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ABSTRACT

Lyrics-to-audio alignment is an important task for real-
world applications such as karaoke systems. Despite
alignment performance improved with the release of large
datasets and the utility of advanced deep learning mod-
els, accurate word offset estimation remains challenging.
To address this problem, we extend our previously pro-
posed masked cross-entropy (CE) loss by proposing new
masks to enforce model predictions at masked frames with
frame-wise phoneme labels derived from word-level an-
notations. We train a Convolutional Recurrent Neural
Network (CRNN) by using both the masked CE loss and
the Connectionist Temporal Classification (CTC) loss. By
comparing the results obtained by using different masks
in the masked CE loss, we find that word offset estima-
tion performance is improved by using masks which cover
all silent frames. In addition, we find that masks on word
onset frames are essential for improving word onset esti-
mation performance. We achieve comparable word onset
estimation results and provide benchmark word offset esti-
mation results for future research.

1. INTRODUCTION

In this paper, we address the lyrics-to-audio alignment
task, which aims to synchronize lyrics with musical au-
dio. There are two inputs for a lyrics-to-audio alignment
system: the musical audio (a mix of singing and musical
accompaniment) and the corresponding lyrics. The output
is time-synchronized lyrics, with the start time (onset) and
end time (offset) of each lyric unit [1]. Depending on the
application scenario, the time-synchronized lyrics can be
categorized into different granularity levels: such as line,
word, and phoneme levels, as illustrated in Figure 1. This
task is crucial for real-world applications that require accu-
rate, large-scale time-synchronized lyrics, such as karaoke
systems, lyrics-based music retrieval [2], and lyrics anima-
tion for music videos [3].

Lyrics-to-audio alignment is a challenging task due to the
unique characteristics of singing voice and the interference
introduced by musical accompaniment. Singing is gener-
ally more expressive than speech [2, 4, 5], with lyrics sung
with varying dynamics, pitches, and durations. This vari-
ability in pronunciation makes it difficult to build an effec-
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Figure 1: An illustration of the lyrics-to-audio alignment
task with the input audio in waveform and the output
time-synchronized lyrics in three levels: line, word, and
phoneme levels.

tive acoustic model. Furthermore, the musical accompa-
niment is highly correlated with the singing voice, which
reduces the effective signal-to-noise ratio for singing voice
processing. To address these challenges, some meth-
ods [6, 7, 8, 9, 10] separated singing vocals from the mixed
audio by using advanced source separation methods [11]
before alignment. Alternatively, other methods exploited
temporal correlations between lyrics and musical elements,
such as melody, chords and accompaniment. They im-
proved lyrics-to-audio alignment performance by learning
it jointly with other related tasks, such as chord estima-
tion [12], singing pitch detection [9], singing voice separa-
tion [13], and singing voice synthesis [14].

With the release of the DALI dataset (a large Dataset of
synchronised Audio, LyrIcs and notes) [15, 16], lyrics-to-
audio alignment performance has been improved substan-
tially [17, 9, 18, 19]. However, most available datasets
provide only weak (line-level or word-level) annotations,
lacking frame-wise (phoneme-level) annotations neces-
sary for supervised training. To train models using such
weak annotations, researchers have developed different ap-
proaches. Gupta et al. [20] employed a conventional auto-
matic speech recognition method, using predicted frame-
wise phoneme labels as ground truth for training. Stoller et
al. [21] proposed an end-to-end model based on the Wave-
U-Net architecture and trained it using the Connectionist
Temporal Classification (CTC) loss [22]. Other methods
leveraged cross-modal models by mapping audio and text
embeddings into a shared latent space via contrastive learn-
ing [23, 19]. Kang et al. [18] acheived lyrics-to-audio
alignment by reformulating the alignment task as a word
onset estimation task and trained the model with the cross-
entropy (CE) loss.

