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Abstract001

Lyric similarity is commonly modeled through002
various NLP models, implicitly treating lyrics003
as ordinary text. However, lyrics are written004
to be sung, and their similarity is fundamen-005
tally constrained by singability: whether differ-006
ent sentences can be performed over the same007
melody. We reconceptualize lyric similarity as008
singable similarity and propose a framework009
that learns lyric representations grounded in010
this principle. Our approach leverages lyric011
translation pairs that are optimized to fit the012
same melody, providing natural supervision013
for learning sentence-level similarity under014
singability constraints. We introduce a singa-015
bility encoder model that jointly captures se-016
mantic content and syllable structure. Evalu-017
ated on line-level translated lyric retrieval and018
lyric-based cover song identification (CSI), our019
singability-aware representations consistently020
perform well on lyric tasks. These results high-021
light singability as a crucial dimension for lyric-022
based music information retrieval.023

1 Introduction024

In much of the recent research, lyrics are commonly025

processed as ordinary text in music information026

retrieval, and lyric similarity is modeled using stan-027

dard natural language processing techniques. How-028

ever, lyrics are written to be sung, and their form029

and content are constrained by a fixed melody. This030

melody imposes requirements on syllable count,031

stress pattern, rhythm, and rhyme; consequently,032

lyric similarity cannot be fully captured by textual033

overlap alone. As a result, treating lyrics as ordi-034

nary text is insufficient. To reflect how lyrics are035

actually used in songs, similarity should be based036

on “singability” features rather than textual similar-037

ity alone.038

This constraint becomes particularly evident039

when the same song is performed in different lan-040

guages. While the melody remains unchanged, the041

lyrics must be adapted to fit the musical structure. 042

Direct translation prioritizes semantic fidelity, but 043

singable lyrics often require systematic deviations 044

from literal meaning to satisfy melodic constraints. 045

As a result, two lyric lines may differ substantially 046

at the textual level yet remain functionally equiva- 047

lent when sung over the same melody. Recent work 048

has introduced multilingual datasets of singable 049

lyric translations across languages, including large- 050

scale K-pop lyric translation datasets, enabling em- 051

pirical study of this phenomenon. 052

This phenomenon can be illustrated using the 053

K-pop lyric translation dataset (Kim et al., 2024), 054

which consists of official Korean and English lyrics 055

for songs released in both languages. We use the 056

song “Cry for Me” by TWICE as an example. The 057

original Korean lyric line, “너의 곁에 있어줄게” 058

(/neo-ui gyeo-te i-sseo jul-gae/), consists of eight 059

syllables and is tightly constrained by the melody. 060

When adapted into English for performance, it is 061

rendered as “Imma pretend we’re going strong,” 062

which preserves the same syllable count and aligns 063

with the melodic stress pattern, despite not being 064

a literal translation of the original line. A more se- 065

mantically faithful translation of the Korean lyric 066

would be “I’ll stay by your side.” However, this 067

version fails to satisfy the melodic constraints of 068

the song, leading to mismatched syllable timing 069

and stress, and is therefore unsingable under the 070

given melody. This example illustrates that equiva- 071

lence under melodic constraints is not determined 072

by semantic similarity alone: lyrics that are not lit- 073

eral translations may be preferable for performance, 074

whereas semantically closer translations can be un- 075

suitable when singability is taken into account. 076

Existing approaches to lyric-based music re- 077

trieval largely overlook this distinction. Meth- 078

ods based on semantic text similarity (Fell and 079

Sporleder, 2018) treat lyrics as ordinary text and 080

cannot distinguish between semantically similar 081

lines that differ in their functional suitability for be- 082
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Singable Similarity: Melodic Constraint-Based Text Embedding
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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 tasks083

such as cover song identification (CSI) (Serra et al.,084

2008; Yu et al., 2020) operate purely on audio fea-085

tures, ignoring the structural and linguistic infor-086

mation encoded in lyrics. As a result, neither line087

of work adequately captures similarity grounded in088

musical performance.089

Singable Similarity. The importance of fitting090

lyrics to melody, often referred to as “singability”,091

has long been acknowledged in lyric translation and092

songwriting research (Low, 2005; Franzon, 2008).093

These studies describe inherent trade-offs between094

semantic fidelity and musical fit, noting that suc-095

cessful lyric adaptation often prioritizes rhythmic096

and phonetic compatibility over literal meaning.097

Recent empirical work has further quantified098

these observations. In particular, Kim et al. (Kim099

et al., 2023a) analyze large-scale lyric translation100

data and show that singable translations systemati-101

cally sacrifice line-level semantic accuracy while102

preserving syllable structure, stress patterns, and103

repetition. Together, this body of work suggests104

that similarity between lyrics should be defined not105

only by what they mean or how they sound in iso-106

lation, but by whether they can be sung over the107

same melody.108

Motivated by this perspective, we conceptualize109

lyric similarity as “singable similarity”: similar-110

ity defined by melodic compatibility under shared111

musical constraints. Singable similarity is not re-112

ducible to semantic similarity or syllable similar-113

ity alone; rather, it reflects a structured interaction114

between meaning preservation and syllable adapta-115

tion. 116

Figure 1 illustrates our notion of singable simi- 117

larity. In the learned embedding space, lyric lines 118

that can be performed over the same melody are 119

positioned close together, even when they differ 120

substantially in language or literal meaning. Con- 121

versely, lines that are semantically similar but 122

rhythmically incompatible are mapped far apart. 123

This property enables several downstream applica- 124

tions beyond cover song identification: by detecting 125

whether two lyric lines share melodic compatibil- 126

ity, or identifying potential lyric rhyme plagiarism 127

cases. 128

Our Approach. We formulate lyric-based CSI as 129

a similarity learning problem under a fixed melody. 130

Given songs that share the same melody but may 131

differ in language or wording, our goal is to identify 132

lyric lines that are equivalent in terms of singability, 133

namely lines that can be naturally sung over the 134

same musical phrase. 135

To support this formulation, we preprocess lyrics 136

at the line level and align cross-lingual lyric lines 137

that are sung to the same part of the melody. These 138

aligned lyric translation pairs are treated as posi- 139

tive examples of singable similarity. Unlike textu- 140

ally similar lyric pairs, such examples capture how 141

lyrics with different wording can nevertheless func- 142

tion equivalently when sung, making them well 143

suited for learning melody-aware lyric representa- 144

tions. 145

Based on this problem setting, we model 146

singable similarity using a representation learning 147

framework grounded in lyric translation. We intro- 148
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duce a dual-encoder architecture that captures both149

