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The similarity structure of faces has long been rec-
ognized as an important mediator of face recognition.
Distinctive faces have an enduring quality to them,
such that they are rarely confused with other faces. At
the same time, we often encounter a situation in which
a particular face looks familiar, yet the individual may
only bear a resemblance to several acquaintances. The
veracity of these introspections has been borne out by
empirical evidence, which has served to identify the
information used during face recognition. Much of the
research has focused on the role of typicality, which
may be defined in various ways, but is often operation-
alized as a subjective rating of the difficulty of picking
a particular face out of a crowd. Defined as such, typi-
cality embodies the similarity structure of faces, such
that typical faces will be similar to lots of other faces,
while atypical faces will be very dissimilar and appear
distinctive as a result.

This chapter provides an overview of the research
on face perception that attempts to discern the role of
typicality and the similarity structure of faces in face
recognition. The primary discussion will revolve
around the ‘face-space’ representation that was formal-
ized by Valentine (1991a, b) as an extension of previ-
ous geometric models from the categorization literature
to the area of face recognition. The face-space represen-
tation provides the basis for a discussion of the storage
and retrieval mechanisms that may account for the ef-
fects of typicality described above. To motivate this
discussion, extant forced-choice face recognition data is
analyzed using a variety of process-oriented models that
make predictions for individual faces in the face-space
representation. The successes and failures of these mod-
els is used to draw conclusions about the nature of the
representation of faces in memory and the retrieval
processes that work to enable the recognition of faces.
This chapter is written in part as a tutorial for those
who wish to build quantitative models of face recogni-
tion that rely on similarity-based inputs.

The goal of this chapter is to test the 'face-space'
representation by proposing an explicit input space in
which the similarity relations between faces are sepa-
rately measured and used to quantify the degree to which
different faces influence each other during a recognition
experiment. Many of the previous tests of the 'face-
space' hypothesis have assumed only that faces are rep-
resented as points in a multidimensional space and are
normally distributed along the different dimensions.
These presumed minimal relations were then used to
generate qualitative predictions for tasks such as recog-
nition, classification or categorization. The current ap-
proach precisely specifies the 'face-space' representation
and uses it to test quantitative models of face recogni-

tion. Although the current emphasis is on recognition,
other aspects of the faces may also be computed: For
example, a face's location in face space determines fac-
tors such as its distinctiveness and similarity to other
items (see Busey, 1998; Johnston, Milne, Williams &
Hosie, 1997). I will use similarity ratings derived from
human participants as the measure of similarity, al-
though other measures based on surface characteristics
of the faces are also appropriate, as in principle compo-
nents analysis (PCA; see O'Toole, Wenger & Town-
send, this volume) or connectionist modeling of physi-
cal features (see Steyvers & Busey, this volume and
Valentin, Abdi, Edelman & Posamentier, this volume
for examples).

A variety of studies have demonstrated that distinc-
tive or atypical faces have a characteristic advantage in
recognition. Participants discriminate distinctive faces
better than very typical faces, such that distinctive tar-
gets have high hit rates and low false alarm rates (e.g.
Light, Kayra-Stuart, & Hollander, 1979; Vokey &
Read, 1992). Typical faces tend to have slightly higher
hit rates but produce low discriminability, which re-
sults from a very high false alarm rate that more than
offsets the higher hit rate. Interestingly, typical faces
may engender higher feeling of familiarity regardless of
their status as targets or distracters, or in the parlance of
an old/new recognition experiment, a higher feeling of
'oldness' (Bartlett, Hurry & Thorley, 1984).

These studies demonstrate that typicality ratings
are at least related to those factors that affect recogni-
tion. Vokey and Read (1992) addressed the role of typi-
cality in recognition with a principle components
analysis of ratings of attractiveness, familiarity, like-
ability, typicality and memorability. They found that
typicality ("how easy is it to pick this face out of a
crowd") could be dissociated into two orthogonal com-
ponents. The first consists of the attractiveness, like-
ability and familiarity ("how similar is this face to oth-
ers that you know?") components. The second consists
of the memorability rating ("how easy is it to remem-
ber this face?"). The typicality ratings loaded equally on
the two components. This suggests that two processes
affect typicality (and therefore recognition). The first is
what Vokey and Read (1992) describe as context-free or
structurally-induced familiarity. In this case, the to-be-
identified face engenders a high feeling of familiarity,
but there is no indexing of the source of the memory.
Such a feeling of familiarity may be erroneously pro-
duced by mis-attributing the face to similar faces stored
in memory, and thus typical faces are high in this con-
text-free familiarity component. The second process is
described as the familiarity due to prior exposure. With
this process, the identifier matches the target to an item
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in memory, or at the very least perceives the target face
as more familiar as a result of the prior exposure. Dis-
tinctive items are thought to have an advantage that
results from encoding and retrieval processes working
on the distinctive elements of the face; as a result, dis-
tinctive faces tend to gain more familiarity due to prior
exposure than typical faces (Bartlett et al, 1984).

The crucial aspect of this framework is that the
recognizer is thought not to be able to distinguish be-
tween these two forms of familiarity. This results in a
situation where typical faces engender high feelings of
familiarity, in part through their similarity to other
faces. This also leads to confusions, such that a typical
distracter will have a high false alarm rate due to erro-
neous false matches to old items in memory. Distinc-
tive faces have low structurally induced familiarity
which will produce very low false alarms when these
are used as distracters. However, the distinctiveness
provides for easy encoding, making them memorable
and giving them high hit rates that more than makes up
for the initial low feelings of familiarity due to the
context-free component (Bartlett et al, 1984).

O'Toole, Deffenbacher, Valentin and Abdi (1994)
extended the work of Vokey and Read (1992) to digit-
ized pictures of faces used as input to a neural network.
They trained an associative neural network to recognize
Caucasian and Asian faces and found that the memo-
rability component of recognition was due to small,
local distinctive features, while the familiarity compo-
nent of recognition was related to more global aspects
of the shape of the face. This reveals what might be a
strategic use of information on the part of participants:
if a small local feature such as a mole is highly predic-
tive of a face, it will be used by the encoding system to
access the context of the study event and provide strong
discrimination. In the absence of such features, the rec-
ognition system is forced to rely on more generic face
information such as shape. In this situation the face is
evaluated for its overall familiarity, since the mecha-
nism driven by the memorability component are not
engaged by distinctive features.

Uttal, Baruch & Allen (1995a, b) provide evidence
that suggests that the information that underlies dis-
crimination may reside mainly in the higher spatial
frequencies. This suggests that global shape informa-
tion (contained in the lower spatial frequencies) may
underlie a familiarity mechanism. As a result, what is
seen as two mechanisms (familiarity-based and memo-
rability based) may reflect the use of different spatial
frequency ranges. Wenger and Townsend (under review)
have made similar arguments. In later work, Uttal (this
volume) suggests that a multitude of redundant mecha-
nisms are at work, and that the mapping between spa-
tial frequencies and information processing mechanisms
may not be all that clean.

In addition to the processes that have been pro-
posed to account for the effects of typicality, several
authors have suggested the need for negative evidence.
Vokey and Read (1992) found that the memorability
component of typicality was correlated with the false
alarm rates of typical and atypical faces, which produces
the result that distinctive faces have very low false
alarm rates. They argue that participants assess the

memorability or the retrieval potential of a particular
face, and conclude that if this is high they would have
remembered the face if it had indeed been studied. This
suggests that subjects evaluate the evidence for a face
having been previously presented, and compare that
evidence against the likelihood that a face would have
been encoded had it actually been studied. This suggests
a role for metacognitive processes in the form of an
evaluation of subjective memorability on the part of
the subjects (Wixted, 1992).

Despite the intuitive appeal of the Vokey and Read
(1992) model, there are intepretational problems with
the data used to support such a model in face recogni-
tion. O'Toole, Bartlett and Abdi (submitted) discuss the
difficulties that come from correlating some external
rating such as a typicality rating with a dependent
measure such as the hit or false alarm rate. For exam-
ple, a high false alarm rate may result from either low
discriminability (d') for typical faces, or a criterion shift
in which participants relax their criterion for how much
evidence they are willing to accept before calling a face
'old'. O'Toole et al conclude by calling for a model-
based approach that makes predictions about which
individual faces are easy to recognize. Such an ap-
proach should consider the similarity structure of the
faces, and would have the added advantage of making
the assumptions about the use of information explicit.
Note that measures such as d' are important measures of
face recognition performance, since the signal detection
model presumably separates true sensitivity from any
biases that may exist as a result of testing conditions or
the location of a particular face in face space. The cur-
rent recognition data uses a forced-choice paradigm and
thus we will not be concerned with criterion shifts as
they are usually defined.

The goal of this chapter is to propose and test a
model that will account for aspects of the data that may
correspond to the familiarity and memorability compo-
nents described by Vokey and Read (1992). I will de-
scribe the foundations of the similarity structure that
has been developed in the categorization literature (e.g.
Medin & Shaffer, 1978; Nosofsky, 1986) and proposed
by Valentine (1991a,b) to account for face recognition.
This 'face-space' representation is then used as the input
to a face recognition model that uses a sampling rule to
account for the data from typical and atypical faces de-
scribed above. I then test this model on forced-choice
recognition data and demonstrate how it can make quan-
titative predictions. As we shall see, the model will
have difficulty accounting for faces that are very similar
to studied faces, and I will explore a variety of exten-
sions that might account for these data as well. Finally,
I will discuss some future directions for the use of
geometric inputs to face recognition models. This dis-
cussion will also point out how major model assump-
tions were derived from existing memory models, in an
attempt to adopt a tutorial tone.

