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Knowledge transfer bottleneck: Scarce dubbing data forces reliance on large-scale TTS coropa, yet
conventional TTS-based methods:

Use integer-scaled duration predictors ⇒ Inaccurate lip synchronization

Mitigating the information gap: Factorized speech tokens modeling with discrete flow matching over
prosody and acoustics for diversity, while content is modeled deterministically.

Weak utilization of TTS pre-training ⇒ Limited expressiveness, naturalness and pronunciation

Information gap: Unified acoustic representations (e.g. mel-spectrograms) entangle speech

attributes, hindering information gap between speech and silent video.

Scalable TTS knowledge transfer:  Better exploits large-scale TTS corpus characteristics (content,

prosody, acoustic), reducing dubbing data dependence.

Accurate lip-sync & pronunciation: A Content-Consistent Temporal Adaptation enforces precise cross-
modal synchronization through a dual-alignment mechanism over text, video, and speech, while
preserving content consistency with the target transcription.

Effective prosody guidance: A FaPro maps facial expressions to global prosodic cues to guide expressive
speech generation.
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Stage 1: Zero-shot TTS Pre-training
We use FACodec to decompose speech into three disentangled discrete token

streams: prosody, content, and acoustic tokens.
Content Modeling: 

Goal: Lingustic structures
Condition: Text

Prosody & Acoustic Modeling: 

Three modules adapt the pre-trained TTS model to the video domain:
Face-to-Prosody Mapper (Fapro)

Goal: Global prosody prior

Prosody & Acoustic Modeling Adaptation: 

Content-Consistent Temporal Adaptation (CCTA)

Synchronizer Module (Figure 3)

Condition: Lip motions, text

Cosine similarity-based distillation loss

Connectionist Temporal Classification (CTC) loss

Goal: Enforce precise cross-modal alignment between text, video, and
speech via dual-alignment mechanism

Deterministic prediction

Goal: Expressive and
acoustic diversity

Discrete Flow Matching backbone

Stage 2: Video Dubbing Adaptation

Condition: Facial expressions

Goal: Temporal lip synchronization and pronunciation consistency

Goal: Expressive and acoustic diversity
Condition: Global prosody prior (FaPro), prosody-to-content latent (CCTA)
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Figure 3. Detailed of Synchronizer
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Figure 2. Detailed of DiFlowDubber Pipeline

Ours achieves competitive performance with comparable
inference speed despite a ~2× larger parameter count.

Alignment Visualization

Takeaways
DFM enables high-quality speech generation with fewer sampling steps

Synchronizer improves lip-sync through dual-alignment machanisim.

Fully utilizing speech characteristics from large-scale TTS corpora
improves speech quality.
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