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FIGURE 2. First three (top panel) and last three (bottom panel) eigenfeatures of a set of 40
female faces each represented by 10 views sampling the rotation of the head from full-face
to profile with 10-degree steps (from Valentin, 1996).
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FIGURE 1. An illustration of the other-race effect. New Caucasian faces, (i.e., not learned
by the model), denoted by “0”, and new Japanese faces, denoted by “4”, are projected on
eigenfaces obtained with Caucasian faces only. The between faces similarity is larger for
other-race faces (i.e. Japanese) than for own-race faces.

Valentin and Abdi (1996). They showed that differ-
ent eigenfeatures capture different kind of informa-
tion. As illustrated by Figure 2, eigenfeatures with
large eigenvalues contain information relative to the
orientation (e.g., full-face, profile) in addition to the
categorical assignment (e.g., gender, race) of the
faces. These eigenfeatures are robust and can be es-
timated from a small set of faces (Valentin, Abdi,
Edelman & O’Toole, in press). In contrast, eigen-
features with small eigenvalues contain face identity
information.

A potential problem for the PcaA approach, as noted
by Schyns et al., is that feature extraction operates
independently of higher level cognitive processes. Us-
ing top-down information to constrain the eigenvector
representation may offer a solution to this problem.
For example, Abdi, Valentin, Edelman, and O’Toole
(1996) derived, recently, a generalization of the Pca
model which incorporates a prior: constraints both
at the level of pixel representations and of faces. Us-
ing this generalized pcA model, Abdi, Valentin, and
O’Toole (1997) showed that constraints on the pix-
els improves the gender categorization performance
of PCA models. The pixels were weighted accordingly
to their information content, an idea in tune with
Schyns et al.’s proposal.

To conclude, eigenfeatures may play the role of
the “flexible features” hypothesized by Schyns et al.
even though some other mechanisms certainly coex-
ist. A future line of development for PCA models is
to incorporate entry code perceptually or cognitively
more realistic than pixels such as the output of Gabor
filters, or wavelets.
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Eigenfeatures as intermediate level
representations:

The case for PCA models
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Eigenfeatures are created by the principal component ap-
proach used on objects described by a low level code (i.e.,
pixels, Gabor jets). We suggest that eigenfeatures act like
the flexible features of Schyns et al. They are particularly
suited for face processing and give rise to class-specific ef-
fects such as the other race effect. The PCA approach can
be modified to accommodate top-down constraints.

1. INTRODUCTION

How can the gender, the race, or the identity of a face
be inferred from a digitized picture? We can imag-
ine that the “flexible features” proposed by Schyns et
al. to perform this type of tasks correspond to some
intermediate level features which are progressively ex-
tracted from the exemplars of the relevant categories.
The problem, however, is to find out mechanisms re-
sponsible for extracting such features. We propose
that, for categorization tasks involving high similar-
ity object classes such as faces, the principal compo-
nent analysis (PCA) model is a good candidate. The
applicability of this model to face processing, first
suggested in the late eighties (Abdi, 1988; Sirovich &
Kirby, 1987; Turk & Pentland, 1991), is still current
(Hancock, Burton & Bruce, 1996; O’Toole, Vetter,
Troje & Bilthoff, 1997).

The pca approach represents faces by their projec-
tions on a set of orthogonal features (principal com-
ponents, eigenvectors, “eigenfaces”) epitomizing the
statistical structure of the set of faces from which they
are extracted. These orthogonal features are ordered

Send correspondence to: Hervé Abdi, The University of
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according to the amount of variance (or eigenvalue)
they explain, and are often referred to as “macro-
features” (Anderson & Mozer, 1981) or eigenfeatures
by opposition with the high level features tradition-
ally used to describe a face (e.g., nose, eyes, mouth).
Eigenfeatures are flexible in that they evolve with the
faces encountered (Valentin, Abdi, & Edelman, 1996)
and depend on the set of faces from which they are
extracted (O’Toole, Deffenbacher, Abdi & O’Toole,
1991).

Because they are optimal for the set of faces from
which they are extracted, eigenfeatures are less effi-
cient for representing faces from a different popula-
tion and thus generate class-specific effects such as
the other race effect. As an illustration, Figure 1 dis-
plays the projection of 160 Caucasian faces and 160
Japanese faces on the first 4 eigenvectors derived from
Caucasian faces (none of the faces have been used to
compute the eigenvectors). The Japanese faces are
more similar to each other than the Caucasian faces
are. This shows that Caucasian eigenfeatures give
rise to the other race effect when used for categoriz-
ing Japanese faces.

Eigenfeatures can be used to perform higher level
categorization tasks such as face categorization or
identification. For example, Abdi, Valentin, Edel-
man, and O’Toole (1995) showed that a neural net-
work, trained to classify faces according to their gen-
der, generalizes its learning to new faces better when
the faces are represented by eigenfeatures than by
arrays of pixel intensities. This superiority of the
eigenfeatures over pixel representations suggests that
eigenfeatures are semantically relevant.

Semantic relevance has also been demonstrated by

O’Toole, Abdi, Deffenbacher, and Valentin (1994) and
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