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ful choice of parameters, this approach is in-
sensitive to scale variations. A disadvantage,
however, results from the amount of calcula-
tion required to detect the features.

While the deformable template approach
seems promising, a good deal more data will
be required to flesh out the limits of this ap-
proach. For example, a parametric exploration
of the accuracy of the model to match faces as
a function of the degree of pose change would
be useful, as would an analysis of the accuracy
of the matching with variations in the homo-
geneity of the stimulus set.

7. SUMMARY

We have provided a review of the recent at-
tempts to model face processing using a sta-
tistical and/or a connectionist framework in
conjunction with an image-based coding of the
faces. These models use a distributed rather
than a localized way of representing the faces.
With this type of storage, faces share the same
“storage space”, and hence, representations
of similar faces can interfere with each other.
Therefore, the performance of the models is
sensitive to the composition (or statistical stru-
cture) of the set of faces on which they are
trained. We have shown that a common char-
acteristic of these models is that they imple-
ment, explicitly or implicitly, a principal com-
ponent analysis of the cross-product matrix
of the set of faces on which they are trained.
They represent faces as a weighted combina-
tion of “macrofeatures” (eigenvectors, eigen-
faces, eigenpictures, or “holons”, depending
on the authors) derived from the statistical
structure of a set of learned faces. When visu-
ally displayed, these “macrofeatures” span the
entire face and appear face like. They provide
enough information to categorize, recognize,
and identify faces.

Clearly, although these models do not in-
tend to solve the general problem of face pro-
cessing, they do provide a practical solution
to the tasks of face recognition and catego-
rization, as well as an interesting tool for an-
alyzing and quantifying information in faces.
However, some problems such as the effect of

change in size, orientation, background, and
to a lesser degree lighting conditions, have not
been completely resolved to date and merit
further investigation.
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views for a particular face. While it is possible
to imagine that several views of a person could
be learned by an autoassociative memory (7,
to classify persons rather than views would
probably require a nonlinear mapping mecha-
nism such as the hyperBF network originally
proposed by Poggio and Edelman (53,54) for
the recognition of three-dimensional objects
and faces.

6. OTHER APPROACHES

At this point it is necessary to digress briefly
to describe another type of connectionist model
that is aimed at classifying “people” from im-
ages taken from different view points.(>*°7)
As we shall see, these models do not fit eas-
ily into our connectionist model classification
scheme since, in two senses, they are not clas-
sically “parallel distributed processing mod-
els”. First, while the kinds of face represen-
tations they used can be computed in paral-
lel, the storage of individual faces is “local-
ized” rather than “distributed”. “Templates”
or “models” of individual faces are stored in
discrete locations in the memory, rather than
by the shared activities of a single set of units.
Further, identification of a given face is achiev-
ed via a serial search through all of the stored
models, using a kind of template matching
scheme.

In two other senses, however, these mod-
els are very much in the spirit of “connection-
ist” models. First, the face representations are
based on feature detectors that are strongly
inspired by the properties of neurons in pri-
mary visual cortex. Second, the representa-
tions of the faces to be matched are allowed
to “deform” in an elastic manner to better fit
the stored templates. This is done by assess-
ing a cost in the goodness of fit as a function
of the degree to which distortion is required to
achieve a match. This “deformable template”
approach ®®°7) appears very promising for
solving some matching problems when the in-
put face images do not match the stored tem-
plates due to small changes in view or scale.

Buhmann et al. ®*°7 ysed such an ap-
proach with holistic face templates. A grid is

superimposed over an example face, and Ga-
bor jets (a set of coefficients of Gabor filters of
various orientations, resolutions and frequen-
cies) are extracted at each grid point. This is
an unsupervised technique for extracting fea-
tures from the data. The features are holistic
at the level of Gabor jets because nearly the
whole face can be regenerated from one Gabor
jet. When a new view of a face (or a new face)
is presented as input, the grid is deformed
using an energy minimization approach un-
til the best match is found. This results in
the ability of the system to deal with orien-
tation changes by producing the best match
with the deformed template. Further, only
one “training example” is necessary for each
stored person. The disadvantage of this type
of approach is that the system must poten-
tially check the match to every stored tem-
plate (corresponding to the number of known
faces). However, it is likely that efficient data
structures could be designed to store similar
faces together and hence reduce the number
of matches. Recent work by Lades et al.®™),
using a gallery of 87 persons, indicates an 85%
correct matching (averaged across 3 different
criteria) when the face presented as memory
key was rotated by 15 degrees.

A related approach has been applied by
Yuille®®®) to the problem of feature extrac-
tion. He constructed analytic templates of
face features and parameterized them. The
parameters were then used to define a Lya-
punov function which was minimized when a
match was found. In brief, a gradient descent
algorithm is applied to the parameters of the
templates to detect the features. By ordering
the weights of the parameters in the successive
minimizations, a nice sequential behavior re-
sults in which the eye is first located, then the
template oriented, and finally a fine match-
ing of features is performed. This approach is
subject to local minima in the Lyapunov func-
tion, but a more sophisticated matching strat-
egy avoids this problem(®®). Robust matching
methods may be used®?) to give some ability
to deal with occlusion®®. An advantage of
using this type of method is that with a care-
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like hidden unit receptive fields. The second
one,®*) resulting from low learning rates, is
basically linear. It is equivalent to a prin-
cipal component analysis representation with
the exception that the principal components
are distributed across each hidden unit (i.e.,
the weight matrix is obtained as a rotation
of the principal components). The third rep-
resentation, (4%) using 3 or more hidden lay-
ers, finds a parameterization of the underlying
“face manifold” in appearance space. More
work on this sort of representation is needed
with larger data sets in order to determine the
dimensionality and usefulness of models with
several hidden layers.

5. COMPARISON BETWEEN LINEAR AU-
TOASSOCIATOR AND BACKPROPAGATION
NETWORKS

The first point of difference between the prin-
cipal component and the backpropagation ap-
proaches is that the former involves simple lin-
ear units whereas the latter assumes the pres-
ence of nonlinear hidden units. However, this
difference appears to be more theoretical than
practical (at least when a single hidden layer is
involved). As we have already noted, an anal-
ysis of the backpropagation network activity
during learning showed that the hidden unit
outputs tend to stay within the linear range
of the logistic function.(?%234%) This suggests
that the problem at hand is basically a linear
problem, thus making the nonlinear function
of the hidden units unnecessary. *7) Further,
the backpropagation algorithm is known to be
very slow. In terms of gradient descent, this
is due to the fact that although the landscape
of error has a single global minimun' it also
has many plateaux.(*”) Therefore, it might be
more practical simply to compute the princi-
pal components directly rather than to use a
backpropagation network to derive an approx-
imately equivalent solution.

A second difference between the models

Tbecause the function to be minimized (i.e., the
sum of squares of error) is a quadratic function it
has a single minimum.

presented in this review concerns the type of
error they try to minimize when adjusting the
weights in the weight matrix. In many ways,
this is related both to the task for which they
have been designed and to some extent, the
motivations of the researchers who have de-
signed them. Researchers who have approa-
ched these problems from a purely computa-
tional point of view have been interested in
having a model produce a “correct” classifica-
tion response. For this reason, the final out-
put of these models is a response where the
activity of single units in the output layer indi-
cate things like “male” or “toto” or “smiling”.
These networks, therefore, minimize the error
of the response associated with a particular
face. One advantage of these models is that
they directly solve a particular or small sets
of classification problem(s). Less positively,
however, by training the model to produce a
single or small set of classifications, it then
becomes a very special purpose device.

