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Objective

1. Improve the generalization ability of face
anti-spoofing method to unseen attacks.

2. Cast face anti-spoofing as a domain generalization
(DG) problem and address it in a meta-learning
framework.
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(a) Vanilla meta-learning (b) Regularized fine-grained meta-learning

I Two issues: 1) Learning directions in the meta-train
and meta-test steps are arbitrary and biased; 2) Only
a single domain shift scenario is simulated

I Solution: 1) Incorporate domain knowledge as
regularization to conduct regularized meta-learning;
2) Fine-grained learning strategy divides source
domains into multiple meta-train and meta-test
domains

Attention Map Visualization

Binary CNNOriginal Ours

I Bianry CNN pays most attention to extracting the
differentiation cues in the background or on paper
edges/holding fingers

I Our method focuses on the region of internal face
for searching differentiation cues
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Figure 1:Framework of the proposed method.

I Meta-Train:
L
Cls(T̂i)(θF , θM)

=
∑

(x,y)∼T̂i

ylogM(F (x)) + (1− y)log(1−M(F (x)))

L
Dep(T̂i)(θF , θD) =

∑
(x,I )∼T̂i

‖D(F (x))− I‖2

θMi

′ = θM − α∇θMLCls(T̂i)(θF , θM)

(1)

I Meta-Test:
N−1∑
i=1

L
Cls(T̃ )(θF , θMi

′) =

N−1∑
i=1

∑
(x,y)∼T̃

ylogMi
′(F (x)) + (1− y)log(1−Mi

′(F (x)))

L
Dep(T̃ )(θF , θD) =

∑
(x,I )∼T̃

‖D(F (x))− I‖2

(2)

I Meta-Optimization:

θM ← θM − β∇θM(
N−1∑
i=1

(L
Cls(T̂i)(θF , θM) + L

Cls(T̃ )(θF , θMi

′)))

θF ← θF − β∇θF(L
Dep(T̃ )(θF , θD) +

N−1∑
i=1

(L
Cls(T̂i)(θF , θM) + L

Dep(T̂i)(θF , θD) + L
Cls(T̃ )(θF , θMi

′)))

θD ← θD − β∇θD(L
Dep(T̃ )(θF , θD) +

N−1∑
i=1

(L
Dep(T̂i)(θF , θD)))

(3)

I Analysis:

min
θM

N−1∑
i=1

(L
Cls(T̂i)(θM) + L

Cls(T̃ )(θMi

′))

L
Cls(T̃ )(θMi

′) = L
Cls(T̃ )(θM − α∇θMLCls(T̂i)(θM)) = L

Cls(T̃ )(θM) +∇θMLCls(T̃ )(θM)T(−α∇θMLCls(T̂i)(θM))

min
θM

N−1∑
i=1

(L
Cls(T̂i)(θM) + L

Cls(T̃ )(θM)− α(∇θMLCls(T̂i)(θM)T · ∇θMLCls(T̃ )(θM)))

(4)

I Above objective is conducted in feature space regularized by the domain knowledge
I Above objective is conducted between N − 1 pairs of meta-train and meta-test domains

Results

(a) CASIA (b) Idiap (c) MSU (d) Oulu

 Comparison to face anti-spoofing methods for domain generalization on face anti-spoofing

 Comparison to meta-learning for domain generalization on face anti-spoofing  Effectiveness of fine-grained learning strategy and second-order derivative information

 Evaluation of different components of proposed method in O&M&I to C set for face anti-spoofing
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