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SUMMARY

Much of cognitive science research and almost &lAbresearch into problem
solving has focused on the use of verbal or prajoosil representations. However, there
is significant evidence that humans solve problamig different representational
modalities, including visual or iconic ones. Inistidissertation, | investigate visual
problem solving from the perspectives of autisnychemetrics, and Al.

Studies of individuals on the autism spectrum shbet they often use atypical
patterns of cognition, and anecdotal reports haggquently mentioned a tendency to
"think visually.” | examined one precise charaaation of visual thinking in terms of
iconic representations. | then conducted a congmgkie review of data on several
cognitive tasks from the autism literature and fbumumerous instances indicating that
some individuals with autism may have a dispositemmards visual thinking.

One task, the Raven's Progressive Matrices test,particular interest to the field of
psychometrics, as it represents one of the singgé fneasures of general intelligence that
has yet been developed. Typically developing idials are thought to solve the
Raven's test using largely verbal strategies, ésibeon the more difficult subsets of test
problems. In line with this view, computational dets of information processing on the
Raven’s test have focused exclusively on propasiorepresentations. However,
behavioral and fMRI studies of individuals with isat suggest that these individuals
may use instead a predominantly visual strategysaamost or all test problems.

To examine visual problem solving on the Raven,té first constructed a
computational model, called the Affine and Set Bfarmation Induction (ASTI) model,

which uses a combination of affine transformatiansl set operations to solve Raven's

Xiv



problems using purely pixel-based representatiohgroblem inputs, without any
propositional encoding. | then performed four geas using this model.

First, | tested the model against three versionthefRaven's test, to determine the
sufficiency of visual representations for solvimgsttype of problem. The ASTI model
successfully solves 50 of the 60 problems on tladtrd Progressive Matrices (SPM)
test, comparable in performance to the best cortipantd models that use propositional
representations. Second, | evaluated model robsstin the face of changes to the
representation of pixels and visual similarity.found that varying these low-level
representational commitments causes only smallgdsam overall performance. Third,
| performed successive ablations of the model ¢ater a new classification of problem
types, based on which transformations are neceasargufficient for finding the correct
answer. Fourth, | examined if patterns of erroexlenon the SPM can provide a window
into whether a visual or verbal strategy is beisgdu While many of the observed error
patterns were predicted by considering aspecth@fodel and of human behavior, |
found that overall error patterns do not seem twide a clear indicator of strategy type.

The main contributions of this dissertation includg) a rigorous definition and
examination of a disposition towards visual thirkin autism; (2) a sufficiency proof,
through the construction of a novel computationabed, that visual representations can
successfully solve many Raven's problems; (3) a, ndata-based classification of
problem types on the SPM; (4) a new classificaibaonceptual error types on the SPM,;
and (5) a methodology for analyzing, and an anglgsi error patterns made by humans
and computational models on the SPM. More broattlis dissertation contributes

significantly to our understanding of visual prablsolving.
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1 INTRODUCTION

Stated most broadly, this dissertation is aboublera solving, and it lies at the
intersection of three areas of scientific researeutism, psychometrics, and artificial
intelligence (Al). Within each area, | argue tkiadre is a gap in the literature having to
do with theories of problem solving, and in par@uwith theories of visual problem
solving. This dissertation aims to fill in sometbése gaps.

Problem solving has long been identified as a keyponent of intelligence, for
humans, machines, and animals alike (Newell & Simi®v2). It is intimately tied
together with notions of goals and agency, andbmioosely defined as the process of
acting from some set of starting conditions to ackia specified end goal (Barbey &
Barsalou, 1999). From an information processirandpoint, problem solving can be
defined more specifically in terms of representai@nd reasoning. An agent begins
with some starting representation(s) of a probland(whatever other potentially relevant
representations the agent can access, e.g. fronerthieconment or from its internal
memory), and then uses available reasoning mechani® operate over these
representations to eventually reach the end gohichwis also represented in some
fashion.

This description is left intentionally vague to r@m inclusive towards the incredible
diversity of problem solving that abounds in ingght agents of all kinds, even from the
perspective of a strict information processing vieRepresentations can be internal to an
agent or external, and they can exist in numeroosgaltities, such as propositional,
visual, spatial, auditory, haptic, proprioceptivateroceptive, etc. (Markman, 1999).

Reasoning, too, can take many forms, from classiodbns of deductive and inductive



reasoning to less formal variants such as analbggegaoning, reasoning using simulation
or models, etc. (Leighton & Sternberg, 2004).

A considerable amount of research on problem sgjvespecially as it relates to
human or human-level intelligence, has focused rablpm solving using propositional
representations (e.g. Newell & Simon, 1972). There many reasons for this focus,
three of which | mention here. The first reasothet propositional representations are
extremely powerful and versatile. Propositionatamts of problem solving have been
successful across many different domains, fronclegid puzzles to communication and
planning. Propositions also support compositioth @m represent distal information, for
instance as pointers into separate data structiNesvell, 1994), and propositional
systems like the theoretical Post production systeie been proven to be Turing-
universal (Minsky, 1967).

The second reason is that human language is fundaltyea propositional form of
representation, and for eons, language has exwynsshaped human thought and
communicatiorf. As a result, when we verbalize (whether integnall externally) our
introspective perceptions of how we have solvedodlpm, we first necessarily convert
whatever other forms of representations we mighelectually used into propositional
form. (Consider how our communications about poblsolving might be different if
human beings came equipped with small projectorsheir bellies that could convey

visual representations of our introspection!)

! The extent to which language influences thougtst lomg been a controversial topic in the cognitive
sciences. Opinions vary from one extreme positittlanguage is merely a tool for communicatiod an
is a transduced form of the stuff of which “thougist made—to the other extreme position—that thdugh
is fundamentally rooted in and composed of lindguisepresentations. Regardless of where on this
spectrum science eventually leads, there is notigmethat language does play a critical role in our
cognitive and communicative abilities.



The third reason is that conventional digital compion also uses fundamentally
propositional forms of representation, and for lle¢ter part of a century, this particular
computational paradigm has exerted enormous infei@m our beliefs about the nature
of intelligence. From a theoretical standpoing #&malogy of “mind-as-computer” helped
conceptualize information processing as a framewoithin which to explain and
understand intelligence.However, it is a fallacy to equate “informatioropessing” with
“propositional information processing.” Informatiof any kind may be computed upon,
but the dominance of our digital, propositional quters has biased the kinds of
information processing frameworks that we constdesards strictly propositional ones.

As a result, then, of the sheer efficacy of propmsal representations, our
propositional language, and our propositional cotasy the vast majority of accounts of
problem solving, especially the sorts of high-legelblem solving that we associate with
human-level intelligence, are propositional in matuHowever, these accounts do not tell
the whole story. One missing piece of the puzdléntelligence can be found in the
notion of visual problem solving. Accounts of \asyproblem solving have been in
existence for a long time and surface in a vargdtgontexts, ranging from high-level
domains like creativity and scientific discovery sanple tasks such as short term
memory recall in children who have not yet devetbperbal fluency (e.g. Clement,
2008; Hitch et al., 1989b; Nersessian, 2008).

However, despite the prevalence of descriptive @usoof visual problem solving,
these accounts have historically not been as ngtyadefined or as deeply investigated

as comparable propositional accounts (Glasgow apaddias, 1992; Larkin and Simon,

% The “mind-as-computer” analogy suggests, in itakest form, that intelligence can be usefully medel
to some extent as a set of computational proceardsn its strongest form, that intelligence itseinsists
of computation.



1987; Naryanan, Glasgow, & Chandrasekaran, 198§pin, there are many reasons for
this lack of focus, of which | provide three her€irst, the knowledge contained in a
representation of any modality can be re-represderite an arbitrarily good degree of
precision, in propositional form. As a result, uat representations have often been
dismissed as peripheral at best and purely phenaloginal at worst, in either case being
clearly subservient to propositional representatioRor instance, while most information
processing accounts would agree that inputs tontalligent agent are often visual or
perceptual in nature, and outputs are likewise gmt@l (e.g. motor commands), the
dominant view of the processing that goes on baivikese two endpoints has assumed
that perceptions are converted into or out fronppsitional representations in order for
high-level information processing to take place.hisT versatility of propositional
representations also drove much of the debate @th@#hmental imagery really exists or
is simply an illusory phenomenon that overlies j@sfponal computation, because any
processing characteristics of an account usingalispresentations could be simulated
using propositional representations, and so paséimisual account was considered to be
un-parsimonious, and indeed unnecessary.

The second reason is that, throughout the histbrgsearch on problem solving, it
has not always been clear what is meant by vis@esentations. Different research
threads adopt different definitions, ranging anywehigom external, high-level, diagrams
that contain textual information to internal, loew€l, neuron-like representations that
contain only patterns of light-based activationhil there is similar diversity within the
family of propositional representations, proposisenjoy the comfort of being directly

specifiable at their core using formal mathematidefinitions, whereas no similar



fundaments of general visual representations haweeanto widespread agreement and
use. As a result, different definitions of anduasptions about visual representations are
often conflated in the literature, which has led ao overall lack of cohesion and
integration among theories of visual representadiath problem solving.

The third reason is that, from a practical standipaiisual processing algorithms are
relatively inefficient when implemented on propasitl computers. Biologically, visual
processing is massively parallel, yet the majooitydigital computers in use today are
serial or have at most a handful of parallel precesstreams. Only recently have serial
processors become fast enough to handle visual wlatigns of any significant size, and
the development of computing hardware that evenesoctose to matching the levels of
parallelism found in biological visual systemsas from fruition.

As a result, then, of the tendency to subsume vigpaesentations into more general
propositional accounts, the lack of formal speatfien of visual representations, and our
serial-processing computers, visual problem sohhag not received the same kind of
focused and sustained research attention that gitap@l problem solving has received.
These twin biases in research—towards propositianabunts of problem solving and
away from visual accounts of problem solving—wop&thaps not be such a problem if
it were acknowledged that visual problem solvingiaens an unexplored factor in many
problem-solving domains. However, when combinethwnother unfortunate tendency
in problem-solving research, these biases creaggyasignificant problem indeed.

Consider the fact that there can be multiple waysuccessfully solve the same

problem. To explore this idea, | first define tietion of aproblem-solving strategy



Definition: A problem-solving strategy consists of some combination of
particular forms of representations and reasoniag) together

attempt to solve a certain type of problem.

A problem can be considered to have an associateaf problem-solving strategies
that can solve it to varying degrees of successthilvthis set of all possible strategies,
certain highly successful strategies may be predfefor various reasons. For instance, in
the context of human cognition, a preferred styategght be one used by most people,
for evolutionary, neurobiological, or cultural reas. In the context of intelligent
machines, a preferred strategy might be one thegadily implemented in algorithmic
form.

The majority of research into problem solving, @asranany different problem
domains and within contexts of both human cogniaod Al, has determinedly pursued
the identification and study of preferred probleoivsg strategies. This is entirely
reasonable, given our goal of understanding gera@esses of problem solving in
human cognition and in artificial intelligent agentHowever, a major conceptual pitfall
in the study of problem solving has been the assomphat thepreferred strategy for
solving a given problem is thenly strategy for solving that problem, without takingo
account other potentially relevant and successfategyies that may exist.

Within the context of the imbalance in researchwieen visual and propositional
accounts of problem solving, this general concdpit@blem has specifically manifested

itself in the following way:



Dissertation Problem Statement:
Many information processing accounts of problem sweing, having
first identified a preferred propositional strategy for solving a certain
problem, fail to consider the possibility of visualstrategies that can

also solve the same problem.

For the remainder of this chapter, | first identifiyore precisely the kinds of
propositional and visual representations that thissertation examines, particularly
within each individual context of artificial com@tional systems (which | henceforth
refer to as Al systems) and human cognition. Thaneach of the three research areas
that | mentioned earlier—autism, psychometrics, &td-1 discuss how the general
dissertation problem statement is motivated byamesein this area, and | present the

research questions, hypotheses, and research siéisegrguide my work.



1.1 Visual Versus Propositional Representations
This dissertation contrasts information processngounts of problem solving that
use either visual representations or propositiog@alesentations. | define these two types
of representation according to the approach sugddsy Nersessian (2008), in which
these two representational types can be charaetealong two different dimensions:

1) Iconic vs. propositional: The termiconic refers to representations that are
analogical, in the sense that they carry some tsiraiccorrespondence to what
they represent (Chandrasekaran, 20FRrppositional representations, on the
other hand, carry no such correspondence betwesraf@and content.

2) Modal vs. amodal: Symbols used in an iconic representation can theremodal
or amodal, depending on whether they are rootgzkrneptual states. | focus on
modal representations in the visual modality.

There are four possible types of representatioatseimerge from this categorization:

1) Amodal propositional: A linguistic description of the shapes and relasi in a
problem would constitute an amodal propositiongr@sentation. For example:
is-left-of(triangle, circle).

2) Amodal iconic: A diagram indicating the spatial layout of shapath each
shape described linguistically would constituteaarodal iconic representation, in
that the representation does show some structwakspondence with the
problem, but the linguistic symbols are not thewsel directly related to
perceptual inputs. For exampl&iangle — circle.

3) Modal propositional: A linguistic description of the relationships beeme

visual shapes, using the visual shapes themselgesh@ representation’s



constituent symbols, could be considered to be adamagoropositional
representation. For examples-left-of( A, ). However, this would not really be
a propositional representation, because such mmesONs by definition cannot
contain any non-propositional information, whichuainclude modal symbols.
4) Modal iconic: An image showing the spatial layout of shapesvels as their
visual appearance would constitute a modal icopfresentation, in that the
representation shows structural correspondence théthproblem as well as with
the visual perceptual state generated by lookinig d&or example A — e.
Of these four types, | focus on contrasting amqtapositional representations with

modal iconic representations.

1.1.1 Representation in Al systems and in human cognition

In the context of Al systems, it is a straightfordianatter to examine a system’s
internal representations in order to evaluate wkich category they fall, because any
representation will be implemented as a data stradhat can be directly inspected. An
argument could be made to trivialize representati@istinctions by noting that since
digital computers are fundamentally propositionaVides, any representation used by
such a system is also propositional. HoweverJassifying the representations used by
an Al system, we must examine the representatidinealevel of abstraction at which its
semantics are task-relevant, in other words lookatg Marr's “algorithmic and
representational” level instead of the “implemeiotatlevel (Marr, 1982).

Pixel-based images are one example of a modalagepiresentation. Such images
are clearly iconic, in that the patterns of colora 2D pixel array have a structural

correspondence with the visual appearance of whatisvshown in the image. Images



are also modal, if we consider their input into doenputer to be a form of perception;
whether scanned, imported from a camera, or drawm digital canvas, the resulting
image file remains in the same format in which @svinitially “perceived” by the system.

Most of the familiar data structures in Al systeem®mbody amodal propositional
representations. Examples include logical predgaemantic networks, frames, scripts,
productions, etc. The key aspect of these reptatsens is that they are manipulated
according to syntactic rules (Newell & Simon, 197/¢cause these representations have
an arbitrary relationship to what they represdm,dctual encoding can bear no influence
on how they are used; any content-specific direstimnust be represented in additional
propositional expressions.

In the context of human cognition, it is more diffit to specify and classify the
internal representations that are in use, becabneg &re largely unobservable and
certainly less precisely defined than their compomel counterparts. However,
considerable progress has been made along thi$ Wwith the advent of advanced
neuroscience and particularly neuroimaging techesqu

Unlike early theories of cognition supposing thiédg Al systems under the physical
symbol system hypothesis, some universal amodak stmintained abstract “deep”
forms of conceptual knowledge, knowledge represeman the brain is now thought to
be largely (if not entirely) modal (e.g. Barsaldi999), in the sense that a particular
concept is distributed across a network of activatihat includes modality-specific,
perceptual regions related to the representatidhaifconcept. (While this view seems
to have growing consensus among the research coitm@susf cognitive psychology and

neuroscience, the philosophical stance on the @atdir mental representation, and
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especially of “pictorial” or other modal forms ofemtal representations, remains an area
of some controversy; see Thomas, 2010, for a supnmad€nowledge is thought to be
represented in an attribute- or feature-specifiomea and may potentially have category-
specific representational seats as well (ThompsdnHS 2003). Again, we can
distinguish between the representational/algorithtavel, at which representations are
semantically relevant to the cognitive task at hamd the implementation level, at
which neural representations are instantiated withimyriad of neuronal and network
properties. At some level of abstraction, knowkedgay seem to require amodal
representation, such as high-level conceptual kedgé, but this form of knowledge has
been hypothesized to result from the convergencenaiy modalities of underlying
knowledge, instead of the absence of modality; whet think of as amodal
representations may be derived from this convemeasicmodalities in an online, as-
needed fashion (Binder & Desai, 2011).

Most of the task domains that | examine, includimg Raven’s Progressive Matrices
test, involve mental representations in short tenemory. | follow the theoretical
framework laid out in Baddeley's two-stage modelwadrking memory, in which the
phonological loop represents a short-term buffer $toring and rehearsing verbal
phonological information, and the visuospatial skptd represents a corresponding
short-term buffer for visuospatial information (Blstey, 2003). Following the work of
Kosslyn, among others (e.g. Kosslyn, Thompson, &i§a&006), | conceptualize visual
representations in the visuospatial sketchpad ag)lee form of mental imagery, with
these representations exhibiting structural isomisrp with the elements that they

represent. Section 3.1.3 discusses mental imagenpre detail, Section 2.3.5 addresses
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visual and verbal mental representations in lomgrtesemantic memory, and Section
2.3.6 explores the potential implications of owertinguistic versus non-linguistic

propositional representations used for represeifitingdational concepts.

1.1.2 Terminology

Thus, when discussing Al systems, | distinguishMeen visual and propositional
representations, and when discussing human cognitidistinguish between visual and
verbal representations. These terms and theirca$ed properties, as | use them

throughout this dissertation, are summarized ind ab

Table 1. Specification of representational terssduthroughout this dissertation.

Context Representation Type Primary example

Amodal

Propositional i
propositional

Propositions

Al system
Visual Modal iconic Pixel-based images
Amodal Verbal/linguistic
Verbal g /ling .
Human propositional representations
cognition
Visual Modal iconic Mental imagery

In the three following sections, | discuss how visual/verbal or visual/propositional
divide has affected theories of cognition and peoblsolving in the fields of autism,

psychometrics, and artificial intelligence, respesy.
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1.2 Autism

Research into autism spectrum disorders (ASDs)yielded many persistent and
striking observations of atypical cognitive functiog across a variety of domains, but
we still do not have a clear understanding of teptll or organization of these cognitive
differences, their etiological significance, oritheffects on the day-to-day experiences
of affected individuals. As the prevalence of ASBmntinues to rise, more precise
characterizations of the cognition of these indmals$ will be crucial to continued efforts
into basic research as well as the development esf methods for intervention,
communication, and education.

A considerable amount of accumulated evidence sugghat certain individuals
with autism exhibit a bias towards “thinking vislyal This evidence comes from
introspective accounts (e.g. Grandin, 2006; Hutlbdappé, & Frith, 1994), anecdotal
observations by family members, therapists, anches (e.g. Quill, 1997), and
empirical research into behavior (e.g. Heaton e2@08; Joseph et al. 2005; Whitehouse
et al. 2006) and neurobiological functioning (eMpttron et al., 2006). | call this the
“Thinking in Pictures” (TiP) hypothesis about cogon in autism (Grandin, 2006). This

hypothesis has two main parts:

Assumption: Typically developing (TD) individuals use both vaduand
verbal mental representations.

Hypothesis: A subset of individuals on the autism spectrum lex$ia
disposition towards using visual mental represematand a

corresponding bias against using verbal mentaksgmtations.
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In cognitive research in autism, this hypothesiens® to have received limited
focused and sustained consideration, despite gagiéncy with which accounts of visual
thinking have emerged within the autism community. particular, different types of
problems are frequently investigated in autism aedeto identify patterns of cognitive
strengths and weaknesses, but for a given probdeerall performance is assumed to

rest on the same cognitive processes in individwdls autism as in TD individuals:

Problem Statement for Autism:
It is often assumed that individuals with autism slve a given problem
in the same way as typically developing (TD) indiduals, which
precludes any study of the possibility that individials with autism
may have a specialized bias towards using visualrategies, as is

suggested by numerous anecdotal accounts.

To address this problem, | present two researchtipuns:

1) To what extent is published research on cognitagks consistent with the TiP
account, i.e. individuals with autism exhibit a 9i@wards using visual mental
representations and away from using verbal ones?

2) To what extent does the TiP account provide a bettplanation of published
research on cognitive tasks than do other curhedries of cognition in autism?

| studied both of these questions using the rebedesign of narrative literature review.
Chapter 2 describes details of the specific praxistthat | tested, the methods used to

conduct the literature reviews, and my results.
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In particular, for question 1, | reviewed empiricdldies that looked at different
cognitive tasks in autism: the-back task, serial recall, dual task studies, Raven
Progressive Matrices, semantic processing, falbefltasks, visual search, spatial recall,
and visual recall. Results of this study are mix&ertain task domains offer evidence
that is highly consistent with and well explaingdtbe TiP hypothesis, including: (1) the
n-back task, (2) serial recall, (3) dual tasking) Raven’s Progressive Matrices, (5)
semantic processing, and (6) false belief taskstheilOtask domains, while not
inconsistent with the TiP hypothesis, are not diyeexplained by it either, namely:. (7)
visual search. Finally, there are task domainssshdata seem to contradict the TiP
hypothesis, which are: (8) spatial recall, andy8yal recall. The main finding of this
study is that, at least across several task dom#ese is a significant amount of
evidence that is highly consistent with the TiP dtyesis, which empirically
substantiates the anecdotal evidence for visuakithg that has long been common in the
autism community.

For question 2, | reviewed the literature on fouffedent existing theories about
cognition in autism—Mindblindness, Executive Dysftian, Weak Central Coherence,
and Enhanced Perceptual Functioning. For eachesfettheories, | find that no theory
explicitly posits the differences in representagiostrategy use in autism that | observed
during the first study, and TiP does explain mahthe findings presented in support of
each theory.

The main contributions of this work are listed helo

1) | have compiled comprehensive literature reviewseiferal cognitive tasks

that have been studied in autism research.
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2) | have provided a concrete definition of the Thikiin Pictures (TiP)
hypothesis and generated specific empirical prisfistarising from it.

3) | have performed a systematic and empirical evelnabf this hypothesis
using existing published data.

4) | have identified key areas in which the predictiarf TiP differ from the
predictions of other theories, which therefore aatrfurther study to better
distinguish among these theories.

5) | have clearly identified certain experimental desand data interpretation
pitfalls, in particular showing many instances ihieh published explanations
are not consistent with data from additional stadie

There are many important areas for future workluisiag identifying the individuals
or subsets of individuals with autism or other ASibsvhom the TiP account does or
does not apply, investigating more deeply the sinties and differences in predictions
made by TiP and other cognitive theories of autiang understanding the role that TiP

might play in neurobiological and developmentalcasds of autism.
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1.3 Psychometrics

Psychometrics is one of the three research traditiom the study of mental
phenomena that had its roots in the late 1800%theg with experimental psychology
and psychophysics. These traditions aimed to stoelytal phenomena in a systematic,
empirical way, without relying on introspection asmeans of inquiry. Psychophysics
focused on relationships between physical propedfestimuli and the perceptions they
would engender in human subjects. Experimentathpdpgy was mainly concerned
with the specific behaviors exhibited by subjectscontrolled experimental conditions.
Psychometrics, as the name suggests, aimed toopesedles of measurement to quantify
individual differences in mental capabilities, pautarly intelligence.

However, in pursuing a mapping from individual drénces in intelligence onto
numerical scales, psychometrics has flattened titeom of individual differences to
imply only differences of degree rather than defeces of degree and of kind. Thus, the
numerical measurements obtained from conventiosgthpmetric instruments are not
often used to represent qualitative differencestrategy and especially differences in
representation, despite evidence that humans camitferent strategies to accomplish
the same task.

Interestingly, the importance of strategy variasiom intelligent behavior was
recognized early on by Alfred Binet, who created tinst intelligence test in its modern
form. For instance, based on extensive obsen&tmm experimentation with his two
young daughters, Binet explicitly pondered the fmlty for and role of individual
differences in strategy when solving the same okl He made similar observations in

his studies of savant-type individuals, findingy fexample, that of two calculating
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prodigies, one seemed to perform his calculati@isguauditory mental representations,
while the other seemed to use visual mental imageancher, 1985). However, as
intelligence testing became more widely adoptedeBs nuanced position was lost in
favor a view of intelligence as a unitary, unidirmemal construct, especially during the
promotion of intelligence testing as part of thgenics movement (e.g. Goddard, 1922).

This conceptualization of intelligence and psychtymogesting implicitly contains
one of two assumptions about their relationshifne Weaker assumption is that it does
not mattethow an individual solves particular test items; ittjosatterswhetherthey can
solve them. The stronger assumption is that tests themselves elicit very particular
strategies, and these strategies taps into some¢ dhc¢'general intelligence.” In other
words, all individuals solve psychometric testshia same way, and the resulting scores
measure quantitative variations in a unidimensiaoghitive ability.

With respect to the stronger assumption, psycholsglowly discovering that it is
not the case that all individuals exhibit the saqualitative forms of cognition, as
exemplified by the earlier discussion of atypicagcition in autism. With respect to the
weaker assumption, one way to conceptualize thetiegi divide is in terms of
“correlational and experimental approaches to huowgmnitive activity” (Keating, 1984,
p. 17), where the former refers to traditional peywoetric approaches and the latter
refers to information-processing accounts of cagnit Understanding the strategies that
underlie individual performance on psychometridgeasill not only give better insight
into what cognitive abilities particular tests aetually measuring, but will also shed
light on the nature of individual differences in godation, beyond just numerical

variations on a unidimensional scale.
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Some strides have been made towards trying to pocate strategy differences into
psychometric theory. Keating & Bobbitt admit thaiany sources of variance can
contribute to measures of mental ability, includindl) quantitative differences in
cognitive processing efficiency, 2) differences strategy, or 3) differences in
metacognitive abilities of strategy selection, thlouhey only attempt to experimentally
address the first of these (Keating & Bobbitt, 197& the context of sentence-picture
verification tasks, Hunt addresses in some deftaililmpacts of strategy differences on
resulting behavioral measures, though he does wbdbat the question of how the
existence of strategy differences can be reconoigt the fairly robust statistical
evidence of ag factor for intelligence is an important open qiest(Hunt, 1980).
Finally, Mislevy and Verhelst have attempted to lextly incorporate strategy
differences into item response theory, though theoretical approach has not been

widely applied (Mislevy & Verhelst, 1990).

Problem Statement for Psychometrics:
Psychometrics generally assumes that quantitativeaviations in test
scores reflect quantitative variations in cognitive ability among
individuals, often neglecting the possibility thatqualitative strategy
variations, such as between visual and verbal stragies, can also play

a role in the score achieved by an individual.

To investigate this problem, | focus on one paftécypsychometric test. Raven’s

Progressive Matrices (RPM). The RPM is a collectad widely-used standardized
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intelligence tests consisting of analogy problemsvhich a matrix of geometric figures
is presented with one entry missing, and the comessing entry must be selected from a
set of answer choices. Correlation studies havadahe RPM to be the single best
measure of intelligence among any psychometricrunsnt, barring standard multi-
domain measures that contain items in many diftefermats (Snow, Kyllonen, &
Marshalek, 1982). Due to its ease of administraéiod scoring, as well as the fact that it
requires little verbal instruction or explicit vabcomprehension, the RPM is widely
used as a test of intelligence in clinical, edwral, occupational, and scientific settings.
There is considerable evidence from neuroimaging behavioral studies that
humans use both visual and verbal strategies femgoRPM problems. However, the
most widely cited computational model of informatiprocessing on the RPM posits a
purely propositional strategy, with individual diftnces modeled as variations within
this strategy (Carpenter, Just, & Shell, 1990), amabst other accounts of information
processing on the RPM are likewise propositional.
To investigate the nature and existence of viswablpm solving strategies on the
RPM, | present three research questions:
1) To what extent can a purely visual strategy, imgeted as a computational
model, be successful on the RPM tests?
2) How can this model be used to classify problemshenRPM according to
their information processing demands?
3) To what extent can errors made on the RPM servgehavioral markers to
indicate the use of a visual versus verbal strétegy

For question 1, | constructed a computational modalled the Affine and Set
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Tranformation Induction (ASTI) model, which usesfired transformations and set
operations on purely visual, pixel-based represiems of RPM problems to generate
solutions. | tested this model against the thremnmests in the RPM family: the
Standard Progressive Matrices (SPM), the Coloregressive Matrices (CPM), and the
Advanced Progressive Matrices.

For question 2, | conducted computational experisdon test how systematic
ablations of the ASTI model, removing various fuocélities in different combinations,
affect performance on individual RPM problems. rdsthis approach, | was able to
define minimally sufficient sets of visual reasampimechanisms necessary to solve
particular problems, which provides a problem dfasgion in terms of the information
processing demands of each problem.

For question 3, | performed an observational staflghe error patterns made by
typically developing individuals, individuals witautism, and the ASTI model. | first
developed a classification of errors on the Stathd@nogressive Matrices (SPM), one
version of the RPM tests, using qualitative codoygtwo independent raters. Then, |
analyzed the types of errors made on the SPM artiantipree groups.

The main contributions of this work are listed helo

1) | have provided a proof by construction that a alssirategy is sufficient for
solving a large proportion of problems on the Riestg.

2) | have tested a single computational model agaithshree major RPM tests,
and | have provided a new classification of problspes across this family
of tests, based on whether and which of a particsda of visual reasoning

mechanisms is sufficient for solving a particulesigem.
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3) | have developed a new classification of error $yfueind on the SPM.

4) | have performed the first comparison of errors enad the SPM among TD
individuals and individuals with autism, and alke first comparison of errors
made among human groups and a computational model.

There are many important areas for future work|uighag identifying what other
types of visual reasoning might be successful oMRIRoblems and other psychometric
instruments, the role that strategy differencesy pia the predictive functionality of
psychometric measures, and how such tests migatigpmented to include more explicit
measures of qualitative variations in the repredents used among individuals taking

the test.
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1.4 Artificial Intelligence

The field of artificial intelligence has long foad on building systems that use
propositional representations to behave intellilyefior some definition of intelligence).
This arises partially from the pragmatic reasonsired earlier, having to do with the
ease with which propositional strategies can belempnted on conventional digital
computers, but also comes from the philosophicaic on intelligence best exemplified
by the physical symbol system hypothesis. Thisoltypsis states that certain properties
in a system, namely being physically instantiated &aving the ability to process
symbols in a syntactic fashion, are necessary affatisnt for implementing intelligent
behavior (Newell & Simon, 1976). Partly stemmingm this philosophical stance and
partly propagating it has been the tendency incAfbtus on problem domains for which
propositional representations can be quite suagle@sfy. chess, logic) and neglect those
for which propositional representations do not pdeva ready answer (e.g. navigation,
social reasoning).

