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Abstract

Current domain adaptation methods for face anti-spoofing
leverage labeled source domain data and unlabeled target
domain data to obtain a promising generalizable decision
boundary. However, it is usually difficult for these methods
to achieve a perfect domain-invariant liveness feature disen-
tanglement, which may degrade the final classification per-
formance by domain differences in illumination, face cate-
gory, spoof type, etc. In this work, we tackle cross-scenario
face anti-spoofing by proposing a novel domain adapta-
tion method called cyclically disentangled feature translation
network (CDFTN). Specifically, CDFTN generates pseudo-
labeled samples that possess: 1) source domain-invariant live-
ness features and 2) target domain-specific content features,
which are disentangled through domain adversarial training.
A robust classifier is trained based on the synthetic pseudo-
labeled images under the supervision of source domain la-
bels. We further extend CDFTN for multi-target domain
adaptation by leveraging data from more unlabeled target
domains. Extensive experiments on several public datasets
demonstrate that our proposed approach significantly outper-
forms the state of the art. Code and models are available at
https://github.com/vis-face/CDFTN.

Introduction

In recent years, face recognition has become a prominent
technique for identity authentication and has been widely
used in our lives. However, existing face recognition systems
are vulnerable to face presentation attacks such as printed
photos (i.e. print attack), digital images or videos (i.e. replay
attack), and 3D facial masks (i.e. 3D mask attack), etc. In
light of this urgency, the development of face anti-spoofing
(FAS) technique has shown increasing significance in face
recognition systems.

Various approaches have been proposed to train a gener-
alizable classifier on different FAS scenarios. Most of ex-
isting solutions exploit multi-source domain generalization
(DG) methods to learn a domain agnostic representation that
aligns discriminative features on source domains, such that
the model can generalize to the target domain without ac-
cessing its data. In practice, however, labeling the multiple
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Figure 1: Framework comparison among our proposed
method and previous UDA methods. The previous UDA
methods translate generalized features which do not fit clas-
sification well. Our CDFTN method can disentangle and ex-
tract domain-invariant liveness features for better classifica-
tion on the target domain.

source domains is time-consuming and laborious. Moreover,
since we have access to plenty of unlabeled facial image data
from an existing face recognition system, domain adaptation
(DA) forms a natural learning framework for FAS. DA meth-
ods seek to aid cross-scenario FAS by extracting domain-
indistinguishable feature representations from both labeled
source data and unlabeled target data. Therefore, they can
exploit rich information in the unlabeled target domain and
obtain a more robust decision boundary.

On the FAS task, domain-invariant liveness feature ex-
traction and translation are crucial to the final classification
performance. Based on this thought, we assume that facial
images in the FAS task could be mapped into two latent
feature spaces: 1) a domain-invariant liveness feature space
that represents the live-or-spoof attribute and 2) a domain-
specific content feature space that represents face category,
background environment, camera, and illumination, which
is irrelevant to live-or-spoof classification. In this work, we
propose a simple but effective cyclically disentangled fea-
ture translation network (CDFTN) to deal with the cross-
scenario face anti-spoofing problem. Figure 1 presents how



to learn CDFTN with source and target domains.

In specific, CDFTN aims at generating cross-domain
pseudo-labeled images, which is achieved by swapping the
domain-invariant liveness features and the domain-specific
content features from different domains. The labels of syn-
thetic images are assigned to be the same as those of
source domain images. To obtain disentangled representa-
tions along with effective generators, we employ GAN-like
(Goodfellow et al. 2014) discriminators to conduct domain
adversarial training. In addition, cyclic reconstruction and
latent reconstruction are used to guarantee the effectiveness
of disentangled feature translation. We finally train a robust
classifier on the generated pseudo-labeled images and eval-
uate the trained classifier directly on the target dataset for
testing. In contrast to existing DA-based FAS methods (Li
et al. 2018; Wang et al. 2021a) that directly make decisions
based on the exacted domain-invariant features, we instead
use these features to synthesize training samples and obtain
a discriminative classifier on synthetic pseudo-labeled train-
ing images.

Given the practical scenario that unlabeled target datasets
from multiple domains are accessible, we extend our pro-
posed method from single-source — single-target feature
translation to single-source — multiple-targets translation.
This extended network allows domain-invariant liveness fea-
tures to transfer within multiple domains and generates
pseudo-labeled images for each target domain. We finally
train a robust classifier based on all pseudo-labeled images.

