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Abstract

We compare the ability of three exemplar-based memory models, each
using three different face stimulus representations, to account for the
probability a human subject responded “old” in an old/new facial mem-
ory experiment. The models are 1) the Generalized Context Model, 2)
SimSample, a probabilistic sampling model, and 3) DBM, a novel model
related to kernel density estimation that explicitly encodes stimulus dis
tinctiveness. The representations are 1) positions of stimuli in Max®
space,” 2) projections of test faces onto the eigenfaces of the study set,
and 3) arepresentation based on response to a grid of Gabor filter jets. Of
the 9 model/representation combinations, only the distinctivenedsimo

in MDS space predicts the observed “morph familiarity inversion” effect,
in which the subjects’ false alarm rate for morphs between similar faces
is higher than their hit rate for many of the studied faces. This evidence
is consistent with the hypothesis that human memory for faces is a ker-
nel density estimation task, with the caveat that distinctive faces require
larger kernels than do typical faces.

1 Background

Studying the errors subjects make during face recognition memory aéd&®ur under-
standing of the mechanisms and representations underlying memory, é@essing, and
visual perception. One way of evoking such errors is by testing subjectsgnition of
new faces created from studied faces that have been combined in some way (e.gn8ols
McCarthy, 1981; Reinitz, Lammers, and Cochran 1992). Busey and Tuhsclbmit-
ted) have recently examined the extent to which image-quality morph&betunfamiliar
faces affect subjects’ tendency to make recognition errors.

Their experiments used facial images of bald males and morphs between these(seages



Figure 1) as stimuli. In one study, Busey (in press) had subjeashatsimilarity of all
pairs in a large set of faces and morphs, then performed a multidimensaatialg (MDS)
of these similarity ratings to derive a 6-dimensional “face space” (Valerdnd Endo,
1992). In another study, “Experiment 3" (Busey and Tunnicliff, sitted), 179 subjects
studied 68 facial images, includingsimilar pairs and &lissimilar pairs, as determined
in a pilot study. These pairs were included in order to study how hwbgtween similar
faces and dissimilar faces evoke false alarms. We call the pair of images frah ah
morph are derived its “parents,” and the morph itself as their “child."hinéxperiment’s
test phase, the subjects were asked to make new/old judgments in resp@eé the
16 morphs, 20 completely new distractor faces, the 36 non-parent targetsarof the
parents of each of the 8 morphs. The results were extremely interestingrahy of the
morph/parent pairs, subjects responded “old” to the unstudied moopé aften than to its
studied parent. However, this effectrf@rph familiarity inversion) only occurred for the
morphs withsimilar parents. It seems that the similar parents are so similar to their “child”
morphs that they both contribute toward an “old” (false alarm) resptmthe morph.

Many of the models researchers have proposed to account for data frowitarglnory
experiments fall into one of three gross categories based on the extehiich memo-
ries of the individual studied exemplars are distirtekemplar-based models, such as the
Generalized Context Model (Nosofsky, 1986) and SAM (Gillund andft®nifLl984), rely
on the assumption that subjects explicitly store representations obé#ud stimuli they
study. Superpositional models such as CHARM (Metcalfe Eich, 1982) posit that exem-
plar representations are blended into a composite memory thdaeifold-based models
such as autoassociation (Metcalfe, Cottrell, and Mencl, 1992) and principglorants
analysis (Hancock, Burton, and Bruce, 1996) attempt to construct a mafpandpw-
dimensional surface roughly containing the studied exemplars. Barsgyunnicliff ap-
plied several exemplar-based models to the Experiment 3 data, and we hiied ap@-
riety of manifold-based models to the problem (Dailey, Cottrell, andey, in press), but
none of these models have been able to fully account for the observéarsimoirph famil-
iarity inversion without positing that the similar parents are &xty blended in memory,
producing prototypes near the morphs.

