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Abstract. Cognitive simulation offers a means of more closely examining the

reasons for behavior found inymhological studies. This paper describes a

computational model of the visual oddity task, in which individuals are shown

six images and asked to pick the one that doesnbd
model can match performance by participants from two @dtuAmericans

and the Munduruk We use ablation experiments on the model to provide

evidence as to what factors might help explain differences in performance by

the members of the two cultures.
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1 Introduction

A central problem in studyingpatialcognition is representationJnderstanding and
modeling the visual representations people construct for the world around them is a
difficult challenge for cognitive scienceDehaae and colleague§] made important
progress on this problefoy designing a study which directly testhat features
people represent when they lookgatometric figures in @isual sceneTheir study
utilized the Oddity Taskmethodology participants were shown an array of six images
and asked to pick the image that did not belong (e.g., se€l}iBy varying the
diagnostic spatial feature, i.e., treafure that distinguished one image from the other
five, they were able to teswhich features their participants were capable of
representing and comparing.

Dehaene and colleagues ran their study on multiple age groups within two
populations: Americans drthe Munduruld, an indigenougroup in South America.
They foundthat while the Americans performed better overall, the Munduruk
appearedto be capable of encoding the same spatial features. Mumelurukd
performed above chance on nearly all of the 4iblams, and their pattern of errors
correlated highly with the American pattern of errors. Dehaene concfuol@dthe
results that many spatial features are universal in human representation.eHowev
several questions remain: (1) What makes one probledehthan another? \2Vhy
is it that, despite the high correlation between population groups, some problems
seem especially hard for Americans, while other problems seem especially hard for
the Mundurulkd? (3)To what extent can questions 1) and 2) be answvin terms of
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the process of encoding representations, versus the process of operating over those
representations to solve problg
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Fig. 1. Six example problems from the Oddity Task.

This pae presers a cognitive model designeid explorethese questionur
model is based upon two core claiai®ut spatial cognition: (1) When people encode
a visual scene, they focus on tipealitative attributes and relations of the objects in
these scenfll]. This provides them with a more abstract, more robust representation
than onédfilled with quantitative details about the scene. (2) People comparki@lv
visual representations using the same mapping process used to perform abstract
analogies Our model of comparison is based Gre n t n¥rsiusturelmapping
theory of analogy.

Our model usefour components to simulate the oddity task from-emeénd. We
use a modified version ofCogSketch [13], a sketch understanding systeto
automatically construct qualitative representations s&étches and other two
dimensional stimuli We use the StructureMapping Engine $ME) [8], a
computational model of structureapping theory,to model compariso and
similarity judgments We usetwo additional components based on structuepping
theory: MAGI [ 9], whichmodek symmetry detection, and SEQLE], which modek
analogicalgeneralization.Using this approach, we have modeled human performance
ongeometric analogy problemig5] ( pr obl ems of the fonm AA is to
a subset of the RaVv[20h&wualR-baseg inteligencevtest; Mat r i ce s
andbasic visual comparison taskkd,21]. However, theDehaene taskffers a unique
opportunity in thafit was designed to isolate specific spatial features and check for
their presence orabsenceom e 6 s r epresentati on.

This papemresers our cognitive model of performance on the @gdTrask and
uses itto study factors that contribute to difficulty on the task. In comparing the
model with human results, we focus on two population groups: American children

1 Publicly available ahttp://www.spatiahtelligence.org/projects/cogsketch_index.html
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aged 813, andthe full set of Mundurit of all agesWe consider these groups because
their overall performance on the 45 problems in the Dehaene study was comparable:
75% for the Americans and 67% for the MundurlWe provide evidence for what
might distinguishthese goups from each othetia ablation studies using the model.

We begin bybriefly reviewing the components of our modeWe thenshow how
thesecomponenimodels arecombinedin our overallmodel of the Oddity TaskVe
analyze the results produced by running the model on the 45 problems from the
original study and use ablation studies to explore possible explanations for
performance differences between the two group®e close with a discussion of
related and futurevork.