By contrast to the previous models, sim-
pler autoassociative or PCA models, by them-
selves, do not produce explicit responses to
practical face classification tasks. They are
trained only to minimize the least squares er-
ror between the original faces and the faces
reconstructed by the memory. These mod-
els have been very useful, primarily as tools
for the quantification of the highly complex
information in sets of faces. They preserve
and make use of information that is useful
for most face processing tasks that rely on
visually-based information. These tasks in-
clude recognition and classification into some
visually derived semantic categories, such as
sex and race. What is less clear is the ability
of these models to solve some higher level clas-
sifications such as the classification by “per-
son” from multiple views (e.g., profile, 3/4,
full-face). This is certainly a nonlinear, clas-
sification task in that any given pair of “pro-
filed” faces will be more similar to each other
than will any given pair of radically different
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Fig. 14. —

Three of the 160 face images used by DeMers and Cottrell*) q) after

reduction to the first 50 principal components (top panel) b) after reconstruction from a five

dimensional encoding (bottom panel).

tion layer of 20 units, and a 30-unit decoding
layer (cf. Figure 13). First, the network was
trained using backpropagation to auto-encode
the inputs. Then, dimensionality reduction
was performed to reduce the number of units
of the representation hidden layer. This was
achieved by using a “greedy” algorithm which
selects, in the initial representation layer, the
hidden unit with the lowest variance across
its outputs over the training set. A penalty
term is then applied to the cost function for
that unit so as to minimize its variance until
the unit can be completely eliminated. The
unit with the next smallest variance is then
selected and its variance minimized. The pro-
cess is repeated until the variance of the se-
lected unit cannot be reduced further while
maintaining low error. During this process,
the output weight vector of these units must
be kept to a fixed maximum size to prevent
the learning algorithm from expanding them
to compensate for the reduced variance.

The NLDR network was able to find a 5D
representation of the face images. While the
individual dimensions found by this method
are difficult to characterize, all the represen-

tations within the convex hull of the region
in the 5D space where the training data lie
appear face-like when projected through the
decoding layers. As an illustration, Figure 14
shows 3 face images reconstructed using the
first 50 principal components (training input)
of a covariance matrix created from 160 face
images and the same images after reconstruc-
tion from a five dimensional encoding (NLDR
network ).

To show that the representation found by
the NLDR network fared well in characterizing
the faces, DeMers and Cottrell*® trained a
feed-forward network to classify the 5D face
representations according to identity and gen-
der. They used a randomly-chosen subset of 6
of the 8 face images of each subject as train-
ing set. The remaining 40 faces were used as
testing set. The network was able to correctly
identify and to determine the gender of 95%
of the testing set.

In summary, three kinds of representa-
tions have been found by compression (or au-
to-encoding) neural networks. The first one,
(22) resulting from high learning rates, is ba-
sically binary and is characterized by face-
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Fi1G. 13. — Architecture of the NLDR network used by DeMers and Cottrell.(49)

in a new set of 40-dimensional vectors, which
could be displayed by running them through
the decompression half of the network. The fi-
nal images were normalized for brightness and
variance in the same way as the training set.
The images obtained with the first 6 eigenvec-
tors are displayed in Figure 12.

The compression networks previously de-
scribed used only one layer of weights between
the input and the representation layer (the
single hidden layer of dimension L). Accord-
ing to DeMers and Cottrell*®) | with this type
of architecture, only linear or linearly sepa-
rable representations can be found. Hence,
a compression network with a single hidden
layer would be equivalent to PCA (i.e., to a lin-
ear representation of the data). Linear repre-
sentations can overestimate the number of ac-
tual dimensions (or, for our purposes, macro-
features) in the data. For example, suppose we
were trying to find the principal components
of a helix in 3D, PCA would find 3 significant

'50 was chosen as criterion because it was at the
50" eigenvector that the eigenvalues began to flat-
ten out.

components in spite of the fact that a spiral
is clearly a 1D object. Having more than one
hidden layer between the input and the out-
put layers of a compression network, allows
the network to learn a nonlinearly separable
representation.(°°-3%) With additional hidden
units, compression networks can find a 1D en-
coding of the helix.(*®) More generally, they
can perform a nonlinear analogue to PCA, and
extract “principal manifolds”. DeMers and
Cottrell () referred to this technique as “non-
linear dimensionality reduction” (NLDR).

DeMers and Cottrell (**) used this app-
roach to encode the faces previously used by
Cottrell and Metcalfe**). The face images
were preprocessed using PCA. The projections
of each face onto the first 50 principal compo-
nents! were then used as training data for a
NLDR network. The architecture of the NLDR
network consisted of one input layer, one out-
put layer and three hidden layers made of a
30-unit encoding layer, an initial representa-
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Fi1Gg. 12. — Six “holons” obtained by Cottrell and Metcalfe.(2%)

ferred to by the authors as “holons” (cf. Fig-
ure 11).

Cottrell and Metcalfe®>*) applied a simi-
lar network with limited success to the catego-
rization of faces according to their sex, iden-
tity, and expression. The face images of 20
people taken with 8 different expressions were
used, making a total of K = 160 stimuli. These
images were first compressed using a 3 layer
network (4096 x 40 x 4096). The representa-
tion formed in the hidden units was then used
as input to a 2 layer network trained for sex
and identity classification and a 3 layer classi-
fication network (40 x 20 x 8) that was trained
to classify the faces according to facial expres-
sion. Results showed that the “sex and iden-
tity network” was able to identify 99% of the
training set and to classify perfectly the faces
according to their sex. The “emotion net-
work” was able to distinguish some of the pos-
itive emotions (astonished, delighted, pleased,
relaxed), but was unable to distinguish reli-
ably the negative ones (sleepy, bored, miser-
able, angry). This could be due to the fact
that people are better at displaying positive
expressions on command than negative ones,
and therefore negative expressions might be

more similar to each other than the positive
ones.

In contrast to Cottrell and Fleming(??:?%)
who used a very fast learning rate of 0.2 (as
seen above), Cottrell and Metcalfe®>®) used a
very low learning rate (n = .0001) for the hid-
den layer. With this low learning rate, the
activity of the hidden units tended to stay in
the quasi-linear part of the squashing function
as previously observed by Cottrell et al.(**) A
“single cell recording” of one of these units
would vary smoothly for different faces as op-
posed to the binary response found by Cottrell
and Fleming(?*?®). Thus, with a low learn-
ing rate the network spanned the principal
component subspace of the covariance matrix
of the face images (i.e., the first eigenvectors
of the covariance matrix). When displayed,
the receptive fields of the hidden units resem-
bled “white noise”. In order to analyze the
representation of the network, Cottrell and
Metcalfe(?*) first recorded the hidden unit ac-
tivations for each of the 160 faces of the train-
ing set in a 160 X 40 matrix. From this ma-
trix, they computed the 40 x 40 cross-product
matrix for the hidden units. The eigendecom-
position of this cross-product matrix resulted
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Fig. 11. — Six “holons” obtained by Cottrell and Fleming.(22:23) The first one repre-
sents the “bias” of the output units. This is the activation of the outputs from the vector of
bias weights. The remaining 5 were chosen randomly from the set of hidden units.

model was able to classify correctly most of
the new faces (8.1% error averaged across 8
trials). An interesting point mentioned by the
authors is that a 3-layer network with 900 in-
put units, 40 hidden units and 1 output unit,
directly trained to produce a value of 1 for
the male and 0 for the female faces, was able
to categorize correctly the faces on which it
was trained, but was also unable to generalize
to new faces. However, the authors state this
point as an observation and do not provide a
statistical analysis.

