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2. They impose a fixed length on the target audio.
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DiT Fits Better Than U-Net

Table 4. English-only cross-sentence Task

2. DiT is faster.

1. DiT offers higher accuracy and better captures the speaker's characteristics.
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Variable Length Modeling Outperforms Fixed Length Modeling

Simple-TTS, E3 TTS

Ours

1. Variable length delivers better quality and faster performance.
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Table 5. Speech length modeling

Figure 2. Speech rate controllability

Variable Length Modeling Outperforms Fixed Length Modeling

1. Variable length delivers better quality and faster performance.

Simple-TTS, E3 TTS

Ours

2. It also allows for precise control over the speech rate.
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Aligned Text-Speech Embeddings Improve Performances

1. Jointly trained and aligned text-speech embeddings perform better.
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Table 6. English-only cross-sentence Task for Mel-VAE++ 

(U refers to Unimodal and J refers to Jointly-trained)

Aligned Text-Speech Embeddings Improve Performances

1. Jointly trained and aligned text-speech embeddings perform better.

2. Fine-tuning the speech latent is sufficient, obviating the need for 

expensive LLM encoder fine-tuning.
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Table 7. English-only cross-sentence Task

1. Extensive model architecture searches validate the effectiveness of DiTTo. 
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Table 7. English-only cross-sentence Task

1. Extensive model architecture searches validate the effectiveness of DiTTo. 

2. The compactness of the time-domain for speech latent is essential.
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