Geometric Models of Faces and
Objects

The use of typicality in face recognition research
has usually been operationalized as a rating on how
easy a face would be to pick out from a crowd. Implicit
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in this question is how similar a particular face is to
other faces, or how much the face would stand out. One
alternative to this approach is to measure the similarity
between all pairs of faces in the experiment and com-
pute typicality in terms of the similarity of a particular
face to other faces. The role of similarity has been well
worked out in the categorization literature, where it has
been used in models to make predictions for prototype
experiments and test decision rules in categorization
experiments. In these experiments, training exemplars
are used to construct a prototype stimulus that repre-
sents the central tendency of the exemplars. This stimu-
lus is then used at test in a recognition or categoriza-
tion experiment to assess the existence of a psycho-
logical prototype. The prototype is a novel stimulus
and should be classified as such, but it is almost always
classified as an old stimulus. Although such data are
consistent with the existence of a prototype, alternative
accounts are also possible. The prototype is by defini-
tion similar to the training exemplars, and Nosofsky
(1986) has demonstrated that this similarity increases
the overall familiarity of the prototype stimulus, and
this alone can account for the prototype effect. Thus in
many cases there may not be a need to propose a psy-
chological prototyping mechanism.  

Similar mechanisms have been proposed for faces.
Byatt and Rhodes (1998), Rhodes, Carey and Byatt
(1998) tested between a Norm-Based Coding representa-
tion, in which a face is compared against a central pro-
totype face, and an exemplar based representation, in
which each face is represented as a point in ‘face-space’.
These two representations are notoriously difficult to
distinguish between, in part because if the exemplars
are normally distributed around the center of the space
(where the putative prototype would be located) and can
extend their influence to nearby locations, then the ex-
emplar-based model acts like a ‘fuzzy’ prototype. For
example, as a face gets closer to the center of the space
where a prototype would influence it more, it would
also get closer to other exemplars that cluster around
the center, which would also influence the face more.
Often one requires quantitative models to distinguish
between these two representations, since qualitatively
they produce identical predictions.

Quantitative predictions can be produced by a
model that represents the similarity structure of the
stimuli as its initial input. The similarity between any
two faces can be measured by asking participants to
make a similarity rating on a 9 point scale, and repeat-
ing this procedure for all pairs of faces. For an experi-
ment with r faces, this requires multiple ratings onr r( )1

2  pairs of faces. This provides 
r r( )1

2  datapoints,
and a more efficient representation can be produced by
submitting the similarity ratings to a multi-
dimensional scaling algorithm such as ALSCAL. The
output consists of an n-dimensional space (where n is
usually less than 10) that represents each face as a point
in this space. The dimensions are not specified by the
experimenter, instead they emerge from the MDS pro-
cedure according to the dimensions along which faces
differ. Gender, age, race, facial fatness, hair color and
eye width are all possible dimensions that might
emerge. Figure 1 shows an hypothetical ‘face-space’.
The location of a face in this space can be used to de-

fine its similarity to other faces, and assuming a nor-
mal distribution around the centroid of the space, the
most typical face will appear near the center of the
space. Distinctive faces will appear at the fringes of
this space.

This exemplar-based representation does not make
direct predictions for recognition experiments, but it
can be used as input to models that work on this repre-
sentation. This defines the source of information used
when recognizing faces: face-space based models as-
sume that the similarity structure of the faces is used as
input to some mechanism that will eventually produce
an old/new response. This puts an enormous weight on
the face-space representation, such that if it is missing
some key dimension that is used in recognition, all
models based on the representation will be incorrect as
well. However, if the face-space representation accu-
rately captures the dimensions that are important for
recognition, the model can account for all the hit and
false alarm recognition data using a few simple princi-
ples that are embodied in mathematical relations with a
small number of free parameters. Thus the model can
provide a succinct account of face recognition (and per-
haps related tasks such as face/non-face classification)
by quantifying a few principles into a process-oriented
model that describes how information computed from
the face-space representation is manipulated to produce
a predicted recognition response.

Face-Space Representations and
Models of Recognition

Within the categorization literature, the use of the
multi-dimensional scaling approach has been limited to
relatively simple stimuli such as color chips, geometric
figures, random dot patterns and random polygons. The
advantage of such stimuli is that the experience pro-
vided by the training portion of the experiment is the
only exposure the participant will have for a particular
stimulus. In addition, these stimuli are either inherently
low-dimensional, or if they are high-dimensional they
are constrained to vary along only a few underlying
dimensions (e.g. Edelman & Intrator, submitted). How-
ever, we have no way to control the prior exposure to
faces, except to assume that participants are very expe-
rienced with faces and somehow take that into account
in the modeling. As a start, we can assume that for
novel faces, the similarity relations between the faces
provides a representation that captures those dimensions
that are relevant for face recognition.

Much of the work with geometric representations
provided by MDS applied to similarity ratings assumes
a representation such as that shown in Figure 1. Stim-
uli have values along different dimensions, and a vari-
ety of quantities can be computed. Most models assume
that the distance di,j between any two faces can be
computed from the locations in this space,

di, j = wn (xi,n − x j,n )2

n=1

M

∑ Eq. 1

where xi,n is the coordinate for face i on dimension n
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(out of M total dimensions) and wn is the attentional
weight given to dimension n as described below. This
corresponds to the Euclidean distance between faces ci
and cj. Other metrics have been used, including the
city-block metric, and this can be generalized via a
Minkoski distance metric as

di, j = wn xi,n − x j ,n

b

n=1

M

∑





1/ b

where b determines how the information on separate
dimensions is combined. In general, for stimuli that
tend to be processed holistically or integrally such as
faces or colors, the Euclidean distance is appropriate,
b=2. For stimuli that tend to be more separable such as
abstract line drawing, the city-block metric is more
appropriate (b=1), and implies that participants make
individual judgments on the separate dimensions and
then combine the two decisions rather than compute
one overall similarity when comparing two faces
(Nosofsky, 1991). In one version of the model fitting I
allowed b to freely vary, and the estimated value was
quite close to 2.0.

The similarity, ηi,j, between faces i and j is de-
fined as

ηi, j = e
−cdi, j Eq. 2

where c is a scaling parameter used to define the rela-
tion between distance and similarity (Shepard, 1974;
1987). There is a vast literature in support of this for-
mulation, which Shepard (1987) goes so far as to de-
scribe as a universal law of generalization. Nosofsky
(1987) demonstrates the ubiquity of this relation in
tasks that are related to recognition. This re-
computation of similarity enables a mapping of dis-
tance to similarity that systematically varies; high c
values produce similarity values that are high only for
very short distances and indicate that no item is very
similar to any other item. Low c values imply that all
faces bear some similarity to each other, and are diffi-
cult to distinguish.

The similarity structure provided by the similari-
ties computed from the MDS distances provides the
basic input to models. One such model that has been
proposed by Valentine (1991a,b) to account for face
recognition is the Identification version of GCM
(Nosofsky, 1986, 1987). In this model, distinctive
items are more likely to be encoded into memory,
which expresses the memorability component described
by Vokey and Read (1992). The model uses the similar-
ity values from Eq. 2 to make a prediction for the prob-
ability of saying 'old'. For target faces, this values is,

P("old"|i  presented) = F[
1

ηi, j
j⊂ All  Faces
    In  Memory

∑
]

Eq 3a

and for distracter faces is,

P("old" | i  presented) = F[

Max
j⊂All  Faces
    In  Memory

[ηi, j ]

ηi, j
j⊂ All  Faces
    In  Memory

∑
]

Eq 3b

where F is a logistic function,

F x
e x( )  =

+ −
1

1 β θ Eq. 4

with free parameters β and θ that map the ratio in Eq 3
into the range of 0 to 1.

The form of the ratio in Eq 3 should provide some
intuition for why Valentine (1991a,b) proposed this
formal model for face recognition. First, consider the
denominator in Eq 3a. When a face is tested in an
old/new recognition experiment, the similarity to all
other items in memory is computed. Faces that are very
atypical tend to lie near the edges of this space, and will
therefore will not be similar to many other faces. Thus,
the summed similarity from the numerator will be
small, making the overall fraction large. Distinctive
target faces will therefore have a very high probability
of saying old on the basis of the denominator. Typical
targets have a larger denominator and thus an overall
smaller probability of being called an old face.

While this model predicts the high hit rate to dis-
tinctive target items, it may have difficulty accounting
for the low false alarm rates to the distinctive distrac-
ters. Previously,  Vokey and Read (1992) argued that
such a situation requires the use of negative evidence,
which the Identification version of GCM does not con-
tain. Negative evidence predicts low false alarm rates to
distinctive distractors according to the following logic
that invokes a notion of subjective memorability (e.g..
Gentner & Collins, 1981). Under this theory, partici-
pants are aware of the fact that distinctive faces are
more memorable than typical faces. During test, when
faced with a very distinctive distractor, participants rec-
ognize the distinctiveness and assume that if they had
studied this particular face it would have been very
memorable and therefore they would have remembered
it. Thus distinctive distractors can be confidently re-
jected, in part on the basis of an analysis of the stimu-
lus poperties, not because these faces are particularly
unfamiliar. Thus subjective memorability may be
thought of as a metacognitive process that is somewhat
separate from the computation of familiarity based on a
comparison of the test item to items in memory.

Although the Identification version of GCM does
not contain an explicit assumption of subjective
memorability, components of it may reflect this proc-
ess implicitly. The denominator in Eq 3b will be very
small for distinctive distracter which would lead to a
higher false alarm rate that for typical distracters. Op-
posing this tendency is the numerator, which tends to
be larger for typical distracters. How the numerator and
denominator trade off depends in part on the similarity
structure of the face space, and thus quantitative model
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predictions are required to evaluate the adequacy of the
Identification model.

