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1. Their performance remains suboptimal.
2. They impose a fixed length on the target audio.
3. They are not yet large-scale and handle only English.
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ROQ1. We Achieve SOTA without TTS-Specific Factors

Objective Metrics
Model WER| CERJ] SIM-01t SIM-r{ Inference Time | #Param. Model SMOS CMOS
Ground Truth 2.15 0.61 0.7395 - n/a n/a Simple-TTS 7154019 -1.64
YourTTS 7.57 3.06 0.3928 - - - CLaM-en 3.42+0.16 -0.52
VALL-E 3.8% - 0.452% 0.508%* ~6.2s* 302M DiTTo-en-XLL 3.91+0.16 0.00
Voicebox 2.0% - 0.593* 0.616* ~6.4s* (64 NFE)  364M Ground Truth (recon) 4.07+0.14  +0.11
CLaM-TTS 236*  0.79%  04767% 0.5128%  4.15s* 584M Ground Truth 4084014  +0.13
Simple-TTS 3.86 2.24 0.4413 0.4668 17.897s (250 NFE) 243M
DiTTo-en-S 2.01 0.60 0.4544 0.4935 0.884s 42M Table 3. MOS on cross-sentence Task
DiTTo-en-B 1.87 0.52 0.5535 0.5855 0.903s 152M
DiTTo-en-L 1.85 0.50 0.5596  0.5913  1.479s 508M
DiTTo-en-XL 1.78 0.48 0.5773 0.6075 1.616s 740M
DiTTo-en-XLi  1.80 048  0.6051  0.6283 - 740M Model SMOS  CMOS
_ _ _ Voicebox (Le et al., 2023) 2.87+0.45 0.14
Table 1. English-only continuation Task DiTTo-en 3.57+0.39 0.0
VALL-E (Wang et al., 2023) 3.50+046  -0.94
Model WER | CER| SIM-ot SIM-r 1 DiTTo-en 3.90+0.38 0.0
YourTTS 7.92(7.7%) 3.18 0.3755 (0.337%) - . i}
VALLE Son - ) 0,580 I\D/Ifrg]a}TTS (Jiang et al., 2023) g.;giom (())%)1
SPEAR-TTS - 1.92% - 0.560* 1110-en -0210.32 .
Voiochox L% - 0662 0681+ E3-TTS (Gao et al., 2023) 4255019 030
Simple-TTS ~ 4.09(3.4% 211 05026 0.5305 (0.514%) DiTTo-en 4.28+032 0.0
DiTTo-en-S 3.07 1.08 0.4984 0.5373 NaturalSpeech 2 (Shen et al., 2024) 3.99+0.37 -0.29
DiTTo-en-B 2.74 0.98 0.5977 0.6281 DiTTo-en 4.01+0.35 0.0
DiTTo-en-L 2.69 0.91 0.6050 0.6355
D;TTg-gz—XL 256 m 0.6270 0.6554 NaturalSpeeCh 3 (Ju et al., 2024) 4.42+0.28 -0.27
DiTTo-en-XLt 2.64 0.94 0.6538 0.6752 DiTTo-en 3.92+027 0.0

Table 2. English-only cross-sentence Task Table 12. MOS on demo samples from various SOTA with DiTTo-en (XL)



ROQ1. We Achieve SOTA without TTS-Specific Factors

Model SMOS CMOS
Simple-TTS 2.15+0.19 -1.64
CLaM-en 3.42+40.16 -0.52
DiTTo-en-XL 3.91+0.16 0.00
Ground Truth (recon) 4.07+014  +0.11
Ground Truth 4.08+0.14  +0.13

Objective Metrics
Model WER| CERJ] SIM-ot SIM-r1 Inference Time,]  #Param.
Ground Truth 2.15 0.61 0.7395 - n/a n/a
YourTTS 7.57 3.06 0.3928 - - -
VALL-E 3.8% - 0.452* 0.508* ~6.2s* 302M
Voicebox 2.0% - 0.593* 0.616* ~6.4s* (64 NFE) 364M
CLaM-TTS 2.36* 0.79* 04767  0.5128*  4.15s* 584M
Simple-TTS 3.86 2.24 0.4413 0.4668 17.897s (250 NFE)  243M
DiTTo-en-S 2.01 0.60 0.4544 0.4935 0.884s 42M
DiTTo-en-B 1.87 0.52 0.5535 0.5855 0.903s 152M
DiTTo-en-L 1.85 0.50 0.5596 0.5913 1.479s 508M
DiTTo-en-XL  1.78 0.48 0.5773 0.6075 1.616s 740M
DiTTo-en-XLi 1.80 0.48 0.6051 0.6283 - 740M