semantic meaning and singability-related structure.150

A multilingual semantic encoder represents the151

overall meaning of a lyric line, while a trainable152

syllable encoder models rhythm, and stress patterns153

derived from representations. Training on aligned154

lyric translation pairs encourages the model to fo-155

cus on melodic compatibility rather than surface-156

level textual similarity.157

We evaluate our approach on three tasks of in-158

creasing complexity, namely line-level lyric tran-159

scription, cross-lingual line-level lyric retrieval,160

and lyric-based cover song identification. Across161

all tasks, representations that account for singable162

similarity consistently outperform semantic-only163

baselines, highlighting the importance of explicitly164

modeling singability for lyric-based music infor-165

mation retrieval.166

2 Related Work167

2.1 Lyric Translation and Singability168

Research on lyric translation has long empha-169

sized that song lyrics cannot be treated as or-170

dinary text (Low, 2005; Franzon, 2008). Unlike171

prose translation, lyrics must conform to a fixed172

melody, which imposes constraints on syllable173

count, rhythm, stress, and rhyme. As a result, pre-174

serving literal meaning often leads to translations175

that are difficult or impossible to sing, while pro-176

ducing singable lyrics typically requires deliberate177

syllables and structural adaptation.178

This tension was systematically articulated179

by Low (2005), who proposed the pentathlon ap-180

proach, defining five competing criteria for song181

translation: singability, sense, naturalness, rhythm,182

and rhyme. Subsequent work by Franzon (2008)183

analyzed how translators prioritize different criteria184

depending on the translation setting, highlighting185

that singability frequently overrides strict semantic186

fidelity.187

Motivated by these linguistic insights, recent188

computational studies have operationalized singa-189

bility as an explicit modeling objective. Guo et al.190

(2022) showed that tonal constraints must be con-191

sidered when translating lyrics into Mandarin. Ou192

et al. (2023) framed lyric translation as a con-193

strained generation problem, incorporating length194

and rhyme controls to achieve near-perfect struc-195

tural alignment across languages. Li et al. (2023)196

further demonstrated that jointly learning melody197

and lyric representations improves translation qual-198

ity under musical constraints. More recently, Ye 199

et al. (2024) proposed a two-stage training frame- 200

work with learned reward models, showing substan- 201

tial gains over naïve fine-tuning. 202

Beyond generation, Kim et al. (2023b) intro- 203

duced the first evaluation framework specifically 204

designed for singable lyric translation, proposing 205

metrics that capture syllable alignment, phoneme 206

repetition, musical structure, and semantic preser- 207

vation. Their follow-up work (Kim et al., 2024) 208

provided large-scale empirical evidence from a 209

Korean–English dataset, showing that singable 210

translations prioritize structural and phonetic com- 211

patibility over line-level semantic similarity. 212

Most recently, Cho et al. (2025) released MAVL, 213

a multilingual audio-video lyrics dataset spanning 214

five languages. Their results demonstrate that incor- 215

porating multimodal cues significantly improves 216

singability and contextual coherence, reinforcing 217

the view that lyrics must be modeled in relation to 218

musical structure. 219

In contrast to this line of work, which focuses on 220

generating singable translations, we leverage lyric 221

translation data as supervision for learning “similar- 222

ity” representations. This enables similarity-based 223

retrieval tasks such as cross-lingual lyric matching 224

and lyric-based cover song identification (CSI). 225

2.2 Cover Song Identification 226

Cover song identification (CSI) aims to detect dif- 227

ferent renditions of the same musical composi- 228

tion despite variations in performance, including 229

changes in key, tempo, instrumentation, structure, 230

and language. 231

Audio-Based Approaches. Most CSI research 232

has focused exclusively on audio signals. Early 233

methods relied on hand-crafted features, with 234

chroma-based representations and alignment tech- 235

niques proving effective against key and tempo 236

changes (Serra et al., 2008; Ellis and Poliner, 2007). 237

Scalability was later addressed using frequency- 238

domain representations (Bertin-Mahieux and Ellis, 239

2012) and timbral shape modeling (Tralie and Ben- 240

dich, 2017). 241

With the advent of deep learning, learned audio 242

embeddings became dominant. Yu et al. (2020) 243

proposed temporal neighborhood embeddings us- 244

ing convolutional networks, while Doras and 245

Peeters (2021) adopted metric learning for cover 246

similarity. The Da-TACOS benchmark (Yesiler 247

et al., 2021) further showed that multi-task learning 248
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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 “너의곁에있어줄게”.