In summary, the Identification model includes a
mechanism that has the properties associated with the
memorability component of Vokey and Reed’s frame-
work. It may or may not include the familiarity com-
ponent, which in part may depend on the structure of
the face space and the ability of nearby targets to pro-
duce false alarms for typical distracters via the numera-
tor of Eq 3b.

Applications to Forced-Choice Face
Recognition

While most models of recognition memory are ap-
plied to old/new picture recognition paradigms, the
legal setting provides an important forced-choice situa-
tion. In a lineup, a witness may often assume that the
suspect is present in the lineup, and use a comparison
between the faces to name a suspect. Vokey and Reed’s
breakdown of familiarity into context-free and that pro-
vided by previous study raises an interesting possibility
for the lineup situation. For example, typical faces tend
to induce more context-free familiarity. Distinctive
target faces begin with less context-free familiarity but
benefit more from study (Bartlett et al, 1984). Consider
a situation in which a target and a distracter face are
compared in a forced choice task. The target face will
have study-induced familiarity in addition to some
amount of context-free familiarity. However, if the
distracter face is very typical, it may have a large
amount of context-free familiarity, causing the partici-
pant to choose the distracter over the target. At the very
least, such a comparison would be more difficult than if
the target and distracters are both distinctive. In an
old/new recognition experiment, Solso and McCarthy
(1981) demonstrated that prototype faces could attract a
large number of false alarms, suggesting that the fa-
miliarity induced by the similarity to studied faces
could translate into a false recognition. These studies
used identikit line drawings that re-combined features
from studied faces to produce the prototype, and there-
fore some of high false alarm rates may be due to mis-
recognition of individual features rather than the entire
face. However, this work does demonstrate that sub-
stantial confusions can take place between a test distrac-
tor and several studied items, which has a similar effect
as the structurally-induced familiarity described above.

The lineup situation is complicated somewhat by
assumptions that the witness might make when mak-
ing an identification (e.g. Wells & Lindsay, 1985). In
the present case we will limit ourselves to the case in
which exactly one face in a two-alternative forced-
choice comparison was presented at study. The data
described below was briefly described in Busey and
Tunniciff (submitted). A summary of this experiment
is provided below.

Experimental Design and Procedures
The stimuli used in this experiment were photos of

bald men that  ranged in apparent age from mid-
twenties to mid 50s (Kayser, 1985). As describe above,
the typicality of a particular face is an important media-
tor of memory performance. In addition to the naturally
occurring differences in typicality, we included 16 faces

that were constructed by morphing two parent faces.
These morphs were included only in the test portion of
the experiment, and were used because the morphs tend
to be highly typical. At the very least they are similar
to the parent faces, and due to the geometry of MDS
space, the morphs might be closer to many other faces
as well (Busey, 1998). Thus these morphs may provide
a stimulus that induces a large amount of context-free
familiarity. The parent faces provide the appropriate
comparison stimulus, since they are both studied and
more distinctive. If the two-process framework de-
scribed by Vokey and Read is correct, and if the con-
text-free familiarity induced by the typicality of the
morphs dominates, then we might find that participants
choose the morph over one of the parents in forced
choice.

The details of this experiment are provided by
Busey and Tunnicliff (submitted), but the essential de-
tails are reproduced below. Participants were 119 Indi-
ana University undergraduates who participated in one
of 24 groups of up to 5 participants at a time. They
received course credit for their participation. The stim-
uli consisted of 104 pictures of bald men with neutral
expressions. Twenty-one of the men had facial hair.
Fourteen of the men were black and the rest were Cau-
casian. Sixty-eight faces were selected for the study
portion of the experiment. Thirty-two faces were se-
lected to be parent faces for the morphs. These faces
were paired so that 8 pairs had faces that were dissimi-
lar, while 8 pairs had faces that were similar according
to a pre-experiment sorting task. This manipulation
allows us to evaluate the effect of similarity on the
psychological mechanisms that underlie the responses
to the morphs. Sixty-eight faces were selected for the
study portion of the experiment, including 36 target
faces and 32 parent faces. The parent faces were com-
bined to create 16 morph faces as described below.
There were 20 distracter faces selected from the faces.
The constraints placed by the morphing procedures did
not allow us to select faces at random for the parent
faces, since faces with facial hair do not morph well.
Faces with facial hair tend to be more distinctive,
which may influence the forced-choice data. However,
we know the structure of MDS ‘face space’ and there-
fore will be able to take these differences into account.

Control points were placed on the salient features
of each parent face and 50% averages were created using
the Morph™ software package (Gryphon Software). At
least 150 control points were placed on each parent, and
control points were added as required to remove obvious
artifacts in the resulting morph. Data was collected by a
PowerMac computer using 5 numeric keypads that pro-
vided identifiable responses from each keypad. The faces
were displayed on a 21" Macintosh grayscale monitor.

There are four types of faces in each experiment.
Target and parent faces appear both at study and at test;
the only distinction between the two sets of faces is
that parent faces tended to be less distinctive because
they were all clean shaven. The target faces were a mix
of clean-shaven and mustached faces. Morphs and dis-
tracters appeared only at test and are therefore distrac-
ters. However, the morphs are similar to the parents
and as a result we expect higher false alarm rates in
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general to the morphs than to other distracter faces.
Participants were asked to view a series of faces in

the study phase and remember them for the subsequent
recognition test. There were 68 faces in the study
phase: 36 target faces (faces not used for morphs but
would reappear in test phase) and 32 parent faces (faces
previously used to create the morphs). Each face ap-
peared for 1500 ms followed by a two second delay
between each face.

At test, participants were given a forced choice rec-
ognition test. Participants were required to pick one of
two faces presented that was previously studied. Par-
ticipants either chose between a morph and one of the
two parents, or between a target and a distracter. There
was a total of 36 faces in the test phase: 16
morph/parent pairs, 20 target/distracter pairs in random
order. Although there were 36 targets presented at
study, only 20 randomly-chosen targets were tested
since we have only 20 distracters.

Resul t s
The mean probability of choosing a target over a

randomly-chosen distracter is .765 (standard error of the
mean, SEM=0.015). When comparing the morphs and
parents constructed from similar parents, the probabil-
ity of choosing a similar parent over its associated
similar morph is .463 (0.222), which is statistically
significantly less than 0.5 (t(1448) = 2.12, p < 0.05).
Morphs from dissimilar parents show the opposite ef-
fect: the probability of choosing a dissimilar parent
over the morph is 0.658 (0.161), which is greater than
0.5 (t(1448) = 10.6, p<0.05).

These results provide tentative evidence in support
of the framework suggested by Vokey and Read (1992).
Target faces tend to be very distinctive, because many
had facial hair. This distinctiveness may have resulted
in a large amount of familiarity due to the prior expo-
sure. Similar morphs are similar not only to the two
parents, but also to many other faces (Busey, 1998). As
a result, they may have engendered a large amount of
context-free familiarity and therefore have been chosen
over the parent face in the forced-choice comparison.
This suggests that the morphing process provides a
reasonable technique for producing novel stimuli in face
space in order to control and manipulate the degree of
structurally-induced familiarity.  

Although these results are consistent with the fa-
miliarity and memorability view of Vokey and Read
(1992), there are several aspects of this framework that
are troubling. First, it is not clear that context-free fa-
miliarity is a distinct construct that is separable from
familiarity due to prior exposure. Clearly the face at
least must be recognized as a face, which must require
some form of active search through memory. There
may also be an additional search through memory that
corresponds to the familiarity due to the prior exposure.
As a result of this overlap between the two processes, a
single-process model might be able to account for both
the good discriminate of the target faces and the errors
made by participants to the similar morphs. One possi-
ble starting point is the Identification version of the
GCM model developed by Nosofsky (1986; 1987) and
suggested by Valentine and Ferrara (1991) as a good
model for face recognition. Below I describe how this

model can be extended to forced-choice data and demon-
strate the adequacy of this model.

Measuring Face Space: Similarity Ratings
Before a model can make quantitative predictions

for individual faces, the similarity structure of the faces
must be measured. The procedures used to gather simi-
larity ratings and produce the multidimensional scaling
output are described in Busey (1998), but are briefly
sketched below. A set of 104 faces requires multiple
similarity ratings on all (100*99/2) pairs of faces. This
required 373 Indiana University undergraduates making
ratings on 177 randomly-chosen pairs of faces, on a
scale from 1 (most similar) to 9 (least similar). These
similarity ratings were submitted to the ALSCAL mul-
tidimensional scaling algorithm, which produced a 6
dimensional solution. Because the program could only
handle 100 stimuli, 4 target faces were selectively de-
leted from the set. The dimensions of the solution were
all interpretable, and included dimensions such as age,
race, facial pudginess, and facial hair.

Accounting for Forced-Choice Data
One possible extension of the Identification model

to forced choice data would be to consider the model's
predicted familiarity for both faces, and whichever face
produces the higher familiarity is the face that is se-
lected. While intuitively plausible, this model cannot
be correct, because without noise or some other process
it would always predict that the target would be chosen
over the distracter with probability 1.0 (assuming that
the distracter did not have more context-free familiarity
than the target). In the data, the targets were chosen
over distracters about 77% of the time, while dissimilar
parents (which tend to be less distinctive) were chosen
over the dissimilar morphs 66% of the time. Any
model must account for these gradations in choosing
rates that appear to depend upon typicality or the simi-
larity structure of the faces.