As noted previously, an interesting as-
pect of compression networks is the nature
of the representation developed by their hid-
den units. In particular, these representations
vary depending on the learning rate used to
compress the faces. Cottrell and Fleming,(22’23)
used a fast learning rate (n = 0.2) that can
be considered too high for the fan-in of the
hidden units (4096). The resulting internal
representation was basically binary (i.e., for a
given face, the hidden units were either “on”
or “off”). In order to gain a better under-
standing of the representation developed by
the hidden units, Cottrell and Fleming(*?:*%

analyzed the set of weights for each hidden
unit separately. More specifically, using the
notation of Equations 15 to 21, they analyzed
both matrices W (from the input to the hid-
den units) and Z (from the hidden to the out-
put units). First, they consider the L x I
(i.e., 80 hidden units x 4096 input cells) ma-
trix W, one row at a time. They call the
£-th row of W the “receptive field” of the /-
th input cell. They also considered the re-
sponse of the network to a stimulation com-
ing from a single hidden unit (i.e., with the
£-th hidden cell being “on” and all the other
cells being “off”), which is equivalent to con-
sidering the ¢-th column of the J x L (i.e.,
4096 output cells x 80 hidden units ) matrix
Z. By analogy with the name of receptive
field used for the rows of W, the columns of
Z could be called the “projective field” of the
hidden units. When transformed to gray scale
and graphically displayed, the hidden unit re-
ceptive and projective fields looked “face-like”
and showed some similarity to the eigenvec-
tors or eigenfaces presented in the principal
component approach section. Receptive and
projective fields as well as eigenvectors are re-
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Fig. 10. — Architecture of SEX-Net.(25)

(1) The model identified and categorized
perfectly the images on which it was trained,
and classified nearly perfectly (3% error) the
new instances of learned faces.

(2) The new faces were categorized per-
fectly with respect to “faceness” but not ac-
cording to sex (37% error: 26 out of 70 female
images were classified as male, all the male
images were correctly classified).

(3) The model was fairly robust to par-
tial deterioration of the images. It was able
to identify and categorize (with only 3% er-
ror) faces partially obscured by a horizontal
gray bar (1/5 the height of the image) placed
in the bottom 4/5 of the faces. In contrast,
when the bar was placed in the top 1/5 of the
faces, 29% identification error and 16% sex
categorization error occurred. This suggests
that the network is using the information in
the forehead region to discriminate between
faces. The importance of the forehead region
is confirmed by the fact that the network was
more disturbed when the top half of the face
was obscured that when the bottom half was
obscured (56% error vs. 0% for faceness, 70%
vs. 50% for identity, and 55% wvs. 29% for sex
categorization).

(4) Modification in brightness (up to 70%
increase) resulted in no more than 7% error for
both identification and classification.

In summary, compression networks are
able to act as content addressable memories

O

OUTPUT UNIT
(N=1)

HIDDEN UNITS
(N=2: 40)

N

INPUT UNITS
(N=40)

SEX NETWORK

(i.e., they are able to reconstruct a face when
a noisy image of this face is given as input).
Further, the internal representation they de-
velop provides useful information to identify
and categorize faces. A final point worth not-
ing is that, in the set of simulations reported
here, the quality of representation of new faces
by the compression network was relatively poor,
however, this was probably due to the small
size of the training set (only 11 subjects).

Before discussing the properties of the in-
ternal representation developed by the Cot-
trell and Fleming network, it is worth noting
that the ability of this type of compression
networks to extract information useful for sex
categorization has also been demonstrated by
Golomb et al.(?®) Following the scheme of Cot-
trell and Fleming,(22’23) they used a backprop-
agation network with 900 input units, 40 hid-
den units, and 900 output units, to compress
a set of 80 face images (40 males and 40 fe-
males). The internal representation developed
by the hidden units was then presented as in-
put to a 3-layer classification network with 40
input units, 10 hidden units, and 1 output
unit. This second network was trained using
backpropagation to produce an output of 1 for
male and 0 for female faces (cf. Figure 10).
After learning completion, the performance of
the network was tested for sex categorization
using 10 new faces (i.e., not learned by the
network) as input. Results showed that the
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Fi1c. 9. — Architecture of the two-stage network used by Cottrell and Fleming.(22:23)

the projections of the inputs along the first M
principal components. However, Cottrell and
point out that nonlinear networks
differ from linear networks in two ways.

(1) The first principal component is some-
what distorted, and the other ones slightly
shortened.

(2) The variance is evenly distributed a-
cross the hidden units.

Cottrell et al.**) suggested that “the hid-
den units span the space of the first M princi-
pal components, but are rotated so that each
can have about equal variance” (p 471). This
suggestion was later supported by further work.
(48) This is not unlike what was observed for
an autoassociator trained with Widrow-Hoff
learning. Namely the fact that using a Widrow-
Hoff learning rule is equivalent to equalizing
the eigenvalues of the weight matrix.}

4.8 Application to face processing.

The ability of compression networks to
extract useful information for face processing
was first investigated by Cottrell and Fleming.
(22,23) They trained a 3 layer network with
4096 input units, 80 sigmoidal hidden units

' This is especially true because after sphericiza-
tion any orthogonal set of vectors is a set of eigen-
vectors with eigenvalues equal to one.

' The faces were digitized using 256 gray levels and
then compressed by local averaging to a 64 x 64
pixel image.

and 4096 output units to compress a set of
faces and non-face images. This compression
network differs from the one used by Cottrell
et al.(*®) in that the whole image is presented
as input at once. A training set composed of
64 face images (5 or 6 different instances of 11
faces) and 13 non-face images (random shots)
was extracted from a database of 231 digitized
images' consisting of 204 face images (520
pictures of 17 faces) and 27 non-face images.
All faces in the training set were presented as
input to the compression network. The repre-
sentation formed in the hidden units was then
used as input to a 2 layer network with 80
input units and 14 output units with range
[-1,1], trained to classify the face images ac-
cording to “faceness”, sex, and identity (cf.
Figure 9).

The ability of the model to generalize to
new images was then tested by presenting the
classification network with a testing set com-
posed of new instances of learned faces, new
faces, new non-faces, and a series of degraded
faces (e.g., faces partially obscured, faces with
different lighting). The results of the simula-
tions are summarized below.
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where 7 is a small learning constant and k is
randomly chosen.

The adjustment of weights in the hidden
units is proportional to both the error in the
output and the extent to which each specific
unit contributes to this error. The error signal
vector for the hidden units is denoted hidden
and:

Bniddenk = /(W) © (ZTlSoutput, k)
= hk O] (1 - hk) O] (ZT‘Soutput7 k) .

(20)
Learning at time ¢ + 1 is given by:
wir — w4 NOhidden, W
=w® 4 A (21)

4.2 Compression Networks

An interesting aspect of backpropagation
networks is that during learning, the hidden
layers build an internal representation of the
input that is useful for producing the desired
output. More specifically, a network with I
input units, J = I output units and L hid-
den units (with L < I) trained to reproduce
its input at the output layer (i.e., to autoas-
sociate its inputs) will develop a compact rep-
resentation of the inputs in the hidden units.
The fact that the hidden layer contains fewer
units than the input and output layers forces
the network to encode the inputs in a smaller
dimensional subspace that retains most of the
important information. In other words, the
network is forced to capture the redundancy
or regularities present in the input and to ex-
tract a set of statistically salient features in
order to represent the input in a less corre-
lated way. It is important to note that if the
hidden units are linear, the best solution to
this problem is the least squares solution (i.e.,
to have the hidden units span the L princi-
pal components with the highest eigenvalues).
This type of network is often referred to in

T For a more formal demonstration of the relation-
ship between backpropagation networks and prin-
cipal component analysis, see, for example, refer-
ences (46) and (47).

the literature as an encoding or autoencoding
network. The input-to-hidden layer connec-
tions perform the encoding (or compression)
of the information and the hidden-to-output
layer connections do the decoding (or decom-
pression).

