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Singing Voice Synthesis
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e Despite the popularity of Indian music, singing voice syn-
thesis (SVS) for Indian languages remains underexplored
due to the lack of suitable datasets.

Limited labeled singing data poses a challenge for accu-
rately modeling linguistic content, style, and pitch informa-
tion.

Cross-lingual finetuning of pretrained SVS models like
DiffSinger|[1] for Hindi results in accented pronunciation,

pitch errors, vowel distortion, and artifacts in slurred re-
gions.

CONTRIBUTIONS
Curation of Hindi Bollywood SVS dataset:
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We adopt the same music score format as the Opencpop
dataset for our curated Hindi Bollywood SVS dataset.

The score includes lyrics, syllables, phonemes, phoneme
durations, musical notes (pitch), note durations, and slur
indicators.

Sung lyrics differ from speech, notably in vowel duration
and pitch variation.

Hindi song recordings, featuring a single male singer in
Bollywood style, were collected from public sources and
processed for vocal separation using Gaudio.

We perform phone-level audio-text alignment using a hy-
brid ASR trained on 180 hours of adult Hindi speech from
400 speakers.

After automatic alignment, we manually correct any mis-
aligned phoneme/notes to achieve precise fine alignment.
We curated 65 minutes of labeled singing dataset.

Split Songs  Segments  Duration (Min)
Train 31 344 57.14
Validation 3 25 3.76
Test - 28 3.76

Adaptation to Hindi singing style with lan-
guage aware, prosody-style and musical fea-
ture guided modeling:

 We extract Hindi word-level and phone-level embeddings,
e, and e,, respectively, from two pretrained language mod-
els: IndicBERT and XPhoneBERT. These content embed-
dings are combined with the music score embedding e, .
We integrate a style encoder and a pre-trained JDCNet
pitch extraction model to capture style and pitch (melody)
information through corresponding losses.

The pitch loss incorporates the Concordance Correlation
Coefficient (CCC) to mitigate misalignment-induced errors
in training.

We employ the pretrained MERT model to extract musical
feature embeddings e, .+ and IndicWav2Vec for contex-
tual embeddings e, .. as conditional priors to the denoiser.
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DiffSinger model[1] with proposed enhancements (in red dashed boxes)

* Feature fusion to obtain the fused embedding e..

e The denoising process in reverse diffusion, adding MERT and

€. =€y + €p T+ €em

IndicWav2vec embeddings:

Mi_1 =

1
vV Xt

(s

—+ Otz

RESULTS

400
350 A
300 A
250 -

200 -

300 41!
250 41!

I
200 4

1

- =

—— DiffSinger
-- MIDI score

I
150 ¢

I
100 -~

—— Ground trtjth

-- MIDI score

T T
0 2

T
4

T
6

T
8

T T
10 12

400 -
350
300 — :

250 -4

300
250 -

I
200 14—

¢

1 o
200 : 1

— VISinger2
-- MIDI score

I
150 1+

I
100 -

— VISinger?
-- MIDI score

T T T T T
0 2 4 6 8

T
10

T
12

GQ(Mta €c, €ty Emert, evec))

400
350 -
300 -
250 -

200

300 = ..|
M
250 !

200 4

e Style loss Lgye:

Lstyle

'Y S S, TR,
A1 i
€t Mq i| MERT | |IndicWav2Vec|,
- I
A I___I__L__I_____|

Vocoder
Boundary
Predicted
Mel-spec
,_ec—> Aux Decoder
N
1 Z 2
- 1 | Csm; T Csmy ||

e CCC-based pit;h loss Lpitch:

CCC =

Pitch Loss =

1 )
(1 — CCC) x (E ; | FOm, — FOgs, | )

2PF0. FOy OF0m OF0,;

2
OF0m

—— DiffSinger
—-- MIDI score

.
-----

1
150 41

I
100 -

1
—— DiffSinger
-- MIDI score

T T
0 2

T
4

T
6

T
8

T
10

T
12

400 -
350 -
300
250 -

200 -

300
250 4+

I
200 1

+ U%’Om + (LFo,, — ,LLFOm)2

— LAPS-Diff
== MIDI score

N
" hS
¢ -

-----

I
150 ¢

I
100 -

—— LAPS-Diff
-- MIDI score

T
0

T T T T T T
2 4 6 8 10 12

FO contour of ground truth and synthesised outputs, with reference to the MIDI score. Vertical axis shows frequency (Hz), and Horizontal

axis shows time (s). Top and bottom row contains a sample with faster and slower singing rate respectively.

Model Cosine MAE V/UV Log FO MCD  Audiobox  Audiobox
Similarity (1) ) Accuracy (1) RMSE ({) () CE (1) PQ (1)

Reference : : - - - 6.206 7.637
LAPS-Diff (Proposed) 0.987 0.165 0.907 0.141 7.897 4.770 6.552
DiffSinger (Baseline) 0.982 0.197 0.890 0.155 8.200 4.004 6.340
VISinger2 0.975 0.207 0.883 0.149 8.741 3.280 6.313
Ablation 1 (Language emb) 0.973 0.171 0.890 0.159 7.983 4.200 6.499
Ablation 2 (Music emb) 0.978 0.185 0.869 0.151 9.445 4.151 6.408
Ablation 3 (Pitch loss) 0.978 0.171 0.898 0.118 7.928 3.460 6.355
Ablation 4 (Style loss) 0.986 0.169 0.880 0.145 7.883 3.869 6.511

Model MOS (1)

Reference 4.53 4= 0.26

LAPS-Diff (Proposed) 3.40 4 0.34

DiffSinger (Baseline) 2.87 4+ 0.44

VISinger2 2.47 + 0.38

Ablation 1 (Baseline + IndicBERT + XPhoneBERT)  2.83 4= 0.58

Ablation 2 (Baseline + MERT + IndicWav2Vec) 3.01 £0.18

Ablation 3 (Baseline + JDCNet pitch loss) 3.05 4= 0.38

Ablation 4 (Baseline + style loss) 2.95 1+ 047

LAPS-Diff outperforms across most metrics, achieving:

* Highest average cosine similarity

e Lowest MAE
e Highest V/UV accuracy

e Second lowest log-FO RMSE and MCD.

o LAPS-Diff captures speaker characteristics more accurately and ensures
closer alignment of spectral features (including pitch) with the ground
truth, enhancing the overall quality.
* The higher V/UYV ratio achieved by the proposed model indicates its
effectiveness in capturing the details of voiced and unvoiced regions,

contributing to greater naturalness in the synthesized singing voice.
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