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Figure 1:Framework of the proposed method.
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» Above objective is conducted in feature space regularized by the domain knowledge
» Above objective is conducted between NN — 1 pairs of meta-train and meta-test domains

Attention Map Visualization

Original Binary CNN Ours Results

\_ (a) CASIA ) U (b) Idiap y (c) MSU

Comparison to face anti-spoofing methods for domain generalization on face anti-spoofing
Methods O&C&lIto M O&MA&l to C O&C&M to | |&C&M to O HTER (%)

HETR AUC HETR AUC HETR AUC HETR AUC

MS LBP 29.76 78.50 54.28 44.98 50.30 51.64 50.29 49.31
B CNN 29.25 82.87 34.88 71.94 34.47 ©5.88 29.61 77.54
IDA 66.67 27.86 5517 39.05 28.35 78.25 54.20 44.59

cT 28.09 7847 30.58 76.89 40.40 62.78 63.59 32.71
LBPTOP 36.90 70.80 42.60 61.05 49.45 49,54 53.15 44.09
Auxiliary 22.72 85.88 3352 73.15 29.14 71.69 30.17 77.61 : 50

MMD AAE 27.08 83.19 44.59 £58.29 31.58 75.18 40.98 63.08 Ours Ours_wo/meta Ours_wo/reg Ours Ours_wo/meta Ours_wo/reg

MADDG 17.69 88.06 24.5 84.51 22.19 84.99 27.98 80.02 Evaluation of different components of proposed method in O&M&!I to C set for face anti-spoofing

Ours 13.89 93.98 20.27 88.16 17.3 90.48 16.45 91.16

Comparison to meta-learning for domain generalization on face anti-spoofing Effectiveness of fine-grained learning strategy and second-order derivative information
Methods O&cC&l to M o&Ma&l to C Oo&C&M to | |&C&M to O 08C&l to M 0&M&l to C ORC&M to | |&C&M to O
HETR ~ AUC  HETR ~ AUC  HETR  AUC  HETR  AUC Methods HETR AUC  HETR AUC  HETR  AUC  HETR  AUC
Reptile 2364  85.06 30.38 78.10 36.13 69.01 22.88 82.22 Ours (Aggregation) 1454 9287 2428 8529 2007 8813 1794  90.69
MLDG 23.91 84.81 32.75 74.51 36.55 68.54 25.75 79.52 Ours (First-order) 17.93 87.36 27.47 82.17 26.24 79.32 19.24 87.82
MetaReg 21.17 86.11 35.66 70.83 32.28 67.48 37.72 68.71 Ours 13.89 93.98 20.27 88.16 17.3 90.48 16.45 91.16

Ours 13.89 93.98 20.27 88.16 17.3 90.48 16.45 91.16
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» Bianry CNN pays most attention to extracting the ol R o | o w1 oof\\
differentiation cues in the background or on paper e
edges/holding fingers | | |

» Our method focuses on the region of internal face d - | o o2 “ <\ \
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