Cottrell, Munro and Zipser<45) trained a
3 layer network with 64 units in the input
layer, 16 hidden units, and 64 units in the out-
put layer to reproduce a digitized image. The
input was 150,000 8 x 8 square pixel patches
randomly selected from the original image and
successively presented. The network was trai-
ned by standard backpropagation with a logis-
tic activation function rescaled to the range
[-1,1]. The learning constant (noted 7 in
the previous equations) was .25 for the first
100,000 iterations and .10 for the remaining
50,000 iterations. The network was then tested
on the entire image, patch by patch, using 8x 8
non overlapping patches. The resulting image
constituted an accurate reproduction of the
original one. More interestingly, the network
was also able to reconstruct several novel im-
ages.

In order to understand the way in which
the hidden units represent the information, it
is helpful to look at their activity during learn-
ing. Cottrell et al.,'*>) found that the hidden
unit outputs tend to stay in the linear range of
the logistic function. Using an empirical ap-
proach, they showed that the weights of the
hidden units span the space of the M first
eigenvectors of the covariance matrix of the
inputs (where M is smaller or equal to L, the
number of hidden units). More specifically,
using 16 hidden units they found that the net-
work was spanning the first 13 eigenvectors
(i.e., the ones with the highest eigenvalues).
In other words, the network projects its in-
puts onto the subspace spanned by the prin-
cipal components of the covariance matrix of
the inputs’. Thus, the reconstructed image
can be thought of as a linear combination of
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It has the interesting property of having a
derivative easy to compute:

—x

C = o)L~ f(2)):

f(z) = Ate)y

(14)

The backpropagation algorithm involves
two phases. In the first phase, a forward flow
of activation is generated from the input layer
to the output layer via the hidden layer. Each
unit in the hidden layer computes a weighted
sum of its inputs and transforms it wia the
logistic function:

h, = f(W1}) . (15)

The output for one layer is the input for
the next layer. The responses of the output
units are given by:

& = f(Zhy) (16)
In the second phase, the error, defined as

the difference between the actual output and
the desired output, is computed:

er = (g — &) (17)

and backpropagated through the network, la-
ver by layer. During this phase, the weights of
the connections are adjusted so as to minimize
the mean-squared error between the network
output and the desired output.

The rule used for backpropagating the er-
ror is a generalization of the delta or Widrow-
Hoff learning rule presented in the linear au-
toassociator section. Formally, the error sig-
nal, denoted 5output, for the output layer is
given by:

6output, i f/(th) @ (ek)

=8k O(1—8k) O (8r — &) -
(18)

Where f’ represents the derivative of the lo-
gistic function, © the element-wise product of
the vectors (or Hadamar product**)), and 1 a
unit vector. As for the linear autoassociator,
the difference between the response of the sys-
tem and the expected response is corrected by
iteratively changing the weights in the matrix
Z. At time ¢t + 1 the matrix is computed as:

Z(t—l—l) = Z(t) + Uéoutput,khg
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Fig. 7. — Illustration of the reconstruction of a face using: 1) top panels: a) all the
eigenvectors b) the first 20 eigenvectors c) the first 40 eigenvectors 2) bottom panels: d) all the
eigenvectors €) all but the first 20 eigenvectors f) all but the first 40 eigenvectors. Note that the
eigenvectors with relatively large eigenvalues (panels b and c¢) provide mainly global shape in-
formation and the eigenvectors with relatively small eigenvalues (panels e and f) provide mostly

identity-specific information.

ues is optimal for solving semantic categoriza-
tion tasks such as sex or race categorization.
In contrast, eigenvectors with small eigenval-
ues convey information about small, identity-
specific details (cf. Figure 7, bottom panels).
A low dimensional representation of the faces
in the subspace associated with small eigenval-
ues is optimal for the identification of specific
faces, or the discrimination between learned
and unlearned faces.

4. BACKPROPAGATION NETWORKS—IMA-
GE COMPRESSION

In contrast to linear associative networks
in which the input units are directly connected
to the output units, backpropagation networks
include nonlinear hidden units between input
and output units. The backpropagation algo-
rithm was originally proposed by Werbos(3%)
and was independently rediscovered by Parker
(40) Rumelhart, Hinton and Williams*") | and
Le Cun.™? This algorithm adjusts the weights
in any feedforward network trained to asso-
ciate pairs of patterns. It can be easily de-

scribed using a matrix notation equivalent to
the one used in Section 3.1.
4.1 Algorithm description

Our notation will be as follows (cf. refer-
ence 43, Equations 28-34). The k-th stimulus
described by I features is represented as an
I x 1 vector fi. The response of the hidden
units for the k-th stimulus is represented by
an L x 1 vector hy, where L represents the
number of hidden units. The response of the
output units for the k-th stimulus is repre-
sented by a J X 1 vector g5, where J represents
the number of output units. The desired out-
put for the k-th stimulus is represented by a
J x 1 vector gi. The intensities of the connec-
tions between the input units and the hidden
units are given by an L X I matrix W. The
intensities of the connections between the hid-
den units and the output units are given by a
J X L matrix Z. Several nonlinear functions
can be used by the hidden and output layers,
the most popular one is the logistic function:

1

f(z) = Tre—s " (13)
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F1c. 6. — Adding the second eigenvector to the first eigenvector of a cross-product matrix
of half male and half female faces gives rise to a masculine looking face (top panel). Subtracting
the second eigenvector from the second one gives rise to a feminine looking face (bottom panel)

used in that simulation. An interesting aspect
of this result is that the linear autoassocia-
tor was not trained for race classification, but
rather, was trained to reconstruct the faces.
The information necessary to classify faces ac-
cording to their race, hence, emerged sponta-
neously from the memory representation.

In a second simulation, O’ Toole et al.(!”)
were interested in examining the usefulness of
different eigenvectors in categorizing the faces
according to sex. When the model was trained
with equal numbers of male and female faces
of a single race, a correlational analysis showed
that the eigenvectors with larger eigenvalues
were more useful for predicting the sex of the
faces than were the eigenvectors with smaller
eigenvalues. Here, the second eigenvector pro-
vided the most important information for sep-
arating male and female faces. O’Toole et
al.'” have shown that although this eigen-
vector appears androgynous, adding it to the
first eigenvector creates a masculine-looking
face and subtracting it creates a feminine look-
ing face (cf. Figure 6).

More generally, these results depend upon
the racial and sexual homogeneity of the train-

ing set. From a psychological point, this is a
nice feature of the model in that it is reminis-
cent of factors that affect human memory and
might be part of the cause of phenomena such
as the “other-race effect”. The first eigenvec-
tor itself represents essentially the character-
istics shared by all the faces in the training
set. In other words, it represents the face cat-
egory in general and can be interpreted as a
face prototype.(®®) This eigenvector could be
used to categorize stimuli as faces as opposed
to other object categories. The eigenvalue as-
sociated with the first eigenvector is generally
very large (it explains between 90% and 99%
of the variance). This strong value reflects the
fact that faces constitute a class of highly sim-
ilar objects.

An important implication of the O Toole
(17) studies is that the optimal charac-
teristic of a representation is not absolute but
rather depends on specific task requirements.
Eigenvectors with high eigenvalues convey
mainly information about the general shape of
the faces (cf. Figure 7, top panels). Therefore,
a low dimensional representation of the faces
in the subspace associated with high eigenval-

et al.



12 D.Valentin et al.

However, if the change were to become suf-
ficiently large (e.g., if the face is presented
upside down) then, performance is expected
to decrease dramatically. Finally, recognition
performance decreased dramatically with chan-
ge in head size (64% correct classification aver-
aged over size variations). However, this prob-
lem can be solved easily by automatically de-
tecting the outline of the face in the picture
and re-scaling it prior to recognition testing.(™)
In brief, the presence of a face in an image
can be detected by computing the distance
between successive subsets of the image and
the face space determined by principal com-
ponent analysis. Because face images are less
distorted than other images when projected
onto the face space, small distance values in-
dicate the presence of a face. Once the face
is located, the background can be diminished
by multiplying the face subimage by a two-
dimensional Gaussian window centered on the
face. The scaling problem can then be solved
either by using eigenfaces (or eigenvectors) at
different scales or by using different sizes of
the input image.

