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Abstract
In this study, we evaluated the role of extensianfakmation Challengesto aprototype view of complex concepts

in the representation of complex concepts. For didiptex Following the main approach in research concerngtgral
concepts, typicality was predicted using a tradaicfeature- language categories, theories of conceptual cortibinare
based prototype model, an instantiation-based apati traditionally based on a prototype view on concelptghis
exemplar model and an instantiation-based spatiatotype view it is assumed that simple, semantic concepés a

model. Results clearly indicated that the extensadna
complex concept plays an important role in its espntation, represented by a prototype a summary representafien

and little or no variance in the observed typigatitadient assumed to be the average O,f the category (e.giptda,
was accounted for exclusively by the prototype nhode 1993). The concept ‘weapons’, for example, is asslito
be a summary representation of what weapons ageolik

Keywords: natural language categories; conceptual

combination; computational models; average.

Extending this approach to the domain of conceptual
Two important aspects of human language ar&ombination, several models have been developediutiea

compositionality and  productivity. In  everyday Fhis hotion of a prototype to give an account olvieople
conversation, simple semantic concepts (e.g. ‘sport !nt(ejrpretl CPTApIexhcogggf())t.sssupE %‘;; r?angerogs gg:m
‘weapons’, ‘clothing’) are continuously combinediapted rg88appe ﬁ) urp y'd | ; Smith, Osherson, IIIp ne,
and specified into more complex concepts (‘outdspmrts’, 1988). In t ese models, a concept is typically sasna
‘dangerous weapons’, ‘warm clothing’) that bettértfie schema, consisting of dimensions _(e.g. polor, shape)
intended meaning. The resulting linguistic strueturare and possible values on these dimensions. The schema

generally effortlessly comprehended by listenerseaders. representation of a concept such as apple may isoi

Indeed, language comprehension and production geem dimensions colour, shgpe, texture and S"Ze' ,Theerf[an
for color, would contain possible values ‘red’,eégn’ and

necessarily imply “... the combination of conceptsoin ‘b ; h of which h ) i it
larger and larger structures as guided by the zyofa rown’, each ol whic as‘ a ce,rFaln salience witthe
language” (Murphy, 2002, p. 443). concept. When the concept ‘apple’ is combined waithther

gconcept to form for example the complex concept ‘re
apple’, the dimension ‘color’ becomes dominated thg
value ‘red’, and the dimension of color is weighadre
heavily. The net result is that the dimension ‘cot@comes

pmore diagnostic in determining whether something red
apple than the dimension color would be in a judgnod
whether something is an apple. In short, the comeép
combination ‘red apple’ results in a modification —
essentially a reweighing of features — of the pypie of the
concept of ‘apple’.

There are however two major challenges for these
prototype models of complex concepts. First, sévera
intuitions and observations suggest that the eidenef
complex concepts — i.e., the set of things in tleeldvthe
concept refers to — also plays in the represemtéhiturphy,

! We use the term ‘simple’ to denote concepts foicvla well ~ 1990; Gray & Smith, 1995). For example, Medin and
established, lexicalized expression exists.

An important topic in research concerning semanti
concept representation — and moreover, an impoteahbf
the generality of theories on natural language eptsc— is
how people arrive at the interpretation of complercepts,
such as ‘homicidal green penguin’ (Osherson & Smit
1981). While context and language syntax definitdgy a
role in interpreting these larger structures, iblivious that
the interpretation of the combination of relativedimple
concepts into more complex concepts is for a lgrge
determined by the meaning, and thus the represemtatf
the relatively simple concepts ‘penguin’, ‘homicidal’ and
‘green’ (e.g. Hampton, 1997).
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Shoben (1988) have shown that a metal spoon ity

activating 1 or more members of the category thecept

be more typical of ‘spoons’ than is a wooden spoonrefers to.