However, this approach neglects much of what wenkabout visual representations
and problem solving. From the perspective of huntagnition, while there is
considerable evidence for the use of mental-imagased problem solving strategies,
few Al systems have attempted to reason using Vigpaesentations (see Glasgow &
Papadias, 1992 for one example). Many Al systdms work in visual domains first
convert problem inputs into propositional form atiten solve the problem (e.g.
Chandrasekaran et al., 2011; Davies, Goel, & Nsi@es2009; Larkin & Simon, 1987).
From the perspective of building intelligent maasnthe Al focus on propositional

representations ignores evolutionary argumentstii@r primacy and importance of
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perceptual representations for very basic formstetligent behavior (Brooks, 1991). In
fact, the difficulty Al has faced in problem domsirike navigation and visual
recognition suggests that perhaps propositionaksgmtations mawgot be sufficient for
general intelligence. One important exception barfound in how, in recent decades,
the field of computer vision has emerged from igslye roots in Al to focus on the
processing and understanding of visual informatibiough computer vision does not

address how visual representations might be uskdmlevel problem solving.

Problem Statement for Artificial Intelligence:
Al problem-solving systems built to date have focuel almost exclusively on
using propositional representations, even for the epresentation of visual
information, but these accounts do not model the e@s of mental imagery

observed in human problem-solving.

To investigate this problem, | consider the samabl@m domain described in the
previous section: the Raven’s Progressive MatriB#dV) test. As | mentioned, there is
evidence from behavioral and neuroimaging studidsumans for the use of both visual
and verbal strategies on the RPM, and yet the magtrity of computational models of
the RPM have focused purely on propositional reprtgions of the visual knowledge
found on the test.

This work builds upon a long line of related reskaon analogical reasoning. These
studies have shown how functional and causal kriydeof physical systems enables

analogical reminding and transfer in both withinydon analogies (Goel, Bhatta, &
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Stroulia, 1997; Goel & Chandrasekaran, 1988) am$ssdomain analogies (Goel &
Bhatta, 2004; Griffith, Nersessian, & Goel, 2000h this work, functional and causal
knowledge was represented propositionally.

Later work showed that visual knowledge and reaspralone can address some
classes of analogy problems that had been assumeshjtiire causal knowledge and
reasoning (Davies & Goel, 2001; Davies, Goel, & #ar2008). This research also
showed how visual analogies can account for sewsgcts of creative problem solving
in scientific discovery (Davies, Nersessian, & Go2005) and engineering design
(Davies, Goel, & Nersessian, 2009). All of thetades, however, used propositional
representations; while the content of knowledge waésuospatial, the form of
representation was still propositional.

In the growing cognitive science literature on aggl several other lines of research
have explored visual analogies (e.g. Casakin &d&dimidt, 1999; Clement, 2008;
Croft & Thagard, 2002; Davies & Goel, 2008; Evah868; Hofstadter, 1995; Leyton,
2001; Nersessian, 2008; Ojha & Indurkhya, 2009ff&@th, 2001; Yaner & Goel, 2006).
Many factors explain this emphasis on visual analoipr example, the requirements of
task and domain, explanations of behavioral datd,cansistency with theories of mental
imagery. Another important reason is that visualagies support the construction of
representations as well as re-representationsgwascated, for instance, by Indurkhya
(1998) and Kokinov (1998). Indeed, Chalmers, Hnerand Hofstadter (1992) view
much of analogy as high-level perception in whiepresentations are constructed rather
than assumed as given. These various theoriessoélvanalogy, however, differ along

dimensions of modal/amodal and iconic/propositioeglesentations.
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To investigate problem solving on the RPM usingualsrepresentations from a
computational perspective, | present two reseanestipns:

1) To what extent can a purely visual strategy, imgeted as a computational
model, be successful on the RPM tests?

2) How do changes in the underlying representatiooairnitments of the model
affect its behavior?

For question 1, as mentioned in the previous secticonstructed a computational
model called the “ASTI model” to solve RPM problemssing purely visual
representations. For question 2, | conducted cdéamtipnal experiments to test how
changing the representations used by the ASTI maagdarticular through varying the
model’'s perceptual interpretation of figure-grouseparation and through altering its
similarity function, affect its performance on t8EM.

The main contributions of this work are listed helo

1) | have developed and implemented a model for vise@éoning using affine
and set transformations for high-level problem sgyv

2) | have tested this model against unedited and emgreted versions of the
RPM tests, which is the first instance of a comportal model that can solve
RPM problems using images scanned directly fronptyper test booklets.

There are many important areas for future work|udiag identifying what other
classes of problems the ASTI model might be abladdress, exploring the extent to
which the ASTI model provides a model of the typ&sisual reasoning humans perform
on the RPM, and augmenting the ASTI model with tldial visual reasoning

capabilities to further evaluate the problem-sajower provided by a visual strategy.
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1.5 Dissertation Overview

Table 2 summarizes the problem statements, resgasstions, and studies presented

in this introductory chapter. The remainder o§tlissertation proceeds as follows:

Chapter 2 presents the results of the two stutii@sitperformed to evaluate
the Thinking in Pictures (TiP) hypothesis aboutratign in autism.

Chapter 3 first summarizes data on strategy usth@rRaven’s Progressive
Matrices (RPM) tests from both computational ankddweoral studies. | then
describe the representations, reasoning, and pnobtdving architecture of
the ASTI model, and presents results generated festmg the ASTI model

against the RPM tests and from experiments that ttee representational
commitments made by the model.

Chapter 4 summarizes existing approaches to probipecategorization on
the RPM tests and then presents results of abla&kperiments performed
using the ASTI model to generate a new classificatbf RPM problems

based on their information processing demands.

Chapter 5 summarizes existing approaches for anglythe errors made by
individuals on the RPM, describes a new classificabf error types on the
Standard Progressive Matrices (SPM) test, and fresents results of an
observational study comparing error patterns on &M among TD

individuals, individuals with autism, and the ASTbdel.

Chapter 6 summarizes the conclusions and syntbe#iss work.
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2 VISUAL PROBLEM SOLVING IN AUTISM

In this chapter, | explore what | call the ThinkimgPictures (TiP) hypothesis about
cognition in autism. This hypothesis is namedratte well-known autobiography of
Temple Grandin (2006), a woman with autism whodwas that she “thinks in pictures.”
Grandin often describes how her visual thinkindestyrovides benefits in some areas,
such as in drafting and visualizing complex mactynor her work in engineering
design, but also creates difficulties in other ayesuch as in forming categories or
understanding abstract concepts in her day-to-iliey Numerous other individuals on
the autism spectrum have also posited that they tiemse visual mental representations
instead of verbal ones (e.g. Hurlburt et al. 19849ugh this phenomenon has not been
documented in a systematic way.

In particular, | address two research questions:

1) To what extent is published research on cognitaskgs consistent with the TiP
account, i.e. individuals with autism exhibit a oi@wards using visual mental
representations and away from using verbal ones?

2) To what extent does the TiP account provide a bettplanation of published
research on cognitive tasks than do other curhadries of cognition in autism?

| first describe my predictions and methods, attteh present the results of my research

on both questions, followed by a discussion of haynts and areas for future work.
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2.1 Predictions of the TiP Hypothesis

A simplistic consideration of the TiP hypothesisghti lead to predictions that
individuals with autism will show good performanan visual tasks and poor
performance on verbal tasks. In fact, general engd suggesting a visual/verbal
disparity among individuals on the autism spectran be found in studies of cognitive
profiles, or patterns of verbal (V) versus nonvérdV) intelligence as measured by
standardized 1Q tests. Some studies have note& &V (lower verbal than nonverbal
IQ) pattern among individuals on the autism spewt(lincoln et al. 1988), though such
findings have not been universal (Klin et al. 19%%egel et al. 1996). Joseph et al.
(2002) found that, while children with autism wegenerally more likely to have a V-NV
discrepancy in either direction than were TD clatdrchildren with autism having a V <
NV pattern of abilities showed greater social innpent than the other children with
autism, irrespective of absolute levels of verlragjeneral ability. The distinctiveness of
the V < NV profile, and also its association withriables of diagnostic interest, led the
authors to conjecture that such a profile mightidatk “an etiologically significant
subtype of autism” reflecting fundamental changesagnition and neuroanatomy, rather
than just the selective sparing of certain nonvezbdities.

However, looking purely at existing measures ol&lsand verbal ability does not
take into account the possibility of alternate tsigees. In particular, psychology has
classified cognitive tasks as visual or verbal adicg to how they are typically solved,
without accounting for the alternate classificatioinhow they might be solved using
alternate strategies. Figure 1 illustrates themal overlap between these two types of

task classifications. The solid and dashed cir(}esndB) represent tasks thaan be

30



solved visually or verbally, respectively, and thetersection(A N B) represents tasks
that can be solved either way. For example, matcbine of two very similar shades of
red to a target red patch can be solved using iigpaesentations but not using verbal
ones (at least not easily), and so this task heglé solid circleA but outside dashed
circle B. On the other hand, determining which of the aidoeor now rhymes with
the wordtoo can be solved using phonological verbal representabut not using visual
ones, and so this task lies inside dashed cBcleut outside solid circlé. Finally,
deciding which of two red and green colored patahesches a target red patch can be
solved using either visual or verbal representati@g. by matching on visual hue or on

linguistic label), and so this task lies in theensectionA N B.

O A: Tasks that can be done visually

B: Tasksthat can be done verbally

D Ta: Tasks that are typically done visually

|:| Tg: Tasks that are typically done verbally

Figure 1. Task classifications according to hoeythan be solved (solid and dashed
circles) and how they are typically solved (lightadark grey shadings).

The light grey and dark grey shaded regiohg &nd Tg) represent tasks that are
typically solved visually or verbally, respectively. The lbwf psychological evidence
on how most humans solve cognitive tasks has giveia and Tg, by definition.
However, for a typically verbal task img, if that task happens to also be solvable

visually (i.e. lies withinA N B), it is possible that an individual disinclineduse verbal
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representations can use a visual strategy to ssfodlgssolve that task, and vice versa.
By making these distinctions, the performance ofralividual on a given task can be
evaluated independently of their strategy selectidkieeping this is mind, the TiP
hypothesis can be used to make general predicibosit the behavior of individuals

with autism on three different types of tasks, lasa in Table 3.

Table 3. Behavioral predictions of the TiP hypaikdor strategy use and performance
of typically developing (TD) individuals and indduals with autism (AUT).

TD TD AUT AUT

Task t Task descripti
asktype ask description strategy performance strategy performance

tasks that can only

exclusively in B be done verbally

verbal successful visual impaired

tasks typically

. visual successful visual successful
done visually

inTa

tasks typically done
inTg NA verbally that can be verbal successful visual successful
done visually

The first prediction is, perhaps, the least usébultesting the TiP hypothesis, as
impaired performance on verbal-only tasks is umjike inform us about what mental
representations an individual who thinks in picturis using; for instance, such
individuals may not be engaging any task-relevaptesentations at all. Also, data from
these tasks will not be very useful as a pointisfiction between the TiP hypothesis
and other cognitive-deficit accounts of autism.

Regarding the second prediction, that individuakh \autism use visual strategies to
solve tasks that are also typically solved visyalyonservative claim might be that the

visual strategies used by the two groups are timeesand therefore no behavioral
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differences in either task performance or stratsglection ought to be observed.
However, there is significant evidence for behaaliaifferences in autism on typically
visual tasks, ranging from changes in low-levelcpption (e.g. Bertone et al. 2005) to
superior performance on certain visual tasks lleeEmbedded Figures Task (e.g. Jolliffe
& Baron-Cohen, 1997). One possible TiP explanatibthese differences is that a bias
towards using visual representations leads to &rgkfivisual expertise” not shared by
TD individuals. However, these findings can alseminterpreted as indications of other
forms of atypical cognitive processing, for exampfegreater detail-oriented processing
(Happé & Frith, 2006) or superior low-level peragdtabilities (Mottron et al. 2006). If
such processing differences are an integral aggestitism, one important question for
TiP will be how such differences might be relatedat visual representation bias. In
general, data from typically visual tasks are neteassarily the best test of the TiP
hypothesis, as they alone cannot distinguish betwlee TiP account and other cognitive
theories that posit superior or atypical aspectsoghitive processing in autism.

The third prediction, regarding tasks typicallyvsa verbally thatan also be solved
visually, is the most useful for directly testingetTiP hypothesis. In particular, for a
given task in this category, not only should thieeeevidence of successful performance
by individuals with autism, but it should also bespible to measure secondary
behavioral or neurological characteristics thatnpao a difference in the underlying
strategy being used. This third TiP predictionviles the surest means of distinguishing
TiP from other cognitive theories of autism, as@far as | have seen) no other cognitive

account of autism explicitly posits visual/verbabgegy differences.
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2.2 Methods

The first research question | address is this @rapt to what extent is published
research on cognitive tasks consistent with theal€ount, i.e. individuals with autism
exhibit a bias towards using visual mental repreegems and away from using verbal
ones? The specific predictions of the TiP hypathase:

1) On tasks that can only be done verbally, individuaith autism will show

impaired performance.

2) On tasks that are typically done visually, indivatkiwith autism will show intact
performance.

3) On tasks that are typically done verbally but candone visually, individuals
with autism will show intact performance and willsa exhibit secondary
behavioral or neurological markers that point @ tise of a visual strategy.

The first prediction is already consistent with gext evidence for verbal impairments in
autism—verbal impairment is, in fact, a definitibcaiterion of the disorderQ{SM-IV-
TR, 2000)—and so | did not address this predictiomnduthe course of this research.

To test the second two predictions, | conductedaaative literature review that
sampled from the space of cognitive tasks foundhe autism literature to provide a
gualitative analysis of published data on each.tasksks were selected according to two
specific criteria. First, there had to be somalence that the task fell into the relevant
task category, i.e. for prediction #2, the taskycally done visually, and for prediction
#3, the task is typically done verbally but at temmme evidence exists to suggest that the
task is amenable to successful solution usingw@al/srategy. Second, there had to be at

least two published studies in the autism liteatoomparing performance on the task
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between individuals with autism and TD individuals.
The tasks that were selected according to thetiarare:
1) Tasks typically done verbally that can be donealigu

a) Then-back task

b) Serial recall

c) Dual task studies

d) Raven’s progressive matrices

e) Semantic processing

f) False belief tasks

2) Tasks typically done visually:

a) Visual search

b) Spatial recall

c) Visual recall

To find the studies of each task, potential articlere first located through searching

online using Google Scholar or following referencals in articles that | had already
found. The time period was inclusive from the begigs of cognitive research in
autism until the time of the study in 2010. Stedeonsidered for this review were
restricted to those in which the diagnostic groag h diagnosis of “Autistic disorder.”
Studies in which this diagnosis was predominant, &@ufew individuals had other
diagnoses on the autism spectrum, such as Asperdggyhdrome or Pervasive
Developmental Disorder-Not Otherwise Specified (PROS) were included. Studies of
participants only with diagnoses of Asperger's @CPNOS were excluded. Finally,

studies were not screened on the basis of any ettedusionary criteria such as sample
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size or demographic characteristics.

The second research question addressed in thitechspto what extent does the TiP
account provide a better explanation of publishesearch on cognitive tasks than do
other current theories of cognition in autism? phrticular, for each existing cognitive
theory of autism, | made the following two predicts:

1) The theory cannot explain empirical data showimgsaal bias in autism for tasks

that are typically done verbally but can be dorsaiaily.

2) For the major representative cognitive tasks thatcarrently cited in support of

the theory, TiP provides at least as good an eafilam for established findings.
To test these predictions, | performed anotheratiae literature review centered on each
major cognitive theory in autism: Mindblindness,eEutive Dysfunction, Weak Central
Coherence, and Enhanced Perceptual Functioningseltheories are commonly cited as
the main cognitive theories of autism. For eadotf, | selected a small set of example
tasks cited in the literature and provided a qatiie analysis of results and
interpretations on these tasks. These selectéd tasre restricted to those for which
there was a published literature review in sumnaatigles for each cognitive theory that

examined the historical body of research on thie tas
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2.3 Review of Cognitive Tasks in Autism

2.3.1 The n-back task
In then-back task (Kirchner, 1958), a subject is presemtitd a sequence of stimuli

and asked whether the current stimulus matchessttenn steps ago. The variabhe
can take the value of one (respond “yes” to angesgion of two identical stimuli), two
(respond “yes” to any stimulus matching that préseéwo steps back), etc. Stimuli can
vary in content and presentation, e.g. lettersegoresl visually or auditorily, pictures, etc.

For TD individuals, then-back task is thought to recruit verbal rehearsal
processes in working memory (i.ehonologicalverbal representations), among other
executive resources (Smith & Jonides, 1999). S¢vmrblished studies of theback
task have not shown significant differences in aacy or reaction time for individuals
with autism relative to TD controls (see Table vhich has led, in some cases, to the
conclusion that verbal working memory is intacautism (Williams et al. 2005).

However, recent fMRI studies have shown that, whédbavioral measures on the
n-back task may be similar, there can be signifiadifferences in patterns of brain
activation between individuals with autism and T@ntols. In one study using stimuli
of visually presented letters, the autism groupasdtbless brain activation than controls
in left prefrontal and parietal regions associateith verbal processing and greater
activation in right hemisphere and posterior regi@ssociated with visual processing
(Koshino et al. 2005). In another study using atirof photographs of faces, a similar
decrease in left prefrontal activation was founthie autism group (Koshino et al. 2008).
Both of these studies suggest that individuals waittism may be using a visual strategy

for then-back task, whereas controls use at least a ganilbal strategy.
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2.3.2 Serial recall

In serial recall tasks, a subject is presented aitbequence of randomly ordered
stimuli and then asked to reproduce the sequenceder, after a short delay. These
tasks generally involve the visual or auditory preation of letters, numbers, words, or
pictures, after which the subject has to verbatlyeat the sequence or point to items in
the correct order.

For TD individuals, serial recall tasks are thoughtecruit primarily verbal rehearsal
processes in working memory (ijghonologicalverbal representations), for instance as
evidenced by decreased memory spans for long watttsweord length effeet-or for
phonologically similar items—thehonological similarity effect(Baddeley, 2003).
These verbal effects are seen even with visuakbgemted stimuli in TD children above
seven years of age, suggesting that in later dpeedat, TD individuals tend to recode
visual stimuli into a verbal form (Hitch et al. 198 In younger TD children, there is
evidence for visual (and not verbal) encoding aiual stimuli in the form of decreased
memory spans for visually similar items—thisual similarity effec{Hitch et al. 1989b).

Several published studies on serial recall tasksvafio significant group differences
in overall performance between individuals withismt and controls (see Table 5). As
with then-back task, these data are often used to indiogetiverbal working memory
in autism. For example, standardized tests sucth@3NISC and the WRAML use
number and letter span subtests as componentstudl €, and individuals with autism
have often shown peaks of ability on these padic@ubtests (Siegel et al. 1996).
However, additional behavioral data, such as tlesgnce or absence of the word length

or similarity effects described in the previous gmaaph, should be considered to
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determine what strategy an individual is actua#iing.

Two studies have examined the robustness of the Yemgth effect in individuals
with autism. Russell et al. (1996) found, for aadiy presented stimuli, no difference in
word length effect in a verbal response conditietwleen children with autism and TD
controls as well as a group with moderate learrdisgbilities, but, oddly, the autism
group’s word length effect actually increased innanverbal (pointing) response
condition. In contrast, Whitehouse et al. (2006¢di visually presented stimuli with
verbal responses and found a smaller word lendétteih the autism group than in TD
controls. Also, the word length effect increasedhe autism group in an overt labeling
condition, suggesting that the autism group mayehalied to a lesser extent on verbal
encoding than controls when not biased to do soaving to produce labels.

Williams et al. (2008) looked at a similar recaltk with visually presented stimuli
and verbal responses and measured the robustndke ghonological similarity and
visual similarity effects in children with autisrmé in a control group with learning
disabilities. They found no group differences @tall performance, but when subjects
were divided by their verbal mental age (VMA), thagith VMA over 7 years had better
overall recall performance and a significant phogalal similarity effect but no visual
similarity effect, while subjects with VMA less tha7 years exhibited the opposite
pattern. In other words, this study found VMA tettler predict strategy use than did
diagnostic group, and additional analyses found VkdAbe a better predictor than
cognitive profiles as well (Williams & Jarrold, 20l While the authors of this study did
not discount the significance of cognitive profile predicting strategy use, they

cautioned against treating it as the only variaifleelevance, and they also pointed out
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the importance of looking at variables like VMA andgnitive profile, in addition to
diagnostic group, in assessing results in experiaiatudies of autism. On both of these
points, we wholeheartedly agree, and the questidrow to experimentally identify and
analyze data from subgroups within the ASD popaotatis central to the continued
understanding of how individuals with autism uglizvarious forms of mental
representations.

In summary, many studies have reported individwath autism achieving similar
levels of performance on serial recall tasks asifidividuals, but at least some of these

studies have found evidence of a visual strategy i autism.
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2.3.3 Dual task studies

Dual task studies aim to discern task strategyaesoby looking at whether executing
a simultaneous secondary task interferes with pmdace (Brooks, 1968). The basic
assumption of the dual-task paradigm is that, bexaifferent cognitive modalities (e.g.
visual versus verbal) draw upon separate and lthdtgnitive resources, performing two
tasks simultaneously using the same modality wdbrdde performance more than
performing two tasks that use different modali{i#gsnides et al. 1996; Navon & Gopher,
1979). Whether arimary taskuses a certain modality can be determined byrioadiut
whether the simultaneous execution of a secondaiyknown to involve those resources
affects performance (Baddeley & Hitch, 1974). Selaoy tasks (a.k.asuppression
task9 can be very simple, so there is little ambig@bput what cognitive resources are
being used. Verbal or articulatory suppressios. (recruiting phonological verbal
representations) often consists of repeating a waoitdioud. Visuospatial suppression
can include holding an image in memory or perfograrsimple tapping or pointing task.

Dual task studies offer a good test of the TiP hiypsis, because their results can
clearly indicate, for a particular individual orogip, whether visual or verbal cognitive
resources are necessary for some primary taskparicular, across a range of primary
tasks typically done verbally (tasks for which cofg show impairments under verbal
but not visual suppression), the TiP hypothesislipte that individuals with autism will
show impairments under visual but not verbal suggpom. Only a handful of dual task
studies have been performed with individuals onatiiessm spectrum, and although none
have had exactly this form, all have shown resg#serally consistent with the TiP

hypothesis, though not necessarily interpretediels.s
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Garcia-Villamisar and Della Sala (2002) used a arimtask of serial recall, with
verbal recall of auditorily presented digits, andsacondary suppression task of
visuomotor tracking, in which subjects had to mdlyuaark a series of boxes on paper.
No group differences were found for either taskigrened singly, but when performed
together, the autism group showed a significantainmpent on both tasks, while the
control group showed no impairment. The authoesdréhese results as marking a
general deficit in simultaneous task performanceutism, but these data could also
indicate that the group with autism was using aialistrategy for the digit span task,
which, unlike the verbal strategy used by contralas open to interference from the
visual suppression task. Moreover, as discusskavbether dual task studies in autism
have not found evidence of a general dual-taskefgitl

Whitehouse et al. (2006) conducted a dual-taskraxeat in which the primary task
was task-switching in written arithmetic, in whislibjects had to alternately add and
subtract pairs of numbers, and the secondary taskwerbal suppression, with subjects
repeating “Monday” out loud. No group differeneesre found in latency or accuracy in
the single-task condition. However, the contrabugr showed an increase in latency
under articulatory suppression, matching previougliss on task switching in TD
individuals (Baddeley et al. 2001; Emerson & MiyaR803), while the autism group did
not. These results go against the idea of a gemepairment in dual task performance
in autism and also suggest that the autism groagd asionverbal (though not necessarily
visual) task-switching strategy. Lidstone et 2D@9) re-analyzed these data divided by
cognitive profile and found that the lack of a hatg increase under articulatory

suppression was limited to children with autismihgwa V < NV profile, irrespective of

45



absolute levels of verbal ability. Controls witiva< NV profile did show impaired dual
task performance under articulatory suppressiodjdashildren with a V = NV profile in
both groups. Wallace et al. (2009) looked at tbevdr of London planning task as the
primary task, with a secondary task of articulatsuppression, and similarly found that
the control group showed a significant impairmeanmttheir primary task performance
under articulatory suppression, whereas the augremp showed no such impairment.
Holland and Low (2010) repeated the task switclexgeriment of Whitehouse et al.
(2006) but with an added visuospatial suppressask,twith subjects tapping out a
simple pattern on a set of blocks using their nomithant hand. As in the study by
Whitehouse et al. (2006), there were no significgraup differences in latency or
accuracy in the single-task condition. Dual taskuits showed that the autism group
exhibited an increase in task-switching latencyanndsuospatial suppression but not
under articulatory suppression, while the controlugp showed a similar latency increase
under both suppression conditions. Similar duslt-teesults were obtained in a second
experiment that looked at a Tower of Hanoi planniagsk. At first glance, these data
seem to suggest that the autism group used visti@spat not verbal resources for task-
switching and planning, while controls used botluaspatial and verbal resources for
both tasks. However, in the task-switching expernin both groups also showed an
increase in latency under visuospatial suppresfiona baseline, non-task-switching
version of the arithmetic task, suggesting thatvisaospatial suppression task may have
interfered with peripheral, non-task-switching dewsof the primary task. For instance,
the visuomotor demands of tapping blocks with tle@-dominant hand while writing

arithmetic answers with the dominant hand may Haeen in contention, in which case
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the visuospatial suppression task did not reatlyetiahigh-level task-switching resources.
While none of these dual-task studies taken sipgbyides a definitive test of the TiP
hypothesis, together they are highly suggestivendividuals with autism using visual

strategies for certain tasks that are typicallyedearbally.

2.3.4 Raven’s Progressive Matrices

As mentioned in Chapter 1, Raven’s Progressive ibkstr(RPM) is a standardized
intelligence test that consists of problems resergldeometric analogies, and published
literature on the RPM suggests that TD individuat® a combination of visual and
verbal strategies on this task. Recent researcth@rRPM has found an interesting
discrepancy between the performance of TD indiM&lw@and individuals with autism.
Whereas the RPM scores of TD individuals are ugusitongly matched by their
Wechsler 1Q scores, individuals with autism havedestrated RPM scores much higher
than their Wechsler scores (Bolte et al. 2009; ewst al. 2007; Mottron, 2004).
Individuals with Asperger’s syndrome have showinalar pattern (Hayashi et al. 2008).

One explanation for the RPM/Wechsler score diserelea found in autism is that,
while poor verbal abilities may in fact decreasegenance on full-scale 1Q tests, intact
visual abilities might be recruited to successfdblve many RPM problems, which are
after all visually presented and do not explicitgquire any overt verbal abilities.
Consistent with this explanation, Souliéres et @009) found, using fMRI, that
individuals with autism had lower brain activatiom prefrontal and parietal areas
associated with language and working memory anteni@ctivation in visual occipital
areas than TD individuals did while solving the RPKn a related but non-RPM set of

matrix reasoning tasks, Sahyoun et al. (2009) foamdlence through measures of
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response latency that individuals with autism exbdda bias towards using visuospatial
mediation, whereas TD individuals and individualshwAsperger’s seemed able to use

verbal mediation in solving the problems.

2.3.5 Semantic processing

Evidence from neuropsychology has suggested thaaliand verbal semantic
memory are somewhat dissociated, in that braimhsscan selectively impair the use of
one or the other (Hart & Gordon, 1992). Howevenether this dissociation reflects two
separate, modality-specific semantic stores ornglesistore with multiple, modality-
specific access schemes is unclear (Caramazza, F398h & McClelland, 1991).
Either way, the TiP hypothesis predicts that ingdiinals with autism have privileged or
primary access to visual semantic information, wherTD individuals are capable of
accessing both visual and verbal semantics.

In one well-designed fMRI study, Kana et al. (20@®)died brain activation in
individuals with autism and TD individuals whileeth answered true/false questions
about high or low imagery sentences. High imagemntences included statements like,
“The number eight when rotated 90 degrees loolkes dikpair of eyeglasses,” while low
imagery sentences included statements like, “Addjtsubtraction, and multiplication are
all math skills.” One way to conceptualize these tlasses of stimuli is as follows:

(a) High imagery sentences require semantic uratedstg plus visual reasoning.
(b) Low imagery sentences require semantic undedistg only.
The control group showed a significant differenegween the high and low imagery
conditions, with the high imagery condition elingi more activity from temporal and

parietal regions associated with mental imageryel$ as from inferior frontal regions
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associated with verbal processing. This pattestiie model that visual regions are used
for visual reasoning, while verbal regions are uedexical and semantic processing.
(The baseline used for both conditions was a fxatiask that involved no linguistic
processing.) In contrast, the autism group shoswelar activation in both conditions,
with less activity in inferior frontal language regs than the control group in the high
imagery condition, and greater activity in occipaad parietal visual regions in the low
imagery condition. This pattern suggests thatrkdesziduals with autism may have used
visual regions for both visual reasoning and sergmbcessing.

Many other studies have found significant differeman brain activity during
semantic processing tasks between individuals auatism and TD controls, although the
precise patterns of results have varied. Likestiuely by Kana et al. (2006), Gaffrey et
al. (2007) found increased activation in postevisual regions and decreased activation
in frontal verbal regions for individuals with ASdiuring a task of determining whether a
word belonged to certain semantic categories (t@olors, and feelings), with a baseline
perceptual processing task. However, Just et 2004), in a study of sentence
comprehension with a fixation baseline, found redlactivity in visual, occipito-parietal
regions in subjects with autism compared to TD st though the autism group did
also show decreased activity in frontal languaggores. Harris et al. (2006) found
similar results of reduced frontal language regotivation in an ASD group compared
to TD controls during a word judging task with agaptual processing baseline, and also
found that the ASD group showed more similar atiivain some language regions
between the semantic and perceptual tasks thatelidontrol group. In contrast, Knaus

et al. (2008) used a response-naming task withreeptial processing baseline and
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found that subjects with ASD had greater activatiorfrontal and temporal language
areas than did TD controls.

One important factor in neuroimaging studies of @etic processing is the choice of
a baseline task. For TD individuals, lexical-setitaiasks are often paired with
perceptual processing tasks that use letter or vetirduli, in order to remove any
perceptual components of the semantic understargliogess. However, if a subject
uses visual neural machinery to do semantic proggsshen it is possible that
subtracting the brain activation due to a percdpit@essing task may remove semantic-
related activation in visual regions as well.

