n fuzzy decisions like the third (orange) casEigure
3.7, our criteria are designed to err on the negative side, sinemuld like to keep cases
concise.Blochet al. 006) on the other handkeat betweenness a$uzzy relationshigy
computing a quarttitive degree of betweennesbhey also have more sophisticated handling for
cases when A is much more elongated than C or vice versa.

Betweenness is an exotic positional relationship, in that it is ternary, symmetric in two of its

arguments, and invaritaito rotation and reflection. THeetween relation was not used in
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Experiment 1 below because it was added later. It was used for all subsequent experiments that

used edgeycle representations (Experiments 2 and 4).

3.2 Mixing edges and edgeycles

Edges e an effective basis for perceptual organization for many visually simple sketched
objects. As sketched objects get more complex, the number of edges can become overwhelming.
Grouping edges into edgwycles can result in a more manageable number of at@mct visual
elements. Closed shapes are a useful type of visual element, especially in depictions of physical
objects that include surfaces, holes, and concavities. In many sketched objects, the contours of
these closed shapes, expressed in a segqueoonstant curvature edges, are not as reliably
similar across examples from a category as the relative position, topology, and coarser grained

properties of the shapes. For example, the larger regions of whitespace in the house and barn in

Figure3.8 (silhouette/walls/roof) are
similar in terms of their eccentricity,
orientation, size, relative position,

and convexity. The organization an

visual properties of the edges in thes
shapes are not as similar, with

changes in the number of edges,

curvature, and discontinuities.

Attending to closed shapes has the _ _
Figure 3.8: Simple shapes may be best captured a

the edge level, whereas edggycles may be more
stable and tractable for more intricate sketched
objects. Here, colors depict separate entities, not ar
analogical mapping.

potential to reduce the complexity of

analogical mappings while producin
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more stable representations for classification. Of course, exclusively lookidgeatyeles will

miss opportunities to discriminate patterns that hinge on the shape of individual edges (e.g.

Figure 3.9: Sketches of helicopterérom (Eitz et al. 2012)

discriminating between the puzzle piece&igure3.8), or on any aspects of the open parts of
the shape, hich cannotbe described as composites of closed shapes (e.g. the bodies of stick
figures.

Edges and edgeycles may be complimentary in describing different parts of the same
sketch. For example, helicopteRsgure3.9) tend to be drawn with chassis (cockpit/tail) that are
relatively consistent at the eslgycle level while taking on differently shaped contours. On the
other hand, the feet of the helicopter tend to consist of one or two long horizontal edges
representing the railike feet, connected to the chassis via differently imagined structural
configurations. These alternative configurations, in concert with alternative views adithé¢hin

objects (whose faces in the edge graph do not correspond to coafaees, but negative
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space), result in edggycle arrangements that are less stable thaprésznce, orientation,

position and length of the edges representing the feet.

Relation in Hol ds whené

(<relation> <cycle><edge>)

boundingEdgeFor <edge> is amdge (or super edge) in the <cycle> path.

edgeOverlapsObjectink <edge> is not fully in theath, but it has at least one sub
edge in the <cycle> path.

elementsintersect At least one of the junctions connecting to <edge> or its
subedges lie on the <cyckepath, without sharing any of it
subedges.

edgeContactsFrominside <edge>overlaps or intersects <cycle>, and at least one ¢
sub-edges (or itself) lies in interior region of <cycle>.
edgeContactsFromOutside | <edge> overlaps or intersects <cyclend at least one of it
subedges (or itself) lies in the exterior region afysle>.

Table 3: The five relations that relate edgecycles to the edges they contact.

In addition to edges and edggcles separately, we examine anaahing scheme that
combines the edge and edggeele assertions for a sketched object. Including edge and edge
cycle descriptions to cases should allow SME to match edge patterns wheratéetps pre
consistent and cycle patterns where cycles are censisRepresentational connective tissue is
addedtorelateedgey c|l es t o edges. The complete set
in Table3. This connective tissue allows edigeel correspondences to influenedgecycle
level correspondences and vice versa. It also facilitates-basgd filtering, described below.

The satellite dishes iRigure3.10 demonstrate the advantage of allowing edge and-edge
cycle corresponehces influence one anothdthe center and right images are alternative
renderings of the same example, with different subsets of its perceptual entities shown. When
using an encoding seme based purely on edggcles, SME maps the four edggcles orthe

left (blue, red, green and pink) to the edxyeles with the corresponding colors in the center

of



89

Figure 3.10: Two examples of a satellite disfrom (Eitz et al. 2012)

image. The blue cycles in the left and center images, while not intuitively analogoeisnéay
similar shape attributdse.g. elliptical variance, comptness due to the significant curvature
discontinuity in the top left region of the dish on the left. When the hybrid edgetgdige
encoding scheme is used, the orange edge on the left is mapped to the orange edge on the right.
Because these analagoedges are connected to the eclgdes via various contact
relationships, SME is able to find a larger shared system of relationatbp#tér analogy) by
instead mapping the blue cycle on the left to the blue cycle on the right, thereby overcoming the
misleading shape similarities. Note that because of the systematicity bias in SME, which prefers
to match larger systems of relationshithe highly alignable pink edgsycles are indirectly
contributing to this correction by strengthening the corredpoce between the orange edges
(again via their cycleYedge topological rel at
cycles).

This hybrid encoding scheme includes an analogical constraint to excludepargssn
correspondences between edgesarydc | es, (meaning the mapping cz:
edgecycles). Keeping case size constant, this constrains the matching, spieggdingecause

fewer match hypotheses foiimand potentially helping it resist getting derailed by too much
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detail. The down side is missing opportunities to match an edge to arcgdgevhere
appropriate. Some of the helicopters-igure3.9 (e.g. center and centlaft) have rotors that
might align nicely if crosgartition correspondences were allowed.

Note that continuity cycles, perimeter 3& atomic cycles, edges and super edges, and
different flavors of sulpart relationships connecting them provide an explicit representation of
hierarchical visual structure. Wakie the view that there is no intrinsic issue with including
overlapping osubsumed visual entities in the same qualitative representatidiact, SAGE
over such representations should be able to learn statistics about how often different parts of the
hierarchy manifest.

On the other hand, the key to success is not simply throwing moraaednto the input
cases for SME a tractable, nowptimal graph matchérexpecting it to find better and better
matches. This is to say nothing of the match ¢p&do time intensive to be of any real use.

Figure3.11 shows two similgrreasonably simplexamples of the conceptble as well as a

Time spent matching two tables
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Figure 3.11: (Left) Two sketches of tablegrom (Eitz et al. 2012) (Right) Six cases two
tables crossed with threeencoding schemes are plotted on the xaxis by case size and
grouped by lines into three pairs. Each pair represents a match. These pairs are plotted «
the y-axis by how much real time the match took.
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chart of the time taken to perform a match between them using the full reptesengenerated
by the edgecycle, edge, and hybrid schemes. Thegeesentations contain ~300, ~1000, and
~1500 facts respectively (for each of the two tables), and take ~3 seconds, ~8 minutes, and ~22
minutes respectivelyon an Intel i74790, 3.6GHZPU with 16 GB of RAM The next section
describes strategies foltéiring these representations to be more tractable, and Experiment 2
below examines the effectiveness of these three encoding schemes under filtering conditions that

constrain the casezs.

3.3 Detail as a Tradeff: Discriminability versus Tractability

The Sructure Mapping Engine (SME; Secti@ril.2 puts elements into correspondence by
matching entire systems of relationships at a tongptimize systematicity This matching step
amounts tadhe maximum common induced subgraph probl®r labeled graphsvhichis NP-
hardande ven when itods per f eolyn@mhbl cgmpetaiahiadirySMEO av o
(O(n?log(n))), can be prohibitively expensive when the inputslarge enough to demand
resources (time or computation) that exceed what is reasonably available in the task context.
One the other hand, larger inputs potentially include more useful information ¢andmating
concepts, either by including more cheteristic or critical properties of concepts, or more
subtly, by providing important relationships for finding more productive mappings. A
fundamental tradeff in a realworld system learning vigraph natchingbetween structured
inputsis between inelding enough information to generate useful analogies and limiting input
size to stay tractable.

Some broad questions the experiments in this chapter address are, what are possible

strategies for puttingard limits on the size of visually encoded inpugémerate better
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mappings under resource constraints? How do these strategies perform in a learning task, and
how does this performance interact with the number of training examples? What is thef effect
increasing input size on performance?

By looking at the effects of different caséze limits across multiple filtering strategies, we
are also gaining insight into other questions about analogical learning. Framing case size as a
simple tradeoff between discriminability and tractability suggests tivaen resources are not an
issue, larger inputs will tend to perform better. Suppose increasing case size does not
monotonically improve classification performance. This would provide evidence for the ide
that the analogical match can be led astray bytghat are too large, which is consistent with
Finlayson and Wi nst ¢200®)s Wiltloelledrning tasklpexforinangeot he si s
curves for varying case size have peaks, suggesting that for a given combinatiadofgenc
scheme and filtering strategy, there is sominoal case size, beyond which larger inputs stop
being useful even when resources are aissume? Will this optimum look stable across
different filtering strategies? Across different encoding schemasy of these outcomes would
tell us something mergeneral about optimal case sizing for analogical learning using SME over
perceptual input. Even without them, the experiments in this section provide evidence about how

case size interacts with filtegrstrategies and encoding schemes.

3.3.1 Fixed Size Remsentation Filters
One way to put an upper bound on computing resources when using SME is to put an upper
bound on match hypotheses, and one way to do that is to put an upper bound on the number of

facts in any case that will be input to SME.
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Enforcing ahard limit on the number of facts in every case by simply removing some of
them can cause errant hypotheses to emerge during analogical learning because a comparison of
two cases encoded with the same scheme may produce misleading diffeweasl ths a
filter error. A candidate inference about an entity in the target may have been determined not to
hold while encoding the target (a true difference), or it may have been filtered from the target
while the otherwise corresponding asserabout the coesponding base entity had not been
filtered from the base (a false difference). Of course, there is no way to know prior to the match
that these base and target entities would be placed in correspondence, which makes it difficult to
filter factsfrombb h si des i n such a way that guarantees

One way to make such a guarantee is to filter all facts of a given predicate from both base
and target at once. This works because of the Structure Mapping constti@irgcbidenticality
which requires that for two expressions to correspond, they must share the same predicate. The
problem is that if filtering depends on the match, then the unfiltered cases must be stored in long
term memory. Either that, or one muse the same filtarn the entire set of cases that ever
might be compared. Because the number of entities is unpredictable, this would put no
guarantees on case size. Trying to accommodate the largest cases (those with the most entities)
would likely result in most casdseing oveffiltered, lacking relevant details.