2 Modeling Comparison via Analogy

Our mod el of compar i gMnstructwremdppirg eheéoryooh Gent ner 8 s
analogy. According to structure mappjmgople compare two objects by aligning the

common structure in their representations of the obj&@xmparison is guided by a

systematicitybias; that is, pople prefer mappings thatace deeper structure with

more highetorder relations into correspondenc®&tructuremapping has been used to

explain and predict a variety of psychological phenomar@uding visual similarity

and differences 15,22]. Next we describe three computationalodels based on

structuremapping, each of which is usedthe present study.

2.1 Structure-Mapping Engine

The StructureMapping Engine (SME)d,10], is a computational implementation of
structuremapping theory. It takes as input two casdsaseand atarget Each case is
a symbolic representation consistingesftities attributesof entities, andelations
There are both firsbrder relations between entities and higbeter relations
between other relation&SME returns one to three mappingstween the base and
target Each mapping has three componerdsset of correspomiencesbetween
elements in the base and elements in the targatuetural evaluation scorewhich
estimates the degree of similarity between the cases; and a smndidate
inferences inferences about the target supported by the mappidguaaligned
structure in the base.

2.2 MAGI

MAGI [9] is a model of symmetry detection based upon SME. Essentially, it
identifies symmetry in a representation by comparing the representation to itself,
while avoiding perfect selfnatchesMAGI is important in modeling spatial cognition
because it is often necessaoyidentify axes of symmetry in a visual scene, or in a
specific object.
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2.3 SEQL

SEQL[18] is a model ofanalogical generalizatioSEQL is based upon the idea that
individuals learn generalizations for categories through a processogfessive
alignment[16], in which instances of a category are compared and the commonalities
are abstracted out as a direct result of the compa&ivan a set of cases, SEQLnca

build one or more generalizations from them by comparing thEmSME and
eliminating the structure that fails to align between cases, leaving only the structure
that is common across all the cases in the generalization. Because the generaization i
in the same form as individual case representations, new cases can be compared to the
generalizatiorio measure their similarity to a category.

3 Modeling Qualitative Representation via CogSketch

One of our core claims is that peoplse qualitative sgtial repesentations when
reasoning over or comparing imag®ghile quantitative data, such as theact sizes
of objects or the exact orientation of edges, may vadgly, evenbetween imagesf
the sameobject qualitative relations are much more consistent. For example, nearly
every face contains an eye to the right of another eye, with both eyes above a nose
and a mouthThe key to qualitativeepresentation is to encode what Biederman calls
the nonaccidental pperties[4]. These are the relations that are unlikely to have
occured by accident in a sketch. For examplep lines chosen at random are
unlikely to have exactly the same orientation. Therefore, when two lines are parallel,
this is unlikely to have occurred by random chance, and so it is pratigblficant

There isabundant evidence that people encode qualitative relat@nssponding
to nonaccidental properti@s visual scenes. For example, parallel lines are salient for
children as young as thr¢&]. Adults and infants can distinguish between concave
and convex shapésa quaitative distinction[3], and humans have been shown to
have a preference for objects aligned with a vertical or horizontal axispposed to
those with an arliary orientation2]. Huttenlocher and colleagugk?] have shown
that when individuals memorize a pdns |l ocati on in a <circl e, t hey
attention to which quadrant of theircle the point lies in, again a qualitative
distinction. While it is obviously the case that individuals are capable of encoding
guantitative informationin addition to these qualitative relationthe qualitative
relations appear particularly wedliited to spatial problersolving, as they can be
easily encodedsymbolically and used to compare different scen€bus, in our
present work we explore the hypothesis that spatial tasks can be solved relying
exclusively on qualitative representations.

We seequalitative spatialrepresentations as hierarchi¢alg., R4]). Each of the
shapes in an image can have its own attributes and relatibti®e same time, each
of the edges that make up that shapa also have its own attributes amedtiors.
This gives rise to two representational ifoihe shape representatioand theedge
representationA further claim we are evaluating with the current study is tthese
two representationdbci will never be used together. That éscomparison oother