Table 3. MOS on cross-sentence Task

Table 1. English-only continuation Task

Model WER | CER| SIM-ot SIM-r 1
YourTTS 7.92(7.7%)  3.18 0.3755 (0.337%) -
VALL-E 5.9% ) - 0.580%
SPEAR-TTS - 1.92% - 0.560%
Voicebox 1.9% - 0.662* 0.681%
CLaM-TTS 5.11% 2.87%  0.4951% 0.5382%
Simple-TTS ~ 4.09 (3.4%) 2.11 0.5026 0.5305 (0.514%)
DiTTo-en-S 3.07 1.08 0.4984 0.5373
DiTTo-en-B 2.74 0.98 0.5977 0.6281
DiTTo-en-L 2.69 091  0.6050 0.6355
DiTTo-en-XL  2.56 0.89  0.6270 0.6554
DiTTo-en-XL} 2.64 094  0.6538 0.6752

Table 2. English-only cross-sentence Task

Model SMOS CMOS
Voicebox (Le et al., 2023) 2.8740.45 0.14
DiTTo-en 3.57+0.39 0.0
VALL-E (Wang et al., 2023) 3.50+046  -0.94
DiTTo-en 3.90+0.38 0.0
MegaTTS (Jiang et al., 2023) 3.76+044  -0.31
DiTTo-en 3.82+0.32 0.0
E3-TTS (Gao et al., 2023) 4.25+019  -0.30
DiTTo-en 4.28+0.32 0.0
NaturalSpeech 2 (Shen et al., 2024)  3.99+037  -0.29
DiTTo-en 4.01+0.35 0.0
NaturalSpeech 3 (Ju et al., 2024) 4.42+028 -0.27
DiTTo-en 3.92+0.27 0.0

Table 12. MOS on demo samples from various SOTA with DiTTo-en (XL)
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ROQ1. We Achieve SOTA without TTS-Specific Factors

Objective Metrics
Model WER| CERJ] SIM-ot SIM-r{ Inference Time | #Param. Model SMOS CMOS
Ground Truth 2.15 0.61 0.7395 - n/a n/a Simple-TTS 7154019 -1.64
YourTTS 7.57 3.06 0.3928 - - - CLaM-en 3.42+0.16 -0.52
VALL-E 3.8% - 0.452% 0.508%* ~6.2s* 302M DiTTo-en-XLL 3.91+0.16 0.00
Voicebox 2.0% - 0.593*  0.616* ~6.4s* (64 NFE)  364M Ground Truth (recon) 4.07+0.14  +0.11
CLaM-TTS 236*  0.79%  04767* 0.5128%  4.15s* 584M Ground Truth 4081014 40.13
Simple-TTS 3.86 2.24 0.4413 0.4668 17.897s (250 NFE) 243M
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RQ2. Key Aspects Behind The Scene (1/3)

DIT Fits Better Than U-Net

Model WER | SIM-r1 Inference Time |
U-Net 3.70 0.3890 1.328s
Flat-U-Net  2.97 0.5471 1.310s

DiTTo-mls  2.93 0.5877 0.903s

Table 4. English-only cross-sentence Task
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1. DIT offers higher accuracy and better captures the speaker's characteristics.
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RQ2. Key Aspects Behind The Scene (1/3)

DIT Fits Better Than U-Net

1. DIT offers higher accuracy and better captures the speaker's characteristics.

2. DIT Is faster.

Model WER | SIM-r7 | Inference Time |
U-Net 3.70 0.3890 1.328s
Flat-U-Net  2.97 0.5471 1.310s
DiTTo-mls  2.93 0.5877 0.903s

Table 4. English-only cross-sentence Task
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RQ2. Key Aspects Behind The Scene (2/3)

Variable Length Modeling Outperforms Fixed Length Modeling

400 500

Model WER | SIM-r{ Inference Time |
fixed-length-full  8.89 0.4078 1.254s
fixed-length 6.81 0.4385 1.265s
SLP-CE 5.58 0.4961 0.948s