In addition to these neuroimaging studies, sevahhvioral studies have also looked
at semantic processing in individuals with autisi{amio and Toichi (2000) used a
word-completion task in which semantic priming wmevided using either picture cues
or word cues. TD controls performed similarly untbeth conditions, but the autism
group performed much better with picture cues thiard cues, suggesting that they were
better able to retrieve verbal information throygbtorial representations than through
other verbal representations. Lopez and Leeka@32fbund that children with autism
were as capable as TD controls of using visual sma@ontext to facilitate object
identification; the same pattern was found for eédemantic information, though ceiling
effects were a possible confound in the verbal.case

In summary, while existing data are mixed, curremdality-specific models of
semantic memory (whether modality-specific in indgxalone or in storage as well)

make semantic processing a good candidate fordutéisting of the TiP hypothesis.
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2.3.6 False belief tasks

False belief tasks represent one experimental gpmaébr testing theory of mind
abilities, which center on the attribution of mdistec or belief states to external entities.
Theory of mind, in turn, represents one componésboial cognition. False belief tasks
comprise one domain that is widely found to be imgzh among individuals on the
autism spectrum (see review in Happé, 1995), arfitidein theory of mind (e.qg.
Mindblindness) and other aspects of social cogmitiave been suggested to be a central
facet of autism (Baron-Cohen, 1995; Baron-Cohenefni®nte, 2005).

One classic test of false belief understandinghes $ally-Anne task (Wimmer &
Perner, 1983), in which the subject is shown awkh two dolls, Sally and Anne. Sally
places a marble into a basket and, after Anne setheeroom, moves the marble from the
basket into a box. The subject is then asked whAaree will look for the marble when
she returns. Responding correctly, that Anne Vabk in the basket, requires an
understanding of Annefalse belietthat the marble is still in the basket; Anne’sidfels
false in that it represents something that theestlyatching the skit knows is not true.

Many interpretations of false belief task perform@nn autism posit that there is
some fundamentally social deficit that leads to amgd theory of mind abilities (e.g.
Baron-Cohen, 1995). One contrasting view is tladdef belief impairments in autism
stem from a domain-general bias against using Veepaesentations, not from a domain-
specific difference in social cognition. In padiar, verbal mental age has been found to
be strongly correlated with performance on falskebeasks in both individuals with
autism and in TD controls (Happé, 1995; Yirmiyaakt1998). While this pattern seems

amenable to a straightforward TiP interpretatiorraises the question of precisely how
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verbal mental representations might be relatedlsefbelief tasks.

One possibility is that standard false belief taskkich require explicit language
comprehension and responding, overtax the weakukagey skills of individuals with
autism. However, individuals with autism also shewpairments on nonverbal
analogues of false-belief tasks such as eye-trgckindies, making this explanation
unlikely (Senju et al. 2009; Senju et al. 2010).

A second possibility is thdinguistic verbal mental representations are required for
developing concepts of false belief, on which beagtbal and nonverbal versions of false-
belief tasks rely (e.g. Fernyhough, 2008). Howgwen-year-old TD infants exhibit
visual attentional patterns that seem to draw wpouonderstanding of false beliefs before
significant linguistic abilities have developed (Bugate et al. 2007). While there is
almost certainly a strong connection between lisiguirepresentations and theory of
mind abilities, these types of eye-tracking studiast doubt on whether the relationship
is strictly causal and sequential.

A third possibility, which we espouse, is that \@rtepresentations are, after all, used
to form false belief concepts, but where “verbal’this case refers tpropositional
representations, ndinguistic representations. Propositions can be thought athas
building blocks of a low-level representationalteys, where a single proposition takes
the form of a related set of symbols that carriesnantic meaning. Linguistic
representations occur at a much higher level ofrattton than propositions and are
explicitly tied to a particular language.

The idea of false belief impairments in autism hgva low-level representational

origin is not new; constructing false belief contsepas been described as requiring, for
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instance, the representation of complements (dikeksl & de Villiers, 2003; Hale &
Tager-Flusberg, 2003) or meta-representation (£e$887). The gist of these arguments
is that, in order to represent a false belief,raividual must have some mechanism for
representing a statement as being held to be trome context (e.g. as believed by an
agent in a story), alongside the property of ite¢pdalse in a different context (e.g. in the
story itself). Recent modeling work in cognitivelaitectures has found that this type of
information structure can be easily representedgupropositions (Bello & Cassimatis,
2006).

From this perspective, individual performance onefital” and “non-mental”
versions of false belief tasks should be correlatéthile for a time, several visual tasks
such as the false photograph, false map, and theing tasks were thought to be
appropriate non-mental analogues of false beliskstae.g. Leekam & Perner, 1991;
Charman & Baron-Cohen, 1992; Leslie & Thaiss, 1992rner and Leekam (2008) have
argued that these tasks do not tap the same repatienal structure as standard false
belief tasks. Instead, they propose that the faige (or false signal) task is the more
appropriate non-mental analogue, and in suppotheir claim, correlated patterns of
impairments have been observed in autism on tree faignal task and standard false
belief tasks (Bowler et al. 2005). These resulippsrt the view of false belief
competency being more a function of domain-gensrptesentationalability than of
domain-specifisocial ability.

Nevertheless, studies investigating performancesacvisual reasoning tasks, such as
the false photograph and map tasks, and theoryira reasoning tasks, such as standard

false belief tasks, do reveal some very interespiatijerns of results. Figure 2 gives a
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summary of results from studies that compared thiopmance of individuals with
autism on visual false-item tasks with their parfiance on standard false belief tasks.
Each data point represents the performance ofgéesgnoup, as indexed in the legend, on
the visual versus false belief tasks. Numbers iwithach data point refer to the
experiment number in Table 6, which contains dempigic and experimental design
information. Note that this figure is intended agjualitative illustration of trends in
published data and not as a strict quantitativéyarsa

These data, along with similar results on otheualisasks such as matching the state
of a true model or photograph to a room (CharmaBa&on-Cohen, 1995) and visual
perspective taking (Reed & Peterson, 1990), sughestmany individuals with autism
who show impaired performance on false belief tas&s exhibit intact or superior
performance on these types of visual tasks. TDOviddals, in contrast, seem equally
predisposed towards having strengths on eitheroortbe other (or both) of these task
types, which we would expect if they emerge indejeatly in normal development.

Finally, if false belief impairments in autism adwee to deficits in underlying
propositional representations, then false beligksamay seem to fall under the first TiP
prediction, regarding tasks only solvable verball{diowever, there have been some
recent attempts to help individuals with autismrespnt false belief concepts visually,
for instance using thought bubbles or photograpthenhead analogies (McGregor et al.
1998a, 1998b; Swettenham et al. 1996; Wellman eR@02). These studies have
generally shown positive results in teaching subjéx pass specific false belief tasks but

less success in leading subjects to transfer kinewledge to new tasks.
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2.3.7 Visual search

One widely reported area of superior performanaeirdividuals on the autism
spectrum is visual search. For example, indivislual the spectrum have repeatedly
demonstrated more accurate and/or more efficierioqmeance on the Embedded Figures
Task (EFT), in which a small figure must be locatathin a larger, more complex one
(see review in Happé & Frith, 2006). Several régespers have looked at classic
target/distracter visual search tasks and have dfosmilar patterns of superior
performance by individuals on the autism spectraften through faster response
latencies (see Table 7). Moreover, faster seagctopnance in autism often grows more
pronounced with more difficult search tasks, eog.cbnjunctive vs. feature search.

Studies of the EFT using fMRI have shown that imdirals with autism tend to
recruit more occipital visual processing brain oggi for this task, whereas TD controls
recruit more frontal and parietal working memorgioms (Manjaly et al. 2007; Ring et
al. 1999). However, looking at a target/distractearch task, Keehn et al. (2008) found
increased activation in individuals on the autigmectrum compared to TD controls in
both frontoparietal and occipital regions. Thigdst also found that, while patterns of
activation differed for controls between an eastdee search task and a more difficult
one, no such differences were found for the augsoup. In addition, significant group
differences in eye-movement patterns (Keehn e2@09) and in sensitivity to task
parameters (Baldassi et al. 2009) have been fonndsoial search tasks. These results
are often explained by theories that posit proogssirengths in autism, and in particular,
some recent evidence suggests that enhanced |lelvgpevceptual discrimination may

contribute to faster search in autism (Joseph. &0419).
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In general, many studies point to the existencesighificant and widespread
differences between individuals on the autism spettand TD individuals on visual
search tasks and in overall patterns of visualhatte, and these differences seem to
developmentally precede many other cognitive preee$Brenner et al. 2007). Specific
relationships between the TiP hypothesis and viseatch and attention remain to be

determined, especially in terms of developmentlzasic perceptual processes.
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2.3.8 Spatial recall

Serial spatial recall tasks are a part of many Ipsyetric tests, such as Finger
Windows in the WRAML. These tasks involve the prastion of a sequence of spatial
locations (e.g. holes on a card or blocks on aejabhich the subject has to manually
reproduce. Another spatial recall task uses geére@d pointing, in which the subject
must point to locations not previously selectedottBparadigms require the subject to
reproduce a set or sequence of spatial locatidndividuals with autism often, but not
always, show impaired performance on these tasicsna studies of spatial recall were
found in which the autism group showed superiofguarance (see Table 8).

Given that serial recall for items or objects appda be unimpaired in autism, there
appears to be a dissociation between how well iddals with autism remember visually
discriminable items vs. visually indiscriminableasipl locations. Although these results
seem to contradict the TiP hypothesis, one explamatould be that the visual
representations used by individuals with autisrmdg by themselves, represent spatial
information adequately. In line with this idea, @sks that combine visual and spatial
information (i.e. recalling locations of visuallysdriminable stimuli), individuals with
autism have shown intact performance (Ozonoff &atr, 2001; Williams et al. 2006).

Another possibility might be that spatial recakka actively recruit verbal working
memory; correlations between spatial span and bpeste have been found in TD
individuals, without similar correlations betweepatial span and tapping or spatial
movement rate (Chuah & Maybery, 1999; Smyth & Seloll992, 1996). Studies have
also found that articulatory suppression can ieterfwith spatial span tasks (Jones et al.

1995; Smyth et al. 1988; Smyth & Pelky, 1992).
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2.3.9 Visual recall

One form of visual recall test involves giving thgbject an abstract design to draw
from memory after an initial inspection. Two exdagpare the Benton Visual Retention
Test and the Rey-Osterrieth Complex Figure Taske Rey-Osterrieth task includes a
copy condition to identify perceptual or motor intp@ents that could confound results.

Many studies of these tasks have revealed decrgastmmance in individuals with
autism (see Table 9). Given the patterns of inéact even superior performance found
in other visual domains, these visual recall dagarather puzzling. Moreover, both the
Rey and Benton tests have been found, in TD indail&l to be correlated with the Block
Design subtest of the Wechsler scales and not latete with verbal measures
(Mitrushina et al. 2005; Strauss et al. 2006), Blatk Design has been commonly cited
as an area of particular strength for individuaiautism (Siegel et al. 1996).

One explanation could be that perceptual and mowonponents of these drawing
tasks cause difficulties for individuals with aatisrather than the memory requirements
per se. Ropar and Mitchell (2001) examined thisspgwlity by comparing differences in
copy and recall scores across groups and foundffewethces between TD controls and
subjects with autism or Asperger’'s. Alternatelydividuals with autism could have
difficulty on the spatial but not visual aspectdludse tasks. Although the Rey-Osterrieth
task is often described as a test of visual memiby,task contains both visual and
spatial components that are somewhat dissocialb&gBet al. 1996).

As with spatial recall, data on visual recall irtision are mixed at best. It is unclear
how these results fit the TiP hypothesis, and &rtstudy is needed of the cognitive

processes that both individuals with autism andifidviduals recruit for these tasks.
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2.4 Review of Cognitive Theories of Autism

There are four main cognitive theories of autisnterofcited in the literature:
Mindblindness, Executive Dysfunction, Weak Centi@bherence, and Enhanced
Perceptual Functioning. A review of how researnhMindblindness, related to the TiP
hypothesis was already presented in Section 2.8.6lse belief tasks. This section
reviews data from the three remaining theories.

The Executive Dysfunction (ED) theory posits impants in a set of higher-level
cognitive skills that underlie independent, goaéoted behavior, such as planning, set-
shifting, and generativity (Russell, 1997). Howevevidence in support of the ED
theory is consistent with the TiP hypothesis if #pecific executive capacities found to
be impaired in autism are those that cannot beopwdd using visual mental
representations. For example, individuals withismt are often impaired on the
Wisconsin Card Sorting Test (WCST), a test of &éting in which subjects must
maintain knowledge of a sorting rule and then dwitte rule as needed (see review in
Hill, 2004). The WCST, however, has been foundely heavily on language abilities
and verbal working memory in TD individuals (Baléb al. 2005). More generally,
Russell et al. (1999) propose that individuals watitism may have trouble primarily
with executive tasks that require the implicit \varbncoding of rules. However, despite
these suggestive data, evaluating a potentialdetlveen executive functioning in autism
and the TiP hypothesis will require re-examinatora wide range of tasks used to tap
executive abilities to discern how they fit inteettask decomposition presented earlier
(i.e. can they be solved visually, verbally, omgseither type of mental representation).

The Weak Central Coherence (WCC) theory suggesitsitidividuals with autism
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may exhibit a bias towards local over global preoes (Happé & Frith, 2006). Evidence
for the WCC theory shows patterns of either poafgomance in individuals with autism
on tasks that are said to rely on global processihgtimuli, or intact or superior
performance on tasks that are said to rely on lpaatessing. However, at least some of
the “local” tasks cited by the WCC theory are visueag. embedded figures, block
design, visual search, etc. Likewise, certain W@Mbal” tasks are verbal, e.qg.
homograph pronunciation. For these tasks, thehijpbdthesis provides an explanation
that is consistent with published data, althoughma&ntioned earlier, the TiP hypothesis
does not currently provide a concrete explanaticautistic superiorities on certain tasks,
beyond the speculation that a reliance on visyalesentations might lead to increased
visual expertise. Moreover, the WCC literature hdemntified several non-visual local
tasks that are also performed well by individualhvautism, such as pitch and melody
perception (see review in Happé & Frith, 2006).e THP hypothesis is, at present, silent
about representational modalities other than visaralverbal, though these results
guestion whether TiP should be extended to a memergl perceptual/verbal distinction.
Along these lines, the Enhanced Perceptual FunotofEPF) theory proposes that
individuals with autism have enhanced low levekpetual processing across a variety of
modalities, in contrast to cognitive processingt trvolves higher levels of neural
integration (Mottron et al. 2006). For instanceyeyal studies have found evidence of
atypicalities, and often superiorities, in low-lewasual perception in autism (e.qg.
Bertone et al. 2005; Vandenbroucke et al. 2008).addition to low-level perceptual
enhancements and atypicalities, Ropar and Mitq2€l02) have proposed that autistic

perception can be characterized, at least in cetésk domains, as being less influenced
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than in TD individuals by “top-down” cognitive presses that draw upon prior
conceptual knowledge. Caron et al. (2006) sugtesta combination of locally oriented
processing and enhanced perceptual processing teadgperiorities in autism on visual
tasks, for the subgroup of individuals who shasséhtwo traits.

Unlike the TiP hypothesis, which at present focusely on visual representations,
EPF and other perceptual accounts of autism aredsteioadly to encompass a variety of
perceptual modalities. However, within considenatdf the visual modality, there seems
to be significant overlap between these accoursige@ally in that both TiP and EPF
propose “a successful, problem-solving use of geuze [brain] areas” (Mottron et al.
2006). Also, inasmuch as working with verbal reprgations might fall under “high-
level” cognition, additional overlaps between TiRI&EPF are likely.

One major difference between the WCC and EPF tegand the TiP hypothesis is
that WCC and EPF embogyocessaccounts of cognition, equating various modalities
visual, auditory, etc.—within each of two distintgpes of processing—Ilocal vs. global,
or perceptual vs. high-level. TiP embodiesantentaccount of cognition, equating
various processing types—yperception, working memong-term memory, etc.—within
each of two distinct representational modalitiessua vs. verbal. Another difference is
that WCC and EPF explicitly account for autistigoetorities on certain visual tasks,
whereas TiP does not currently propose a concretdhamism for superior performance,
though several possibilities, such as increasadhl/isxpertise or the absence of a verbal
bias, remain to be explored. It is plausible thia¢se accounts are linked, both
developmentally and cognitively, and the precisati@nship between TiP and these

theories remains to be determined.
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2.5 Claims and Future Work

The first study in this chapter reviews empiricatadfrom autism in several different
task domains including an assessment of whetherddtia are consistent with my
formulation of the Thinking in Pictures (TiP) hypeskis. As expected, the results of this
analysis are mixed. Certain task domains offedewe highly consistent with and well
explained by the TiP hypothesis, including: (1 tikback task, (2) serial recall, (3) dual
tasking, (4) Raven’s Progressive Matrices, (5) sgimagrocessing, and (6) false belief
tasks. Other domains, while not inconsistent wité TiP hypothesis, are not directly
explained by it either, namely: (7) visual sear¢hnally, there are domains whose data
seem to contradict the TiP hypothesis, which #83:spatial recall, and (9) visual recall.

The main finding of this study is that, across savdomains, there is a significant
amount of evidence that is highly consistent wite TiP hypothesis, which empirically
substantiates the anecdotal evidence for visuakithg that has long been common in the
autism community. This finding is even more ingtigg given that most of the studies
reviewed did not explicitly use a visual/verbal btipesis in the design or execution of
their experiments. Of course, there are many éxgetal task paradigms that have not
been addressed or have been only briefly touched,upr instance block design, free
recall, cued recall, visual or verbal recognitierecutive functioning, etc. Future work
investigating the TiP hypothesis should incorpoeatencreased breadth of tasks.

The second study presented in this chapter anafpzesdifferent existing theories
about cognition in autism to evaluate whether th#smories can explain empirical
findings of visual/verbal dichotomies in autism amidether TiP can provide explanations

of data commonly cited in support of these theori€®r each of the four theories—
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Mindblindness, Executive Dysfunction, Weak Centi@bherence, and Enhanced
Perceptual Functioning— | find that no theory egitly posits the differences in
representational strategy use in autism that Irvleseduring the first study, and TiP does
explain many of the findings presented in suppbdath theory.

If certain individuals with autism do have a biasvards using visual mental
representations, then several important questiensin to be answered about the TiP
hypothesis. First, most of the studies that wexgexved in this chapter drew from only
high-functioning participants with autism, i.e. 8a certain level. This was necessitated
primarily by task demands. However, TiP may prevah account of cognition in lower-
functioning individuals with autism as well, forsitance in nonverbal individuals. How
might TiP predictions be tested in this populatiithout resorting to measures of
performance on intellectually demanding cognitagks?

In addition, | have not explored the extent to ahiGP might characterize cognition
in other disorders on the autism spectrum, sudksaerger’s Syndrome or PDD-NOS, or
how it might be distributed among subsets withia thagnosis of autism itself. How
might particular individuals or subgroups be idiedi for whom TiP applies?

Also, TiP may provide, on an individual or groupsisa only partial accounts of
cognitive bias, e.g. an individual might show auailspropensity for certain tasks or
domains but a verbal propensity for others. Wlsseasments could be designed to
assess the breadth or selectivity of domains aevbgsh TiP does or does not apply? A
related question is how TiP might play into savidkg-abilities in autism.

One important feature of my characterization of Thle hypothesis is that | specify

both a bias towards visual representations as agel simultaneous bias against verbal
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representations. Whether both of these biasead@tally present, or if one of them
causally or developmentally precedes the othemsbiesther investigation. It could be,
for instance, that a bias against or difficultylwiterbal representations occurs first in the
developmental progression, and this causes tha bbatompensate by recruiting visual
brain areas in atypical ways; on the other hand,ttain mechanism in development
could be some predisposition towards using viseptasentations, which then leads to
underutilization of verbal capabilities. In additi for TD individuals, | do not examine
whether, for tasks that can be solved either vigual verbally, there is any typical bias
in one direction or another. Certainly, in manyds¢s of individual differences in the
TD population (e.g. MacLeod, Hunt, & Mathews, 1978grbal thinkers seem to
predominate, and so the TiP hypothesis could daescim some sense, the absence of a
typical verbal bias (e.g. Sahyoun et al., 2009Q)rthermore, the TiP hypothesis presented
in this chapter makes no claims as to whether @avithinker in the ASD population and
a visual thinker in the TD population exhibit siarilforms of cognition or behavior, or
indeed if they share any developmental trajectdrglla Given the continuity of the
autism spectrum into ranges of typical behavionéwer, it seems likely that visual
thinkers in both populations may share aspect®ofal development and recruitment.
Other important avenues for further inquiry inclu@® the distinction, if any,
between visual and spatial processing under thead@dunt, as well as relationships with
other types of perceptual processing, (2) the diffees in predictions between TiP and
the other cognitive theories of autism, and how tten be interpreted or reconciled, and

(3) what role TiP might play in neurobiological atelvelopmental accounts of autism.
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3 VISUAL PROBLEM SOLVING ON THE RPM

As mentioned earlier, the Raven’'s Progressive Medri(RPM) family of tests
consists of geometric-analogy-like problems in Wha matrix of figures is presented
with one missing entry, and the correct missingyentust be selected from among a set
of answer choices. Figure 3 shows examples ofkiybno (2x2) and three-by-three

(3x3) matrix problems, respectively, that are simib actual RPM problens.

(Sl EEE
= ® )

DED =D B W

=
YO D ED OXED D

Figure 3. 2x2 (left) and 3x3 (right) example perblsimilar to those from the Raven’s
Progressive Matrices family of tests.

There are currently four different published vemnsimf the RPM (Raven, Raven, &
Court, 2003):

1) The original Standard Progressive Matrices (SPM).

2) The Colored Progressive Matrices (CPM), a simmst than the SPM for use

with children, the elderly, or other individualdliiag into lower IQ brackets.

% To protect the confidentiality of the RPM, we pesexample problems that are similar, but nottidah
to actual test problems.
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3) The Advanced Progressive Matrices (APM), develaged more difficult test

to reduce the ceiling effects sometimes found WithSPM.

4) The Standard Progressive Matrices Plus (SPM+)staltat shares some items

with the SPM but also contains more difficult items
| use the term RPM to refer to the general familyests, and SPM, CPM, APM, and
SPM+ to refer to specific tests. The SPM+ is sateded, compared to the prevalence of
the SPM, CPM, and APM, and so | focus on the fhrete tests.

In this chapter, | address two primary researclstoies:

1) To what extent can a purely visual strategy, imgeted as a computational
model, be successful on the RPM tests?

2) How do changes in the underlying representatiooaimitments of the model
affect its behavior?

First, | motivate my investigation of visual probiesolving on the RPM by reviewing
evidence from the literature showing that humanseEm to use both visual and verbal
strategies on the test, and that computationalustseao this date have not provided a
model of problem solving on the RPM using visugresentations. Then, | describe the
ASTI model, which is a computational model that dvé built which uses affine
transformations and set operations, together wixiel{based representations of RPM
problems, to generate solutions for the test. elspnt results from running the ASTI
model against the CPM, the SPM, and the APM, aaldd give results from the SPM for
experiments in which the representational commitsiehthe ASTI model were varied.

This chapter concludes with a discussion of myncéaand areas for future work.
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3.1 Visual Versus Verbal Strategy Use on the RPM

The RPM tests were originally designed by John Randhe 1930s to measure only
eductive ability, or the ability to extract and @nstand information from a complex
situation, which is sometimes referred to as “flintelligence” (Raven et al., 2003).
They were intended to be used together with thd Mill Vocabulary Scales, which
measure reproductive ability, or the ability to akgreviously learned information,
sometimes called “crystallized intelligence.” Tduyat, these two tests would provide a
measure of Spearman’s general intelligence fagtowhich Spearman had supposed
could be decomposed into eductive and reproductov@ponents (Spearman, 1923).
However, over time, it was found that the RPM al@x&ibited a very high level of
correlation with other intelligence tests, leadthg RPM to become widely considered
one of the best single psychometric measurgs(8how, Kyllonen, & Marshalek, 1984).

Using the RPM as a measure of general intelligetioeigh it consists only of
problems in a single, visual format, stands in @sitto using broader 1Q tests like the
Wechsler scales, which are comprised of subtestssiran several different verbal and
nonverbal domains. In fact, Raven originally depeld the RPM as an easy-to-
administer, easy-to-score alternative to traditionalti-domain intelligence tests, which
can take many hours to administer and yield compiaxti-dimensional subscores that
must be combined to create a final IQ score (R&texh., 2003).

The question of how people solve RPM problems wasaddressed by John Raven
during his original development of the test; thet tvas defined, and has later been
refined, based on normative data and item analfRasen et al., 2003). Not until the

emergence of computational and cognitive views ehtal processes in the 1970s did
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researchers begin to take an in-depth look at prolgolving on the RPM.

Hunt (1974) argued for a stronger consideratiorstodtegy usage on psychometric
tests as a window into the nature of individuafedégnces in intelligence. He proposed
the existence of two qualitatively different RPMboplem-solving strategies which varied
primarily in how problem inputs were representedgganodal iconic representations
versus amodal propositional representations—arukkeribed each of these strategies in
terms of how they could be implemented in a computegram.

Despite the lack of a concrete implementation «f &lgorithms, Hunt made a
significant contribution to the understanding dbmmation processing on the RPM with
his contention that qualitatively different stratgcould exist and even potentially be
equally successful. He emphasized the importaricealong possible variations in
strategy into account when considering individudledences in overall performance:
not only might individual performance differencésrs from such strategy variations, but
also equal levels of performance in two individuetailld be masking variations in the
underlying strategy. Such considerations, Hunedyghould play a meaningful role in
the interpretation of RPM results, rather than jweating an individual’s score as an
atomic measure of general intellectual ability.tetestingly, Spearman himself, though
he generally approved of the RPM as a tool for meagg, supposed that there might be
two different ways to tackle RPM problems, whichtéemed “analytic” and “synthetic,”
and he also believed that only the analytic apgrdaaded heavily o (cited in Hunt,
1974).

Despite Hunt's work on the existence and plaugibitif multiple RPM strategies,

computational studies of problem solving on the RR&Me tended to embody only a
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single strategy (within any given information prssig account), and these strategies
have all relied on propositional forms of probleoivghg. As a result, the prevailing
notion of how people solve RPM problems has beanthiey use verbal strategies.
However, Hunt’'s notion of dual strategies on theMRRas since been borne out

across various psychological studies of human RENbpgmance. In particular, there is
considerable evidence from both within-individualdabetween-individual studies that
humans recruit both visual and verbal strategiestten RPM. The evidence from
between-individual studies comes from research @ttism and has already been
summarized in Section 2.3.4 The remainder ofgbidion is organized as follows:

1) Evidence from human studies of within-individuakbs¢gy differences across

various RPM problems or test-taking conditions.
2) Computational accounts of problem solving on th&/RP
3) Operations of mental imagery in human cognitiogluding evidence for the

kinds of affine and set transformations used byAS&1 model

3.1.1 Within-individual strategy differences on the RPM

Within-individual strategy differences have beeundstd as a function of problem
type on the RPM tests, primarily through factor lgses of the SPM (Lynn, Allik, &
Irwing, 2004; van der Ven & Ellis, 2000) and of thBM (Dillon, Pohlmann, & Lohman,
1981; Mackintosh & Bennett, 2005; Vigneau & Borg)08). These studies have
identified multiple factors underlying RPM testsdicating variations in the recruitment
of particular cognitive mechanisms for differenblplems, and have often divided test
problems into two primary categories: those solweing visuospatial or gestalt

reasoning and those solved using verbal or anahgasoning (though it should be
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pointed out that, while the factor loadings themselare statistically determined, labels
for the various factors appear to be based on tileoes’ own inspections of problem
groupings by factor). Following the Gestalt/Anaystrategy divide proposed by Hunt
(1974), Kirby and Lawson (1983) studied the perfange effects of training students to
use a particular strategy; part of this study imedl developing a new series of test items
on which the type of strategy being used led tdfarént selection of a “correct” answer
choice, thus demonstrating the existence of stydiaged answer types (in addition to
strategy-linked problem types).

From neuroscience, one fMRI study of RPM perforneariBrabhakaran, Smith,
Desmond, Glover, & Gabrieli, 1997) found that pat$e of brain activity differed
significantly based on whether participants werévisg “figural’” versus “analytic”
problems, using problem classifications derivedrfra computational study of the RPM
(Carpenter, Just, & Shell, 1990). Figural problem$uced brain activity primarily in
spatial and object working memory regions, whilalgiic problems induced additional
brain activity in verbal working memory and exewatiprocessing regions. Studies of
patients with focal brain lesions have also foumikdges between brain regions
associated with specific types of visual or venqmalcessing and successful performance
on figural versus analytic problems (Berker & SmiA88; Villardita, 1985).

Zaidel, Zaidel, & Sperry (1981) looked at the pemfance of two commissuorotomy
and two hemispherectomy patients on the CPM andSibl, to see if there were
hemisphere effects on RPM performance. Overadly found that RPM problems were
equally solvable with either hemisphere, though lgfé hemisphere showed a slight

dominance overall and on the more difficult probdamthin each set. They speculate on
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whether this dual hemispheric competence relat&ptarman’s notion of two different
RPM strategies, one analytic and one syntheticchvimay correspond to left and right
hemisphere solving, respectively.

DeShon, Chan, & Weissbein (1995) had participamtspiete the APM while
simultaneously performing a “verbal overshadowimgbtocol, in which they had to
verbally describe their reasoning. The authors thgmized that requiring overt verbal
descriptions would bias participants towards usiagal instead of visual strategies and
thereby impair performance on problems that wowdmally have been solved visually,
which was borne out in the resulting data. Theswlifigs call into question the
methodology of using verbal reporting protocolsaagindow into RPM problem solving,
as the act of verbal reporting itself may causdtshn an individual’'s strategy; this
“verbal overshadowing” phenomenon has been obsarvedher problem domains as
well (Schooler & Engstler-Schooler, 1990; Schoofh|sson, & Brooks, 1993).

Jacobs and Vandeventer (1968) supposed that CPMepte require participants to
both imagine what each answer choice looks likinenempty space in the matrix as well
as perform induction to determine if an answer chd¢thus imagined) is the correct one.
They found that an experimental manipulation inclhihe cognitive loading of the first
skill is removed, by having physical answer choitted could be moved by a participant
into the matrix, made the task significantly eadmr young children. This analysis
assumes, to some extent, that participants are @sinat least partially imagery-based
strategy. It could be, however, that the overtattegy could change with the altered
task; e.g., having a complete (but possibly inadjrenatrix would seem to suggest a

Gestalt reasoning approach, whereas having to tsatea@nswer choice could admit
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Gestalt approaches (with the imagination componastjvell as rule-based, predictive
approaches.

