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Background

{9 Diminishing returns from post-training on deepfake
detection / localization tasks

[°> Can we have a scalable pre-training recipe for deepfakes?
{ua> What are the desired representation properties and what
data and pretraining task should be used?

@ Type of tokens to predict: Continuous vs Discrete

Pre-training with discrete targets led to degraded performance
(higher EER), we hypothesize this is due to loss of acoustic details
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A strong prior for masked latent prediction: Bottleneck vs
Layer-by-layer
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layers of teacher latent from unmasked speech

®: Layer pooling -> projection in M layers
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Reconstruct Latent and Spectrogram Simultaneously

Hypothesis: Acoustic details learned through generation are deepfake “giveaways”
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O Experimental Setup
Baselines: Wav2vec2.0 (0.3b, 1b), WavLM, HUBERT
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Layer-averaged embeddings
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Pretraining data: 30k hours of real+fake speech (19k after quality control)
Benchmark: 56 datasets, 5 tasks, 10+ languages, 100+ generative models,

10+ perturbations
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