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Text-to-audio generation

• Converting a written description into a corresponding sound or audio.



repeat for T’ iterations

Problems of current Text-to-audio systems:
• High performance on objective metrics, but slow: AudioLDM, Tango, …

• Heavy-parameterized diffusion-based models

• Fast, but poor performance on objective metrics: MAGNET
• Iterative parallel decoding discrete tokens
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Background

Problems of current Text-to-audio systems:
• High performance on objective metrics, but slow: AudioLDM, Tango, …

• Heavy-parameterized latent diffusion-based models (LDMs) operating on 
continuous representations

• Fast, but poor performance on objective metrics: MAGNET
• Iterative parallel decoding discrete tokens

Propose: 
Integrate iterative parallel decoding with LDMs operating 
on continuous representations using a light-weight diffusion head for text-to-audio.
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Methodology

• Continuous representations

VAE latents

Integrate iterative parallel decoding with LDMs operating on continuous representations



Methodology

• Continuous representations

Training: Mask generative modeling

VAE latents
Training Phase：

Mask-based Generative 
Modeling



Methodology

• Continuous representations

VAE latents
Training Phase：

Mask-based Generative 
Modeling

(Unconditional pre-training)

Training: Mask generative modeling (Unconditional)



Methodology

Gradually generate the latent sequence
• Inference: Iterative parallel decoding



Methodology
• Iterative parallel decoding (Inference Phase): Gradually generate the latent sequence

Decoding iterations

Diffusion sampling steps



Results on objective and subjective metrics
Latency: Required time for generating a batch of 8 audios. (measured in seconds)



Latency analyses
Latency: Required time for generating a batch of 8 audios. (measured in seconds)



Latency analyses
IMPACT using 16 decoding iterations (5.7s) is faster than MAGNET-S (6.9s), 
while having  better FAD, KL, IS, and CLAP score.
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Latency analyses
IMPACT using 16 decoding iterations (5.7s) is faster than MAGNET-S (6.9s), 
while having  better FAD, KL, IS, and CLAP score.
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Conclusions

• State-of-the-art performance on objective metrics FD and FAD.
• State-of-the-art performance on subjective metrics for overall 

audio quality and text-relevancy.

• Faster than current fastest Text-to-audio model, MAGNET.


