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Abstract

This paper addresses the challenges of Mandarin singing tran-
scription and segmentation by proposing a two-stage frame-
work based on Whisper. Our research makes three key con-
tributions: First,enhancing transcription accuracy via Whis-
perMLT, which incorporates a Chinese-specific text embedding
layer, a CTC branch atop the encoder, and a Transformer-
based contextual network; Second, optimizing CTC posterior
probabilities through syllable-aligned pseudo-labeling, which
generates one-hot frame-level labels from timestamp-annotated
datasets;Finally, achieving precise segmentation with CTC-
Vseg, which implements silence label insertion, constrained
state transitions, and dynamic programming-based path op-
timization.Experiments demonstrate superior performance in
Mandarin singing segmentation, offering novel solutions for au-
dio processing tasks.

Index Terms: singing transcription, singing segmentation,
syllable-level timestamp

1. Introduction

Fine-grained Chinese singing transcription and segmentation
play a critical role in music information processing [1] . This
task aims to convert unaccompanied Chinese singing audio into
precise Chinese syllable/lyric sequences while identifying on-
set and offset time boundaries for each syllable or character.
Though analogous to melody transcription, it faces heightened
challenges due to the inherent flexibility and variability of vocal
performances compared to instrumental audio. The outcomes
of this task can further serve as foundational features for down-
stream applications, such as music information retrieval (MIR)
and music generation, thereby enhancing their efficiency and
effectiveness.

Singing segmentation can be handled by traditional rule - based
or machine learning approaches, yet is constrained by dataset
quality and transcription precision. Lately, training deep learn-
ing models on large weakly - supervised speech datasets has
notably improved feature representation, attaining top - notch
transcription and segmentation results. OpenAl, for instance,
constructed a 680,000 - hour weakly - supervised speech dataset
from public data and trained the Whisper Seq2Seq Transformer.
Employing prompt - based multi - task learning, Whisper shows
outstanding zero - shot transferability, being robust and gener-
alizable across various domains, tasks, languages, and datasets.
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However, applying Whisper to Chinese singing has issues. Its
multilingual label system doesn’t fit Mandarin’s features, caus-
ing label - character mismatches and hurting transcription ac-
curacy. The training dataset, from auto - annotated internet
sources, is imprecise. Thus, high - quality Mandarin a cap-
pella may have transcription errors like Cantonese, traditional
characters, or streaming metadata, degrading segmentation ac-
curacy. Moreover, Whisper fails to handle common Chinese
singing challenges like silent segments and elongated notes, re-
sulting in subpar segmentation.

Traditional lyric transcription methods primarily relied on finite
state automata (FSA) and signal processing techniques. For in-
stance, Fujihara et al. employed FSA for lyric recognition [2],
while Gupta et al. leveraged the repetitive structure of lyrics
to enhance transcription performance [3]. Later advancements
introduced signal processing-based approaches, such as cy-
cle frequency-harmonic-time transformations (CFHT) for note-
level transcription [4]. Additionally, phoneme-informed neural
networks improved transcription accuracy by incorporating lin-
guistic knowledge into the process [5].

Connectionist Temporal Classification (CTC), introduced by
Graves et al. [6], has been widely adopted for sequence
labeling tasks, particularly in end-to-end speech recognition
[7]. Its application in lyric transcription has demonstrated ef-
fectiveness, especially when combined with weakly labeled
datasets for improved accuracy [8]. CTC-based models, such as
Wav2Letter [9] and deep convolutional neural networks (CNN )
[10], have further advanced transcription performance. Joint
CTC-attention frameworks have been proposed to enhance se-
quence alignment and recognition accuracy [11][12].

Beyond transcription, CTC has also been applied to segmen-
tation tasks, including text-to-speech alignment in long-form
audio recordings [13] and large-scale corpus segmentation in
speech recognition systems [14]. These studies highlight CTC’s
versatility in both transcription and segmentation.