improves generalization across datasets. Attention-249

based architectures such as CoverHunter (Chen250

et al., 2021) have since achieved state-of-the-art251

performance.252

More recent work has emphasized data scale and253

representation robustness. Du et al. (2024) incor-254

porated pretrained ASR models to improve version255

identification, and Araz et al. (2024) introduced256

Discogs-VI, a large-scale dataset enabling training257

of more expressive neural models.258

Despite these advances, audio-only approaches259

might ignore lyrical content, which encodes seman-260

tic, structural, and syllable information that is par-261

ticularly important when covers differ in language.262

Lyric-Based Approaches. Vaglio et al. (2021)263

investigated lyric-based cover song detection, but264

their approach was limited to cases where cover265

versions share identical or nearly identical lyrics,266

and does not address scenarios involving lyrical267

adaptation or translation. This limitation becomes268

particularly critical in cross-lingual settings, where269

cover songs often preserve the melody while sub-270

stantially modifying the lyrics to satisfy rhythmic,271

and linguistic constraints, making textual similarity272

an unreliable indicator of equivalence.273

2.3 Cross-Lingual Text Representations274

Multilingual language models have made signifi-275

cant progress in learning shared semantic spaces276

across languages. BERT and its multilingual vari-277

ants demonstrated that cross-lingual transfer can 278

emerge from shared pre-training objectives (De- 279

vlin et al., 2019; Conneau et al., 2020). Subse- 280

quent models such as LaBSE (Feng et al., 2022), 281

SONAR (Duquenne et al., 2023), and E5 (Wang 282

et al., 2022) further improved sentence-level seman- 283

tic alignment using contrastive or translation-based 284

objectives. 285

3 Problem Formulation 286

We study lyric-based cover song identification 287

(CSI) in cross-lingual settings, where songs share 288

the same underlying musical composition but differ 289

in language and lyrical realization. Instead of gener- 290

ating translations, our objective is to retrieve cover 291

songs by comparing lyrics at musically meaningful 292

units. We decompose the problem into three tasks. 293

(see Figure 2) 294

3.1 Line-Level Lyric Transcription 295

Input: An audio waveform x. 296

Output: A sequence of line-level lyric segments 297

{L1, . . . , Lm}. 298

Description: We first transcribe lyrics from the 299

query music audio using an automatic speech recog- 300

nition (ASR) system. Given a song and its lyrics, 301

this task aligns the text to the audio and segments 302

it into lyric lines. Unlike standard ASR, which pro- 303

duces word- or sentence-level transcripts, we tar- 304

get line-level units that correspond to musically 305

meaningful phrases. These units typically align 306

4



with melodic and rhythmic boundaries and serve as307

the fundamental granularity for downstream lyric308

retrieval.309

3.2 Cross-Lingual Line-Level Lyric Matching310

Input: A lyric line L
(A)
i in language A and a lyric311

line L
(B)
j in language B.312

Output: A singable similarity score between L
(A)
i313

and L
(B)
j .314

Description: This task identifies singable similar-315

ity between two lyric lines. Matching must reflect316

singable similarity, such that two lines should be317

compatible with the same melody flow. This re-318

quires modeling both semantic correspondence and319

syllable structure, such as syllable count and rhyth-320

mic pattern, which are not captured by semantic321

similarity alone.322

3.3 Lyric-Based Cover Song Identification323

Input: A query song Q and a database of candidate324

songs D.325

Output: A ranked list of cover song candidates326

from D.327

Description: Two songs are considered covers if328

they share the same underlying composition despite329

differences in arrangement, instrumentation, or lan-330

guage. Lyric-based CSI is performed by comparing331

the lyrics of Q against those in D. Internally, line-332

level similarities obtained from cross-lingual lyric333

matching are aggregated into a song-level score334

while remaining robust to structural variations such335

as repetition, omission, or reordering of lyric lines.336

4 Method337

We present a detailed lyric-based framework for338

cross-lingual cover song identification (CSI) that339

operates on raw audio music.340

4.1 Data Preprocessing341

We begin by converting raw audio into lyrics342

if there’s no lyric information. As in many343

audio–lyric-based studies (Vaglio et al., 2021), vo-344

cal tracks are extracted from polyphonic audio us-345

ing htdemucs (Rouard et al., 2023) to reduce inter-346

ference from accompaniment. For inference stage,347

when ground-truth lyrics are unavailable, we tran-348

scribe the full lyrics using Whisper large-v3 (Rad-349

ford et al., 2023) with VAD filtering.350

4.2 Line-Level Lyric Segmentation 351

Line-level lyric segmentation aims to recover mu- 352

sically meaningful lyric lines from audio, predict- 353

ing where line breaks should occur based on both 354

textual and acoustic cues. This task differs from 355

conventional speech recognition, which focuses on 356

word accuracy, and from music structure analysis, 357

which operates at coarser section levels. 358

We formulate line segmentation as a simple 359

word-level binary classification problem. Given a 360

sequence of words, the model predicts for each 361

word whether it is the last word of a line (label 1) 362

or not (label 0). This formulation allows boundaries 363

to be placed flexibly based on learned audio-text 364

correspondences. 365

Model Architecture Our model fuses pretrained 366

text representations with audio features through 367

cross-modal attention. We employ multilingual- 368

e5-large (Wang et al., 2024) as the text encoder, 369

producing 1024-dimensional contextualized repre- 370

sentations for each token. Audio features extracted 371

from Whisper large-v3 encoder are projected to 372

the same dimensionality via a linear layer. A multi- 373

head cross-attention layer then allows text tokens 374

to attend over the full audio sequence, enabling 375

the model to capture acoustic cues such as pauses, 376

pitch resets, and rhythmic boundaries. The attended 377

features are combined with text representations 378

through residual connection, and a linear classifier 379

produces boundary predictions. 380

4.3 Cross-Lingual Line Representation 381

Learning 382

Given segmented lyric lines, we learn representa- 383

tions that capture “singable similarity”: whether 384

two lyric lines can be sung to the same melody, 385

regardless of language or lexical meaning. 386

We leverage aligned Korean–English lyric trans- 387

lation pairs as positive supervision. Unlike standard 388

parallel text, these translations are explicitly con- 389

strained by melody, implicitly encoding syllable 390

length, stress patterns, and rhythmic alignment. 391

Based on this supervision, we first derive line 392

representations from a semantic feature extractor 393

initialized with a pretrained multilingual language 394

model, which captures meaning-level compatibility 395

across languages. Token-level semantic representa- 396

tions are aggregated to form a line-level embedding, 397

while the encoder is kept frozen during training to 398

preserve general linguistic knowledge and avoid 399

overfitting to limited lyric supervision. 400
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Dataset Lang. Songs Audio Lyrics Task Usage

LT LM CSI

K-pop Lyric Translation KO–EN 1,000 Collected ✓ Train/Eval Train/Eval Train/Eval
JAM-ALT Multi 79 ✓ ✓ Eval – –
Da-TACOS EN 11,348† Collected × – – Eval
Covers80 EN 160 ✓ × – – Eval

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

Syllabic information is incorporated as a delib-401

erately simple auxiliary cue. We simply augment402

syllable embeddings with a single scalar feature,403

which is count of syllables. This simple signal pro-404

vides a coarse constraint on melodic plausibility,405

allowing the model to downweight lyric lines with406

highly implausible syllabic structures.407

The semantic and syllabic representations are408

then concatenated to form the final line embedding.409

This design keeps semantic information as the pri-410

mary representation while allowing simple syllabic411

cues to complement it, improving the model’s abil-412

ity to distinguish lines with different degrees of413

singability.414

4.4 Song-Level Aggregation415

For CSI, we aggregate line-level similarities into a416

song-level score using a Chamfer Distance-based417

metric. This approach accounts for the structural418

variations and line reorderings typical in cover ver-419

sions. Given a query song Q with line embeddings420

{eQi }
|Q|
i=1 and a candidate song D with embeddings421

{eDj }
|D|
j=1, the similarity score S(Q,D) is defined422

as:423

S(Q,D) =
1

2

(
1

|Q|

|Q|∑
i=1

max
j

cos(eQi , e
D
j )

+
1

|D|

|D|∑
j=1

max
i

cos(eQi , e
D
j )

)
(1)