The contributions are summarized as follows:

* To tackle the cross-scenario FAS problem based on la-
beled source domain data and unlabeled target domain
data, we propose to generate pseudo-labeled images to
train a generalizable classifier.

e We design a novel feature translation framework us-
ing disentangled representation learning based on do-
main adversarial training; we also extend the framework
from single-source — single-target to single-source —
multiple-targets feature translation.

* Given unlabeled target domain data without other depth
or temporal information, our approach achieves superior
performance over the state-of-the-art methods.

Related Works
Face Anti-spoofing Methods

Traditional face anti-spoofing methods extract hand-crafted
features such as LBP (Mditti, Hadid, and Pietikédinen 2011),
HOG (Komulainen, Hadid, and Pietikédinen 2013), and SIFT
(Patel, Han, and Jain 2016) to capture spoof patterns. With
the recent development of deep learning, researchers use
convolutional neural networks (CNN) to exploit deeper dis-
criminative feature representations for face presentation at-
tack detection (Atoum et al. 2017; Feng et al. 2020; Liu,
Jourabloo, and Liu 2018; Yu et al. 2020a,b). CNN is used as
a feature extractor for presentation attack detection, which
is fine-tuned from ImageNet-pretrained ResNet (He et al.
2016) and VGG (Simonyan and Zisserman 2014). (Feng
et al. 2020) proposes a residual-learning framework to learn
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the discriminative spoof cues in the framework of anomaly
detection. (Yu et al. 2020a) regards face anti-spoofing prob-
lem as a material recognition problem. (Yu et al. 2020b) pro-
poses a framework based on central difference convolution.
Several recent works (Feng et al. 2016; Wang et al. 2020b;
Xu, Li, and Deng 2015) utilize LSTM or GRU to extract
discriminative features in a stochastic manner for better clas-
sification performance. (Zhang et al. 2020b) trains the net-
work in a unified multi-task framework. Although FAS has
achieved great development in the past decade, the previ-
ously discussed methods only focus on a single domain and
cannot generalize well on others.

Unsupervised Domain Adaptation

Several recent domain generalization methods (Jia et al.
2020; Quan et al. 2021; Shao et al. 2019; Wang et al. 2020a;
Liu et al. 2022; Wang et al. 2022) have achieved remark-
able development on cross-domain FAS problem. Neverthe-
less, amount of unlabeled target data are available in some
scenarios. But the data labeling work is laborious and time-
consuming. Unsupervised domain adaptation (UDA) pro-
vides an alternative way by transferring knowledge from
source domain to target domain. There are various types
of proposed methods: (i) minimizing discrepancy between
source and target domains sub-spaces (Gong et al. 2012;
Long et al. 2013; Pan et al. 2010; Sun and Saenko 2015);
(ii) domain confusion with adversarial approach (Donahue,
Krédhenbiihl, and Darrell 2016; Kim et al. 2017; Tzeng
et al. 2017); (iii)) domain transformation with image-to-
image translation (Lee et al. 2018; Yi et al. 2017; Zhu et al.
2017). However, there are only a few existing works fo-
cusing on FAS in the UDA framework, within which (Li
et al. 2018) proposed a UDA framework for presentation-
attack detection by minimizing Maximum Mean Discrep-
ancy (MMD) (Gretton et al. 2012); (Jia et al. 2021; Wang
et al. 2021a) proposed a UDA framework with adversar-
ial training to improve the generalization capability of FAS
model on target scenarios. (Wang et al. 2021b) proposed a
self-domain adaptation framework to leverage the unlabeld
test domain data at inference. However, it is usually diffi-
cult for these methods to achieve a perfect domain-invariant
liveness feature disentanglement, which may degenerate the
final classification performance.