whereas a wooden spoon is judged more typicalaoge
spoons’ than is a metal spoon. This is problenmfatiche
prototype based models since there is no a peaesan why
modifying the size dimension of the concept ‘spoaifécts

We used the typicality gradient of the complex apis
as an evaluation criterion for the models. The amtof
typicality gradient refers to the observation tteime
members of a category are better examples of ttegary

the salience of a certain value on another dimensio than are others. Cows are generally seen as mpiealy

However, many instances of the category ‘large space
made of wood, and it seems people use their kngeled

examples of the category ‘mammals’ than are duledil
platypi, or whales. Typicality has been shown to d@e

the extension of the concept ‘large spoon’ to judgenfluential variable in a wide range of cognitivasks (for a

typicality. The importance of extensional infornoati in
conceptual combination is often referred to as resitmal
feedback (e.g. Hampton, 1997). Despite clear exelenell
specified and empirically grounded ways of impletiren
‘extensional feedback’ in models of conceptual coration
have yet to be developed.

review see Hampton, 1993), and one of the most iitapb
variables in semantic concept research. As suglicalty
can be considered an important criterion in evalgat
theories of concepts: a theory of concept reprasientthat
can not account for the typicality gradient is nod.

In the next sections we will first give an overviefithe

A second and perhaps even greater challenge fatata we used in the present study followed by aileet

prototype models of conceptual combination, is ribeent

rise of the exemplar view in semantic concept metea
According to this view, categories are representad
previously encountered instances of a category.cbheept
‘weapons’ thus is assumed to be represented by eesnalh

the category. Recent research contrasting protatypeels

and exemplar models in the prediction of typicaditsongly

suggests that semantic concepts are represeniadtagces
rather than by an abstract summary representagan, (
Voorspoels, Vanpaemel & Storms, 2008). Obviousigse

findings are problematic for the traditional moded$

conceptual combinations, since these theories asedoon
prototype representations of simple concepts.

Outline

Both the notion of extensional feedback and theesg of
the exemplar view in studies concerning simple epis;
point to the necessity of a systematic study oémsibnal
information in conceptual combination. The presstoidy
aims at a systematic evaluation of the role of resitenal
information in conceptual combination, startingnfroecent
models used in simple concept research. More s$paityf

overview of the three models. After this, we witepent and
discuss the results of the model evaluations.

Data

The dependent variable in this study is a meastgeanled
structure. To derive a feature-based prototype uneasf
typicality for the complex concepts, we used presig
published feature applicability ratings and newbfected
feature importance ratings. To obtain a spatial
representation, we used previously published siityla
ratings. To implement the instantiation principlese
collected categorization decisions.

Stimulus set Complex concepts were created starting from
5 common, simple natural language categories (tspor
‘musical instruments’, ‘vehicles’, ‘clothing’ andveapons’)
taken from a recent norm study (De Deyne et alQ820
Each of these categories contains between 20 and 30
(verbal) instances.

For each of the 5 common concepts, we construed two
intuitively non-overlapping complex concepts, .(i.eot
sharing instances), resulting in 10 complex corg;epthich

we contrasted two different prototype models —whichwere specifications of the basic categories: ‘indsports’

neglect extensional information — with an instaidgia
based exemplar model — which takes the categoensian
into consideration — in the prediction of the tydity
gradient of 10 complex concepts.

One prototype model is based on the idea of conaépt
combination as the modification of a prototypelie sense
of a reweighing of the features of the modifiedazpt. This
model will be referred to as thieature-based prototype

model. The two other models — the second prototype modelimple

and the exemplar model- are based on an undedpiatial
representation. The key idea behind the exemplateins

and ‘outdoor sports’, ‘musical instruments usedrdatk
music’ and ‘musical instruments used in classicakiai,
‘vehicles used for the transport of people’ andhiekes
used for the transport of goods’, ‘summer clothesd
‘winter clothes’, ‘weapons used in wars’ and ‘weapaised
for sports? The complex concepts construed in this way
contained at least some of the members of the simpl
concepts from which they were derived. For examtble,
concept ‘sports’ entails members such as
‘basketball’, ‘voleyball’ and ballet — which intinely are
‘indoor sports’ — but also members such as ‘rugisiiing’

that a complex concept is represented by a number @nd ‘sailing’ — which intuitively are ‘outdoor sgst.