424

where cos(·, ·) denotes the cosine similarity. Un-425

like simple asymmetric pooling, this symmetric ag-426

gregation ensures that every line in both the query427

and the candidate is accounted for. It measures the428

mutual explanation between the two songs, mak-429

ing it highly robust to differences in repetition,430

structural shifts, and variations in lyric transcrip-431

tion across cover versions. Songs in the gallery432

are ranked in descending order of this score for 433

retrieval-based evaluation. 434

5 Datasets 435

We use multiple datasets for training and evaluation 436

across lyric transcription, cross-lingual lyric match- 437

ing, and cover song identification (CSI). Table 1 438

summarizes the datasets, their modalities, and their 439

usage across tasks. All datasets are split by song 440

or musical work to avoid overlap between training 441

and evaluation. 442

5.1 K-pop Lyric Translation Dataset 443

The K-pop Lyric Translation dataset (Kim et al., 444

2024) consists of 1,000 Korean songs paired 445

with 1,000 singable English translations. Lyrics 446

are aligned at both section and line levels, and 447

1,960 songs collected corresponding audio record- 448

ings. While the majority of songs are K-pop, the 449

dataset also includes animated musical and theatri- 450

cal songs. 451

This dataset is used in all lyric-based tasks in 452

this work. For line-level lyric transcription, audio- 453

lyric pairs provide supervision for learning tem- 454

poral segmentation aligned with musical phrases. 455

For cross-lingual lyric matching, aligned Korean- 456

English line pairs from the training split are used as 457

positive examples for contrastive learning. For CSI, 458

songs that share the same melody across languages 459

are treated as cross-lingual cover song instances. 460

We split the dataset by song using an 8:1:1 ra- 461

tio for training, development, and testing. Aligned 462

lyric pairs from the development and test splits are 463

used only for evaluation. 464

5.2 JAM-ALT 465

JAM-ALT (Cífka et al., 2024; Durand et al., 2023; 466

Syed et al., 2025) is a readability-aware lyric tran- 467

scription benchmark containing 79 songs in four 468

languages (20 English, 20 German, 20 Spanish, 469

and 19 French), with line-level timing annotations 470
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Dataset Jam-ALT K-pop trans.

Method WER↓ PL↑ RL↑ FL↑ WER↓ FL↑

Whisper v2 44.5 74.2 52.1 61.2 49.3 70.4
Whisper v3 48.0 76.3 57.6 65.7 49.4 70.4
AudioShake v3 16.1 90.4 79.3 84.4 – –

Ours 30.9 88.0 59.4 71.0 48.2 95.1

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

following industry transcription standards. We use471

JAM-ALT exclusively to define the evaluation pro-472

tocol for line-level lyric transcription and do not473

train on this dataset.474

5.3 Cover Song Identification Benchmarks475

We evaluate CSI using two established benchmarks.476

Da-TACOS (Yesiler et al., 2019) contains 15,000477

songs. We used only 11,348 songs, which are avail-478

able to download raw audio. Covers80 (Ellis, 2007)479

consists of 80 musical works with two versions480

each (160 songs in total). Both datasets are used481

only for evaluation. At inference time, the input482

consists solely of a query song and a database of483

candidate songs; no lyric alignments or translation484

pairs are provided.485

6 Experiments486

We evaluate our framework on three tasks: (1)487

line-level lyric segmentation, (2) cross-lingual line488

matching, and (3) cover song identification (CSI).489

Each task targets a different component of singable490

similarity modeling, ranging from temporal lyric491

structuring to cross-lingual melodic equivalence492

and song-level retrieval.493

6.1 Experimental Setup494

Evaluation Metrics. For line-level segmentation,495

we compute precision, recall, and F1 with alt-eval,496

which gives WER and line-breaking evaluation.497

For cross-lingual line matching, we report mean498

Average Precision (mAP) and Recall@k. For CSI,499

we follow standard CSI evaluation protocols (Chen500

et al., 2021), reporting mAP and Mean Rank of the501

first correct result (MR1). All models were trained502

on a single NVIDIA RTX 5090 GPU.503

6.2 Line-Level Segmentation504

Setup. We trained a line segmentation model on505

the K-pop Lyric Translation dataset with collected506

Method mAP↑ R@1↑ R@5↑ R@10↑

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 507

30-second chunks, with up to 10 chunks used per 508

song. The model is optimized using the AdamW op- 509

timizer with a learning rate of 2×10−5 and trained 510

for up to 100 epochs. Training is performed with 511

a token-level cross-entropy loss for line boundary 512

prediction. 513

Baselines. We compare against representative 514

lyrics transcription systems reported in the Jam- 515

ALT benchmark, including Whisper v2/v3 (Rad- 516

ford et al., 2023), a general-purpose ASR model 517

with demucs, and AudioShake v3 (Cífka et al., 518

2024) model. We also provide metrics with K-pop 519

lyric test dataset. 520

Analysis. Table 2 reports line-level segmentation 521

results on the JAM-ALT benchmark and the K-pop 522

lyric test set. For our metrics, we focus on line- 523

by-line transcription rather than full lyric transcrip- 524

tion, which results in slightly lower overall scores. 525

However, even when only raw audio is provided, 526

the model is able to distinguish line boundaries 527

effectively under a simple architecture. Despite 528

being evaluated on unseen datasets and different 529

languages, the performance remains competitive. 530

We observe relatively high precision but lower re- 531

call in Jam-ALT (Cífka et al., 2024; Durand et al., 532

2023; Syed et al., 2025). We attribute this behavior 533

to characteristics of K-pop music, where line seg- 534

mentation occurs frequently, leading the model to 535

produce conservative boundaries. 536

6.3 Cross-Lingual Line Matching 537

Setup. We evaluate cross-lingual line matching 538

on the K-pop Lyric Translation test set, which con- 539

tains aligned Korean–English lyric line pairs. Given 540

a Korean query line, the task is to retrieve its cor- 541

responding English translation from a gallery con- 542

sisting of all English lines in the test set. We using 543

the AdamW optimizer with a batch size of 32. We 544

apply a learning rate of 1× 10−5 to the backbone 545

encoder and 5 × 10−5 to the task-specific head. 546

Models are trained for up to 30 epochs, and opti- 547

mize a symmetric in-batch contrastive loss with a 548
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Method Modality Covers80 Da-TACOS(Test) Da-TACOS-vocal K-pop Lyrics

mAP↑ MR1↓ mAP↑ MR1↓ mAP↑ MR1↓ mAP↑ MR1↓

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 11.91 0.674 128.32 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 τ = 0.07.549