Babcock (1994) looked at how different hypothesizmimponents of problem-
solving on the RPM might be measurable by lookihgaarelations with other tests that
load on these specific components. In particulae, author hypothesized that RPM
problem solving requires rule identification, rapplication, and rule coordination. (She
hypothesized a fourth component, figure decompmsitbut found in a pilot study that
most variance on figure decomposition tasks waswated for by processing speed, so
omitted this fourth component from further analysisShe then chose two tasks from
psychology that exemplified each of these companer@hipley abstraction and letter
sets for rule identification, geometric transforrmatand pattern transformation for rule
application, and the calendar test and followinmgations for rule coordination.

Then, she analyzed results from these tests aret otkasures of processing speed
and working memory, and also from the APM, from l&laf varying ages to see which
of these tests could account for the age-relateinee on the APM. She found that
working memory and processing speed accounted dichrof the age-related variance on
the APM, and neither rule identification nor coowtion contributed substantial
additional variance, but rule application did cdnmite, and the combination of rule
application, working memory, and processing spead sufficient to reduce the age-
related variance on the APM to non-significancehisTis particularly interesting given
that the rule application task involved affine \attransformations very like operations
performed by the ASTI model, which is describe@dan this chapter, in that it involved

transforming given geometric patterns by a giveangetric rule to choose the correct
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answer. Rule identification used two verbal teéktt involve rule abstraction, and rule
coordination involves following complex sets ofeas) again that were given in verbal
representational form. This could be consideredesnce of participants on the APM
using figural reasoning similar to that performegdtbe ASTI model, or it could just be
that the rule application task was too similartie APM, in comparison with the other

verbal tasks, and this similarity presented a condoin the study results.

3.1.2 Computational models of the RPM

As described earlier, Hunt (1974) proposed two itptalely different RPM strategies
that varied primarily in how problem inputs werepnesented. Hunt's “Analytic”
algorithm used amodal propositional representatemms$ operations such as constancy
and addition/subtraction. This algorithm proceebgdirst abstracting features from each
matrix entry and then iteratively applying operattw the entries within a row or column,
or to an entire row or column, to generate pariswer predictions. If the predicted
answer was found among the answer choices and mv@sey then the algorithm halted.
If either of these conditions were not met, thea #hgorithm iterated further to either
predict a different answer or refine the currentiphanswer.

Hunt's “Gestalt” algorithm, akin to mental imagerywised modal iconic
representations and perceptual operations like iramation and superposition. The
algorithm successively applied various visual opens to entries from the matrix in
order to obtain an answer that matched one givéneranswer choices, using an answer-
iteration procedure similar to that used in the @ algorithm.

While neither algorithm was actually implemented)niti performed a theoretical

analysis of how each algorithm would fare on Sebm the APM, and he predicted that
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the Gestalt algorithm would successfully solve @hef 12 problems on Set |, whereas the
Analytic algorithm would solve all 12 problems.

All of the RPM models that have since been devealomsemble Hunt's Analytic
algorithm in that they rely on a conversion of gesb inputs into amodal propositional
representations. None of these models have adéipeedpproach suggested by Hunt in
his Gestalt algorithm.

Model #1: Carpenter, Just, and Shell (1990) implemented dyatoon system that
took as input hand-coded propositional descriptiohgroblems from the APM. The
system chose from a predefined set of rules ovérixnelements in order to predict an
answer for each problem. The predicted answer wagared to the answer choices in
order to choose the best match. The predefined mge generated by the authors from
an a priori inspection of the APM and were validated in expemtal studies by
observing what “rules” participants used while takithe test, as evidenced by verbal
reporting protocols. Differences between low- andhh scoring participants were
modeled by developing two different versions of thduction system; the more
advanced system contained an increased vocabufaryles and a goal monitor for
setting and adjusting the high-level problem-sajvprocess being used. Both systems
were tested against 34 of the 48 problems fromAfRkBI. The basic system solved 23 of
these 34 problems, while the more advanced systérads32 of the 34 problems. This
model also made predictions about the numbersefiggtions that subjects might make
on different types of problems. While the experitaénesults presented were consistent
with the model, there is no direct relationshipwesn the eye gaze data and the use of a

purely propositional strategy; the data could beadlgf well fit by a model using iconic
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representations.

Model #2: Bringsjord and Schimanski (2003) used a theoreowaarto solve selected
RPM problems stated in first-order logic, thoughspecific results were reported.

Model #3: Lovett, Forbus, and Usher (2010) combined autothas&etch
understanding with the structure-mapping technigueanalogy to solve problems from
the SPM. Input images from the test were first aar by hand in Powerpoint, and the
resulting vector graphics objects were fed into slgstem. The system translated these
inputs into amodal propositional descriptions usagrocedure for automated sketch
understanding. Then, a series of strategies basehkeostructure-mapping technique for
analogy were applied to detect certain patterrstrattural relationships between various
elements in the matrix. Strategies focused ehedifferences between images in a row
or column (Differences and Advanced Differenceststies) or on elements that are
shared among images in a row/column (Literal or &ubed Literal strategies). The
Advanced Differences strategy is different from tbgular Differences strategy because
objects are only mapped to other objects of theesahape, thus allowing for object
additions or deletions but not object transformatio The Advanced Literal strategy is
different from the regular Literal strategy becaabgects shared across matrix entries are
removed, and spatial relations are also removedsim@ objects to be matched
independently to other objects (or segments of lgach in the case of a single object
matrix entry.) These derived structural relatiopshwere also used to refine object
segmentation and groupings by revisiting the o&binvector-graphics-based
representations and extracting modified proposiiodescriptions that allowed for

improved structural matches. Finally, each ansviioce was inserted into the matrix,
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and the answer providing the closest matching stracrelationship within the matrix
was selected. This system was tested against 4Beo60 problems on the SPM and
solved 44 of these 48 problems.

Model #4: The system of Cirillo and Strom (2010), like tlodtLovett et al. (2010),
took as inputs hand-drawn vector graphics repratiens of test problems and used an
automated procedure to create hierarchical prapasit representations of the problem
information. Then, like the work of Carpenter et(aP90), the system drew from a set of
pre-defined patterns, derived by the authors frona @riori inspection of the SPM, to
find the best-fit pattern for a given problem. Tresulting pattern was used to predict an
answer, though no explicit procedure was givemiatching the predicted answer to one
of the given answer choices. This system was tesgathst 36 of the 60 problems from
the SPM and solved 28 of these 36 problems.

Model #5: Rasmussen and Eliasmith (2011) used a spikingonemnodel to induce
rules for solving RPM problems. Input images frdme test were first hand-coded into
vectors of propositional attribute-value pairs, ahdn the spiking neuron model was
used to derive several individual transformation®ag these vectors and abstract over
them to induce a general rule transformation fat tharticular problem. While the
authors attested that this system could correatlyesRPM problems, they did not
present any results regarding which specific tesfgroblems were addressed.

However, as they pointed out, their approach dfferadically from earlier RPM
models in that it explicitly accounted for the pees of rule induction for a given
problem, rather than relying on a predefined setigfs. They argued that rule induction

is a fundamental component of problem solving anRi#®M, as that is by definition the
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main characteristic of an eductive task; if the RRWre intended to measure an
individual's pre-existing memory for a set of ruléisen it would have to be classified as
a test of reproductive ability instead of eductmlity. Furthermore, their model of rule
induction naturally facilitates inter-problem learg and transfer, which undoubtedly
plays a role in human problem solving on the RPMréB& Vigneau, 2001; Verguts &

De Boeck, 2002) and for which none of the previoaslels readily account.

3.1.3 Operations of mental imagery

Hunt (1974) presented his intuition of the kindsvsual operations needed to solve
RPM problems as resembling those of visual pereep8pecifically of continuation and
superposition. More generally, these are condistéh a viewpoint of mental imagery
as a form of analog mental model, in which theregits of imagery are modeled after
rigid bodies in the world, and thus the operatiaisimagery are grounded in the
affordances of manipulating (or observing manipata of) such objects (Schwartz &
Black, 1996). Mathematically, the manipulationsaddD rigid body projected into a 2D
plane correspond to affine transformations, and ¢benbination of projections of
multiple such bodies can be represented using bpesaon mathematical sets, in this
case sets of points or elements in the 2D plame.thib section, | examine evidence
relating to two classes of mental imagery operaticaifine transformations and set
operations.

The most well-known early experiments looking atdtional properties of mental
imagery are the mental rotation experiments ofetludy 1970s (e.g. Shepard & Metzler,
1971). Many variations on these experiments hasenbperformed, with a recent

plethora of studies that include neuroimaging mess\yZacks, 2008), but the basic
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findings have been that the reaction time takenpasticipants to mentally rotate an

object is proportional to the angular degree thhougpich the object must be rotated.
This finding is replicated in situations when tworaili are both visible for comparison

(e.g. Shepard & Metzler, 1971) as well as whemglsivisible stimulus is compared to
another representation from memory (Cooper & Sheped73). More recently, certain

individuals with autism have been found to be fasted more accurate on mental
rotation tasks than typically developing individsjathe reaction times in the autism
group in this study preserved the conventionalgpatof increase with respect to angle of
rotation (Souliéres, Zeffiro, Girard, & Mottron, 20).

Set operations in mental imagery can include madaijmns such as union,
intersection, and complement (see Section 3.2.Aafdetailed computation-based list).
These manipulations correspond generally to thebawation of elements of mental
images in various ways, including: subtraction,which participants were asked to
subtract a visually presented shape from a remesdbenage in order to derive and
identify a new mental image (Brandimonte, HitchB&hop, 1992a), and combination,
in which participants were asked to perform a smitlentification after combining a
new image element with a remembered image (Brandienet al, 1992c; Finke, Pinker,
& Farah, 1989). Additional studies have found ewick, in some cases, of verbal coding
interfering with this type of image transformati¢Brandimonte, Hitch, & Bishop,
1992ab) and in other cases, of an interaction twseemingly pictorial depictive
representations and non-pictorial descriptive regme&ations (Hitch, Brandimonte, &
Walker, 1995; Walker et al., 1997). In the pap&cuassed above looking at mental

rotation in autism, another experiment was conalidte examine this type of image
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combination (Soulieres et al., 2011). Participdints inspected and memorized an array
of visually presented letters and numbers, and Wene briefly shown a circular segment
with a portion of one character inside it. Theppm looking at the segmented circle
alone, the task was to determine which segmentdvoartain a greater visual proportion
of the original character. This experiment canthmught of as requiring an operation
akin to intersection, in visualizing which portioh the character falls into each segment
of the circle, as if the two were overlaid, andoads comparison of visual similarity in
terms of which character portion embodies a greaseial area.

Drawing upon this literature, the main types oihsf@rmations employed by the
ASTI model, described in the following section, afine transformations and set
operations. The model's conceptualization of Jissamnilarity, which might be
considered a third class of visual mental transétioms, relies on set-based notions of
union and intersection (Tversky, 1977) and folldemsplate-based theories of similarity
in which image elements are compared accordinghéo amount of visual overlap

between them (Palmer, 1978).
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3.2 Description of the ASTI Model

As described in Section 3.1.2, existing computaiomodels have focused
exclusively on propositional accounts of problerh#sy on the RPM. This section
describes a computational model for solving RPMbfams, called the Affine and Set
Tranformation Induction (ASTI) model, that, like Kits proposed Gestalt algorithm
(1974), simulates modal reasoning by using icoscal representations. In particular,
this model uses pixel-based representations oflgmobnputs and reasons over these
representations using affine transformations ahdserations.

The ASTI model is one of a pair of visual RPM madehder development by our
research team. The other model, called the “frantadel,” represents an effort led by
fellow Ph.D. candidate Keith McGreggor (McGreggadr &., 2010). While this
dissertation does not address the fractal modaliepth, its development marks an
important contribution to the general argument alvsual RPM strategies that | present,
in that the existence of two different visual congtional models may yield additional

insights as to the generalizability of each of indlependent sets of results and analyses.

3.2.1 Inputs and outputs

The ASTI model uses representations consisting wad-dimensional arrays of
grayscale pixels, with each pixel associated witkirgle intensity value. These pixel-
based representations are iconic in that they prese spatial correspondence with the
patterns of light and dark areas on the actualpesilem inputs. They are modal in that
they remain in the same pixel-based format that gesserated when test problems were
scanned using a digital scanner.

Specifically, the inputs to the ASTI model for agm problem are sets of images that
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represent individual matrix entries and answer @dmias presented in the test booklet.
For the 2x2 problem in Figure 3, the inputs to A%T1 model are the images shown in
Figure 4, wheren; refers to the entry at roiand columr of the matrix, an@ through
a, represent tha answer choices given at the bottom of the problem.

The output of the ASTI model is a single numbemiaetn 1 and n, denoting its

chosen answer.

a, a, a; a, as ag

Figure 4. Imagistic representation of the RPM pobshown in Figure 3, fed as input
into the ASTI model.

3.2.2 High-level approach
At a high level, the basic approach used by the IAB8ddel is to:
1) Inspect the matrix portion of an RPM problem toedetine what relationship
is present among the existing matrix entries.
2) Using this relationship, generate a predicted answéhe form of an image
for what entry might occur in the empty spot in thatrix.
3) Compare the predicted answer to each given anshace and select the

choice that is most similar to the prediction.
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The relationship that the ASTI model attempts téedrine in Step 1 is an image
transformation that best accounts for the variaiomong entries in any collinear set of
entries in the matrix. In Step 2, the model applires same transformation to whichever
incomplete collinear set of entries is parallethe first, in order to generate its predicted
answer. In these two steps, the ASTI model is ntakiro implicit assumptions about the
structure of RPM problems: (1) entries in a singtdlinear set within the matrix are

related according to some image transformation,(@8hgarallel collinear image sets are
analogous in that they share the same image tranafon.

Schematic illustrations of which entries the ASTddrl uses in Step 1 to induce row
or column transformations are given in Figure 5 kiglre 6 for 2x2 and 3x3 matrices,
respectively. A more detailed description of theg® sets examined by the ASTI model
is provided later in this section. These illustmas show which parallel incomplete rows
or columns are used together with the induced toamstion to generate the predicted

answer in Step 2.

—> induce transform
—> apply transformto predict answer

A : A ..... _) ..... B ..... . .

___________________________________ o
C ? C = ? CcoiR
matrix row column

Figure 5. Schematic illustration of transformati@onsidered by the ASTI model for a
2x2 RPM matrix.
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For example, looking at a 2x2 matrix as shown guFe 5, the model might induce a
row transformation relating entridsandB and then apply this transformation to element
C to predict an answer. Alternately, the model codfg to induce a column
transformation in the same manner, first relatingies A andC and then applying the
induced transformation to entBy

For 3x3 matrices, the set of possible transformatis much larger, as there are eight
matrix entries to consider instead of just threeydhd considering unary transformations
as in the 2x2 case, i.e. transformations converéingingle given image into a single
transformed image, 3x3 matrices present the pdisgibf binary transformations, i.e.
transformations converting two given images inrgle transformed image. For a 3x3
matrix, looking at row transformations, the modelight induce a unary row
transformation between adjacent entrlesindB or adjacent entrieB andC, and then
apply this transformation to entiy to predict an answer, as shown in the top “row”
matrix in Figure 6. Or, the model might induce adry row transformation relating all
three entriesA, B, andC, and then apply this transformation to entii@sandH, as
shown in the bottom “row” matrix in Figure 6. As thvi2x2 matrices, all of these
transformations for 3x3 matrices can be inducdukeiicross rows or along columns.

Therefore, for a given RPM problem, the ASTI mopielceeds by first inducing all
possible transformations for the matrix, using ioelr sets of image entries. The
transformation induction process is described inrendetail below. Each induced
transformation carries with it a measure of “fitsiethat varies between 0.0 and 1.0 to
indicate how well that particular transformatiots fits associated row or column, where

0.0 indicates a poor fit and 1.0 indicates a perfec The ASTI model selects that
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transformation and associated image set that fesighest measure of fithess, which

completes Step 1.

—> induce
transform
= apply __ unary
transform  —————  ————— transforms
to predict ‘AB ¢! VURF SRS
answer L—— s [ — s L R SO T AN 4
A B C G _, ........................ ?
D E F _
G H ? A\ B\
HT - binary
matrix transforms
P ¥
G H
row column

Figure 6. Schematic illustration of transformati@onsidered by the ASTI model for a
3x3 RPM matrix.

In Step 2, the model applies this transformatiothebappropriate incomplete parallel
image set to predict an answer. Finally, in Steth8, predicted answer is compared in
turn to each given answer choice according to alasity measure, which is also
described below. The choice yielding the highestilarity value is chosen as the

model’s final answer.
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3.2.3 Best-fit image transformations

This section describes the induction process foaryntransformations (e.g.
converting imagé\ to imageB), with the detailed algorithm given in Figure idduction
of binary transformations (e.g. converting imagAs and B to image C) is a
straightforward extension of this process.

To begin, suppose we have two imageandB. We wish to induce a transformation
that represents the change frémto B. This process is akin to image registration, in
which two images are aligned according to somergzgitthat ultimately enable a “best-
fit” correspondence to be found. In image regigirgta correspondence between two
images is found by matching features between tlag@s, and any remaining differences
are modeled as a combination of various types ofmgtric deformations and/or color
transformations (Zitova & Flusser, 2003). While geaegistration is typically performed
on real-world images, this approach has been adapte the ASTI model's
transformation induction process, as it seems alelé to capture differences between
black-and-white line drawings of the type foundRiRM problems.

In particular, the ASTI model defines a compositensformation between two
images as a combination of two geometric transfantsone color-based transform:

1) A base affine transform(e.g. rotation, reflection, etc.)
2)  Atranslation(x, y)
3) A pixel-wise composition operatich (e.g. addition, subtraction) together
with a composition operand, which consists of another image
The ASTI model contains a finite set of base tramsé which, for simplicity, are

restricted to rectilinear rotations and reflectioAffine transformations such as shearing
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and scaling are not included, nor are other typegometric image deformations.

Initialization

Read matrix entries into list of inmages M

Read answer choices into list of inmages A

3 For any two inmages a and b, define a simlarity netric S(a, b) -
z € [0, 1]

N -

4 Define set of base transforms T

5 Define set of analogies Iy = |I;, where |, contains inage sequences
representing conplete row, colunn, or diagonal lines in the
matrix, and for each ig € I, |1 has the corresponding inages i,
representing the parallel partial line in the matrix

Transformati on | nducti on

1 For each inmge sequence ig € lg, induce the best-fit conposite
transformtc

2 For each base transformt € T:
3 Apply t to the first image(s) in iy to produce inage i,
4 Search all possible translation offsets (x, y) between i,
and i; to find the best match, as calculated by S(iogx,y), it)
5 Sel ect the best-fit base transformtg as per S, as
cal cul ated above
6 tcis then a conposition of tg and the translation offset (x, y)

7 ntain a final transformtg by selecting that tc which produces the
best average fit, across each subset of parallel ig € I

Candi date Prediction and Answer Sel ection

1 Choose imge sequence iy that results in the best-fit tg, according
to S as calculated in the previous step

2 Apply tg to corresponding partial image sequence i; € I, to produce
candi dat e answer inmge ic

3 For each answer choice i, € A conpute simlarity S(ic ip

4 Select the best-fit answer choice i A as per S, as cal cul ated above

Figure 7. Main algorithm for the ASTI model, indlang transformation induction.

To induce a composite transformation between twagies, the ASTI model first uses
a template-matching scheme to search across aibp@dase transforms and translations
to find the combination of these two geometric $farms that results in the best

correspondence between imagjeand imageB. Then, given these particular geometric
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transforms, any remaining image discrepancies amoumted for by defining pixel
differences between the two images as comprisiagpperand of an image compaosition
operation, namely pixel-wise addition or subtracti@/hich type of operation is selected
depends on whether there are a greater numbewxelspbeing added to or subtracted
from imageA to arrive at imag®.

The combination of these three transforms—basesfivam, translation, and image
composition—is defined to be the best-fit compositasformation between image
and imageB. The degree of “fit” (i.e. the strength of the @hgered correspondence) is

defined as the similarity value found during thepéate-matching process

3.2.4 Base transforms
The base unary transforms (i.e. transforming imAgato imageB) used by the

ASTI model during the induction of composite tramsfations are drawn from the set of
image operations that fall under the category taftransformations (hence the name of
the model), and in particular are restricted tchamnbrmal transformations only (i.e.
rotation and reflection, combined with translatioir) addition to the fact that affine
transformations are a well-defined and thoroughiyhied type of image operation, there
is evidence that human visual processing can agiffilye transformations like scanning
(i.e. translation), zooming (i.e. scaling), andcatmn to mental images, or operations that

are computationally isomorphic (Kosslyn et al. 2086epard & Metzler, 1971).
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original image

R s d ad

identity rotate90 rotatel80 rotate270

51 Aa A PN

identityflip rotate90flip rotate180flip rotate270flip
transformed images

Figure 8. Eight base unary affine transforms dse@x2 and 3x3 matrices.

Image A Image B

Pixel operation on pixels

Transformation | Notation Resultingimage

p.€Aandp,eB
union AUB max(p,, Pu) .
intersection ANB min(p,, Py) .

subtraction A-B P2— Pp ()
back-subtraction B-A Pp—Pa ()

exclusive-or AxorB max(p,, Pp) — min(p,, Pu) ()

Figure 9. Five base binary set transforms usetth&®ASTI model for 3x3 matrices.
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The ASTI model presently uses the eight base utransforms shown in Figure 8,
which comprise all possible rectilinear rotationsd aeflections. In addition, for 3x3
matrices, as mentioned earlier, the larger numldematrix entries introduces the
possibility of using binary image transforms instea unary ones (i.e. transforming
imagesA andB into imageC). The base binary image transforms used by thel AST
model are drawn from set composition operationgapture notions of image union,
intersection, subtraction, etc., and are implenterge the pixel level as maximums,
minimums, and differences of grayscale intensityes. Figure 9 illustrates the five base
binary transforms used by the model.

To see why these five particular binary transfomese chosen, consider the full set
of all binary transforms on two single black andtelpixels (i.e. functions that map from

two binary values onto one binary value). All pbksvalues for these transforms are

shown in Table 10.

Table 10. Definitions of pixel-wise operations f@rious pixel color representations.

AlBJjc c/cjc, c/c/c|jcjcjc,cjcjc|c|c,c
ojoj0,0/0/0(0}jOjO0Oj 012|221 1|1,1|1
0j14y0,0/0f0(1}12,1,1J0(0]0(0 1|1 1|1
1.0j0/0(2}j2 0fO0O/1|1}J0(0]|1|2/0/0|1|1
1/ 1j0/1212/0}j2 02/ 0O|1}J0(1 0|2/0[1|0|1

The two leftmost columns show the values of the imput pixels, labeled A and B;
there are four possible combinations of input valtlet can occur, which are listed by
row. The columns to the right show the sixteefed#nt possible patterns of outputs that

can occur for each pattern of inputs. All values shown as if 0 is the value of a white
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pixel and 1 is the value of a black pixel. Thibléagives all possible combinations of
inputs and outputs for a binary transform funcionbinary-valued pixels.

First consider the eight right-most columns that sltaded in brown. For all of these
output functions, two white pixels (values of 0 dhtbr A and B) map to an output value
of black (value of 1 for C). Since black is comsid by the model to indicate figural
pixels and white to indicate ground pixels, thasections would map the combination of
two ground pixels onto a figural pixel, essentidltyaking up” pixel content where none
previously existed. Operationally, this would twaih white regions shared between two
images into black, and so the ASTI model omitsetfaactions.

Next, look at the first green column output funantioThis function takes all possible
inputs and maps them to white pixels (values of Operationally, this function would
turn all pairs of images into pure white imagesd @ao the ASTI model omits this
function as well.

Next, turn your attention to the output columnsdgthin purple. Note that the first
purple column is identical to the input values fgrand the second purple column is
identical to the input values for B. Both of theséput functions essentially ignore one
of the inputs and instead map everything to theesbf the other input. Operationally,
given two images A and B, these functions woultegitmap directly back to image A or
back to image B, and so the ASTI model omits ttiesetions.

The five remaining white output columns that arfé derrespond precisely to the five
binary transforms that are implemented in the ABibdel. The first white column can
be read as the intersection operation, mappindackionly when both input pixels are

black. The second white column is subtractioncgigally A minus B. The third white
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column is also subtraction, specifically B minus Ahe fourth white column is the XOR
function, mapping to black only when one or theeotfbut not both) inputs are black.
Finally, the fifth white column is the union funati, mapping to black when either or

both of the inputs are black.

3.2.5 Visual similarity

The same similarity measure is used by the ASTIehad Step 1, for template
matching during the transformation induction precesnd also in Step 3, to select the
final answer choice based on the predicted answage. This measure is adapted from
Tversky's (1977) ratio model of similarity:

f(ANB)
f(ANB) +af(A—B)+ Bf(B — A)

similarity(A,B) = €Y

In this equationf represents some function over features in eatheotpecified seté
andB. The constanta andp are used as weights for the non-intersecting qustiof A
andB. If o andp are both set to 1.0, this equation becomes:

f(AnB)

F(AUB) 2)

similarity(A,B) =

For calculating the similarity measure, each featsrdefined to be a single pixel, and
intersection, union, and subtraction operationsdafened as the maximums, minimums,
and differences, respectively, of the pixels’ geas intensity values. The functiohare
defined as summations of feature comparison valuesthe entire image.

The formulation of Tversky’'s ratio model used by ttnodel makes one important
assumption about pixels, which is that they catréated as independent features within
the pixel sets represented by imageandB. While this notion of pixel independence is

a strong simplification, it matches the assumptiorele by basic template theories of
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visual similarity that define similarity based plyreon evaluations of the extent of

overlapping figural units (Palmer, 1978), whichomr case are individual pixels.

3.2.6 Consideration of image sets within matrix

Earlier, | stated that the ASTI model makes twauags#tions about how entries in a
problem matrix are related:

1) Collinear entries are related according to somegereansformation.

2) Parallel pairs of collinear sets of entries arel@yaus in that they share the

same (or a similar) image transformation.

These assumptions raise the question of how tatsetdinear entries and parallel
pairs of collinear entries from a given problem mxat In particular, we want the model
to examine collinear sets of entries to discovemagge transformation, and then find a
parallel collinear set of entries which containe #mpty space, in order to apply the
previously discovered transformation to infer asvaer.

In the 2x2 case, the situation is fairly simplehefle are four entries, and thus we
could consider collinear pairs of images or cobing&iplets of images. Collinear pairs
are possible in a 2x2 matrix, but collinear tripletre not, because the set of three
elementABC is not collinear in a 2x2 grid. So we restrichsmleration to pairs only.

Combinatorially speaking, there are six ways toodeopairs of elements from this
set: AB, AC, BC, A?, B?, andC?. Each of these image pairs represents a collisetar
of elements in the matrix, because any two pointa@rid are collinear. We need not
consider the reverse pairs—eBA, CA, and CB—because the base unary affine
transforms, as a collective set of operationscaremutative over pairs of images:

Identity(A)=B = Identity(B)=A
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Rotate90(A)=B Rotate270(B)=A

Rotate180(A)=B Rotate180(B)=A

IdentityFlip(A)=B

=
=
= ldentityFlip(B)=A
.

Rotate90Flip(A)=B Rotate270Flip(B)=A
Rotate1l80Flip(A)=B = Rotatel80Flip(B)#

Given the three complete pairs of collinear imagBs AC, andBC, the next step is
to find corresponding parallel collinear pairs whmontain the empty spa®an the 2x2
matrix grid. ForAB andAC, the collinear pairs are obviou€? andB?, respectively,
where ? represents the empty space. However, it is notdadiately clear what the
parallel pair is foBC. To find this, we simply repeat the matrix erdras if they were
part of a regular, infinite grid, as shown in FigurO0. BC is only parallel taCB, which
does not help in solving the matrix problem. (lkse forA? and?A.) Therefore, the
analogies considered by the ASTI model for 2x2 roa¢rare:A:B 0 C:? and A
C : B:?. These correspond to rows and columns, respécti®C andA?, which the

model does not use, correspond to diagonals.

A B
. :
rows columns ¢ ’

diagonals

Figure 10. Collinear pairs of entries, and patais of collinear pairs, in a 2x2 matrix.

For 3x3 matrices, the situation is more complexuth we can follow the same
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procedure to identify the analogies that the ASTidel will inspect. There are eight
nonempty entries in a 3x3 matrix. However, only$af entries or triplets of entries can
be collinear; any larger groupings will consistnain-collinear entries. To find the image
pairs, we first note that combinatorially there 8&ways to choose two entries from a
set of nine. Further, as noted above, any twdemnin a regular grid will be collinear,
but we need not consider the reverse pairs, asaffiee unary transforms are
commutative. Figure 11 shows how these collingarspcan be organized according to
rows, columns, or diagonals. As 28 of these 36spaontain complete (i.e. non-empty)

entries, there are 28 analogies that can be inspdgtthe model, given in Table 11.

T

rows

columns

diagonals diagonals

Figure 11. Collinear pairs of entries, and patais of collinear pairs, in a 3x3 matrix.

Moving on to the case of image triplets within @3xoblem matrix, there are 84
ways to choose three entries from a set of ninewever, few of these will represent
collinear triplets of entries in a 3x3 problem gridn particular, we can count the
collinear triplets by beginning again with the 3@spible collinear pairs. Of these pairs,
one can form sets of three pairs which represarethollinear elements, e 8B, AC,

andBC, which represent the tripl&BC. No other triplets in which any of these pairs
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participate will be collinear. Among the 36 pos$sibollinear pairs, there are 36/3 = 12
such sets of three pairs representing a collingdet.

Note that for a given collinear triplet, e BC, there are actually six permutations
that might be consideredABC, ACB, BAC, BCA, CAB, andCBA. The five affine
binary transforms are commutative with respech#ofirst two elements:

Union(A, B)=C = Union(B, A)=C
Intersection(A, B)=C = Intersection(B, A)=C
Subtraction(A, B)=C =  Back-subtraction(B, A)=C
XOR(A, B)=C = XOR(B, A)=C
Thus, the tripletABC is computationally equivalent tBAC, and likewise forACB /
CAB andBCA / CBA. However, examining the base binary transformgriplet ABC
will not be equivalent to examining the same transt for tripletsACB or BCA; in
particular, while the transposition of the firstatwnages in a triplet do not matter, which
entry takes the third place does matter. Furthezmoonsider a triplet containing the
empty entry in the matrix, call KY?. As long as the empty entry is in the third place
then solving for it using a base binary transfoewell-defined, as one just applies the
binary transform to the first two known entriesowver, if the empty entry is one of the
first two places, e.gX?Y, then solving for it will become ill-defined, asyanumber of
different images may suffice to make the relatigmstnue. Thus, the ASTI model
restricts consideration of binary transforms oveage triplets to only those triplets in
which (or which are analogous to triplets in whitig empty entry takes the third place.
Graphically, these triplets are shown in Figure TRere are a total of eight analogies

that can be formed with these triplets, as showraible 11.
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ll

rows columns

diagonals diagonals

Figure 12. Collinear triplets and parallel seteaffinear triplets, in a 3x3 matrix.

