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Main Approach

Modify BM3 baseline to minimize residual identity information from original speaker.
Use semi-informed ASV, SER and ASR as training targets to control properties of anonymized speech.
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Multi-Objective Finetuning

Privacy and Linguistic Loss are calculated by comparing similarity of original and anonymized speech.
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Multi-Objective Finetuning
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For emotional loss, we employ a prototype-based contrastive loss.
A set of emotional embedding prototypes are prepared for each emotion.
- Anonymized speech’s embedding is optimized to be close to target emotion.
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Speaker Embedding Selection
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Replace GAN in BM3 with a pool of random speaker embedding since ASV could potentially reverse the mapping of 
GAN model.

The pool can be two options:
- Same reference embedding for every utterance (T21)
- Use one reference from a difference speaker for every utterance (T22)



6

Prosodic Normalization
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Replace predicted prosodic feature (pitch, duration) with a fix reference sequence to suppress speaker-specific 
prosodic cues.

Energy feature is not replaced because it significantly degrade speech quality.

Normalized prosodic predictor
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Fine-tuning Data

We combined multiple popular emotional dataset for fine-tuning our model, including:
- EMO-DB
- CREMA-D
- RAVDESS
Additionally, 3000 English utterances are synthesized using CosyVoice 2.0 model using reference and 
transcriptions from the LibriSpeech dataset.
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Experiment Result

T21 consistently outperform baseline BM3 and T22.
T22 violate challenge’s rule due to not being utterance-level anonymization.
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Albation Study

T21-E shows that anonymization using GAN (BM3) did not completely conceal original speaker identity
T21-P shows minimal improvement compare to T21, suggest that TTS rely heavily on speaker embedding 
instead of predicted prosodic features.
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Conclusion

• This study propose multi-objective guided fine-tuning using semi-informed ASV and modify components 
in BM3 baseline to better conceal original speaker identity.

• Experiment demonstrate that our solution effectively protect speaker identity while maintaining 
competitive speech intelligibility and emotion preservation. 
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