Disentangled Representation Learning

Deep neural networks are known to extract features where
multiple hidden features are highly entangled (Peng, Li, and
Saenko 2020; Zhuang et al. 2015). Disentangled represen-
tation learning focuses on extracting relevant features given
a large variation of each dataset as well as irrelevant fea-
tures that depict the relations between different domains. Re-
cently, more and more state-of-the-art methods utilize gener-
ative adversarial networks (GAN) (Goodfellow et al. 2014)
and variational autoencoders (VAE) (Kingma and Welling
2013) to learn disentangled representations given their suc-
cess on image generation tasks. In the scenario of FAS, (Liu,
Stehouwer, and Liu 2020) designs a novel adversarial learn-
ing framework to disentangle the spoof traces from input
faces as a hierarchical combination of patterns at multiple
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Figure 2: An overview of the model architecture. The network in Stage 1 visualizes the following functions of our model: 1) by
applying a pair of different encoders (i.e. E and E€) in each domain, our model factorizes the liveness features and content
features. 2) by using liveness discriminator D* and classifier C, our model extracts domain-invariant liveness features through
adversarial domain adaptation. 3) by exchanging 2 between domains, the generator G generates images based on cross-domain
feature representations. Generated images in target domain &, would be passed to Stage 2 to obtain a domain-adapted classifier

M.

scales. (Wang et al. 2020a) proposed a disentangled repre-
sentation learning for cross-domain face presentation attack
detection. (Zhang et al. 2020a) proposed a CNN architec-
ture with the process of disentanglement and a combina-
tion of low-level and high-level supervision to improve gen-
eralization capabilities. Despite great achievement in FAS
based on multi-level supervision, those methods cannot dis-
entangle domain-specific and domain-invariant presentation
attack representations thus would still overfit on training set.

Proposed Method

The full network is illustrated in Figure 2. In this section, we
introduce our problem statement and objectives, and then go
through our proposed method in more details.

Suppose we have source dataset with n, labeled exam-
ples S = {(z,y})}s, € X, where 2t € RITXWX3 de-
notes the i*" source image and H, W stand for the height
and width of 2. Given the scenario of FAS, y’ is a one-hot
vector with two elements corresponding to its label repre-
senting genuine or spoof. Similarly, we have a target dataset
which includes n; unlabeled examples 7 = {(z})}t, € X;
where xi € RH*XWX3 denotes the i*" target image with
the same size as xé Due to domain shift, the marginal dis-
tributions of source and target datasets are different, i.e.,
Ps(X,) # Pr(X;). The ultimate goal of our proposed
method is to train a classifier that could effectively estimate
Pr(Y;| X,) without the prior knowledge of Pr(Y;).

Cross-Domain Feature Disentanglement

We first learn the common liveness-related features from
source and target domains. Figure 2 presents our network.
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Given the scenario of face anti-spoofing, we assume that
both domains share common liveness properties despite the
apparent differences between domains. We aim at mapping
inputs from both domains into a common space. We first ap-
ply a pair of liveness encoder EL and EF to extract domain-
invariant liveness features z and zt , and a pair of content
encoder E¢ and E€ to extract domain- specific content fea-
tures z& and z¢ To determine the domain affiliation of ex-
tracted features ZSL and 2%, we conduct domain adversarial
training by applying a GAN-like (Goodfellow et al. 2014)
discriminator D, We formulate the domain adversarial loss
as follows:

pin, max Lo =B po (e log DY(E{ (xs))]
+Eqp, ~pr (2 [log(1 — DE(EE (24))))-
(1)

The discriminative property of encoded feature 2~ is de-
termined by labels of source domain. The cross-entropy loss
of liveness feature from domain S is formulated as follows:

DI

2
where C is a binary classifier. A pair of decoders G5 and
G, is applied to reconstruct the extracted features back to
original input image at the pixel level. We formulate recon-
struction loss £7¢ as:

_E(wa :ys)'\’PS (ws yys) [ys log O(ESL ('1:3

min L .o =
EL.C cls

)
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where d € {s,t} and f € {L,C}.

Single-Target Feature Translation

Besides learning a common space for domain-invariant
features, we also transfer them from labeled source do-
main to unlabeled target domain and use them to generate
pseudo-labeled images. The architecture of feature transla-
tion framework is shown in the Figure 2. We further train a
robust classifier on pseudo-labeled images and evaluate the
classifier directly on original images in target domain. To
generate ideal pseudo-labeled images, the extracted domain-
invariant liveness features are swapped between domains
and concatenated with corresponding domain-specific con-
tent features; then the concatenated feature is fed into G
and G, to construct fake images: #; = Gy(zF, 25), 2, =
Gy(zL,2¢) and & denotes pseudo-labeled i images. To syn-
thesize authenticate images, we further add a pair of discrim-
inators D, and D, to differentiate between Z; and x4, Z; and
x¢. The adversarial loss is formulated as:

max C“

D.D, Y _ExSNPS(acS)[IOg Ds(xs) + log(l - Ds(‘%s))]