Table 11. Listing of analogies in 3x3 matrix.

Rows Columns Diagonals

A:B i H:? A:D : F:? F:G :: E:? F:H:D:?

B:C: H:? D:G: F:? G:B: E:? H:A:D:?

D:E: H:? B:E : F:? H:C:E:? G:C:D:?

Pairs E:F:H:? E:H : F:? C:D :: E:? C:E:D:?

G:H i H:? C:F:F:? A:E : E:? B:D:D:?

A:C: G:? A:G:C:? F:B: A:? F:A:B:?

D:F:G:? B:H:C:? H:D: A:? G:E:B:?
Triplets A:B:C:: G:H:? | A:D:G :: C:F:? | F:G:B :: A:E:? | F:H:A ::B:D:?
D:E:F:: G:H:? | B:E:H: C:F:? | H:C:D :: A:tE:? | G:C:E = B:D:?

3.2.7 Generality of transform

There is much redundancy contained in 3x3 matrigesparticular, the same
transform is repeated across each row or columa wfatrix. One way for the ASTI
model to take advantage of this redundancy is ¢& k&t best-fit image transformations
across all row/column subsets, instead of justitgpht the single best-fit image set. The
basic affine configuration determines the bestdiage transformation for a matrix by
searching among all possible base transforms amthgmall sets of entries listed in
Figure 11 and Figure 12, and selecting the singldlat yields the highest fitness value.

For 3x3 problems, an alternate “aggregate” strat®gg implemented that selects the
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best-fit image transformation by searching among plossible base transforms with
fitness valuesveragedfor sets of entries across all complete rows duroas. After the

best-fit base transform has been chosen basediaggregate fithess value, the single
best-fit row or column is used together with theresponding partial row/column, as in

the standard model, to generate an answer predlictio

3.2.8 A detailed example of solving a 2x2 matrix problem

This section contains a detailed example of theaijmsn of the ASTI model using the
2x2 sample RPM problem shown in Figure 3. Theioailgproblem image is first broken
into the constituent matrix entry and answer imagesshown in Figure 4. Then, as
shown in Figure 5, there are two possible combanatiof entries that are used to induce
transformations: the entries across the first rowt the entries down the first column.
The base transforms used in the induction processthe eight rotations/reflections
shown in Figure 8.

For the top row and for the first column, the bi#gstéomposite transformatiof; is
calculated by the model according to the algoritsimown in Figure 7. The resulting
similarity values from these calculations are givenTable 12. Once these similarity
values have been calculated, the transformatiodigge the highest similarity is chosen
as the defining transformation for the matrix.

In this case, it is the rotate180-flip transformagplied to the images in the first row
of the matrix, which yields a similarity value of.697. Then, for this particular
transformation, the image composition operand terd@ned to be subtraction, as there
are more pixels i\ but not inB than vice versa, i.&(A-B) > Z(B-A). In other words,

the second image roughly equals the first image transformed and minus some pixels.

106



Table 12. Matrix similarity calculations for theample problem shown in Figure 3.

izinal first i
?rlglna base irst image s.econd s S(AB)  Z(B-A)
images transform transformed image

identity 0.334 226.7 218.5
rotate90 0.292 250.2 247.8

first row: rotatel180 0.536 120.4 122.4

r | rotate270 0.262  269.6  267.0
to

identity-flip 0.318 235.9 229.4

! rotate90-flip 0.253 274.2 270.7

rotate180-flip 0.697 59.5 58.7

0.259 271.2 268.5

rotate270-flip

identity 0.438 173.7 158.4
rotate90 0.255 275.0 263.0
first column: rotate180 0.323 236.6 2133

rotate270 0.311 242.2 228.7

to
y—E identity-flip

rotate90-flip

0.608 104.6 86.3

0.261 272.1 256.8

| [ o o o 1 ey oy ] o [ Y Y

rotate180- 0.289 2549 234.1
flip
rotaftlfi%p270- 0.256  274.7 261.8

ml P g 1N ] P e e
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The predicted answer image is generated by takiaditst image from the second
row, applying the rotate180-flip transform, and tsatting the same pixels that represent
the difference between the images in the top rowthis particular case, the first row
images are fairly closely matched, and so the pik®t are subtracted are few in number
but not zero, due to slight imperfections in theunimages. Finally, the predicted answer
image is compared to each of the answer choicesh@gn in Table 13. The most similar
answer choice is selected as the ASTI model’s @mswer, which is answer number 2,

with a similarity value of 0.503.

Table 13. Answer similarity calculations for theaeple problem shown in Figure 3.

predicted answerimage  answer choice images s

0.257

0.503

0.256

)

0.211

0.265

Sy LN

0.277

3.2.9 Image processing to obtain inputs
To obtain inputs for the model in the form shown Rigure 4, | followed a
standardized procedure, described in this sectkarst, each test booklet was cut at the

spine, so that each problem was on a separated(ulitie-sided) sheet of paper. Each
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page was then scanned to create digital imagesadh @roblem. All scans were
performed at 200 dpi on a grayscale setting (ehencblored problems on the CPM).
Each original scanned image was 1704 by 2197 piraeize.

Then, each scanned image was cropped to remoyedhkem label at the top of each
page. Also, any large dust specks that arose thmrscanning process were manually
removed, but only from the outer margins of eacbbj@m page (i.e. no pixels were
altered within any of the actual problem conterthex within the problem matrix box or
within any answer choice box). These were the omnual corrections performed on
the scanned images. The resulting images were fghsged into an automated image
processing system to carve up each problem intmonstituent subimages.

One might assume that carving up each problem wbelda simple matter of
extracting subimages of particular sizes and pwosstiacross all problems; however, the
RPM test booklets contain significant variatiorsining and positioning across problems,
enough so that a simple one-size-fits-all solutieas not sufficient to subdivide each
problem. Therefore, automated methods were degdldp extract the subimages,
primarily by searching through the image to fin@ #dges of the matrix and of each
answer choice. Edges were determined using pmehsity thresholds. For all of the
image processing described here, the thresholdidétermining edges was set to 0.4
(where 0.0 is white and 1.0 is black). Threshdtdshe CPM were set somewhat lower,
ranging from 0.1 to 0.3, as some of the problem®wery light when scanned.

First, each problem image was corrected for ratalionisalignment. The image
processing system searched from the top of eacheart@locate the upper edge of the

box enclosing the problem matrix and performednapse linear regression to determine
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the slope of this line. Then, the entire image veéated to make this line horizontal.

Second, the position and dimensions of the matkwere determined by searching
for each of its four edges. For 2x2 matrices, éh@re box was then divided into four
guadrants, and the first three of these quadradarbe the three matrix entry inputs into
the ASTI model. For 3x3 matrices, once the eddethe matrix box were found, the
position of the empty box within the matrix (in tHewer-right-hand corner) was
determined, again by searching to find its edgébe position of this empty box was
used to define the size of each of the rows andneo$ in the 3x3 matrix. In particular,
the bottom row and right-most column were definede aligned with the edges of the
empty box. The top row and left-most column weeéireed to be the same sizes as the
bottom row and right-most column, respectively.

One additional correction was performed by the ienpgpcessing system to account
for mis-aligned matrix entries in the original pleims for 3x3 matrices. The height of
the first two rows and the widths of the first twolumns were automatically adjusted to
avoid chopping off part of a figure in a matrix gnt In particular, if the divide between
the first and second rows crossed any non-whitelgjixts position was incrementally
moved up or down (up to a maximum displacement) iinmo longer crossed any non-
white pixels. The divide between the first and oset columns was automatically
adjusted in the same fashion. Note that the neguiubimages for 3x3 matrix entries
within a single problem were not necessarily thesaize. Figure 13 illustrates results

of the automated image processing system for 282388 matrix problems.
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Figure 13 Automated segmentation of 2and 3x3matrix problens.
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3.3 Results from the ASTI Model

In this section, | present results from running &%T1 model against the SPM, the
CPM and the APM. When RPM results are typicallglgred, the total score from each
test summarizes the overall level of performandewever, the raw numerical score may
have little meaning to those unfamiliar with thetfeand so the total score is typically
compared to national age-group norms to determipereentile ranking. As the ASTI
model does not have an “age” with which to lookitgppercentile rank, it is instead
assumed that the model is performing at th8 Bércentile, and then an “average age”
can be inferred at which human test-takers wouldwshkan equivalent level of
performance. These comparisons with human noreprasented not to suggest that the
problem solving processes used by humans of aicext@ strictly resemble those of the
ASTI model but merely to give readers unfamiliathathe RPM tests some indication of
what level of ability is indicated by a particukore.

Because the ASTI model is not a process model leinrgpRPM problems, variables
that have to do with the sequence or ordering otgssing of inputs or of reasoning are
not valid. Thus, measures like reaction time terdion (e.g. eye-tracking) are not valid
for this model.

The Standard Progressive Matrices (SPM) consis&)qfroblems divided into five
sets of 12 problems each, labeled Sets A througTlke first 24 problems (Sets A-B)
consist of 2x2 matrices. The Colored Progressivatriges (CPM) consists of 36
problems divided into three sets of 12 problem$ekabeled Sets A, AB, and B. Sets A
and B are identical to Sets A and B from the SPXéept that problems are presented in

color. Set AB is intended to be of intermediatdiclifity between Sets A and B. All 36 of
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the problems on the CPM contain 2x2 matrices. Abeanced Progressive Matrices
(APM) consists of 48 problems divided into two setsl? problems and 36 problems,
respectively, labeled Sets | and II. All 48 prabkeon the APM consist of 3x3 matrices.
The ASTI model was tested on all problems fronttake tests.

Note that the ASTI model was developed primariltemaimy own inspection and
completion of the SPM test. This test was usegrtwide insights into what kinds of
problem solving capabilities the model might needsblve these types of matrix
problems. However, | did not take the CPM or theMA prior to testing the model

against these tests, and | had only minimal exgotutheir problems.

3.3.1 Results and discussion for the SPM

The ASTI model correctly solves 50 of the 60 praideon the SPM. For typically
developing children in the U.S., this total scooeresponds to the 50th percentile for 17-
year-olds, as shown in Figure 14 (Raven et al. 320@ breakdown of this score across
sets is given in Figure 15, along with the expededre composition across sets for
participants achieving the same total score.

The ASTI model performs extremely well on the SPAdhieving a score near the
upper end of the test’'s discriminable range. Ttmres across sets also resemble the
expected score composition for human test-takergiating by no more than +/- 2 on
any given set, indicating that the problems in @etsnd B which are easy for humans
also seem to be easy for the ASTI model, whilentloelel has trouble with more difficult

problems found in Sets D and E.
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Figure 14.Score achieved by ttASTI modelon the SPM, along withorms for
typically developing children in the USA (Raveraét 2003)

W ASTI model OHuman norm (total score of 50)
12 4

10 A

Number correct

A B C D E

Setof SPM

Figure 15. ASTkcore broken down by Sets A throuc on the SPMwith expected s¢
score composition for same given total s (Raven, Raven, & Court, 20(

114



Table 14 gives a comparison of the performancehef ASTI model with other
computational models that have been tested aghi@es$PM. The ASTI model achieves
the highest overall score, but both propositionableis perform better on the later sets
than does the ASTI model. One reason for this trivghthat the ASTI model currently
lacks the ability to perform segmentation of a Bngratrix entry into multiple entries
that follow different transformation rules. For exale, a problem might have three inner
shapes that are permuted across rows and colunthghese outer shapes that remain
constant across rows, as illustrated in Figure Tite ASTI model cannot currently
account for these types of transformations, thaihgine is noa priori reason why such
transformations could not be implemented using icoepresentations. Segmentation
could be done by iteratively seeking transformatitm successively explain differences

between subsets of pixels in each matrix entryl natpixels remain to be explained.

Table 14. Results from various computational medel the SPM, by set. Each set
contains a total of twelve problems.

Model Set A Set B Set C Set D Set E
Cirillo & Strom (2010) n/a n/a 8 10 10
Lovett et al. (2010) n/a 44 total for sets B through E
ASTI model 11 12 10 8 9

Segmentation of this type is likely necessary foy eomputational model to solve all
of the problems on Set D. Both of the propositianadels listed in Table 14 receive, as
inputs, matrix entries already segmented into diecshapes, as vector graphics, although

the Lovett et al. (2010) system did have the abtlit re-group and re-segment discrete
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shapes and edges within its vector graphics reptasens. The Carpenter et al. (1990)
model (to be discussed later in Section 3.3.3) ivede hand-coded inputs already
segmented into propositional features. A questmnféiture work is how automated
image processing techniques might be applied tiboperimage segmentation of RPM
problems, and what background knowledge is needgdrding the identities of shapes

and other visual entities in order to perform ssegmentation.

S
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QM ED[H)

Figure 16. Example problem showing multiple eletaem individual matrix entries.

One interesting aspect of the SPM results in TaWlas that (as far as we can tell
from published findings) only models using visuepresentations have ever attempted
Set A of the SPM, which, according to human normeatlata, is purportedly the easiest
set on the test The problems on Set A of the SB&¢ Figure 17 for examples), are
gualitatively different from the problems on SetstlBough E in that they resemble
pattern-completion problems more than geometridogryagproblems. It may be that part
of the reason that no propositional models have bested against Set A is because these

types of problems are very difficult to represesing propositions, especially within
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propositional schemes that focus on representisgyetie shapes and attributes.
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Figure 17. Two examples of the “pattern-completitype of matrix problems found in
Set A of the SPM and of the CPM, as well as invadarly problems on the APM.

Some of these types of problems could potentiadlydpresented propositionally as
textures, but this approach would be difficult fwoblems such as that shown on the right
of Figure 17, in which no quadrant of the matrixi@ns a uniform texture. Furthermore,
extracting propositional descriptions of textureedily from an image is in itself a
difficult computational task. These problems migido be represented propositionally
using a richer vocabulary that includes lower-lesfeiments such as edges and lines (for
example, as obtained by the edge segmentationggacehe Lovett et al. 2010 model),
but this approach greatly increases the computtiocomplexity of the problem; instead

of problems containing two or three or even termelets per matrix entry, a single
problem as shown in Figure 17 might have dozereven hundreds of elements.

Such problems are very easy to represent using Inamtac representations of the
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type used by the ASTI model; the representatiomphi consists of the scanned images
from the test. In fact, using pixel-based represtgorns, none of the problems on the SPM
are particularly more difficult to represent thary athers, and this type of representation
seems highly effective, as the ASTI model achievesry high score on Set A.

Human factor-analytic studies of the SPM have wibycclassified these pattern
completion problems as loading on a “gestalt” ctigaifactor, in contrast to visuospatial
or verbal factors. These data seem to suggesipHitrn completion problems may be
solved by humans using qualitatively different ®tgges than those used on the geometric
analogy type of RPM problem. The ASTI model curiesblves the problems in Set A
using the same mechanisms used on later problenparticular, the ASTI model looks
at discrete transformations within the problem matre. going from one image to
another, which is akin to using a rule-based, aMisual, approach (where the rules are
conceptualized as image operations of affine ahtraesformations). A gestalt approach
might differ by looking at the entire problem matas a whole, using principles of visual

coherence such as symmetry and continuity.

3.3.2 Results and discussion for the CPM

The ASTI model correctly solves 35 of the 36 praideon the CPM. For typically
developing children in the U.S., this total scooeresponds to the 95th percentile for all
children under 12 years of age, as shown in Fig8réRaven et al., 2003). A breakdown
of this score across sets is given in Figure I&h@hwith the expected score composition
across sets for participants achieving the sana¢ $obre. Note that Sets A and B on the
CPM are identical to Sets A and B on the SPM, eixegih colored diagrams instead of

purely black and white ones.
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The ASTI model performs extremely well on the CPaghieving a score that is
essentially at the ceiling of what the CPM can meas The scores across sets exactly
match the expected score composition for humartaksts. The single problem missed
on the CPM was B9. This problem was actually sblgerrectly on the SPM, and the
ASTI model correctly solves problem Al12 on the CRMMich was missed on the SPM.
These two discrepancies are explained by the diftguixel thresholds used in testing the
ASTI model against the SPM and the CPM, which ssassed further in Section 3.4.1.

No other computational model has ever been tegjenhst the problems on the CPM.

3.3.3 Results and discussion for the APM
The ASTI model correctly solves 18 of the 48 praideon the APM. For typically

developing adults in the U.S., this total scoreregponds to around the 15th percentile
for most adults, as shown in Figure 20 (Raven.e280D3). Note that norms for the APM
are given for adults instead of for children, ahdse data show a decline in scores with
increasing age. A breakdown of this score acressis given in Figure 21. The APM
does not give data on the expected score composiinoss sets for all participants
achieving the same total score, but for adults @060 years of age, Figure 21 also

shows their expected score composition alongsidafimne results.
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Carpenter et al. (1990) report results of runniwg tversions of their production
system model (FairRaven and BetterRaven) againstibset of APM problems. A

comparison of their results with the results of A&T1 model is shown in Table 15.

Table 15. Results from various computational medel the APM given as total correct
out of total number attempted, by set.

Model Set | Set Il
12 problems 36 problems
Carpenter et al. (1990): FairRaven 7 out of 7 16 out of 27
Carpenter et al. (1990): BetterRaven 7 out of 7 25 out of 27
ASTI model 5 out of 12 13 out of 36

Both of the propositional models do much bettenttitee ASTI model on the APM.
As mentioned with regard to SPM results, part @& thason for this discrepancy may
have to do with image segmentation. Both Carpemiedels received as input hand-
coded propositional feature vectors that alreadytained segmented descriptions of the
problem content. It may be that adding a mechangsperform visual segmentation to
the ASTI model would be sufficient to boost itsfpemance on the APM.

As seen in this table, both of the Carpenter é1290) models were tested on only 7
of the 12 problems in Set |, and 27 of the 36 protd in Set Il. The reasons for this
omission were described as stemming from the lioita of a digitized display system
that was used for behavioral experiments condugtixt to the computational analysis,
though there is no explicit mention of why thesebbems were omitted from the
computational analysis as well. It may be that $hene problem features that caused

problems with the digital display also caused peoid for the authors’ hand-coding of
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propositional problem representations, though thereot enough information in the
paper to know this for sure. The problems omittede problems 1, 3, 4, 5, and 11 from
Set |, and problems 2, 11, 15, 20, 21, 24, 25a88,30 from Set II.

The first four problems in the APM resemble thetgratcompletion problems in Set
A of the SPM, as discussed in Section 3.3.1; osehfour, three are omitted by the
Carpenter et al. (1990) models. The fourth problprablem 2 in Set ) contains discrete
elements not unlike those in the geometric analogye of problem, except with
continuous lines added around the elements. Irdbmmspection might suggest that this
particular problem can be solved even if its cantims, pattern-like content is ignored.
So, as with the SPM, the results from Carpentexl.e2010) suggest that propositional
models have yet to attempt pattern-completion sl Of the four pattern-completion

problems on the APM, three are answered corregtthé ASTI model.
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3.4 Altering Representations within the ASTI Model
In this section, | discuss the results of two ekpents conducted with the ASTI
model to investigate the effects of altering the-level representational commitments

made by the model, namely its representation adlpiand of visual similarity.

3.4.1 Representation of pixels

One tunable parameter in the ASTI model lies in hmoxels are represented. In
particular, pixels in the ASTI model are represdnés binary black-and-white values,
where only two values are possible: 0 (white) arfdlack). While this approach reduces
noise in the inputs, some fine-grained detail carost due to the radical shifting of raw
pixel color values to extremes of black and whiléote that though an image in the test
booklet may appear to be purely black and white,tdst when scanned contains many
grey-valued pixels, for instance on fine lines bth& edges of shapes.

Pixels in the ASTI model contain a threshold, egpesl as a percentage value
ranging from 0% (pure white) to 100% (pure blaekt)pve which pixels received as input
from the original scanned images will be convettetlack, and below which pixels will
be converted to white. Changing this parameteergsdly alters how the model
performs figure-ground discrimination on the inptltat it receives. High values of the
threshold are more resistant to grey-valued noisglp in the images, but lower values
can capture more fine levels of detail.

The threshold for the initial run of the ASTI modagjainst all three RPM tests
described in the previous section was manuallycssatthreshold of 10%, based on visual
inspection of sample test problem images. (FoiGR#&1, to account for the variations in

grey values among problems that were colored iferdift shades, the threshold was
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adaptively set by thASTI mode to either 25% or 62.5%.)n order tc investigate the
effects of varying thidigure-ground separation threshold, | ran h8TI mode against

the SPM using ten differethreshold settings, distributed evenly fr&& up to 509.

3.4.2 Results of pixelrepresentation experimen

Figure 22 shows graph of the total scores achieved byASTI mode on the SPM
for the ten different assignments of the pixel shidd, ranging from 5% up to 50%. .
this figure shows, the scores overall are very laimwith the lowest being 46 and t
highest being 50. Thus, ttASTI model seems to be fairly robust changes in th
underlying pixel representation. The lower thrédhoseem to yield slightly high
scores, which may indicate that the lossvisual information as the pixel threshc
increases affects the performance of ASTI modelmore than the ddition of visual

noise as the pixel threshold decree

54 —

48

Hnnh

5% 10% 15% 20% 25% 30% 35% 40% 45% 50%

Number Correct

Pixel Threshold

Figure 22. Total®res achieved by ttASTI modelon the SPM for various assignme
of the figure-ground separation pixel threshold value.
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Figure 23 showshe scores for the sanvariations in pixel threshol for each set on
the SPM. The problems on Set A, which are dengabtked with visual informatiol
seem to sffer with low pixel threshold values, likely asrasult of added noise th
obscures the patterns and textures found in thesklgmns. In contrast, the lai
problems, especially in <&s B, C andE, seem to show improved performance at Ic
thresholdslikely because these problems consist of fine mawings for which highe

thresholds may lose imgtant visual details.
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Figure 23 Scores achieved by tASTI modelfor each set on the SPM for varic
assignments of the figL.-ground separation pixel threshold va

The highest performance achieved by any combinatibrthresholds is 52 tot:
problems correct. One important area for futurekweill be in developig autonomous

methods for a visual model like ttASTI modelto tune its own pixel representati
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thresholds. This would essentially serve as a am@sm by which the model can identify

salient features on its own and tune thresholdsrdawly.

3.4.3 Representation of similarity

Calculating similarity is a central facet of the ASnodel and would be of any model
using modal iconic representations. In order tcestigate the effect of using different
formulations of visual similarity, | implemented sum-squared-differences (SSD)
measure of similarity, in addition to the Tverskwysarity measure originally used by the
ASTI model, defined as:

1
1+ X(pa — pB)?

similarity(A,B) = (3)

Note that the model takes the reciprocal of one phe sum of squared differences
between pixel intensities in order to convert teaal SSD measure of difference into one
of similarity that varies between one (for identio@ages) to zero (for images with

infinite differences in pixels), as shown in Figa4

0.8 DA 1 15 2 25 3 248 4 4.8 i a8 i} 6.5 T 75 2 25 a a5

Figure 24. Graph showing range of values for sgoaeed-difference similarity
measure, where x-axis indicates magnitude of ral &Sculation.

The absolute magnitude of the difference betweeruthion and intersection of pixels
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approximates the result of the SSD measure (amtiddual pixel values vary between
zero and one). Thus, for the same magnitudes Df 88 can approximate the Tversky
similarity measure equivalents by setting SSD edaahe union of pixels minus the
intersection, and then “solving” for the Tverskyamare of union divided by intersection,

as given in Equation (4):

SSD =~ union — intersection

union = SSD + intersection

intersection
Tversky = ————
union
intersection
Tversky = 4)

intersection + SSD

Thus, for various values of the intersection betwé®o images, the Tversky
similarity measure will scale with the raw magnggdof SSD very much like the SSD

similarity measure defined above, as shown in Q.

-0.8 (1] 1 1.5 2 248 3 34 4 445 5 548 ] 6.5 i 7.5 8 8.4 £l as

Figure 25. Graph showing how Tversky similarityasere changes for various values of
intersection (curves) and magnitudes of SSD (x)axis

128



To study the effect of altering ttASTI models representation of similarit\ tested

the model usinghe SSD measure of similarion the SPMusing a pixel threshold of O

3.4.4 Resultsof similarity -representation experiment

Figure 26shows a graph of the total scores achieved b/ ASTI mode on the SPM
for the Tversky and SSD similarity metri. As this figure shows, th@SD configuratior
does not perform very well, correctly answeringyo8R problems as compared to
problems for the Tversky configurationThus, the ASTI modekeems to be fairl
sensitiveto changes in the underlyirsimilarity representation.Figure 27 shows the

scores for both similarity metrics for each setlom SPM.

48 -

36

24 4

Number Correct

12 -

Tversky SSD

Similarity metric

Figure 26. Total scores achieved by tASTI model on the SPMof the Tversky an
SSD similarity metrics.
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Figure 27.Scores achieved by tIASTI modelfor each set on the SPM for the Tver:
and SSD similarity metrics.

Why does changing the similarity measure affect pleeformance of theASTI
modeP A closer look at each similarity measure suggese possibility. Consider tl
image pairs shown ifigure 28. For pairsAB and CD, the number of pixels that a
different between the images within each pair & gshm—two pixels—but the amount
of common pixel content that is shared is diffe—four pixels in pairAB and only two
pixels in pairCD. The Tversky measure, given in. (2), privileges matches that shi
more pixel content, and so imacAB yield a higher similarity value than do ima¢CD.

In contrast, the SSD similarity measure, givendn @), effectively ignores any pix
content that is shared; similarity is culated only as a function of pixels that
different. Thus, the SSD measure yields identigailarity values for image pairAB

andCD, because within each image pair, there are twonatished pixels. The oppos
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pattern can also occur: for image pd&tfs andGH, the Tversky measure yields identical
similarity values, but the SSD measure prefers pghir becauseEF has only two
mismatched pixels, where@sd has three mismatched pixels.

In summary, the Tversky measure considers bothedhinage content as well as
content that differs between two images. This appé be an important component of

similarity for solving visual analogy problems likeose found on the RPM.

A B C D
Tversky 4/6=0.667 2/4=0.500
f(ANB) / f(AUB) /6=0. /4=0.
SSD
1/(1+2) = 0.333 1/(1+2) = 0.333

1/ (1+Z(pa-ps)?)

F G
Tversky _ ]
f(ANB) / f(AUB) 4/6=0.667 6/9=0.667

1/(1+2(pa-ps)?)

Figure 28. lllustration of differences between Bky (1977) and SSD similarity
measures, as applied to pixel-based images.
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3.5 A Note on Inputs

In this section, | discuss the rationale for chnggo work with raw, scanned images
from the test, instead of using artificially gertedh “clean” input images. The ASTI
model takes as inputs scanned images from the |aBBM test booklets. Some
preprocessing is done on these images; they araaihamotated to correct for rotational
misalignments during the scanning process, and tthey are automatically sliced into
constituent images for each matrix entry and answloice. Even after these
preprocessing steps, however, the images fed assiimio the ASTI model are still very
noisy; they contain numerous pixel-level artifaatsdl misalignments from the scanning
process, and in addition, the figures in the RPM b®oklets are not (at a fine level of
detail) as precise as they might appear to the hueya. For example, part of a matrix
element that appears to be symmetric about itztwial axis can be measured and found
to be off by a half a millimeter, which sounds tiagtil one considers that that entire
segment of the figure is only seven millimeters avié&ntries that are clearly meant to
appear identical across multiple matrix entries rawe exact duplicates of one another;
this becomes especially apparent in figures thairjporate textures such as stripes.

For these reasons, the similarity values calculbtethe ASTI model are often much
lower than one might expect. In the example probtkscussed in Section 3.2.8, even
though the predicted answer looks very like oneth@ given answer choices, the
calculated similarity between the two images is/@h603?

One might ask, why not just create “clean” compgaégt input images to eliminate

the imprecision found in scans of the SPM test bei@kThere are three reasons for

* This example problem was hand-drawn using rutgesicils, and ink, in order to emulate the level of
imprecision found in the actual RPM test booklets.
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choosing to work with the original scanned imagéee first reason is simple: given that
humans use paper copies of the test, one mighthséythe model should try to tackle
inputs that are as close as possible to the otgiklumans do not receive the benefit of
having “cleaned up” versions of RPM problems, amaaither should a computer model.

A second reason has to do with model robustnessnvaeed with low-level
representational irregularities. Part of the poaweamodal propositional representations
comes from their ability to abstract away from thes pixel level, and, for example, call
two squares “identical” despite slight mismatches size or alignment. However,
methods using modal iconic representations canadba@ve similar levels of robustness
using calculations of visual similarity at the pixevel, whether or not the inputs have
been “cleaned up.” The field of image processimgulaly deals with noisy, imperfect
images, and the ASTI model strives to maintain sofhat realism and take the actual
RPM test problems as they come.

The third and most important reason for choosingmoedraw RPM problems is that
there is a strong methodological argument agair(sthether they are redrawn as vector
graphics or even just as more precise raster imagesan example, consider redrawing
the shapes shown in Figure 29. At first glances¢henages might appear to be identical,
and it would be tempting to create the first ciralgh stripes and copy it in order to
create the second. However, closer inspection neitbal that, although the high-level
texture might be described in the same way, atwalével, the images are drastically
different—the calculated similarity between these tmages is a mere 0.253! While the
outer circular outlines are alike, the inner “teetli’ portion of each circle is almost

exactly a negative image of the other.
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Figure 29. lllustration of “same” texture with @iy different pixel-level properties.

As another example, specific to redrawing proble®manore precise raster images,
consider the problem shown in Figure 30, which \@eswvn using vector graphics in
PowerPoint and then exported as a raster imagekihg@qust at the top row of matrix
entries, and using the set of eight affine basastoamations shown in Figure 8, it
becomes apparent that the top-row image transtiad equally well be described as a
“rotate180flip” transformation (i.e. a reflectiob@ut the vertical axis) or as a “rotate270”
transformation (i.e. a one-quarter counter-clockwigtation). It follows that the model
oughtto compute that either of these transformationsgisally well-suited, and choose

one according to whatever tie-breaker is in place.