In an old/new recognition task, the participant
typically makes either an ‘old’ or a ‘new’ response that
is presumably based on some internal value that reflects
the test face's familiarity or match to items in memory.
In some sense this is a categorization task of each test
face into either the old or new category. Most categori-
zation tasks also include two categories, in which
members of category a are distinguished from the
members of category b according to some criteria. What
distinguishes recognition from most categorization
tasks is that the population of new items in recognition
is generally unknown. A forced-choice task is much
closer to the categorization task, since the target face is
directly compared with a known quantity, the distracter
face. In categorization, the probability that test item i
is classified as a member of category a is,

P a i
G A

G A G B
(" "| )

[ ]
[ ] [ ]

=
+

Eq. 5

where A is the evidence that item i belongs to category
a, B is the evidence for category b, and G represents a
monotonic transform. Often, G takes the form of an
exponential,
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Eq. 6

where ζ represents the extent to which small differences
between the evidence for faces A  and B are magnified
into a large likelihood of choosing face A . For exam-
ple, for small ζ, virtually all choosing probabilities
will be close to 0.5, since the exponents will all be
close to 0. However, for large ζ, this emphasizes the
impact that A and B can have, such that if A  dominates
B only slightly, the participant will be very likely to
say “A”. Thus ζ can be thought of as a confidence pa-
rameter that indicates how much the evidence of A  over
B influences the resulting choosing rate. It also may
reflect to some degree the noisiness of the comparison
process, since if A and B are similar and the system is
noisy, the participants would choose B on some pro-
portion of the trials. The model would mimic this be-
havior by reducing the probability of choosing A  by
having a fairly small ζ parameter. An alternative inter-
pretation is offered by Nosofsky and Palmeri (1997), in
with the ζ parameter represents the amount of evidence
that must be accumulated by a random walk before it
reaches threshold.

Eq. 6 can be used to adapt the Identification version
of GCM for the forced-choice recognition paradigm if
we assume that the participant computes familiarity of
faces a and b via Eq 3 or some other process, which
provides the values A  and B for Eq 6. In situations
where A and B are about equal (that is, both faces a and
b seem equally familiar), the probability of choosing
face a will be close to 0.5. However, as one face tends
to dominate, Eq 6 will get closer to 1.0.

The forced-choice data were fit as follows. The data
from target faces consists of the probability of choos-
ing a given target face over one of the distracters. Over
the course of the experiment, each target face was tested
against 24 randomly-chosen distracters, and the model-
ing must reflect this. This was accomplished by com-
puting the familiarity of each target and distracter face
(as expressed as the probability of saying old) via Eqs
1-4, and then computing the probability of choosing
the target face over a given distracter via Eq 6. These
probabilities were then averaged over all such compari-
sons involving that particular target face. This process
was repeated for the parent, morph and distracter faces,
although morphs were always compared only with their
parent faces and vice versa. Thus the forced-choice pre-
dictions reflect the degree to which one face seems more
familiar than the other, as defined by Eq 3 for the Iden-
tification model.

One issue that has been raised in the categorization
literature is the idea that participants may selectively
attend to one dimension over another. For example, in
recognition, age may be a particularly salient dimen-
sion, while other dimensions such as the color of the
facial hair may be less so. The MDS procedures nor-
malize the dimensions, and to compensate we add 6
weight value that allow the dimensions to have differ-
ential effects on the computation of distance (and there-
fore similarity) via Eq 1. These are constrained to sum
to 1.0, and so this adds 5 free parameters to the model.

This model has 9 free parameters; the similarity
gradient parameter c, the 5 weight parameters, and β and
θ that map the ratio in Eq 3 into a familiarity (prob-
ability of saying old), and ζ that determines how the
evidence for face a is compared with the evidence for
face b. The best-fitting parameter values are given in
Table 2.

Figure 2 shows the fit of the GCM-Identification
model, with the probability of choosing a face from the
data on the abscissa and the theory’s predictions on the
ordinate. One measure of the model's goodness of fit is
the root-mean-squared error (RMSE), which was 0.120.
Overall the fit is not bad; in general the points fall on
the diagonal. However, there are systematic deviations
for some of the target faces, the similar parents and the
distracters. Most telling is the failure to account for the
fact that participants tend to choose the similar morphs
over the similar parents; the model places the similar
morphs (upright open triangles) to the left of the simi-
lar parents (upright filled triangles), where the reverse
should be true.

Despite these failings, overall the model is ac-
counting for the distinctiveness effects seen in the
faces. The target and distracter faces tend to be more
distinctive than the dissimilar parents and dissimilar
morphs. We see in Figure 2 that the targets have a
higher choosing rate than the dissimilar parents, which
demonstrates that the model can account for the effects
of distinctiveness. Thus, the Identification model might
be associated with the Memorability component de-
scribed by Vokey and Read (1992). What it apparently
lacks is some mechanism to account for the similar
morphs, which are very typical distracters. This might
either require a better model formulation or a separate
familiarity mechanism to include context-free familiar-
ity.

The SimSample Model
Before adopting a second process to account for

something like context-free familiarity, consider an
alternative model that might account for both the ef-
fects of highly typical and highly distinctive faces. This
model involves sampling from memory according to
the similarity of the target face to items in memory,
and thus I term it SimSample. This model has previ-
ously accounted for old/new recognition data (Busey &
Tunnicliff, submitted) and might provide a better ac-
count of the forced-choice data as well.

Before describing the model, I'd like to describe
how it was derived, as motivation not only for its as-
sumptions but also to provide a tutorial on the model-
ing process. Additional information on the process of
model building can be found in Shiffrin and Nobel
(1997). Memory models that rely on relations between
stored vectors of features have been remarkably success-
ful at accounting for a variety of recognition, cued- and
free-recall tasks using works. Examples include
CHARM (Metcalfe, 1990). Minerva 2 (Hintzman,
1986), and SAM (Gillund and Shiffrin, 1984). Al-
though SAM is technically not a vector model, it
shares some of the characteristics of the other models.
In these models, a test item is used to probe memory in
such a way that a trace may be sampled and potentially
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recovered. Similarity is often represented abstractly
rather than in terms of an MDS space. However, the
model structures are similar.

In developing SimSample, we observed that in the
free- and cued-recall literature, the memory models were
exhibiting behavior that might correspond to those in
our data. In particular, the models had a tendency be
better at recovering distinctive items such as low fre-
quency words. In addition, if a cue was similar to lots
of studied words, the cue might produce an incorrect
item (vs no item at all in the case of a distinctive cue
in an error is made). This seemed to be analogous to
our high false alarm rate for morphs in old/new recog-
nition. The models all differ in their assumptions, but
in general the recall mechanisms involve some sort of
sampling process. In the case of SAM, one item is
sampled, but may not be recovered. This sampling
process has a tendency to favor distinctive items (if
something is recalled at all)  because they are in an
isolated region. Items in a dense region have a tendency
to recall incorrect item information  due to confusions
with similar items.

These model mechanisms were developed primarily
to handle recall effects; most models had separate
mechanisms for recognition. However, the two mecha-
nisms often produce highly correlated outputs, because
the item that is the most likely to be recovered in recall
also contributes the most to the familiarity mechanism
that is assumed to underlie recognition. In addition, we
felt that there may be a role for recall in recognition, as
suggested by Yonelinas, Dobbins, Szymanski, Dhali-
wal and King (1996). As a result, we felt comfortable
using a recall-based mechanism for our recognition
data.

To develop the SimSample model we assume that
similarity is constructed from the MDS face space ac-
cording to Eqs 1-2. We then assume that for each test
face in the forced-choice comparison, the test face is
used to probe memory, and exactly one face is sampled
from memory. Not all items are equally likely to be
sampled, however. The probability that the observer
samples face k in memory given face i was presented at
test is,

P(sample  k | i  presented) =
ηi,k

ηi, j
j⊂ All  Faces
    In  Memory

∑
Eq 7

which is simply the Luce Choice Rule. This function
has two nice properties: first, it constrains the probabil-
ity of sampling something to 1.0. That is, the sum of
Eq 7 for all items k is 1.0. Second, it has the property
that the similarity between i and k  is relative to the
summed similarity of the test item (i) to all other faces.
Thus this makes the similarity between i and k sensi-
tive to the density of i. Typical faces and distinctive
faces will have different denominators and this will
affect how the similarity between i and k is evaluated.
This is a critical aspect of the model that will be ex-
plored below. The Luce Choice sampling rule is
adapted from the Search of Associative Memory (SAM)

model proposed by Gillund and Shiffrin (1984), al-
though SAM uses strengths rather than similarities to
compute the Luce Choice ratio. To characterize the
relation between SimSample and SAM (and thereby
provide support for the assumptions underlying Sim-
Sample) below I describe the nature of the sampling
and familiarity process.

When the SAM model is used to predict free- or
cued-recall data (usually words), context or a test cue is
used as a probe to sample items from memory. One
item is always sampled from memory, but it may or
may not be recovered. If the item information is recov-
ered, the participant reports the contents (i.e. the studied
word). This process of sampling and retrieval continues
until either all words are recovered or some other stop-
ping rule is applied. A separate mechanism has been
proposed for recognition, in which the information
gained from sampling all items in memory is combined
to produce an overall familiarity value for a test item.
This familiarity mechanism is more akin to Nosofsky's
GCM, although similarity is defined not in terms of
distance in MDS space but instead by the feature over-
lap of two items. Although the sampling component of
SAM has been associated with recall, in more recent
work Shiffrin, Huber and Marinelli (1995) have sug-
gested that there may be a recall component in recogni-
tion. Under this assumption, participants would sample
once from memory, and if the test item is recovered,
participants would assess the recovered information and
respond old or new, rather than assessing an item's
overall familiarity. If no recovery is made, participants
instead respond on the basis of the familiarity computa-
tion which assesses the test item's similarity to all
items in memory. In principle these are separate
mechanisms, but in practice they produce highly corre-
lated results since the familiarity process tends to be
dominated by one or two traces in memory, and those
are the ones that primarily affect the sampling and re-
covery process. Thus it is reasonable to assume that a
sampling process could be at work in face recognition.
As we will see, the sampling process of SimSample
implicitly contains elements of both a recall and a fa-
miliarity-based recognition system.