+El‘t"’P7'(-'L't)[10g Dt(‘rt) + log(l — Dt(’jﬂt))]
4)

Inspired by (Zhu et al. 2017), the trained feature encoder and
decoder functions should be able to bring = back to the orig-
inal input, which is called cycle consistency. This statement
holds an intuition that if the mapping functions are able to
transfer features from domain S to domain 7, then they are
also expected to bring the same features back to the original
domain. The cycle-consistency loss is formulated as:

mln Ecy :ET NPs(ars)[HG (
Gaq,E

£ (@), BS (25)) = 2s]1]

By pr () (|G (L (25), BY (24)) — @ell1].
&)

Finally, to enforce the liveness features extracted from
zs(xy) and 2+(Z ) to be unchanged after translation, we also
apply the reconstruction loss between the domain-invariant
liveness features as follows:

min £l =E,.~ps( Q[HE (2s) —

min, EF (@)l

. . 6)
HEa, Py (an 1B (20) = B (25)|1]-

Full Objective Function

The whole network is trained step by step and we denote this
training algorithm as Single Source to Single Target which
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abbreviated as SS2ST. Optimization of proposed loss func-
tions could be summarized as the following two stages:
Stage 1 is shown in the first columns of Figure 2. We first
simultaneously optimize Equations (1)-(6) to achieve both
liveness feature domain adaptation and inter-domain trans-
lation. The objective function is:

min max £l
Gq4,Ef D¥,Dq

= Lasr +MLpr 4+ XLE + A3 L7 + ALY + A L1,
)

where {\.},_, are hyper-parameters.
Stage 2 is the training step as shown in the second columns
of Figure 2. After Equation (7) converges, all parameters in
CDFTN are fixed to generate pseudo-labeled images. The
ultimate classifier (denoted as M) is trained on generated
image %;. We adopt two different architectures of the classi-
fier for comparisons. For the first one, we select the LGSC
(Feng et al. 2020) as the classifier since the method presents
the best performance. The second one is the binary classifier
of ResNet-18 (He et al. 2016). We denote these two differ-
ent classifiers by L and R for short in the following (i.e.,
CDFTN-L and CDFTN-R). According to (Feng et al. 2020),
the proposed loss consists of a auxiliary binary classification
loss L, a spoof cue L, regression loss £, and triplet loss
Lri, while only binary classification loss £, is considered
for ResNet-18(He et al. 2016). Therefore, the loss of stage 2
is defined as:

min £stage2

=1Ly + ol + aslyy, ®

are hyper-parameters defined in (Feng et al.
the relative importance of each objectives.

where {a k }
2020) to contro]I

Multi-Target Feature Translation

We propose to extend CDFTN to include multiple unlabeled
target datasets. The network is presented in Figure 3. Sup-
pose we have one labeled source domain and N unlabeled
target domains, we use different hveness encoders EL and
{EEYY, to extract liveness features 2% and {{}Y, and
apply N separate liveness discriminators {Df}f\il for do-
main adversarial training.

The extracted liveness features z“ are transferred via a
forward loop from source domain S to the target domain
71, from 77 to target domain 7s, ..., and finally from target
domain 7 back to source domain S. We use different con-
tent encoders £ and {EC}N L to extract domain-specific
content features & and {zt Y, and apply different de-
coders G5 and {Gy, }Y , in each domain to generate images
{#,}¥,. Similar to the training step as Figure 2 mentioned,
we synthesize pseudo-labeled images {7, Y| and train a
robust classifier M on all pseudo-labeled images. Similar to
SS2ST, we denote this model extension module as Single
Source to Multiple Targets short for SS2MT. The training
steps are shown in Algorithm 1. When N = 1, 1 reduces to
the SS2ST method.

L
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Figure 3: Network structure of multi-target translation where
the model includes one labeled source domain and three un-
labeled target domains corresponding to experimental set-
tings. Forward consistency visualizes the path that z* fea-
tures are transferred through whereas backward consistency
presents the path that 2% transferred back to the original do-
main. The synthetic pseudo-labeled images from multiple
target domains (&4, , £+,, £+,) are combined to train a classi-
fier M.