It is important to note that the stud-
ies conducted by Sirovich and Kirby(%:'1)
Turk and Pentland("'? were motivated from

and

an information theory point of view. They
were interested in finding the best way to rep-
resent a set of face images with the smallest
possible number of parameters. Consequently,
the low dimensional representation they pro-
posed (i.e., the eigenvectors with the highest
eigenvalues) is optimal in the least squares er-
ror sense. Recent work by O’Toole et al.,(”)
demonstrated that while this low dimensional
representation is optimal for reconstructing the
faces, it is not the most useful representation
for recognition. In a first simulation, they ex-
amined the importance of different ranges of
eigenvectors for discriminating learned faces
from unlearned ones (recognition task). An
autoassociative matrix was created from 100
face images (50 females and 50 males) and was
decomposed into its eigenvectors. Different
ranges of 15 eigenvectors (sorted in decreas-
ing order according to their eigenvalues) were

used to reconstruct the 100 learned (or “old”)
faces and 59 new faces. The quality of recon-
struction of each face was estimated by the
cosine taken between the original and the re-
constructed face. For the recognition task, the
average cosine was used as a decision crite-
rion. Faces with a cosine above the criterion
were categorized as “old” and faces with a co-
sine below this criterion were categorized as
“new”. The results were as follows.

(1) The quality of representation (phys-
ical similarity as measured by a cosine taken
between the original and the reconstructed face
vectors) decreased as the range of eigenvectors
used was shifted from the eigenvectors with
larger eigenvalues to those with smaller eigen-
values.

(2) The ability of the model to discrim-
inate between old and new faces did not fol-
low the decrement in quality of representation.
Any of the 15-eigenvector ranges between the
45'" and the 80™ eigenvectors provided better
information for discriminating learned from
unlearned faces (i.e., “recognizing” faces) than
did the first 15-eigenvector range.

In addition to information in faces that
is useful for identifying individuals, the model
must also preserve visual categorical informa-
tion about the sex, race, and age of faces. In
previous work, O’Toole et al.!®) had exam-
ined the usefulness of the eigenvectors with
relatively larger eigenvalues for categorizing
faces according to visually-derived dimensions.
For example, they reported that when a train-
ing set composed of Japanese and Caucasian
faces was learned by the model, the 2"¢ eigen-
vector carried most of the information use-
ful for predicting the race of the faces. This
was shown by computing the projections of
the faces onto the second eigenvector (Equa-
tion 9). The mean value of the projections
was taken as a criterion value, and faces with
projections larger than this value were catego-
rized as Caucasian whereas faces with projec-
tions smaller than this value were categorized
as Japanese. Using only this simple proce-
dure, the second eigenvector by itself yielded
correct race prediction for 88.6% of the faces
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Fig. 5. — Illustration of the reconstruction of a face using (from left to right and top to
bottom) a) the first eigenvector b) the first 5 eigenvectors c) the first 10 eigenvectors d) the first
20 eigenvectors e) the first 40 eigenvectors f) the first 60 eigenvectors g) the first 70 eigenvectors
h) the first 100 eigenvectors ) all (160) the eigenvectors of a cross-product matrix created from
160 faces (80 males and 80 females). Note that the face is reconstructed exactly when all the
eigenvectors are used and well approximated by a relatively small number of eigenvectors.

tilt of the head). Then, they selected several
sets of 16 face images (one of each person),
all taken under the same conditions, from the
data base to serve as training sets. The re-
maining faces were used as test sets. For each
training set a covariance matrix was created
and the 8 eigenvectors with the highest eigen-
values were extracted. For recognition, faces
from the testing sets were projected onto these
first 8 eigenvectors. The resulting weight pat-
terns were compared with the stored projec-
tions of the training faces and classified as
known or unknown using a nearest neighbor
(i.e., single link) algorithm based upon the Eu-
clidean distance between the projection of the

"When performance is averaged only across non-
zero head tilt conditions (i.e., the 0% tilt condition
is not considered) head tilt yielded approximately
78% correct classification.

target image and the projection of each stored
image. If the distance to the nearest neighbor
was below some chosen threshold, the face was
classified as known, otherwise it was classified
as unknown.

A series of simulations carried out us-
ing various training and testing sets showed
that the system was not extremely sensitive
to changes in lighting condition (96% correct
classification averaged over lighting variations),
and 2D head orientation (85% correct classifi-
cation averaged over orientation VariationsT).
This makes sense since as long as the change
in lighting or head orientation is not too large,
the pixel-to-pixel correlation remains high.
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Fic. 4. — The first 3 (top panels) and last 3 (bottom panels) eigenvectors of a cross-
product matrix created from 160 face images (80 males and 80 females). Note that all the

eigenvectors span the entire face and are face-like.

between minority-race faces. O’Toole et al.(*®)
used this property of autoassociative memo-
ries to model the well known “other-race ef-
fect”! as a problem in perceptual learning.

An illustration of the usefulness of the
eigenvectors (also referred to as eigenpictures
or eigenfaces) for representing faces was pro-
vided by Sirovich and Kirby.!®) They ana-
lyzed the properties of a covariance matrix
created from 115 faces images, cropped so as
to include only the eyes and nose. The analy-
sis showed the following:

(1) When graphically displayed, the ei-
genvectors of the covariance matrix of an en-
semble of faces are face-like (cf. Figure 4).

(2) Any given stored face can be recon-
structed exactly as a linear combination of the
eigenvectors of the covariance matrix or ap-
proximated (in a least squares sense) using
only the eigenvectors with the largest eigen-

"The “other-race effect” refers to the fact that
people are better able to recognize faces of their
own race than faces of other races.

values (cf. Figure 5).

They demonstrated both statistically and
graphically that faces can be optimally recon-
structed (to within 3% error) using roughly
40 parameters and the corresponding first 40
eigenvectors. The parameters correspond to
the projections of the faces on the eigenvec-
tors (cf. Equation 9). More recently, Kirby
and Sirovich®) extended these results, using
a similar approach with 100 “cameo” of full-
face including the eyes, nose and mouth. They
showed that 82% of the variance of the set of
faces is accounted for by the first 10 eigenvec-
tors and 95% by the first 50 eigenvectors.

Turk and Pentland"'?) analyzed the ro-
bustness of the eigenvector approach for face
recognition. First, they collected a database
of over 2500 full-face images of 16 subjects
taken under different conditions of lighting,
head scale, and 2D head orientation (sideways
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faces, he demonstrated that an autoassocia-
tive memory could act as a content address-
able memory for face images. In his demon-
stration, an autoassociative memory was first
created by autoassociating the face images us-
ing a simple Hebbian learning rule (cf. Equa-
tion 1). The efficiency of the memory was
tested then by presenting noisy or incomplete
face images as input. The quality of the re-
constructions was estimated by displaying the
images reconstructed by the memory. Results
showed that the images reconstructed by the
system were convincingly similar to the orig-
inal images. When incomplete or partially
obliterated images are presented as memory
keys, the memory fills in the missing parts of
the image (cf. Figure 3).

