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Abstract

Lyric similarity is commonly modeled through
various NLP models, implicitly treating lyrics
as ordinary text. However, lyrics are written
to be sung, and their similarity is fundamen-
tally constrained by singability: whether differ-
ent sentences can be performed over the same
melody. We reconceptualize lyric similarity as
singable similarity and propose a framework
that learns lyric representations grounded in
this principle. Our approach leverages lyric
translation pairs that are optimized to fit the
same melody, providing natural supervision
for learning sentence-level similarity under
singability constraints. We introduce a singa-
bility encoder model that jointly captures se-
mantic content and syllable structure. Evalu-
ated on line-level translated lyric retrieval and
lyric-based cover song identification (CSI), our
singability-aware representations consistently
perform well on lyric tasks. These results high-
light singability as a crucial dimension for lyric-
based music information retrieval.

1 Introduction

In much of the recent research, lyrics are commonly
processed as ordinary text in music information
retrieval, and lyric similarity is modeled using stan-
dard natural language processing techniques. How-
ever, lyrics are written to be sung, and their form
and content are constrained by a fixed melody. This
melody imposes requirements on syllable count,
stress pattern, rhythm, and rhyme; consequently,
lyric similarity cannot be fully captured by textual
overlap alone. As a result, treating lyrics as ordi-
nary text is insufficient. To reflect how lyrics are
actually used in songs, similarity should be based
on “singability” features rather than textual similar-
ity alone.

This constraint becomes particularly evident
when the same song is performed in different lan-
guages. While the melody remains unchanged, the

lyrics must be adapted to fit the musical structure.
Direct translation prioritizes semantic fidelity, but
singable lyrics often require systematic deviations
from literal meaning to satisfy melodic constraints.
As aresult, two lyric lines may differ substantially
at the textual level yet remain functionally equiva-
lent when sung over the same melody. Recent work
has introduced multilingual datasets of singable
lyric translations across languages, including large-
scale K-pop lyric translation datasets, enabling em-
pirical study of this phenomenon.

This phenomenon can be illustrated using the
K-pop lyric translation dataset (Kim et al., 2024),
which consists of official Korean and English lyrics
for songs released in both languages. We use the
song “Cry for Me” by TWICE as an example. The
original Korean lyric line, “1 2] Zof QJo|EA”
(/neo-ui gyeo-te i-sseo jul-gae/), consists of eight
syllables and is tightly constrained by the melody.
When adapted into English for performance, it is
rendered as “Imma pretend we’re going strong,”
which preserves the same syllable count and aligns
with the melodic stress pattern, despite not being
a literal translation of the original line. A more se-
mantically faithful translation of the Korean lyric
would be “T’ll stay by your side.” However, this
version fails to satisfy the melodic constraints of
the song, leading to mismatched syllable timing
and stress, and is therefore unsingable under the
given melody. This example illustrates that equiva-
lence under melodic constraints is not determined
by semantic similarity alone: lyrics that are not lit-
eral translations may be preferable for performance,
whereas semantically closer translations can be un-
suitable when singability is taken into account.

Existing approaches to lyric-based music re-
trieval largely overlook this distinction. Meth-
ods based on semantic text similarity (Fell and
Sporleder, 2018) treat lyrics as ordinary text and
cannot distinguish between semantically similar
lines that differ in their functional suitability for be-
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Figure 1: Illustration of singable similarity. In the learned embedding space, lyric lines that can be sung to the
same melody are positioned close together, regardless of language or literal meaning.

ing sung. Conversely, acoustic approaches to tasks
such as cover song identification (CSI) (Serra et al.,
2008; Yu et al., 2020) operate purely on audio fea-
tures, ignoring the structural and linguistic infor-
mation encoded in lyrics. As a result, neither line
of work adequately captures similarity grounded in
musical performance.

Singable Similarity. The importance of fitting
lyrics to melody, often referred to as “singability”,
has long been acknowledged in lyric translation and
songwriting research (Low, 2005; Franzon, 2008).
These studies describe inherent trade-offs between
semantic fidelity and musical fit, noting that suc-
cessful lyric adaptation often prioritizes rhythmic
and phonetic compatibility over literal meaning.

Recent empirical work has further quantified
these observations. In particular, Kim et al. (Kim
et al., 2023a) analyze large-scale lyric translation
data and show that singable translations systemati-
cally sacrifice line-level semantic accuracy while
preserving syllable structure, stress patterns, and
repetition. Together, this body of work suggests
that similarity between lyrics should be defined not
only by what they mean or how they sound in iso-
lation, but by whether they can be sung over the
same melody.

Motivated by this perspective, we conceptualize
lyric similarity as “singable similarity”: similar-
ity defined by melodic compatibility under shared
musical constraints. Singable similarity is not re-
ducible to semantic similarity or syllable similar-
ity alone; rather, it reflects a structured interaction
between meaning preservation and syllable adapta-

tion.

Figure 1 illustrates our notion of singable simi-
larity. In the learned embedding space, lyric lines
that can be performed over the same melody are
positioned close together, even when they differ
substantially in language or literal meaning. Con-
versely, lines that are semantically similar but
rhythmically incompatible are mapped far apart.
This property enables several downstream applica-
tions beyond cover song identification: by detecting
whether two lyric lines share melodic compatibil-
ity, or identifying potential lyric thyme plagiarism
cases.

Our Approach. We formulate lyric-based CSI as
a similarity learning problem under a fixed melody.
Given songs that share the same melody but may
differ in language or wording, our goal is to identify
lyric lines that are equivalent in terms of singability,
namely lines that can be naturally sung over the
same musical phrase.

To support this formulation, we preprocess lyrics
at the line level and align cross-lingual lyric lines
that are sung to the same part of the melody. These
aligned lyric translation pairs are treated as posi-
tive examples of singable similarity. Unlike textu-
ally similar lyric pairs, such examples capture how
lyrics with different wording can nevertheless func-
tion equivalently when sung, making them well
suited for learning melody-aware lyric representa-
tions.

Based on this problem setting, we model
singable similarity using a representation learning
framework grounded in lyric translation. We intro-



duce a dual-encoder architecture that captures both
semantic meaning and singability-related structure.
A multilingual semantic encoder represents the
overall meaning of a lyric line, while a trainable
syllable encoder models rhythm, and stress patterns
derived from representations. Training on aligned
lyric translation pairs encourages the model to fo-
cus on melodic compatibility rather than surface-
level textual similarity.

We evaluate our approach on three tasks of in-
creasing complexity, namely line-level lyric tran-
scription, cross-lingual line-level lyric retrieval,
and lyric-based cover song identification. Across
all tasks, representations that account for singable
similarity consistently outperform semantic-only
baselines, highlighting the importance of explicitly
modeling singability for lyric-based music infor-
mation retrieval.

2 Related Work

2.1 Lyric Translation and Singability

Research on lyric translation has long empha-
sized that song lyrics cannot be treated as or-
dinary text (Low, 2005; Franzon, 2008). Unlike
prose translation, lyrics must conform to a fixed
melody, which imposes constraints on syllable
count, thythm, stress, and rhyme. As a result, pre-
serving literal meaning often leads to translations
that are difficult or impossible to sing, while pro-
ducing singable lyrics typically requires deliberate
syllables and structural adaptation.