In order to make predictions for old/new recogni-
tion within the SimSample model, we assume exactly
one face is sampled from memory. This is different
from SAM, which allows multiple sample and recovery
attempts. We assume that the sampled face is compared
with the test face, and if they are similar enough the
observer concludes that they have a match and says
"old". This involves a criterion such that if face k is
sampled when face i is used to probe memory,

Say  "old"  if  ηi,k > criterion Eq 8

where the similarity criterion is a free parameter. If the
similarity between the sampled item and the test face is
less than the criterion, the model predicts that the ob-
server will say "new". More formally, we can compute
the probability of saying old to item i as the probabil-
ity of sampling all items that are similar enough such
that if sampled, the observer would say old. Define
function θ(ηi,k) such that
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Θ(ηi,k ) =
1

0




   
if  ηi,k > criterion

if  ηi,k < criterion
Eq 9

which is simply the probability that the observer will
say old to item i given  item k is sampled. The prob-
ability that the observer says old when viewing face i at
test is,

P("old" | i  presented) = P(sample  k | i  presented)Θ(ηi,k )
k⊂ faces  in

memory

∑

Eq 10

where the first term inside the summation comes from
Eq 7 and the second from Eq 9.

For a variety of reasons it is reasonable to assume
that the similarity criterion in Eqs 8 and 9 is not fixed,
but has normally distributed variability due to some
internal noise or differences across participants. In this
case, we can redefine Eq 9 according to a cumulative
gaussian function with mean set to the criterion and
standard deviation set to a free parameter critSD,

Θ(ηi,k ) = e−( x−criterion)2 /2critSD2

2  π  critSD2
−∞

ηi,k

∫ dxEq 11

which implies that if ηi,k equals the criterion, the
probability that the observer says old when face k is
sampled is 0.5. No modification of Eq 10 is necessary
to accommodate this change to θ(ηi,k).

As stated above, the sampling and criterion as-
sumptions embodied by Eqs 7, 10 and 11 are related to
the sampling and testing processes of the SAM model,
although in SAM the model is allowed to sample mul-
tiple times, whereas the SimSample model is only
allowed to sample once. Various multiple-sampling
versions of SimSample were attempted, with little suc-
cess.

The SimSample is extended to account for the
forced-choice data by assuming that the subject com-
putes the probability of each item having been previ-
ously presented (i.e. the probability of saying 'old' to
each item) and then uses these probabilities via Eq 6 to
predict the choosing rate for the target stimulus. The
model has 9 free parameters (which is the same number
as the Identification model): 1 generalization gradient
parameter c, 5 attention weights, the response criterion
and the standard deviation of the response criterion and
ζ, which controls the comparison behavior between the
two faces.

Accounting for Distinctiveness
At a minimum, the SimSample model must ac-

count for the finding that participants are very good at
recognizing distinctive targets and rejecting distinctive
distracters. The upper-left panel of Figure 3 demon-
strates how the SimSample model accounts for the
high hit rates to distinctive targets. A distinctive target
is not similar to many other items in memory, making
the denominator in Eq 7 small. When sampling its own

item in memory, the numerator in Eq. 7 is 1.0, and for
all other faces the numerator is much less than 1.0.
This implies that distinctive faces are very likely to
sample their own image in memory, and of course
when they do, i = k, and ηi,k = 1.0, which exceeds the
similarity criterion in Eq 8. Less distinctive targets are
less likely to sample themselves in memory, since
even though the numerator is still 1.0 in Eq 7, the de-
nominator is larger for more typical faces. When a
moderately typical test face samples other faces in
memory, they may be far enough away such that ηi,k
< criterion and the observer will incorrectly say 'new'.
Thus the SimSample model correctly  predicts that
more distinctive target faces will be more likely to be
chosen over a distracter than less distinctive targets.

The SimSample model can also account for the
fact that distinctive distracters are easily rejected by
observers (and are not often chosen in forced choice), as
demonstrated by the upper-right panel of Figure 3. As
with target faces, a distinctive distracter will sample
some face in memory. However, it cannot sample itself
because it wasn't placed into memory at test. If there
are no faces near enough to fall inside the criterion in
MDS space, the observer will never make a false alarm.
The noise added to the criterion insures that all distrac-
ters have above-zero false alarm rates, but the model
will produce very few false alarms. More typical dis-
tracters will have a greater chance of being near a target
face that is inside the criterion, which if sampled will
produce a false alarm or be erroneously chosen in a
forced-choice paradigm. Thus the SimSample model
can account for the low false alarm rates to distinctive
distracters without assuming negative evidence as sug-
gested by Brown, Lewis and Monk (1977).

Accounting for Familiarity
In addition to accounting for the effects of distinct-

iveness, the SimSample model can in principle account
for the fact that very typical faces engender a high feel-
ing of familiarity. The bottom panels of Figure 3 dem-
onstrate how SimSample can in principle account for
the high false alarm rates to the morphs created from
similar parents, as well as the relatively high hit rates
to typical parents. When a morph is used to probe
memory, it cannot sample itself because it was not
presented at study. However, it does have the opportu-
nity to sample nearby items in memory and will pro-
duce a false alarm if the sampled item is inside the cri-
terion. In the case of the morphs created from similar
parents, there are likely to be at least two studied faces
(the two parents) that are similar enough to fall inside
the criterion. In addition, the morphs tend to be among
the most typical of faces, since the morphing proce-
dures tend to place the morphs near the middle of MDS
face space (Busey, 1998). Thus the SimSample model
correctly predicts higher false alarm rates to the morphs
than to more distinctive distracters.

This same explanatory principle can account for
the fact that very typical parents have higher hit rates
than moderately typical parents, as seen in Figure 3.
Typical parents are likely to be similar to lots of other
faces in memory, and even though such a face is not
very likely to sample its own trace in memory, it is
very likely to sample a nearby face. Typical parents
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have lots of other faces nearby, and if one of these is
sampled the observer will say old. When this happens,
the observer is making a correct response but doing so
for the wrong reason. Less typical parents have fewer
opportunities to sample nearby faces that would gener-
ate an old rating, and therefore cannot take advantage of
incorrect samplings that result in a correct decision.

The fit of the SimSample model is shown in Fig-
ure 4, and the best-fitting parameters are provided in
Table 1. The RMSE is 0.112. The fit is an improve-
ment on the fit of the Identification model despite the
fact that it has the same number of free parameters. The
RMSE is reduced, and the systematic deviations for the
distracters and targets are no longer present. However,
the model still has difficulty with the similar morphs
and parents: the similar morphs are still systematically
to the left of the similar parents. Thus either the model
cannot account for very typical faces, or there is some
other mechanism such as noise, clustering or blending
that is going on that might account for these faces.

Extensions to the Exemplar-Based Model
One possible explanation for the high choosing

rate for the similar morphs is that there is enough noise
in the recognition system such that the morph is con-
fused with one or both of the parent faces. This seems
somewhat unlikely given the fact that one of the parent
faces is shown with the morph, and participants know
that one and only one studied face is shown at test.
Nevertheless, noise may play a role in the false recog-
nition of the morphs, since the central location of a
prototype may make it more immune to noise than the
exemplars. One mechanism to introduce noise into the
locations of the faces in MDS space is to assume a
gaussian similarity gradient rather than an exponential
gradient,

ηi j

c d
e i j

,
( ),= − 2

Eq. 12

which tends to make the sharp drop of the similarity
gradient ‘fuzzy’. This provided a very slight improve-
ment in the RMSE, reducing it to 0.108. However, it
could not predict that participants would choose the
similar morphs over the similar parents.

A second mechanism which might save the exem-
plar-based version of the SimSample model is to as-
sume some sort of clustering mechanism that might
work to bring similar faces even closer together. This
clustering goes against other effects of density as de-
scribed by Krumhansl’s Distance-Density hypothesis
(Krumhansl, 1978), where experience with a dense re-
gion tends to make the items in that region appear less
similar, not more. A clustering algorithm was appended
to the SimSample model according to the following
logic. Studied items were place into memory at their
locations in MDS space. If they were close enough to
other items (as determined by a free parameter), all
items inside this pre-defined region were systematically
moved closer to each other by an amount proportional
to their distance and a free parameter. This mechanism
reduced the RMSE only slightly, to 0.107, and did not
predict that the participants would choose the similar

morphs over the similar parents. Thus it appears as if a
clustering mechanism cannot help the SimSample fit.

A third mechanism that might help the morphs is
the assumption of a global prototype that exists in
addition to the individual exemplars. Such a model as-
sumption is similar to the norm-based coding model
proposed by Byatt and Rhodes (in press), Rhodes,
Carey and Byatt (in press) and Valentine and Bruce
(1986). In this model, some form of blending or ab-
straction mechanism is at work that creates a new trace
in memory that represents a global prototype of all bald
men. We do not know the location or strength of this
prototype, but we can estimate its values on each di-
mension and its strength as free parameters. Thus to the
SimSample model I added 7 more parameters: 6 pa-
rameters dealing with the location  of the prototype on
the 6 dimensions, and 1 free parameter that determined
the strength of the prototype when computing its con-
tribution to the probability of saying old via the Sim-
Sample process. This model only reduced the RMSE to
0.111, which is not a significant reduction in error
given the addition of 7 free parameters (see Table 1 for
F-values). In addition, the model did not reverse the
discrepancy between the similar morphs and parents.
Thus a global prototype does not seem to be a plausi-
ble extension to the SimSample model.

