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TTS evaluation

• Speech quality assessment

• text-to-speech

• voice conversion

• RTC(real time communication)

• evaluation

• Objective assessment

• Subjective assessment 

• Behavioral assessment



Objective assessment

• Metrics

• melcepstral distortion (MCD)

• Short-Time Objective Intelligibility, STOI

• PESQ family of ITU standards:ITU-T P.861 (MNB)、ITU-T P.862 (PESQ)

• ITU-T P.863 (POLQA)

• Advantages and disadvantages

• reduces the need for expensive, time-consuming, and noisy subjective evaluations

• these metrics do not align well with human perception

[1] https://github.com/AI-Unicamp/TTS-Objective-Metrics



Subjective assessment

• Mean Opinion Score，MOS

• ITU-T P.800:Absolute Category Rating，ACR

• naturalness MOS, similarity MOS

• Comparative Mean Opinion Score

• 7 points (from -3 to 3)

• sensitive to the difference

• ABX test



MOS Prediction

• motivation

• expensive, time-consuming

• Application scenarios are limited

• metrics

• Utterance vs System

• mean squared error (MSE)

• Linear Correlation Coefficient (LCC)

• Spearman Rank Correlation Coefficient (SRCC)

• Kendall Tau Rank Correlation (KTAU)



Dataset

• VCC2018:The Voice Conversion Challenge (VCC) 2018

• 28292×4=113,168: 82,304 naturalness assessments and 30,864 similarity assessments

Lorenzo-Trueba, Jaime et al. “The Voice Conversion Challenge 2018: Promoting Development of Parallel and 

Nonparallel Methods.” Odyssey (2018).



Dataset

• BVCC：Blizzard and Voice Conversion Challenges：187 systems,7106 samples×8

• train/dev/test:0.7/0.15/0.15

Cooper, E., & Yamagishi, J. (2021). How do Voices from Past Speech Synthesis Challenges Compare Today? 

ArXiv, abs/2105.02373.



Dataset

• ASV2019[2]: English audio samples, from ASVSpoof Challenge2019, scale of 1-10 (different 

target task)

• BC2019：Chinese TTS samples, from 2019 Blizzard Challenge, rated by native speakers of 

Chinese, train/dev/test:136/136/540 samples,unlabel(540)

• COM2018：Japanese audio samples, 10 systems, using data from the Japanese female speaker 

“F009” from the XIMERA database[1]

[1] Cooper, E., Huang, W., Toda, T., & Yamagishi, J. (2022). Generalization Ability of MOS Prediction Networks. 

ICASSP.

[2] https://datashare.ed.ac.uk/handle/10283/3336



Model

● MOSNet

Lo, C., Fu, S., Huang, W., Wang, X., Yamagishi, J., Tsao, Y., & Wang, H. (2019). MOSNet: Deep Learning based 

Objective Assessment for Voice Conversion. ArXiv, abs/1904.08352.



Model

• utilize every judge score in MOS datasets

• use Self-supervised learning model

• design loss function

• data agumentation



MOS Prediction

● utilize every judge score in MOS datasets

● MBnet

● LDNet

Leng, Y., Tan, X., Zhao, S., Soong, F.K., Li, X., & Qin, T. (2021). MBNET: MOS Prediction for Synthesized Speech 

with Mean-Bias Network. ICASSP 2021 - 2021 IEEE International Conference on Acoustics, Speech and Signal 

Processing (ICASSP), 391-395.



MOS Prediction

● utilize every judge score in MOS datasets

● MBnet

● LDNet

● all listeners

● mean listener



MOS Prediction

• LDNet

● all listeners

● mean listener



MOS Prediction

● utilize every judge score in MOS datasets

● MBnet, LDNet

● DDOS

Tseng, W., Kao, W., & Lee, H. (2022). DDOS: A MOS Prediction Framework utilizing Domain Adaptive Pre-training and 

Distribution of Opinion Scores. ArXiv, abs/2204.03219.