This tension was systematically articulated
by Low (2005), who proposed the pentathlon ap-
proach, defining five competing criteria for song
translation: singability, sense, naturalness, rhythm,
and rhyme. Subsequent work by Franzon (2008)
analyzed how translators prioritize different criteria
depending on the translation setting, highlighting
that singability frequently overrides strict semantic
fidelity.

Motivated by these linguistic insights, recent
computational studies have operationalized singa-
bility as an explicit modeling objective. Guo et al.
(2022) showed that tonal constraints must be con-
sidered when translating lyrics into Mandarin. Ou
et al. (2023) framed lyric translation as a con-
strained generation problem, incorporating length
and rhyme controls to achieve near-perfect struc-
tural alignment across languages. Li et al. (2023)
further demonstrated that jointly learning melody
and lyric representations improves translation qual-

ity under musical constraints. More recently, Ye
et al. (2024) proposed a two-stage training frame-
work with learned reward models, showing substan-
tial gains over naive fine-tuning.

Beyond generation, Kim et al. (2023b) intro-
duced the first evaluation framework specifically
designed for singable lyric translation, proposing
metrics that capture syllable alignment, phoneme
repetition, musical structure, and semantic preser-
vation. Their follow-up work (Kim et al., 2024)
provided large-scale empirical evidence from a
Korean—English dataset, showing that singable
translations prioritize structural and phonetic com-
patibility over line-level semantic similarity.

Most recently, Cho et al. (2025) released MAVL,
a multilingual audio-video lyrics dataset spanning
five languages. Their results demonstrate that incor-
porating multimodal cues significantly improves
singability and contextual coherence, reinforcing
the view that lyrics must be modeled in relation to
musical structure.

In contrast to this line of work, which focuses on
generating singable translations, we leverage lyric
translation data as supervision for learning “similar-
ity” representations. This enables similarity-based
retrieval tasks such as cross-lingual lyric matching
and lyric-based cover song identification (CSI).

2.2 Cover Song Identification

Cover song identification (CSI) aims to detect dif-
ferent renditions of the same musical composi-
tion despite variations in performance, including
changes in key, tempo, instrumentation, structure,
and language.

Audio-Based Approaches. Most CSI research
has focused exclusively on audio signals. Early
methods relied on hand-crafted features, with
chroma-based representations and alignment tech-
niques proving effective against key and tempo
changes (Serra et al., 2008; Ellis and Poliner, 2007).
Scalability was later addressed using frequency-
domain representations (Bertin-Mahieux and Ellis,
2012) and timbral shape modeling (Tralie and Ben-
dich, 2017).

With the advent of deep learning, learned audio
embeddings became dominant. Yu et al. (2020)
proposed temporal neighborhood embeddings us-
ing convolutional networks, while Doras and
Peeters (2021) adopted metric learning for cover
similarity. The Da-TACOS benchmark (Yesiler
etal., 2021) further showed that multi-task learning
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Figure 2: Overview of the proposed singable similarity learning framework. “Imma pretend we’re going strong”

is official cover lyric pair of “14 2] Zof| Qlo] ZA|”.

improves generalization across datasets. Attention-
based architectures such as CoverHunter (Chen
et al., 2021) have since achieved state-of-the-art
performance.

More recent work has emphasized data scale and
representation robustness. Du et al. (2024) incor-
porated pretrained ASR models to improve version
identification, and Araz et al. (2024) introduced
Discogs-VI, a large-scale dataset enabling training
of more expressive neural models.

Despite these advances, audio-only approaches
might ignore lyrical content, which encodes seman-
tic, structural, and syllable information that is par-
ticularly important when covers differ in language.

Lyric-Based Approaches. Vaglio et al. (2021)
investigated lyric-based cover song detection, but
their approach was limited to cases where cover
versions share identical or nearly identical lyrics,
and does not address scenarios involving lyrical
adaptation or translation. This limitation becomes
particularly critical in cross-lingual settings, where
cover songs often preserve the melody while sub-
stantially modifying the lyrics to satisfy rhythmic,
and linguistic constraints, making textual similarity
an unreliable indicator of equivalence.

2.3 Cross-Lingual Text Representations

Multilingual language models have made signifi-
cant progress in learning shared semantic spaces
across languages. BERT and its multilingual vari-

ants demonstrated that cross-lingual transfer can
emerge from shared pre-training objectives (De-
vlin et al., 2019; Conneau et al., 2020). Subse-
quent models such as LaBSE (Feng et al., 2022),
SONAR (Duquenne et al., 2023), and E5 (Wang
et al., 2022) further improved sentence-level seman-
tic alignment using contrastive or translation-based
objectives.

3 Problem Formulation

We study lyric-based cover song identification
(CSD) in cross-lingual settings, where songs share
the same underlying musical composition but differ
in language and lyrical realization. Instead of gener-
ating translations, our objective is to retrieve cover
songs by comparing lyrics at musically meaningful
units. We decompose the problem into three tasks.
(see Figure 2)

3.1 Line-Level Lyric Transcription

Input: An audio waveform x.

Output: A sequence of line-level lyric segments
{L1,...,Lp}.

Description: We first transcribe lyrics from the
query music audio using an automatic speech recog-
nition (ASR) system. Given a song and its lyrics,
this task aligns the text to the audio and segments
it into lyric lines. Unlike standard ASR, which pro-
duces word- or sentence-level transcripts, we tar-
get line-level units that correspond to musically
meaningful phrases. These units typically align



with melodic and rhythmic boundaries and serve as
the fundamental granularity for downstream lyric
retrieval.

3.2 Cross-Lingual Line-Level Lyric Matching

Input: A lyric line LgA) in language A and a lyric
line LgB) in language B.
(4)

Output: A singable similarity score between LiA
and L;B).

Description: This task identifies singable similar-
ity between two lyric lines. Matching must reflect
singable similarity, such that two lines should be
compatible with the same melody flow. This re-
quires modeling both semantic correspondence and
syllable structure, such as syllable count and rhyth-
mic pattern, which are not captured by semantic
similarity alone.

3.3 Lyric-Based Cover Song Identification

Input: A query song () and a database of candidate
songs D.

Output: A ranked list of cover song candidates
from D.

Description: Two songs are considered covers if
they share the same underlying composition despite
differences in arrangement, instrumentation, or lan-
guage. Lyric-based CSI is performed by comparing
the lyrics of () against those in D. Internally, line-
level similarities obtained from cross-lingual lyric
matching are aggregated into a song-level score
while remaining robust to structural variations such
as repetition, omission, or reordering of lyric lines.

4 Method

We present a detailed lyric-based framework for
cross-lingual cover song identification (CSI) that
operates on raw audio music.

4.1 Data Preprocessing

We begin by converting raw audio into lyrics
if there’s no lyric information. As in many
audio-lyric-based studies (Vaglio et al., 2021), vo-
cal tracks are extracted from polyphonic audio us-
ing htdemucs (Rouard et al., 2023) to reduce inter-
ference from accompaniment. For inference stage,
when ground-truth lyrics are unavailable, we tran-
scribe the full lyrics using Whisper large-v3 (Rad-
ford et al., 2023) with VAD filtering.

