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Dataset & Annotation Experimental Results
LibriTTS-RI3] Corpus + MFALl4] for text-speech alignment & pause recognition Breath detection experiments:
Manual annotation for valid & test sets: Metric: intersection over union (lou) I I
: raining configurations:
—mm Annotated breath iterstion | Basolinel” | Propased [LMGRANARAY
Validation set 2,049 0 0.616 0.777 - ﬁchicljuler:.unea; 108
- Peak learning rate: 2 x 10°
Test set 455 2,051 480 1 0.634 0.809 - Epoch: 10 J
2 0.681 0.829 - Batch size: 64
Rule-based annotation for training set: 3 0.710 0.836 - Dataset: irai.n-clian-é%%
rain-other-
Class | Duration | Max(VMS) | Max(ZCR) | NA-VMS | Precision _Recall i 0.709  0.827
Breath > 300 ms > 150 >1x104 >0.6 0.982 0.450 1. Our proposed model consistently outperformed the baseline model.
Non-breath - <150 <5x107 - 1.000 0.111 2. Both models achieved their peak IoU after the 3 training iteration,

where the models were considered the best-performing ones and
used in the TTS experiments.

Self-Training Process Ablation studies:
label(T, P, B, U): ) Proposed 0.777 1 ZCRandVMSinthe
) Annotated breath: B - 1 wio 7CR 0.631 input and the use of
. MFA-recognized pauses: P | Annotated non-breath: U - 0 ' ”Og_bre.c.’th Set provec
All frames in 3} S 100 w/o VMS 0.677 tobe critical.
training set: T Non-bauses: T\ P 0 LUnannotated: P\ (B U U) w/o non-breath 0.702 2. Continued training
y pauses: T'A Proposed 1 0.809  Without pseudo-
labeling did not
w/o pseudo-label 0.740 improve performance.

Algorithm: Self-training for breath detection models

TTS experiments:

Initialize: k <« 0 6] ,
0 label(T.-P.B.U TTS model: VITS!®!: Dataset: train-clean-360
veo tabelm P B, U) Model | MOS1:Cl MOS2 + CI
0 0
Dg < BCE(Dg(T),Y") Ground truth 4.03 + 0.12 3.92 +0.13
Repeat: et VITS 3.35 + 0.15 3.34 + 0.17
-k VITS w/ baseline 3.27 + 0.15 3.50 + 0.14
: L k-1
a* « argmin|Precision(Dg " (Pyaiia) > @, Bygiia) — (0.97 — 0.02 x k) VITS w/ proposed 3.37 £ 0.14 3.55 + 0.15
B* < argming Precision(Dg (P, qia) < B*, Upaiia) — (0.97 — 0.02 * k) MOSI:
_ - General evaluation
B « DT > ak - Samples: Not all utterances included breath
—~ k—1 K - Conclusion: Inaccurate breath detection negatively affected
U< Dg (T) <P the TTS training
Y* « label(T,P,BUB,UUU) > Pseudo-labeling MOS2: |
K —1 0 - Breath-focus evaluation
Dg < BCE(Dg (T),Y™) - Samples: All utterances included breath
k k _ k _ - Instruction: “Please focus on the breath sounds”
yo o argmax,k 10U(Dy(Tyatia) > V", Byatia) - Conclusion: Detected breath marks enhanced the naturalness
Until:  1oU(Dg(Tyaiia) > ¥*, Byaiia) < 10UD§ " (Tyaia) > ¥* 1, Byaiia) of synthetic breath sounds
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