Among these methods, the CTC loss has attracted in-
creasing attention in recent work [7, 24, 9, 10], because it
simplifies model training by enabling learning from weak,
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(a) Estimated results by using the method in [25] (with mask p)

(b) Estimated results by using the proposed method (with on-
sets obtained by using mask onset and offsets obtained by using
mask onset silence)

Figure 2: Estimated word onsets and offsets by using the
method in [25] and the proposed method, with the ground
truth indicated by the above green boxes. See Section 3.2
for details of the masks.

line-level annotations without explicit alignment. How-
ever, the CTC loss is suitable for transcription tasks but
not sensitive to the precise timing of individual elements
in a sequence, which may limit alignment accuracy. To
address this limitation, Teytaut et al. [24] added a spectral
reconstruction loss to the CTC loss to improve the tempo-
ral coherence in the model’s predictions. Huang et al. [9]
proposed a joint learning approach that integrates pitch es-
timation to enhance alignment accuracy.

In our previous work [25], we also applied a CTC-based
model and proposed a masked CE loss to mitigate the tim-
ing imprecision inherent in the CTC loss. In the masked
CE loss, frame-wise phoneme labels were derived from
word-level annotations at key frames (word onset and off-
set frames, as well as silent frames), with details shown in
Section 3.1. Then, we enforced the model phoneme pre-
dictions at the key frames by using the masked CE loss
with a mask on these frames. The experimental results
showed that incorporating the masked CE loss improved
word onset estimation. However, we observed incorrect
offsets in the results: a word often ends just before the next
word with the silent frames undetected, as shown in the
Figure 2(a).

Therefore, in this paper, we work on improving word
offset estimation performance in the lyrics-to-audio align-
ment system. We extend our previously proposed masked
CE loss [25] by proposing new masks to explore the effects
of different masks on alignment. We achieve better results
on both word onset and offset estimation by using the new
masks. By carefully examining the results of using differ-
ent masks in the masked CE loss, we find that using masks
covering all silent frames enhances word offset estimation;
and masks on word onsets are essential for improving on
word onset estimation. We combine the best onset and off-
set estimations as the output of the proposed method, as
shown in Figure 2(b). The contributions of this paper are
summarized as follows:

• We propose four new masks for the masked CE loss,
improving word onset and offset estimation perfor-
mance.

• We compare the effects of using different masks to
find the essential frames in the masks for perfor-
mance improvements on word onset and offset es-
timation, respectively.

• We conduct evaluation on word offsets. Since there

Figure 3: Audio pre-processing

are no existing results on word offset estimation,
we present our results as a benchmark for future re-
search.

The rest of this paper is organized as follows. Section 2
describes the baseline method and Section 3 illustrates the
proposed extension in the masked CE loss. The experi-
mental setup and results are presented in Section 4. We
conclude the paper in Section 5.

2. THE BASELINE METHOD

In a lyrics-to-audio alignment system, lyrics are aligned
with audio to produce time-synchronized lyrics. To do that,
we first transform the musical audio into a spectrogram and
convert the lyrics into a ground-truth phoneme sequence.
Then, we build and train a model to predict phoneme prob-
abilities for each frame based on the spectrogram. Fi-
nally, we align the model predictions with the ground-truth
phoneme sequence to produce time-synchronized lyrics.

This section describes the baseline lyrics-to-audio align-
ment method, which is based on our previously proposed
method in [25]. Readers are referred to [25] for further
details.

2.1 Audio and Lyrics Pre-processing

For audio pre-processing, we first apply an advanced
source separation method, HT Demucs [11], to extract the
singing vocals. Then, we convert the extracted audio to a
mono track and downsample it. We compute the log-scaled
magnitude mel-spectrogram and normalize it to a range be-
tween 0 and 1. See Figure 3 for details.

For lyrics pre-processing, we convert the word sequence
in the lyrics into a phoneme sequence. Word phonetization
follows the conventions of the CMU Pronouncing Dictio-
nary 1 , which uses a set of 39 phonemes. In addition to
these phoneme tokens, we add a token 0 to represent the
blank symbol ϵ (staying in the same state) used in the CTC
loss. We also add a token 40 for silence or space, result-
ing in 41 distinct tokens. Figure 4 shows an example of
lyrics along with the corresponding phonemes and token
representations.

1 http://www.speech.cs.cmu.edu/cgi-bin/cmudict
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Figure 4: An example of converting lyrics to phonemes for
lyrics pre-processing

Figure 5: Model architecture. The baseline model is trained
with the CTC loss. We propose and compare different
masked CE losses to improve alignment performance.