It is interesting to note that the global prototype
could have completely dominated the individual exem-
plars by choosing a very large prototype weight. This
would have been equivalent to the Norm-Based Coding
model, which assumes that faces are coded relative to a
global prototype rather than as individual exemplars.
The failure of this model casts doubt on the norm-based
coding model, and demonstrates that quantitative predic-
tions are necessary to distinguish a prototype model
from an exemplar model.

Prototype Extensions to the Exemplar-Based
Model

Given the failure exemplar-based or global proto-
type mechanism to account for the finding that partici-
pants choose the similar morphs over the similar par-
ents, an alternative is to propose individual prototypes
that form between parent faces and correspond to the
morph locations. Similar extensions have been pro-
posed in categorization work (e.g. Homa, Goldhardt,
Burruel-Homa, & Smith, 1993). As with the previous
prototype theories, these prototypes would act like faint
traces in memory at the locations of the morphs in
MDS space and could in principle help the similar
morphs be chosen over the similar parents. The morphs
were included in the original similarity rating experi-
ment and so we know the locations of the morphs in
MDS space. The morphing operation introduces arti-
facts into the resulting blended face (Busey, in press)
moving it away from the midpoint in MDS space be-
tween the two parent faces. However, by including the
morphs into the scaling solution, we presumably have
eliminated these biases by informing the model of the
morph’s true location.

One possible prototyping mechanism would blend
nearby faces, creating a prototype trace in memory that
would be treated from the perspective of a model as a
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faint version of a real trace. The strength of the proto-
type affects both the likelihood that a prototype is
sampled, as well as the probability of saying old if it is
sampled. In general, when sampling items from mem-
ory, the probability that face k is sampled (where k can
now be either a parent, a target or a morph) is,

P(sample  k | i  presented) =
ηi,k

ηi, j
j⊂ All  Faces
    In  Memory

∑ + pw  ηi, j
j⊂ prototypes
    

∑

Eq 13

for faces actually studied, and,

P(sample  k | i  presented) =
pw  ηi,k

ηi, j
j⊂ All  Faces
    In  Memory

∑ + pw  ηi, j
j⊂ prototypes
    

∑

Eq 14

for the morphs. In both Eq 13 and Eq 14, pw is the
prototype weight that determines the strength of the
prototype in the sampling process. Once a face has
been sampled (and now a prototype may be the sampled
face), the probability that the observer says old is re-
lated to the similarity between the test face and the
sampled face as in Eq 8. This is modified such that if
the morph is sampled, the similarity used to compute
the probability of saying old via Eq 9 is reduced by the
prototype weight. This is in keeping with the idea that
the prototype trace is fainter than a real face's trace, and
this influences both the sampling and decision proc-
esses1. This assumption implies that we compute
Θ(pw ηi,k) when a prototype is sampled, rather than
Θ(ηi,k) as in Eq. 9. To compute the overall probability
of saying old to item i, we compute,

P("old"|i  presented) =
P(sample  k | i  presented)Θ(ηi,k )

k⊂ faces  in
memory

∑ +

P(sample  k | i  presented)Θ( pw  ηi,k )
k⊂ prototypes

∑
Eq 15

which simply extends Eq 9 to include the possibility of
sampling a prototype, and if one is indeed sampled, the
probability of saying old. Note that this addition of
prototypes to the SimSample model is somewhat arbi-
trary, since it assumes that prototypes are only created

                                                
1A version of the model in which the prototype weight influenced
only the sampling process, not the decision process, was attempted,
although the fit was markedly worse. In support of this assumption
to have the strength of the item affect both sampling and deciion
processes, I suggest that subjects have an intuation about the
strength of the match between the test face and and the sampled
face. This is reflected in other work, in which we have found a
strong correlation between confidence and accuracy for target
faces, which suggests that subjects can monitor the output of their
sampling processes and use the strength of the output to make con-
fidence judgments as well as old/new or forced-choice responses.

between two parents and not between any other pairs of
faces. However, since we are only probing the locations
between two parents with the morphs, this seems like a
reasonable assumption.

The prototype strength (pw) for morph face i was
assumed to be a function of the distance between the
two parent faces, under the assumption that blending is
more likely to occur between two similar faces than
between two dissimilar faces. Thus,

pwi = (ηi,p1 + ηi,p2) ρ
Eq 16

which gives the prototype model one additional free
parameter, ρ, which determines the relation between
distance and prototype strength. The results of this
model fit are shown in Figure 5. Not only does this
model provide a significant decrease in the RMSE, it
places the similar morphs to the right of the similar
parents, which previous models failed to do. Thus this
model can account for the finding that similar morphs
are chosen over their parents in forced-choice.

The prototype create method described in the previ-
ous section may seem arbitrary. Why should prototypes
only be created between randomly chosen parent faces?
To address this issue, we extended the previous proto-
type model to include a mechanism by which proto-
types are created between all possible pairs of faces (as
defined by the average in MDS space of the two faces),
with two additional assumptions. First, the strength of
the prototype in memory is proportional to the similar-
ity of the two faces that are being used to create the
prototype. This is consistent with Eq 16 above. Sec-
ond, there was a threshold implemented such that the
prototype creation occurred only for faces that were a
minimum distance apart. This proved necessary because
the full model that allowed all possible prototypes was
computationally intractable. This model performed sig-
nificantly better than the SimSample model, with a
RMSE of 0.1066. In addition, this model accurately
predicts that the similar morphs would be chosen
slightly more often than the similar parents. This sup-
ports the proportional prototype assumption that under-
lies our prototype extension.

I would like to conclude this section on prototype
extensions to the SimSample model with a few com-
ments about prototype mechanisms. The existence of
prototypes (at least as identifiable by testing prototype
models) is the subject of furious debate within the cate-
gorization literature. Prototype models (or more prop-
erly, mixed modes that includes both prototypes and
exemplars) are often mimicked by pure exemplar mod-
els, and from my study of the literature there is no firm
evidence one way or the other (although others might
disagree). The danger in concluding that prototypes
exist just because a mixed model fits better than a pure
exemplar model is that the prototypes may be making
up for some deficit in the pure exemplar version of the
model. There are other possible explanations for the
tendency to choose the morphs over the parents in the
forced-choice paradigm: for example, morphs may seem
younger or more attractive due to the smoothing effects
of the morphing process. Unless these effects are re-
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flected as dimensions in the MDS representation they
will not be included in the modeling process. In addi-
tion, there may be context effects that occur when a
morph is compared with its parents, which are described
below. In general, I view the apparent need for a proto-
type extension of SimSample to indicate just how
powerful the morph effect is, and how difficult it is for
existing exemplar-based models to account for it. Thus
at the very least the prototype extensions to SimSam-
ple quantify the range of the effects of the data and
sketch out the types of data patterns that an exemplar
will have to account for if it is to do it without a proto-
type extension. The improvement of the SimSample
model over existing categorization models based on
GCM should not be lost in the somewhat unrelated
debate over the existence of prototypes.

Context Dependencies in Face Spaces
The apparent need for prototype extensions in the

fits of the SimSample model to the forced-choice rec-
ognition data suggests that, at the very least, the
morphs are very similar to items stored in memory.
The case of the SimSample model, this required a pro-
totype extension, although other models may be devel-
oped that can account for these based on stored exem-
plars alone. An alternative solution suggests that there
might be something special about the parent-morph
relationship that makes the morphs confused with the
parents more than one would predict on the basis of an
exemplar-based model. One possibility is context-
specific effects that make the morph appear more simi-
lar to one of its parents than one would otherwise ex-
pect on the basis of other considerations. Consider an
example that illustrates this point. Suppose one were
to morph an African-American face with a Caucasian
face. The resulting morph would have a middle-gray
skin tone in a black-and-white photo. When compared
with the dark parent, however, the morph might look
darker, and when compared with the light parent the
morph might appear lighter. That is, when making
similarity ratings the participant tends to ignore the
differences across the two faces and look at only the
similarities. Goldstone and Medin have demonstrated
several effects in which feature representations of am-
biguous items are borrowed from less ambiguous items
(Medin, Goldstone & Gentner, 1993; Goldstone, Medin
& Halberstadt, 1997). These sorts of assimilation ef-
fects may contribute to the memory data as well, since
the participant may use similar matching or compari-
son procedures when accessing memory traces. The first
step, then, is to identify context effects and then inves-
tigate whether they affect the memory data. To antici-
pate our findings, we find evidence for context effects
with the morphs but find that they cannot account for
the morph data from the forced-choice experiment.

 When evaluating possible context effects, the first
step is to determine an appropriate metric by which to
compare parents to morphs. If context effects come into
play, we would find that the morphs and parents are
rated as more similar to each other than we would oth-
erwise expect. Figure 6 illustrates an MDS space with
lines draw in to represent the size of the raw similarity
ratings. In general the raw similarities correspond to the
derived MDS distances, but the raw similarities be-

tween morphs and parents are much shorter than the
morph-parent distances in MDS space. This is drawn to
reflect the hypothetical context effects.