CIED
e
ODD
DI

Figure 30. 2x2 example problem to illustrate intpaxf “clean” input images.
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However, the actual output of the model depend$adt, on how the problem was
originally created using vector graphics, evenraife images have been rasterized. In
particular, when recreating this problem using @ecgraphics in Powerpoint, the
original, top-left image in the matrix was usedctmstruct two different versions of the
top-right image. For the first version (the “rothteersion”), the top-left vector graphic
was rotated 90 degrees to the left. For the sewenslon (the “reflected version”), the
top-left vector graphic was reflected about itsticat axis. Then, all of these vector
images were rasterized to create input imagesetb ifeo the ASTI model.

Results from calculating similarity values over bHse affine transformations for
these two versions of the top-row images are shawrable 16. For the rotated version,
the rotate transformation is found to yield thehast image similarity. In contrast, for the
reflected version, the rotate180-flip (i.e. reflen) transformation is found to yield the
highest similarity. While the slight differencesepent in the final rasterized images
would likely not influence the behavior of a humeking the test, these differences
represent enough of a bias that they can completeynge the output of a model that
uses pixel-based representations.

As these examples show, when redrawing RPM probldnes specific choices by
which “clean” images are created can have a neratimpact on the visual information
contained in the problem and thus can significaaligr the output of a computer model.
Redrawing could also introduce bias if the draftes foreknowledge of the computer
model to be tested against the problems, as they coasciously or unconsciously
redraw problems with the problem-solving algoritimmind. Lovett et al. (2010) notes

that for their experiments, one of the SPM tesblams was redrawn using a grey line
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instead of the original dotted line “for simplicityWwhile humans solving this problem
would likely not be much affected by such a chaiiggges raise questions of when such
simplifications are appropriate and when they mightfact, be materially changing the
substance of a problem for a computational systemn.all of these reasons, the ASTI

model deliberately uses images scanned directiy fie printed RPM test booklets.

Table 16. Similarity calculations for example gdesh shown in Figure 30. Underlined
values indicate highest values of similarity focleaalculation.

base transform | original images s original images s
identity rotated 0.456 reflected 0.439
rotate90 version: 0.347 version: 0.325

rotatel80 0.449 0.431
rotate270 Cb 0.884 Cb 0.818
identity-flip to 0.341 to 0.340
rotate90-flip 0.458 0.433
rotate180-flip @ 0.881 @ 0.825
rotate270-flip 0.452 0.419
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3.6 Claims and Future Work

In this chapter, | show that, for many RPM probleihss not necessary to extract
amodal symbols in order to arrive at the correstagr, and iconic visual representations
often constitute a sufficient form of representatio solve these problems. The ASTI
model is intended to serve as a complementary at¢olexisting propositional models,
which together may provide an integrated, dual4sscaccount of human problem
solving on the RPM. | conclude this chapter witie\a remarks about this work.

First, my aim is not to show that the ASTI modelhstter” or “worse” than previous
computational models, but rather to explore to wéreent a particular set of iconic
representations and mechanisms can succeed onyadbioBRPM problems, just as
previous computational models have explored to whdent particular propositional
accounts can be successful. | discuss results th@ASTI model in comparison with
other models in order to evaluate how the represiental commitments made by such
models affect their performance on various subse®PM problems.

Second, the ASTI model demonstrates only one plessistantiation of the use of
modal iconic representations for RPM problem savifhe spectrum of possible iconic
representations ranges from the type of low-lepeigl-based representation used by the
ASTI model to more complex representations expjiagbntaining edges, lines, shapes,
topological information, etc. One question for hat exploration is how models that use
other types of iconic representations might perfomthe RPM.

Third, while the ASTI model does not seek to prevah account of or model all of
the microstructures and processes of human visuréital processing, the operations it

uses (affine transformations and set operatiores)raathematically grounded for general
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forms of imagery or visualization and are basednupeidence from studies of mental
imagery. Both affine transformations and set ojpa@na can be formally defined as
general types of transformations over any two-disiaral plane figures, whether pixels,
edges, shapes, or otherwise. These types of apesator operations that are
computationally isomorphic, have been found to phayole in mental imagery tasks
ranging from mental rotation (Shepard & Metzler71pand scanning (Kosslyn, Ball, &
Reiser, 1978) to image addition and subtractiomiiBrmonte, Hitch, & Bishop, 1992ab).

Fourth, while the ASTI model was designed to usefoof inference similar to those
evidenced by studies of mental imagery in humans,all elements of the model are
intended to be interpretations of human cognitiveessing on the RPM. The primary
intent of the model is to evaluate whether the eonhtof the proposed knowledge
representation is sufficient for solving RPM probke using forms of inference that are
cognitively plausible, even though certain aspexdtthe overall process may not be.
Thus, the ASTI model representantentmodel rather than processmodel of how
humans might solve RPM problems using iconic viseptesentations.

Future work on the ASTI model will include implenting additional forms of visual
reasoning, such as scaling, image segmentation,gasthlt perception. In addition,
much work remains in comparing the processing pera by the model with the mental
imagery operations that humans apply when viswsglying RPM problems. Part of this
research will include investigating how the basiechmnisms used by the ASTI model,
namely affine transformations, set operations, sindlarity-based matching, might be
implemented in a neural computational architectuigng detailed knowledge of the

processing and neuronal structures contained irehunsual processing brain areas.
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4 CLASSIFICATION OF RPM PROBLEMS

One reason for forming problem type classificatibmsa standardized test such as
the RPM is so that such classifications can be uségrther computational, behavioral,
and/or neuroimaging studies to better determinet wbgnitive processes people use or
need to use to solve the test. This is an arguinemt cognitive science, in that problem
classifications can be used to better understanthhicognition.

Another reason has to do with understanding thehasyetric properties of such a
test, because if problems can be classified agyb#inifferent types, then finer-grained
observations about an individual’'s cognition camale by looking at their performance
not just on the test as a whole but on individuabgem classes. This is an argument
from practicality, in situations involving the usé psychometric tests, as knowledge of
problem classes can better inform interpretatidreandividual’s test results.

Developing such a classification scheme can al$o tioerelate performance results
across psychometric tests. There is currently #omoof very coarse problem
classification in psychometrics along the dimensioh verbal and non-verbal (e.g. the
Wechsler scales divide subtests into whether thegtribute to “verbal 1Q” or
“performance 1Q”). However, it may be that two fdient tests actually contain
problems of the same type, or a single test mightain problems of multiple types.
Classifying problems apart from just how they appeaa standardized test could affect
how psychometric tests are studied. This is anragmt from psychometrics, to improve
the way in which tests are created, evaluated uadérstood.

The specific research question that | addressisrctiapter is:

1) How can the ASTI model be used to classify problemshe RPM according
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to their information processing demands?

| begin by summarizing existing approaches to mwbktlassifications of the RPM
tests. | then describe a method for using systenadtiations of the ASTI model to
obtain problem classifications according to theotinfation processing demands of
particular problems. Then, using experimental dditained from the ASTI model, |
present a new classification of problems for theviCéhd the SPM. The APM is not
addressed in this section as the ASTI model do¢glaavell enough on it to provide
classifications for many of the APM problems. hclude the chapter with a discussion

of claims and future work.
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4.1 Existing Approaches

Since John Raven’s creation of the Progressive itéstrfamily of tests, most RPM
analyses and refinements have been performed basaitbrmative data from large
samples of TD individuals (Raven et al., 2003). iM/there have been many efforts to
identify problem types on RPM tests, most of theS8erts have either used qualitative,
introspective methods or have been based purelyuaman performance data, without a
deep consideration of the information processingatels of individual problems.

Jacobs and Vandeventer (1972) collected 1335 mgtix figural reasoning items
from 22 standardized tests, and educed (usingfarmal inspection of the items) a set of
12 relations that they believed covered the mgjaittest items. These twelve relations
are: identity, shape, shading, size, movement iplame, flip-over, reversal, added
element, addition, unique addition, number seaasd, elements of a set. Some inter-rater
verification was performed to show that these ietet could be used to describe a
sample of the matrix problems, though not alwaysjuely. Then, they assessed how
well Sets B through E of the SPM covered pairdebe relations (presumably to account
for variation in rows and columns), and found tbaty 20 of 66 possible relation pairs
are covered. It is noteworthy that they found8liproblems readily describable in terms
of pairs (or trios) of these 12 relations.

Mulholland, Pellegrino, and Glaser (1980) constdch set of geometric analogy
problems in which an analogy is presented and #mcpant must answer whether the
analogy is true or false. Each problem variedesystically according to the number of
elements and number and types of transformatiomd {f@ae ways in which the analogy

was altered to create incorrect analogies). Tlagttucted a processing model in which
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elements and transformations are processed sesiadlyndependently, and with additive
reaction times. The reaction time and error dadh they collected supported their model
to some extent, though they found significant mt&ons when the number of elements
and transformations both increased, among othedste They surmise that certain levels
of problem complexity introduce significant workingemory demands that cause
increases in latency and error rates. While tii@ia did support their model in the sense
that number of elements and transformations desyatically affect reaction time, there
may be other factors at play as well. One diffeeebetween their task and RPM is that,
since their task was only to evaluate a single detapnalogy, the prediction form of
high-level strategy wasn’t really warranted by thsk; it was more of a compare-and-test
task. Also, they stated that their model assumeat information was stored
propositionally in mental representations, businot clear that any part of their model
really relies on this assumption.

Horner and Nailling (1980) adapted a listing of e types from Corman &
Budoff (1973) and present a listing of the problgme for each problem in the CPM. In
a study of left-, right-, and non-brain-damagedigrdas, they found that each group
showed a similar pattern of accuracy across the jpoablem types, though absolute
levels of accuracy differed somewhat.

Dillon, Pohlmann, & Lohman (1981) performed a facémalysis of Set Il of the
APM in which they accounted for problems being dfedent difficulty levels. Not
accounting for problem difficulty could lead to dounds, because problems tapping into
the same cognitive ability may be of different duiities, and problems of the same

difficulty may tap into different cognitive abilés, but difficulty levels may mask these
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other differences in a regular factor analysise @ahthors also observed, in a brief review
of previous factor-analytic studies of the RPM, ttlstudies in which the RPM is
examined along with other tests generally yieldutssthat the RPM loads mainly on a
singleg factor, whereas studies in which the RPM is exauchialone often yield results
that the RPM has multiple factors. With regardtie APM, their analysis seemed to
support a two-factor solution, in which they lalekléheir factors as Pattern
Addition/Subtraction (Factor 1) and Pattern Progi@s (Factor II). Many of the
problems showed loadings on both factors, but thlibaas suggest subsets of problems
that could serve as “pure” measures of each factor:

1) Factor I, Pattern Addition/Subtraction: 7, 9, 1@, 16, 21, 28, and 35

2) Factor Il, Pattern Completion: 2, 3, 4,5, 17, 26,

However, they do not address apparent differencedifficulty levels between the
two sets of problems that they suggest.

Stone and Day (1981) describe a study very simdathe reaction time study of
Mulholland et al. (1980). They studied particigaat three different ages (fifth grade,
eighth grade, and college), and they used artifroi@rix problems in which the number
of elements and transformations was systematieaified. Their matrix problems were
3x3 problems, with the ninth element filled in eithcorrectly or incorrectly, and the
participant’s task was to indicate whether the ratras correct or incorrect. However,
they instructed the participants to only look ae ttows of the matrix, as column
transformations were not implemented in the aréfianatrix problems. So, like
Mulholland et al. (1980), the task different frohretregular RPM in that no processes of

answer prediction or selection are required, aedatialogies are all unidimensional. In
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Mulholland et al. (1980), the analogies were diriof the form A : B :: C : D, whereas in
this paper, they were strictly of the form A: E::D:E:F: G : H: Il They found
results broadly consistent with Mulholland et 4980), in that both increased elements
and increased transformations increased reactme in an additive fashion, but when
both were increased simultaneously, the increaseseaction time were more than
additive. In addition, the authors found that teactime decreased with age, as did the
non-additive increases with elements and transfooms: (i.e. the younger participants
showed greater absolute increases in RT for thebow@tion of more elements and
transformations than did the older participantsutih the increases were proportionally
about the same). Little analysis was done of wersus false RTs; it appears in this study
that the RTs were fairly similar across the two dibans in certain
groups/manipulations, which goes against Mulhollandl. (1980)’s contention that false
items involve self-terminating processing and stdhls take less time overall.

Kirby and Lawson (1983) adopted the approach framtH1974) in classifying RPM
problems as either analytic or gestalt, in termsv/loét strategy might be more effective.
They gave children one of four types of trainingaistrategy: strong or weak, gestalt or
analytic. The weak training consisted of giving fharticipants a series of problems from
the CPM and SPM that the authors evaluated to dfom that particular strategy. The
strong training consisted of giving the particigaatseries of problems that the authors
evaluated to be strategy-neutral, and then thelpallgr described either a gestalt (i.e.
pattern completion) or analytic (i.e. rule-basddtegy.

1) Weak gestalt: Al, Al, B2, A7, A8, All, AB4, AB64Band B5.

2) Weak analytic: Al, A2, B2, B3, B6, B7, B8, B9, BHI1.
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3) Strong: Al, A2, B2, AB7, AB9, AB12, B7, B8, C1, C4

They developed a new set of “ambiguous” problemsafpost-test in which at least
one of the answers would follow from a gestalttstyg, and at least one of the answers
would follow from an analytic strategy. They theeored how many analytic vs. gestalt
answers each participant chose. They also admiatSet | from the APM, of which
they considered problems 1-6 as gestalt and 7-1&2nalytic, following Hunt (1974).
With the ambiguous figures, they found that str@amglytic training did decrease the
number of gestalt responses and increase the nuohl@ralytic responses, though the
gestalt responses seemed preferred by respondesralpand increased with age. For
the APM, they found that gestalt problems were Bygsalvable in all groups (which we
would expect, since Hunt classified these as gestahnalytic), but analytic problems
were solved with more accuracy by both weak anzhgtanalytic training groups. They
conclude with supposition that perhaps the RPMnseasure of strategy monitoring and
selection, given that early items tend to bias tést-taker towards a gestalt strategy,
while later items require an analytic approach. wiuld follow, then, that good
psychometric tests are precisely those which aa¢egty ambiguous.

Smilansky (1984) classified RPM problems accordmdifficulty by assigning them
each a score from 1 to 6, based on the numbeenfegits within a matrix as well as their
relationships, which he classified as represergitiger design patterns of linear, random,
or complex relationships or arithmetic patternsagifdition, subtraction, or complex
relationships. He found good inter-rater reliabibn scoring problems from the SPM as
well as decent correlations for invented probleneswieen the difficulty rating and

reaction time of a group of students solving thabpgms.
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Bethell-Fox, Lohman, and Snow (1984) performed adwtsimilar to that of
Mulholland et al. (1980) in that they gave partanps geometric analogy problems with
varying parameters and then measured their acqureagtion time, and eye-movements.
The problems varied in number of elements, numbertransformations, type of
transformations (figural versus spatial), number afernatives, and difficulty of
distracters. They also included “ambiguous” itdorswhich the expected answer choice
was not present, but a similar one was, which wggpaesed to be the correct answer.
One new finding they presented was that numberesgponse alternatives (two versus
four) greatly increased the difficulty/latency afoplems, especially in cases with more
elements. Also, spatial transformations (e.g. tiaa reflection) increased
difficulty/latency more than figural transformatgnwhich they supposed was because
spatial transformations involved imagery operatitingt were not needed for figural
transformations. They propose a componential mofdperforming these analogies with
steps like encoding, inference, mapping, etc.,vagick able to fit the model to their data.

Their other significant finding was a distinctioetlveen strategies of constructive
matching, where the answer choice is predicted #Hreh compared to response
alternatives, and response elimination, in whiah tbsponse choices are inspected and
eliminated in turn. They found, especially usihg eye-movement data, that all subjects
appeared to use constructive matching on easiblgms, but that lower ability subjects
switched to response elimination for more difficploblems. Higher ability subjects
stuck with constructive matching, but just spentrenttme in constructing their answer
and comparing it to the response choices. Evidenoge from whether subjects looked

back at the analogy before or after looking atahewer choices, and also at how many
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answer choices subjects considered before provithieg answer. They also discuss
another experimental manipulation in which theyspreed subjects with the first part of
the analogy only, without answer choices, beforesgnting the full problem. In this
manipulation, eye-tracking data suggested thattoaets’ze matching was preferred.
Green and Kluever (1991) presented a factor arsabfghe CPM that found evidence

of three factors, with most CPM items loading orsiagle factor, but certain items
loading on multiple factors or only weakly on arfyttee factors:

1) Visual closure and pattern completion, visual daéon, discrimination

2) Visual analogies, particularly foreground/backgmundiscrimination,

line/density discrimination
3) Perceptual matching
Green and Kluever (1992) tried to identify a systéwmn predicting RPM item

difficulty: They looked at parameters of the mafjorientation, symmetry, progression,
dimensions, curvature, number, density, color) a&dl ws parameters of the answer
choices (number of options, progression, rotatieflection, directions, number of
elements, reversal), and coded problems from th®! @Rd SPM using this scheme.
They were mainly interested in modeling item diffty, so they used these parameters as
variables in a model that they based on the CPMteasigd against problems from the
SPM. The four parameters that seemed to contriowdst were number of distinct
options (trivially, as two very easy problems havepeated answer choices),
reflection/rotation of options, number of dimensfiaatures (i.e. transformations) in the
matrix, and number of directions of options.

DeShon, Chan, & Weissbein (1995) observed thatewthe APM is presented
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visually, it can be solved either using a visuospattrategy that operates on visual
representations of the problem or using a verbalyéio strategy that operates on
propositional representations of the problem. Téaynised that certain problems on the
APM may be more amenable to one or the other cfethgpes of strategies, following
Hunt (1974). Further, they hypothesized that comeu verbalization would disrupt
visuospatial problem solving, and thus impair perfance only on those problems that
were visuospatial to begin with. They developezktiof visuospatial rules and a set of
verbal-analytic rules, following Hunt (1974) and r@enter et al. (1990), as well as
drawing on introspection, in the form of concurrant retrospective reports of problem-
solving on the APM from pilot studies. Using theasdes, they classified all of the
problems on the APM as “most likely” to be eith@rvisual, 2) analytic, 3) either, or 4)
both, using three independent coders for all 3®leras (in Set Il, | assume). They then
administered the APM to three groups of participantith one group solving the test as
usual, one group solving the test on the compatet,the third group solving the test on
the computer with concurrent verbalization. Ower#he group with concurrent
verbalization showed significantly lower accurabgrt the other two groups, indicating
that overt verbalization actually impairs perforroammn the APM. Furthermore, 7 of the
12 visual problems showed a significant decrematit werbalization, and the other 5
problems also showed some decrement, whereas tidhe 8 verbal problems showed
any decrement with verbalization. Response tinesved a similar pattern, with the
non-verbalization group having equivalent respdimes for visual and verbal items, but
the verbalization group having (a) greater respdimes overall than the other group,

and (b) greater response times for visual thanvésbal items. Interestingly, as the
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authors observe, verbalization has been showedctease performance on other tasks
like the Tower of Hanoi, which Carpenter et al.9@pcompared to the APM in terms of
requiring similar cognitive loadings on working mem. However, this study shows that
even at a coarse level of analysis, verbalizatmesdmpair performance on the APM but
improves it on the Tower of Hanoi, which might saggthat the two tasks tap into very
different cognitive processes. They conclude bgeoling that actual strategy choice
depends not only on the problem characteristicsatagt on the abilities of the problem
solver.

Van der Ven and Ellis (2000) performed a Raschyamalbf the SPM by set. They
found that sets B and E loaded on two factors eant,to some extent set C. They
looked at the most frequent incorrect answer chtodeypothesize what the factors are,
and they concluded that Set B requires Gestaltirmeetion for the early problems and
analogical reasoning for the latter problems. Getquires analogical reasoning and lack
of resistance to perceptual distracters. Set Himeg|analogical reasoning and coping (or
constructing an answer choice from the two adjaeatries in the matrix).

Matzen et al. (2010) constructed a set of artifi&BM-like items by using a fixed
bank of shapes, features, transformations, andtaires. They used six shapes (oval,
rectangle, diamond, triangle, trapezoid, T), widlcle shape varying according to size, fill
pattern, orientation, and numerosity. Transfdroms were of two types: object
transformation (changes in shape, shading, orientasize, and number) and logical
transformations (AND, OR, and XOR). Directions weither rows, columns, diagonal
(both ways), or outward from the top left cornerttoid matrix. Incorrect answer choices

were created by systematically varying elementghef correct answer and of other
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matrix entries or answer choices. The authors tingsized that three-relation problems
would be more difficult than two-relation problenasd two-relation problems would be
more difficult than one-relation problems. Thegalhypothesized that within three-
relation problems, problems in which more relatiomsre either diagonal or outward
would be more difficult. Both of these difficulthypotheses were borne out in
participant data. In addition, outward transforiorad were more difficult than the other
directions, though this result primarily appliedgmblems with shading changes as the
salient transformation. The artificial object tsésrmation problems seemed of equal
difficulty to similar SPM problems, but the artifid logical problems were more difficult
than similar SPM problems, probably because sewfrddle SPM logical problems are
very easy. They establish that direction of relatis a significant contributor to item
difficulty, and they observe that direction candepiated with the Carpenter et al. (1990)

“distribution” rules.
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4.2 Problem Classification Using Model Ablation

One advantage of classifying problems using a cdéatipmal model is that results are
strictly quantitative; human coding or introspentimecessarily includes qualitative
influences. However, previous approaches to uairgpmputational model to classify
RPM problems—namely, the taxonomy developed by €#gy et al. (1990) based on
what rules their model used to solve particularbpms—have shown sufficiency of
particular reasoning mechanisms, but not necessityparticular, just because a model
can successfully solve a problem using a set ofham@sms does not directly inform us
about which of those mechanisms were actually sacgs

In this section, | present a new approach for diaaton of RPM problems that
relies on systematic ablations of the ASTI modeliscover which, out of the set of
mechanisms implemented in the model, are nece$sasplving particular problems. |
define the rules for this classification as follows
1) To deem a particular set of mechanisms as suftiétersolving a particular problem,

the model must be able to successfully answer riblglgm using these mechanisms.
2) To deem a particular set of mechanisms as necefgaglving a particular problem,

removing any one mechanism must cause the modil to solve the problem.
The ASTI model has many orthogonal collections echanisms that can be ablated. |
consider the types of base transformation usethidynodel as well as the image sets that

are taken into account. These parameters ard list€able 17.

151



Table 17. Configurations of ASTI model used folatibn experiments for 2x2 matrices.

Type Image sets Base transforms
1. Identity
2x2 matrices ; Ezm?‘nns 2. Rotation/reflection
| 3. Addition/subtraction
1. Rows 1. Identlity .
. 2. Rotation/reflection
3x3 matrices 2. Columns . .
) 3. Addition/subtraction
3. Diagonals

4. Composition

4.2.1 Problem classification for the CPM

Table 18 shows results on the CPM from ablatedigordtions of the ASTI model,
grouped by type of base transform and whether mwolumns were considered. Only
one problem on the CPM, problem B9, was not sobsedny configuration of the ASTI
model that was tested and is thus unclassifiabdieuthe current scheme.

Most of the problems on the CPM appear to be agnesth respect to the use of
rows or columns. Most of the problems on the CR&b @ppear to be solvable using
either basic matching (i.e. the identity transfolnkxclusively using one or the other of

rotate/flip transforms or add/subtract transforms.
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Table 18. Classification of problems from the CPM.

Identity Rotate/ Add/ Rows Columns
flip subtract

#

Set

S NSSNNSNSNNSN NS

SN NSNS NN

SN NS 0N

O =N
NN noOoNoO SO Y

SN NS SN N

A

R N A T T T

AB

1 1 1 1 / / / / 1 1
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4.2.2 Problem classification for the SPM

Table 19 shows results for 2x2 SPM problems usipgeal threshold of 0.1. Notice
that all 24 problems are solved correctly by sommlmnation of transform and image
set, though, as illustrated by the results preseimeSection 3.3.1, the best single
configuration only solves 23 of the 24 problemse da interactions between various

components within a single configuration.

Table 19. Classification of 2x2 problems from 8feM.

Rotate/ Add/

Set # Identity flip subtract Rows Columns

1 v - - v v

2 v - - v v

3 v - - v v

4 v - - v v

5 v - - v v

6 v . . v v

A 7 v - - v v
8 v - - v v

9 v - - v v

10 v - - v v

11 - - v v -

12 v - - v v

1 v - - v v

2 v - - v v

3 v . . v v

a ; v ; v v

5 - v _ v v

6 - v - - v

® 7 - v - v -
8 ] ] v v v

9 - v v v -

10 - - v - v

11 - - v v -

12 - - v v v
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There are small differences in these results coedpdo corresponding CPM
problems, most likely due to slight differencestie pixel thresholds used for each of
these tests. Like the CPM, most 2x2 SPM problerasat affected by the use of rows
or columns, and most 2x2 SPM problems also apmebetsolvable using either basic
matching (i.e. the identity transform) or excluswasing one or the other of rotate/flip
transforms or add/subtract transforms.

Table 20 shows results for 3x3 SPM problems alsogus pixel threshold of 0.1. 30
of the 36 problems are solved by some configuratibrthe model at this threshold;
problems C2, C9, D6, D9, D12, and E7. There arsynmaore successful combinations
of image sets and transforms with 3x3 problems thane are with 2x2 problems. Far
fewer of the 3x3 problems are solvable using idgitased matching. Addition and
subtraction seem to be predominant in Set C, angposition seems to be predominant
in Set E, but Set D uses a mixture of all of thiges of base transforms. In addition,
Set C seems to be solvable using either rows omud, while Set E seems to favor row-

based transformations. Set D is clearly dominatediagonal transformations.
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Table 20. Classification of 3x3 problems from 8feM.

Set # ID RF AS COMP Rows Cols Diags
1 v - - - v - -
2 - - - - - - -
3 4 - - - v v -
4 - - v - v v -
5 - - v ] v v ]
6 ; ; v ] v v ]
c 7 - v - v v v v
8 - v v ; v v v
9 - - - - - - -
10 - ; v ; v v ]
11 - v v - v v v
12 - - v ] v v ]
1 v - - - v - -
2 v - - ; - - v
3 Vv - - ] - - v
4 - - v - v - -
5 - - v v v v -
6 - - - - - - -
b, ] ] v ] ] v
8 - - v - - - v
9 - - - - - - -
10 Vv - - - - - v
1 - - - v - - v
12 - - - - - - -
1 - - v v v v -
2 - - v v v v -
3 4 - - - v - -
4 - - v v v v -
5 v - - ] - v ]
6 - - - v v - -
E ] ] ] i ] ] ]
8 v - - - v - :
9 - - v v v v v
10 - - - v v - -
11 - - - v v v ]
12 v - - - - - v
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4.3 Claims and Future Work

In this section, | conducted computational expentseto test how systematic
ablations of the ASTI model, removing various fuoicélities in different combinations,
affect performance on individual RPM problems. rdsthis approach, | was able to
define problem classifications based on the visaakoning mechanisms necessary to
solve particular problems, which provides a probldassification scheme based on the
information processing demands of each problem.

My findings, apart from the problem classificatidghemselves, indicate that there do
seem to be distinct problem types present on b@hCPM and the SPM, which can be
identified through computational modeling as | halown. In addition, this work
demonstrates that previous approaches that dedimge Iclasses of RPM problems as
“visual” or “verbal” are somewhat misleading, iratlthe majority of RPM problems can
be solved using particular visual mechanisms.

There are many important areas for future worklugiag providing a model-based
classification of problems on the APM, if futurersiens of the ASTI model are able to
successfully address more problems. Additionsh® ASTI model, such as image
segmentation or gestalt reasoning, provide additiahmensions along which RPM
problems might be classified. Furthermore, thersignificant potential for using these
problem classifications to provide more detailatisgts of human behavior on the RPM.
For example, one could imagine studying the neactiVation of individuals with autism
as they solve problems in the various classes ifahtin this section, to better

understand the neural substrates that underliewstypes of visual operations.
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5 ERROR PATTERNS ON THE RPM

This chapter investigates one potential behavioratker for the RPM that may or
may not provide an indicator of whether a testtagaising a visual or verbal problem-
solving strategy. As | have shown in Chapter 8ual strategies can be as successful as
verbal strategies on many RPM problems, and socafiverels of accuracy cannot serve
as this type of behavioral marker. However, beyjusd the total score, an individual's
responses on the test can actually furnish additiofiormation based on the errors that
they make. In particular, for two individuals whappen to achieve the same total score,
their particular choice of distracters for problearsswered incorrectly may differ, for
instance if their preferred problem-solving stragsgead them down different paths of
reasoning.

1) To what extent can errors made on the RPM serveehavioral markers to
indicate the use of a visual versus verbal stréegy

To answer this question, | have conducted an obtienal study of error patterns on
the SPM using data drawn from three different papoihs: typically developing (TD)
individuals, who likely use a combination of visaald verbal strategies, individuals with
autism, who, as | have discussed in Chapter 2, usaypredominantly visual strategies,
and the ASTI model, which uses exclusively visuitegies.

| begin by describing existing approaches in th&Rikerature for analyzing patterns
and types of errors. Then, | present a new claasibn of conceptual error types
represented by the distracters on the SPM. | firesent a detailed method for the
observation study of error patterns, followed bsults. | conclude with a summary of

my claims and areas for future work.
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5.1 Existing Approaches for Examining RPM Errors

In this section, | examine existing approaches ftbenRPM literature for examining
the number or types of errors that individuals maikéhe test.

Miller and Raven (1939) looked at the performantén@ groups of children: one
group of girls of unspecified school age, and aeotiroup of younger children between
5 % and 7 % years of age. Using variations of imgtroblems, they established that
there are at least two influences on which wrongnems participants choose, in terms of
there being non-random effects on the distribumdranswers that are chosen. One
influence is the absolute position of the answai@hwith respect to the matrix. When
alternatives are all listed horizontally to thehtigf the matrix, the position effect is very
marked, and participants tend to choose the lefitrolooices that are closer to the matrix.
When alternatives are listed in rows underneath niadrix, position effects are less
marked though still present, and participants tenchoose answers from the top row and
those towards the middle-right of any particulaw @e. closer to the empty space in the
matrix). The other influence on answer choicesths conceptual type of error
represented by the entry given in each respectigaver choice, and in particular, for
difficult problems, participants tend to make esrof repetition. These two influences
are not independent, however; they do interactompex ways. If a correct answer
happens to be in the preferred position, it will dl@sen more often than otherwise.
Likewise, if an obviously implausible answer is pmto this preferred position,
participants will go on to examine more alternatthmices, whereas if a “familiar” but
still incorrect answer is in the preferred positierg. a repetition error, participants tend

to stick with that answer.
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Halstead (1943) compared results on the SPM frachngcal group of individuals
diagnosed with neuroses with those of healthy otsitr In order to examine group
differences at a finer level of detail than overstiore, Halstead created subgroups
individually matched on raw scores. The groups dmt differ on measures of
“unevenness,” i.e. score consistency across sedgs wbmpared to norms, or “reversals,”
i.e. scoring higher on a later set than on anezanine. He also examined test variables as
a function of age, time (for taking the test),tatte, etc. Finally, Halstead looked at the
most frequent errors made by a very large numbepofrol participants (n = 2790). He
broadly classifies these errors according to cotuepype and observed that low ability
participants tended to make “perceptual” error® liepetition, whereas high ability
participants tended to make “inadequate reasonargdrs. He also observed that:
“Mathematically minded subjects seem to do as alany on the test, and indeed some
items in Set E can only be solved logically. Hgglores have, however, been obtained by
artistic people who have an eye for form (Gestaitinmetry, etc.” (p. 211).