Maintaining two layers of representatibone economical and one resonomical may
provide opportunities for analogical learning that are more resistant to filter errors and whose
compuational tractabily can be controlled. The analogical matching process could be given an
economical representation of any size, as this is the computationally expensive stapnThe

economical representation could be usedal@ate the difference®und by the filterednatch.
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Of course, this still requires storing the uneconomical representations in long term memory,
which is its own tractability issue. We leave this approach for future work.

In this chapter we experiment with approaches that fdsymmetrically, rad only keep
around the economical representation, and therefore are vulnerable to filter errors. Each case is
filtered based on properties of the case alone, independent of other casdsveiket al.
(2007) we consider two types of potential signals for filtefingntity preferences and predicate
preferences. Our specific preferences differ from theirs, partially because they only focused on
the edgdevel, but there are some@mmon intuitions behind the entibased filters. That work
is further discussed in Secti6rR.1

Here, entitybased filters construct a case of a limited size by incrementally selectingxthe n
best entity (detenined by the utility measure described in the next section) and pulling into the
case all facts that mention the entity without mentioning entities that have not been selected yet.
This greedy step repeats until the case limit ishred, at which poirthe facts pertaining to the
last selected entity are truncated to fill up the case to its limit.

Predicatebased filters work the same way, except they pull in facts by incrementally
selecting predicates instead of entities, usingrgl& utility measur@rovided in Sectio.3.3

below.

3.3.2  Visual coverage A bottomup heuristic for entiybased filtering

Knowing nothing about what other cases a case will be compared to, we are interested in
using qualtative representatits that capture the visual information in the quantitative input as
efficiently as possible. Visually efficient representations represent more of the visual input with

fewer facts.
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Our entitybased filters for visual efficiency selgbe entity that desibes as much of the
visual input as possible, while prioritizing visual input that is underrepresented by the rest of the
case. The motivation for attending to larger objects isfolb (a) Large objects characterize
more of the \gual input at once na (b) false positive entities resulting from noise and
unimportant decoratiorisentities that would be helpful to ignorgend to be small. The
motivation for attending to the underrepresented is to take a biatidppproach t@apturing
the visualfield. Therefore, we treat large objects with low overlap as the place to start in building
out a qualitative representation, and as space allows, we drill down into more and more of their
detail.

Importantly, all of the informationeeded to select antéy using these filtering strategies is
available in the case itself (sans ink), because we estimate visual input coverage using
gualitative, relative size predicates that are standard at the edge and shape levels of
representation i€ogSketch, and becse our methods for organizing edges and shapes leave us
enough information about composition to estimate overlap from the qualitative representation
alone. This allows us to apply filters to cases in long term memory after the yndniteded is
no longe available. Another important benefit not tested in this work is that the filter can
potentially be applied to cases for which ink has never existed, such as a SAGE generalization or
a case that is otherwise imagined, perhaps by congbconcepts.

Our wo entity filters look at two different ways of framing visual coverage for sketched
objects. The first focusses on the ink. The second focuses on the area of the sketching plane.

The first strategy is thimk coverage filterwhich estimates the totabhgth of the ink

polylines that an entity covers. The ink coverage of an edge is captured approximately and
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directly by its relative length attributeleiigthTiny |, lengthShort | lengthMedium
lengthLong ). The ink coverage of atdgecycle can be estimatdxy adding up the
approximate lengths of its atomic (reaper) bounding edges. A su@elge is linked to its sub
edges in the edgevel representation and can similarly have its length estimated by adding up
the approximate hggths of the suedges. Th same measure can be used on glyphs or edge
connecteebbjects, given a chain of relationships that link them to their edges and cycles. The
length of an edgeycle or a super edge could be measured and used directly, buh@yy goi
through atomic edges itead, we can estimate the amount of ink shared between entities of any
of these types. Note that the atomic edges and junctions in the edge graph embedding cover the
ink in the sketch in a fashion that is jointly exhaustive paidwise disjoint (JEPD)We can
target underrepresented parts of the sketch by targeting underrepresented atomic edges.

Theutility of an entity (used by the greedy entity selection process from the last section) is
treated as the summed utilities&fit at omi ¢ edgesl it Ani sdggbdal t
(quantified), discounted (divided) by how many selected entities would be covering the atomic
edge if this entity were selected, i.e. the number of heretofore selected entities covering the

atamic edge, plus one.

Y'QAaQ
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Thus, an atomic edge that has already been covered by one selected entity needs to be twice
as long as a novel edge to be congdgust 8 useful. An atomic edge covered by two selected

entities needs to be thrice as long.
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Figure3.12s hows how qualitative sizes are quantif
di viding the | addaquartdes, buivimen assigpiigshose quartles to aliscrete
sizes, it keeps clusters of similar sized entities together (e.g. y&digy The quantities

assigned to each qualitative length are meant to line up with the centers of the quartiles. The

overallscaled o esndét matter for scoring ink coverage.
Thresholds: 0 Tiny £ Short E Medium % Long Longest edge
4 2 4 length (L)
| e o o o| e e [ ‘ ° c?
! ! ‘ :
Quantifiedlengths: 0.5 1.5 2.5 3.5

Figure 3.12. Encodinganddeo di ng CogSketchoés qualita
(The sameschema applies to other attributes that measure qualitative degrees.)

Thearea coverage filteapplies the same formula to the selection of closed shapes by their
areas. Here, the atomic edggcles are the atomic elements used to determine size and overlap.
Atomic edgecycles, analgous to atomic edges, are nearly JEPD in the way they tile over
enclosed regions in the sketch. Containment relationships were used to decompose cycles into
their atomic cycle elements.

One caveat is that an atomic edyele can contain ardge connecteebbject (and therefore
its cycles) The JEPD regions of whitespace in a sketch can have holes, but these regions are not
accurately accounted for by the cycle vocabulary, which applies to curvilinear polygons. A more
appropriate notion of ggon-area wold fit better the spirit of the filter.

The area coverage was not i mplemented for th
clear how to characterize, from the knowledge level, the area that an edge covers in terms of

whole atomic cyclesHowever, to that end, the hybrid representationd heee would allow



98
one to find which edgeycles a given edge participates in, estimate their areas, and estimate

what fraction of each cycleds contour the edg

3.3.2.1 A problemwith filtering entites What goes with nothing?

A drawback of purely dity-based filtering, given the qualitative representations used here
(which include some very common attributes/relationships), and SME as an analogical matcher,
is that many entities can end up comglgblocked by the filter, and SME is willing to map
much as possible of what makes it through.

Consider thewo instances of the categoRjower with Stenfrom (Eitz et al. 2012shown in
Figure3.13 (top), encoded using the hybrid edge/edgele perceptual organization and the-ink
coverage entity filter with a limit of 100 facts. Only the entitleet made it through the filter are
overlaid(one edge and four cycles on the
left, and one edge and five cycles on the
right). Colors reflect the correspondences
found by SME between entities on the left
and right. The black edggycleontheright
is unmapped.Different relative sizes of the
pedals and the center part of the flowesxd
to different entities being chosen by the
filter. The elements that make it through,

and whose best (unfiltered) analogs did no

make it through, should go with norig.

Figure 3.13: Two instances of thevhat goes

They are nonetheless paired up into the be with nothing problem.
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correspondences possiblEor exarple, the cycles shown in light blueenter part in the left
flower, lower right pedal in the right flower) are put into correspondence for minor
commonalities in their slpe attributes and relationships to nearby entities, but each of the two
would have hd a different, much stronger analog in an unfiltered match.

Thestick figures in théottomrow of Figure3.13 show an instance of tivehat goes with
nothingproblem that does not result from filtering. Again, colmark edges found by SME to
correspond and black edges are unmappée ektrglight blue)edge resulting from an
unintended junction in the head the left has no good analog on the right, but given some
representational overlap (e.g. it is a stragghge), SME readily maps it to one of the extra
(intended) edges on the righthis scenario exhibithe samdasicdilemmaas beforeextra
entities in base and target resulting from independent phenoméieh get put into
correspondence because it giaally strengthens the match.

To see why this issue is so prevalent with eridged filtering,magine base and target
cases that each hafaur entities in their unfiltered forms, andaginethat two entities make it
into each (independently) filteredse. It will only take someoverlap in their attributes and
relations for SME to prefer to match both entities in the filtered base te&btties in the
filtered target (in whichever pairing), over leaving any entities unmapped. This overlap may
come from an attribute or relation that is ubiquitous enough to be common to all 8 entities in the
cases (e.g. (isa <x> AtomicEdgeCycle)) or ityrsame from noise. It may even come from a
dimension of legitimate, salient similarity, but not one that wouidout as a correspondence in
the unfiltered comparison. The problem is, given no other information, the chances of choosing

four entitiesi two from each caskthat happen to form two correspondences in the filtered
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match that would also be in the utéiled match is one in six ( for n entities in the filtered

case anan entities in the unfiltered cade So there is a fivn-six chancehat SME will be left
to choose what goes with what among entities for which some should go with rio#iingr
because their stronggnalogous entity was filtered, like in Figure 3.13(top), or because they
have no analog even in the unfiltered casks,ih Figure3.13 (bottom).

An appropriate entity filter could improve these odds, as would widehe filter of course.
But it may suggest that the entities should not be filtered, at least not directly. &xtisection
we examine a filter that instead filters using predicates. This should tend to filter far fewer

entities, while incorporatmless information about each selected entity.