Using a similar approach, Millward and
O’Toole,'*) showed that autoassociative mem-
ories can act as an efficient system for recog-
nizing faces (i.e., distinguishing learned from
unlearned faces). In their study, an autoasso-
ciative memory was constructed by autoasso-
ciating a set of face vectors using a Widrow-
Hoff learning rule. Face recognition was simu-
lated by using a standard psychological mem-
ory paradigm called a “two-alternative forced
choice task” (2AFC). This was done by testing
the memory with pairs of face vectors, where
each pair was composed of an old face (i.e.,
previously learned by the memory) and a new
face (i.e., not learned by the memory). For
each face vector (old and new), the quality of
response of the model was estimated by com-
puting the cosine between input and output
vectors. The face in the pair with the high-
est cosine was said to be “recognized” by the
memory. The results of the 2AFC showed that
model performance was well above chance and
hence that the linear autoassociator was able
to “recognize” faces. Moreover, it was able to
mimic the pattern of recognition transfer er-
rors found with human subjects performing a
recognition transfer task for spatially filtered
faces.

Both Kohonen!?*3%) and Millward and
O’Toole*® showed that a simple autoassocia-
tive memory is a useful tool for automatic face

processing. More recent work (**'®) has at-
tempted to analyze further the properties of
this type of memory. Specifically, these stud-
ies try to describe and quantify the perceptual
information in faces, and to model the learn-
ing of this information. This type of approach,
generally referred to as the “principal compo-
nent approach” to face modeling, relies essen-
tially on the fact that faces can be represented
implicitly (via a linear autoassociative mem-
ory) or explicitly (via a principal component
analysis) as a weighted sum of eigenvectors ex-
tracted from the cross-product matrix of a set
of faces. The eigenvectors can be thought of as
a set of “features” or “basic components” from
which a face is built. Anderson and Mozer®")
refer to this type of feature as a “macrofea-
ture” to differentiate it from the more tradi-
tional use of the term “feature”. They claim
that “macrofeatures are what perception and
feature analysis actually uses and are psycho-
logically salient entities”(pp. 221-222).

Applied to face modeling, the “principal
component approach” suggests a different def-
inition of the “features” characterizing a face
than the one assumed in the feature-based
models described in the Samal and lyengar
review.!!) The advantage of representing faces
in terms of macrofeatures rather than tradi-
tional features is that macrofeatures are not
defined a priori but are generated a posterior:
on a statistical basis. They reflect the statis-
tical structure of the set of faces from which
they are extracted. In other words, recon-
structing faces from an autoassociative mem-
ory is like applying a filter to the face images
(specifically, a Wiener filter®®). The proper-
ties of the filter are determined by the “face
history” of the matrix.

For example, if a cross-product matrix
of faces is created from a heterogeneous set
of faces, made up of a majority of faces of
one race and a minority of faces of another
race, the eigenvector representation will cap-
ture subtle variations in the form and config-
uration of the majority-race faces. However,
this representation will be less able to capture
featural information necessary to discriminate
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Fia. 3. — Illustration of a content addressable memory for faces. The left panels are
the stimuli given as keys to the memory. The right panels are the responses of the memory.
The memory is able to reconstruct, reasonably well, a face from an incomplete input (bottom
panels). The memory was trained with 160 Caucasian faces (80 males and 80 females), using a

Widrow-Hoff learning rule.

this paper, we follow the convention of calling
the eigenvector with the largest eigenvalue the
first eigenvector, the eigenvector with the sec-
ond largest eigenvalue the second eigenvector,
and so on. The largest eigenvalue is denoted
Amax-

Similarly, the Widrow-Hoff learning rule
can be expressed in terms of the eigenvectors
and eigenvalues of a weight matrix at a given
time ¢:3%)

w = Us‘U”

(10)
This formulation clearly shows that the Wid-
row-Hoff error correction rule affects only the
eigenvalues of W. More specifically, it fol-
lows from Equation 10 that when % is smaller
than 2\, L., using the Widrow-Hoff rule will
equalize all the eigenvalues of W,(2939) op in
other words will sphericize the weight matrix.
Hence, at convergence, W reduces to:

wW> =UU" (11)

with @' = [I-(I-nA)"] .

and recall can be rewritten by dropping the
eigenvalues in Equation 8 (cf. also Equation 9).

%= ) (u/xe)u, . (12)

Intuitively, this is equivalent to increasing the
relative importance of the eigenvectors that
explain smaller amounts of the variance.

In summary, using a linear autoassocia-
tor to store and recall faces is equivalent to
computing the principal component analysis
of the cross-product matrix of a set of faces
and reconstructing the faces as a weighted sum
of eigenvectors. Hence, the term “principal
component analysis” (PCA) is generally used
in the literature to describe this type of model.

3.8 Application to face processing.
As noted previously, Kohonen**3% was the
first to use an autoassociative memory to store

and recall face images. Using a sample of 100
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as follows:
witth — wi + n(xp — W(t)xk)xg
= W(t) + U(Xk — fck)xf
=W AR (5)

where 7 is a small learning constant and k is
randomly chosen. Intuitively, the weight ma-
trix is updated at time ¢t + 1 by computing
the difference between the actual output of
the memory (i.e., X;) and the desired output
(i.e., xi) at time ¢, and by re-teaching this
difference to the memory. Since the order in
which the stimuli are learned is of no impor-
tance, Equation 5 can be rewritten in a more
practical way as:

WD — W 4y (X - WIX)XT . (6)

Note that the term iteration should be differ-
entiated from the term epoch. Iteration refers
to learning a single stimulus whereas epoch
refers to learning the full set of stimuli. Hence,
Equation 5 describes an iteration, whereas
Equation 6 describes an epoch.

3.2 Model properties

Anderson et al.,(*®) and Kohonen®*3%) have
provided an interesting analysis of the proper-
ties of the weight matrix obtained by autoas-
sociation. They noted that Hebbian learning
in an autoassociative system creates a cross-
product matrix of the input vectors, (W =
XXT) which is equivalent to the sample cross-
product matrix of factor analysis. In their
demonstration, they pointed out that, since
W is semi-positive definite, it can be recon-
structed therefore as:

R
W =) \uul =UAU" (7)

TEigenvectors of a matrix are vectors that have
the property that when multiplied by the matrix,
they are unchanged up to a scaling factor (i.e.,
only their length is changed, not their direction).
Thus, if u is an eigenvector of W, then Wu = Au.
The eigenvalue A associated with u indicates how
much the length of u is changed when multiplied
by W. For a review of linear algebra applied to
neural networks see, for example, reference (35) or
(36).

where U represents the matrix of eigenvectors
u, of W and A the diagonal matrix of (posi—
tive) eigenvalues AT with R being the rank of
the matrix W (i.e., the number of eigenvectors
with a non zero eigenvalue).

Further, since the eigenvectors of W are
mutually orthogonal, each input vector x; can
be expressed as a linear combination of the
eigenvectors of W:

R
)A(k = Z )\TckJuT (8)

where the cg,» coefficients are the coordinates
or projections of the stimulus vector x; along
the R eigenvectors. These projections are ob-
tained as the dot product between the stimu-
lus vector and each eigenvector. Formally:

Chyr = uka . (9)

The eigenvalues (i.e., the A,’s) correspond to
the variance of the projections on the eigen-
vectors. The eigenvector with the largest ei-
genvalue accounts for the largest proportion of
variance, the eigenvector with the second lar-
gest eigenvalue accounts for the second largest
proportion of variance and so on. Because
the eigenvectors are orthogonal, the amount
of variance explained by a set of eigenvectors
is the sum of their eigenvalues. As a conse-
quence, the maximum number of eigenvectors
needed to account for all of the variance is
equal to the rank of the cross-product matrix.
In addition, a large proportion of the variance
can be explained by a small number of eigen-
vectors, the ones with the largest eigenvalues.
Therefore, eigenvectors with large eigenvalues
are the most useful for making discrimina-
tions among members of the input set. In
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Input

Fia. 2. — Architecture of an autoassociative memory: all cells connect to all other cells
with modifiable weights. The input pattern is associated to itself.

viewed as a neural network (cf. Figure 2), the
values in the weight matrix W correspond to
the connection strengths between the cells (or
units) of the memory (i.e., w; ;» represents the
intensity of the connection between units z and
i').

