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Application Challenges

 Facial authentication on
mobile devices
* Video surveillance

* modality discrepancy.
* lack of training samples

Contributions

* An end-to-end Disentangled Variational Representation (DVR) is developed, aiming at disentangling the
heterogeneous face representations.

* The identity information minimization and the relaxed correlation alignment constraint facilitate modeling the
compact and discriminative disentangled latent variable spaces for heterogeneous modalities.

* An alternative optimization is proposed to provide mutual promotion between HFR network and disentangled
variational representation part.

* DVR significantly improves the performance of HFR on three datasets.
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Framework

Disentangled Variational Representation
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An overview of the proposed DVR approach. The NIR and
VIS representations xy and x; are disentangled into
(un, oy) and (uy, ay), respectively. We assume that there is
a linear relationship, P, between lighting variations, 1.e.
oy = Poy. The mean discrepancy is used to measure the
difference between NIR and VIS distributions in the latent
space. The reconstructions X, and X, are obtained from the
likelihood p(xy|zy) and p(xy|zy), respectively and are
constrained by the cross-entropy loss.

Formulation

Disentangled Variational Representation
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correlation alignment constraint

Heterogeneous Recognition Network
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mm) Constraints

Jas = softmax(z;, y; W, ©) + softmax(z;, y; W, 0),i € {N,V}.

Original features
from true images

Synthesis features

sampling from DVR

True Positive Rate

Performance

(a) CASIA NIR-VIS 2.0 ROC

(b) Oulu-CASIA NIR-VIS ROC

(c) BUAA-VisNir ROC
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