The Transformer architecture [15] has significantly influenced
speech processing, enabling the development of attention-based
models. OpenAI’s Whisper model represents a notable ad-
vancement, employing a transformer-based approach for ro-
bust multilingual transcription under diverse acoustic condi-
tions [16]. WhisperX [17] further improves temporal accu-
racy in long-form audio processing [16], while variants such
as WhisperT and DTW-enhanced Whisper-Crisper refine align-
ment precision and transcription accuracy [18][19].

Despite progress in CTC - and attention - based transcription
models, challenges persist. CTC can’t well capture long - range
dependencies, and attention - based methods like Whisper have
efficiency and alignment issues in real - time use. We propose
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a new framework combining CTC and attention mechanisms to
boost transcription and segmentation robustness.

2. Method

Our framework employs a two-stage approach for Chinese
singing segmentation. First, WhisperMLT, a modified Whisper-
based model, enhances Mandarin lyric transcription accuracy.
Then, refined transcriptions guide segmentation using DTW
and CTC-VSeg for precise temporal alignment.

2.1. WhisperMLT

Whisper faces two primary limitations in Chinese lyric tran-
scription: (1) Its BPE-based multilingual tokenizer, trained
on cross-lingual text corpora, complicates the correspondence
between text units and Chinese characters, leading to many-
to-one, one-to-one, or one-to-many mappings that disrupt
character-level alignment. (2) The inherent annotation accu-
racy issues in Whisper’s cross-lingual training data can result
in dialect mixing (e.g., Cantonese elements) and diverse writing
forms (e.g., traditional characters) even when processing stan-
dard Mandarin singing audio.

We propose WhisperMLT, a transfer learning approach for
Mandarin lyric transcription. It replaces Whisper’s text embed-
ding with a Chinese-specific layer to ensure character alignment
and exclude non-Chinese content. By adding a CTC branch to
the encoder and a Transformer-based context network, it en-
hances feature extraction while preserving Whisper’s hyperpa-
rameter consistency.

2.2. WhisperMSS

For Chinese singing segmentation, CTC-based methods [14]
rely on CTC loss and Viterbi [20] decoding but require large
datasets and often have lower accuracy. In contrast, cross-
attention enables fine-grained segmentation without extra con-
straints. To address low-resource challenges, we propose Whis-
perMSS, integrating cross-attention with syllable timestamp in-
formation for precise Mandarin singing segmentation.

The model employs multi-task learning, using Dynamic Time
Warping (DTW) [21] to derive heuristic alignment paths from
the cross-attention weight matrix. Additionally, CTC-VSeg ex-
tracts syllable timestamp information to guide CTC posterior
probabilities, achieving syllable-level segmentation.

2.2.1. DTW and Label-Level Alignment Paths

We employ the Dynamic Time Warping (DTW) algorithm
[21] to extract label-level alignment paths from cross-attention
weights, which can capture monotonic alignment relationships
between text labels and acoustic feature frames. These two se-
quences are the text label sequence Y = {y1,y2,...,yr} and
the acoustic frame sequence X = {1, z2,...,z1}, where L
and T denote the number of labels and frames, respectively.
The cross-attention weight matrix A € R**7T generated dur-
ing autoregressive decoding, serves as the alignment reference.
Its elements «; ; represent the contribution of acoustic frame x;
when decoding label y;, subject to the normalization constraint

T
Zt:l Q¢ = 1.
To construct the DTW cost matrix, we apply L2 normaliza-
tion to the attention vector A; = {a;,1,qi,2,...,0; 1T} COI-

responding to each label y;, and define the negative normal-
ized weights as alignment costs. By constraining the path
Pr = (pla s 7p1\/1) to SatiSfy Pm+1 — Pm € {(07 1)7 (17 1)}7
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the DTW algorithm derives an optimal many-to-one mapping.
The path endpoints p1 = (1,1) and pas = (L, T) ensure global
alignment consistency. Finally, the path P* is converted into
binary frame-level pseudo-labels, which jointly guide the opti-
mization of the decoder’s attention distribution and the frame-
level predictions of the CTC branch.