4.2 Line-Level Lyric Segmentation

Line-level lyric segmentation aims to recover mu-
sically meaningful lyric lines from audio, predict-
ing where line breaks should occur based on both
textual and acoustic cues. This task differs from
conventional speech recognition, which focuses on
word accuracy, and from music structure analysis,
which operates at coarser section levels.

We formulate line segmentation as a simple
word-level binary classification problem. Given a
sequence of words, the model predicts for each
word whether it is the last word of a line (label 1)
or not (label 0). This formulation allows boundaries
to be placed flexibly based on learned audio-text
correspondences.

Model Architecture Our model fuses pretrained
text representations with audio features through
cross-modal attention. We employ multilingual-
e5-large (Wang et al., 2024) as the text encoder,
producing 1024-dimensional contextualized repre-
sentations for each token. Audio features extracted
from Whisper large-v3 encoder are projected to
the same dimensionality via a linear layer. A multi-
head cross-attention layer then allows text tokens
to attend over the full audio sequence, enabling
the model to capture acoustic cues such as pauses,
pitch resets, and rhythmic boundaries. The attended
features are combined with text representations
through residual connection, and a linear classifier
produces boundary predictions.

4.3 Cross-Lingual Line Representation
Learning

Given segmented lyric lines, we learn representa-
tions that capture “singable similarity”: whether
two lyric lines can be sung to the same melody,
regardless of language or lexical meaning.

We leverage aligned Korean—English lyric trans-
lation pairs as positive supervision. Unlike standard
parallel text, these translations are explicitly con-
strained by melody, implicitly encoding syllable
length, stress patterns, and rhythmic alignment.

Based on this supervision, we first derive line
representations from a semantic feature extractor
initialized with a pretrained multilingual language
model, which captures meaning-level compatibility
across languages. Token-level semantic representa-
tions are aggregated to form a line-level embedding,
while the encoder is kept frozen during training to
preserve general linguistic knowledge and avoid
overfitting to limited lyric supervision.



Dataset Lang. Songs Audio Lyrics Task Usage

LT LM CSI
K-pop Lyric Translation =~ KO-EN 1,000 Collected v Train/Eval  Train/Eval  Train/Eval
JAM-ALT Multi 79 v Eval - -
Da-TACOS EN 11,3487 Collected X - - Eval
Covers80 EN 160 X - - Eval

Table 1: Summary of datasets and their usage. LT = Line-level Transcription, LM = Cross-lingual Lyric Matching,
CSI = Cover Song Identification. TOriginal dataset contains 15,000 songs; we use the 11,348 tracks with available

audio.

Syllabic information is incorporated as a delib-
erately simple auxiliary cue. We simply augment
syllable embeddings with a single scalar feature,
which is count of syllables. This simple signal pro-
vides a coarse constraint on melodic plausibility,
allowing the model to downweight lyric lines with
highly implausible syllabic structures.

The semantic and syllabic representations are
then concatenated to form the final line embedding.
This design keeps semantic information as the pri-
mary representation while allowing simple syllabic
cues to complement it, improving the model’s abil-
ity to distinguish lines with different degrees of
singability.

4.4 Song-Level Aggregation

For CSI, we aggregate line-level similarities into a
song-level score using a Chamfer Distance-based
metric. This approach accounts for the structural
variations and line reorderings typical in cover ver-
sions. Given a query song () with line embeddings
{e?}‘gl and a candidate song D with embeddings
{e? }‘j[:)‘l, the similarity score S(Q, D) is defined
as:

1
+ D Z max COS(G?, ejD)>
7=1
(D

where cos(+, -) denotes the cosine similarity. Un-
like simple asymmetric pooling, this symmetric ag-
gregation ensures that every line in both the query
and the candidate is accounted for. It measures the
mutual explanation between the two songs, mak-
ing it highly robust to differences in repetition,
structural shifts, and variations in lyric transcrip-
tion across cover versions. Songs in the gallery

are ranked in descending order of this score for
retrieval-based evaluation.

5 Datasets

We use multiple datasets for training and evaluation
across lyric transcription, cross-lingual lyric match-
ing, and cover song identification (CSI). Table 1
summarizes the datasets, their modalities, and their
usage across tasks. All datasets are split by song
or musical work to avoid overlap between training
and evaluation.

5.1 K-pop Lyric Translation Dataset

The K-pop Lyric Translation dataset (Kim et al.,
2024) consists of 1,000 Korean songs paired
with 1,000 singable English translations. Lyrics
are aligned at both section and line levels, and
1,960 songs collected corresponding audio record-
ings. While the majority of songs are K-pop, the
dataset also includes animated musical and theatri-
cal songs.

This dataset is used in all lyric-based tasks in
this work. For line-level lyric transcription, audio-
lyric pairs provide supervision for learning tem-
poral segmentation aligned with musical phrases.
For cross-lingual lyric matching, aligned Korean-
English line pairs from the training split are used as
positive examples for contrastive learning. For CSI,
songs that share the same melody across languages
are treated as cross-lingual cover song instances.

We split the dataset by song using an 8:1:1 ra-
tio for training, development, and testing. Aligned
lyric pairs from the development and test splits are
used only for evaluation.

5.2 JAM-ALT

JAM-ALT (Cifka et al., 2024; Durand et al., 2023;
Syed et al., 2025) is a readability-aware lyric tran-
scription benchmark containing 79 songs in four
languages (20 English, 20 German, 20 Spanish,
and 19 French), with line-level timing annotations



Dataset Jam-ALT K-pop trans.
Method WER| At Rt it WER| It
Whisper v2 445 742 5211 612 493 704
Whisper v3 48.0 763 57.6 657 494 704
AudioShakev3d 16.1 904 79.3 844 - -

Ours 309 88.0 594 710 482 951

Table 2: Line-level segmentation results. WER (%, |)
and line break F-measure F1. (%, 7). Bold indicates best
performance per metric. Whisper v2/v3 (Radford et al.,
2023) and AudioShake v3 (Cifka et al., 2024).

following industry transcription standards. We use
JAM-ALT exclusively to define the evaluation pro-
tocol for line-level lyric transcription and do not
train on this dataset.

5.3 Cover Song Identification Benchmarks

We evaluate CSI using two established benchmarks.
Da-TACOS (Yesiler et al., 2019) contains 15,000
songs. We used only 11,348 songs, which are avail-
able to download raw audio. Covers80 (Ellis, 2007)
consists of 80 musical works with two versions
each (160 songs in total). Both datasets are used
only for evaluation. At inference time, the input
consists solely of a query song and a database of
candidate songs; no lyric alignments or translation
pairs are provided.

6 Experiments

We evaluate our framework on three tasks: (1)
line-level lyric segmentation, (2) cross-lingual line
matching, and (3) cover song identification (CSI).
Each task targets a different component of singable
similarity modeling, ranging from temporal lyric
structuring to cross-lingual melodic equivalence
and song-level retrieval.