Baselines. We compare semantic-only multilin-550

gual text encoder E5-large (Wang et al., 2024) with551

their singability-aware counterparts. The singabil-552

ity models augment semantic representations with553

simple syllabic cues, while keeping the underlying554

text encoder unchanged.555

Analysis. Table 3 presents cross-lingual line556

matching results on the K-pop lyric translation test557

set. Incorporating singability information leads to558

small but consistent improvements for E5-large559

across all retrieval metrics. This suggests that even560

minimal syllabic cues can help refine line-level561

matching beyond pure semantic similarity. Overall,562

these results show that singability-aware modeling563

can complement strong multilingual encoders. To564

further support these findings, we present a detailed565

result in Table 11.566

6.4 Cover Song Identification567

Setup. We evaluate cover song identifica-568

tion (CSI) on two standard benchmarks, Da-569

TACOS (Yesiler et al., 2019) and Covers80 (Ellis,570

2007). Additionally, we used ground-truth lyrics571

for test K-pop lyric dataset (100 pair). For lyric-572

based CSI, lyrics are transcribed using Whisper573

and processed through our pipeline, consisting of574

line segmentation, extract singability embeddings575

with E5-large, and song-level aggregation. Since576

Da-TACOS provides metadata indicating whether577

a track is instrumental, we use the Da-TACOS-578

vocal subset, following the approach of Vaglio et579

al. (Vaglio et al., 2021).580

Baselines. We compare against representa-581

tive audio-based CSI methods, including Byte-582

Cover2 (Du et al., 2022) and CoverHunter (Liu583

et al., 2023), which learn robust audio embeddings584

for cover song retrieval. We also include the prior585

work explicitly incorporating lyrics into CSI, pro- 586

posed by Vaglio et al. (Vaglio et al., 2021). 587

Analysis. Table 4 reports CSI results across mul- 588

tiple benchmarks. Our method differs in that it uses 589

lyric representations designed to reflect whether 590

lines can be sung to the same melody, rather 591

than exact lexical overlap. In settings where re- 592

liable lyrics are provided, such as the Da-TACOS- 593

vocal and K-pop Lyrics benchmarks, our approach 594

achieves competitive or strong performance. But 595

we can’t handle instrumental cases totally, which 596

leads to major performance degradation on the Da- 597

TACOS test set. These results suggest that lyric- 598

based CSI is most beneficial in scenarios where 599

vocal content is present and lyrics can be obtained 600

with sufficient accuracy, or providing complemen- 601

tary cues with lyric transcription models. 602

7 Conclusion 603

We argued that lyric similarity should not be treated 604

as ordinary textual similarity, since lyrics are writ- 605

ten to be sung under fixed melodic constraints. To 606

address this gap, we introduced the concept of 607

singable similarity, which captures whether dif- 608

ferent lyric lines can be performed over the same 609

melody, beyond surface-level semantic overlap. 610

We proposed a singability modeling framework 611

and its application, supervised by aligned singable 612

lyric translations. This formulation enables line- 613

level modeling that reflects melodic constraints. 614

Across line-level segmentation, cross-lingual 615

line matching, and lyric-based cover song identifi- 616

cation, our results show that incorporating singabil- 617

ity leads to more meaningful lyric representations 618

than semantic-only approaches, particularly in set- 619

tings where reliable lyric information is available. 620

These findings suggest that singability is a key di- 621

mension for lyric-based music information retrieval 622

and should be explicitly modeled when lyrics are 623

used as a primary signal. 624

8



8 Limitations625

This work has several limitations that highlight626

important assumptions, scope constraints, and di-627

rections for future research.628

Line-Level Transcription Scope and Upstream629

Assumptions. Our line-level lyric transcription630

task focuses exclusively on predicting line bound-631

aries, rather than performing full lyric transcription632

directly from audio. The model assumes access to633

word-level lyric transcripts and does not jointly op-634

timize speech recognition and segmentation. This635

assumption simplifies the problem setting and al-636

lows us to isolate structural modeling at the line637

level, but limits applicability in fully lyric-agnostic638

or end-to-end scenarios.639

In practice, this assumption may be violated640

when lyric transcripts are unavailable or noisy.641

When lyrics must be obtained via automatic speech642

recognition, errors from upstream ASR systems643

(e.g., Whisper v3) can propagate to downstream644

segmentation, similarity computation, and cover645

song identification. Our results are therefore not646

robust to severe transcription errors, and perfor-647

mance degrades as ASR quality decreases. Devel-648

oping end-to-end frameworks that explicitly model649

uncertainty and jointly optimize transcription and650

musical structure remains an important direction651

for future work.652

Simplified Singability Modeling. Our singabil-653

ity encoder explicitly models syllable counts as a654

primary constraint but abstracts away richer pho-655

netic and prosodic phenomena such as rhyme,656

vowel quality, stress patterns, and consonant repeti-657

tion. While syllable structure captures a core aspect658

of singability, it represents a simplified approxima-659

tion of lyrical fit to melody.660

We experimented with incorporating additional661

phonetic representations based on PWEsuite fea-662

tures, but these approaches did not yield consistent663

improvements and were less stable during training.664

As a result, we opted for a deliberately constrained665

design. This choice implies that the model may fail666

to distinguish between lines that are syllabically667

compatible but differ substantially in phonetic or668

poetic quality. Future work should explore more669

expressive phonetic representations that improve670

robustness without sacrificing training stability.671

Modeling Level and Evaluation Mismatch. Al-672

though our approach emphasizes line-by-line mod-673

eling for interpretability, evaluation is primar-674

ily conducted on cover song identification (CSI), 675

which is inherently a song-level retrieval task. This 676

introduces a mismatch between the modeling gran- 677

ularity and the evaluation objective, requiring ag- 678

gregation of line-level similarities into a single 679

song-level score. 680

Our ablation studies show that models trained 681

directly at the song level achieve higher CSI perfor- 682

mance, suggesting that line-level modeling is not 683

optimal for maximizing retrieval accuracy alone. 684

We intentionally adopt this formulation to support 685

fine-grained analysis and explainability, which are 686

critical for downstream applications such as plagia- 687

rism detection, lyric reuse analysis, and editorial 688

review. Nevertheless, the scope of our claims is lim- 689

ited to demonstrating the utility of line-level repre- 690

sentations rather than establishing state-of-the-art 691

CSI performance. 692

Dataset Constraints and Generalization. This 693

study is constrained by the availability of datasets 694

that jointly provide high-quality audio, aligned 695

lyrics, and cross-lingual singable pairs. The K-pop 696

lyric translation dataset offers reliable supervision 697

for singable similarity but does not provide com- 698

plete or uniform audio coverage. Other resources 699

improve modality diversity but remain limited in 700

scale or introduce variability through external au- 701

dio acquisition, which may affect reproducibility. 702

As a result, our empirical findings are based on 703

a limited set of datasets and languages, and may 704

not generalize uniformly to other musical genres, 705

languages, or production styles. While some tasks, 706