Model

• utilize every judge score in MOS datasets

• use Self-supervised learning model

• which model is better

• ssl vs mosnet...

• how to improve

• design loss function

• data agumentation



MOS Prediction

• use Self-supervised learning model

• ssl-mos

Cooper, E., Huang, W., Toda, T., & Yamagishi, J. (2022). Generalization Ability of MOS Prediction 

Networks. ICASSP.



MOS Prediction

• use ssl (Self-supervised learning) model

• ssl-mos: out of domain

Cooper, E., Huang, W., Toda, T., & Yamagishi, J. (2022). Generalization Ability of MOS Prediction 

Networks. ICASSP.



MOS Prediction

• use ssl (Self-supervised learning) model

• 2022 VoiceMOS

Ragano, A., Benetos, E., Chinen, M., Martinez, H.B., Reddy, C.K., Skoglund, J., & Hines, A. (2022). A Comparison 

of Deep Learning MOS Predictors for Speech Synthesis Quality.



MOS Prediction

Saeki, T., Xin, D., Nakata, W., Koriyama, T., Takamichi, S., & Saruwatari, H. (2022). UTMOS: UTokyo-

SaruLab System for VoiceMOS Challenge 2022. ArXiv, abs/2204.02152.

• use ssl (Self-supervised learning) model

• 2022 VoiceMOS

• UTMOS: stacking method



MOS Prediction

• use ssl (Self-supervised learning) model

• 2022 VoiceMOS: DDOS

• domain-adaptive pre-training (DAPT), base mos predictor, refinement layer



MOS Prediction

• use ssl (Self-supervised learning) model

• 2022 VoiceMOS: 

• DDOS



MOS Prediction

• loss function

• utterance-level score mse, mean score mse + bias score mse

• frame-level score mse(MOSnet), segment-level score mse[1]

• utterance-level score contrastive loss(UTMOS)

• clipped MSE loss(MBNet, LDNet,UTMOS...)

[1]Tseng, W., Huang, C., Kao, W., Lin, Y.Y., & Lee, H. (2021). Utilizing Self-supervised Representations for 

MOS Prediction. Interspeech.



Model

• utilize every judge score in MOS datasets

• use Self-supervised learning model

• design loss function

• data agumentation
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MOS Prediction

• loss function

• utterance-level score mse, mean score mse + bias score mse

• frame-level score mse(MOSnet), segment-level score mse

• utterance-level score contrastive loss(UTMOS)

• clipped MSE loss(MBNet, LDNet,UTMOS...)

the indicator function whose output is 1 when the 

condition is true otherwise 0



Model

• utilize every judge score in MOS datasets

• use Self-supervised learning model

• design loss function

• data agumentation



MOS Prediction

• data agumentation

• speaking-rate-changing（UTMOS，DDOS, MOSNet）

• pitch-shifting（UTMOS，DDOS）

• adding silence（DDOS, MOSNet）



conclusion

• motivation

• dataset

• in-domain: VCC2018, BVCC

• out-of-domain: ASV2019, BC2019, COM2018

• improvement

• utilize every judge score in MOS datasets

• utilize Self-supervised learning model

• design loss function

• data agumentation

• challenges

• Generalization Ability



PPT模板下载：www.1ppt.com/moban/     行业PPT模板：www.1ppt.com/hangye/ 

节日PPT模板：www.1ppt.com/jieri/           PPT素材下载：www.1ppt.com/sucai/

PPT背景图片：www.1ppt.com/beijing/      PPT图表下载：www.1ppt.com/tubiao/      

优秀PPT下载：www.1ppt.com/xiazai/        PPT教程： www.1ppt.com/powerpoint/      

Word教程： www.1ppt.com/word/              Excel教程：www.1ppt.com/excel/  

资料下载：www.1ppt.com/ziliao/                PPT课件下载：www.1ppt.com/kejian/ 

范文下载：www.1ppt.com/fanwen/             试卷下载：www.1ppt.com/shiti/  

教案下载：www.1ppt.com/jiaoan/        PPT论坛：www.1ppt.cn
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