6.1 Experimental Setup

Evaluation Metrics. For line-level segmentation,
we compute precision, recall, and F1 with alt-eval,
which gives WER and line-breaking evaluation.
For cross-lingual line matching, we report mean
Average Precision (mAP) and Recall@k. For CSI,
we follow standard CSI evaluation protocols (Chen
et al., 2021), reporting mAP and Mean Rank of the
first correct result (MR1). All models were trained
on a single NVIDIA RTX 5090 GPU.

6.2 Line-Level Segmentation

Setup. We trained a line segmentation model on
the K-pop Lyric Translation dataset with collected

Method mAP! R@11 R@51 R@10t
Semantic-only 0.3486 0.2471 0.4742 0.5371
Singability 0.3527 0.2520 0.4815 0.5402

Table 3: Cross-lingual line matching results on the
K-pop lyric translation (Kim et al., 2024) test set. We
using the E5-large text encoder (Wang et al., 2024).

raw audio. Audio inputs are segmented into fixed
30-second chunks, with up to 10 chunks used per
song. The model is optimized using the AdamW op-
timizer with a learning rate of 2 x 107> and trained
for up to 100 epochs. Training is performed with
a token-level cross-entropy loss for line boundary
prediction.

Baselines. We compare against representative
lyrics transcription systems reported in the Jam-
ALT benchmark, including Whisper v2/v3 (Rad-
ford et al., 2023), a general-purpose ASR model
with demucs, and AudioShake v3 (Cifka et al.,
2024) model. We also provide metrics with K-pop
lyric test dataset.

Analysis. Table 2 reports line-level segmentation
results on the JAM-ALT benchmark and the K-pop
lyric test set. For our metrics, we focus on line-
by-line transcription rather than full lyric transcrip-
tion, which results in slightly lower overall scores.
However, even when only raw audio is provided,
the model is able to distinguish line boundaries
effectively under a simple architecture. Despite
being evaluated on unseen datasets and different
languages, the performance remains competitive.
We observe relatively high precision but lower re-
call in Jam-ALT (Cifka et al., 2024; Durand et al.,
2023; Syed et al., 2025). We attribute this behavior
to characteristics of K-pop music, where line seg-
mentation occurs frequently, leading the model to
produce conservative boundaries.

6.3 Cross-Lingual Line Matching

Setup. We evaluate cross-lingual line matching
on the K-pop Lyric Translation test set, which con-
tains aligned Korean—English lyric line pairs. Given
a Korean query line, the task is to retrieve its cor-
responding English translation from a gallery con-
sisting of all English lines in the test set. We using
the AdamW optimizer with a batch size of 32. We
apply a learning rate of 1 x 10~° to the backbone
encoder and 5 x 107° to the task-specific head.
Models are trained for up to 30 epochs, and opti-
mize a symmetric in-batch contrastive loss with a



Method Modality Covers80  Da-TACOS(Test) Da-TACOS-vocal K-pop Lyrics
mAP1T MR1] mAPT MRI1] mAPt MRI1| mAPT MRI1]|
ByteCover2 (Du et al., 2022) Audio 0.928 3.23 0.791 19.2 - - - -
CoverHunter (Liu et al., 2023)  Audio 0.933 3.20 0.865 11.0 - - - -
Vaglio et al. (Vaglio et al., 2021) Audio+Lyrics  — 0.627 - 0.804 - - -
Ours Lyrics 0.765 1191 0.674 12832 0.896 25.04 0.993 1.08

Table 4: Cover song identification results across different benchmarks. Best results for each column are
highlighted in bold. We used groundtruth lyrics for K-pop lyrics dataset experiments, and Whisper-based lyric

transcription for others.

temperature of 7 = 0.07.

Baselines. We compare semantic-only multilin-
gual text encoder ES-large (Wang et al., 2024) with
their singability-aware counterparts. The singabil-
ity models augment semantic representations with
simple syllabic cues, while keeping the underlying
text encoder unchanged.

Analysis. Table 3 presents cross-lingual line
matching results on the K-pop lyric translation test
set. Incorporating singability information leads to
small but consistent improvements for E5-large
across all retrieval metrics. This suggests that even
minimal syllabic cues can help refine line-level
matching beyond pure semantic similarity. Overall,
these results show that singability-aware modeling
can complement strong multilingual encoders. To
further support these findings, we present a detailed
result in Table 11.

6.4 Cover Song Identification

Setup. We evaluate cover song identifica-
tion (CSI) on two standard benchmarks, Da-
TACOS (Yesiler et al., 2019) and Covers80 (Ellis,
2007). Additionally, we used ground-truth lyrics
for test K-pop lyric dataset (100 pair). For lyric-
based CSI, lyrics are transcribed using Whisper
and processed through our pipeline, consisting of
line segmentation, extract singability embeddings
with E5-large, and song-level aggregation. Since
Da-TACOS provides metadata indicating whether
a track is instrumental, we use the Da-TACOS-
vocal subset, following the approach of Vaglio et
al. (Vaglio et al., 2021).

Baselines. We compare against representa-
tive audio-based CSI methods, including Byte-
Cover2 (Du et al., 2022) and CoverHunter (Liu
et al., 2023), which learn robust audio embeddings
for cover song retrieval. We also include the prior

work explicitly incorporating lyrics into CSI, pro-
posed by Vaglio et al. (Vaglio et al., 2021).

Analysis. Table 4 reports CSI results across mul-
tiple benchmarks. Our method differs in that it uses
lyric representations designed to reflect whether
lines can be sung to the same melody, rather
than exact lexical overlap. In settings where re-
liable lyrics are provided, such as the Da-TACOS-
vocal and K-pop Lyrics benchmarks, our approach
achieves competitive or strong performance. But
we can’t handle instrumental cases totally, which
leads to major performance degradation on the Da-
TACOS test set. These results suggest that lyric-
based CSI is most beneficial in scenarios where
vocal content is present and lyrics can be obtained
with sufficient accuracy, or providing complemen-
tary cues with lyric transcription models.

7 Conclusion

We argued that lyric similarity should not be treated
as ordinary textual similarity, since lyrics are writ-
ten to be sung under fixed melodic constraints. To
address this gap, we introduced the concept of
singable similarity, which captures whether dif-
ferent lyric lines can be performed over the same
melody, beyond surface-level semantic overlap.

We proposed a singability modeling framework
and its application, supervised by aligned singable
lyric translations. This formulation enables line-
level modeling that reflects melodic constraints.

Across line-level segmentation, cross-lingual
line matching, and lyric-based cover song identifi-
cation, our results show that incorporating singabil-
ity leads to more meaningful lyric representations
than semantic-only approaches, particularly in set-
tings where reliable lyric information is available.
These findings suggest that singability is a key di-
mension for lyric-based music information retrieval
and should be explicitly modeled when lyrics are
used as a primary signal.



8 Limitations

This work has several limitations that highlight
important assumptions, scope constraints, and di-
rections for future research.

Line-Level Transcription Scope and Upstream
Assumptions. Our line-level lyric transcription
task focuses exclusively on predicting line bound-
aries, rather than performing full lyric transcription
directly from audio. The model assumes access to
word-level lyric transcripts and does not jointly op-
timize speech recognition and segmentation. This
assumption simplifies the problem setting and al-
lows us to isolate structural modeling at the line
level, but limits applicability in fully lyric-agnostic
or end-to-end scenarios.

