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Abstract

Lyrics translation must account for rhythm,
rhyme, and singability in the translated lyrics.
In this study, we focus on singability and inves-
tigate effective prompting methods for trans-
lating singable lyrics, including verification-
guided and multi-round prompting, applied
to large language models. First, we curate a
multilingual lyrics translation dataset covering
a total of six language directions across Chi-
nese, Japanese, and English. Next, we evalu-
ate seven prompting strategies, with instruction
complexity increasing incrementally. The re-
sults show that multi-prompt strategies improve
singability-related aspects, such as rhythmic
alignment and phonological naturalness, com-
pared to naive translation. Furthermore, hu-
man evaluations using songs created from trans-
lated lyrics suggest that moderately complex
prompting strategies improve singable natural-
ness, while more complex strategies contribute
to greater stability in perceived quality.

1 Introduction

Lyrics translation is a form of constrained trans-
lation that extends beyond conventional machine
translation tasks. It requires balancing linguistic
fidelity with musical form, capturing not only lit-
eral meaning but also rhythm and rhyme to achieve
overall singability. Accordingly, effective lyrics
translation must explicitly account for rhythm,
rhyme, and singability (Low, 2003, 2005).

Such lyrics translation has become increasingly
important with the growth of subcultural platforms
such as karaoke services and video streaming web-
sites, as well as the globalization of the music mar-
ket. In these contexts, immediacy directly affects
a song’s popularity and playback counts, making
automatic lyrics translation a crucial component of
music distribution. Moreover, translations that are
easy to hum and easy to understand in the target
language are often preferred. Consequently, effec-
tive lyrics translation often prioritizes paraphrasing

Our Singable Translation f

Translation (Japanese): ;« A\
S ELERUND
) - BEOEL,
D (Ki-ra-Ki-ra-hi-ka-ru - 7 beats)
0-so-ra-no—ho—sﬁf—yo -7 beats)

Original Translation ‘

Translate these lyrics to Japanese for me:
“Twinkle, twinkle, little star,
How | wonder what you are!”

Issue: Word-for-word accurate, but breaks
the song’s rhythm. Too many beats. )

Fix: Adjusts words to fit the 7-beat melody
perfectly. Singable! (74

Figure 1: Overview of singable lyrics translation. Lyrics
translation must consider not only semantic accuracy but
also melodic fit to ensure singability. Furthermore, these
aspects are difficult to evaluate using automatic metrics
alone, making human perception evaluation based on
songs created from the translated lyrics essential.

and phonologically informed language fitting over
strict literal translation, as illustrated in Figure 1.
Some existing work on lyrics translation has pri-
marily relied on fine-tuning open-source language
models for this domain (Ou et al., 2023). In con-
trast, research on zero-shot prompting strategies
for lyrics translation has been relatively limited,
with most prior efforts focusing on model devel-
opment or dataset construction rather than system-
atic exploration of prompting strategies (Cho et al.,
2025). Related techniques have been applied to po-
etry translation, which constitutes a similar form of
constrained translation (Song et al., 2023). While
poetry translation likewise demands a high level of
textual aesthetics, the requirements for musicality
and singability, which are less directly tied to word-
ing yet play a more critical role in lyrics quality,
are comparatively lower than in lyrics translation.
In this study, we explore effective prompting
strategies for lyrics translation in a zero-shot set-
ting using large language models (LLMs). We
propose a set of prompts for a multilingual lyrics
translation task and comprehensively evaluate their
effects using both linguistic metrics and music-

544

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 4: Student Research Workshop, pages 544-554
March 26, 2026 ©2026 Association for Computational Linguistics



related metrics. Specifically, we design a series of
prompts with increasing levels of complexity and
specificity and examine their impact on semantic
similarity, syllable or mora-based rhythm, rhyme
structure alignment, and phonotactic difficulty. In
addition, through human evaluation, we analyze
perceptual differences that automatic evaluation
cannot fully capture. Finally, based on these human
judgments, we investigate which automatic metrics
show the strongest correlation with human percep-
tion of singability, thereby providing insights into
more reliable evaluation of singable lyrics transla-
tion. Our contributions and findings are as follows:

* We conduct a comprehensive investigation of the
zero-shot capabilities of large language models
for lyrics translation by designing seven prompt-
ing strategies with progressively increasing com-
plexity, including multi-prompt strategies and
verification-guided prompting.