2.2 Model Architecture

We adopt a simple Convolutional Recurrent Neural Net-
work (CRNN) based on the models used in [24, 25].
The network architecture is shown in Figure 5: the mel-
spectrogram is fed into a spectral encoder and a CTC
decoder to produce frame-wise phoneme probabilities as
model predictions.

The spectral encoder consists of a CNN block and an
RNN block. The CNN block contains two 2D convolu-
tional layers with 16 and 32 filters, respectively. Both lay-
ers use 3 × 3 kernels and ReLU activation. A sequence
of operations are applied after each convolutional layer,
including batch normalization, a pooling operation that
halves the feature dimension, and a 25% dropout. The
RNN block contains two bi-directional LSTM layers with
512 units in each layer.

In the CTC decoder, there are an RNN block (identical to
the one used in the spectral encoder) and a linear layer with
an output dimension of 41 (corresponding to the number
of tokens). We apply a softmax function on the model
output to obtain frame-wise phoneme probabilities.

This network is a simplified version of the model used
in [25], where a spectral decoder was stacked after the CTC
decoder to reconstruct the spectrogram for computing a re-
construction loss. In the paper, we discard the spectral de-
coder to focus on the masked CE loss.

2.3 The CTC Loss

We predict the frame-wise phoneme probabilities D =
P(ŷ|X) from the input mel-spectrogram X ∈ RNF×T ,
where NF is the number of frequency bins, T is the num-
ber of time frames, and ŷ = {ŷt}, t ∈ [0, · · · , T − 1] rep-
resents the predicted phoneme sequence. In the phoneme
probabilities D ∈ RNT×T (where NT is the number of

tokens), its element Di,t = P(ŷt = i|X) denotes the
probability of predicting token i at time t. Since the
frame-wise annotations are unavailable, it is not possible
to train the model by minimizing the loss between the pre-
dicted and ground-truth phonemes at each frame. Instead,
we minimize the loss between the predicted and ground
truth phoneme sequences by using Connectionist Tempo-
ral Classification (CTC) loss [22].

Set the phoneme sequence of the ground-truth lyrics y =
{y(m)}, m ∈ [0, . . . ,M − 1], where M is the length
of the ground-truth phoneme sequence, y(m) ∈ A, and
A denotes the set of all possible phonemes. The pre-
dicted phoneme sequence ŷ is an extended sequence of the
ground-truth phoneme sequence y. There is no time syn-
chrony between these two phoneme sequences; but there
is order synchrony between them (the ground-truth and
predicted phoneme sequences happen in the same order).
Usually, each phoneme in y spans one or several frames in
ŷ with M ≤ T . To maximize the probability of the pre-
dicted phoneme sequence ŷ, we train the learnable model
parameters Θ under the CTC constraints of ŷ ∈ A ∩ {ϵ},
and B(ŷ) = y,

P(y|X; Θ) =
∑

ŷ,B(ŷ)=y

T−1∏
t=0

P(ŷt|X; Θ), (1)

where B is a mapping function that collapses repeated
labels and removes blank symbols ϵ. For example,
B(ϵaaaϵϵbbϵϵ) = ab. The CTC loss is defined as the neg-
ative log-likelihood of the above probability:

LCTC(Θ) = − logP(y|X; Θ). (2)

2.4 Post-processing

Before forced alignment, we remove the silent segments
at the beginning and end of each song to improve perfor-
mance and robustness. First, we sum the magnitude mel-
spectrogram along the frequency axis and normalize it to a
maximum value of 1. Then, we apply a threshold of 0.05
to identify frames above the threshold as non-silent frames.
We take the first non-silent frame as the start point and
the last non-silent frame as the end point. We extend both
points by one second (63 frames) to ensure that all singing
parts are included. We only use the audio segment between
the start and end points for alignment.

We align the model predictions with the ground-truth
phoneme sequence using the CTC segmentation, a forced
alignment method adapted for CTC-based model predic-
tions [26]. The CTC segmentation is based on dynamic
programming, in which the probability of staying in the
same state is represented by the probability of the blank
symbol ϵ as the way used in the CTC loss. We use the
PyTorch implementation 2 of the CTC segmentation for
forced alignment.

