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Comparison between TTS approaches
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Neural TTS: two stage approach
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Wang et al. Tacotron: Towards End-to-End Speech Synthesis, Proc. Interspeech, 2017
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Proc. ICASSP, 2018
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Neural TTS: end-to-end approach
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* Two-stage
* Pros: interpretable intermediate
representation, modular way, vocoder can
be trained on untranscribed speech data
* Cons: suffer from error propagation,
handcrafted feature limitations
* End-to-end
e Pros: simplified joint training, less error
propagation, achieve higher naturalness
e Cons: reduced flexibility, less interpretable,
can suffer from oversmoothing and

mispronunciation

Kim, Kong and Son,”Conditional Variational Autoencoder with Adversarial
Learning for End-to-End Text-to-Speech”, in Proc. of ICML, 2021
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KNN-based multi-speaker TTS (1)
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K. El Hajal, A. Kulkarni, E. Hermann and M. Magimai-Doss, “kNN Retrieval for Simple and Effective Zero-Shot Multi-speaker Text-to-Speech”, in Proc. of NAACL, 2025