Frame-level pseudo ™
labels for guiding

segmentation /
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I

Figure 1: Label-Level Segmentation via DTW and Attention
Weights

2.2.2. Frame-Level Pseudo-Label Generation for CTC

To enhance the efficiency and accuracy of the model for Chi-
nese singing segmentation tasks, we adopt a modeling strategy
based on toneless syllables as units. Specifically, 406 toneless
syllable units are defined based on the Contemporary Chinese
Dictionary, and the lyrics are converted into corresponding syl-
lable sequences using the pypinyin tool. Building upon this
foundation, we perform frame-level pseudo-label generation to
fully leverage labeled Chinese singing datasets with syllable-
level timestamps. For a sample (X,Y"), let its syllable label
sequence be Y’ = (yi,...,yr), where the onset and offset
timestamps of % in the dataset are (onset;, offset;). Based on
these timestamps, a frame-level label sequence Y € RISIXT
of length 7" is generated, where S is the syllable-based lexicon,
and g, represents the guidance information for the ¢-th frame,
i.e., the one-hot encoding of the syllable label corresponding to
the audio segment at that frame. This process is formally de-
fined by Equation (2-1):

. offset ;
J <is { 0.0;J

. Onehot(y;) if Vgsgg
otherwise

Yi =
Onehot(e)

The intuition behind this is illustrated in an example figure. The
generated frame-level label sequence Y serves as pseudo-labels
to directly guide the posterior probabilities of the CTC branch.
Through this mechanism, the model learns to more precisely as-
sociate acoustic features with syllable labels, thereby improving
segmentation and transcription capabilities for Chinese singing
audio.
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Figure 2: Construct fine-grained information based on times-
tamps



2.2.3. CTC-VSeg

In the task of Chinese singing segmentation, traditional CTC-
Segmentation algorithms fail to effectively handle potential
silent segments between labels, resulting in suboptimal segmen-
tation. To accurately extract label timestamps, this paper pro-
poses an improved segmentation method based on the Viterbi
algorithm—CTC-VSeg. This method treats the transcription
label sequence as an observation sequence, uses CTC poste-
rior probabilities as state transition probabilities, and searches
for the globally optimal segmentation result through the Viterbi
algorithm [20]. Specifically, let the lyric content be ¥ =
(y1,- -+ ,yr) and the syllable sequence be Y’ = (y1,--- ,yL).
The CTC branch of the model predicts a frame-based posterior
probability matrix P € RT*(S+D \where p; ; represents the
probability of the transcription label y; at time step ¢. To han-
dle silent segments, the algorithm inserts silent labels € at the
boundaries and between labels, resulting in an augmented lyric
sequence Y of length 2L + 1. Based on the posterior probabil-
ity matrix, the algorithm computes the cumulative score matrix
A e RTXCLHD through dynamic programming, where at,j
represents the maximum joint probability of aligning the se-
quence Y[1 : j] with the audio frames X |1 : ¢]. The algorithm
designs three valid state transition rules: (1) transitioning from
the (¢ — 1)-th label to the i-th label, indicating no silent segment
between them; (2) transitioning between non-silent labels and
adjacent silent labels; and (3) maintaining the current label or
silent segment, indicating its continuation over time. The cumu-
lative score matrix A is computed using dynamic programming
according to Equation (2-2):

at—1,; + logpi.e if7=0

max(ar—1,j,Gt—1,j-1,0t-1,5-2) +10gpe; if §; # Jj—2

max(at—1,j,at—1,5—1) + log pt.; otherwise
(2-2)

Additionally, the matrix B records the state transition paths,
where the element b, ; indicates the previous path step when
computing a;,;. The final segmentation result is determined by
backtracking the path arg max¢ ; (at=7,j=20+1, Qt=T,j=2L)-

2.2.4. Multi-Task Loss Function

We propose a multi-task loss function to optimize the Chinese
singing voice segmentation task, comprising four key compo-
nent losses. First, the autoregressive decoder loss L£s2s mea-
sures the discrepancy between the predicted label sequence
from the AED branch and the ground-truth labels via nega-
tive log-likelihood, thereby enhancing label prediction accu-
racy. Second, the guided cross-attention weights loss Laaw
leverages a binarized matrix A € RY*7 to generate frame-
level pseudo-labels, constraining the attention weights to focus
on critical acoustic segments and improving the model’s ability
to capture salient acoustic information. Third, the CTC branch
guidance loss Lo aligns CTC output probabilities with ex-
pected distributions using the matrix