SLP-Regression  5.36 0.4636 0.930s

Table 5. Speech length modeling

Figure 2. Speech rate controllability
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1. Variable length delivers better quality and faster performance.
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RQ2. Key Aspects Behind The Scene (2/3)

Variable Length Modeling Outperforms Fixed Length Modeling

Model WER | SIM-r{ Inference Time |
S — fixed-length-full ~ 8.89 0.4078  1.254s
SIMple-TTS, ESTTS X fixed-length 6.81 04385  1.265s
5 SLP-CE 5.58 0.4961  0.948s
urs SLP-Regression  5.36 0.4636  0.930s

Table 5. Speech length modeling

400 500

100 200

Figure 2. Speech rate controllability

1. Variable length delivers better quality and faster performance.

2. It also allows for precise control over the speech rate.
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RQ2. Key Aspects Behind The Scene (3/3)

Aligned Text-Speech Embeddings Improve Performances

Text Encoder | Neural Audio Codec | WER| CER| SIM-of SIM-rt

U (ByT5-base) | U (Mel-VAE) 6.22 3.82 0.5482  0.5945
J (SpeechTS) | U (Mel-VAE) 3.07 1.15 0.5423  0.5858
U (ByT5-base) | J (Mel-VAE++) 3.11 1.17 0.5323  0.5965
J (SpeechTS) | J (Mel-VAE++) 2.99 1.06 0.5364  0.5982

Table 6. English-only cross-sentence Task for Mel-VAE++
(U refers to Unimodal and J refers to Jointly-trained)
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RQ2. Key Aspects Behind The Scene (3/3)

Aligned Text-Speech Embeddings Improve Performances

Text Encoder | Neural Audio Codec | WER| CER| SIM-of SIM-rt

U (ByTS-base) | U (Mel-VAE) 6.22 3.82 0.5482  0.5945
J (SpeechT5) . 3.07 1.15 0.5423  0.5858
U (ByT5-base) | J (Mel-VAE++) 3.11 1.17 0.5323  0.5965
J (SpeechTS) || J (Mel-VAE++) 2.99 1.06 0.5364  0.5982

Table 6. Englishi-only cross-sentence Task for Mel-VAE++
(U refers to Unimodal and J refers to Jointly-trained)

y

L(Y) =LNnac(P)+ )\ﬁ‘LMW)a Ly (Y) = —logpg(x|f(Zspeech))
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RQ2. Key Aspects Behind The Scene (3/3)

Aligned Text-Speech Embeddings Improve Performances

Text Encoder | Neural Audio Codec | WER| CER| SIM-of SIM-rt

U (ByT5-base) | U (Mel-VAE) 6.22 382 05482  0.5945
J (SpeechT5) | U (Mel-VAE) 3.07 1.15 05423 0.5858

-base) | .J (Mel-VAF:++) 311 11705323 05965
J (SpeechT5) | J (Mel-VAE++) | 2.99 1.06  0.5364  0.5982

Table 6. English-only cross-sentence Task for Mel-VAE++
(U refers to Unimodal and J refers to Jointly-trained)

1. Jointly trained and aligned text-speech embeddings perform better.
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RQ2. Key Aspects Behind The Scene (3/3)

Aligned Text-Speech Embeddings Improve Performances

Text Encoder | Neural Audio Codec | WER| CER| SIM-of SIM-rt

U (ByT5-base) | U (Mel-VAE) 6.22 3.82 0.5482 0.5945
I (SpeechTS) [] (Mel-VAFE) 307 115 0.5423 0.5858
U (ByT5-base) | J (Mel-VAE++) 3.11 1.17 0.5323 0.5965
J (SpeechT5) J (MEI-VAE+T) 2.99 1.06 05364 0.5932

Table 6. English-only cross-sentence Task for Mel-VAE++
(U refers to Unimodal and J refers to Jointly-trained)

1. Jointly trained and aligned text-speech embeddings perform better.

2. Fine-tuning the speech latent is sufficient, obviating the need for
expensive LLM encoder fine-tuning.
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Ablation Study