* We manually construct a multilingual lyrics trans-
lation dataset aligned across Japanese, Chinese,
and English, annotated with syllable or mora
counts for evaluation. Using this, we conduct
comprehensive evaluations and demonstrate that
appropriate prompting strategies help maintain
consistency across singability-related aspects.

* We manually create actual songs using translated
lyrics and conduct human evaluation. The results
indicate that prompting strategies with moder-
ate complexity achieve sufficient perceptual im-
provements, while more complex strategies, such
as multi-prompt prompting, tend to yield more
stable results when considering score variance.

* We conduct a meta-evaluation using these human-
evaluation results to assess their correlation with
automatic metrics and find that CCVO shows the
strongest alignment with human perception.

2 Background and Related Work

Lyrics Translation. Kim et al. (2023) propose
an evaluation framework for singable lyrics trans-
lation that incorporates syllable counts, phoneme
repetition, musical structure, and semantic simi-
larity. étépénkové and Rosa (2025) provides a
computational interpretation of the Pentathlon Prin-
ciple, introducing measurable, music-aware met-
rics, including rhyme- and phonology-focused mea-
sures. Complementarily, Ou et al. (2023) treats
lyrics translation as a form of constrained machine
translation, using prompt-based controls over prop-

LLM prompts ‘
Original Simple vs. Constraint-aware :> Translated
Lites Requirements only vs. Verification Guided Lyites

Single-round vs. Multi-round

Figure 2: Overview of our prompting strategies. We are
considering three aspects, a total of seven prompts.

erties such as length and rthyme. Ye et al. (2024)
introduces a method for translating musical lyrics,
emphasizing the balance between semantic fidelity
and singability. Lyrics translation is often per-
formed with respect to the structural organization
of songs, such as lyrical sections within a part or
sentence-level units corresponding to individual
musical bars. These studies suggest that the Pen-
tathlon Principle has become widely supported for
lyrics translation. Therefore, evaluation is expected
to consider multiple aspects, including singability,
meaning preservation, naturalness, rhythm, and
rhyme. However, despite this shared perspective,
there remain few well-established evaluation met-
rics, making human evaluation particularly impor-
tant for assessing lyrics translation quality.

Prompting. For creative domains, Wang et al.
(2024) systematically analyzes performance in En-
glish to Chinese poetry translation under differ-
ent prompting settings. Similarly, Pramodya et al.
(2025) conduct a comprehensive study of the ef-
fects of prompting strategies in movie translation.
For lyric translation, Cho et al. (2025) partially
adopts zero-shot prompting with LLMs. However,
their work primarily focuses on dataset construc-
tion and presents only preliminary model com-
parisons, without investigating prompting strate-
gies. Prompting has been shown to enhance the
effectiveness of large language models in zero-
shot settings (Kojima et al., 2022), while iter-
ative self-feedback improves generation quality
(Madaan et al., 2023), and zero-shot verification ap-
proaches further strengthen model reliability (Miao
etal., 2024). Accordingly, these techniques suggest
strong potential for application to lyrics translation.

3 Methodology

To explore effective prompting strategies for lyrics
translation, we conduct a systematic investigation
from three perspectives, as illustrated in Figure 2:
context-aware prompting, verification steps, and
multi-round prompting. This prompt design allows
us to analyze the effects of prompt complexity and
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structural control on lyrics translation. Note that
the target lyrics are provided as a user-prompt fol-
lowing the instruction prompt. Therefore, we show
only the instruction-prompt component.

Experiment 1: Simple prompt. Exp. 1 serves
as our zero-shot baseline, in which the model is
instructed to directly translate the source lyrics into
the target-language lyrics. This prompt contains
only the core task instruction and no additional
constraints related to singability.

Experiment 1: Simple prompt

Translate this passage of lyrics into
{target_language} lyrics.