L
Mcrc = Z v AT

=1

(2-3)

and the loss term

- (Mcre @ log Perc). 2-4)
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Finally, to address the spike phenomenon” in singing segmen-
tation, we introduce a maximum entropy-regularized CTC loss
(EnCTC):

Lencre = Lore — BH(p(|Y, X)), (2-5)
where /3 controls the weight of the entropy regularization term.
By incorporating the conditional entropy of alignment paths,
EnCTC suppresses excessive spikes in CTC outputs and pre-

vents overfitting to blank-dominated paths, promoting more rea-
sonable segmentation. The overall loss is defined as:

L = Lencrc + Ls2s + A(Laaw + Leore),

where the hyperparameter A balances the influence of hard-
alignment guidance. Joint optimization of these losses strength-
ens the model’s capability to learn fine-grained acoustic seg-
mentation patterns, ultimately improving singing voice segmen-
tation performance.
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(a)The peak in CTC posterior
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(b) CTC peaks lead to significant segmentation errors

Figure 3: CTC peak phenomenon

3. Training
3.1. Datasets

We use two Chinese lyric transcription datasets: M4Singer
[22] and Opencpop [23]. M4Singer, from Zhejiang Univer-
sity and Huawei, contains 20,896 samples (30 hours) of multi-
singer Mandarin singing with sheet music, lyrics, and times-
tamps, covering 700 pop songs. Opencpop, by the Wenet team,
includes 3,756 samples (5.2 hours) from professional female
singers, with syllable and phoneme pitch labels and boundary
timestamps.

3.2. WhisperMLT

WhisperMLT adopts a two-stage transfer learning process for
Chinese lyric transcription. In the first stage, the Encoder and
Decoder layers of the model are frozen, and the CTC branch and
the pure Chinese text embedding layer are fine-tuned using the
AISHELL1 Mandarin speech dataset [24] for two epochs. The
model is then fully fine-tuned on all layers using the M4Singer
Chinese singing dataset. This stage unfreezes all layers, allow-
ing the model to update parameters based on the characteristics
of singing audio. The best-performing model is then tested on
the full data of Opencpop to compare transcription performance
across different models. During training, M4Singer is split into
a 90% training set and 10% validation set, with Levenshtein edit
distance used to ensure no overlap between the validation and
training samples.



3.3. WhisperMSS

This section adopts the same data partitioning strategy as the
previous section, utilizing the full dataset of M4Singer for train-
ing and the full dataset of Opencpop for testing. For the hyper-
parameters in Equations (3-1) and (3-10), we first fix 8 = 1 and
determine the optimal value of A within the range [0, 1] with a
step size of 0.2. Subsequently, we fix A to its optimal value
and apply the same strategy to search for the optimal 5. The
model achieves the best performance on the validation set with
A=0.2and 8 = 0.4.

We adopt Average Absolute Error (AAE) to evaluate segmen-
tation accuracy, computing it separately for syllable onset and
offset timestamps. Given the significant duration variability in
singing compared to conversations, separate AAE metrics offer
a comprehensive assessment of boundary segmentation preci-
sion.

3.4. Implementation Details

The experiment was carried out on a high performance server
running the Ubuntu 22.04.3 LTS operating system. The hard-
ware setup includes an NVIDIA A800 80GB PCle GPU.