We extend Busey and Tunnicliff's (submitted) work by applying tefotheir exemplar
models to additional image-based face stimulus representations, and pas@rm novel
exemplar model that accounts for the similar morphs’ familiarity ineersThe results are
consistent with the hypothesis that facial memory is a kernel densitpatsin (Bishop,

1995) task, except thalstinctive exemplars require larger kernels. Also, on the basis of
our model, we predict that distinctivenasih respect to the study set is the critical factor

influencing kernel size, as opposed to a context-free notion of distemeiss. We can
easily test this prediction empirically.

2 Experimental Methods
2.1 Face Stimuli and Normalization

The original images were 104 digitized 560x662 grayscale images of baldwitarcon-
sistent lighting and background and fairly consistent position. Sthgects varied in race
and extent of facial hair. We automatically located the left and right eyes onaeehs$ing

a simple template correlation technique then translated, rotated, scalecbapédeach
image so the eyes were aligned in each imag¥ée then scaled each image to 114x143 to
speed up image processing. Figure 1 shows three examples of the zedmabrphs (the

1The images were scaled by the same amount vertically anddmbaily, so the mouth position
was allowed to vary, maintaining the ratio between faciaghteand width, since Busey’s study
(in press) showed that aspect ratio was a significant diraerai variation in the human similarity
ratings.



Figure 1: Three normalized morphs from the database.

original images are copyrighted and cannot be published).

2.2 Representations

Positions in multidimensional face space Many researchers have used a multidimen-
sional scaling approach to model various phenomena in face processingglerging and
Endo, 1992). Busey (in press) had 343 subjects rate the simildnigics of faces in the
test set and performed a multidimensional scaling on the similarityixrfatr 100 of the
faces (four non-parent target faces were dropped from this analysis). dtesprresulted

in a 6-dimensional solution with?> = 0.785 and a stress of 0.13. In the MDS modeling
results described below, we used the 6-dimensional vector associated witlitiradhs as

its representation.

Principal component (eigenface) projections “Eigenfaces,” or the eigenvectors of the
covariance matrix for a set of face images, are a common basis for face represarftad.
Turk and Pentland, 1991). We performed a principal components analyie &8 face
images used in the study set for Busey and Tunnicliff's experimergtohg 67 non-zero
eigenvectors of their covariance matrix. We then projected each of the 104 tesages
ontozthe 30 most significant eigenfaces to obtain a 30-dimensional veptasenting each
face:

Gabor filter responses von der Malsburg and colleagues have made effective use of
banks of Gabor filters at various orientations and spatial frequencies irefzmgrition sys-
tems. We used one form of their wavelet (Buhmann, Lades, and von der W#l$990) at

five scales and 8 orientations in an 8x8 square grid over each normalized faceaisrthge
basis for a third face stimulus representation. However, since thisseptation resulted

in a 2560-dimensional vector for each face stimulus, we performed apairemponents
analysis to reduce the dimensionality to 30, keeping this represersatiorensionality the
same as the eigenface representation’s. Thus we obtained a 30-dimenszoabased

on Gabor filter responses to represent each test set face image.

2.3 Models

The Generalized Context Model (GCM) There are several different flavors to the GCM.
We only consider a simple sum-similarity form that will lead dire¢tiyur distinctiveness-
modulated density estimation model. Our version of GCM's predictettR(given a
representatios of a test stimulus, is

predy = a+ 3 Z e cldxy)?
xeX
wherea andg linearly convert the probe’s summed similarity to a probabiyis the set
of representations of the study set stimulis used to widen or narrow the width of the
similarity function, anddy  is either||x — y||, the Euclidean distance betweerandy

or the weighted Euclidean distangézk wi(zx — yir)? where the “attentional weights”
wy, are constants that sum to 1. Intuitively, this model simply places aszaushaped

2\We used 30 eigenfaces because with this number, our thesir&tistinctiveness” measure was
best correlated with the same measure in MDS space.



function over each of the studied exemplars, and the predicted familiddtyest probe is
simply the summed height of each of these surfaces at the probe’s location.