Experiment 2: Simple prompt with minimal
constraint. Exp. 2 introduces a requirement for
line-by-line alignment between the source lyrics
and the translation. This setting enables us to ex-
amine whether adding a basic structural instruction
improves performance and to what extent models
can conform to explicit instructions.

Experiment 2: Simple prompt with minimal

constraint

Translate this passage of lyrics into
{target_language}, line by line.

Experiment 3: Constraint-aware prompt. As
opposed to Exp. 2, Exp. 3 introduces multiple ex-
plicit structural constraints to test whether models
can simultaneously conform to these objectives.
Specifically, Exp. 3 requires the model to verify
rhythm (mora count or syllable count), rhyme pat-
terns, and semantic consistency for each lyric.

Experiment 3: Constraint-aware prompt

Translate the passage line by line into
{target_language} with: 1) same mora
count per line; 2) same rhyme pattern;
3) same theme.

Experiment 4: Enhanced constraint-aware
prompt. Exp. 4 extends the constraints intro-
duced in Exp. 3 by incorporating an explicit ver-
ification mechanism alongside the requirements.

Rather than merely stating the constraints, we
specify how the model should verify compliance,
including mora or syllable counting for rhythm,
phoneme analysis for rhyme, and thematic preser-
vation checks for meaning, drawing inspiration
from step-by-step reasoning approaches (Miao
et al., 2024). Through this design, we test whether
verification-guided instructions improve perfor-
mance in translating singable lyrics.

Exp. 4: Enhanced constraint-aware prompt

Translate the passage line by line into
{target_language} with 1) keep the same
mora count per line and verify by counting
mora in hiragana/syllables; 2) keep the
same rhyme pattern and verify by the final
phoneme per line; 3) keep the same theme.

Experiment 5S: Enhanced constraint-aware
prompt with general refinement (two-turn).
Exp. 5 introduces a two-turn interaction by extend-
ing Exp.4’s enhanced constraint-aware approach
with a refinement process. After generating an ini-
tial translation using Exp.4’s constraints, the model
will received a second-turn instruction to improve
translation quality without re-stating specific con-
straints. This design is inspired by Madaan et al.
(2023) and investigates if the model can implicitly
maintain previously established constraints while
optimizing for better results.

Experiment 5: Enhanced constraint-aware
prompt with general refinement (two-turn)

Round 1: Translate the passage line by
line into {target language} with 1) keep
the same mora count per line and verify
by counting mora in hiragana/syllables; 2)
keep the same rhyme pattern and verify by
the final phoneme per line; 3) keep the same
theme.

Round 2: Without changing the original
requirements, refine the translation for
better overall translation quality.

Experiment 6: Enhanced constraint-aware
prompt with rhythm refinement (two-turn).
While Exp. 5 employs general refinement in the
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second round, Exp. 6 implements targeted refine-
ments focusing on mora or syllable counts. In the
first round, Exp. 6 follows the same instructions
as Exp. 5. In the second round, Exp. 6 focuses ex-
plicitly on verifying mora or syllable counts. This
design tests whether constraint-specific refinements
can improve overall translation quality, given the
importance of rhythm for singability, especially in
fitting translated lyrics to the original melody.

Round 1: Translate the passage line by
line into {target_language} with 1) keep
the same mora count per line and verify
by counting mora in hiragana/syllables; 2)
keep the same rhyme pattern and verify by
the final phoneme per line; 3) keep the same
theme.

Round 2: Without changing meaning,
adjust so each line keeps the same
mora/syllable count; verify via syllable
counting.

Experiment 7: Enhanced constraint-aware
prompt with rhythm refinement (multi-turn).
Finally, instead of focusing on individual sections
only, Exp. 7 shifts the scope to song-level transla-
tion by keeping the translation of all sections within
a unified conversation, while still maintaining a
section-by-section translation procedure. In Exp. 7,
the model translates all sections sequentially within
a single dialogue, applying the constraint-aware
prompt from Exp. 4 at each turn. This design tests
whether accumulated conversational context im-
proves consistency and coherence in singable lyrics
translation, addressing potential fragmentation that
may arise when sections are translated in isolation.