In practice, this assumption may be violated
when lyric transcripts are unavailable or noisy.
When lyrics must be obtained via automatic speech
recognition, errors from upstream ASR systems
(e.g., Whisper v3) can propagate to downstream
segmentation, similarity computation, and cover
song identification. Our results are therefore not
robust to severe transcription errors, and perfor-
mance degrades as ASR quality decreases. Devel-
oping end-to-end frameworks that explicitly model
uncertainty and jointly optimize transcription and
musical structure remains an important direction
for future work.

Simplified Singability Modeling. Our singabil-
ity encoder explicitly models syllable counts as a
primary constraint but abstracts away richer pho-
netic and prosodic phenomena such as rhyme,
vowel quality, stress patterns, and consonant repeti-
tion. While syllable structure captures a core aspect
of singability, it represents a simplified approxima-
tion of lyrical fit to melody.

We experimented with incorporating additional
phonetic representations based on PWEsuite fea-
tures, but these approaches did not yield consistent
improvements and were less stable during training.
As aresult, we opted for a deliberately constrained
design. This choice implies that the model may fail
to distinguish between lines that are syllabically
compatible but differ substantially in phonetic or
poetic quality. Future work should explore more
expressive phonetic representations that improve
robustness without sacrificing training stability.

Modeling Level and Evaluation Mismatch. Al-
though our approach emphasizes line-by-line mod-
eling for interpretability, evaluation is primar-

ily conducted on cover song identification (CSI),
which is inherently a song-level retrieval task. This
introduces a mismatch between the modeling gran-
ularity and the evaluation objective, requiring ag-
gregation of line-level similarities into a single
song-level score.

Our ablation studies show that models trained
directly at the song level achieve higher CSI perfor-
mance, suggesting that line-level modeling is not
optimal for maximizing retrieval accuracy alone.
We intentionally adopt this formulation to support
fine-grained analysis and explainability, which are
critical for downstream applications such as plagia-
rism detection, lyric reuse analysis, and editorial
review. Nevertheless, the scope of our claims is lim-
ited to demonstrating the utility of line-level repre-
sentations rather than establishing state-of-the-art
CSI performance.

Dataset Constraints and Generalization. This
study is constrained by the availability of datasets
that jointly provide high-quality audio, aligned
lyrics, and cross-lingual singable pairs. The K-pop
lyric translation dataset offers reliable supervision
for singable similarity but does not provide com-
plete or uniform audio coverage. Other resources
improve modality diversity but remain limited in
scale or introduce variability through external au-
dio acquisition, which may affect reproducibility.

As a result, our empirical findings are based on
a limited set of datasets and languages, and may
not generalize uniformly to other musical genres,
languages, or production styles. While some tasks,
such as line-level segmentation, do not strictly re-
quire parallel lyric translations, broader validation
on larger and more diverse audio—lyric corpora is
necessary to assess robustness and general applica-
bility.

Potential Risks and Misuse. Our work is in-
tended as a research contribution toward under-
standing lyric structure, singability, and similarity,
particularly for analysis and retrieval tasks. How-
ever, the techniques presented could potentially be
misused in automated plagiarism accusation sys-
tems or content moderation pipelines if deployed
without human oversight. Because our models op-
erate under simplifying assumptions and may prop-
agate upstream transcription errors, their outputs
should not be interpreted as definitive judgments.
We emphasize that our approach is designed to
support expert analysis rather than replace it. Fu-
ture work should explore safeguards such as un-



certainty estimation, human-in-the-loop workflows,
and clearer usage guidelines to mitigate the risk
of misinterpretation or overgeneralization in real-
world settings.
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A Why Line-Level Segmentation?

Throughout this work, we model lyric similar-
ity at the line level rather than aggregating en-
tire songs into single embeddings. From a purely
task-oriented perspective, song-level representa-
tions could achieve competitive performance on
cover song identification (CSI). However, our pri-
mary motivation extends beyond retrieval accuracy.
While identifying that song A’ is a cover of song A
is useful, explaining why they are covers requires
interpretable representations that reveal which parts
correspond and how they match despite differences
in language or wording.

A.1 Explainability for Downstream Tasks

Line-level representations naturally extend to sev-
eral tasks where local correspondence matters:
Lyric Plagiarism Detection: Identifying which
specific lines exhibit suspicious overlap under
melodic constraints, providing concrete evidence
rather than song-level similarity scores.

Rhyme and Repetition Detection: Detecting
rhyme schemes and phonetic patterns that operate
at the line or sub-line level, useful for style analysis
and generation.

Cross-Lingual Translation Evaluation: Provid-
ing interpretable feedback on which translated
lines preserve singability and which deviate from
melodic structure.

These applications require fine-grained align-
ment that song-level embeddings cannot provide.
While this work focuses on cover song identifica-
tion, the learned representations are designed to
support these broader use cases.

A.2 Trade-offs

Line-level modeling increases computational cost
from O(1) to O(|Q| x |D|) comparisons per song
pair and introduces sensitivity to segmentation er-
rors. However, we believe interpretability bene-
fits outweigh these costs for applications requiring
transparency, such as copyright enforcement and
musicological analysis.

A.3 Ablation Study

To rigorously analyze the impact of modeling gran-
ularity, we conducted an ablation study by train-
ing an additional song-level Siamese network as
a performance upper-bound baseline. Unlike our
main pipeline that aggregates line-level features,
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this model was specifically designed to learn holis-
tic song representations. We concatenated the lyrics
of each song into a single paragraph and fine-tuned
a multilingual E5-large-instruct (Wang et al., 2024)
backbone on the Da-TACOS (Yesiler et al., 2019)
training set. The training employed a Siamese archi-
tecture optimized via triplet loss, directly mapping
entire lyric sequences into a shared latent space
to maximize the similarity between cover-original
pairs.

Da-TACOS Covers80
Granularity mAP{t MR1| mAP{ MRI1}
Song-level 0955 21.09 0.988 1.02
Line-level 0.896  25.04 0.765 11.91

Table 5: Ablation study comparing song-level versus
line-level granularity.

As shown in Table 5, our results indicate that the
song-level model achieves the highest performance
in cover song identification (CSI) tasks, signifi-
cantly surpassing line-level aggregation. When a
sufficient amount of lyric content is provided, this
approach even exhibits to exceed current SOTA
models. However, the song-level representation
acts as a “black box”, providing no information
on which specific segments or phrases contribute
to the similarity score. In contrast, while line-level
modeling shows a slight trade-off in raw metrics,
it enables precise, interpretable alignment between
cover versions. Detailed score alignment in line-
level modeling will be discussed in section F.

B Effects of vocal audio in Line-Level
Segmentation

B.1 Observations

The visualization result in Figure 3 confirms the
role of the attention mechanism in multimodal in-
tegration:

* Acoustic Alignment: Cross-modal attention
peaks synchronize with the manually anno-
tated segment boundaries, confirming that the
audio signal provides effective temporal guid-
ance.

* Segment Impact: The attention mechanism
actively leverages acoustic cues to distin-
guish line-by-line transitions, facilitating pre-
cise alignment between the audio and textual
modalities.