Learning may be achieved by using a sim-
ple Hebbian learning rule. This amounts to
successively autoassociating each face vector,
Xy, and summing the resultant outer-product
matrices:

K
W =) xxi = XX" (1)
k

where X7 denotes the transpose of matrix X.

The retrieval of the k-th face stored in W
is achieved by postmultiplying the matrix W
by the input vector x5 as follows:

X = Wx;, (2)

where X represents the response or “echo” of
the memory. The response can be interpreted
as the estimation of the k-th face by the mem-
ory. The quality of the image reconstructed by
the system can be measured by computing the
cosine of the angle between x; and Xj:

f(ka

AT

cos(Xk,Xp) =

where ||x1]|| is the euclidean norm of the vec-

tor xj, (i.e., ||xk|| = \/xFx% ). A cosine of 1

indicates a perfect reconstruction of the stim-
ulus.

When all the input vectors stored in the
memory are mutually orthogonal, recall is per-
fect (X, = xy,). If the input vectors are not or-
thogonal, the system will add noise (or cross-
talk) to the correct pattern. Formally:

Xy = Z(xgxz)xk

k

= (XzTXz)Xz + Z(Xfxz)xk

kL

=Xy + Z COS(Xk,Xg)Xk

k#L

(because ngk =1). (4)

If the cross-talk or interference due to
the presence of other patterns learned by the
system is not too large, the response of the
system is a relatively good estimate of the
pattern originally learned. When the vectors
are close to orthogonality, the cross-talk is re-
duced, and hence the response of the system
is improved. The performance of the mem-
ory can be improved by using the Widrow-

(33) also known as the delta

Hoff learning rule,
rule.®®) The Widrow-Hoff learning rule cor-
rects the difference between the response of
the system and the desired response by itera-

tively changing the weights in the matrix W
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of the persons, their sex or race).

Two principal categories of networks ha-
ve been used to simulate the “learning” of face
images. First, linear autoassociators, which
are known to implement principal component
analysis, 2839 have been used for several tasks
including recognition and categorization of fa-
ces by sex and race.(!>'®) Second, nonlinear
three-layer autoassociative networks trained
with a backpropagation algorithm have been
used as “compression networks”. These net-
works are trained to reproduce their inputs
through a narrow channel of hidden units. A
compressed face code emerges at the level of
the hidden units and then is used as input to
a second classification network. These two-
stage models have been applied to the tasks
of face identification, and classification by sex
and expression. (22725

Figure 1 shows a typology of the differ-
ent connectionist and statistical models of face
processing reported in the literature. It em-
ploys a correspondence analysis (or dual scal-
ing analysis) of the models, using the crite-
ria previously presented as classification de-
scriptors (i.e., motivation, task, face represen-
tation, learning paradigm). Correspondence
analysis is a multivariate statistical technique
that gives a graphical description of a data
matrix. The rows and the columns in the ma-
trix are represented as 2 sets of points in a
unique space so that the rows or the columns
that are similar are displayed close together in
the space map.(313%)

Three principal classes of models emerge
roughly from this typology. The first class
is constituted by the models using an image-
based coding of the faces in conjunction with
a linear autoassociative learning or a princi-
pal component approach. These models have
been applied to perceptual aspects of face pro-
cessing including face recognition and catego-
(7,10-12,14-19)  The second class inclu-
des models that use an image-based coding of
the face as input to a compression and/or a
backpropagation network. These models have
been applied to both the perceptual and the
semantic aspects of face processing.(22'25) The

rization.

models composing the third class differ from
the other models in two principal ways.

(1) They employ arbitrary codings to rep-
resent the faces.

(2) They have been designed to simu-
late high level cognitive phenomena such as
semantic priming*®) or context effects in face
memory.(2%21)

In what follows, only models that use an
image-based coding of the faces are presented.
As noted previously, other models(*3:2%:21)
codings that are not related to faces per se
(i.e., arbitrary codes for hypothetical features).
These models are, therefore, unable to give in-
sights into the computational challenges posed
by faces as pictorial or perceptual stimuli and
are beyond the scope of this review.

use

3. AUTOASSOCIATIVE MEMORY—PRINCI-
PAL COMPONENT APPROACH

The current models of face processing using
a linear autoassociative learning are derived
from older work by Anderson et al.(?® and
Kohonen.®®) Kohonen demonstrated that an
autoassociative memory could be used to store
and retrieve face images (i.e., as a content ad-
dressable memory for faces). This section pro-
vides a brief description of the model and its
properties, followed by a presentation of its
diverse applications to face processing.

3.1 Model description

We first define the notation that will be used
in this section. Any particular face (say the k-
th face) is represented by a column vector x
of dimensionality I x 1. This vector consists
of the concatenated rows of pixel intensities
extracted from digitized images of faces. For
convenience, the vectors are assumed normal-
ized so that Xka = 1. The set of K faces to
be stored in the memory is represented by an
I x K matrix X = [z; ], with @; , being the
intensity of the ¢-th pixel for the k-th face and
so X 1s the k-th column of X. The autoas-
sociative memory (or weight matrix) is repre-
sented by an I x I matrix W = [w; ;s], where
w; ;+ represents the covariance between pixels
i and 7. When an autoassociative memory is
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FiGc. 1. — Typology of connectionist models of face processing.

face can be more similar to a particular unfa-
miliar face than to any other familiar face). In
contrast, categorization is based on the phys-
ical similarity within subsets of faces. More
specifically, it is based on the fact that faces
within a category (e.g., female) share a set of
common physical properties and therefore are
in some way more similar to each other than
to faces of other categories (e.g., male).

(2) Recognition and identification of a
face constitute two dissociable processes: a
face can be recognized as a familiar one, but
not identified as the face of a specific person.
This corresponds to the often reported feel-
ing of being sure that we recognize a person,
without being able to recall any information
about the person (e.g., their name, from where
we know them).

(3) In contrast with identification and re-
cognition, categorization of a face according to
its sex, race, or age does not require the face
to be familiar.

Another way of classifying the models is
to look at the different steps involved in face
processing. The first and most problematic
step in developing a model of face process-
ing is to represent the faces in a way that
makes it possible to distinguish a particular

face from all other faces, including those not
learned by the model. Whereas most connec-
tionist models operate on image-based coding
of the faces (2D pixel intensity array), some
models represent the faces using arbitrary vec-
tors representing hypothetical features of the
faces.(1320:21) These models are used to simu-
late cognitive and semantic tasks, rather than
perceptual ones.

The second step involved in any compu-
tational model of face processing is to find an
economical way of “storing” the faces in mem-
ory. In a connectionist network, due to the
distributed representation of the stimuli, the
faces on which the network has been trained
can be thought of metaphorically as “stored”
in the memory. This is a simplification of the
actual process occurring during learning. In
fact, the learning of a set of stimuli is the
process by which the connection strengths are
adjusted, based on these stimuli, to minimize
some error criterion. For example, the error
minimized for an autoassociative network is
the error in reconstructing the input stimuli
themselves. In contrast, the error that is min-
imized for a heteroassociative memory, is the
error between the actual network response and
the desired associated response (e.g., the name
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posed throughout the entire network, rather
than stored in a localized area of the mem-
ory. With this method of storage the individ-
ual traces can be “retrieved” from the memory
in the same way that a filter can selectively
extract a simple frequency component from a
complex acoustic waveform. Both nonconnec-
tionist and connectionist approaches have con-
tributed, in recent years, to our understand-
ing of the properties of faces as complex visual
patterns and have led to new insights into the
way humans are able to process faces so ef-
fortlessly and efficiently.

