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Abstract In recent years, the malicious use of deepfake technologies has led to serious problems, including violations of
privacy and the spread of misinformation. Conventional deepfake detection methods often depend on the specific learning
algorithms they target and therefore fail to remain effective against other models. In this study, we propose and evaluate the

transferability of adversarial landmark perturbations that are designed for a target model while maintaining their effectiveness

across different models.
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72 Ablation Study
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HRNet ULB + (AJBLEZHEMZ L) | 0420
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FAN ULB + (@IWEAMFFRL) | 0714
FAN ULB + (AECEZERRAIZ L) 0.763
FAN ULB + 0.771
WZ PRI N, —F, BROZ Y F~— RO G

1EH % R 8 U 74288730 ULB+ 1 & 21 8BIER T, 3T
T FANDBEEIEL, IO RELEZT Y F~— 2 HELB
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BT 7OV T 2 R ZE RN D W TEBEI R S T
BIrRRBLTED, B—EF IRt L =88 L L
T, X HAMNREE SO TR eEZ NG, /2L,
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~—ZHEICE, ETAHOMENEREER LGP EE
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4.4.2 Deepfake FAfHl DR
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