such as line-level segmentation, do not strictly re- 707

quire parallel lyric translations, broader validation 708

on larger and more diverse audio–lyric corpora is 709

necessary to assess robustness and general applica- 710

bility. 711

Potential Risks and Misuse. Our work is in- 712

tended as a research contribution toward under- 713

standing lyric structure, singability, and similarity, 714

particularly for analysis and retrieval tasks. How- 715

ever, the techniques presented could potentially be 716

misused in automated plagiarism accusation sys- 717

tems or content moderation pipelines if deployed 718

without human oversight. Because our models op- 719

erate under simplifying assumptions and may prop- 720

agate upstream transcription errors, their outputs 721

should not be interpreted as definitive judgments. 722

We emphasize that our approach is designed to 723

support expert analysis rather than replace it. Fu- 724

ture work should explore safeguards such as un- 725

9



certainty estimation, human-in-the-loop workflows,726

and clearer usage guidelines to mitigate the risk727

of misinterpretation or overgeneralization in real-728

world settings.729
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A Why Line-Level Segmentation?890

Throughout this work, we model lyric similar-891

ity at the line level rather than aggregating en-892

tire songs into single embeddings. From a purely893

task-oriented perspective, song-level representa-894

tions could achieve competitive performance on895

cover song identification (CSI). However, our pri-896

mary motivation extends beyond retrieval accuracy.897

While identifying that song A′ is a cover of song A898

is useful, explaining why they are covers requires899

interpretable representations that reveal which parts900

correspond and how they match despite differences901

in language or wording.902

A.1 Explainability for Downstream Tasks903

Line-level representations naturally extend to sev-904

eral tasks where local correspondence matters:905

Lyric Plagiarism Detection: Identifying which906

specific lines exhibit suspicious overlap under907

melodic constraints, providing concrete evidence908

rather than song-level similarity scores.909

Rhyme and Repetition Detection: Detecting910

rhyme schemes and phonetic patterns that operate911

at the line or sub-line level, useful for style analysis912

and generation.913

Cross-Lingual Translation Evaluation: Provid-914

ing interpretable feedback on which translated915

lines preserve singability and which deviate from916

melodic structure.917

These applications require fine-grained align-918

ment that song-level embeddings cannot provide.919

While this work focuses on cover song identifica-920

tion, the learned representations are designed to921

support these broader use cases.922

A.2 Trade-offs923

Line-level modeling increases computational cost924

from O(1) to O(|Q| × |D|) comparisons per song925

pair and introduces sensitivity to segmentation er-926

rors. However, we believe interpretability bene-927

fits outweigh these costs for applications requiring928

transparency, such as copyright enforcement and929

musicological analysis.930

A.3 Ablation Study931

To rigorously analyze the impact of modeling gran-932

ularity, we conducted an ablation study by train-933

ing an additional song-level Siamese network as934

a performance upper-bound baseline. Unlike our935

main pipeline that aggregates line-level features,936

this model was specifically designed to learn holis- 937

tic song representations. We concatenated the lyrics 938

of each song into a single paragraph and fine-tuned 939

a multilingual E5-large-instruct (Wang et al., 2024) 940

backbone on the Da-TACOS (Yesiler et al., 2019) 941

training set. The training employed a Siamese archi- 942

tecture optimized via triplet loss, directly mapping 943

entire lyric sequences into a shared latent space 944

to maximize the similarity between cover-original 945

pairs. 946

Da-TACOS Covers80

Granularity mAP↑ MR1↓ mAP↑ MR1↓

Song-level 0.955 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 947

song-level model achieves the highest performance 948

in cover song identification (CSI) tasks, signifi- 949

cantly surpassing line-level aggregation. When a 950

sufficient amount of lyric content is provided, this 951

approach even exhibits to exceed current SOTA 952

models. However, the song-level representation 953

acts as a “black box”, providing no information 954

on which specific segments or phrases contribute 955

to the similarity score. In contrast, while line-level 956

modeling shows a slight trade-off in raw metrics, 957

it enables precise, interpretable alignment between 958

cover versions. Detailed score alignment in line- 959

level modeling will be discussed in section F. 960

B Effects of vocal audio in Line-Level 961

Segmentation 962

B.1 Observations 963

The visualization result in Figure 3 confirms the 964

role of the attention mechanism in multimodal in- 965

tegration: 966

• Acoustic Alignment: Cross-modal attention 967

peaks synchronize with the manually anno- 968

tated segment boundaries, confirming that the 969

audio signal provides effective temporal guid- 970

ance. 971

• Segment Impact: The attention mechanism 972

actively leverages acoustic cues to distin- 973

guish line-by-line transitions, facilitating pre- 974

cise alignment between the audio and textual 975

modalities. 976
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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 Segmentation977

Raw audio is first processed using Demucs to sepa-978

rate the vocal track. The separated vocals are tran-979

scribed using a full-track ASR system; in our imple-980

mentation, lyrics are extracted using the Whisper-981

large-v3 model (Radford et al., 2023). The resulting982

word sequence and vocal audio are then encoded983

by a text encoder and an audio encoder, respec-984

tively. These representations are fused through a985

multimodal feature fusion module to predict word-986

level line boundary labels. Finally, line breaks are987

inserted based on the predicted boundaries to pro-988

duce line-segmented lyrics (see Figure 2(a)).989

C.1 Additional Qualitative results990

These results are obtained from YouTube-collected991

test data that are not included in the K-pop trans-992

lation dataset (Kim et al., 2024) used for training993

and validation.994

We present several examples consisting of origi-995

nal K-pop lyrics and their corresponding English996

versions. See Tables 7–10.997

D Analysis of Syllable-Aware Semantic998

Attention999

Our model is designed to preserve semantic simi-1000

larity while accounting for syllabic constraints that1001

affect singability. To this end, semantic represen-1002

tations are first extracted using a frozen multilin-1003

gual language model, ensuring that meaning-level 1004

information is not distorted by lyric-specific super- 1005

vision. 1006

D.1 Effect of Syllable Count on Semantic 1007

Aggregation 1008

Formally, given an input line x, the semantic en- 1009

coder produces a sequence of token-level embed- 1010

dings 1011

H = {h1,h2, . . . ,hN}, (2) 1012

where hi ∈ Rd denotes the semantic embedding of 1013

the i-th token and N is the number of tokens in the 1014

line. 1015

In parallel, we associate the line with a scalar 1016

syllable count S ∈ N, which provides a simple 1017

cue about its syllabic structure. Importantly, S does 1018

not alter the semantic embeddings themselves; in- 1019

stead, it conditions how semantic information is 1020

aggregated. 1021

The final line-level representation v ∈ Rd is 1022

computed as an attention-weighted sum of token 1023

embeddings: 1024

v =
N∑
i=1

αi(S)hi, (3) 1025

where α(S) = {α1(S), . . . , αN (S)} is an at- 1026

tention distribution parameterized by the syllable 1027

count S and satisfies
∑

i αi(S) = 1. 1028
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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 (H).