Eysenck (1945) looked at the performance of eldaduylts with senile dementia,
compared to typical adults, on sets A and B ofGR&M. She looked at errors in terms of
the most frequent distracters chosen and foundithébth groups, both the absolute
position of distracters as well as distracters tepeat entries from the matrix influence
the incorrect answer choices made by participairisparticular, distracters in positions
1, 2, and 6 were more frequently chosen than tho$kee other positions, but the only
group difference was for position 2, which was @rosnore frequently by the senile
group. For both groups, matching the entry abdwe émpty space accounted for a

significant proportion of errors, and matching #wry to the left of the empty space
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accounted for a smaller, but still significant, poction of errors.

Bromley (1953) wrote an interesting paper in whighstudied performance on the
SPM by a group of older individuals with variousyg@siatric disorders, whom he
described as evincing “primitive” forms of thinkingrhe individuals were instructed to
explain their reasoning as they took the test, Brainley provided qualitative analyses
of their responses. His main observation was thate seemed to be two ways to
approach the SPM: one the intended way, with atistrelational, analogical thinking,
and another involving more global, holistic, cornerehinking (including mental
imagery). He observed that the primitive thinkisigown by the test participants fell
more into the latter category and could explain ynairthe errors made on the test. With
respect to errors, Bromley observed that the ppaits seemed susceptible to effects of
both the absolute position of answer choices akagebther features of incorrect answer
choices (e.g. repetition of a part of the matrix,)e He characterized the answer choice
error types as: “part of the matrix, simple or distd figure like the correct one,
relatively unrelated figure, global figure, similéo part of the matrix reversed or
distorted” (p. 384). The highest proportion ofoesrwas for “part of the matrix” answer
choices, followed rather distantly by “simple ostdirted figure like the correct one” and
“global figure.” Bromley also listed the types thiinking that he supposed gave rise to
errors on the test, and he emphasized that typé&srding differed significantly on an
individual differences level. He also surmisedt thieany of these forms of “primitive”
thinking might have developed in an individual (ahds used on a test like the SPM) as
a compensatory mechanism, to make up for diffiesltvith other forms of thinking (e.g.

abstract, analogical, etc.).
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1)

2)

3)

4)

5)

6)

7

8)

9)

Global responses are those that involve global&Restlutions.

Concrete responses are those that fail to adeguettstract from the directly
perceived features of the problem.

Mechanization of response involves the inabilitysteitch set from initially
successful strategies. Bromley points out thattése itself encourages this
sort of mechanization, which echoes the strateggirigs of Kirby and
Lawson (1983), that early problems on the tesuarice the strategy chosen
by participants for later problems. This seemy akin to perseveration.
Inability to explain refers to failures in verbatig a strategy (for successful
problems) or the difficulties with a particular ptem (for unsuccessful
problems).

Sensori-motor responses refer to the tendency dicipants to point and
trace their answer on the matrix and on the anseihmices. Bromley
observed that on occasion, participants would ttheecorrect answer but be
unable to choose that answer choice.

Physiognomic responses.

Subjective responses occurred when participanthedo think there was
ambiguity in the answer choices, and the correstwan was a matter of
personal preference.

Fluid responses were those in which participanesmsel to use arbitrary
selection criteria, including just picking the “odthn out” among the answer
choices.

Avoidance of reality referred to participants whoked answer choices and
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described how they should be different, or to pgréints who tried to evade
the problem by trying to match the frame shapeatsof the entry content.

Forbes (1964), as part of an item analysis to eethe problems found on the APM,
analyzed the types of errors made by participasta function of their ability level (i.e.
total APM score). He classified errors as beingafr types: incomplete correlate,
wrong principle, incomplete individuation, and répen. His analysis looked at each
third of the test with respect to a single abilayel: low for the first third, average for the
second third, and high for the third third. Heewthat the incomplete correlate was the
most frequent error type overall, but representesnaller proportion of errors for the
low ability group, for whom wrong principle was theost frequent error. Individuation
and repetition errors were the least frequent in gwoup. He also looked at overall
selection of answer choices as a function of pmsitand found that positions 6 and 7
tended to gain fewer responses than the otherspasitions 1 and 4 were the most
frequently chosen. He surmised that perhaps avsréd by typical scanning patterns,
and 4 is closest to the empty space in the matrix.

Weatherick (1966) looked at the errors made bythgadult subjects on the SPM to
directly compare to Bromley’'s (1953) results witbn#de psychiatric patients. The
subjects were overall high scoring, and he foundryvclose agreement between our
sample of n = 236 and Bromley's sample of n = 3BS$ a result, Weatherick contends
that the specific errors identified by Bromley dotnindicate “primitive thought
processes.” Weatherick does observe that in inostawhere his control results do differ
from Bromley’s results, the senile patients tentteg@refer (instead of the most frequent

control error) a repetition error, of an answett tieggeats a part of the matrix adjacent to
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the empty space.

Vejleskov (1968) looked at performance on the SRNbrag Danish children. He
gave results on error frequencies for only a feabmms, and observed that for these
problems (all from Set B), girls tended to fail lyoosing the distracter that was the same
as the correct response except rotated or flipped.

Jacobs and Vandeventer (1970) looked at errorrpatien the CPM. In particular,
for a given 2x2 CPM problem, they classified thevaer choices based on whether the
answer choice followed a horizontal rule only, atieal rule only, both (which would be
the correct answer), or neither. They assumed dhatncorrect answer choice was
“superior” if it followed at least the horizontal @ertical rule (as opposed to answer
choices that followed neither). They found that df8the 36 problems on the CPM
contained both “superior” answer choices, and ttesyricted their analysis to these 18
problems. Then, for each participant, they caledlaa proportion Ps that was the
number of superior answer choices chosen dividetthdyotal number of wrong answers.
(Participants who answered fewer than five problemsorrectly were excluded.)
Looking at data from American children in the fiestd third grades, Eskimo adults and
young adults (from Canada), and Temne adults andg/adults (from Sierra Leone), Ps
appeared to be more strongly correlated with totethber of correct answers in lower-
ability groups of participants (i.e. those with lewaverage scores). In addition, Ps
appeared to be higher in the more able groupsR&dor Eskimos was higher than Ps for
Temne). One difficulty in this study is that Psad&fom more able participants because
less valid, because fewer errors have been mactntabute to the Ps score. In addition,

Ps was defined solely based on answer choiceddi@tved row or column rules in the
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matrix; it is a very strong assumption to say thase answer choices were “superior” to
the other answer choices. A stronger methodologulav require coding classes of
distracters for all the answer choices, and thekifa at types of errors of the various
classes. It could be that the classes of distacteuld still be ranked according to their
“correctness” level, but that would depend on hbevdistracter classes were defined.

Carter (1970) supposed that solving SPM problenasiwed processes of induction
as well as evaluating similarity (i.e. similarity the induced answer to the given answer
choices). He gave subjects five tests: regulablpms from the SPM (induction +
similarity), problems from the SPM in which the wes choices were omitted
completely and the answer had to be described (mdection), tests to rank the
similarity of answer choices and matrix entriescarding to shared features in a
propositional encoding (pure similarity), and perbks from other, non-visual tests of
induction (pure induction). The similarity ranks@f answer choices and matrix items
by subjects might have given interesting insight ihow they might be viewing the
different distracters, but the study only scorednthas correct or incorrect in their
rankings. Further, the problems that they rankedewnot the same as the ones in the
first two tests, so it was not possible to see lbeir perceived rankings might have
affected their actual performance on the probldmfact, while the author designed the
two ranking tasks to be different from inductiveagening, it does seem as though
evaluating similarities on a feature-by-featureidagould share a lot in common with
solving a matrix task, even one without the answalavices, inasmuch as both tasks
involve evaluating differences between entries aystematic way.

Guttman (1974) looked at familial correlations iRNs scores among children and
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their parents. Guttman observed that for each,iterm or three of the incorrect answer
choices seemed to be chosen with greater frequeHoyvever, she did not observe any
inter-family differences in these frequency diaitibns.

Thissen (1976) characterized incorrect responséceticon the SPM according to
frequency: the first most-chosen, second mostamoand then all other incorrect
answer choices. He used this information to cateul latent trait model for each test
item that gave probability of choosing a particidaswer choice as a function of ability
(the latent, unobserved trait). He did find that different problems, the answer choices
behaved differently for different levels of abilityut the analysis was purely done along
this unidimensional notion of ability; no explamats were offered for why certain
answer choices might be more or less chosen ttemsot

Horner and Nailling (1980) adapted a listing ofoertypes from Raven (1965) and
present a listing of the error type for each ansutice in the CPM. In a study of left-,
right-, and non-brain-damaged patients, they fotimak each group showed nearly
identical patterns of error types across the fotordypes. In particular, only one type of
error, “repetition of a pattern,” seemed to be mata significant frequency, other than
the correct answer.

Kirby and Lawson (1983) developed a series of amdug items in which different
answer choices were deemed correct depending osttagegy one were employing.
This is one example of different strategies leadmdifferent answer choices, though in
this case both answers were deemed correct.

Vodegel Matzen, van der Molen, and Dudink (1994kkx at types of errors made

on the SPM by typically developing children. Thajopted error categories from the
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APM to categorize SPM errors as: incomplete coteelarrong principle, repetition, or
additional elements, and they only analyzed setsr@ugh E. Inter-rater reliability for
coding the error types was only around 72%. Tloeyznd that the incomplete correlate
was most frequent overall, followed by wrong prpiej repetition, and additional
elements. When they divided the subjects by ghliéivel, they found that low ability
subjects made relatively more errors of the incatgptorrelate and repetition types. The
authors then devised an “experimental progressatices” test, in which all errors were
of the “incomplete correlate” type, but they variadcording to how many rules were
omitted to generate that answer choice. The pnoblearied according to rule type and
number, following Carpenter et al. (1990). The ERMds similar in difficulty to the
SPM, and they found that most error choices (for aility level) were made due to the
omission of a single rule. Furthermore, the ruteseased in difficulty (as measured by
number of errors) in this order, for all abilityvids: constant in a row, quantitative
pairwise progression, distribution of three valusggition/subtraction, distribution of two
values. This is the same rule ordering that wasseh by Carpenter et al. (1990) for
inducing rules.

Van der Ven and Ellis (2000) looked at the mosgdient incorrect answer choice for
the SPM in sets B, C, and E, in order to determvhat factors these problems might
load upon. They identified different types of essancluding: “lack of completeness of
analogical reasoning,” “freedom from perceptualrdigers,” and “coping.” They also
present data from sets C and E giving the freqasnaf each answer choice for each
problem, using their sample of several hundred Bathoolchildren.

Babcock (2002) classified each answer choice froemAPM as being one of four
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different error types: incomplete correlate, wrgmgnciple, confluence of ideas, or
repetition. She studies the error responses madadblts of varying age and ability,
according to whether their frequency of making dipalar type of error was above or
below chance levels. She found that adults ofiugrgges tended to make similar types
of errors, but adults of high ability made differerors than those of low ability. In
particular, high ability adults tended to make mm@mplete correlate errors, and few
errors of other types. Lower ability adults tendednake each type of error at chance
levels. Also, she studied errors as a functiomrubé type, based on Carpenter et al.
(1990), and found some differences between subpéatarying abilities.

Gunn & Jarrold (2004) looked at types of errors enbgl TD children, children with
moderate learning disabilities (MLD), and childreith Down syndrome (DS) on the
CPM. They classified error choices as being of ohéur types, following the CPM
manual: difference, repetition of a figure, inadagu individuation, and incomplete
correlates. They found that, even after contrglifar total number of errors, the DS
group made different types of errors than the other groups. In particular, the DS
group produced fewer repetition of a figure errargl more inadequate individuation
errors and difference errors (which is choosing @amrelated answer choice).
Furthermore, the pattern of errors produced bylXBegroup is similar to that shown by
younger TD children, even in cases where the D&sghows better performance than
younger TD children. The authors surmise thatviddials with DS may have either
difficulty in combining features to produce the ger pattern, difficulty in visual
discrimination, or less rigor in choosing theirdimesponse, in the case of incomplete or

partial solutions.
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Matzen et al. (2010) performed an analysis of erar the SPM and on artificial
SPM-like items. On the artificial items, errorsr@elassified systematically according to
how each distracter was related to content in tlodblpm matrix. In particular, error
types were classified as (for a single relatiothm problem): match to diagonal, match to
top left, match to adjacent, flanker, and unclasdif They were able to categorize some,
but not all, SPM errors using the same schemetfieeone-relation SPM problems but
not the two-relation problems). For certain proide they found that the error type
seemed to have a relationship to the directiomefrélation in the problem; for instance,
problems that were diagonal in one direction tentdetiave more “match to adjacent”
errors, whereas problems that were diagonal inother direction tended to have more
“flanker” errors. Though the authors do not drdws tconnection, it seems as though
participants might have been distracted by Gestalperties of the overall matrix in
making such errors.

Fajgelj, Bala, and Katic (2010) as part of a facoalysis of the CPM, looked at
types of errors made by their sample of Serbiafd@m. They found that for younger
children, more CPM problems had certain distractbeg were chosen by significant
portions of subjects (i.e. more than 20%). Theweobked that the most common
distracters involved choosing the answer identioahe entry to the left of the empty
space or above the empty space in the matrix. alsynote, interestingly, that number
2 was chosen more frequently than other answercebpand especially so for younger
children, possibly because this choice is spat@tgest to the empty spot in the matrix.

Facon and Nuchadee (2010) looked at relative itéfitcudties among items on the

CPM between TD children, children with Down synderand children with unspecified
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intellectual disability. They matched each groparticipant-by-participant, on CPM raw
score, to account for potential differences in alteability level. They found no
evidence of differential item functioning (i.e. paular items being more or less difficult
for different individuals) among the groups. Thiigt emphasize the importance of such
analyses for various clinical groups because tlerédtle evidence that psychometric
tests involve the same cognitive processes foritagly disparate groups of individuals.
Van Herwegen, Farran, and Annaz (2011) lookedrat ¢ypes on the CPM between
TD children and individuals with Williams syndrorf@'S). They classified errors on the
CPM following the CPM manual into four categoriedifference, inadequate
individuation, repetition, and incomplete corredati They looked at proportion of each
error type out of total error for each participaftarticipants were matched on CPM raw
score, and the WS group had a much higher meamalogical age than did the TD
group. Their results were very similar to thoseGann and Jarrold (2004), in the
proportions of each type of error made, on averdgeugh they found no group
differences in this study between the WS and TDividdals. They also studied
developmental effects on error type, and againdasimilar results to Gunn and Jarrold
(2004), in that the difference and inadequate iddition errors decreased and repetition
errors increased; however, incomplete correlatioarg did not increase with age. They
also did an item analysis, following Facon and Nagge (2010), to look at whether items
differed in difficulty between the two groups. ®r8 of the 36 items differed. They
close with speculating that one might expect todserent patterns autism, since autism

has perceptual atypicalities more so than WS aadRtPM is a perceptual task.
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5.2 Classification of Error Types on the SPM

The published manuals for both the CPM and the AR®lude small taxonomies of
what types of conceptual errors are representethdychoice of a particular distracter
from among the given answer choices. The CPM miagives four broad categories of
error types along with specific criteria that caused to classify a particular distracter
into one of these four categories, shown here iblef21. The manual also gives a
classification for each answer choice for all 36lgems on the CPM. The APM manual
similarly lists four broad categories of error tgpahich are somewhat different in name
from the four categories given for the CPM, andead of specific classification criteria,
gives broad descriptions of each type of errorwshbere in Table 22. Then, for each of
the 36 problems in Set Il of the APM, the manustklithe top two most frequently chosen
distracters along with their error type classificas. However, the manuals do not give

details as to how these taxonomies were developbhdw distracters were classified.

Table 21. Error type taxonomy and classificatiateaa from the CPM manual (Raven,
Raven, & Court, 2003, p. 5).

Error type Criteria
a The piece has no figure of any kind on it
Difference
b  The figure shown is quite irrelevant

The figure is contaminated by irrelevancies or distortions

o O

Inadequate individuation It combines figures irrelevantly

(0]

It is the whole or half the pattern to be completed

-

Above and to the left of the space to be filled

Repetition of the pattern Immediately above the space to be filled

> 0a

Immediately to the left of the space to be filled

The figure is wrongly orientated [sic]
Incomplete correlate o )
j It is incomplete, but correct as far as it goes
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Table 22. Error type taxonomy and descriptionsnftbe APM manual (Raven, Raven,
& Court, 2003, p. 10).

Error type Description

These are errors arising from failure to grasp all the

Incomplete solutions variables determining the nature of the correct option

(Incomplete correlate) required to complete the problem pattern. Instead an
option is chosen which is only partly correct.

The option chosen suggests that the person being tested
is using a principle of reasoning qualitatively different
from that demanded by the item.

Arbitrary lines of reasoning
(Wrong principle)

These are errors involving failure to discriminate

Over-determined choices irrelevant qualities in the chosen option, and to select one

(Confluence of ideas) which combines as many as possible of the individual
characters shown in the matrix to be completed.

These involve selection of a [sic] option identical to one of
Repetitions the three options immediately adjacent to the space to be
filled in the matrix.

The SPM manual does not contain a similar discassicerror types (Raven, Raven,
& Court, 1998). Vodegel Matzen and colleagues §)9%tempted to use the APM
classifications shown in Table 22 to categorizearagters for sets C through E of the
SPM, but inter-rater reliability between two coderas found to be only around 70%,
and the authors observed that classification of SWdifacters seemed “problematic,” as
no explicit methodology for constructing distrastés apparent, either in the test itself or
in the research literature on the SPM (Vodegel Blait al., 1994, p. 1).

For coding error types on the SPM, | first recoedilthe two sets of error type
categories given in the CPM and APM manuals whadtinough having different labels,
seem to represent conceptually the same notiomsrof types. For each of these four
error types, | give a preferred label, which beaptares the intended conceptual

underpinning of that error type, along with theesttabels used to indicate the same type.
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Incomplete correlate (IC) errors, or “incomplete solution” errors, are thasevhich
the distracter is almost, but not quite, corrdeébr example, some IC distracters represent
a rotation or reflection of the correct answer.h@tIC distracters differ from the correct
answer in a single feature dimension, e.g. theyhtriigve four elements instead of three,
or straight elements instead of curvy ones, or hinee correct shape but the wrong
texture. Alternately, an IC distracter might bdyomissing an element from the correct
answer. Oftentimes, an IC distracter might beetrin terms of a single row or column
in the matrix, e.g. looking just at the right-masumn or just at the bottom-most row,
but when both rows and columns are taken into ad¢catino longer fits the matrix
pattern. These kinds of errors are made when tatalesr more or less “gets” the
problem, in terms of identifying and understandihg relevant matrix relationships, but
then fails to fully account for all of the probledetails when selecting an answer.

Repetition (R) errors are those in which the distracter is a aafpgne of the matrix
entries adjacent to the blank space. Choosing alistRacter may represent a sort of
cognitive bias or fixation on the matrix, in whialm answer is selected using perceptual
matching between the answer choices and the metixes closest to the blank space.
These entries may be privileged because of thekimity to the blank space, just as the
answer choices in positions closest to the blam@kespend to be chosen more frequently.
Alternately, assuming a top-left to bottom-rightwal scanning pattern, adjacent entries
may be the last viewed before the test-taker mowes look at the answer choices.

Difference (D) errors, or “over-determined choices” or “conflueraf ideas” errors,
are those in which the distracter is somehow catalely different in appearance from

the other distracters. D distracters include thibse are completely blank, as well as
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those that have extraneous shapes that are nal Bmywhere in the problem matrix. In
addition, a D distracter is often the most com@erming answer choice, either
combining all of the matrix entries together intosegle agglomeration of matrix
elements or taking some feature from the matrixianogeasing its value until it surpasses
all the other entries and answer choices. A Dratistr might be chosen because it
visually “pops” from among the other answer choicesdditionally, difference errors
may be more common when a test-taker is adoptinqarswers-first strategy, i.e.
response elimination, instead of a matrix-firsatgy, i.e. constructive matching.

Wrong principle (WP) errors, or “arbitrary lines of reasoning” or “ireuate
individuation” errors, are those in which the daster is a copy or composition of
elements from various matrix entries. A WP didaenight be chosen if the test-taker
does not educe the correct relationship from th&ixmantries and instead combines the
entries according to some other rule or relatignghiproduce an answer choice.

Then, | developed criteria that mark a particulatrecter as belonging to a particular
error type. The difficulty in classification exgised by Vodegel Matzen and colleagues
(1994) was perhaps partially due to the vague amalitgtive error type descriptions
taken from the APM manual. The approach in the GR&hual, with specific criteria for
each error type, is much easier to adopt into angostheme, but its criteria do not cover
all of the distracters present in the SPM. Thusyrimised that developing a clear set of
criteria would be important to establish a reliatdeling of distracters on the SPM.

However, there is an additional difficulty in codithe SPM distracters, which is that
often, it seems that the same distracter falls umagltiple categories; it might be a

repetition of an item in the matrix as well as agomplete correlate of the correct
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answer.

In particular, while trying to come up lwi set of criteria satisfactory for

coding the distracters on the SPM, | made the olig key observation. The four error

types listed above actually represent two orthobolaasifications of distracters:

Repetition, difference, and wrong principle errafishave to do with how a

particular answer choice is related to informationthe matrix and in the

other answer choices, without any regard to theertdrof the correct answer
choice. In particular, these errors assume theatdkt participant is attending
to irrelevant or erroneous aspects of the probkemd,that they are not able to
discover even a partial solution to the problemrm phrticular, it may be

possible for individuals who favor a particularartype to pick the correct

answer by chance, even though they were simplygdoto repeat an entry or
to choose the most different-looking answer choice.

Incomplete correlate errors, on the other hande lawdo with precisely how

a particular distracter is related to the corrawdveer choice. These errors
assume that the test participant correctly guess@e part of the solution, but

does not quite attain the correct answer.

Therefore, | defined criteria for these four ertyges in two overlapping parts, which

are shown in Table 23. Type | errors do not carsitde correct answer; all distracters

for each problem are coded according to criterrarépetition, difference, and wrong

principle errors. Type Il errors, in contrast, clansider the correct answer, but do not

consider the matrix. Answer choices (with the @tiom of the correct answer) are coded

according to how they are related to the correstan, if at all; many distracters may not

fit any criteria under the Type Il error designatio
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Table 23. Classification criteria for the SPM Tgipe | and Type Il errors.

Error type Code

Criteria

R-Left
I: Repetition R-Top

Repetition of matrix entry to left of blank space

Repetition of matrix entry above blank space

R-Diag Repetition of matrix entry to top-left of blank space
D-Blank Filled completely white or black
D-Union Union of matrix entries or aspects of them, so that union
. has more components than any single matrix entry
I: Difference o _
D-Plus Maximizes some feature value or makes it more complex
D-Diff Differs qualitatively from matrix and other answers, or
contains information not found anywhere in matrix
WP-Copy Copy of matrix entry not adjacent to blank space
i WP-Fli Rotation/reflection of matrix entr
I: Wrong principle P / y
. Other transformations or combinations of matrix entries
WP-Matrix . . L
or aspects of them, including negative images
IC-Neg Negative (color-inversion) of correct answer
IC-Fill Change only in fill, texture, or style
IC-Flip Rotation/reflection of correct answer
IC-Layout Change only in spatial layout of elements
Il: Incomplete ¥ : yinsp y
correlate IC-Scale Change only in size or scale, in either or both dimensions
(allowing for feature-wise scaling)
IC-Num Change only in number of discrete elements (allowing for
slight changes in layout)
IC-Inc Incomplete, with missing element or portion

5.2.1 Coding method

The method | used for coding distracters on the Si?dd as follows.
inspection of the SPM, | developed lists of craefior Type | and Type Il errors similar to
those given in Table 23. Then, | wrote a smallimggbrotocol to use for performing the
distracter classification, which is given in itstiegty in Appendix A. This protocol
contained qualitative descriptions of each overllor type, an example problem

illustrating the various types of criteria for bokipe | and Type Il errors, and finally, an
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instruction sheet with ordered codes and criteviause for the classification, which

proceeded in two parts, first for Type | errors aedond for Type Il errors. Type | error
classification used a copy of the test booklet imcl no answers had been marked.
Type I error classification used another copy loé test booklet in which the correct
answers had been marked, and additionally, thexradrtions of each problem had been
cut off, so only the answer choices were usedifercoding.

| used this protocol to perform a coding of alltdisters on the SPM for both Type |
and Type Il errors. Then, an independent rater grasn the same protocol. After a
brief verbal discussion of the goals of the codamgl the contents of the protocol, the
second rater also coded all distracters for botbeTlyand Type Il errors.

The initial agreement between the two raters wés 8% Type | errors and 82% for
Type Il errors. (The agreement in these percestagpurely coincidental; the two parts
of the coding protocol had different numbers ofmiseto code, different numbers of
codes, and different counts of agreement betwetsrstp Kappa coefficients were
calculated to test for independence between rafEng. kappa values were 0.79 for Type
| errors and 0.67 for Type Il errors.

Then, | met with the second rater to discuss t®mston which we disagreed. There
were several systematic disagreements that werly eesolved by making the coding
criteria more specific. For example, the D-Unigitecion was modified to specify that
this type of distracter had to have more elementsthan any entry in the matrix, which
was not originally part of the criterion. All oheése changes are incorporated into the
final criteria listed in Table 23.

After the negotiation and criteria-revision phaagreement between raters was re-

177



calculated. Post-negotiation agreement betweetwiheaters was 95% for Type | errors
and 98% for Type Il errors. Any remaining disagneats were resolved based on
consideration of the conceptual type of error ideshto be captured.

Once the distracters had been assigned codesnihetep left in determining what
error type a particular distracter choice represevas to resolve the priority ordering
between Type | and Type Il errors. For example, distracter is chosen that represents
both a D-Diff error as well as an IC-Flip error, ialn code is assigned to determine the
overall error type? Instead of trying to creatgl@bal ordering for all combinations of
Type | and Type Il error codes, | first observedahhcodes had been assigned in cases
where both Type | and Type Il errors were identifior the same distracter, and |
resolved these conflicts only using a few simplesuwhich are applied in order:

1) Type | repetition errors take precedence over aypeTl error.

2) Any Type Il error takes precedence over Type | W&4M errors.

3) Type Il IC-Flip errors take precedence over anydiprror.

4) Type | WP-Copy or WP-Flip errors take precedencer any Type Il error.

5) Type | D-Plus or D-Diff errors take precedence aamy Type Il error.

5.2.2 Results

Figure 31 shows the overall proportions of eacloretype identified in the set of
answer choices of the SPM. The proportions of eaobr type were found to be non-
uniform, x2(4, N = 432) = 30.66p < 0.001. However, if the incomplete correlateoesr
are considered to represent a variation on choosiagcorrect answer, as shown in
Figure 32, then the error types are distributedoumily, y*(3, N = 432) = 2.57p = 0.46.

This is interesting and suggests perhaps that Réweself used some scheme in
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constructing distracters, and if so, the codingesuoh that | have developed seem:
match Raven’s approach to a considerable e Figure 33shows the distribution ¢
error types across Sets A through E on the ¢ The distributions differ significantl

across setg;%(16,N = 432) = 70.88p < 0.001.

incompiete Repetition Difference

Correlate

0.05

(=]
=

Correct + Repetition Difference Wrong Principle
Incomplete
Correlate

Figure 32 Proportion of error types found across all ansst@ices on the SPM aft
combining correct answers with incomplete correl
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Figure 33 Projortion of error types found across each set orsthigl

Figure 34 andrigure35 show the distribution of error types acrasswer choices
through 6 for Sets A and B and across answer chdidbough 8 for Sets C, D, an.
While the error frequencies were too small to penfaa regular cl-square test of
independence, data were analyzed using a simulp-value, using the bu-in
functionality for this in the statistical softwapackage R. TI distributionsare not
significantly differentacros answer choice positions for eiti®t2 matrice, x*(N = 144)
= 6.71,p = 0.99, 0r3x3 matricesy*(N = 288) = 16.46p = 0.96. The correct answel
themselves are evenly distributed across answecefowhich was likely deliberate
controlled by test creators, given that the effeftposition hacbeen observed to have

non4rivial effect on guessed answer choi
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Correct Incomnlete  Repetition  Difference Wrong

Correlate Principle

Figure 35 Proportion of error types fod across eacanswer position for 3x3 matric.
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5.3 Methods

As can be seen from the literature, there are nafifgrent ways to examine errors
made on the RPM, amidst general agreement thainigak errors in any of these ways
can add valuable information about an individugksformance on the test. | focus on
examining error choices by type, i.e., for probldhet are not answered correctly, which
conceptual types of distracters tend to be chosen?

This analysis is applied to existing human behalidata, kindly made available by
Dr. Isabelle Souliéres at the University of Montredhese data come from four groups:
children and adults, either typically developingmth autism. These data are compared

with each other as well as against computationt@ ganerated by the ASTI model.

5.3.1 Predictions

In this section, for each type of error discusskedva, | make predictions about 1)
whether the ASTI model is likely to make this tygeerror, and 2) whether human test-
takers using either visual or verbal strategiesli&edy to make this type of error, i.e.
does the probability of making this type of errdfat based on strategy?

Incomplete correlate (IC): The ASTI model would likely make certain types Gf |
errors but not others. IC-Neg, IC-Fill, IC-FlipCdLayout, and IC-Scale errors all
represent changes in the visual properties of thheect answer choice. Because the
ASTI model represents visual properties explidiitythe predicted answer image itself),
it would be unlikely for the model to correctly szen about the problem far enough to get
close to the correct answer but then make oneeasfetliypes of errors. 1C-Num and IC-
Inc errors, on the other hand, have more to do initimsic content of the answer image,

and it is possible that incorrect reasoning byrtfoelel might lead to making one of these
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two types of errors. If human test-takers use lamiisual representations to the ASTI
model, i.e. if these representations explicitlytpor the visual properties of a shape in
terms of its color, texture, orientation, layoutdasize, then we would expect to see the
same pattern: IC errors would only be made ol@dlum and IC-Inc types. For human
test-takers using verbal representations, on therdiand, number is likely one of the
aspects of an answer choice that will be explicdpresented, and so we would not
expect them to make IC-Num errors. However, iplsusible that they might make
errors of the other types, i.e. IC-Neg, IC-Fill-Klp, IC-Layout, IC-Scale, and IC-Inc.

