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I Face recognition algorithms perform very unreliably when the pose of the
probe face is different from the gallery face: typical feature vectors vary
more with pose than with identity.

I We propose a generative model that creates a one-to-many mapping from
an idealized /identity0space to the observed data space.In identity
space, the representation for each individual does not vary with pose.

I We model the measured feature vector as being generated by a
pose-contingent linear transformation of the identity variable in the
presence of Gaussian noise.We term this model /tied0factor analysis.

I The choice of linear transformation(factors) depends on the pose, but the
loadings are constant (tied) for a given individual.

I We use the EM algorithm to estimate the linear transformations and the
noise parameters from training data.

I We propose a probabilistic distance metric that allows a full posterior
over possible matches to be established.

I We introduce a novel feature extraction process and investigate recognition
performance by using the FERET, XM2VTS, and PIE databases.Recognition
performance compares favorably with contemporary approaches.
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xp×1 = Ap×mFm×1 + εp×1 (1)
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xijk = Fkhi + mk + εijk (2)
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Pr(xijk |hi ) = Gx [Fkhi + mk ,Σk ] (3)

Pr(hi ) = Gh[0, I ] (4)
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θ = {F1 . . . FK , m1 . . . mK ,Σ1 . . .ΣK}
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Recognition – compare likelihoods of models
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I ÏL�#ëêθ��zPr(x , h|θ)�éÜq,Ý(joint likehood):

Q(θt , θt−1) =
I∑

i=1

∫
Pr(hi |xi.., θt−1)

[
J∑

j=1

K∑
k=1

log Pr(xijk |hi , θt) + log Pr(hi )]dhi

(6)
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i |xi ..] = (I +

J∑
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IJ
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J∑
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diag [xijkxT
ijk − F̃kE [h̃i |xi ..]xT

ijk ] (10)
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