In the following sections, we review a
number of connectionist models of face pro-
cessing that have been proposed in the litera-
ture. Because these models have been devel-
oped simultaneously in many fields with dif-
ferent motivations and objectives, it is diffi-
cult to determine an appropriate order of pre-
sentation. So, before going into the details
of particular models, we shall present in Sec-
tion 2 a brief classification scheme which yields
two principal families of models: (a) autoas-
sociative/principal component networks and
(b)  backpropagation/image  compression
networks. These two families of network mod-
els will be described in Sections 3 and 4, re-
spectively, in terms of their applicability to
face identification, recognition, and categori-
zation. In Section 5, the computational ef-
ficiency of the different models will be com-
pared. Finally, in Section 6, we shall discuss
two additional models that do not fit neatly
into our classification scheme. These “hybrid”
models embody some of the computational as-
pects of connectionist models, as well as other
more traditional aspects of template matching
schemes.

2. CLASSIFICATION OF THE CONNECTIO
NIST MODELS OF FACE PROCESSING

It is possible to classify connectionist models
of face processing in a number of ways. A first
important criterion is their motivation. The

TEpisodic information is a psychological term re-
ferring to memory for autobiographical events or
episodes.

way a model is constructed depends largely on
the motivations and objectives of its designers.
For example, some face processing models are
created to solve computational problems such
as image compression or transmission.(71%12)
These models are designed to produce effi-
cient automatic systems of face recognition
and to minimize the number of recognition er-
rors produced by the system. Other models
are directed at understanding and replicating
the human ability to process faces. They are
designed to simulate human behavior, includ-
ing errors as well as correct performance.(!3-21)
Finally, some models are applied to both com-
putational and cognitive issues.(2%2%)

A second criterion that follows from the
motivation is the task to be simulated by the
model. The human ability to process faces
is not limited to the identification of a face
as the face of a specific person, it also in-
cludes different tasks such as the recognition of
a face as a “known” face as opposed to an “un-
known” face (feeling of familiarity) or the cat-
egorization of a face according to “visually de-
»(26) such as sex, race, or age.
Some additional models have been applied to
other tasks such as face detection”) or feature

rived dimensions

extraction.>” We shall limit this discussion
to face identification, recognition, and catego-
rization. Three points are worth noting rela-
tive to these tasks.

(1) The kind of information necessary to
identify a face is different from the kind of in-
formation that is needed to recognize or cat-
egorize a face. Whereas identification of a
face involves a reference to semantic informa-
tion (e.g., name of the person, context of ac-
quaintance) in addition to visual information,
both recognition and categorization are based
solely on visual information. Recognition in-
volves the comparison of a target face with the
faces stored in memory. However, it is based
not on the physical similarity within the cate-
gory of familiar faces but on episodic informa-
tion' associated with the faces (i.e., a familiar
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tems that assume a feature-based representa-
tion of the faces. Typically, in these models,
faces are represented in terms of distances, an-
gles, and areas between elementary features
such as the eyes, nose, chin, etc.,(23%%) or
in terms of more complex mathematical func-
tions like autocorrelation or moment inva-
riants.(®) These descriptors are extracted from
(23) or from silhouette profi-
Fach face is then stored as a “fea-

full facial views,
les(*%:6),
ture vector” in a separate location in memory.
Access to the memory is achieved by the com-
putation of similarity between perceived items
and memory traces. In brief, most of the ef-
fort in the feature-based models presented by
Samal and Iyengar!) is focused on finding in-
dividual features (e.g., eyes, mouth, head out-
line, etc.) and measuring statistical parame-
ters to describe those features and their rela-
tionship. This type of approach constitutes an
economical and efficient way of storing facial
information as long as the features selected
are appropriate and the task simulated by the
model is limited to matching a target face with
a face present in the database. However, se-
lecting a set of features that captures the in-
formation appropriate for a given task is not
easy. Despite the large number of algorithms
proposed in the literature, no completely sat-
isfactory solution has been found.

By contrast with non-connectionist mod-
els, which typically use geometrical face cod-
ings, connectionist models have generally op-
erated directly on an image-based representa-
tion of faces (i.e., 2D pixel intensity array).
Although this type of representation does not
create an invariant 3D representation, when
used with full-faces, it preserves both config-
ural (i.e., the relationship between features)
and feature-based information. Thus, geomet-
ric representations are coded implicitly, but
in addition, texture and detailed shape in-
formation are preserved. An oft-cited limi-
tation of pixel intensity representations taken
from images of faces is that they are sensi-
tive to substantial variations in lighting con-
dition, head orientation, and size. To avoid
these problems, a preprocessing of the faces

(i.e., normalization for size and position) is
necessary. However, this can be done in a rel-
atively straightforward manner by using auto-
matic algorithms for locating the faces in the
images and rescaling them.("

The purpose of this review is to comple-
ment the Samal and Iyengar(l) survey with a
review of connectionist or statistical approa-
ches to the problems of automatic face recog-
nition and categorization. Connectionist ap-
proaches to pattern recognition are defined
generally as those using computational algo-
rithms that can be carried out in parallel and
that use distributed or non-localized mech-
anisms of memory storage. While there is
no a priori reason for these models to use
an image-based coding of the faces, this is
the kind of coding that has been employed
most frequently with connectionist models of
face processing!. One advantage of using con-
nectionist models with an image-based coding
is that the information used in these models
is automatically derived from the statistical
structure of the faces, and therefore, the dif-
ficult problem of selecting individual features
is avoided.

The term “connectionist model” was first
proposed by Feldman ®®) to describe a class of
models suggested by the anatomy and physi-
ology of the brain. These models are networks
of simple interconnected processing units that
operate in parallel. The processing units are
often referred to as “neuron-like”, since their
function is metaphorically analogous to that
of neurons. FEach unit receives inputs from
other units, integrates (e.g., sums) them, and
generates an output that is sent to other units.
Information processing occurs in parallel throu-
gh the interactions among the units. Learning
results from the modification of the weights of
the connections between units. Connectionist
models of face processing differ from the mod-
els presented in the Samal and Iyengar(l) sur-
vey in at least two important ways. First, in-
formation is processed in parallel, rather than
sequentially, by a large number of highly in-
terconnected simple units. Second, memory
traces are spatially distributed and superim-
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Abstract—Connectionist models of face recognition, identification, and categorization have ap-
peared recently in several disciplines, including psychology, computer science, and engineering.
We present a review of these models with the goal of complementing a recent survey by Samal
and Iyengar(1) of nonconnectionist approaches to the problem of the automatic face recognition.
We concentrate on models that use linear autoassociative networks, nonlinear autoassociative
(or compression) and/or heteroassociative backpropagation networks. One advantage of these
models over some nonconnectionist approaches is that analyzable “features” emerge naturally
from image-based codes, and hence the problem of feature selection and segmentation from
faces can be avoided.

Faces Pattern recognition Image-based coding Neural network Back-propagation
Principal component analysis Macrofeatures
1. INTRODUCTION race, and current emotional state of the per-

son'. While we accomplish these tasks with
ease, the automatic recognition and catego-
rization of faces pose a rather unique set of
computational challenges, which Samal and
Iyengar’) have detailed in their recent sur-
vey of automatic face recognition systems. In
their review, Samal and Iyengar(l) have con-
centrated on automatic face identification sys-

To interact socially with people we must be
able to process faces in a variety of ways. There
is a vast literature in social and cognitive psy-
chology attesting to the impressive abilities of
human observers at recognizing and identify-
ing familiar faces, as well as extracting addi-
tional information from both familiar and un-
familiar faces, including sex, approximate age,

"Henceforth we shall refer globally to these differ-
ent tasks as face processing tasks or face processing.

'Some connectionist models using a different type
of coding are cited at the end of this paper.