For phoneme-level alignment, we detect phoneme bound-
aries from the predicted phoneme sequence obtained by
forced alignment. The segmented phonemes are merged
into words (or lines) for word-level (or line-level) align-
ment. In this paper, we produce word-level alignment re-
sults for evaluation.

2 https://pytorch.org/audio/stable/tutorials/
forced_alignment_tutorial.html
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Figure 6: Word-level annotations and the derived phoneme-level labels at word onsets, word offsets, and silent frames.

3. EXPLORING MASKED CE LOSSES

Our work mainly focuses on using the masked CE loss
along with the CTC loss to improve lyrics-to-audio align-
ment performance. Computing the masked CE loss in-
cludes two steps: (1) deriving frame-wise phoneme labels
for key frames from word-level annotations and (2) con-
structing a mask on the key frames [25]. In this paper, the
derived frame-wise phoneme labels in the first step remain
the same as in our previous work [25]. Our extension lies
in the second step: we propose four new masks and ex-
amine their impact on lyrics-to-audio alignment to identify
effective masks for improving alignment performance.

3.1 The Derived Phoneme Labels for Key Frames

From weak annotations at the word level, we can derive
frame-wise phoneme labels for specific frames, such as
word onset and offset frames. For example, a musical clip
with the lyrics “I feel like” would have word-level annota-
tions that specify the onset and offset times of each word,
as shown in Figure 6. From such annotations, we can de-
rive phoneme labels for three types of frames:

1. For words containing two or more phonemes (e.g.,
“feel” and “like”), the first phoneme is assigned to
the onset frame, and the last phoneme is assigned to
the offset frame.

2. For words consisting of a single phoneme (e.g., “I”),
all frames within the word duration are labeled with
that phoneme.

3. For frames outside any word segments, a si-
lence/space label (token 40) is assigned.

3.2 Proposed Masks

These labeled frames (frames with derived labeled) play
an important role in determining word onsets and offsets,
which are essential for word-level alignment. To enforce
the model prediction at these frames, we need to construct
a mask to compute the masked CE loss on the masked
frames.

In our previous work, we created a binary mask (mask p)
with ones at the labeled frames [25]. However, due to the
introduction of the blank symbol ϵ in the CTC loss, non-
onset frames can be represented by either phonemes or ϵ,
according to the CTC mapping function (B(ϵaaaϵϵbbϵϵ) =

ab). In contrast, onset frames are always labeled by
phonemes. To relax the constraint on non-onset frames,
we set mask p to zeros for ϵ (token 0) at these non-onset
frames.

• mask p: ones at all labeled frames, but zeros at non-
onset frames for ϵ (token 0), as shown in Figure 7(b).

In this paper, we propose four new masks to explore the
essential frames in the masks for performance improve-
ments. However, we include ϵ for all masked frames in
the new masks for two reasons: (1) the blank symbol ϵ is
important in the CTC loss and post-processing; and (2) our
previous results showed that the above mask (mask p) does
not help with word offset estimation. The proposed masks
are listed as follows:

• mask all: ones at all labeled frames, as shown in
Figure 7(c). The masked CE loss is computed over
all labeled frames to ensure that the model predicts
the ground-truth phonemes at those frames.

• mask onset: ones at word onset frames, as shown in
Figure 7(d). The masked CE loss is computed over
word onset frames to ensure that the model predicts
the ground truth phonemes at onset frames.

• mask onset silence: ones at word onset frames and
all silent frames, as shown in Figure 7(e). The
masked CE loss is computed over word onset frames
and all silent frames to improve silent frame detec-
tion for better word offset estimation.

• mask onset slstart: ones at word onset frames and
frames where silences begin, as shown in Fig-
ure 7(f). The masked CE loss is computed over word
start frames and silence start frames, treating succes-
sive silent frames as a single segment.

3.3 The Masked CE loss

The masked CE loss is computed over the masked frames
as follows:

LmaskedCE = − 1

Nmask

∑
i

∑
t

Bi,tH(Li,t, Di,t), (3)

where B ∈ R41×T represents the mask and L ∈ R41×T

represents the one-hot encoding of the derived phoneme
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(a) The derived phoneme labels (one-hot encoding)

(b) Mask p

(c) Mask all

(d) Mask onset

(e) Mask onset silence

(f) Mask onset slstart

Figure 7: Derived frame-wise phoneme labels (one-hot en-
coding) and different masks, with black for ones and white
for zeros. See Section 3.2 for mask details.

labels (see Figure 7 for examples). D ∈ R41×T denotes
the model predictions. H(a, b) = a log(b), and Nmask is
the total number of masked frames.