3.3.3  Predicate rarity: A bottorap heuristic for predicatbased filtering

Again, imagine our situation from the last section in which two cases containing four entities
each are filtered and then compared usingeSM Letdébs go further and
case containkfacts, and each unfiltered case contairentities, and whose facts are all binary
relations that are not reflexive, and over which the (possible pairs of) entities are evenly

distributed. The chance a randomly chosen assediogs notake a given entity in either

argument slot is . Repeatedly selectifdacts,with replacementthe

chances that none of them mention a given entity4s- . Assuming this occurring with one

entity is mutually exclusive with it happening with another (this is not actually the case) the

probabiity of it happening witrsomeentity is& —— . This is an upper bound on the actual

3There are ways to choosea entities from each set ah. There are  ways to choos@ correspondences
out of the set ofm correct correspondences
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probability, sine filtering does not select facts with replacement (decreasing the chances of
choosing facts not containing a given entity), and since one ebéiyg filtered completely is
not mutually exclusive from some other entity being filtered completely (mgaménprobability
of at least one occurring is less than the sum of their probabilities). Therefore, for a sense of the
order of magnitude, we caay that when choosing 100 facts from any sized unfiltered case,
containing norreflexive binary relationsacross which four entities are mentioned in a way that
is evenly distributed, the chances of an entity not making it through the filéssigharone in
3x10%. Even with a fact limit of 10, the chances are less than one in 250. Of course, this
probatility will rise when the entity mentions are not evenly distributed. However,
representations that are computed by querying for groups of predicateare JEPD (e.g.
curved/straight, size) do lead to more evenly distributed entity mentions sinceedicaj@ out

of the group must hold for any entity (or combination of entities).
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(blue). The number of entities in the base and target for each scheme are also plotted.
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guaranteed to mention all entities for commonly used case sizes, which atesti@what
goes with nothingroblem by providing an opportunity for any entity correspondence from the
unfiltered case to be in the filtered case. We test a predicate filtering scheme that is not
necessarily independent of entity, but for which no caiceiavith certain types oéntities is
obvious to the author.

We test a predicateased filtering scheme that repeatedly finds the rarest predicate in the
case(choosing arbitrarily between predicates that tie for raeest)pulls in the facts that useth
predicate. This additi@lly resists thevhat goes with nothingroblem by downgrading the
most common predicates, reducing misleading overlap from common predicates.

It may be that the rarest relationships are disproportionately salient, and thus are
disproportionately intendett signal a label. Furthermore, there is precedent for including
anchoring relations relatively rare higher order relationsn filtered encodings for SME, in a
bid to let salient regions of the sketch drive the mapfliogett et al. 2007)

On the other hand, there is also reason to believe that noise is correlated with rare predicates
since a sketched object may be intended to have certain regularities. For examglances of
a concepthat is intended to be drawn entirely with straight edges Eexglopg a mistakenly
curved edge will stand out and disproportionately affect comparisons.

Figure3.14 compares the ink covage filter to the predicatarity filter in terms of the
resource consumption (time and memory) of an analogical match between the tableigtdmem
3.11, encoded with hybrid encoding scheme. The predicate radtéyrings in all entitiefrom
base and target by the time it hits 200 facts, skirtingvtit goes with nothingroblem. The
entity-based filter brings in entities more gradually but consumes less memory and far less time

during analogical matchinglhe entitybased filter exeeds 1 second of run time by the time it
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reaches 300 facts (2.1 seconds) and exceeds 10 seconds by 600 facts (18.3 seconds). The
predicatebased filter exceeds 1 second of run time by 200 facts (2.1 seconds) and exceeds 10
secorms by 400 facts (16.4 seats). Experiment 2 below compares the efficacy of these filters

for recognition.

3.4 Experiment 1. Edges vs edggcles on Sun Up to Sun Down

This experiment, first reported (McLure et al. 2011)compared edgeycles to edges for
classifying the Sun Up to Sun Down dataset (Se@i8r). The edgebased representations,
fromLovettetal. (20060 used CogSketchds edge | evel vocab
some extra edgkevel relations to encode simple cycles, but also reduced by ignoring
relationships between two internaledgesn es t hat wer enottheabjed.ng t he
To be tractable even for complex sketches, which contained up to 600 facts using that encoding,
they filtered down the cases using a strategy that factored in both entity preferences and
predicate prierences. They found 175 facts to be a peaformance case size while testing up
to a size of 225 facts, suggesting that this filtered case size also would outperform an unfiltered
version.

We compared to that an edggcle-based encoding that only incled atomic edge cycles,
perimeter edgeydes, and edgeonnected objects. Continuity edggcles were not used in this
experiment, nor was the between relation. This representation was unfiltered. We hypothesized
it would outperform the edgeased emmding, even though the edggvel represemttion had
been partially optimized for case size and emityference (albeit with a slightly different

experiment structure and analogical generalization approach).
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This experiment used the SAdiased Retriev®N classifier from Sectiog.1.4 The edge
cycle encoding was compared to the edge encoding for classification efficacy.

We used a Hiold crossvalidation, with the 8 sketches generated by a participant
constitutirg a fold. This resulted in 10 rounds diting and testing per condition, where the
system does anal ogi cal |l earning over nine par
tent h. To explore how SAGEG6s dhsamoummiof ati on th
compression) affected perfoamce, we ran this experiment across a range of values for this
parameter, from 0 to 1. We tested at higher granularity for the range from 0.5 to 0.8, where

SAGE has historically performed well on other classifaatasks. Chance was 0.125.
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Edge-cycles vs. Edges
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Figure 3.15. The performance of the RetrieveNN classifierusing edgecycles (green;
vs. edges (purple), over a range of SAGE assimilation thresholds.

341 Results

Figure3.15 summarizes the resultskecall that the assimilation threshold (S) is the
minimum similarity score (computed by SME) required between an example and another
example (or generalization) for SAGE to combine thé&ftith S = 0, SAGE always combines
descriptions, and the two encods achieved equal performance. For every other value, the
cyclelevel encoding outperformed the edgeel encodingWhen0.40 S .8,WithGthe

exception ofS =0.6, the performance was significantly different (p < 0.05;tarled paired-t



107

test). Tle difference between the maximum accuracies achieved in the two conditions, which
was at S = 0.65 for the cyelmsed encodingha S = 1.0 for the edgeased encoding, was
marginally significant at p < 0.06.

It is worth noting that the edggycle and edgechemes did not perform significantly
differently at either end of the learning compression spectrum. The biggest differemees w
an intermediate range of moderate learning compression rates:c¥guige were robust to
compression down to an assintiden threshold of 0.4 and may have even slightly benefitted
from some compression. Edbased classification generally suffemddeven at these moderate
compression rates (compared to uncompressed).

Figure3.16 shows the confusion matrices proddid®y the classifier in the cyclgased and

edgebased conditions, with the assimilation threshsgtito 1.0. With that high of an

Cycle-Based, $§=1.0 Edge-Based, $=1.0
Predicted
ol o § oS ol o § | @
s | O| ||| O|a|O o| Ol &| | | O]l @| O
Brick o|0|jlo|o|O|O]|O Brick o|l1|0(0|0]|O|O
Oven| 1 0 0 o(o|lo0o|O Oven| 1 | 6 i1(2|0|0|0]|O0
Fridge| O | O 1|10(1|0]0 Fridge| 1 ojo0o|o0
Tg House| 0 | 0 | O o(o|lo0o|O House| O | 2 o(o0]| O
3 Fireplace| 0 | 0 | O | 2 1100 Fireplace| 0 | 0 ojo0|oO
Cupj/O|(O0|O0O| 2 |0|6B|3]|O0 Cup| O | O 6|31
Bucket| 0 | O | O 0| O] 1 . 2 Bucket| 1 [ 0 3 (5|1
Cylinder| O( 0| 0| 0O |O0O| 2] 3|5 Cylinder| 0 | O 2|1 -

Figure 3.16: Confusion matrices for the edgecycle-based (left) and edgdased (right)
encodings for an assintation threshold of 1 (no compression).
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assimilation threshold, SAGE never generalizes, and hence classification consists of finding the
closest (ungeneralized) arple. This factors out analogical generalization, so that we can focus
on properties of the rementations produced. The confusions matrices showed that cups,
cylinders, and buckets were confusable in both conditions, but slightly more so in the edge
conditions. Looking at edges makes it harder to recognize the bricks, houses, buckets and
especial ovens, but makes it much easier to recognize fireplaces. Curiously, the edge
confusion matrix shows a more even distribution of guesses, ranging frot2 8doa given
label. The edgeycle condition showed a range of 7 to 14 guesses for a givdn lab&as very

ready to call things houses, and very reluctant to call anything a fireplace or a cylinder.

3.5 Experiment 2: Perceptual organization and filtgraffects on
classifying the Berlin25 dataset

In this experiment we used a classification tadkbod at the efficacy of 18 filtered encoding
schemes that vary along three dimensishewnin Figure3.17.
Thefirst dimension is the perceptual organization method used: (1) A-bgsked encoding
that included atomigoerimeter, and continuity edggcles, (2) an edgbased encoding that
included super edges, and (3) an encoding that combines theyadligeepreentations from 1
and the edgéased representations from 2.
The second dimension was the filtering methdtiere were two types of filtering used on
each perceptual organization method, predibateed filtering and entitgased filtering. For
edges, th ink-coverage measure was used to filter entities. This measure was also used to filter

the hybrid percepal organization scheme with edges and edgdes. For the pure edggcle
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organization scheme, entities were filtered using area coveragethsro&coverage measure

was unavailable due to the lack of edges.

Performance vs Fact Limit
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The third dimension thavas manipulted was the size of the filter. We tested limits of 100,
200, and 300 facts per case.

The task was to classify the sketches in the Berlin25 dataset (S2&if)n We look at
performance on the whole datag&® examples per concept of 25 concepts), as well as
performance on 10% of the dataset (8 examples per concept, randomly chosen).

A 4-fold crossvalidation structure was used for the whole dataset. In other words, for each
concept, the 80 examples weradamly split into 4 folds of 20 each. This resulted in a training
set, per trial, of 1500 examples (60 examples per concept) and a testih§@&examples (20
per concept). For the 10% dataset, dnl8 crossvalidation structure was used. Thusrih
were 175 examples (7 per concept).