Bigbang - Fantastic Baby: Audio-Attention Alignment
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Figure 3: Visualization of cross-modal attention alignment. Red lines indicate line-by-line lyrical segment boundaries.
Lyrical content is sourced from the Kpop Lyric Dataset, with timestamps manually annotated through auditory

verification.

C Details in Line-level Segmentation

Raw audio is first processed using Demucs to sepa-
rate the vocal track. The separated vocals are tran-
scribed using a full-track ASR system; in our imple-
mentation, lyrics are extracted using the Whisper-
large-v3 model (Radford et al., 2023). The resulting
word sequence and vocal audio are then encoded
by a text encoder and an audio encoder, respec-
tively. These representations are fused through a
multimodal feature fusion module to predict word-
level line boundary labels. Finally, line breaks are
inserted based on the predicted boundaries to pro-
duce line-segmented lyrics (see Figure 2(a)).

C.1 Additional Qualitative results

These results are obtained from YouTube-collected
test data that are not included in the K-pop trans-
lation dataset (Kim et al., 2024) used for training
and validation.

We present several examples consisting of origi-
nal K-pop lyrics and their corresponding English
versions. See Tables 7-10.

D Analysis of Syllable-Aware Semantic
Attention

Our model is designed to preserve semantic simi-
larity while accounting for syllabic constraints that
affect singability. To this end, semantic represen-
tations are first extracted using a frozen multilin-
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gual language model, ensuring that meaning-level
information is not distorted by lyric-specific super-
vision.

D.1 Effect of Syllable Count on Semantic
Aggregation

Formally, given an input line x, the semantic en-
coder produces a sequence of token-level embed-
dings

H={h1,h2,...,h]\]}, (2)

where h; € R? denotes the semantic embedding of
the ¢-th token and [V is the number of tokens in the
line.

In parallel, we associate the line with a scalar
syllable count S € N, which provides a simple
cue about its syllabic structure. Importantly, S does
not alter the semantic embeddings themselves; in-
stead, it conditions how semantic information is
aggregated.

The final line-level representation v € RY is
computed as an attention-weighted sum of token
embeddings:

3)

where a(S) = {ai(9),...,an(5)} is an at-
tention distribution parameterized by the syllable
count S and satisfies ), o;(S) = 1.



Statistical Impact of Syllable Count on Attention
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Figure 4: Statistical impact of syllable count S on attention mechanism. The blue line denotes Attention Sharpness

(S), while the red line denotes Attention Entropy ().

D.2 Syllable-Conditioned Attention Behavior

To examine how syllable information influences
the attention mechanism, we analyze two statistics
computed from the attention weights a(.5):

* Attention Sharpness:
S = max; «;(.59), indicating how strongly at-
tention concentrates on a small number of to-
kens.

* Attention Entropy:
H = -3, a(S5)log(a;(S) + €), measuring
how broadly attention is distributed, where €
is a small constant for numerical stability.

As illustrated in Figure 4, smaller syllable counts
result in higher sharpness and lower entropy, sug-
gesting that the model focuses on a limited subset
of semantic tokens.

In contrast, larger syllable counts lead to more
dispersed attention, allowing semantic information
to be aggregated over a wider temporal span. This
trend indicates that syllable information modulates
how semantic content is attended to, without ex-
plicitly encoding rhythmic rules.

D.3 Semantic Proximity vs. Singability-Aware
Separation

An important consequence of this design is that
semantic similarity and singability-aware distance
are not necessarily aligned.
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Semantically equivalent expressions such as “Hi”
and “9M3 SHA| & (annyeonghaseyo)” are typically
mapped to nearby regions by a standard semantic
encoder, reflecting their shared meaning.

In our model, however, these expressions differ
substantially in their syllable counts (S = 1 versus
S = 5), which conditions the attention distribution
used to aggregate semantic tokens. Let vg denote
the line-level representation obtained by syllable-
conditioned attention:

vs =) ai(S)h;, @)

where h; is the semantic embedding of the ¢-th
token.

Because (1) and a(5) exhibit markedly dif-
ferent sharpness and entropy characteristics, the
resulting representations v; and vs become sep-
arated in the embedding space, despite their se-
mantic proximity. This separation arises not from
changes in semantic content, but from differences
in how that content is selectively aggregated under
syllabic constraints.

By conditioning attention on a single scalar syl-
lable count, the model can effectively downweight
lyric lines whose syllabic structure is implausible
for a given melodic context, while still preserving
semantic compatibility. As a result, the model ac-
quires the ability to distinguish different degrees
of singability using minimal phonetic information,
without relying on hand-crafted rhythmic features



K-pop Lyrics Covers80 Da-TACOS (vocal)
Method mAPT MRI1] mAPT MRILJ mAP? MR1}
Mean 0.9222 247 0.6078 14.65 0.8802 62.49
Max 0.8854 12.31 0.5360 21.18 0.8587 46.81
Top-5 Mean  0.6905 24.84 0.7419 13.07 0.8482 30.24
Hausdorff 0.8049 13.53 0.3305 22.38 0.6213 130.50
Soft-DTW - - 0.5008 17.61 - -
Chamfer 0.9925 1.08 0.7655 11.91 0.8956 25.04

Table 6: Performance comparison of evaluated song-level aggregation methods. Soft-DTW values for large dataset

cannot be computed due to computation resource.

or explicit alignment supervision.

E Detailed Analysis of Song-Level
Aggregation Strategies

In this section, we provide a comprehensive com-
parative analysis of various song-level aggregation
strategies. To justify the selection of the match-
ing mechanism, we evaluate how different pooling
and distance-based functions affect retrieval perfor-
mance by fixing the underlying line-level encoder
and varying only the aggregation logic.

E.1 Description of Evaluated Methods

We investigate five distinct strategies to translate
a set of line embeddings into a final song-level
similarity score:

* Mean Pooling: Computes the centroid of all
line embeddings within a song to form a
global representation.

e Max Pooling: Selects the maximum value
across line embeddings for each dimension
to capture the most salient features.

Top-5 Mean: Calculates the average of the
five highest similarity scores between any
pair of lines from the two songs, focusing on
strong local correspondences.

Hausdorff Distance: Measures the maximum
of the minimum distances between line sets,
representing the worst-case misalignment be-
tween two lyrics.

Chamfer Distance: A bidirectional aggrega-
tion that calculates the average of the max-
imum similarities between all lines of two
songs, accounting for mutual explanation.

The performance across three different bench-
marks is summarized in Table 6.
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E.2 Discussion and Comparative Analysis

Robustness of Chamfer Similarity. As shown
in Table 6, chamfer distance consistently yields the
highest retrieval accuracy across all benchmarks.
Its effectiveness is particularly pronounced in the
K-pop Lyric Translation (Kim et al., 2024) and
Covers80 (Ellis, 2007) datasets. By finding the best
counterpart for every line in both the query and
candidate songs, Chamfer distance remains robust
to common variations in cover songs, such as struc-
tural reordering or the omission of specific verses.