We can look for evidence for these effects in our
data by comparing the raw similarity ratings against the
derived distances computed from MDS space. In MDS
space, the two parents and the morph have locations in
MDS space as determined by the ordinal relations be-
tween each face and all other faces. Thus the location of
each morph (as well as all other faces) is constrained by
99 numbers, only two of which represent parent/morph
comparisons. In Figure 6, the MDS algorithm may try
to adjust the location of the morph in order to account
for the very close similarity reported between the
morph and its two parents, perhaps by moving the
morph upward. However, the position of the morph is
also constrained by the ratings to the other 97 faces,
and thus the MDS algorithm cannot account for the
context effects that are present in the similarity ratings.
Thus the MDS may be thought of as a representation
that does not allow context effects, and therefore repre-
sents an appropriate measuring stick to compare the
raw similarity ratings against.  We expect context ef-
fects to primarily affect a morph/parent comparison,
and thus we will single this out for examination.

In a stimulus set with 100 faces, there are
(100*99)/2= 4950 possible paired comparisons. Be-
tween each pair of faces we obtain a mean similarity
rating from the data, and we can also compute the dis-
tance in MDS between each pair of faces. Figure 7
shows the scatterplot that compares the MDS distance
against the rated similarity ratings. In general the corre-
lation is quite high, and reflects the overall good fit of
the MDS solution. When the stimuli are broken down
into separate comparisons, however, we find that there
are systematic and interesting deviations. The morph-
parent pairs are singed out as large squares in the plots,
and are systematically shifted below the rest of the data.
This implies that when morphs are compared to their
parents, they are systematically rated more similar than
one would expect on the basis of the rest of the com-
parisons. This is exactly what one would predict if the
assimilation hypothesis is correct, and demonstrates
evidence for context-dependent effects in the morph-
parent comparisons. The right panel of Figure 7 re-
moves the parent and other faces, and just shows pairs
that include at least one morph (as well as the pairs of
parents used to construct the morphs). We find down-
ward-shifted points only for pairs in which a morph is
compared with one of its parents, not when that morph
is compared to other parents or even other morphs. So
these context dependencies do not result from the fact
that morphs might be strange in general (due perhaps to
artifacts in the morphing process), and appear only
when the morph is compared with its parents.

Context Effects in Recognition
The MDS solution was obtained using a set of data

in which the morph-parent similarity ratings were set
to missing data values, which allows the MDS to find
a solution without taking these similarity values into
consideration. The MDS fit did not significantly
change, nor did the analysis in Figure 7 change signifi-
cantly. This is what one would expect, given that for a



13 BUSEY

morph, the similarity rating to its parents are only two
of 99 constraints that determine its location in MDS
space, and so eliminating two ratings doesn’t greatly
affect the overall solution.

One question that is raised by evidence for context
effects is whether these effects might also account for
the tendency to choose the morphs over the similar
parents in the forced-choice recognition data described in
previous sections. If the morphs are drawn into the
parents by a tendency to accentuate similarities, this
might also make the morphs more likely to be chosen
over the parents. These effects cannot be accounted for
by the MDS, but can be implemented in a model in
which the raw similarity ratings are used instead of the
MDS distances as input to the SimSample model. The
first stage of computation when fitting SimSample is
to compute the similarities of each face to all other
faces from the MDS coordinates, using Eqs 1 and 2. To
fit a version in which we rely not on MDS distances
but instead on the raw similarity ratings, we computed
similarity between faces i and j by the following for-
mula, which replaces Eqs 1 and 2,

ηi j

as b
e i j

,
,= − +

Eq. 17

where si,j is the raw similarity rating between faces
i and j , and a and b are free parameters that linearly
scale the raw similarity ratings. Note that while the
original similarity ratings are on a scale of 1 (most
similar) to 9 (least similar), these scores were converted
to z-scores by subtracting the mean and dividing by the
standard deviation of all scores for each participant. The
b parameter is required because some scores are negative
as a result of the z-score transformation.  

Because we are using raw similarity ratings and not
MDS coordinates, this model fit does not include atten-
tional weights. Thus this fit of SimSample has 5 free
parameters: a and b that map the raw similarity values
into computed similarity and act like the generalization
gradient parameter c in GCM,  parameters that represent
the response criterion and the standard deviation of the
response criterion and ζ, which controls the comparison
behavior between the two faces.

The fit of this version of SimSample was not an
improvement over the other versions that rely on the
MDS space as input. The RMSE was 0.1171, and
more importantly, the model could not account for the
finding that morphs were chosen over their parents
more than half of the time. Thus the context effects
evident in the similarity rating data appear not to be
able to account for the very high choosing rates of the
morphs that occur despite the fact that the morphs were
not studied.

Face-Space Representations and the
Other-Race Effect

The face-space representation used to model the
present data and described in Busey (1998) allow the
investigation of one of the major applications of face-
space modeling. In the cross-race effect, observers who
have limited contact with faces of other races are asked
to identify faces of their own race and of another race.

In a remarkably consistent effect, memory for same-race
faces was superior to memory for other-race faces (see
Bothwell, Brigham & Malpass, 1989 for a review).
African American and Caucasian subjects both demon-
strate a bias for their own race in 79% of the experi-
ments in the literature (Bothwell, et al, 1989). Interest-
ingly, other-race faces tend to be classified faster than
same-race faces in a race classification task. Valentine
and Endo (1992) proposed an exemplar-based explana-
tion of both of these effects in which other-race faces
are in a separate part of face space and are more densely
distributed. Figure 8 shows a hypothetical space. Identi-
fication is thought to be a function of the density sur-
rounding an exemplar in face space, and exemplars in
denser regions will become difficult to distinguish.
This explains the fact that distinctive faces are more
memorable in general (Valentine, 1991), and suggests
that same-race faces, because they are more distributed
will support better recognition. Classification, on the
other hand, is accomplished by summing the similarity
to all members in a category, which will provide a
benefit for faces in a denser distribution. Thus the Fig-
ure 8 face space, in conjunction with separate decision
rules for identification and classification, can account
for the cross-racial effects.

Chiroro and Valentine (1995) addressed the contact
hypothesis and found support for the exemplar-based
account of the cross-racial identification effect. How-
ever, recently Levin (1996) argued that the face-space
model was insufficient to account for classification and
visual search tasks. He suggested that a dimension not
included in the face-space representation, that of a
quickly-coded race feature, was at work in the search and
classification tasks, but not in the identification tasks.
Thus, at the very least, face-space models must allow
for the possibility of the use of different information
for different tasks.

Surprisingly, the representation proposed in Figure
8 that has been used as an explanation for the cross-
racial identification effects has never been measured (at
least to our knowledge). There are a variety of ways to
measure face-space, the simplest of which is to ask
observers for similarity ratings between all possible
pairs of faces and then submit the results to multi-
dimensional scaling algorithms. The face-space initially
described by Busey (1998) included twelve African
American faces, and the 278 observers in that study
were overwhelmingly white with somewhat limited
exposure to African American faces. In addition, the
scaling solution revealed that Race was the second di-
mension (after Age) that comes out of the scaling solu-
tion, thus demonstrating that race was a salient feature
to the subjects.

The Age and Race dimensions are shown in Figure
9, along with the pictures of selected faces. As is ap-
parent in Figure 9, African American faces are located
in a separate part of the space and appear to be more
densely clustered than Caucasian faces. To test this, we
computed the average distance for each face to all other
faces of the same race. Because this is an average, it is
not influence by the number of faces of that race. We
find a strong effect of density, which is entirely consis-
tent with the model proposed by Valentine and Endo
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(1992). The average distance between Caucasian faces is
3.08 (SEM = 0.037) and between African-American
faces is 2.14 (0.056). This difference is significant
(p<0.001). This is not a computational artifact result-
ing from the fact that we had only 12 African American
faces; when the computation is restricted to a randomly-
chosen set of 12 Caucasian faces the mean is quite
similar (3.12). This provides the first clear empirical
evidence that the density-based explanation proposed to
account for cross-racial identification and classification
also appears in the similarity-based face space represen-
tation.

There are several interpretational issues with the
previous dataset that should be discussed. First, because
the study did not set out to investigate other-race is-
sues, we did not attempt to recruit African American
observers. This would have allowed us to demonstrate
whether Caucasian faces are more densely distributed for
these observers. In addition, the number of African
American and Caucasian faces should have been
equated, although for our present purposes we wished to
keep the percentages about equal to that in the general
population to avoid attentional effects. Equal numbers
of Caucasian and African American faces would have
reduced problems associated with the fact that African
American faces appeared relatively rarely during the
similarity ratings experiment, which may have made
observers treat these faces differently. Of course, this is
exactly what may happen in the real world when an
observer encounters a relatively rarely-seen other-race
face.

Despite these difficulties, the preceding analysis
demonstrates that the density-based explanation pro-
posed by Valentine and Endo (1992) is essentially cor-
rect, and validates the face-space approach. This opens
the way for quantitative models based on empirical face
space representations, in which identification and classi-
fication performance can be predicted for each face in
the set.  

Applications of Face-Space Modeling
The successes of the current quantitative modeling

provide direction for future work. Much of the face-
recognition literature revolves around three central
themes: how are faces represented in memory (i.e. as
exemplars or relative to a central prototype), what
mechanisms determine how faces are retrieved from
memory (familiarity and memorability (Vokey & Read
1992) or just memorability (Valentine, 1991a,b)), and
how the structure of the face-space can affect the storage
and recognition process. This third theme has been dis-
cussed in a number of domains, including applications
to the cross-racial identification data, in which members
of another race are represented in a separate cluster in
MDS space, where the individual exemplars are grouped
together more tightly, making individual identifications
more difficult (Chiroro & Valentine, 1995).