Repetition (R): The ASTI model could very well make repetitiomoes, as it uses
the matrix entries adjacent to the blank spaceetwerate its predicted answer image.
Thus, if the model reasons incorrectly about therimat could easily select an answer
choice due to the answer’s similarity to an adjaceatrix entry. In humans, if repetition
errors are made due to a cognitive fixation onati@acent matrix entries, | would expect
to see little difference in repetition errors betweindividuals who are solving the
problem visually versus verbally. On the otherdyahmay be that individuals who use
visual representations are more likely to make tiepe errors, if the visual priming/bias
that occurs during inspection of the matrix is sgrer for these individuals.

Difference (D): The ASTI model will likely not make difference ersp because the
model reasons by trying to maximize similarity amamatrix images, and difference
errors represent answer choices that are veryndiasi from matrix entries. These
answers would not likely be chosen by test-takdre are using a constructive matching
strategy, because answer choices represent “diffefeerrors for the very reason that

they would be unusual or complicated to constrsmgi elements from the matrix. For

183



this reason, | expect to see little change in diffiee errors between individuals solving
the problem visually or verbally. On the other thaas with repetition errors, it may be
that individuals who use visual representationsnaoee sensitive to attending to visually
different stimuli, in which case their rate of @ifénce errors might be greater.
Wrong principle (WP): The ASTI model could easily make wrong principleoes,

as these errors might correspond to the ASTI medigcting an incorrect transform or
image set from which to generate its predicted answor human test-takers, WP errors
are likely to have equal frequencies of occurremgardless of whether the test-taker is
using visual or verbal representations. Differeance WP errors are probably greater

among individuals of different ability levels, isgective of what strategy they are using.

5.3.2 Overview of data

In this section, | give an overview of the quanatyd type of human behavioral data
that is available, along with summary statisticsadbing the demographics and the
overall SPM performance levels shown by participaag well as the comparable SPM
performance levels shown by the ASTI model.

The human behavioral data that was available fadystonsisted of data on SPM
performance by children and adults who were eitiapically developing (TD) or who
had been diagnosed with autism. Portions of tlieda were previously analyzed and
published in other studies (Dawson et al., 2004)liees et al., 2010). Participants
included 106 TD individuals and 153 individuals Wwiautism (AUT). Data were
available for each participant giving which answhboice they chose for each of the 60
problems of the SPM, including a few instances mcW an individual did not give an

answer. Using age data, the participants werepgunto children and adults. | used a
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cutoff of 17 years for the maximum age of the aleidgroups. One participant in the
AUT group was excluded from all analyses, as heeapgul to have adopted a strategy of

answering “1” for more than half of the problemstba SPM.

Table 24. Breakdown of participant data by agddodn versus adults) and group
(typically developing versus autism versus the ABibdel).

Children Adults ASTI model
TD AUT TD AUT ASTI
N 54 108 52 44 96
SPM score: 42.61 37.43 50.69 48.43 32.57
mean (SD) (9.79) (12.17) (5.38) (9.64) (9.74)
Age in years: 11.96 11.02 22.98 26.80 n/a
mean (SD) (3.40) (2.99) (4.28) (6.72)
Full scale 1Q; 109.82 84.38 106.91 97.61 n/a
mean (SD) (10.35) (20.03) (11.76) (16.40)

Note: Not all participants had FSIQ data available.

To obtain data samples from the ASTI model, | #dat¢ach configuration of the
model described in Section 4.2 as an individualgam In this way, | had 96 ASTI
model “participants” who could then be comparechwvtite TD and AUT human groups.
Table 24 summarizes SPM, age, and full-scale 1Q@F®iformation.

However, as noted in Section 5.1, if we wish toreixee error patterns between
groups, different overall levels of performance Imidgpe a confounding factor. One
approach to address this confound is to select reupg of participants who are
individually matched on overall score. Then, aiffedences in error patterns will be due
to group membership only, and not to potential grdififerences in ability.

This approach was applied to the child data aloitly @ata from the ASTI model. If
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multiple individuals had the same raw score, one s&lected at random. Each pairing
differed by at most 1 point. This resulted in grimgs that share the same mean and very

similar standard deviations. Data from this growgitching are given in Table 25.

Table 25. Score-matched subgroups used for asalyshildren data.

D AUT ASTI

38.26 38.26 38.29

SPM score: mean (SD) (8.07) (8.09) (8.07)
Age in years: mean (SD) (131'3101) (120.7716) n/a
Full scale 1Q: mean (SD) 1(8602)8 (2233) n/a
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5.4 Results

Comparisons of error types were conducted usiregttifferent analyses:

1) Between-groups analysis, using matched child swipgro
2) Between-groups analysis, using unmatched childggou

3) Between-groups analysis, using unmatched adultpgrou

5.4.1 Matched child subgroups

Figure 36 shows the proportion of total errors aéteconceptual error type made by
participants in the matched child subgroups. Tlegggnificant agreement in error type
proportions between the TD and AUT group¥N = 826) = 1.89p = 0.60, whereas the
error type proportions made by the ASTI group diféggnificantly from each of the
human groupsy*(N = 826) = 91.62p < 0.001 for TD, ang’(N = 826) = 98.69p <
0.001 for AUT. The relative scarcity of differenegors made by the ASTI model was
one of the predictions made earlier, though thatired abundance of repetition errors had
not been predicted for the ASTI model.

Figure 37 shows errors for the three groups uspegific error codes individually,
without aggregating into error type. Unlike theegiicted outcomes, the proportions of
individual IC errors do not differ significantly tveeen the TD and AUT groups; again,
across all error codes, performance between thasgroups seems well matched. Also,
the ASTI model does make some errors of the IG-KitFlip, and IC-Layout types,
though as predicted, more errors are made in tHed@ategory. In addition, the ASTI
model makes many more strict errors of repetitinaluding the WP-copy type of error,
than do either of the human groups. The humanpgoon the other hand, make

significantly more WP-matrix errors. This may iodie that human participants have
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some notion that simply copying a matrix entry does usually lead to the corre

answer, whereas tH&STI mode has no such proscription.
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Figure 36 Error types made by the three s-matched subgroups of typica
developing children (TD), children with autism (AY®&nd theASTI mode (ASTI).
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Figure 37 Specific errors made by tthree scoranatched subgroups of typica
developing children (TD), children with autism (AY&nd theASTI mode (ASTI).
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5.4.2 Unmatched group:s

Figure 38shows the proportion of total errors of each cohgaperror type made k
participants in theentire child groups, without matching subgroupsebasn total sco
(top) and the three adult groups (bott. Both of these sets oésults are similar to tise

found for the matched child subgroups describetierprevious sectio
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Figure 38.Error types made by children (top) and adults (bojtin the thremain
groups:typically developing (TD), autism (AUT), arASTI mode (ASTI).
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5.5 Claims and Future Work

Following the analyses presented in this chaptedlpeés not seem that error types
alone provide a clear window into whether an ingdlinal is using a visual or verbal
strategy on the SPM. One major contribution of thapter is the classification of error
types on the SPM. While earlier efforts to obtsuich a classification were unsuccessful
(Vodegel-Matzen, 1996), the current approach useeva set of more clearly defined
classification criteria, as well as a new two-stagproach to classifying errors. Using
this approach, an error classification for the SRisls obtained with 95% inter-rater
reliability. This classification will have utilityor other studies of human or machine
performance on the SPM, and it adds significard@rimgtion for the RPM family of tests,
as both the CPM and the APM already had error ifleatsons, but the SPM did not.

Future work on this topic should include addressimg important questions. First,
what factors do affect an individual’s particuléwocce of errors on a test like the SPM, if
the visual/verbal nature of their problem-solvintategy does not seem to play a role?
And second, what other behavioral markers may lefuldo study the visual/verbal
nature of an individual's strategy? Neuroimagiregadfrom fMRI provides one avenue
(e.g. Prabhakaran et al., 1996; Soulieres et@L1f as do eye-tracking studies or the use
of verbal reporting protocols or qualitative obsdrons (e.g. Bromley, 1957) to better

understand an individual’'s problem-solving and gdieci-making processes.
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6 CONCLUSION

This dissertation began with a discussion of pnobkolving, and in particular the
types of knowledge representations and associ&asbning (i.e. cognitive strategies)
that intelligent agents use to solve different kind problems. The ensuing work centers
on two key insights about classifications of coigeitstrategies. First, there is a
difference between the way problem-solving taslkstypically or readily done and the
way that theycan be done. While a majority of research in psychg/gpsychometrics,
and atrtificial intelligence has focused exclusively the former, problems with this
approach can arise when assumptions about typicininate, for instance by finding
their way into studies of atypical cognition anadigem solving under the radar, so to
speak, without explicit justification, or by suppséng the study of alternate strategies.

The second insight has to do with what it meansthik visually,” a concept
inspired in this dissertation by the “visual thingf accounts of many individuals on the
autism spectrum. A simple definition might be th@nhking visually means doing well
on visual tasks and poorly on verbal tasks. Howebe standard classifications of tasks
as “visual” or “verbal” represent how tasks #ypically done. Many of these taskan,
in fact, be done either visually or verbally, arcdasmore precise definition of thinking
visually, from an information-processing perspegtiits someone who 1) shows poor
performance on tasks that can only be done verbajlyshows intact performance on
tasks that are typically done visually, and 3) skomtact performance on tasks that are
typically done verbally but can be done visually rbcruiting an atypical visual strategy.

Using this kind of task classification coupled wgbneral behavioral predictions in

order to describe a form of cognition is, to my Wedge, new, and explicitly accounts
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for the multiplicity of information processing stegies that can be successful in many
problem domains as well as for the human braircseidible capacity to adapt, creatively
drawing upon areas of cognitive strength to comaindor areas that might be
inaccessible or difficult to use. One way to c@toalize how this approach can
characterize a particular form of cognition ishk in terms of a “cognitive phenotype,”
a notion recently coming into use to describe aigipforms of cognition, especially in
neuropsychological disorders. Just as an orgasisplienotype represents some
presentation of physical characteristics that #&d to genetics and development, a
cognitive phenotype represents a particular prasentof cognitive characteristics.

Autism seems unusual in the space of psychologisakders in the heterogeneity of
cognitive phenotypes that are exhibited by affectedividuals. While cognitive
characterizations within autism seemed, for a titadpcus primarily on differences of
degree(e.g. 1Q, low- versus high-functioning, gradeddsvof language ability, etc.), it is
becoming more apparent that there are also diftexenfkind, and these differences may
represent distinct etiological subtypes within #utism spectrum (Charman et al., 2011).
The notion of a “visual thinker” that | presenttims dissertation attempts to describe one
cognitive phenotype of autism that seems prevaienintrospective and anecdotal
accounts. While | focus mainly on the occurrentéhes cognitive phenotype within
autism, it may have utility in describing individudifferences in cognitive styles among
typically developing individuals as well, for instze along the lines of Gardner’s theories
of multiple intelligences (Gardner, 1985).

My characterization of a “visual thinking” cogniévphenotype, i.e. the Thinking in

Pictures (TiP) hypothesis, specifies a set of belnal predictions that can be used to
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identify the occurrence of this phenotype in anvidiial. While the work presented in
Chapter 2 of this dissertation examines these hets\predictions in light of existing
empirical studies, these predictions could alsaged to design new experiments that
explicitly test for the presence of this phenotypEhis kind of assessment could yield
numerous benefits for both the study of autism &ordindividuals on the autism
spectrum, including 1) identifying a potential auti subtype defined by the presence of
this cognitive phenotype, 2) tailoring the designirderventions to specifically recruit
visual strategies, and 3) on an individual basigprming the selection of certain
interventions over others.

However, there are many aspects of the ThinkinBiatures hypothesis that remain
important open questions. Clearly, reliance omiqular form of mental representation
is only one aspect of cognition; studies of autisawe also examined differences ranging
from perception and sensory sensitivities to lagguand metacognition, and with the
advancement of neuroimaging technologies, theseu&rcognitive differences are
becoming more and more linkable to specific diffexes in neural development and
activation. If it is the case that there is aidwdt visual thinking cognitive phenotype
within autism, then it must ultimately be situat@dhin an etiological framework that
includes genetics, neurobiology, and developmestwall as these other aspects of
cognition and behavior.

In Chapter 3, | present a computational model AB&1 model, primarily as a proof
of concept of how one particular visual strategy salve a large proportion of problems
from the Raven’s Progressive Matrices (RPM) seasfestelligence tests. This model is

fairly unigue among computational models of the RRd indeed among Al models of
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high-level problem solving in general, in its ugeconic visual representations instead of
propositional representations. Perhaps the biggesition surrounding the ASTI model
is to what extent it serves as a model of humamitiog, including 1) human cognition
in general, 2) autistic cognition in particularda) the neural bases of cognition.

In terms of general human cognition, the ASTI madalearly a simplified model on
many fronts. Mainly, the ASTI model is a conterddal of solving RPM problems, not
a process model, and so it does not include mamgegdural aspects of problem solving,
such as attention, learning, iteration, or cogeitoontrol, especially in consideration of
taking the test as a whole and not just addressitigidual problems. On the content
side, it provides a rather coarse-grained modehefkinds of operations that might be
performed in mental imagery (or operations thatiswenorphic in some sense); given the
closed-world nature of individual RPM problems, ahd visual simplicity of problem
inputs (e.g. black-and-white shape and line drag)inthis level of granularity appears to
be appropriate, with the exceptions of operatiorisimmage scaling, filling, and
segmentation that | mention in Chapter 3. In teohshe specific reasoning content
generated for each RPM problem, one limitation hed ASTI model is that it uses a
purely feed-forward approach, predicting a singlaarete answer before inspecting any
of the answer choices. This strategycohstructive matchings observed in humans but
exists alongside the strategy m#sponse eliminatignwhich involves inspecting the
answer choices up front, in conjunction with ingpecof the matrix (Bethell-Fox et al.,
1983). These two strategies, though ostensiblytati® problem-solving process, also
involve content as well, as they affect which asp@t the problem content (matrix vs.

answer choices) are brought into play during varicomponents of problem solving.
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In terms of autistic cognition, the ASTI modeleatipts to approximate the way in
which individuals with autism who have a visualntking cognitive phenotype might
solve RPM problems, respecting the above mentidineitations of the model, in the
sense that these individuals would be expectedacaupurely visual strategy on the test,
whereas typically developing individuals would bepected to use a combination of
visual and verbal strategies, akin perhaps to abamation of the ASTI model with a
propositional RPM model. One important questioowéver, is whether the kind of
visual strategy used by individuals with autism wdre visual thinkers would be the
same as a typical visual strategy. A recent p&mking at mental image comparisons
and mental rotation has found superior performamdaedividuals with autism (Souliéres,
Zeffiro, Girard, & Mottron, 2011). Given the depbi cognitive differences in domains
like language and perception that exist betweeivithgals with autism and typically
developing individuals, it would seem surprisingtifere were not also qualitative
differences in visual processing as well, thoughatmorm these differences might take
remains to be seen.

In terms of its neural plausibility, the ASTI model its current implementation
makes no attempt to emulate aspects of neural catipu However, there are several
avenues that could be explored in this directitm.terms of its perception and internal
representation, the ASTI model uses pixel-basedy@siawhich are essentially two-
dimensional intensity maps of rectilinearly arraygoints. We know that at least a
portion of the primary visual cortex is dedicatechterarchically processing visual inputs
into spatial features such as edges, corners, @ntspand the two-dimensional nature of

this information is preserved according to thenagpically mapped structure of neurons.
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If neural computation during mental imagery opesaia this information in a way that
preserves these two characteristics (Slotnick, Tgsam, and Kosslyn, 2005), then these
computations may, like those of the ASTI modeldescribed as combinations of affine
and set transformations upon this information. a@e both from an efficiency
standpoint as well as from what we know of neumworks, such computations are
likely to be implemented in the brain in a massivearallel fashion. Again, this is an
example in which the ASTI model as currently impéned is best described as a
content model rather than a process model; it mayalble to perform a similar or
isomorphic operation, but currently uses only $eatacessing. The ASTI model could
also be augmented to include features more sinalédre edges and lines detected by the
brain; computer vision offers many potential apgtas in this direction.

Finally, in Chapter 5, | compare conceptual typéserrors made on the RPM
between typically developing individuals, individsiawith autism, and various
configurations of the ASTI model. A striking fimdj is how similar the error patterns
made by the two human groups are, especially given differences observed in
behavioral measures like comparative IQ performamce reaction time, as well as
patterns of brain activation (Dawson et al., 208@ulieres et al., 2010). One possible
explanation is that whatever altered types of atpator ability are causing the other
observed differences, these alterations do not hayeeffect on the types of conceptual
errors that are made; for instance, error patterayg depend more on overall ability using
any type of representation, rather than being iaddpnt of ability within a particular
representational paradigm. On the other handay be that the error types themselves

are not represented at a fine enough level of uéisol or are capturing the wrong level of
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abstraction needed to see the effects of stratéfgyehces. Additionally, the hypothesis
that TD individuals and individuals with autism wdwexhibit different error patterns
across the entire test assumes that strategy etiffes can be found on all, or at least
most, problems. Behavioral studies of the RPM hboreg observed that different
problems seem to elicit different problem-solvinggategies, and so there may be
subclasses of problems on which error patternsreifices are more pronounced.

In sampling the types of errors made by the ASTtehol chose to use an approach
that does not explicitly model the decision-makprgcess of the system choosing from
among the given set of answer choices. Insteadea@ping with conceptualizing the
ASTI model as a content model instead of a prooesdel, | examined what kinds of
errors would be made across the space of variationgsual strategy that can be
represented by systematic ablations of the ASTIehodVhile the overall pattern of
errors of the ASTI model is significantly differeinom both of the human group patterns,
there are at least some similarities, and the réiffees seem to be explainable by
particular features of the model. In particulfuere seem to be three types of errors in
which we see the largest differences between thgehand human groups: 1) difference
errors are rarely made by the model, which is Vildle to the fact that the model uses a
purely feedforward approach to inspecting answeaiogs and does not compute the
salience of answer choices, 2) repetition erroesmraade much more often by the model
than by the human groups, which is perhaps becthesenodel always uses single
transformations of elements taken directly from thatrix in order to construct a
predicted answer, and 3) the model is far lesdylike make an error that represents a

more complex transformation of a matrix entry, pg@dfor the same reason. Expanding
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the ASTI model to include a response eliminatioprapch that takes into account the
saliency of particular answer choices, in additiorthe constructive matching approach
that is currently used by the model, may incredmse fidelity with which the model
exhibits human-like error patterns.

In summary, this dissertation began by examininge& hypothesis about visual
thinking in autism, namely that certain individualgh autism may have a bias towards
using visual instead of verbal mental represenatiol found evidence across several
task domains indicating that this type of visualdomay be present in many individuals
with autism, and that current cognitive theoriesaafism do not explicitly account for
these findings. To show the feasibility of thispbghesis in one domain, the Raven’s
Progressive Matrices test, | constructed the ASTDdeh which uses purely visual
representations to solve many RPM problems. éteite ASTI model against all three
of the widely used Standard, Colored, and Advaneeagressive Matrices tests and
found that the ASTI model correctly solves a coesathle proportion of problems on
these tests, with ceiling or near-ceiling perforoceon the Standard and Colored tests;
future work will include incorporating mechanismar fimage segmentation into the
model, which is likely needed for improved perfomoa on the Advanced test. | also
conducted ablation experiments with the model tavdea new data-based classification
of problem types on the Raven’s Standard and CalBregressive Matrices tests. Using
this model, | then made predictions about the typkesrrors that might be made by
individuals with autism versus by typically develog individuals. This analysis
revealed first, that looking at error types maycaebe done at a finer-grained level of

analysis to reveal the differences, if any, in esrmade by the two human groups.
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Second, this analysis uncovered some limitationshef ASTI model, namely that its
reliance on constructive matching and its lack ebsures of attention and salience seem
to cause an unusual pattern of errors relativeitodn performance.
This dissertation incorporates several theoretiodl technical firsts, including:
1) the first systematic examination of a visual thimkibias in individuals with
autism across multiple task domains
2) the first computational model that uses purely aigepresentations to solve
problems from the Raven’s Progressive Matricestest
3) the first model of any kind to be tested againstehtirety of all three of the
Standard, Colored, and Advanced Progressive Mattests
4) the first RPM problem classification based on mad#htion experiments
5) the first successful qualitative classificationaminceptual error types on the
Standard Progressive Matrices test
The main contribution of this dissertation lies its integrated, interdisciplinary
investigation into the role that visual mental es@ntations can play in high-level
problem solving. As discussed above, this work sigsificant implications for the
neuropsychological study of autism, for the desagml interpretation of psychometric
intelligence tests, for the construction of Al camagional models that reason visually
instead of propositionally, and finally, for thevédopment of information processing
theories of human cognition, specifically in theas of mental imagery and multimodal

processing.
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APPENDIX A: PROTOCOL FOR CODING SPM ERROR TYPES

This appendix contains a copy of the protocol ptedi to the second independent

coder to classify distracters on the SPM accortingyror type (see Section 5.2).

(Protocol Page 1) Overview: Error type classification on the SPM:

There are four basic conceptual types of errors on the Raven’s Standard Progressive Matrices Test: 1)
incomplete correlate, 2) repetition, 3) difference, and 4) wrong principle.

Incomplete correlate (IC) errors are those in which the distracter is almost, but not quite, correct. For
example, some IC distracters represent a rotation or reflection of the correct answer. Other IC distracters
differ from the correct answer in a single feature dimension, e.g. they might have four elements instead
of three, or straight elements instead of curvy ones, or have the correct shape but the wrong texture.
Alternately, an IC distracter might be only missing an element from the correct answer. Oftentimes, an IC
distracter might be correct in terms of a single row or column in the matrix, e.g. looking just at the right-
most column or just at the bottom-most row, but when both rows and columns are taken into account, it
no longer fits the matrix pattern. These kinds of errors are made when a test-taker more or less “gets”
the problem, in terms of identifying and understanding the relevant matrix relationships, but then fails to
fully account for all of the problem details when selecting an answer.

Repetition (RP) errors are those in which the distracter is a copy of one of the matrix entries that is
adjacent to the blank space. Choosing an RP distracter may represent a sort of cognitive bias or fixation
on the matrix entries, in which an answer is selected based on simple perceptual matching between the
answer choices and the matrix entries closest to the blank space. These entries may be privileged
because of their proximity to the blank space. Alternately, assuming a top-left to bottom-right visual
scanning pattern, these adjacent entries may be the last viewed before the test-taker moves on to look at
the answer choices, assuming a sequential inspection of the problem in a matrix-first, answers-second
ordering.

Difference (DF) errors are those in which the distracter is somehow qualitatively different in appearance
from the other distracters. DF distracters include those that are completely blank, as well as those that
have extraneous shapes that are not found anywhere in the problem matrix. In addition, a DF distracter is
often the most complex-seeming answer choice, either combining all of the matrix entries together into a
single agglomeration of matrix elements or taking some feature from the matrix and increasing its value
until it surpasses all the other entries and answer choices. A DF distracter might be chosen because it
visually “pops” from among the other answer choices.

Wrong principle (WP) errors are those in which the distracter is a copy of or composition of various
elements from various matrix entries (with the exception of copies of adjacent entries, which would still
fall under the “repetition” error type). A WP distracter might be chosen if the test-taker does not
successively educe the correct relationship from the matrix entries and instead combines the entries
according to some other rule or relationship to produce an answer choice.
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(Protocol Page 2) The following table gives specific criteria that can be used to distinguish among the
various conceptual types of errors found on the SPM.

Error type taxonomy and classification criteria for the SPM

Error type Criteria
1 Negative (color-inversion) of correct answer
2  Change only in fill, texture, or style
3 Rotation/reflection of correct answer
Incomplete correlate 4 Change only in spatial layout of elements
5 Change only in size or scale
6 Change only in number of discrete elements
7 Incomplete, with missing element or portion
8 Repetition of matrix entry to left of blank space
Repetition 9 Repetition of matrix entry above blank space
10  Repetition of matrix entry to top-left of blank space
11  Filled completely white or black
12 Union or agglomeration of all or most matrix entries
Difference 13 \Maximizes some feature value
14 Differs qualitatively from matrix and other answers,
or contains information not found anywhere in matrix
15  Repetition of matrix entry not adjacent to blank space

Wrong principle 16
17

Rotation/reflection of matrix entry

Transformation/combination of matrix entries

Note that these error type criteria can be broadly divided into two categories:

If an individual does not know or guess the correct answer, even partially, then they may make
repetition, difference, or wrong principle errors. The distracters that represent these error types
can be identified based on how the distracter is related to information in the matrix.

If an individual does partially guess the correct answer, then they may make incomplete correlate
errors. The distracters that represent these error types can be identified based on how the
distracter is related to the correct answer choice.

1)

2)

Therefore, the scheme for coding error types on the SPM actually has two parts:

Without consideration of the correct answer, first code each answer choice in terms of criteria
#8-17, which represent how each answer is related to information in the matrix.

Then, without consideration of the matrix, using only knowledge of the correct answer, code
each answer choice in terms of criteria #1-7, which represent how each answer is related to the

1)

2)

correct answer.
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(Protocol Page 3) Here is an example problem, along with examples of the kinds of distracters that fall
under each error type criterion.

/AA b AAA
JAA AAA

AA AAA
N\ g

Mark any answer choice that is
F filled completely white or
completely black.

Mark any answer choice that is a
I_ repetition of the matrix entry
directly to the left of the blank

AA
AA
AA
) WY o
AA
AA
AA
space. N
Mark any answer choice that is a AAA
-|- r?petltlon of the matrix entry AAA
directly to the top of the blank
space.
AA
AA
) W o

Mark any answer choice that is a
repetition of the matrix entry

D directly to the diagonal top-left of
the blank space.

Mark any answer choice that is a

copy of any matrix entry that is not AAA
C directly adjacent to the blank

space.

Mark any answer choice that is a i (S N
) rotation or reflection of any matrix | 4 4 4

entry. § .
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(Protocol Page 4)

AA AAA

4@
] 2
4@
 d-<
>r

 dd-a
| 4 d d

Mark any answer choice that is a
union or agglomeration of all or

U most of the matrix entries (or
aspects of them).

Mark any answer choice in which
some particular feature found in
the matrix is maximized or made
more complex.

Mark any answer choice that
contains new content not found in
the matrix or other answer choices

X or is otherwise qualitatively
different from the other answer
choices.

Mark any answer choice that
represents any other

M transformation or combination of
matrix entries.
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(Protocol Page 5)

A O\ [aa | |asa
\_/ \ e
(A [4a ] |aaa
NS L/
/a7 [aa)
\&_/ Las
@ Mark the correct answers by circling the :::
number choice. AAA
N Mark any answer choice that is a negative
(color-inverted) image of the correct answer.
Mark any answer choice that is the same as the AAA
F correct answer except with a change only in fill, AAA
texture, or style. AAA
O Mark any answer choice that is a rotation or ;;;
reflection of the correct answer. LA A

Mark any answer choice that is the same as the

. . AAA

|_ correct answer except with a change only in AAA AAA
AA AAA

spatial layout of elements.

Mark any answer choice that is the same as the AAA
S correct answer except with a change only in size AAA
or scale. AAA

Mark any answer choice that is the same as the A A AAA

# correct answer except with a change only in A A AAA
number of elements. A A AA

Mark any answer choice that is the same as the AAA

S correct answer but with a missing element or AAA

portion. AAA
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(Protocol Page 6) Part 1: How answer choices are related to content in the problem matrix:

Instructions:

problem.

First, using the six codes found in Step 1 in the table below, go through each problem in the test and mark
any answers that fit these six criteria. If more than one criterion fits a particular answer choice, just mark

Part 1 uses Test Booklet A, which contains the complete matrix and answers for each

the first one that applies using the order specified in the table below.

Then, go through the test once more, this time marking answers that fit the codes and criteria listed in
Step 2. If an answer choice has already been marked during Step 1, skip it. At the end, each answer

choice should have exactly one code assigned to it.

Step

Code

Criteria

1)

Mark any answer choice that is filled completely white or
completely black.

Mark any answer choice that is a repetition of the matrix entry
directly to the left of the blank space.

Mark any answer choice that is a repetition of the matrix entry
directly to the top of the blank space.

Mark any answer choice that is a repetition of the matrix entry
directly to the diagonal top-left of the blank space.

Mark any answer choice that is a copy of any matrix entry that
is not directly adjacent to the blank space.

Mark any answer choice that is a rotation or reflection of any
matrix entry.

2)

+ cCc | CC O 9O 4

Mark any answer choice that is a union or agglomeration of all
or most of the matrix entries (or aspects of them).

Mark any answer choice in which some particular feature
found in the matrix is maximized or made more complex.

Mark any answer choice that contains new content not found
in the matrix or other answer choices or is otherwise
qualitatively different from the other answer choices.

Mark any answer choice that represents any other
transformation or combination of matrix entries.
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(Protocol Page 7) Part 2: How answer choices are related to correct answer:

Instructions: Part 1 uses Test Booklet B, which contains only the answers for each problem.

Step O has already been completed; the correct answers have been marked by circling the number of the

appropriate choice.

Using the seven codes found in Step 1 in the table below, go through each problem in the test and, for
each answer choice other than the correct one, mark any answers that fit these seven criteria. If more
than one criterion fits a particular answer choice, just mark the first one that applies using the order
specified in the table below. Not all answer choices need to be marked; if an answer choice fits none of
these seven criteria, then just leave it blank. At the end, each answer choice (excluding the correct

answer) should have zero or one codes assigned to it.

Step Code Task
0) @ Mark the correct answers by circling the number choice.
N Mark any answer choice that is a negative (color-inverted)
image of the correct answer.
F Mark any answer choice that is the same as the correct answer
except with a change only in fill, texture, or style.
C.) Mark any answer choice that is a rotation or reflection of the
correct answer.
1) Mark any answer choice that is the same as the correct answer

HF+ v

except with a change only in spatial layout of elements.

Mark any answer choice that is the same as the correct answer
except with a change only in size or scale.

Mark any answer choice that is the same as the correct answer
except with a change only in number of discrete elements.

Mark any answer choice that is the same as the correct answer
but is incomplete, with a missing element or portion.
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