The RetrieveKNNW classifier from Sectio2.1.3(sans SAGE leaing) was used, with K =
9. SAGE was not used here because of the amount of time it would have taken té8un all

conditions, especially those with 300 facts per case.
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3.51 Results o
Performance vs. Fact Limit
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filtering, the hybrid scheme performed Chance 0.04 0.04 0.04

significantly worse than the edggcle Figure 3.20: Classification accuracy on the miniature

Berlin25 dataset, with 8 examples per concept. Since
scheme. fold crossvalidation was used here, there were 7
examples per concept in the training set in a given trial
For the lower number of training

examplegFigure3.20), edgecydes tended to outperform edges and the hybrid scheme,
although thewvere not significantly different in some conditions. The best performing condition

for this amount of training was a fact limit of 200 on enfiltgred edgecycles.
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We did not end up sa®y a common peak in the filter size, nor even a relationship betwee
case size and performance that was common to all encoding schemes. Increasing case size had a
mildly positive effect on performance for predicai@sed filters and mildly negative fontéy-
based filters. The top two performing conditions are the 400 206fact versions of the best
organization scheme (hybrid) and the best filtering strategy (drdggd).

Predicatebased filtering led to far more timietensive matches for all seimes and fact
limits, consistently taking more than twice as lofglgecycles led to the least intensive
matches, followed by the hybrid scheme.

Edgecycles ultimately produced case libraries that were roughly half the size of their hybrid

and edge couatparts, a reflection of the increased number of cases that dielacbtthe limit.

3.6 Discussion

In both experiments we saw edggcles significantly exceed the performance of edges in
supporting the analoglyased classification of sketched objects. Tkalte of Experiment 1
indicate that even atomic and perimeter edgges, in the absence of continuity cycles, are a
significant improvement over edges. They also suggest thatogdbps are more resistant to the
compression resulting from a lower asgation threshold, although the amount of compression
was not meased directly. Experiment 2 showed this relationship held after adding in continuity
cycles to the edgeycle encoding. It also shows that this relationship held over disparate
training seé sizes (1500 examples and 175 examples).

It is evident from the rests of Experiment 2 that the entibased filtering using visual
efficiency significantly outperformed predicéatased filtering for most fact limits and perceptual

organization schemesspecially with more training. With the larger training set stze, t
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difference was only insignificant at the largest case size for the sparsest perceptual organization,
edgecycles. This makes sense, because there is relatively little filtering hagpethose
conditions, leading to relatively little difference besm in predicateend entityfiltered cases.

This convergence, together with the fact that predibated performance dropped as case size
decreased while entilyased performance inceead, suggest that, at least for edgeles,
predicatebased filteng degraded performance while entiigsed filtering improved
performance (over unfiltered).

Experiment 2 also showed that at the larger training set size, with the superiebasgitly
filter, an encoding scheme that combined edges andm@tes signiicantly outperformed both
edgecycles alone and edges alone, with edgdes outperforming edges. However, on the
smaller training set size, the relative efficacy of the hybrid schechéharedgesycle scheme
was less clear, with the peak performandagiedgecycles filtered to 200 facts. Edges still
underperformed. This may be due to the fact that-egiges are more stable and resistant to
overfitting than edges. When we haveslof training examples to suppress the noise (because
more similar taining examples can make it into the weighted KNN), the hybrid scheme, which
has the richest information available, pulls into the Idaduggests that the ideal representations
to ue may shift as more examples are observed.

The lackluster effectsf filtering on predicate rarity is likely due to an outsized focus on
unusual details of minor elements in a sketch. Small artifacts resulting from segmentation errors
over noise in the in especially edgeycles, can take on interesting shapes bedhesedo not
abide by the intended regularities of the sketch. For example, if a glyph consisting of all right
angles is segmented to include a small falssitive edgecycle, that edgeyde is not as likely

to consist of right angles. These false pesitycles are also likely to be small, possibly
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explaining why a tight entitpased filter would be effective in ignoring them. The predicate
filter likely had a particularly negative impton the MAC stage of MAC/FAC, which uses
contentvector dot prodcts to estimate similarity between cases. Conteators are histograms
that encode the frequency of predicates. When filtering on predicate rarity, we remove the peaks
in the histogramssystematically corrupting the signal used by MAC, which is tseliscard
the vast majority of relevant training examples. A lightweight addition to explore in future work
would be to store the content vector for the unfiltered case in associatiaheviitlered cases
that derive from it, even after discarding thiltered case itself. MAC may benefit by
synthesizing two stages of content vector comparisamdiltered and filtered.

For large training sets, there was an interaction between tharegigecycle scheme vihe
hybrid scheme and using entibgasedvs. predicatebased filtering. When using a predicate
based filter, edgeycles outperformed the hybrid scheme. When using dmdiged filtering, the
reverse was true, with the hybricheene underperforming even the edgsed, entityiltered
combinaion. It is clear that there is as much to lose as there is to gain by adding edges to an
edgecycle representation, and that focusing on the largest edges can be beneficial while focusing
on the most idiosyncratic edges can be harmfully distracting.

Interestingly,Figure3.19 andFigure3.18 and show an approximately inverse relationship
between the performance of an eding scheme and the average time it takes to match cases
encodedvith that scheme, holding case size constant. This suggests that the number of entities
may be an important factor in how likely SME is to get derailed by too much detail. It may

alternatvely (or additionally) suggest that the matcher and performanmeitied from a higher
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ratio of attributes to relations, since edge

3-junct

cycles, as curvilinear polygons, can take on a
wider variety of shapes. Edge representations

are more dominated by reilas, which may be

swamping and misading the matcher.

(@) (b)

An analysis of the errors in Experiment 1
Figure 3.21: Sketches of cylinders whose

edge segmentations were problematic. revealed that one large source of error in edge
Cylinder (a) has an unintended junction

resulting from a curvature discontinuity,

and cylinder (b) has an unintended gap. level representations was curvatiased

segmentation errors. Recall that digital ink
generally contains afacts that can make accurate segtagon difficult. Edges that connect
endto-end at 2way junctions can be especially difficult because they are highly subjective. The
detection of false positive junctions and omission of junctions can have a sighifigpact on
the edgdevel repreentation. For examplenFigure3.21( a) , t he cylinderdés to
split into two edges at the circled location, due to a change in curvature. This means that
different entites are participating in the thre@eay junctions on either side of the top. Since
SME requires mappings tel:1, this substantially reduces the similarity computed for the
edgelevel representation. The edggcle representation is robust relative xtra 2-way
junctions because it abstracts the edges away to cycles, keeping the number of entities the same
and potentially capturing differences like these in attributes and relations.

On the other hand, the edggcle encoding has its own set of probsewith substantial

topological imperfections. The cylinderkigure3.21(b) contains a gap in the top. Not closing
this gap leads to an edggcle description with half of the atomic edggcles of the cylinder in

Figure3.21(a), changes the perimeter ednele to no longer be concave daadds an edge
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protrusion attribute. These are changes that radically reduce perceived similarity by the system,
alt hough peoplsegapsereasonablyeadiyf iThe Hdgel repnesentations are
generally more stable when gaps occur, stheenumber of entities may or may not stay the
same (gaps at corners vs on the middle of curves, like the éiguie3.21(a). Even when
there is an extra or missing edge, it represents a smaller proportion oatlentiiees. This is
especially true for small, simple sketched objects, which will have few®addes.

As discussed in Sectidh3.1, sketches with textures can contain an explosive number of
atomic edges. Edgeycles do not alleviate the issue for most textures. In fact, for many
textures, the edgeycle representation is even more bloated than thereggesentation. The
house inFigure2.10 (left), had 56 entities and4X)6 facts with the edge encoding. It had 108
entities and 8,528 facts with the edgele encoding. In motivating our filtering strategies, we
emphasized the benefit of filtering completely at the knowledge level. This allows the filter to
be applied taeases in long term memory without accessing their original sketches and to
hypothetical examples for which a sketch has never been observedssurcabilistic
generalizations. However, the downside is that the unfiltered case must be encodedan order
encode the filtered case. For sketches with textures, encoding the unfiltered case first can be
impractical both in how long it takes to cont@patial relations (there are many pairs of
neighboring edgeycles and neighboring edges in a texture)iarftbw much space the case
consumes in longerm memory. This suggests that encoding spatial relations should be
preceded by texture detectionfta | t er t he texturesod constituent
The technique itMcLure et al. 201B), discussed in more detail in Sect®2.2 finds textured
regions before encoding. It reifies the texture regions instead of their member entities and

assigns théexture regions attributes to reflect the geometric commonalities@iheir member
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entities (e.g. majeaxis orientation). Integrating this approach may help scale up to the full TU
Berlin datasetthough additional handling is needed to detect texthedsare not localized (e.g.

a sketch with rain drops distributdttéughout) More generally, intractable encodings could be
avoided by imposing a limit on the number of perceptual entities after segmentation but before
guerying spatial relations.

In evaluating learning approaches in the next two chapters, when fjltexamples, we use
an ink-coverage filter over the hybrid encoding scheme with a fact limit of 06 best

performing scheme on the larger dataset in Experiment 2.
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4 Extending Analogicaeneralization with Neamisses

Similarity can be deceptive. Thisapter investigates approaches for detecting and
leveraging highly similar pairs of positive and negative examples-(niszes) to improve on a
similarity-based classifier commonly usey structure mapping approaches. This similarity
based classifier vaaintroduced aRetrieveNN in Section2.1.4

The techniques tested in this chapter and the next were designed with the following priorities:

1. Dataefficiency: The ability to support recognition after few training examples.

2. Fast classification judgmentsSpeed in labeling an example.

3. Disjunctive prototypesA set of visual prototypes for each category where every
(observed) example of the categ@sufficiently similar to at least one of the
prototypes.

4. Generative statisticsStatistics for each category that capture relative prevalence of
each prototype, as well as the relative prevalence of the visual properties of each
prototype.

