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Introduction

Motivations:

• Fine-tuning adaptation is resource-intensive, so use parameter-efficient 
domain adapters can make the adaptation scalable.

• Static adapter parameters can’t perform well across multiple speakers of 
the adaptation domain due to underparameterization.



Contributions:

• Dynamic Adapters
Use HYPERTTS learns speaker-adaptative adapters conditioned on speaker embeddings.

• Parameter Sampling
Employ parameter sampling from a continuous distribution defined by a learnable 
hypernetwork.

• Parameter Efficiency
Achieves competitive results with less than 1% of fine-tuning parameters, making it 
highly practical and resource-friendly for scalable applications.
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Methodology

The TTS backbone architecture comprises a text encoder, Variance 
Adapter and Mel-Decoder.



Encoder
• Input: A phoneme sequence (p1,...,pn) obtained from text.

• Archiecture: Four Feed-Forward Transformer(FFT) blocks, with each block comprised of two 
multi-head attention modules and two 1D-convolutions.

• output: phoneme embeddings.

Mel-Decoder and Postnet
• Input: Variance adaptor’s hidden sequence.

• Archiecture: Six Feed-Forward Transformer(FFT) blocks, same as Encoder FFT block.

• Mel-Decoder Output: Mel-spectrogram.

• Postnet Output: Mel-spectrogram reduced artifacts and distortions.
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Variance Adapter
Transforms the phoneme embeddings (length n) into mel-spectrogram embeddings 
(length m) where m≫n.
• Duration Predictor

Alignment between phoneme sequences and mel-frames using Viterbi algorithm.
• Pitch Predictor

Predict pitch contour for each element of the length-regulated phoneme sequence 
using continuous wavelet transform(CWT) .

• Energy Predictor
Predict energy values for each Show-Time Fourier Transform(STFT) frame.
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Hypernetwork

• Wd is down-projection and Wu is up-projection.

• fd and fu denote parameter generators, vs denote speaker embedding 
and vl denote layer embedding.

Methodology
Only use <1% of model 
backbone parameters.



Baselines
• TTS-0 --- lower-bound

Represents the zero-shot performance.

• Reference and Rerference (Voc.)
Reconstruct the speech singnals using HiFi-GAN from ground-truth mel-spectrograms.

• TTS-FT (Full fine-tuning)  ---- upper-bound
The performance after fine-tune all parameters of the backbone model on target dataset.

• AdapterTTS
The performance only fine-tune bottleneck adapter parameters on target dataset.

• HYPERTTS
The performance only fine-tune hypernetwork parameters on target dataset.
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Baselines explanation
• AdapterTTSe, AdapterTTSv, AdapterTTSd mean bottleneck adapter block 

inserted in the encoder, VA, and decoder, respectively.
• AdapterTTSe/v/d is a combination.
• HYPERTTSe, HYPERTTSv, HYPERTTSd mean bottleneck adapter block 

inserted in the encoder, VA, and decoder, respectively.
• HYPERTTSe/v/d is a combination.
Datasets
• Pretrained Dataset: LibriTTS100
• Target Datasets: VCTK and LTS2( LibriTTS dev-clean and test-clean)
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Object Metrics
• Cosine Similarity(COS)
• F0 Frame Error(FFE)
• Mel cepstral distortion(MCD)
• Word Error Rate(WER)

Subjective Metrics
• Naturalness(MOS)
• XAB test

Evaluation Metrics



Main Results ---- Object 



Main Results ---- Object 



Main Results ---- Subjective 



Impact of Parameter Efficiency



Dynamic adapter parameter, which enable input-conditioned 
parameter sampling. And Hypernetwork allows the generation of 
adapter parameters for numerous speakers!

HYPERTTS is an excellent choice for multi-speaker TTS adaptation，
surpassing traditional adapter limitions.

Conclusion



Thanks for Listening!