We can enforce the model predictions at the masked
frames by applying the masked CE loss to assist training.
In the experiments, the CRNN model is trained to mini-
mize the following combined loss L:

L = LCTC + λLmaskedCE, (4)

where λ is the weight of the masked CE loss. We set λ = 1
for all the masks, as this value performed best in the pre-
liminary experiment.

4. EXPERIMENTS AND RESULTS

4.1 Datasets

For training and validation, we use the DALI dataset [15],
which contains over 5,000 songs along with annotations at
four hierarchical levels: note, word, line, and paragraph.
In our experiments, we use an English subset of the DALI
dataset with 3,352 audio-available songs. This subset is
randomly split into training and validation sets with an
80/20 ratio, resulting in 2,681 training songs and 671 vali-
dation songs.

To evaluate our method, we use the publicly available
Jamendo dataset [23], which provides both line-level and
word-level annotations. We present word-level results on
20 English songs in the Jamendo dataset and compare our
results with other state-of-the-art (SOTA) results obtained
on the same dataset.

During training and validation, the vocal audio is divided
into 10-second segments with a 5-second hop size. For
each segment, only the words that fall entirely within the
segment are used. In contrast, during testing, the full vocal
audio of each song is used without segmentation.

4.2 Training

We train the model for up to 20 epochs by using a batch
size of 32 and the RMSprop optimizer with a learning rate
of 10−4. To reduce variability caused by random initial-
ization and dropout, each model is trained ten times with
different random seeds. We report the results of all ten
trained models, as well as their average.

4.3 Evaluation Metrics

We conduct word-level evaluation by comparing the esti-
mated word boundaries with the ground-truth word bound-
aries. The results are reported with different metrics, in-
cluding: Mean Absolute Error (MAE) [27], Median Abso-
lute Error (MedAE), and Percentage of Correct Boundaries
(PCB) 3 with two tolerance windows [12].

MAE =
1

W

W∑
w=1

|twpred − twref |, (5)

MedAE = median
1≤w≤W

(|twpred − twref |), (6)

3 We use Percentage of Correct Boundaries (PCB) here in contrast to
commonly-used Percentage of Correct Onsets (PCO) because we evaluate
on two word boundaries (onsets and offsets).
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(a) Word onset estimation results.
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(b) Word offset estimation results.

Figure 8: Word-level lyrics-to-audio alignment results on the test Jamendo dataset. For each mask setting, the results of
ten trained models are shown via a box-plot, with an orange line at the median and circles at fliers. The average value is
indicated by the green triangle and also shown on the right. The baseline results (no mask) are marked by red vertical lines
for comparison. Bold numbers indicate the best results.

PCBτ =
1

W

W∑
w=1

1|twpred−twref |<τ × 100%, (7)

where W denotes the total number of words in a song, and
w denotes the word index. twpred and twref represent the pre-
dicted and reference boundaries of the wth word, respec-
tively. We compute PCB with two tolerance window sizes:
PCB0.3 and PCB0.2, representing the percentage of cor-
rectly predicted word boundaries within 0.3 seconds and
0.2 seconds, respectively. We evaluate both word onsets
and word offsets with results averaged over songs.

There is another commonly used evaluation metric: Per-
centage of Correct Segments (PCS), referring to the per-
centage of correct duration in the total duration [28]. This
metric should consider both word onsets and offsets when
determining the correct duration. However, in the practi-
cal, PCS is computed using only word onsets, with a word
offset indicated by the onset of the next word [21, 18, 29].
Since this onset-only version of PCS does not help evaluate
word offset estimation, we omit this metric in this paper.