5. Testable hyptheses Hypotheses about which properties of each prototype form
boundaries for the category definition, i.e. those properties which, when not
present in similar examples, are likely to disqualify those examples from
belonging to the category.

6. ExplainablehypothesesHypotheses that can be communicated to a person.

7. Sublinearstorage growth Long term memory requirements expand less than linearly
with the amount of training data observed.

The three techniques put forth strike different balances betinesa compeng priorities.
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Why these priorities? Most were motivated in Chapter 1, but here we add generative
statistics and testable hypotheses. Sketching software collaborators should be capable of
recognizingand generatingketches. Sketch geneaatiwould bean asset in its own righitfor
example, when making creative contributions in design, teaching targeted concepts in tutoring,
or communicating with the illiteraiebut more subtly, sketch generation could facilitate an
efficient refinement ofisual caggories for more sophisticated recognition by cooking up
particularly informative, unobserved examples to ask a human &alaciarm of active learning
called query synthesis. Active learning comes in different forms, many of which have in
comnon the assmed existence of an oradlea source that can be queried with an unlabeled
example to elicit a label for it. For example, a learner may have a pool of unlabeled examples
from which to choose the most informative one for the oracle to lalrein @ steaming setup,
an online learner, when shown each new example, must decide whether to ask for a label. These
situations both involve judgments about examples that originate from some outside source.
Query synthesis is a more sophisticated teghe in whch the learner itself generates original
examples it deems maximally informative, about which it then queries the oracle. We pointed
out in Chapter 1 that sketches are relatively expensive for humans to pr@hmbined with
the wide spacefdhings that can be sketched, this suggests that preexisting examples that probe
a boundary at all, let alone optimally, may be hard to come by, and that query synthesis may be
especially useful in sketch recognition. For this technique to be availadbkiinctue mapping
learning approach where the internal representations are relational and qualitative, we require a
method for instantiating in ink an imagined (internal) representation of a novel informative
example. We return to this endeavor int®ec7.3.6 Maintaining generative statistics for a

category and its structured models, or prototypes, supports the instantiation of prototypical
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instances of the category, from which local boundaries can be.tdstedlisciminative
hypotheses learned by the approaches in this chapter and the next are highly testable because
they are expressible in terms of elements in the structured prototype to which they pertain (as
opposed to a similarithased hypothesis)

We also purge classification approaches whose kbeign memory (LTM) requirements
grow more and more slowly as examples are observed. The training processes for the classifiers
evaluated in this section are built on the same foundat®hGET describedn Sectior2.1.4
SAGE is used to compress (cluster) training examples into a group of probabilistic models for
each category. This is designed to scaleramge of concepts that a human could encounter
bette than attempting to remember every observed example, and more holistically representative
than selectively retaining examples. Most of the experiments examine how accuracy changes
with different levelsof compression.

The clustering process in SAGE usésictural similarity as a signal for opportunities to
cluster and compress examples. The statistics kept by SAGE for each model are the frequencies
of every statement in each generalizaii@pecificaly, the frequency with which the examples
assimilaté into the generalization contained a statement that mapped onto that statement in the
generalization. Note that this is not a full joint probability table for the statements in
generalization the numler of frequencies kept is equal to the total nunabedl statements in
all generalizations, for all categories (as opposed to all combinations of statements within every

generalization, for all categories). This aspect of the approach is designdé.to sca
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4.1 Nearmisses and category boundaries

Winston (1970pointed out that learning to recognize a category via positive examples alone
has irrinsic limitations. Even a large, representative collection of positive examples can only
provide insight into the frequency and cooccurrence of properties, rathéhéamportance in
determining membership. Even if the examples are chosen bgheetetnere is no way for the
teacher to demonstrate that a specific property is critical in determining category membership.
If the teacher hopes to convey which prajesrare essential or prohibitive for category
membership, Winston argues thatearmissshould be provided a negative example that
differs from an observed positive example in very few ways.

The more similar the neamiss is to its positiveounterpart, the fewer the alternative
explanations for their differing labels. Winston frantleelse explanations as necessary
conditionsi properties that must or must not be present in an example to include it in a category.
The properties were implemied as pointers to elements in a structured visual model for the
categoryi MUST pointers foproperties that block membership if absent, and MUEIT
pointers for properties that prohibit membership if present. The learner prioritized and
transitioned btween these explanations by maintaining a current working model of each
category along with &ree of alternative models that are consistent with all observed positive
examples and neamisses.

For an example of a necessary condition crossing a conagpddny, assume that all
sketched sharks are drawn with pointed dorsal fins. Removing thegadiotsal fin from a
shark drawing would disqualify it as a shark. Itis a necessary but not a sufficient condition,

since the presence of a pointed dorsatlbes not guarantee that the sketch is of a shark.
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(Dolphins are often drawn with similar dorsals.) Alternatively, the neamiss may cross a
boundary because one or more properties of the positive example that are different in the
negative example amalfficient conditions for category membership. For example, assume that
all sketches opalmtreelookingthings with coconuts hanging from their centers are drawings
of palm trees. Adding hanging coconuts to a drawing that otherwisepabkdreelooking
would be enough to qualify it assetch of gpalm tree. This could be the key differemte
nearmiss. Some conditions are both necessary and sufficient. Amonglikelsketched
objects (e.g. horse, mul e ésuifidientconditiondarr i pes may
membership in the zebra category. Still other properties are ugsftihdnators but are neither
necessary nor sufficient. Among sketches of sharp instruments, swords tend to have more
oblong blades than knives. They are mikely to have hilts and more likely to have a concave
edge (resulting from a curved blade)ori¢ of these properties is true of all swords, nor untrue of
all knives (and other nesword sworeike instruments). For a neatiss in this case, it may be
the cumulative effect of the differences or some subset of them that tip the scale from fmsitive
negative. The techniques in this chapter are designed to lecassary conditionand those in
the next chapter are designed to learn all of these tyghsoniminators.In any case, the nearer
the miss, the more a learner is able to use thaghwme in on important differences.ithe
narrower the set of resulting hypotheses about the boundary.

The examples provided have all been qualified toyayihin a group of similar objects, e.g.
fipalmtreelookingt hi ngs . 0O Un i voe sulliceent conditions, svisica cag bea n d /
conveyed in a rule, are common in mathematics and law, but are elusive in sketch recognition if
they are constrained tofeg to purely spatial parts. Knowing that a shark must have a dorsal fin

is not helpful for reognizing sharks when the inputs are spatial descriptions of ink unless some
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subroutine can detect dorsal fins in spatial descriptions. Otherwise, the pritigaity must be
framed spatially. But the ink that comprises a dorsal fin, like the inlctimaprises a coconut in
a palm tree, is often simpiethree edges or fewérto the point where its spatial description
would be ubiquitous in many sketched altge Moreover, the necessary configuration of the
edges in the dorsal fin may seem unconstain isolation but may in reality depend on the pose
of the shark and the perspective of the sketch. To be useful, a universal rule about a part must
also captre enough of its contextt he spati al properties of the r

The discriminative techniques below do not attempt to learn sufficiently refined, globally
applicable critical properties, nor do they eschew looking for critical properties altogether.
Instead they learn locally applicable critical properties and use@nto determine when and

where to apply themConsider the chairs in Figure 4.Coming up with a strict definition that

Figure 4.1: Some chairs and norchairs (circled), roughly clustered according to similarity.
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covers all positive examplesmdno negative examples is notoriously hard for chairs. However,
notice that classifying chairs baseal similarity to known prototypes is also problematic; some
bird cages are very similar to some hanging chairs (a), some tables are very similar toskome de
chairs (b), and some backyard grills are very similar to some arm chairs (c). Local comparisons
with these neamisses may suggest criteria, e.g. for hanging chtaeshanging part must be
below waistlevel andthe hanging part must have a round cawity. Notice that these criteria
cannot easily gener al i ze atproriwhatbekhangifggartr s, beca
would correspond to in a desk chaithey are not alignable. However, if later comparisons with
desk chairs were to producemparable criteria (e.the horizontal part in the center must be
below waist levg] then the larned criteria themselves could suggest a partial mapping between
hanging chairs and desk chairs (éhg hanging part of a hanging chair corresponds ® th
horizontal part in the center of a desk chair

A rulethatis purely spatiatan besimplerwhen it pertairs to parts in a model and we only
applyit locally i to similar objects thatan be matchetb the model.This is becausthe match
itself canperform thgob of determiningwhich elemen() is/arethe onés) tha the local rule

applies td' ajob that, in aglobally applicable ruleontaining variablegequires additional

v (NN

Figure 4.2: Three disparate sharks from (Eitz et al., 2012).
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clauses in the rul® narrowdown its scope ta particular element in a particulpe of
example in the categarWhen an object looks like a profile view ofigh (Figure 4.2 left), a
dorsal finwould protrude upward from the top long edge of the elongated center portion (the
body), taking a two or threedged, pointed shape with an acute angle at the top. When an object
looks like a fish viewed from the tdpigure 42, right), a dorsal fin would be enclosed within
the large elongated (body) shape and while it would likely still consist of two or three edges, it
could take on a wider variety of possible shapes and sizes because of the indirect viewing angle.
It would likely have the same major axis as the body shape. The techniques below allow for
these two distinct models of shark depictions to form, for rules pertaining to the model parts to
be learned via neanisses and stored with the model, and foreiroges ¢ be applied
selectively to sufficiently similar sketched objects, all automatically.

The extraction of critical properties from neaisses via analogical matching and storing
them as references to parts in a model are core commonalities b¥tiveens tneamfsses
and ours. The flexibility to spawn multiple alternative madeffectively learning a disjunctive
definition by learninga set of necessary conditidias each modelFigure4.3) i and the
automatic discouy of nearmisses (rather than receiving targeted meesses from a teacher)
are aspects where this work extends beyond Wi
top of a prolific analogical matching algorithm from cadye science in order tmtegrate with

the ecosystem of work that assumes a matcher with the same properties.
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Figure 4.3: A view of how learning a set of necessary conditions foreachotaat egor vy
prototypes can be seen as learning a disjunctive concept definition for the whole category.

