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Exploring aligned latent representations for
cross-domain face recognition
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(School of Electronic Engineering » Beijing University of Posts and
Telecommunications, Beijing 100876, China)
* Corresponding author , E-mail ; myname35875235 @126. com

Abstract: Cross-domain face recognition (FR) has always been a research hotspot in the field of face
recognition. It has high application value and development potential in real applications such as securi-
ty and criminal investigation. The existing cross-domain face recognition methods usually establish the
correlation between different domain faces in the image space or latent subspace, but ignore the intrin-
sic relation between the two, which easily leads to the loss of inter-modal correlation information. In
order to solve this problem, in this paper, we propose a novel method, called Cross-Domain Represen-
tation Alignment (CDRA). CDRA algorithm explores the correlation between different domain face

data in the face image space and latent space. First, in order to reduce information loss, the CDRA al-
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gorithm can learn the latent feature representation containing discriminant information by reconstruc-
ting the face in a single domain. Then, in image space, CDRA algorithm is used to cross domain from
different domain latent features. In the latent space, CDRA directly aligns the latent feature represen-
tations of different domain by aligning the latent Gaussian distribution of different domain data, which
promotes the feature representation to learn the cross domain information of different domain faces in
different spatial dimensions and levels. Experimental results indicate the average face recognition ac-
curacy rate of CDRA is 97. 2% on Multi-Pie dataset, and 99.4% = 0.2% on CASIA NIR-VIS 2.0
dataset. Simultaneously, the efficient cross-domain face synthesis is realized. The learned latent fea-
tures of our CDRA method can obtain the essential cross-domain information in both image space and
latent subspace for cross-domain FR task, which can effectively improve the cross-domain face recog-
nition.

Key words: cross-domain face recognition; variational auto-encoders; face synthesis; latent subspace
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Tab. 1 Face recognition accuracy rates on Multi-Pie
dataset %)
ok : J\Hbﬁlfﬁ:ﬁﬂa :
+£60° 4+45° £30° +£15°  Avg
FIP+LDA 7 459  64.1 80.7 90.7 70.4
MVP-+LDA ) 60.1 72.9 83.7 92.8 77.4
CPF (%8 61.9 79.9 88.5 95.0 81.3
DR-GANM7 83,2 86.2 90.1 94.0 88.4
CAPG-GANP 90,6  97.3  99.5 99.8 96.8
CDRA 91.8 97.5 99.6 99.8 97.2
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Tab. 2

Experimental results of face recognition on CA-

SIA NIR-VIS 2. 0 dataset %)

Bk Rank-1 TAR(FAR=0.1%)
KDSR™ 37.5 9.3
Gabor+RBM™"  86.2 4 1.0 81.3 = 1.8
IDNet"*"] 87.1 + 0.9 74.5
CDL & 98.6 + 0.2 98. 3+ 0.1
ADFL B! 98.2 +0.3 97.2 +0.3
DVRE 99.1 £ 0.2 98.6 + 0.2
Peng et al. [% 98.7 96.5
CDRA 99.4 4+ 0.2 98.9 + 0.1
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Fig. 7 Visualization of the sketch face synthesis from photos in CUHK-CUFS dataset
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Tab. 3 SSIM value of sketch face synthesis from photos

. SSIM
ik CUHK-CUFS  CUHK-CUFSF

MWE®] 0.539 3 0.429 9
SSDEe 0.542 0 0.440 9
RSLCRF" 0.554 7 0.449 6
FCNE# 0.521 4 0.362 2
GANE 0.493 8 0.366 5
CycleGANL 0.506 4 0.344 8
Dual GANH! 0.516 1 0.374 0
CSGANHZ 0.452 8 0.342 2
EGGAN®# 0.518 2 0.374 8
CDRA 0.610 6 0.444 3
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Tab. 4 SSIM value of photo face synthesis from sketches

o SSIM
) CUHK-CUFS  CUHK-CUFSF
GANE 0.616 8 0.603 9
CycleGANL] 0.6111 0.5835
Dual GANH! 0.619 2 0.573 2
CSGAN!2 0.583 1 0.603 8
EGGANH 0.632 5 0.584 2
CDRA 0.592 0 0.577 1
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