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ASVspoof2019-LA |23 en 11.85 97.80 TTS, VC
ASVspoof2021-LA |24 en 16.40 116.10 TTS, VC
ASVspoof2021-DF |24 en 20.73 487.00 TTS, VC
ASVspoof5 |25 en 413.49 1808.48 TTS, VC
CFAD |26 zh 171.25 224.55 TTS
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A ID SRR ADD 2023 DEEP-VOICE EfR In-the-Wild  Deepfake-Eval-2024
Track-1.2-R2-Test  Segmented Full Set  original-Test norm-Test Full Set Audio Test
o HuBERT-XL 964 M 18.90 / 35.34 5.67 /1487 249 / 3.67 3.17 /1552 5.23 /17.99 34.08 / 47.72
0.5 wav-/h 95 M 13.02 / 19.41 9.80 /16.22 2194/ 1.05 17.85/ 647 424 / 4.65 33.33 / 31.97
g @ W2v-A A 317 M 13.25 / 12.67 453 / 501 063 / 080 0.97 / 144 191 / 2.25 33.38 / 30.05
£3 MMS-300M 317 M 7.93 /11.22 2.27 / 304 135 / 046 592 / 271 290 / 2.00 32.80 / 31.38
e MMS-1B 965 M 9.06 / 9.46 256 / 2.27 122 / 089 173 / 1.10 1.82 / 1.86 27.70 / 27.55
A + XLS-R-1B 965 M 5.39 / 6.58 252 / 296 574 / 3.16 12.14 /1091 135 / 1.36 26.76 / 26.17
XLS-R-2B 22B 4.67 | 6.84 230 / 2.63 262 / 118 165 / 173 1.23 / 1.31 27.77 / 25.78
XLSR-Mamba (52| 319 M 19.36 6.71 - 6.70
- Resemble Al [53| 2.1B 6.11 1.36 - 3.94
é % SpeechFake [2| 317 M - 4.88 - 2.01
ER] Wav2Vec + VIB [31] - - - 3.93 1.99
e UniSpeech-SAT [53], [54] 96 M 28.21 1.06 15.05
bs XLS-R + SLS [55] 340 M 21.10 5.08 - 7.45
,;:2 = XLSR-Conformer + TCM (56| 319 M 22.74 10.69 - 7.79
s AdaLAM & f-InfoED |57] - - - - 8.36 -
&% P3 [20], 58| 317 M - - - 43.00
g AASIST [20], [59] 0.3 M 32.47 21.64 43.01 55.22
RawNet2 [20], [60] 18 M 64.55 65.68 49.19 48.20
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Fine-tuning setup for AntiDeepfake

Pre-training Post-training Fine-tuning
Pre-train Post-train Deepfake-
data data (Table Il) Eval-2024
Pre-trained Post-trained Fine-tuned
ss. | & ssL = ssL
Self-supervised Cross-entropy Cross-entropy
trastive | loss (binary) loss (binary)
Fine-tuning setup for P3
Pre-training Fine-tuning
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data VoxCeleb2 ASVspoof19 Eval-2024
Updated || Distilled Fine-tuned
SSL SSL

SSL
Cross-entropy
loss (binary)
+ distillation loss

Pre-trained:
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Self-supervised
contrastive loss

Cross-entropy
loss (binary)
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Model ID 4s 10s 13s 30s 50s 4s 10s 13s 30s 50s
w2v- KA 19.56 12.10 10.94 10.52 11.37 24.42 2246 2214 21.15 21.51
MMS-300M 17.15 13.37 12.31 11.05 10.75 19.77 13.29 12.77 12.01 12.29
MMS-1B 12.11  10.36  10.03 8.61 9.37 19.86 10.32 11.55 11.05 11.52
XLS-R-1B 11.85 10.00 9.27 8.50 8.29 1995 17.18 16.31 10.63 11.21
XLS-R-2B 12.14 9.80 9.98 9.46 9.68 12.88 10.75 10.39 9.67 9.98
P3 120 15.38
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