D.2 Syllable-Conditioned Attention Behavior1029

To examine how syllable information influences1030

the attention mechanism, we analyze two statistics1031

computed from the attention weights α(S):1032

• Attention Sharpness:1033

S = maxi αi(S), indicating how strongly at-1034

tention concentrates on a small number of to-1035

kens.1036

• Attention Entropy:1037

H = −
∑

i αi(S) log(αi(S) + ϵ), measuring1038

how broadly attention is distributed, where ϵ1039

is a small constant for numerical stability.1040

As illustrated in Figure 4, smaller syllable counts1041

result in higher sharpness and lower entropy, sug-1042

gesting that the model focuses on a limited subset1043

of semantic tokens.1044

In contrast, larger syllable counts lead to more1045

dispersed attention, allowing semantic information1046

to be aggregated over a wider temporal span. This1047

trend indicates that syllable information modulates1048

how semantic content is attended to, without ex-1049

plicitly encoding rhythmic rules.1050

D.3 Semantic Proximity vs. Singability-Aware1051

Separation1052

An important consequence of this design is that1053

semantic similarity and singability-aware distance1054

are not necessarily aligned.1055

Semantically equivalent expressions such as “Hi” 1056

and “안녕하세요 (annyeonghaseyo)” are typically 1057

mapped to nearby regions by a standard semantic 1058

encoder, reflecting their shared meaning. 1059

In our model, however, these expressions differ 1060

substantially in their syllable counts (S = 1 versus 1061

S = 5), which conditions the attention distribution 1062

used to aggregate semantic tokens. Let vS denote 1063

the line-level representation obtained by syllable- 1064

conditioned attention: 1065

vS =
∑
i

αi(S)hi, (4) 1066

where hi is the semantic embedding of the i-th 1067

token. 1068

Because α(1) and α(5) exhibit markedly dif- 1069

ferent sharpness and entropy characteristics, the 1070

resulting representations v1 and v5 become sep- 1071

arated in the embedding space, despite their se- 1072

mantic proximity. This separation arises not from 1073

changes in semantic content, but from differences 1074

in how that content is selectively aggregated under 1075

syllabic constraints. 1076

By conditioning attention on a single scalar syl- 1077

lable count, the model can effectively downweight 1078

lyric lines whose syllabic structure is implausible 1079

for a given melodic context, while still preserving 1080

semantic compatibility. As a result, the model ac- 1081

quires the ability to distinguish different degrees 1082

of singability using minimal phonetic information, 1083

without relying on hand-crafted rhythmic features 1084
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K-pop Lyrics Covers80 Da-TACOS (vocal)

Method mAP↑ MR1↓ mAP↑ MR1↓ mAP↑ MR1↓

Mean 0.9222 2.47 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.1085

E Detailed Analysis of Song-Level1086

Aggregation Strategies1087

In this section, we provide a comprehensive com-1088

parative analysis of various song-level aggregation1089

strategies. To justify the selection of the match-1090

ing mechanism, we evaluate how different pooling1091

and distance-based functions affect retrieval perfor-1092

mance by fixing the underlying line-level encoder1093

and varying only the aggregation logic.1094

E.1 Description of Evaluated Methods1095

We investigate five distinct strategies to translate1096

a set of line embeddings into a final song-level1097

similarity score:1098

• Mean Pooling: Computes the centroid of all1099

line embeddings within a song to form a1100

global representation.1101

• Max Pooling: Selects the maximum value1102

across line embeddings for each dimension1103

to capture the most salient features.1104

• Top-5 Mean: Calculates the average of the1105

five highest similarity scores between any1106

pair of lines from the two songs, focusing on1107

strong local correspondences.1108

• Hausdorff Distance: Measures the maximum1109

of the minimum distances between line sets,1110

representing the worst-case misalignment be-1111

tween two lyrics.1112

• Chamfer Distance: A bidirectional aggrega-1113

tion that calculates the average of the max-1114

imum similarities between all lines of two1115

songs, accounting for mutual explanation.1116

The performance across three different bench-1117

marks is summarized in Table 6.1118

E.2 Discussion and Comparative Analysis 1119

Robustness of Chamfer Similarity. As shown 1120

in Table 6, chamfer distance consistently yields the 1121

highest retrieval accuracy across all benchmarks. 1122

Its effectiveness is particularly pronounced in the 1123

K-pop Lyric Translation (Kim et al., 2024) and 1124

Covers80 (Ellis, 2007) datasets. By finding the best 1125

counterpart for every line in both the query and 1126

candidate songs, Chamfer distance remains robust 1127

to common variations in cover songs, such as struc- 1128

tural reordering or the omission of specific verses. 1129

F Detail in Cover Song Identification 1130

Table 11 presents qualitative example of cross- 1131

lingual line-level matching results. The model is 1132

trained using the singability-aware framework with 1133

an E5-large backbone, and cosine similarity is used 1134

to measure cross-lingual line correspondence. For 1135

evaluation, we select K-pop songs that have both 1136

original Korean lyrics and corresponding English- 1137

version lyrics. As shown in the example, the model 1138

successfully aligns semantically and rhythmically 1139

corresponding lines across languages, even when 1140

literal translations are absent, while maintaining 1141

consistent syllabic structure, which reflects the 1142

singability-aware training objective. 1143

Use of AI Assistants. During the preparation of 1144

this manuscript and associated visual materials, we 1145

utilized multiple large language model–based AI 1146

assistants, including ChatGPT (OpenAI), Claude 1147

(Anthropic), and Gemini (Google), as auxiliary 1148

tools. These tools were used to support English 1149

translation, grammar checking, and stylistic refine- 1150

ment of the writing, as well as to assist in drafting 1151

and refining visualizations used in the project. All 1152

scientific decisions, experimental designs, analyses, 1153

and interpretations were conducted and verified by 1154

the authors. 1155
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Section #1

Transcription (Whisper-large-v3):
I was a ghost, I was alone아,더워진아,기속에 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 어두워진, hah,앞길속에 (Ah) 아,더워진아,기속에
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,끝없이 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

1 Waited so long to break these walls down Waited so long to break these walls down
2 To wake up and feel like me To wake up and feel like me
3 Put these patterns all in the past now Put these patterns all in the past now
4 And finally live like the girl they all see 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
3 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.
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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 this아파트 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 건배건배 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 get u
4 Get ya, get ya Get u get u
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 ROSÉ and Bruno Mars.
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Line Sim Korean Lyrics (syll.) English Lyrics (syll.) Line Sim Korean Lyrics (syll.) English Lyrics (syll.)