Recall that two of our representations, PC projection space and Gabor fites,spre
30-dimensional, whereas the other, MDS, is only 6-dimensional. @ahowing adaptive
weights for the MDS representation is reasonable, since the resultidglmoly uses 8
parameters to fit 100 points, but it is clearly unreasonable to allow agapéights in PC
and Gabor space, where the resulting models would be fitting 32 paraneet®@ points.
For this reason, we report results in MDS space both with and with@agtae weights,
but do not report adaptive weight results for models in PC and Gabor space.

SimSample Busey and Tunnicliff (submitted) invented SimSample in an attempgrto r
edy the GCM’s poor predictions of the human data. It is related to botM G that it
uses representations in MDS space, and SAM (Gillund and Shiffrin, 188#)at it in-
volves sampling exemplars. The idea behind the model is that when ecsidoghown

a test stimulus, instead of a summed comparison to all of the exemplaremory, the
test probe probabilistically samplesiagle exemplar in memory, and the subject responds
“old” if the probe’s similarity to the exemplar is above a noisy citdar The model has

a similarity scaling parameter and two parameters describing the noishdtaddanction.
Due to space limitations, we cannot provide the details of the model her

Busey and Tunnicliff were able to fit the human data within the Sim3armpmework,
but only when they introduced prototypes at the locations of the hadrpMDS space and
made the probability of sampling the prototype proportionahtogimilarity of the parents.
Here, however, we only compare with the basic version that does not &kemaplars.

As with the GCM, the SimSample model allows a weighted Euclidean distdout for the
same reason discussed earlier, we only report adapted weight results D®iaspace
representation.

The Distinctive Blob Model (DBM) In this model, we assume that subjects, at study
time, implicitly create a probability density surface correspondintipéotraining set. The
surface must be robust in the face of the variability or noise typi@itountered in face
recognition (lighting changes, perspective changes, etc.) yet also pravide level of
discrimination support (i.e. even when the intervals of possibleesgmtations for a single
face could overlap due to noise, some rational decision boundary mse stonstructed).

If we assume a Gaussian mixture model, in which the density surfacglisrom Gaus-
sian “blobs” centered on each studied exemplar, the task is a form of kernéldestigna-
tion (Bishop, 1995).

We can formulate the task of predicting the human subjects’ P(old)srfirimework, then,
as optimizing the priors and widths of the kernel functions to minénthe mean squared
error of the prediction. However, we also want to minimize the numbfree parameters
in the model — parsimonious methods for setting the priors and kéunetion widths
potentially lead to more useful insights into the principles undeglyhe human data. If
the priors and widths were held constant, we would have a simplpanameter model:

x— 2
predy = Z ae” =
xeX
wherea folds together the uniform prior and normalization constants,arglthe stan-
dard deviation of the Gaussian kernels. If we ignore the constanig\Ven, this model
is essentially the same as the version of the GCM described above. Asulhe sestion
will show, this model cannot fully account for the human familiarityadat any of our
representational spaces.

To improve the model, we introduce two parameters to allow the pkiemgl function
height) and standard deviation (kernel function width) to vary wigtdiktinctiveness of the
studied exemplar. This modification has two intuitive motivatidfisst, when humans are



| Model | MDS space | MDS +weights| PC projections|  Gabor jets ]

GCM 0.1633/0.3733 0.1417/0.5278 0.1745/0.2724 0.1624/0.3807
SimSample|| 0.1521/0.4564 0.1404/0.5373 0.1756/0.2619 0.1704/0.3176
DBM 0.1601/0.4150 0.1528/0.4639 0.1992/0.2093 0.1668/0.3832

Table 1: RMSE#? for the three models and three representations. Quality of fit for models
with adaptive attentional weights are only reported for the low-dinoeas representation
(“MDS + weights”). The baseline RMSE, achievable with a constant predicis 0.2044.

asked which of two parent faces a 50% morph is most similar to, if one pargistinctive
and the other parent is typical, subjects tend to choose the more dipatent (Tanaka et
al., submitted). Second, we hypothesize that when a human is askedytastluicemember
a set of faces for a recognition test, faces with few neighbors will likalelmore relaxed
(wider) discrimination boundaries than faces with many nearby neighbors.