Like Winston, the techniques describe in this chapter specifically look at the efficacy of
learning necessary conditions for classification. A technitpseribed in Capter 5 uses a
support vector machine (SVM) to find discriminative criteria during classification in a more
general sense, without the semantics of necessity or sufficiency. In Sesti®nve retirn to

sufficiert conditions and propose an avenue of future work in capturing them.

4.1 Learning necessary conditions via ne@sses
Here we describe a learning algorithm publishedlature et al. (2015a) It deteted near
missesas it trained on labeled examples via similabfsed retrieval. It leveraged the near

misses to hypothesize necessary conditions for category membership via analogical comparison.
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It used analogical generalization to refine its sdtypiotheses. Thefficacy of these necessary
condition hypotheses in assisting similaflitgsed classification was demonstrated in a
classification task, presented below in Experiment 3.

As mentioned, we used datasets consisting of mutually exclusivexategEvery eample
was labeled as at most one category, but the technique described is also applicable to examples
with multiple labels. Every example was assumed to be a negative example of any category for
which it was not assigned a positive label.

In this approachthe discovery of discriminative properties occurred during training. Upon
observing an example of a category, MAC/FAC was used, with the new example as the probe, to
retrieve similar examples from a case library containing all previalsgrved examps. Any
retrieved example whose label(s) did completely match the new exaiifiitie similarity score
was above a threshold similarity score (tlearmiss thresholdi constituted a neaniss for any
label assigned to one example in the pair and mottiier. To avoid introducing a new
parameter, in all neanissbased conditions in the experiments below, the-mess threshold
was coupled with the assimilatiorréishold used for all SAGE generalization pools, and they are
jointly referred to as theimilarity threshold Nearmisses that could be explained away with
existing hypotheses associated with the positive example were not processed any further to
extractnew hypotheses.

Thenearnessf a nearmiss was quantified by the degree of structamailarity between the
positive and negative examples. MAC/FAC is not guaranteed to find the most structurally
similar example in memory because that computatiohtsn t r act abl e for | arge
its second stage does filter based on strulcsimalarity, and the similarity score and mappings

that it returns with each reminding are computed by SMigerefore, in so far as structural
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similarity is a goodneasure of the nearness of a re&si a central premise in this approdch
using MAC/FAC for nearmiss detection was expected to be vulnerable to false negatives (near
mi sses in memory that arenoé6t demispas¢hdt) but
areno6t ac tReaallthay MACIFAC rdtuans the SME match (one or nmappings)
associated with each reminding. The top SME mapping returned for eaghissgrair was
used to extract hypotheses about critical properties, as eag@laext in the next section.
Sectiond.3describe how these hypotheses were used to augment simitasigyd classification,
and Sectiort.4 explains how analogical genéeation was used to filter the set of hypotheses to

include only those that were plausiblecessary conditions.

4.2 Hypothesizing Category Criteria from Nesliss Comparisons

The value in a neaniss lies in the differences between the positive and negataraples,
since one or more of this relatively narrow set of difference may explain teesditk in label.
In a match produced by SME between a base and a tdngegandidate inferences (Cls) capture
some of the differences by projecting unsharectgira from base to target (translated to pertain
to elements in the target). The reversedidate inferences (RCIs) capture other differences by
projecting unshared structure from the target back onto the hasably, unmapped
expressions (unsharsttucture) are only projected as Cls and RCls if they mention some entity

or expression thatoes participate in the mapping.
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Figure 4.4: A negative example (middle) is observed, and MAC/FAGetrieves a similar positive
example (left), resulting a nearmiss that yields the single inclusion hypothesis (H1) and two
exclusion hypotheses (H2, H3).
Consider the positive and negative examples of the concepsAostn inFigure4.4 (left
and center, respectively). Thanks to alignable systems of relationships among entities in base
and target, two of which are shown (the supports relationships), SME maps daténtitye,
j tof ,ktog, andl toh. If we take the positive example (left) as the base and the negative
(middle) as the target, then there is one(iSa e Block) . There are two RCIgisa i
Trapezoid) and(touches j k ) .
In their raw form, the Cls and RCIs pertain to two separate sets of ehiitisgo target
elements and RCls to base elements. Next, we use the mapping to consolidate them to pertain to

only one @ the examples (base or target). Immediately consolidating the differences allows the
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learner to discard the mapping between base and target without having to perform the match
again later, which is important for tractability. It also prevents reduriyaotheses from
accumulating. In this approach, we always consolidate by translating the differences to pertain
to the positive example as hypothesized necessary conditions for category membership. This
allows criteriatesting to be parsimoniously incamated into a similaribased classification
scheme (Sectiof.3), since positive examples are the ones that potentially transmit label
information when retrieved during classification. It also allows prototypesrgted by
analogical clustering and generalization to whittle down the set of criteria hypotheses (Section
4.4). Importantly, the positive/negative example may act as either the base/target or the
target/base regectively. Below, we first explain how inferences projected from positive to
negative are processed. The subsequent explanation of processing infieoemcegative to
positive spills into SectioA.2.1, due tasome added complexity.

In the examplén Figure4.4, thepositive example happens to be the base and the negative
happes to be the target (a situation that would result from the negative example being observed
andcausig t he positive example to be retrieved).
positive to negative, pertain to entities in the negative exampiemust be translated back to
pertain to the positive example. This is accomplished by repladitaggét entities embedded
in each CI with their corresponding base entities, using the entity correspondences from the
analogical mapping. For exampleetCl(isa e Block) leads to the hypothesis tH&a
i Block) is part of what qualifies the positiagch as an arch. [(Mclure et al. 2015a}his is
referred to as aimclusion hypothesjdecause it specifies a property that must be true. In

Wi nst on 6 s -missiegrmen thi$ corregpands thBISTpointer.
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Although it is notthe case irfFigure4.4, itis possibld or Cl1 6 s andeni®i€sl 6s t o 1
that do not exist in the target/base respectively (the case onto which they have been projected).
The process for producing nemiss hypotheses from thesepdads on the type of entity, and
whether it is an inference projected from positivedgative or vice versa. An inference might
mention a constant such as Zero, but this requires no translation since SME must have projected
it without translation in thérst place (from base to target for a Cl or vice versa for an RCI).
Otherwise, the necorresponding entity must be a skolem, introduced in Se2tibAas a
hypothesized entity that, for example in a Cl, dogsexist in the target but was generated to
correspond to some unmapped entity in theeba

Note that the existence of skolems in an inference is only possible if the inference also makes
mention of some shared structure. This property of inferences liSktucial for neamiss
learning, or else all superfluous unmapped structure inmesar pairs would cause an explosion
of criteria hypotheses containing skolems.

A skolem in an inference projected from positive to negative is simple to translat baek
positive example because it is named with a-akmmic term containing th@ositive) entity
from whence it came. For exampl@nalogySkolemFn m)  translates tanin the base.

Inferences from negative to positiiels inFigure4.4) alsorequire some processing. They
already refer to entities in the positive example, but since they are projections of expressions in
the negative example, their semantes like censors, e.g. a condition matcH(togiches j
k) should prohibit an examplamilar to the arch irFigure4.4(left) from being ararch. As a
formality, converting a hypothesized censor to a hypothesized necessary condition simply

requires negating each one (if X is aser for Y, then X implies'Y; it follows that Y implies
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=X, so =X is a necessary condition for Y). Nitlure et al. (2018), these (negated) criteria are
referred to agxclusion hypotheses I n Wi mssd leamér,sheyncerr@spondMdJST
NOT pointers. Processing for inferences from negative to positive containing skolems is

explained in the next section.

4.2.1 Translating skolems into constrained open variables

Turning negativeo-positive inferences containing skolems into hypotheses about criteria
requires special processing. For example, comparing the aradjuire4.4(left; base) with the
nontarch inFigure4.5(target) would produce six RCIs, projected from the relationsred|
purple inFigure4.5 since these are the unmapped expressions that mention at least one entity
that is mapped (aspposed to the attributes colored orange, which are unmapped expressions
that exclusively refer to unapped entities, thus producing no RCIs). All of the RCls in this case
contain a skolemized entity because all of the purple expressions refer to apedmafity w.

One such RCI igtouches j (AnalogySkolemFn w)) . Because we require that

upports

e ": |
supports S| supports
il touches L b touches ’ touches
V Block y‘ V‘
o louches' toucii@‘
supports '°“°hes supports '2uche s:rﬂms/mumes
\‘:

- |
P

Ground

Figure 4.5: A non-arch with an extra entity that leads to criteria containing variables when
compared to Figure 4.3 (left).
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hypotheses fer only to entities in the positive example, and there is no entity in that example
that corresponds te, we replace the skole(AnalogySkolemFn w) with a variable
?skolem . This will allow us to check whether the criterion, projected onto an unlabeled
example, is satisfied by some entity. But we can go further, based by tte-one
correspondence constraint of structure mapping, by recognizing ¢hanthapped entity in the
negative example that was meant to bind to the variablds found not taorrespond to any
of the mapped positive entities. Therefore, we explicitly constrain the variable so that it cannot
bind to any entity from the positivexample that entered into an entity correspondence in the
nearmiss mapping. As with other exclusibypotheses, a negation is added. When the resulting
criterion is mapped onto an unlabeled example, the positive entities mentioned in the criterion
will be translated according to the mapping, so the constraints will be projected to narrow the
variable lbndings down to extra entities, seeing as how the property came from something extra
in the first place. The resulting hypothesis in our example rougplyies the necessary

condition fATher eextabhnabtt beckesmejt hongnd | ooks

(not (and (different i ?skolem)
(different j ?skolem)
(different k ?skolem)
(different | ?skolem)
(touches j ?skolem)))

Thus, skolems come closer to producing the kind of varadaéed, logically quantified
hypotheses that ILESection6.1.2 deals in, but they are still constrained by the analogy from

whence they came.
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4.3 Criteria Testing using Struatel Mapping: The Neamisses
approach

Recall the Retriev&N approach discussed in Sect@i.3 in which MAC/FAC is used to
classify an unlabeled example by performing similabi@ged retrieval over a case librafy
labeled examples. (For now, set aside the extension of Relildvwe use SAGE in Section
2.1.4) The most similar reminding retrieved by MAC/FAC is used to infer label information.
For example, if an unlabsdl example has caused a known arch to be retrieved then Arch may be
a good label. We can extend this model to factor intiberia hypotheses described in the
previous section.