Experiments
Databases

We provide our evaluations on four publicly available
databases for cross-domain FAS: CASIA-MFSD (Zhang
et al. 2012) (C for short), Replay-Attack (Chingovska, An-
jos, and Marcel 2012) (I for short), MSU-MFSD (Wen, Han,
and Jain 2015) (M for short) and Oulu-NPU (Boulkenafet
et al. 2017) (O for short). For SS2ST, we regard each dataset
as a single domain to evaluate our model by selecting a
source and target domain pair. The whole source domain
dataset and the training set of target domain will be utilized
in the training process. Therefore, in SS2ST we will experi-
ment upon the following 12 scenarios: C - I,C —- M, C —
oI-c¢1-—MI—-0M—->CM—->IM—-0,0—-C,
O — I and O — M. For SS2MT, among datasets C, I, M and
O, we also select one as labeled source and the other three as
unlabeled targets. Thus in SS2MT we have 4 scenarios: C —
[&M&O, I - C&M&O, M — C&I&O and O — C&I&M.

Evaluation Metrics

‘We use the Half Total Error Rate (HTER), which is the mean
of False Rejection Rate (FRR) and False Acceptance Rate
(FAR) for cross-domain FAS:

FRR+ FAR
2 ®

We also export Area Under the Curve (AUC) for quantitative
comparison between SS2ST and SS2MT.

HTER =

Implementation Details

In our experiment, we crop the human faces out of original
images. For datasets that offer no face location ground truth,
we use the DIlib (Kim et al. 2017) toolbox as the face detec-
tor. We resize our input image to 224 x 224 x 3, where we
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Algorithm 1: Training Procedure of CDFTN

Input: Source S; Target {7;} . ; Feature encoder
LABEYY,, EC {EZ}X s Decoder G,
{Gti }¥; Discriminator { D}, D,
{Dy,}N ; Classifier C, M
Output: well-trained M *
Notation: D = {s, {t;}Y,}, F = {L,C}
1 while stage I not converged do

2 Random sample a mini-batch X from S and

mini-batches X3, ..., X, from Ty, ..., Tn;

3 Adversarial domain adaptation;

s | 2F = BE(XL). = = BECX) WY

5 | Update C, EL with (2);

6 | Vde D,update EY, {DF}N | with (1);

7 Image generation;

8 - G (Zth SC),

9 xtl =Gy, (zF Ztl) {2, = Gy, (2, 20) Mo
10 Vd € D, update EY, G4 with (4, 3), D, with (4);
11 Cycle Consistency;

2 | 2V =G (BE(2,), ES(2,));

13 2 = G, (BE, (81,,,), BE (20)) 15
14 y = Gy (BI (i), B (2ey)):

15 Vd € D,Vf € F, update Bl , Gq with (5, 6)
16 end

17 while stage 2 not converged do

18 Vd € D,Vf € F, ﬁxEd,Gd,Ddand{D e 1;
19 Pseudo-labeled image synthesis;

n | (@, = G (eF 20V

21 Classification;

22 Update M with (8)

23 end

extract the RGB channels of each image. Training examples
are resampled to keep the live-spoof ratio to 1:1. We imple-
ment Equation (7) and Equation (8) separately. The Adam
optimizer (Kingma and Ba 2014) is applied for both stages.
In Stage 1, the learning rate is set as 1 x 10~2 and betas of
optimizer are set to (0.5, 0.999); we choose values of A1, Ao,
As, Ag4 as 1, 1, 10, 10, respectively; the batch size is set to
be 2 and the training process lasts for 30 epochs. In Stage 2,
we set aq, aig, g to be the same as (Feng et al. 2020). Dur-
ing training, the batch size is set to be 32 and the classifier
would be trained for 5 epochs.

Comparison with State-of-Art-Methods

We compare our proposed method with other DA methods.
The results are presented in Table 1. It can be found that
the result of our proposed framework outstrips other meth-
ods. This is because our method encourages feature trans-
lation instead of simply domain adaptation that leverages
target domain-specific features to obtain a robust and gen-
eralizable classifier. However, our method does not signifi-
cantly improve cross-database testing performance when the



Method C-IC—-MC—-0I-CI-MI-OM—->-CM—->IM—-00—-CO0O—=1I0—-M Avg.