instances that are activated. In the spatial pyp#model, a
complex concept is represented by the average saft af
instances. The spatial models both rely on an ritistion
principle (Heit & Barsalou, 1994), which essentigtlosits

that certain judgments about concepts are made by2 These are (free) translations of the stimuli tvate actually

used.
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Typicality ratings We used a goodness-of-exaniple proportions were derived for each of the instancksa

measure to assess the typicality of an instance afor
category. All instances of each simple concept wated

simple concept with respect to the appropriate dexnp
concepts.

for goodness-of-example for each associated complex

concepts by 20 to 26 participants. Reliabilitiestireated
using split half correlations and corrected withe th

Model review

Spearman-Brown formula ranged from .91 to .98. A

typicality score for each instance towards the viaie
complex concept was obtained by averaging the ajibyc
ratings across participants.

Feature applicability and feature importance ratings For
each of the simple concepts, De Deyne et al., 2808t an
exemplar by feature matrix, containing between 8@ 39
features for the concepts used in this study. Thesteices
contain judgments — elicited from 4 participantof-the
applicability of each feature for each exemplaadafimple
concept. The reliability of the applicability judgmis per

concept was evaluated applying Spearman-Brown ftarmu

to split-half correlations, resulting in estimateliabilities
between .83 and .88 (De Deyne et al., 2008).

We collected additional data capturing the imparéaof
the features of each simple concept for the derogedplex
concepts. For each of the complex concepts irsthidy, we
asked 10 to 15 participants to rate the importaofcthe
relevant featurés Applying the Spearman-Brown formula
to the split-half correlations, all reliabilitiex@ept one were

Feature-based prototype model

In the feature-based prototype model the representaf a
concept is assumed to consist of a set of (weigfeedires.
As noted earlier, prototype modification as propgosey
traditional theories of conceptual combination (&mith et
al., 1988) essentially comes down to a reweighifghe
feature structure. Typicality of an instance tovgarthe
modified concept then is the similarity of the &ute
towards the (re-)weighed feature representations Thn
easily be calculated by summing the importance febéure
multiplied by the degree to which a certain instahas this
feature.

Formally, for an instance i with F features, thpic¢glity
towards complex conceptis given by:

F
T Zl(l ijTji)
J:

in which 15 is the importance of feature for complex
conceptA, andT; is the applicability of featurpto instance

(i,A) ~

1)

estimated between .81 and .93. For ‘weapons used f&

sports’, the reliability was .64, which is rathemwl These
feature importance ratings will be used as weidbitsthe
calculation of the feature-based prototype model.

Similarity ratingsand underlying representations For the
5 simple concepts pairwise similarity ratings wavailable
from the norm studies (De Deyne et al., 2008). &ach
category, all pairwise similarities were judged By to 25
participants. Reliability of the ratings was evaadhusing
split half correlations, corrected with the SpearBaown
formula, and ranged between .89 and .96.

Categorization decisions Using a simple computerized
categorization task, 35 participants were presewiédthe
instances of a simple concept and were asked toairedto
which of the appropriate 2 complex concepts théaimse
belonged. The task thus consisted of 5 blocks,faneach
simple concept, and each block consisted of alhites of
a simple concept (thus ranging from 20 to 30 ircgah In
each trial, a fixation cross was presented in titella of the
screen, followed by the stimulus. The stimulus rieet on
the screen until an answer was given, for a maxirofii0
seconds. The order of presentation of the instans
random, as well as the order of the 5 blocks. Cairgtion

% Typicality ratings and goodness-of-example ratiags both
measures of graded structure in concepts. Thepftea seen as
synonymous.