4. Evaluation
4.1. Metrics

For the lyric transcription task, we evaluate performance using
Character Error Rate (CER) and Syllable Error Rate (SyER).
CER is computed as the Levenshtein edit distance between pre-
dicted and true character sequences, normalized by the true se-
quence length. SyER is derived by converting characters to
toneless syllables using the pypinyin tool and computing the
error rate. Both metrics are defined as:

S+D+1
L
where S, D, and I represent substitution, deletion, and insertion

errors, respectively, and L is the length of the true sequence.
For the singing segmentation task, we use Average Absolute Er-
ror (AAE) to measure timestamp accuracy. Let L be the lyric
length, and let onset;, offset;, onset;, and offset; denote the pre-
dicted and true start/end times (in seconds) for the ¢-th label.
AAE is calculated as:

CER/SyER = (4-1)

L
1
AAE = — Z (Jonset; — onset;| + |offset; — offset;|)
=1

2L <

(4-2)

Additionally, we adopt the Percentage of Correct Onsets

(PCO)metric, which considers a prediction correct if the times-

tamp error is within a tolerance of 0.02 seconds. Precision (P),

recall (R), and Fl-score (F1) are computed for both start and

end times to evaluate segmentation accuracy from a classifica-
tion perspective.

4.2. Results
4.2.1. Syllable-Level Mandarin Lyrics Transcription

We evaluated the Conformer model and two self-supervised
models, Wav2vec2.0 [25] and HuBERT [26]. Conformer
was fine-tuned on AISHELLI, then M4Singer, and tested on
Opencpop. Wav2vec2.0 and HuBERT used Facebook AI’s pre-
trained checkpoints, fine-tuned on M4Singer. OpenAl’s pre-
trained model was tested zero-shot for accuracy assessment.
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Model Decoding Method CER SyER
Conformergnetuned beam-search 114 49
Wav2vec2yge+CTC greedy-search 7.0 22
HuBERT g +CTC greedy-search 6.7 2.1
Whisper Pretrainedsman beam-search 132 54
Whisper Pretrainedmedium beam-search 10.7 2.8
Ours/WhisperMLT smai beam-search 5.1 1.3
Ours/WhisperMLT medium beam-search 4.6 1.1

Table 1: Performance Comparison of Speech Recognition

Models

Table 3.3 shows our method outperforms in Chinese lyric
transcription, with the fine-tuned WhisperMLT-medium model
achieving the lowest CER of 4.6% and the lowest SyER of
1.1%. Converting characters to syllables significantly reduces
errors across models, indicating frequent phonetic accuracy
with semantic misinterpretations. Notably, Whispersmall and
Whispermedium achieve SyERs of 1.3% and 1.1%, respec-
tively. Compared to other methods, WhisperMLT excels in cap-
turing pronunciation details in singing audio, enhancing its po-
tential for singing evaluation tasks.

4.2.2. Syllable-Level Mandarin Lyrics Segmentation

We select the wav2vec 2.0 Fully - Connected Layer method
(weakly - supervised speech segmentation based on pre - trained
models) and Jun’s 2023 Whisper [27] - based Mandarin tran-
scription method as baselines. Table [specific number] shows
model performance. The proposed WhisperMSS method uses
fine - grained timestamps to guide CTC branch frame - level
multi - classification, with syllable segmentation AAE as low as
0.02 s and onset F1 of 92.3% (0.02 s tolerance). All models per-
form better on onset than offset due to variable singing pronun-
ciation unit durations. Ablation experiments were conducted to
assess the proposed multi - information fusion method. Remov-
ing DTW - based label - level segmentation extraction increases
AAE from 0.020 s to 0.1 s, and reduces Flonset and Floffset.
Removing CTC - VSeg also increases AAE and slightly reduces
Flonset and Floffset. These results show the value of each
fused information in improving model performance, validating
the method’s effectiveness and superiority.

Model AAE(S) Flonset Flogrset
wav2vec2-fc 0.150 904 90.1
Jun 0.022 919 91.8
WhisperMSS 0.020 923 92.1
(w/o)DTW 0.100 90.5 90.2
(W/0)CTC-VSeg 0.023 920 917

Table 2: Performance Comparison of Speech Segmentation
Models

5. Conclusion

We proposed WhisperMSS, enhancing Mandarin singing tran-
scription and segmentation by refining the Whisper model with
a CTC branch. Frame-level pseudo-labeling and CTC-Vseg
methods enable precise syllable segmentation. Future work will
explore its potential in speech defect quantification and cross-
language applications.
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