ADDA (Tzengetal. 2017) 41.8  36.6 - 49.8 351 - 390 352 - - - - 39.6
DRCN (Ghifary et al. 2016) 444  27.6 - 489 42.0 - 289 368 - - - - 38.1
DupGAN (Huet al. 2018) 424 334 - 46.5 36.2 - 27.1 35.4 - - - - 36.8
KSA (Liet al. 2018) 393 151 - 123 333 - 9.1 34.9 - - - - 24.0
DR-UDA (Wang et al. 2021a) 15.6 9.0 2877 342 290 385 168 3.0 30.2 195 254 274 231
MDDR (Wang et al. 2020a) 26.1 202 247 392 232 33.6 343 8.7 31.7 21.8 276 220 26.1
ADA (Wang et al. 2019) 17.5 9.3 29.1 415 305 396 177 5.1 31.2 19.8 268 315 250
USDAN-Un (Jia et al. 2021)  16.0 9.2 - 302 258 - 13.3 34 - - - - 16.3
CDFTN-R 5.4 144 325 87 129 251 135 5.6 28.2 10.0 2.2 7.1 13.8
CDFTN-L 1.7 8.1 299 119 9.6 299 8.8 1.3 25.6 19.1 5.8 63 132

Table 1: Cross-database testing results in comparison on four testing domains between our method and other methods. CDFTN-
R and CDFTN-L denote using ResNet-18 and LGSC as the binary classifier respectively.

Method SS2BT SS2ST SS2MT
Cramso PR 15s
ocamso HIERG b 1L 0
wcaiso WIERG) 10110 113
ocasn MEKE 1008 o

Table 2: Cross database testing results on the combination
of three target domains. The results are reported as the aver-
age HTER and AUC scores. Specifically, the HTER scores
of SS2ST are accordingly the arithmetic average of those
shown in Table 1.

source domain is CASIA-MFSD and the target domain is
Oulu-NPU. There two possible reasons for this result. (1)
Oulu-NPU dataset is created with more presentation attack
instruments (2 printers and 2 display devices vs. less in other
datasets). (2) Oulu-NPU videos are recorded at Full HD res-
olution, i.e, 1920 x 1080, which is the resolution of high-
quality videos of CASIA-MFSD. Therefore, resizing high-
resolution images like Oulu-NPU will significantly blur the
image and cause the performance drop.

Effect of Multi-Target Feature Translation

We further conduct extensive experiment to illustrate the
effect of model extension. In addition to SS2ST and
SS2MT, we also conduct Single Source to Blending Targets
(SS2BT), which applies the same model as SS2ST, but the
target domain is a mixture of multiple target domains. We
report the average HTER and AUC score of the three target
datasets and the results are shown in Table 2. It could be dis-
covered that the results of SS2MT are significantly superior
to those of SS2BT, which shows the single target liveness
encoder is not capable of extracting a robust liveness feature
for multiple sub-domains in a mixed target given the large
variation between sub-domains. Therefore, regarding multi-
ple sub-domains as separate individual domains, model ex-
tension will achieve better performance.

We also observe that the average HTER and AUC scores
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of SS2MT are better than those of SS2ST. It implies
that liveness feature of source domain in SS2MT contains
more abundant information compared with SS2ST. In fact,
SS2MT adapts liveness feature from source domain to mul-
tiple target domains, driving it to capture liveness informa-
tion from more scenarios. In addition, SS2MT requires only
one training cycle to obtain the results for multiple target
domains.

Ablation Study

We perform an ablation study to evaluate the contribution
of each component of Equation (7) and compare the perfor-
mance between two state-of-the-art binary classifiers: LGSC
(Feng et al. 2020) and ResNet-18 (He et al. 2016). As also
could be seen from the first five lines of Table 3, 1) we evalu-
ate the performance of CDFTN w/o L,z (CDFTN without
optimization of Equation (2)), and the performance is worse
than full model. This is because optimization of Equation (2)
drives 2L to be discriminative. 2) CDFTN w/o L£¢ drops
the optimization of cycle consistency loss, and its perfor-
mance is worse than the full model. We consider that cy-
cle consistency helps liveness feature transfer in a closed-
loop instead of any random paths. 3). CDFTN w/o L£"¢ re-
moves the contribution made by reconstruction loss, also re-
sulting in worse performances, which illustrates that self-
reconstruction loss is also crucial to regularize the feature
mapping process. 4). CDFTN w/o £'** removes the contri-
bution made by latent reconstruction loss, and the results are
also worse than the full model; in fact, optimizing £'** en-
sures that liveness features extracted from original input and
pseudo-labeled images are identical.