After training with neaimiss comparisons, evecasen the case library it is a positive
example of some concept potentidilgslearned criteria hypothesaboutthat concepthat refer
to elementsn the case Retrieving cases from this library using MAC/FAC with an unlabeled
example as the probe leaves us with an SME nistheen each reminding and the unlabeled
example. For each remindimgatch pair, for each concept for which the remindirg pesitive
example, we can project the hypothesized criteria for that concept associated with that reminding
onto the unlabeledxample for testing using the top mapping in the match. Hypotheses are
translated using the entity correspondences in the img@ppmply replacing labeled example
entities with their unlabeled example counterparts. The hypothesized criteria are quibiied wi
the unlabeled example to see if they hold.

How should satisfied or unsatisfied criteria affect classification? Thi®appthypothesizes
that these criteria are necessary conditions, so we let unsatisfied criteria block remindings from
transmittinglabel information. The remindings are tested in order of decreasing similarity until

one is found for which no criteria an@satisfied. MAC/FAC is called repeatedly if no
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unblocked remindings are fouiidup to 3 timeg at which point the remindings $ar are
evaluated for criteria support. Support is determined by subtracting the weight of the unsatisfied
criteria from theweight of satisfied criteria. In the formulation described so far, in which
remindings are simply labeled examples, every hygsithhas a weight of 1. Retrieved

examples without labels, having no associated hypotheses, have neutral support of 0.

4.4 Analogcal Generalization for Hypothesis Grouping and Refinement
Recall from Sectior2.1.4that the Retriev®IN and RetrievdKNNW classification methods

can be applied to a union of generalization pools to retrievetppet® Like examples,

prototypes can also have associated-n@as hypotheseswWhen positive examples are

assimilated into a prototype with an analogical mapping, their associated criteria hypotheses may

generalization .~~~ I
pool (Arch)

Ground

H1(isa i Block) (isa gy Block p=05 > HL( isgwmBlock)
H2: (not (isa i Trapezoid)) (not (isa g4 Trapezoid) p=1.0 H2: (not (isa gy Trapezoid))
H3: (not  (touches j k)) (not (touches g bj d)) P= 10 H3: (not  (touchesg 1 gek))

Figure 4.6: When a positive example (left) is assimilated into a geralization (center), the
criteria pertaining to the example are generalized to pertain to the generalization (right), and
are subject to pruning.
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be projected onto the prototype via that mappiRgcall that the probabilities associated with
expressions in a SAGE generatina reflect the frequency with which the assimilated examples
contained expressions that mapped onto them. Here we infer that any expression with
probability < 1.0 must notéda necessary conditifrecausets analog did not hold in every
similar positive example. Subsequently the hypothesis is prurteslprobability associated
with the criterion in aexclusion hypothesiq(=X), is assumed to be equal td p(X), as inthe
case of H2 and H3 iRigure4.6.

As a prototype assimilates more positive examples, it may inherit some new hypotheses from
each oné any hypotheses that are not immediately pruned upon assimildiiait may ale
refine its set of existingypotheses as the new example causes more expression probabilities to
drift away from the extremes, p = 1 and p = 0. Hypotheses that have survived more
generalization are treated as more trustworthy, since differences igéutmnoise or chance
face pobabilities that regress to a mean. Therefore, when computing criteria support during
testing (per the previous section), criteria hypotheses associated with prototypes are given weight
eqgual to the number of examples thatdhbeen assimilated into tpeototype (ungeneralized
examples still have weight 1).
But how does neaniss discovery change when analogical generalization is incorporated

into training? Should the prototypes themselves enter intermisarcomparisons®hould
positive examples bastarded after having been assimilated? This work explores two

alternatives.
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4.4.1 Refinednearmisses

The first method for incorporating analogical generalization into themesses approach,
dubbedrRefinednearmisseswas the minod described and tested @ndhe name ALIGN in
(Mclure et al. 2018). This technique keeps the exampbsed longerm memory of the Near
misses approach while adding analogical generalization as a parallel track for hypothesis
refinement. Like in Neamisses, it keeps a calderary for every training example, from which
MAC/FAC, given a new training example as a probe, retrieves similar training examples and
creates neamiss pairs from those with different labels from the probe. In parallel, each new
training example is addl to the generalization pool(s) corresponding to its positive labels(s).
When neaimiss hypotheses form for the probe and for the retrieval, they are immediately
transferred to the generalization, if any, that each has beenlassihmto. When new
generalizations form between an ungeneralized example and the first example to merge with it,
the hypotheses associated with the ungeneralized example transfer to the generalization as well.
After being transferred, the old versiasfsthe hypotheses, peiiing to the example, are
discarded. At testing time, as each unlabeled example comes in, it is used to retrieve from the
case library of examples. The associated hypotheses, normally projected from the retrieved
example onto thanlabeled example forggéng, must first be translated to the retrieved example
from its associated generalization.

Importantly, translating hypotheses from assimilated example to generalization aridaback
process needed even after the initial assimoiliedt times during traing and testing, does not
require keeping or regenerating a full analogical match between the assimilated example and the

generalization. It does, however, require thagmatity historybe kept for every generalized
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entityT a list of pairs associatingach assimilated case with the entity in the assimilated case that
corresponded to that generalized entity, e.g. {Ar&mtity1}, {Arch, Entityy} , € {nAr c h
Entityn}.

As devised, the lonterm memory requirements of Refinedarmissesscale supelinearly
with the number of examples observeliny generalization that may consolidate and prune
hypothesesonstitutes amadditional case that is at least as large, in terms of the number of
assertions, as the largest of the cases that bheen assimilated mit. Even withoutstoring
nearmiss hypotheses and generalizatid&eeping every training example around in long term
memory(which consumes space linear to the number of examples obserigdictable for
scaling up to a realorld collection of caggories. Nonetheless, Refinrdarmisses allows us
to evaluate the added benefit of analogical generalization for hypothesis refinement. This is
valuable because of potential avenues for modifying the Refieagmisses methodtbe more
tractablel specifically, techniques for selecting which (assimilated) training examples should be
kept around for more productive, perhaps more diverse retrievals duringnissattiscovery or

classification.

4.4.2  Prototypenearmisses
The second mhbd for incorporating aogical generalization into the Neaisses
approach, dubbedrototypenearmissesis a simpler and more tractable extension. This
method does away with the case library for all training examples and only maintains the
generalizéion pools (one for evgrlabel, including one for theull label to store examples
without any labels). The union of the generalization pools, which acts like a case library, is used

for retrieving neaimisses during training and labeled prototypes duciassification. The
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Figure 4.7: Sailboats and teacups illustrating a potendl pitfall of Prototype-near-misses: lost
near-misses.

incoming (ungeneralized) training example is still the probe for deteaiagmisses, even if it

is immediately assimilated. Since a generalization is a type of case, it is straightforward to apply
the same neaniss extraction cess between the training example and a generalization that

was applied between two training exales. Most of the hypothesis translation needed in the
training phase of Refinedearmisses is obviated, except for generalizing hypotheses that pertain

to an ungeneralized example if and when it gets assimilated into a generalization. As in the

Refinednearmi sses met hod, a generalizationds hypoth

expression matching the content of the hypothesized criterion drops belownphel
generalization. In the testing phase, hypotheses are translated directly from the¢etriev
prototypes onto the unlabeled example.
The Prototypenearmisses approach is meant to scale more realistically than Refaaed
mises becausevee r y tr ai ni ng case -Hneanmides iktrlpadnordimeo und.

learning algorithmupdating its model as each new training example is observed, and discarding
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the example (though the example has the potential to be kept as the seesivfq@ratotype).
Refinednearmisses, on the other hand, has every previous training example levdilahbg
training and every training example available during testing.

There are some functional differences that result from discarding assimilated exanple
retrieving over prototypes, as in Prototypearmisses and thesédifferencesntroducerisk. For
one thing, some of the assimilated examples might have been highly similar to training examples
from other categorieisfodder for nearer misse$or examplethe SailboatandTeacupin the
center ofFigure4.7 are a very similar, and therefore revealing, fra&s pair. Both are similar
enough to other examples with the same label (shown) to get generalized by $A@fned
nearmisses this does not affect the neass, but in Prototypaearmisses, depending on the
order of the training examples, the first of the two examples from themisapair to be
observed could be assimilated away into a generalizhgfore the second is observed, making
the neammiss unavailable. A neamiss withthe generalization could be detected instead, but it
wonodét be as near and ther e wHASiilarbiskistreor e er r an
assimilated examples mighave been the most similar training example for some testing
example. Merging with less similar training examples could pull the resulting generalization
away from the testing example, giving it less influence than thmgetsd example.
Essentiallywe are losing some degree of granularity in discerning where the category boundary
falls in the similarity space.

A second key difference is that in the Prototygarmisses classifier, generalizations can
enter into compasons directly. This could afté the usefulness of the mappings that
produce/apply neamiss hypotheses at training/testing time, respectively. A really tight near

miss comparison a positive/negative pair that are different in very few waigslikely to
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generate a more trustworthyot i on of fAwhat goes with whato t
both sides have been saddled with the less analogous properties of other assimilated examples.

We can also expect a difference in the balance betweesimtland exclusion hypotheses.
In Refinednearmisses, generalizations may not enter into comparisons directly to produce
hypotheses, but they do affect which of those hypotheses survive. This only happens on the
positive side of the comparison, since tiriteria are framed as necagsconditions. In
Prototypenearmisses, generalizations may enter into frees comparisons on the positive
negativeside. There are implications of nearss comparisons with generalizations on the
negative side. Ayeneralization on the negatisile of a neamiss will tend to yield fewer
inclusion hypotheses. This is because incl us
candidate inferences, and those can only result from properties that are absenegatitie
side (p=0). These ararer with a generalization on the negative side because then it must be a
property t haayofthe assindlated hegative exarhples (as opposed to just one). For
exclusion hypotheses, which originate fromnegaiYposi ti ve candi date inf
generalizations on the negative side will tend to produce more hypotheses, since there will be

more structure (anything p>0) to project as inferences.