The models applied to the forced-choice recognition
data in this chapter allow a number of conclusions
about these themes. First, we find much more support
for an exemplar-based representation than a central-
prototype representation, although in some instances it
appears that prototypes are necessary to account for

very typical faces. It is important to point out that an
exemplar-based model that had a different formulation
of typicality or a different sampling mechanism might
account for the similar morphs without assuming pro-
totypes. The current modeling merely demonstrates the
failures of existing exemplar-based models. The fact
that we find a poor fit from the global prototype model
suggests that the norm-based coding model is not a
reasonable model to account for recognition data, al-
though it may be useful for other types of comparisons
where a rating is made on a face relative to some stan-
dard (i.e. he is attractive for his age). In general, dis-
criminating between exemplar-based and prototype-
based models is difficult without a representation of the
scaling space as input to a quantitative model.

The SimSample model demonstrates how a sam-
pling process in conjunction with a similarity-based
decision mechanism could incorporate mechanisms that
account for both a familiarity-based recognition mecha-
nism and a recall-based mechanism. The sampling
process that depends upon the similarity structure of the
faces in memory tends to favor distinctive items, which
corresponds to the memorability component of Vokey
and Read (1992). The tendency of typical items to lie
near one another and be mis-sampled during the sam-
pling process will increase both the hit and false alarm
rate for typical items, which previously was associated
with a separate familiarity-based mechanism. Evidence
in favor of the SimSample model comes from the pre-
vious work done on the various components of the
model. There is strong evidence in favor of the expo-
nential similarity gradient, as well as a great deal of
work on the Luce Choice Rule. The sampling process
comes directly from the SAM model (Gillund and Shif-
frin, 1984). Thus the assumptions that underlie Sim-
Sample have a history of successfully accounting for
recognition and recall data with words.

While the SimSample model could account for
both the effects of distinctiveness and typicality, it
failed to account for the effects of very typical faces, as
demonstrated by its inability to account for the behav-
ior of the similar morphs. Fixing this problem might
require one of several possibilities. One is the proto-
type fix described above. The second possibility is an
alternative mechanism that provides a better account of
the most typical faces, perhaps by adopting a different
sampling or response mechanism. Third, there might
be a second familiarity-based mechanism at work, in
addition to the current model. This possibility was in-
vestigated by adding Nosofsky’s Generalized Context
Model (GCM, Nosofsky, 1986) to the SimSample
process, which effectively increased the probability of
choosing very typical faces. The addition of this ex-
plicit familiarity component to the SimSample model
did not improve the fit, nor did it place the similar
morphs above the similar parents.

A final possibility is the there is something
strange about the morphs that tend to make them seem
familiar. This quantity would have to be outside the
domain of the dimensions recovered by the similarity
ratings experiment. For example, morphs appear
smoother and younger than their parent faces, that this
may have attracted responses in the forced-choice task.
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This raises the larger issue of the limits of the
geometric model. Levin (1996) points out that in cross-
racial classification, the dimensional information used
is different from that used to make cross-racial identifi-
cations. One might resort to shifting attention along
different dimensions, as the modeling in this chapter
has adopted, but this will work only if the recovered
dimensions from the MDS solution correspond to the
dimensions that are used in recognition or classifica-
tion. Alternatively, a subspace model might be adopted,
that defines in advance which dimensions are relevant
for a particular task.

The geometric space representing similarity rela-
tions between faces can be obtained by measures other
than similarity ratings. For example, the reaction time
to call two faces 'different' in a same/different may be
used as input to the MDS algorithm, under the assump-
tion that similar faces require more time to note differ-
ences. Another approach is to construct an input space
on the basis of physical features, as described by

Steyvers and Busey (this volume). These input spaces
may highlight different aspects of faces, such that a
similarity rating task may highlight similarities (and
perhaps rely on lower spatial frequencies) while a reac-
tion time task may highlight differences (see Uttal, this
volume).

The limitations of geometric spaces should not be
seen as disconfirmation of what I believe is a very
promising approach. The MDS approach allows predic-
tions for individual stimuli, which in turn provides
evidence for the role of the similarity structure of faces.
This structure can then be used to ask questions about
the retrieval mechanisms that enable recognition. There
are important links that can be made between a large
literature involving geometric models and an equally
large literature involving global memory models. Faces
seem to be an elegant and important stimulus that can
be used to bridge both literatures.
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Tables

Table 1. Parameter values for all fits. The obtained F-values compare the model with the original SimSample
model. # p represents the number of parameters, RMSE is the root-mean-squared error that has been corrected
by subtracting the number of parameters (p) from the number of datapoints (n) in the denominator:

n p−
.

GCMID # p c W1 W2 W3 W4 W5 W6 θ β ζ RMSE F-Value Crit. F

9 2.301 0.13 0.07 0.02 0.45 0.21 0.12 48.88 10000 1.603 0.120  ---

SimSample # p c crit W1 W2 W3 W4 W5 W6 C.Var ζ
9 3.478 0.01 0.08 0.10 0.13 0.59 0.08 0.07 0.192 6.900 0.112  ---

SimSample-
Gaussian Noise # p c crit W1 W2 W3 W4 W5 W6 C.Var ζ

9 2.061 0.59 0.04 0.03 0.11 0.19 0.04 0.02 0.206 6.333 0.108  ---

SimSample-
Clustering # p c crit W1 W2 W3 W4 W5 W6 C.Var ζ

11 4.000 0.12 0.08 0.08 0.35 0.33 0.04 0.05 0.000 2.122 0.107 5.06 * 3.10

SimSample-Global
Prototype # p c crit W1 W2 W3 W4 W5 W6 C.Var ζ

17 4.037 0.26 0.14 0.05 0.15 0.33 0.07 0.00 0.000 2.170 0.111 1.21 (NS) 2.12

gpd1 gpd2 gpd3 gpd4 gpd5 gpd6 GPWeight

-0.46 -0.93 0.92 0.27 -0.48 -1.26 0.32

SimSample- Pro-
portional Proto-

types
# p c crit W1 W2 W3 W4 W5 W6 C.Var ζ

10 4.346 0.05 0.15 0.17 0.00 0.38 0.25 0.65 0.548 4.358 0.097 31.10 * 3.95

SimSample- Raw
Similarity Ratings # p a b crit C.Var ζ

5 4.0 31.1 .0005 0.040 3.18 0.1171
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Condition Forced-Choice
Data

SimSample
Model Fit

SimSample +
Gaussian
Similarities

SimSample +
Clustering

SimSample +
Global Proto-
type

SimSample +
Proportional
Prototypes Fit

Targets 0.754 0.750 0.751 0.744 0.749 0.767

Distracters 0.251 0.273 0.273 0.276 0.274 0.264

Similar
Morphs

0 . 5 3 9 0 . 4 5 7 0 . 4 8 9 0 . 4 7 2 0 . 4 6 9 0 . 5 3 3

Similar
Parents

0 . 4 7 0 0 . 5 4 2 0 . 5 0 8 0 . 5 2 9 0 . 5 2 9 0 . 4 6 8

Dissimilar
Morphs

0.345 0.361 0.364 0.342 0.349 0.353

Dissimilar
Parents

0.655 0.641 0.637 0.659 0.651 0.650

Table 2. Mean probability of choosing data for the 6 experimental conditions, along with the fits for the

various models. Only the Proportional Prototypes model can account  for the reversal between Similar Morphs

and Parents (Bold numbers).
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Figure 1. Hypothetical 'Face-Space' derived from MDS procedures applied to similarity ratings on all pairs of
faces. Each face is represented as a point in this space, and values such as distance can be computed directly from
this representation.
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Figure 2. Fit of GCM-Identification model.
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Distinctive Target: 
Likely to Sample Self

D
i

m
e
n
s
i
o
n
 
2 

(Race)

di,j

j

i

Dimension 1 (e.g. Age)

Distinctive Distracter:
No memory trace nearby to sample
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Dimension 1 (e.g. Age)

Typical Distracter (e.g. Morph):
Although the morph can’t 
sample itself in memory (it 
wasn’t presented), it can still 
sample nearby items and may 
find a match that is close 
enough to generate a false 
alarm.
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produce a false 
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Figure 3. Predictions of the SimSample model to Distinctive Targets, Distinctive Distracters, and Typical
Distracters (morphs). Upper Left: A distinctive target is very likely to sample itself and thus has a high hit rate.
Upper Right: A distinctive distracter cannot sample itself and may not have any nearby faces that could produce a
false alarm if sampled. Bottom Panel: A very typical distracter may produce a false alarm if a nearby item is sam-
pled by mistake and is within the criterion for responding old. Typical target faces will have a high hit rate if ei-
ther the face samples itself or samples a nearby target that lies inside the criterion. For forced-choice data, the
more likely an observer is to say old to a face, the more likely they will choose it in a forced-chocie task, all other
factors being equal.
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Figure 4. Fit of SimSample model.
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Figure 5. Fit of Proportional Prototypes version of the
SimSample model. This model places the Similar Morphs
to the right of the Similar Parents, which previous models
could not do.
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Figure 6. Hypothetical MDS space in which the magnitude of the similarity ratings are shown as black lines.
Context effects are represented as lines that are deliberately shorter than the distance between the morph and its
parents. The MDS program might try to move the morph upward to account for these raw similarity ratings that
are poorly fit, but the other constraints provided by the similarity ratings to the other 97 faces (3 are shown) pre-
vents the morph from shifting.
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Figure 7. Raw similarity values (converted to z-scores) compared with the computed MDS distance for all
pairs of faces. In general the fit is quite good, but the morph/parent pairs (large squares) are systematically shifted
below the rest of the points. This is consistent with context-specific effects (see text).
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Figure 8. Hypothetical face-space proposed by Valentine and Endo (1992) to account for other-race effects.
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Figure 9. Empirical face space obtained from a scaling solution derived from simliarity ratings.