F Detail in Cover Song Identification

Table 11 presents qualitative example of cross-
lingual line-level matching results. The model is
trained using the singability-aware framework with
an E5-large backbone, and cosine similarity is used
to measure cross-lingual line correspondence. For
evaluation, we select K-pop songs that have both
original Korean lyrics and corresponding English-
version lyrics. As shown in the example, the model
successfully aligns semantically and rhythmically
corresponding lines across languages, even when
literal translations are absent, while maintaining
consistent syllabic structure, which reflects the
singability-aware training objective.

Use of AI Assistants. During the preparation of
this manuscript and associated visual materials, we
utilized multiple large language model-based Al
assistants, including ChatGPT (OpenAl), Claude
(Anthropic), and Gemini (Google), as auxiliary
tools. These tools were used to support English
translation, grammar checking, and stylistic refine-
ment of the writing, as well as to assist in drafting
and refining visualizations used in the project. All
scientific decisions, experimental designs, analyses,
and interpretations were conducted and verified by
the authors.



Section #1

Transcription (Whisper-large-v3):

I was a ghost, I was alone ©}, T] £]Z] o}, 7]<4;¢]| Given the throne, I didn’t know How to believe I was the queen that I meant to
be I lived two lives Tried to play both sides But I couldn’t find my own Caught a bad child Cause I got too wild But now that’s
how I'm getting paid

Line GT Predicted
1 I was a ghost, I was alone, hah I was a ghost, I was alone
2 OS2, hah, g%l (Ah) of, B4 of, 7] 4]
3 Given the throne, I didn’t know how to believe Given the throne, I didn’t know
How to believe
4 I was the queen that I’'m meant to be I was the queen that I meant to be
5 I lived two lives, tried to play both sides I lived two lives
Tried to play both sides
6 But I couldn’t find my own place But I couldn’t find my own
7 Called a problem child ’cause I got too wild Caught a bad child
Cause I got too wild
8 But now that’s how I'm getting paid, Z§l©] on stage But now that’s how I'm getting paid

Section #12

Transcription (Whisper-large-v3):
Waited so long to break these walls down To wake up and feel like me Put these patterns all in the past now And finally live like
the girl they all see

Line GT

Predicted

BSOS I S R

Waited so long to break these walls down
To wake up and feel like me

Put these patterns all in the past now
And finally live like the girl they all see

Waited so long to break these walls down
To wake up and feel like me

Put these patterns all in the past now
And finally live like the girl they all see

Table 7: Genre: Animation Movie. Example of line-level segmentation results for the K-pop song “Golden” by
HUNTR/X (from K-pop Demon Hunters).

Section #2

Transcription (Whisper-large-v3):
Shoes on, gotta bring them on Cup of milk, let’s rock and roll King Kong, kick the drum Rollin’ on like a rolling stone Sing song
when I’'m walkin’ home Jump up to the table, LeBron Ding dong, call me on my phone Nice tea and I'll get my ping-pong

Line GT Predicted

1 Shoes on, get up in the morn’ Shoes on, gotta bring them on

2 Cup of milk, let’s rock and roll Cup of milk, let’s rock and roll
King Kong, kick the drum, rolling on like a Rolling Stone Cup of milk, let’s rock and roll

Rollin’ on like a rolling stone

4 Sing song when I'm walking home Sing song when I'm walkin’ home

5 Jump up to the top, LeBron Jump up to the table, LeBron

6 Ding dong, call me on my phone Ding dong, call me on my phone

7 Ice tea and a game of ping pong, huh Nice tea and I’ll get my ping-pong

Table 8: Genre: K-pop. Example of line-level segmentation results for ‘Dynamite” by BTS.
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Section #4

Transcription (Whisper-large-v3):

Only reason we are here is to celebrate In a place where anyone can be anything Hold on to this moment, don’t let it fade away

Baby, keep the music playing

Line GT Predicted

1 Hey-oh, hey

2 Only reason we are here is to celebrate Only reason we are here is to celebrate

3 In a place where anyone can be anything In a place where anyone can be anything

4 Hold on to this moment, don’t let it fade away Hold on to this moment, don’t let it fade away
5 Baby, keep the music playing Baby, keep the music playing

Section #5

Transcription (Whisper-large-v3):

Come on, get on up We’re wild and we can’t be tamed And we’re turning the floor into a zoo Come on, keep it up It’s fun if

you’re down to play And we’re turning the floor into a zoo

Line GT Predicted

1 Come on, get on up Come on, get on up

2 We’re wild and we can’t be tamed We’re wild and we can’t be tamed

3 And we’re turnin’ the floor into a zoo, ooh-ooh And we’re turning the floor into a zoo
4 Come on, keep it up Come on, keep it up

5 It’s fun if you’re down to play It’s fun if you’re down to play

6 And we’re turnin’ the floor into a zoo, ooh-ooh And we’re turning the floor into a zoo

Section #11

Transcription (Whisper-large-v3):

I’ll take you higher, take you higher We can be ten, baby, I’ll take you higher I’ll take you higher, I'll take you higher We can be

ten, baby, I’ll take you higher

Line GT Predicted

1 I’ll take you higher, I’ll take you higher I’ll take you higher, take you higher

2 We can’t be tamed, baby, I’ll take you higher We can be ten, baby, I'll take you higher
3 I’ll take you higher, I’ll take you higher I’ll take you higher, I’ll take you higher
4 And we can’t be tamed, baby, I'll take you higher We can be ten, baby, I'll take you higher

Section #12

Transcription (Whisper-large-v3):

Es una fiesta que sube como la espuma Yo partiré hasta la luna de ida y vuelta Es una fiesta que sube como la espuma Yo partiré

hasta la luna de ida y vuelta

Line GT Predicted

1 Es una fiesta que sube como la espuma Es una fiesta que sube como la espuma
2 Yo por ti iré hasta la luna de ida y vuelta Yo partiré hasta la luna de ida y vuelta
3 Es una fiesta que sube como la espuma Es una fiesta que sube como la espuma
4 Yo por ti iré hasta la luna de ida y vuelta Yo partiré hasta la luna de ida y vuelta

Table 9: Genre: Animation. Example of line-level segmentation results for the English lyrics of “Zoo” From

Zootopia2 movie.



Section #6

Transcription (Whisper-large-v3):
It’s whatever, it’s whatever, it’s whatever you like Turn this apatite into a club I’'m talking drink, dance, smoke, freak, party all

night Come on! Gumbay, gumbay, girl, what’s up? Don’t you want me like I want you, baby Don’t you need me like I need you
now Sleep tomorrow but tonight go crazy All you gotta do is just meet me at the

Line GT Predicted
1 It’s whatever it’s whatever it’s whatever you like It’s whatever, it’s whatever, it’s whatever you like
2 Turn this ©}T}E into a club Turn this apatite into a club
3 I’'m talking drink, dance, smoke, freak, party all night I’'m talking drink, dance, smoke, freak, party all night
Come on!
4 A8l Avl girl what’s up Gumbay, gumbay, girl, what’s up?
5 Oh oh oh
6 Don’t you want me like I want you, baby Don’t you want me like I want you, baby
7 Don’t you need me like I need you now Don’t you need me like I need you now
8 Sleep tomorrow but tonight go crazy Sleep tomorrow but tonight go crazy
9 All you gotta do is just meet me at the All you gotta do is just meet me at the
Section #12

Transcription (Whisper-large-v3):
Hey so now u know the game Are u ready? Cuz im coming to get u Get u get u Hold on

Line GT Predicted

1 Hey so now you know the game Hey so now u know the game
2 Are you ready? Are u ready?

3 Cause I'm comin to get ya Cuz im coming to getu

4 Get ya, get ya Getu getu

5 Hold on, hold on Hold on

6 I’'m on my way

7 Yeah yeah yeah yeah yeah

8 I’'m on my way

Table 10: Genre: K-pop. Example of line-level segmentation results for “APT.” by ROSE and Bruno Mars.
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Line Sim

Korean Lyrics (syll.)