4 .e. the features of the simple concept from whiiah complex
concept was derived.

Spatial models

The predictions of typicality of the exemplar modet the
spatial prototype model are based on underlyingiapa
representations of the simple concepts from which t
complex concepts are derived. In such similarigcgs, the
instances of a category are represented as pairas M-
dimensional space and the distance between twanices
in the space is inversely related to the similanigjween the
instances. Depending on the model — a prototyparor
exemplar model — typicality is translated as thstatdice
(i.e., the inverse of similarity) towards the awgrgoint of a
category, (i.e., the prototype), or the summedadist of the
instance towards all other instances of the. Spiatirlels
have already been proven to be quite successfithan
representation of basic semantic concepts and more
specifically in accounts of typicality (e.g., Vesea, Ameel
& Storms, 2007; Voorspoels, Vanpaemel & Storms,800

We obtained an underlying spatial representatioreézh
of the 5 simple concepts, using the pairwise shijla
ratings as input for a SAS MDS analysis (SAS, \&ihce
determining the optimal number of dimensions fanaetic
concepts is not an easy task (Verheyen, Ameel &n®&tpo
2007), solutions were calculated in 2 to 6 dimemsifor all
concepts. Stress values decreased monotonicallya as
function of dimensionality, indicating the routidi not get
trapped in a local minimum for any of the solutions

In the present study we used underlying spatial
representations of the simple concepts — implyirag two
complex concepts that are derived from the sam@lsim
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concept, share the same underlying spatial reptae&am
which contains all members of the simple concemtr F
example, ‘winter clothes’ and ‘summer clothes’ hate
same underlying spatial representation — i.e.utiderlying
representation for the simple concept ‘clothes’et they

activated. This principle is generalized in De Wild
Vanoverberghe, Storms and De Boeck (2003), sudhatiha
optimal subset of members of the category is astiva
instead of only one. As a fictive example: in ewatilug
whether a whale is a fish, people might instantititaut’,

will not have the same members. The complex concepshark’ and ‘gold fish’ and base their evaluation the

‘winter clothes’ contains instances such as ‘scarfittens’
and ‘beanie’, while the complex concept ‘summertae’
contains members like ‘t-shirt’, ‘shorts’ and ‘top’

similarity of a whale to these instantiated membsfrshe
categoy ‘fish’ rather than activating all previoysl
encountered examples of fish, as is assumed bifidrzal

The concept representation of a complex concept wasxemplar models.

built using an instantiation process, in which gaia subset
of exemplars in the underlying spatial represeotatis
used. We will in turn describe the spatial protetypodel,
the exemplar model and the instantiation principiat is
applied in both models.

In the present study, both the prototype and tleergar
models require a specification of the exact setaiégory
members that are included in the representatiore (se
equation (2) and (4)). A proces inspired by theaingation
principle is easily implemented in formulas (2) a@d by
choosing the number of instances included and fleeifsc

Exemplar modd According to the exemplar view a conceptinstances that are instantiated. Based on the aréagon
representation consists of all members of a cayegor proportions, we made a ranking of instances forheac

Typicality of an instance to a category then is shenmed
similarity of the instance towards all members bft
category. For stimuluiswith M dimensions, the typicality to
complex concept A is predicted to be:

M

\1/2
-y ) )
Tin~= _Z(Z(Xik - Xjk)
1\ k=1
where the instancgsare members of the set (of si2ethat
make up the category representatioilx is the coordinate
of instancd on dimension k...