Inference Codec Codec
Model WER| SIM-ot1 SIM-rt Time | PESQ+ ViSQOL 1
DiTTo-local-adaln 3.38 0.5263 0.5673 0.937s
DiTTo-uvit-skip 3.17 0.5456 0.5848 0.940s
DiTTo-no-skip 3.30 0.5304 0.5727 0.905s 595 466
DiTTo-no-pooled-text 3.00 0.5410 0.5791 0.912s | )
DiTTo-no-rvq-decoding 297 0.5468 0.5883 0.894s
DiTTo-mls (from Table 4) 2.93 0.5467 0.5877 0.903s
DiTTo-encodec 4.19 0.5105 0.5460 n/a 2.59 4.26
DiTTo-dac-24k 7.21 0.5478 0.5545 n/a 4.37 4.91
DiTTo-dac-44k 14.58 0.5391 0.5597 n/a 3.74 4.85

Table 7. English-only cross-sentence Task
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1. Extensive model architecture searches validate the effectiveness of DiTTo.



Ablation Study

Inference  Codec Codec
Model WER | SIM-o1 SIM-rt Time| PESQ{ ViSQOL 1
DiTTo-local-adaln 3.38 0.5263 0.5673 0.937s
DiTTo-uvit-skip 3.17 0.5456 0.5848 0.940s
DiTTo-no-skip 3.30 0.5304 0.5727 0.905s 595 466
DiTTo-no-pooled-text 3.00 0.5410 0.5791 0.912s ’ ’

DiTTo-no-rvq-decoding 297 0.5468 0.5883 0.894s
DiTTo-mls (from Table 4)  2.93 0.5467 0.5877 0.903s

DiTTo-encodec 4.19 0.5105 0.5460 n/a 2.59 4.26
DiTTo-dac-24k 7.21 0.5478 0.5545 n/a 4.37 4.91
DiTTo-dac-44k 14.58 0.5391 0.5597 n/a 3.74 4.85

Table 7. English-only cross-sentence Task

1. Extensive model architecture searches validate the effectiveness of DiTTo.

2. The compactness of the time-domain for speech latent is essential.



Thank you ©

[m] 2 [m]

[=]

ditto-tts.github.io




	Slide 0
	Slide 1: Contents
	Slide 2: DiTTo-TTS: DiT to TTS
	Slide 3: DiTTo-TTS: DiT to TTS
	Slide 4: DiTTo-TTS: DiT to TTS
	Slide 5: DiTTo-TTS: DiT to TTS
	Slide 6: DiTTo-TTS: DiT to TTS
	Slide 7: DiTTo-TTS: DiT to TTS
	Slide 8: DiTTo-TTS: DiT to TTS
	Slide 9: DiTTo-TTS: DiT to TTS
	Slide 10: DiTTo-TTS: DiT to TTS
	Slide 11: Related Work (1/2)
	Slide 12: Related Work (1/2)
	Slide 13: Related Work (1/2)
	Slide 14: Related Work (1/2)
	Slide 15: Related Work (2/2)
	Slide 16: Related Work (2/2)
	Slide 17: Related Work (2/2)
	Slide 18: Related Work (2/2)
	Slide 19: Related Work (2/2)
	Slide 20: Research Question
	Slide 21: Research Question
	Slide 22: Research Question
	Slide 23: Method
	Slide 27: Method
	Slide 28: Method
	Slide 29: Method
	Slide 30: Method
	Slide 31: RQ1. We Achieve SOTA without TTS-Specific Factors
	Slide 33: RQ1. We Achieve SOTA without TTS-Specific Factors
	Slide 34: RQ1. We Achieve SOTA without TTS-Specific Factors
	Slide 35: RQ1. We Achieve SOTA without TTS-Specific Factors
	Slide 36: RQ2. Key Aspects Behind The Scene (1/3)
	Slide 37: RQ2. Key Aspects Behind The Scene (1/3)
	Slide 38: RQ2. Key Aspects Behind The Scene (1/3)
	Slide 39: RQ2. Key Aspects Behind The Scene (2/3)
	Slide 40: RQ2. Key Aspects Behind The Scene (2/3)
	Slide 41: RQ2. Key Aspects Behind The Scene (2/3)
	Slide 42: RQ2. Key Aspects Behind The Scene (3/3)
	Slide 43: RQ2. Key Aspects Behind The Scene (3/3)
	Slide 44: RQ2. Key Aspects Behind The Scene (3/3)
	Slide 45: RQ2. Key Aspects Behind The Scene (3/3)
	Slide 46: Ablation Study
	Slide 47: Ablation Study
	Slide 48: Ablation Study
	Slide 49