Thus in each representation space, for each studieckfage computed(x), the theoret-
ical distinctiveness of each face, as the Z-scored average distance to the fivestedied
faces. We then allowed the height and width of each kernel function to varyi{with
B Ea
predy = Z a(l + cpd(x))e 20e0+eadx)?
xeX

As was the case for GCM and SimSample, we report the results of usinggateeiEu-
clidean distance betwegnandx in MDS space only.

2.4 Parameter fitting and model evaluation

For each of the nine combinations of models with face representationgarehed pa-
rameter space by simple hill climbing for the parameter settings thatmizied the mean
squared error between the model’s predicted P(old) and the actual humandagald

We rate each model’s effectiveness with two criteria. First, we measure ttielshglobal

fit with RMSE orr2 over all test set points. A model's RMSE can be compared to the
baseline performance of the “dumbest” model, which simply predicts th@nmuman
P(old) of 0.5395, and achieves an RMSE of 0.2044. Second, we evalgagxtémt to
which a model predicts the mean human response for each of the six catefte®tsset
stimuli: 1) non-parent targets, 2) non-morph distractors, 3)lamparents, 4) dissimilar
parents, 5) similar morphs, and 6) dissimilar morphs. If a mode&ctlyr predicts the rank
ordering of these category means, it obviously accounts for the simigph familiarity
inversion pattern in the human data.

3 Results

Table 1 shows the global fit of each model/representation pair. The Sini&amogdel in

MDS space provides the best quantitative fit. GCM generally outperfoBhé, indicating

that for a tight quantitative fit, having parameters for a linear transftion built into the
model is more important than allowing the kernel function to vary wdigtinctiveness.
Also of note is that the PC projection representation is consisteatfyesformed by both
the Gabor jet representation and the MDS space representation.

But for our purposes, the degree to which a model predicts the mean haspamses for
each of the six categories of stimuli is more important, given thatdbiag a reasonably
good job globally. Figure 2 takes a more detailed look at how well each npoeldicts the
human category means. Even though SimSample in MDS space has the balditgtothe
human familiarity ratings, it does not predict the familiarity inversfor similar morphs.
Only the distinctive blob models in MDS space correctly predict thepmdamiliarity
effect. All of the other models underpredict the human responses talilarsinorphs.
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Figure 2: Average actual/predicted responses to the faces in each categoryDKey:
Dissimilar parents; SM = Similar morphs; T = Non-parent targets; SH#& parents;
DM = Dissimilar morphs; D = Distractors.

4 Discussion

The results for the distinctive blob model are consistent with tyygothesis that facial
memory is a kernel density estimation task, with the caveat that disenexemplars re-
quire larger kernels. Whereas true density estimation would tend to desimploutliers
in sparse areas of the face space, the human data show that the priors anéuketicel
widths for outliers should actually be increased.

Since a theoretical distinctiveness measure based on the sparseness of faasipalcan
exemplar was sufficient to account for the similar morphs’ familiaritension, we predict
that distinctiveness with respect to the study set is the critical fadlaeimcing kernel size,
rather than context-free human distinctiveness judgments. We can easifysgsediction
by having subjects rate the distinctiveness of the stimuli withpoigr exposure and then
determine whether their distinctiveness ratings improve or degradadidel’s fit.

The most disturbing (though not particularly surprising) aspéaun results is that the
model requires a representation based on human similarity judgmentdy,ldesaivould

prefer to provide an information-processing account using image-basedeapations like
eigenface projections or Gabor filter responses. Interestingly, the effidabg image-
based representations seems to depend on how similar they are to the MBSnéar



tions. The PC projection representation performed the worst, arahdes between pairs
of PC representations had a correlation of 0.388 with the distances betaiegofiMDS
representations. For the Gabor filter representation, which performed,lib# correla-
tion is 0.517. In future work, we plan to investigate how the M@Bresentation (or a
representation like it) might be derived directly from the face images.

Besides providing an information-processing account of the human tate,dre several
exciting avenues for future research. These include empirical testing digtinctiveness
predictions, evaluating the applicability of the distinctiveness ehoddomains other than
face processing, and evaluating the ability of other modeling paradigatscbunt for this
data.
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