It could be discovered from Table 3 that all loss compo-
nents are crucial to achieving the optimal solution. Compar-
ing all components, £7¢ is the most important as it aims at
a robust reconstruction of original images during training;
L' is the second most important component as it enforces
the liveness encoders to extract unchanged liveness features
when encoding original images and pseudo-labeled images.

Visualizations

Figure 5 presents our generated images (middle row) based
on liveness feature of source domain (top row) and content
feature of target domain (bottom row). We train classifier



Method I-CM—-CO—-CC—->IM—-I10—-1IC—->MI—->MO — M Avg.
CDFTN-Lw/o L, 129 119 199 23 160 99 156 100 94 120
CDFTN-L w/o £¥¢ 124 144 238 19 49 62 11.1 152 93 11.0

CDFTN-Lw/o L™ 478 242 197 36 106 74 17.0 11.1 355 19.7
CDFTN-L w/o £t 19.3 146 214 3.8 14 62 8.3 19.1 108 11.7
CDFTN-L 119 8.8 191 1.7 13 58 8.1 9.6 63 8.1

Table 3: Evaluation of each loss parts of our proposed framework on C, I, O and M.

Print attack

Replay attack

Figure 4: Grad-CAM (Selvaraju et al. 2017) visualizations
of print attack, replay attack and real images by the ResNet-
18 (middle row) and CDFTN-R method (bottom row) under
the task I — C. Original images are shown in the top row.

Generated Source

Target

Figure 5: Visualizations of the generated images &; (middle
row) based on the liveness features of source domain (top
row) and content features of target domain (bottom row),
ie @ = Gy(2F, 2°), giventask C — LM — Iand O — L

M on the generated images. From the perspective of image-
to-image translation, faces in different domains possess dif-
ferent identities and backgrounds, thus do not fulfill a strict
bijection relationship and cycle consistency cannot be com-
pletely satisfied. Therefore, the generated images appear to
be a random mixture of both domains and do not have de-
cent quality. However, our main purpose in this work is to
improve the performance of cross-domain face anti-spoofing
and the current generated images are good enough to possess
cross-domain feature representations.

As shown in Figure 4, we adopt Grad-CAM (Selvaraju
etal. 2017) to show the class activation map (CAM) between
the methods with and without CDFTN method. It shows that
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(a) Before translation (b) After translation

Figure 6: The t-SNE (Maaten and Hinton 2008) visualiza-
tion of feature distributions before and after feature trans-
lation upon task M — I. Blue and orange points repre-
sent source and target domain, respectively. Circle and cross
points represent live and spoof samples, respectively.

the classifier based on ResNet-18 mostly focuses on the face
region. However, our method CDFTN-R pays more attention
to the region of hands and the edge of paper or screen.

Qualitative Analysis

Considering the task of M — I, we visualize the feature dis-
tribution learned before and after feature translation to eval-
uate the optimization of domain divergence in Figure 6(a)
and Figure 6(b), respectively. We randomly select 500 in-
stances from each domains and plot t-SNE (Maaten and Hin-
ton 2008) graphs. Comparing Figure 6(a) and Figure 6(b),
we can discover that after adaptation, domain components
are merged better than before, showing similar distributions
between source and target domains. In addition, from the
perspective of discriminative capability, a much clearer de-
cision boundary is presented after feature translation.

Conclusion

Cross-scenario face anti-spoofing remains a challenging task
due to large variations in domain-specific features. In this
work, we propose CDFTN to improve the current DA meth-
ods on FAS tasks. CDFTN achieves feature translation
through swapping domain-invariant liveness features within
domains. To achieve cyclic reconstruction, we propose to ap-
ply cycle consistency, self-reconstruction, and latent recon-
struction modules. We train a classifier on pseudo-labeled
images that generalizes well to target domain. Our exper-
iments focus on evaluating the cross-database FAS perfor-
mance and verify that our proposed method outperforms the
state-of-the-art methods on various public datasets.
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