Prototype model A prototype of a category can be
conceptualized as the average instance of the argteg
Typicality of an instance to a category accordingthe
prototype view is the similarity of that instance the
prototype. Formally, the predicted typicality obiance to
complex concepA is given by:

N\1/2

(Xik_ pAk) '

wherex is the coordinate of instance i on dimensiop.,

is the coordinate of the prototype of categohy on
dimensionk and M is the number of dimensions of the
underlying representation. The prototype is foung b
averaging across the coordinates of these instamcesch
dimension:

1 n
Pac= n 2 Xk
i=1
in whichi is an element of the set of instances, with gjze
that are included in the representation of catgdor Note

that the instances included in the calculation bé t
prototype will determine the location of the propm.

M

Tin=" >

k=1

®3)

(4)

The ingantiation principle In semantic concept research,
an instantiation principle has been proposed (Heit
Barsalou, 1996) that essentially states that fdegmay
decisions — such as categorization decisions, st a
typicality judgments — one (optimal) category memise

complex concept in terms of the proportion of peoghlat

judged them as belonging to the category. For eanfplex

concept we then selected the(ranging from 2 to 20)
instances which were most agreed upon to belontpeo
category (i.e. with the highest categorization prtipn for

the category). The resulting setrofoptimal” instances was
then used in the exemplar (equation 2) and prosotgpdel

(equation 4).

Results

The performance of the different models was asddsge
computing the correlation between the empiricabgerved
and the predicted typicality. For the models basedan
underlying similarity space, predictors of typitaliwere
calculated for each concept representation inctudiio 20
instances — and this was done for underlying dpatia
representations in dimensionalities 2 to 6. Thiecpdure
resulted in two (exemplar or prototype predictos) B
(Dimensionality 2 to 6) by 19 (different numberindgtances
included) predictors for each complex concept. Bach
dimensionality the optimal number of instances .(i.e
resulting in the concept representation that presitice best
correlation with observed typicality) was chosemtdNthat
the two models can have optimal subsets with aerdifft
number of instances given a certain dimensionadilyce
the optimal set was chosen separately for each Inaoake
for each dimension.

In Figure 1 the performance of these two models is
presented, separately for each dimension. Figuralst
shows the performance of the feature-based pratotyp
model. Since this model is not based on the uniderly
spatial representation, it yields only one predittior each
complex concept, presented by the horizontal dahedin
‘outdoor sports’ and ‘weapons used for sports’, feregure-
based prototype model vyielded a (slightly) negative
correlation with typicality, and was not added e graph.
As for ‘weapons used for sports’, this might be douehe
low reliability (.62) of the feature importanceirggs, which
are essential in the calculation of this measure.
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It is clear from Figure 1 that the exemplar modwilil  based prototype modelas predictors in a regression
line) generally outperforms the feature-based pyp® analysis with the observed typicality as criteridn. this
model (dashed line) in all but one category (‘vidscfor  way, we can investigate the differential contribntiof the
transporting people’). For ‘musical instrumentsduserock  exemplar and prototype model in the prediction of
music’, the exemplar model predicts typicality betthan typicality. The results of these analyses are shiowTable
the prototype model from Dimensionality 4 onwarded 1

for ‘'summer clothes’ from Dimensionality 5 onwardfiese Table 1 shows that in the regression analyses the
findings are in strong favor of the use of extenalo exemplar model is clearly the dominant predictor.all
information in the representation of complex cornsep complex concepts, the exemplar model contributes

significantly (at level .01) to the prediction ofptcality,
while the feature-based prototype model does nutribwte
significantly at level .01 and only in 3 of the &6ncepts, at