4.4 Lyrics-to-Audio Alignment Results

Figure 8 illustrates the lyrics-to-audio alignment results of
our proposed method, evaluated on word onsets and off-
sets, respectively. The results demonstrated that the masks
had different effects on the estimation of word onsets and
offsets. From Figure 8(a), we found that mask onset per-
formed best for word onset estimation with an MAE of

0.213 seconds. Mask p followed closely behind with an
MAE of 0.22 seconds. 4 By comparing the masks, we
found that, for word onset estimation, masks on word on-
sets were more important than masks on other frames.

On the other hand, mask onset silence yields the best
word offset estimation with an MAE of 0.332 seconds,
as shown in Figure 8(b). Mask all achieved the sec-
ond best word offset estimation results with an MAE of
0.363 seconds. These results suggested that masks cov-
ering all silent frames were more effective for word off-
set estimation. By comparing word offset estimation re-
sults obtained by using mask onset and mask onset slstart,
we found that adding silence start frames in the mask
(mask onset slstart) improved offset estimation results,
while the MAE remained around 0.4 seconds. These sug-
gested masks covering only silence start frames were insuf-
ficient to improve word offset estimation, whereas apply-
ing a strong constraint by masking all silent frames proved
necessary.

Since we want to improve word offset estimation without
compromising onset estimation performance, we combine
the best onset results obtained by using mask onset and the
best offset results obtained by using mask onset silence
as the results of the proposed method, as shown in Fig-
ure 2(b). The combined results are used for comparison in
Table 1.

4 For a fair comparison, we use the results obtained with the masked
CE loss and without the reconstruction loss in [25] as the results of
Mask p.

119 / 399



Onset Offset
Method MAE ↓ MedAE ↓ PCB0.3 ↑ PCB0.2 ↑ MAE ↓ MedAE ↓ PCB0.3 ↑ PCB0.2 ↑ Training Dataset
GC [17] 0.22 0.05 94% DALI
HBE [9] 0.23 94% DALI
KGLW [19] 0.20 94% DALI
HX-D [18] 0.42 0.043 89% 87% DALI
HX-IH [18] 0.16 0.043 93% 91% In-house 67k
DSE [23] 0.15 92% In-house 88k
Mask p [25] 0.220 0.044 95.0% 94.0% 0.426 0.078 85.4% 81.6% DALI
Baseline (no mask) 0.248 0.049 93.8% 90.9% 0.431 0.060 84.4% 79.9% DALI
Proposed 0.213 0.044 95.2% 94.4% 0.332 0.063 88.7% 85.4% DALI

Table 1: Comparison with SOTA methods. For the proposed method, the onset results are obtained by using mask onset
and the offset results are obtained by using mask onset silence. Bold numbers indicate the best results across all methods,
while underlined numbers indicate the best results among methods trained using the DALI dataset.

4.5 A Comparison to SOTA Methods

Although our main goal is to improve word offset estima-
tion in lyrics-to-audio alignment, we did not find any direct
word offset estimation results from previous research. We
present our word offset estimation results as a benchmark
for future research and can only conduct a comparison on
word onset estimation as follows.

Table 1 shows word onset estimation results of our pro-
posed method (with mask onset) and other SOTA lyrics-
to-audio alignment methods. In comparison to other mod-
els trained on the DALI dataset, our model produced com-
parable results with an MAE of 0.213 seconds. While bet-
ter MAEs were reported by models trained on large-scale
in-house datasets: MAEs of 0.15 seconds and 0.16 sec-
onds by DSE [23] and HX-IH [18], respectively. With
respect to PCB0.3, and PCB0.2 metrics, our method out-
performed all other methods, including those trained on
in-house datasets.

5. CONCLUSIONS

In this paper, we extended our previous work of applying
the masked CE loss to improve CTC-based lyrics-to-audio
alignment. The extension aimed to enhance word offset
estimation by exploring different masks in the masked CE
loss. By comparing the results of using different masks, we
identified the essential frames in the masks for improving
word offset estimation and onset estimation: masks cov-
ering all silent frames were beneficial for word offset es-
timation; while masks covering word onset frames were
essential for improving onset estimation. Our word on-
set estimation results were comparable to the SOTA re-
sults obtained by models trained on the same DALI dataset.
Our word offset estimation results set a benchmark for fu-
ture research since no existing results were found. In the
future, we plan to explore phoneme-level lyrics-to-audio
alignment and investigate the effectiveness of the masked
CE loss on phoneme-level alignment.
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