1 1.0000 I know I want it ( 5 ) I know I want it ( 5 )
2 0.3701 입에바른소린이제그만할게

( 12 )
I don’t wanna hide, pretending
I don’t want it ( 14 )

3 1.0000 ’Cause I deserve it (Deserve it)
( 8 )

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

4 0.6137 혹시 잠깐 내가 미워지더라도
걱정안할게 ( 17 )

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

5 1.0000 ’Cause I know you (I know
you) ( 7 )

’Cause I know you (I know
you) ( 7 )

6 0.7632 내 눈을 자꾸 피해봐 (Hey)
( 9 )

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

7 0.8350 네 맘을 자꾸 숨겨봐 (Hey)
( 9 )

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

8 0.7189 나에게서 도망쳐봐, no, no
( 10 )

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

9 0.5562 감았던 눈을 떴을 때 (Hey)
( 9 )

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

10 0.7508 문득 내가 떠오를 때 (Hey)
( 9 )

Whenever you open your eyes
(Hey) ( 9 )

11 0.5065 You are gonna be mine again,
yeah ( 9 )

You’ll think of me, you’re hyp-
notized (Yeah, yeah) ( 13 )

12 0.9971 You’re gonna say more, more,
more, more, more, and more
( 12 )

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

13 0.8653 멈추지못해 more, more, more,
and more ( 10 )

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

14 0.4095 그러니한번더 ( 6 ) ’Cause you can’t get enough
( 7 )

15 0.9967 I wanna have more, more, more,
more, more, and more ( 11 )

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

16 0.7169 (멈추기 싫어 more, more,
more, and more) ( 10 )

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

17 0.8248 (그러니한번더) More ( 7 ) (’Cause it’s never enough)
More ( 8 )

18 0.3429 멈추지를못해 ( 6 ) You’ll be begging for more ( 7 )
19 1.0000 (More and more) ( 3 ) (More and more) ( 3 )
20 0.5805 그러니한번더더 ( 7 ) ’Cause you can’t get enough, -

nough ( 8 )
21 0.2742 멈추기가싫어 ( 6 ) You’ll be craving for more ( 7 )
22 1.0000 (More and more) ( 3 ) (More and more) ( 3 )
23 0.6427 그러니한번더 ( 6 ) ’Cause it’s never enough ( 7 )
24 1.0000 Do you feel me? ( 4 ) Do you feel me? ( 4 )
25 0.6163 니가 날 위한 사람이라고 믿

니? ( 12 )
Or do you still not understand
how much you love me? ( 13 )

26 0.5656 Only for me (Only for me) ( 8 ) Boy, you need me, you want me
( 7 )

27 0.4857 간지러운말은굳이하지않아
도넌 ( 14 )

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

28 0.8334 ’Cause you know me, you know
me ( 7 )

’Cause I know you, I know you
( 7 )

29 0.6235 네귀를자꾸막아도 ( 8 ) Even if you cover your ears
(Ah) ( 9 )

30 0.5306 나를멀리밀어내도 ( 8 ) Push me away for years and
years (Ah) ( 9 )

31 0.7571 나에게서 멀어져도 (저 멀리),
no, no ( 13 )

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

32 0.6155 내가다시널부르면 ( 8 ) If I ever call out your name
(Ah) ( 9 )

33 0.1410 나의목소릴들으면 ( 8 ) Your heart will feel just like
the same (Ah) ( 9 )

34 1.0000 You are gonna be mine again
( 8 )

You are gonna be mine again
( 8 )

35 0.6757 Yeah,한번더 ( 4 ) And once again! ( 4 )
36 0.9971 You’re gonna say more, more,

more, more, more, and more
( 12 )

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

37 0.8653 멈추지 못해 more, more,
more, and more ( 10 )

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

38 0.4095 그러니한번더 ( 6 ) ’Cause you can’t get enough
( 7 )

39 0.9967 I wanna have more, more,
more, more, more, and more
( 11 )

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

40 0.7169 (멈추기 싫어 more, more,
more, and more) ( 10 )

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

41 0.8248 (그러니한번더) More ( 7 ) (’Cause it’s never enough)
More ( 8 )

42 0.3429 멈추지를못해 ( 6 ) You’ll be begging for more
( 7 )

43 1.0000 (More and more) ( 3 ) (More and more) ( 3 )
44 0.5805 그러니한번더더 ( 7 ) ’Cause you can’t get enough,

-nough ( 8 )
45 0.2742 멈추기가싫어 ( 6 ) You’ll be craving for more

( 7 )
46 1.0000 (More and more) ( 3 ) (More and more) ( 3 )
47 0.6427 그러니한번더 ( 6 ) ’Cause it’s never enough ( 7 )
48 0.7586 난 원래 욕심쟁이 몰랐다면

미안 ( 13 )
I’m a greedy girl, sorry if you
didn’t know ( 13 )

49 0.8648 사과는 미리 할게 ’cause I
want you more, more ( 13 )

Take my apology because I
want you more and more ( 14 )

50 0.6892 의견은 필요 없어 훔칠 거야
네맘 ( 13 )

Gonna steal your heart, own it
and won’t let it go (

,13 )
51 0.8339 내게 홀리게 될걸 you can’t

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

52 0.7697 난 도둑고양이 오늘만은 널
( 11 )

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

53 0.2339 꼭 잡으러 왔으니까 딱 기다
려너 ( 13 )

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

54 0.4545 멀리 가지 말고 다시 내게
come, come ( 12 )

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

55 0.7981 Yeah한번더 (More) ( 5 ) And once again! (More) ( 5 )
56 0.7065 멈추지를못해 (You’re gonna

say) ( 11 )
You’ll be begging for more
(You’re gonna say) ( 12 )

57 1.0000 (More and more) ( 3 ) (More and more) ( 3 )
58 0.6876 그러니한번더더 (그러니한

번더) ( 13 )
’Cause you can’t get enough,
-nough (’Cause it’s never
enough) ( 15 )

59 0.7186 멈추기가 싫어 (More and
more) ( 9 )

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

60 1.0000 (More and more) ( 3 ) (More and more) ( 3 )
61 0.8688 그러니한번더 (More) ( 7 ) ’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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