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Empirical Results The evidence for seen fake categories FR and EFS is condensed in
their corresponding corner with low uncertainty, while the

( N\ ([

Face Reenactment
\_ J U J

f

o’

TABLE I: Comparisons of model performance with diverse baseline methods implemented by ourselves for the OSFFD problem. We use
different data configurations for the seen and unseen fake categories. For “FS”, “FR”, and “EFS”, we let each fake category be the unseen

category and let the remaining two be seen categories. For “FE & SM”, we t'e.;ke Fs: FR, and El;S as seen categories and let FE and SM eVIdence for nove' fa ke Catego rIeS FS d nd F E IS Spa rse Wlth h Igher

be the unseen categories. The best results are highlighted in bold.

FS FR EFS FE & SM Avg unce rta | nty
Methods Acc DR Acc DR Acc DR Acc DR Acc DR
: OC-FakeDect [23] 58.16 14.68 60.69 11.43 56.14 9.01 56.74 11.67 57.93 11.70
Real Faces Face Swapplng Two-stage SBI [48] 65.15 1.07 64.19 3.0 6124 09I 6227  0.66 63.21 1.41
\\ Y, J / Xception [41] 64.60 23.90 53.51 29.06 57.62 22.70 55.28 29.04 57.75 26.17
o SPSL [30] 65.07 16.71 54.10 18.93 59.67 18.12 60.02 25.98 59.71 19.93
/ \ CNN-based + OSR SIA [50] 62.09 13.59 54.62 13.36 56.85 10.99 56.29 22.53 57.46 15.12
S Cl : T - I I U C f T . UCF [64] 65.08 0.30 50.98 0.20 52.95 1.28 52.69 1.80 55.42 0.89
NPR [52] 75.37 17.37 64.63 6.75 70.43 436 71.45 29.20 70.47 14.42
cen asSes 111 ralnlng I\ I Nseen ategory or eStlng CLIP Closed Set Finetuning 67.24 \ 65.19 \ 64.53 \ 66.24 \ 65.80 \
-— CLIP Zero-Shot [40] 52.30 0.81 50.36 0.26 46.01 0.38 47.62 0.25 49.07 0.43
. CLIP-based + OSR UnivFD [37] 68.81 3.88 64.00 2.48 63.21 0.73 66.34 8.22 65.59 3.83
- CLIPing [24] 66.44 14.38 62.41 6.09 61.29 4.92 66.26 19.27 64.10 11.16
Real faces and fake faces from the seen categories are used to CLIPin 6644 1438 | 6241 609 | 6129 4% | 6626 1927 | 6410 1Ll
. Ours 7137 33.61 66.83 34.92 75.52 3471 74.48 82.18 72.05 46.35
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Xception [41] 71.73 67.98 67.19 67.49 68.60 Zero-Shot with MaxLogit .81 026  0.38 0.25 0.42
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