English Lyrics (syll.)

Line Sim Korean Lyrics (syll.)

English Lyrics (syll.)

18
19
20
21
2
23
24
25
26

27

28

29

30

31

1.0000
0.3701

1.0000

0.6137

1.0000

0.7632

0.8350

0.7189

0.5562

0.7508

0.5065

0.9971

0.8653
0.4095
0.9967
0.7169
0.8248
0.3429
1.0000
0.5805
0.2742
1.0000
0.6427
1.0000
0.6163
0.5656

0.4857

0.8334

0.6235

0.5306

0.7571

T know I want it (5)

ol Hh2 4 ol 4] Tt
(12)

’Cause I deserve it (Deserve it)
(8)
A

ZA) A7 d7h nl A E et
A4 kA (17)

*Cause I know you (I know
you) (7)

W oes A oofiE} (Hey)
(9)

vl #E AR sAH (Hey)
(9)

ol AlA =AE, no, no
o (Hey)
o (Hey)

9)
BE
(9)
You are gonna be mine again,
yeah (9)

You’re gonna say more, more,
more, more, more, and more
(12)

H 2] 23} more, more, more,
and more (10)

a2 Fa g (6)

Wt Hog

1 wanna have more, more, more,
more, more, and more (11)
(H3F7] 4lo] more, more,
more, and more) (10)

(Y g &) More (7)

HE2E Z5 (6)
(More and more) (3)
a8y st e (7)

w3717} 301 (6)

(More and more) (3)

ey e o (6)

Do you feel me? (4)

ot & SIs Abgeletn @
4?2 (12)

Only for me (Only for me) (8)

A 22 T2 Fo] 514 ot
T (14)

’Cause you know me, you know
me (7)

Yl AE AF ot (8)
e g golii= (8)

ol AN HolA = (2] Ha)),

no,no (13)

T know I want it (5)

I don’t wanna hide, pretending
I don’t want it (14)

’Cause I deserve it (Deserve it)
(8)

I’'m not worried What you’ll
think of me when you see
what’s inside me (19)

’Cause I know you (I know
you) (7)

Don’t look away, look in my
eyes (Hey) (10)

Show me your heart, do not dis-
guise (Hey) (9)

You can run, but you cannot
hide, no, no (10)

Even if you tell me goodbye
(Hey) (8)

Whenever you open your eyes
(Hey) (9)

You’ll think of me, you’re hyp-
notized (Yeah, yeah) (13)
You’re gonna say more, more,
more, more, more and more
(12)

Can’t help but say more, more,
more, and more ( 10)

’Cause you can’t get enough
(7)

I wanna have more, more, more,
more, more and more (11)
(And you will say more, more,
more, and more) (9)

("Cause it’s never enough)
More (8)

You’ll be begging for more (7)
(More and more) (3)

’Cause you can’t get enough, -
nough (8)

You’ll be craving for more (7)
(More and more) (3)

’Cause it’s never enough (7)
Do you feel me? (4)

Or do you still not understand
how much you love me? (13)
Boy, you need me, you want me
(7)

Stop pretending I can see it in
your eyes, you're already mine
(17)

’Cause I know you, I know you
(7)

Even if you cover your ears
(Ah) (9)

Push me away for years and
years (Ah) (9)

In your heart, I won’t disappear
(Be right there), no, no (14)

32
33
34
35
36
37
38

39

40
41
4

43
44

45
46
47
48
49
50

13)
51

52
53
54

55
56

57
58
59

60
61

0.6155

0.1410

1.0000

0.6757

0.9971

0.8653

0.4095

0.9967

0.7169

0.8248

0.3429

1.0000
0.5805

0.2742
1.0000
0.6427
0.7586
0.8648

0.6892

0.8339

0.7697

0.2339

0.4545

0.7981
0.7065

1.0000

0.6876

0.7186

1.0000
0.8688

You are gonna be mine again
(8)

Yeah, ¢t ¥ ¢ (4)

You're gonna say more, more,
more, more, more, and more
(12)

M3 F5l| more,
more, and more (10)
ey - E E (6)

more,

I wanna have more, more,
more, more, more, and more
(11)

("3%7] 4lo] more, more,
more, and more) (10)
(2214 g ¥ o) More (7)

BEAE 29 (6)

(More and more) (3)
a8y E o (7)

W77k el (6)

(More and more) (3)

ey H E (6)

o e B4Ae] B3tk
w|F (13)

Atk mlE] @A Ccause 1
want you more, more (13)
AL Ba glo] £ Aok
vl gk (13)

WAl E=A 22 you can’t
say no, no (13)

o EEgo] onwe Y
(11)

& Fo goyzt o 7ok
H 4 (13)

Wal A1x @ ohA
come, come (12)

Yeah 3t B ©] (More) (5)
W25 53] (You're gonna
say) (11)

(More and more) (3)

ey gl o (e @
) (13)

HE717F 4lo] (More and
more) (9)

(More and more) (3)

24 g ¥ T (More) (7)

If I ever call out your name
(Ah) (9)

Your heart will feel just like
the same (Ah) (9)

You are gonna be mine again
(8)

And once again! (4)

You’re gonna say more, more,
more, more, more and more
(12)

Can’t help but say more, more,
more, and more (10)

’Cause you can’t get enough
(7)

I wanna have more, more,
more, more, more and more
(11)

(And you will say more, more,
more, and more) (9)

("Cause it’s never enough)
More (8)

You’ll be begging for more
(7)

(More and more) (3)

’Cause you can’t get enough,
-nough (8)

You’ll be craving for more
(7)

(More and more) (3)

’Cause it’s never enough (7)
T'm a greedy girl, sorry if you
didn’t know (13)

Take my apology because I
want you more and more ( 14)
Gonna steal your heart, own it
and won’t let it go (

By then you’ll understand you
can’t say no, no (13)

I’ll be sneaking in your heart
like a stray cat (12)

Conquer it and put my mark
on it like a tat (12)

My love, so sweet the plan will
never fall flat (11)

And once again! (More) (5)
You’ll be begging for more
(You’re gonna say) (12)
(More and more) (3)

’Cause you can’t get enough,
-nough ("Cause it’'s never
enough) (15)

You’ll be craving for more
(More and more) (10)

(More and more) (3)

’Cause it’s never enough
(More) (8)

Table 11: Line-level cross-lingual matching examples for all lyric lines of the song “More&More” by TWICE, with
cosine similarity (Sim) and syllable counts (syll.). Genre: K-pop.
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