td tt: ity 1t; k i lagsical i .
o N s sl i i level .05. These results strongly suggest thaetfselittle or
no variance in the observed typicality ratings eipd by
05 - 05 /":— ns /_/— the feature-based prototype model that is not atedufor
______ i by the exemplar model.
c 2 4 6 2 4 5 2 4 6 2 4 4
o transport people  transport goods  sutnmer clothes winter clothes ..
root 1 1 1 Table 1. R-squared and b-coefficients of the feahased
O A EorRakesss I I ‘ prototype predictor and the exemplar predictoitfier 10
e s SR s | e d .
P 03 03 complex concepts. Note that for the exemplar ptedithe
a dimensionality was set at 5.
2 4 6 2 4 6 2 4 6 2 4 f
t
| weapons for war  weapons for sports
I rm—— concept R-squared  prototype exemplar
0 I eEE plarmaies Outdoor sports 0,51 0,005 9,351%*
n | | s EER I IRTRTERREY spatial prototype model ! e '
L= 3 — — — feature-hased prototype model Indoor sports 0,36 0,080 5,814**
1 4 6 1 & ¢ Rock music 0,61 0,141* 6,911
Classical music 0,39 0,021 4,326**
dimensionality
Transport people 0,70 0,080* 4,194*
Figure 1. Correlation between observed and pretlicte  Transport goods 0.70 20,010 8 684+
typicality for the 3 models as a function of dimiensglity. Summer clothes 053 0.089 3.479%
. . . Winter clothes 0,57 0,067* 4,088*
A potential concern in the comparison between the
War weapons 0,95 0,052 4,183

feature-based prototype model and the exemplar irisde
that the feature-based prototype model might havlered ~_ SPOrtWeapons 0,53 0163 7,549™

from the lack of freedom available to the exempiadel. e ok
However, this difference is non-existent for thenparison
between the two spatial models. Note that the pyoto Discussion

model is based on the same underlying spatial o
representations, and uses the same informatioeléztsa ~ The main aim of the present study was to evalleerdle
subset of instances. The only difference betweesetttwo of extensional information in the representatiorcafplex
models is that the exemplar model uses optimallgceed ~ concepts. We compared an exemplar model, whichdec
instances as representation, and the prototype Imod@xtensional information, to two prototype-like mésde
averages over an optimally selected subset of rinsta which deny an explicit role of extensional informat on
Figure 1 shows that the exemplar model also outpesf  their ability to predict typicality in 10 complexoscepts.
the spatial prototype model (dotted line) for tifecbmplex ~ The feature-based prototype model was based on
concepts. While differences are rather small fomeso reweighing of the features of the concept from Wwhice
complex concepts, the exemplar model consistenéglipts complex concept was derived. This model resembles
the observed typicality better. traditional prototype modification models of conteg
Apart from looking at the performance of each modeicombination (e.g. Murphy, 1990; Smith et al., 198Bje
separately, it is also worthwhile to investigateetrter the ~Spatial instantiation prototype model was based amn
exemplar and the prototype models capture a differe Underlying spatial representation, in which thetgiype is
aspect of the variance in typicality. Indeed, ightibe that defined as the average of a set of optimally chosen
some important aspect of the typicality gradientnit  instances. In th_e instantiation-based spatial elammpodel,
explained by the exemplar model, but is only camtupy the representation of the complex category was roadey
the prototype model. To check this, we entered the
predictions of both the exemplar model and theufeat

5 We did not include the spatial prototype model tirese
analyses due to problems of colinearity.
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a set of optimally chosen instances. In each ofttliee  project OT/05/27 sponsored by the Research Coohglile

models, typicality was defined as the similaritwéwds the university of Leuven. Both of these grants wereegito the

category for which the predictions were made. second author. Correspondence concerning this leartic
The results clearly favored the exemplar modelstFir should be addressed to Wouter Voorspoels, K.U. éruv

considering the performance of the three modelars¢gly, = Department of Psychology, Concat, Tiensestraat B2,

the exemplar model consistently outperformed bot/8000 Leuven, Belgium.

prototype models in the prediction of typicalityr fall the  Email: wouter.voorspoels@psy.kuleuven.be

complex concepts. These findings suggest thatttemsion  Website: ppw.kuleuven.be/concat

of a complex concept indeed plays an important iolgs

representation. Second, regression analyses inguoibth References

the exemplar model's prediction and the featuretas
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