4.5 Experiment 3: Impact of neanisses on classification tasks

This expeiment evaluated the Refingta-misses and Prototypgearmisses classification
approaches with a similarHyased classifier, RetrieaN (Section2.1.3, on sketckrecognition
tasks. The neaniss classifiers aan extension of RetriealdN, and all are equivalent at a

similarity threshold (S) of 1.
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The first task was to classify the Sketched Concepts 2010 dataset (2e2BnThe
second task was classifying the Fiieggeography dataset (Secti@rB.2. A crossvalidation
structure was uséd4-fold for the 2010 dataset, 46ld for the Freeciv Geography dataset
where the examples for each concept were spread evenly d@dskis.

No filters were usedn the input representations for either dataset. The total number of
hypotheses found during training (for all concepts) were recorded. On the 2010 dataset, a fixed
similarity threshold of 0.8 was used, and chance was%t 22n the Freeciv dataset, us
were gathered over 11 similarity thresholds ranging from 0 to 1, and chenw@acywas at

17%.
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45.1 Results
Figure4.8 shows theaccuracy and number wélid hypothesesoundby the Retieve-NN,
Refinednearmisses ad Prototypenearmisses classifiers ahe Sketched Concepts 2010
dataset The Prototypenearmisses method significantly outperformed both others significantly
at 75% accuracy (p<0.01), while Refinedarmisses achieved 62% accuyasignificantly

outpeforming the similaritybased Retriev&IN classifier (p<0.01). The Prototypearmisses

Impact of Near-Miss Learning
Sketched Concepts 2010
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Figure 4.8: The accuracy and the average number ofalid
(surviving) hypotheses for Prototypenear-misses, Refined
near-misses and RetrieveNN classfiers.
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classifier had only 5 hypotheses by the end of learning. The Refeadnisses classifier had
50.

Figure4.9 show the accura¢gyhenumber of hypotheses generatadd the number ofalid
hypotheses founldy the RetrieveNN, Refinednearmisses and Prototypgearmisses
classifierson the Freeciv Geography datasetere Refinednearmisses achieved a peak
accuracy of 75%, dperforming the peak accuracy of RetrieM® at 65% and Prototypeear

misses at 68%. These peaks occurred at the same similarity threshold (0.8) and were not

Performance and Number of Hypotheses
Freeciv Geography ¢ 54 training examples
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Figure 4.9: The accuracy of the Prototypenear-misses, Refineeéhear-misses and RetrieveNN
classifiers, overlaying the number ohear-misshypotheses generated during learning and the
number of them that were not pruned.
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Number of Near-misses and Generalizations
Freeciv Geography ¢ 54 trainingexamples

wv
1.00 45 C
- o
- e —
0.90 N oSS 20 o
~ / - N
0.80 Te==l AN =
- SYe N 35 ©
' [} :\ S . Q
’ ] p "
= 0.70 /1N N T T I \ s
O [} / 2 \ +\ T ! ! 30 ©
© [N )4 L \ - O
— 0.60 e 2 [ L ~
3 PR \ \ 5 g
Q - \ N w
O 0.50 ~se_.-" \ \ a
g ~ \ 20 g
0.40 \\ A '
. \ ©
15
0.30 Bt T — v
Ny =
0.20 R L 10 45
\\ ™% [
0.10 s\ s @
SA
\i‘ 0 :E,
SimilarityThreshold: o 01 02 03 04 05 06 07 08 09 1 =
Chance 0.17 017 017 0217 017 017 017 017 017 017 0.17
Prototype-near-misses 053 045 047 043 048 055 067 065 068 067 063
o— Refined-near-misses 067 058 075 063 075 070 067 070 075 0.72 0.63
Retrieve-NN 060 058 065 058 057 060 063 063 065 063 063
Generalizations 6 6 6.2 7.7 9.8 109 10 9.1 7 6.5 0
= = = #near-misses-Prototype-NM 22.6 21 236 28 42 39 326 234 9.6 7.2 0
== = {inear-misses-Refined-NM 416 426 374 364 346 218 158 128 6.2 4 0

Figure 4.10: The average number ohear-miss comparisons and generalizations
made during learning, overlaying accuracy, for the Freeciv dataset.

significantly different. The Reed-nearmisses and RetrievdN classifiers showed other peaks
atthis same accuracy with lower similarity thresholds and were generally unharmed by dropping
the similarity threshold. Though only significantly different at one similarity threshold (0.4), the
Refinednearmisses approach did consistgrautperform théketrieveNN classifier. The
Prototypenearmisses classifier performed significantly worse than the others at low similarity
thresholds (< 0.4). Prototypeearmisses generated roughly twice as many hypotheses as the

Refinednearmissedor all threshalls below 0.7, peaking at 180 for S=0. Prototypar
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misses pruned a greater proportion of its hypotheses than fRefmmisses, but not enough to
make up for the generation rate, resulting in Protetygmrmisses having more hypothedbat
survivedgeneralization. When generalization was occurring (S<1), the number of
generalizations produced ranged from 6 to 11 (recall, there were 54 training exaagples)
depicted by the yellow dashedfth line inFigure4.10. It was highest for middieanging
similarity thresholds, where the rate at which generalizations are forming outpaces the rate at
which they merge. The Prototypearmisses classifier detected more Regasses than
Refinednearmisses for S>0.3, andvier for lower threshold¢the dashed green and purpiees
in Figure4.10). Whereas Refinedearmisses detects an increasing number of-ngases as
the similarity threshold decreases, the Prototyparmisses condion is limited by the number
of prototypes, and thus starts detecting fewer-ngases as the similarity threshold drops below

0.4.

4.6 Discussion
On both tasks, the neariss classifiers both achieved higher accuracy at their peaks than did
a comparable siitarity-based classifier, though not significantly in the Freeciv Geography task.
The relative performance of the two naaiss classifiers waeversed between the two tasks
i Prototypes performed best on the first and Refimeakmisses did best ondhsecond.
However, in both tasks, everywhere where the performance of the twnissaclassifiers was
significantly different, it was the orthat had settled on fewer hypotheses that performed better.
This suggests that too many hypothesized critexrdperformance, even though it is also
evident from the results that hypothesized criteria from-nesses can be useful in aiding

sketch recgnition
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Notice that in Prototyp@earmisses on the Freeciv Geography task, for similarity thresholds
below 0.6 the number of surviving neaniss hypotheses was relatively stable. However, in this
same range, the number of neaisses detected droppedhwthe similarity threshold (forced to
by the reduced availability of cases due to compression). Clearlytthedé@ferences in the
lower-threshold neamisses were resulting in enough hypotheses to compensate for the reduced
number of neamisses detded. This range is where hypothesis pruning picked up, likely due to
these unreliable famiss hypotheses.

Besides the hypotheses, the other difference between thenmesalearners is how they
retrieve cases from long term memory at testing time. nReéfiearmisses retrieved from all the
individual training examples, while Prototype neaisses retrieved fromie prototypes. Losing
this granularity in the training case library could obfuscate the nearest neighbors for a testing
example, per the dissgion in Sectiord.4.2

However, the RetrievdIN control conditbn results provide some confidence that the
difference in efficacy between thearaniss learners could not be readily explained by the
testingtime retrieval process, since this process is always the same between Rétriand
Prototypenearmisses, andt is the same between all three for S=1. Given hypotheses, Refined
nearmisseds able to outperform this control condition, and Prototyparmisses suffers for
low thresholds while the RetrieaN control remains consistent. In fact, the Retribiié
classifier is surprisingly consistent across similarity thresholds, meaniggaligy of testing
time retrievals is relatively consistent across all conditions tested. Thus, the quality and quantity

of criteria hypotheses are left as an explanation.
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Onre potential strategy is to only treat the top hypotheses as working hypothesgs du
classification. These might be chosen based on the size of the associated prototype (in terms of
assimilated examples), or the nearness of themesar it came from.

The message here is that nesss hypotheses are helpful andifaiss hypothesesa
harmful. This is both because of the number of hypotheses generated and because as the near
miss pair gets more and more distant, the mapping between them becomes|kess rafidble
So not only is the discriminative information less localizet, ftoisier.

Because we tie the assimilation threshold to the-mess threshold (together they are the
similarity threshold), it is hard to say from the results here whetieg analogical
generalization to prune neariss hypotheses (on the basis thaly represent necessary
conditions for similar examples) actually helped, or whether the pruned hypotheses would have
been just as useful as the surviving ones. Howevegexperiment iiMcLure et al. 2010id
decouple the thresholds and fixed the maas theshold, providing some evidence that
analogical generalization is helpful for ping. In any case, the low rate of hypothesis pruning

here was surprising.
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5 Support Vector Machines with Structure Mapping

The neaimiss classifiers in the last chapter lezat hypotheses about necessary properties of
example or prototypes by comparifngin to negative examples or prototypes during training.
The hypothesized criteria were stored in the (positive) prototype and deployed at testing time by
projecting them ontan unlabeled example to see if they held. Here, we use the linear support
vecta machine (SVM) with analogical generalization in an approach that learns similar
hypotheses from neamiss pairs, but these hypotheses are determined entirely at testing time
Rather than rely on the positive prototype as a conduit for the criteriarfggative example to
positive example), the approach here constructs an ad hoc generalized model that incorporates all
three examples via analogical matching. This genetalizareates a feature space where all
three can be located, in order to leard apply a separator.
The support vector machine (SVM) is a watiderstood discriminative classification method
for separating two classes in a feature space. The linearl&Mhk a linear classification
boundaryi a hyperplané in the feature space that maximizes the maogiween the boundary
andthe nearest instances of either class.
Figure5.1 showsa two-dimensional linear
SVM.
We are interested in the performance
of SVMs built on structure mapping for
several reasong=irst, SVMs have a
similar learning bias to the neaniss

Figure 5.1: A 2-D linear support vector machine techniques in Chapter Fiure5.4


































































































































































































































