All rounds: Translate the passage line by
line into {target language} with 1) keep
the same mora count per line and verify
by counting mora in hiragana/syllables; 2)
keep the same rhyme pattern and verify by
the final phoneme per line; 3) keep the same
theme.

4 Experimental Setup

4.1 Evaluation Dataset and Preprocessing

To enable lyrics translation in a multilingual setting,
we curate a dataset in which lyrics are mutually an-
notated across Chinese, Japanese, and English. We
construct a multilingual lyrics dataset segmented
by lyrical sections. The dataset consists of 96 trans-
lated songs across the three languages, compris-
ing a total of 624 sections. All data are manually
transcribed from social media platforms such as
YouTube' and Bilibili>. Each song is associated
with at least one valid audio source, ensuring that
both the original and translated lyrics are singable
by human singers. We primarily transcribe the
lyrics from the song audio, using expressions from
comment sections or on-screen text in the videos
as additional references when necessary to com-
plete the transcription. To facilitate rhythm-aware
evaluation, we manually counted language-specific
rhythmic units: pinyin-based syllable counts for
Chinese, mora counts derived from hiragana for
Japanese, and computational syllabification for En-
glish. Using this, we evaluate all six possible trans-
lation directions among the three languages.

4.2 Translation Settings

We compare seven prompting strategies introduced
in Section 3. To capture the effect of prompting
strategies, we use a single model, enabling a direct
comparison of pure generation results attributable
solely to differences in prompting strategies. All
translations are generated using the GPT-40 (gpt-
40-2024-11-20) (OpenAl et al., 2024) under a zero-
shot prompting setting. To ensure clean outputs
as the model may response to prompts designed
to guide its internal reasoning, we apply a post-
processing step using a second API call to remove
any extraneous content, with a manual checking
process to verify the processed lyrics, ensuring that
only the translated lyrics remain for evaluation. To
ensure consistency across experiments, decoding
parameters are fixed (temperature = 0, top_p =
0), resulting in deterministic generation. remains
deterministic. Following Kim et al. (2023), model
inputs are provided at the section level instead of
on a line-by-line basis, since line-level translation
fails to preserve important contextual information
within a section.

"https://www.youtube.com/
https://www.bilibili.com/
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4.3 Evaluation Metrics

To explore prompting strategies optimized for
singable lyrics translation, we consider two auto-
matic evaluation aspects: translation quality, and
lyrics-aware naturalness and fitness for singability.

4.3.1 Translation Quality

For translation quality, we employ three neural
evaluation metrics. Since lyrics translation often
prefers interpretative translation rather than strict
literal translation, surface-level metrics such as
BLEU (Papineni et al., 2002) or chrF (Popovic,
2015) are less suitable. Instead, we evaluate trans-
lation quality using semantics-aware neural metrics
that better capture meaning preservation.

Sentence-BERT (Reimers and Gurevych, 2019)
It measures semantic similarity at the sentence or
line level, making it suitable for capturing para-
phrastic alignment. By comparing the generated
Iyrics with the reference translations, the met-
ric captures alignment with human translations.
For English-target translation directions, we use
all-MiniLM-L12-v23 as the backbone model.
For non-English directions, we use distiluse-
base—multilingual—cased—v24.

COMET (Rei et al., 2020) A neural evaluation
metric that estimates translation quality by jointly
modeling adequacy and fluency, using source sen-
tences, reference translations, and generated lyrics
to assess semantic alignment and linguistic natural-
ness. We used Unbabel/wmt 22-comet-da’.

COMET-QE (Rei et al., 2022) A reference-free
quality estimation metric that predicts translation
quality based solely on the source sentence and the
generated output, allowing meaning preservation
to be assessed without reference translations. We
use Unbabel /wmt 22-cometkiwi-da’.

4.3.2 Lyrics-Specific Evaluation

For lyrics-specific evaluation, we followed the Pen-
tathlon Principle (Low, 2003, 2005; étépénkové
and Rosa, 2025). According to the Pentathlon Prin-
ciple, effective lyrics translation must account for

*https://hf.co/sentence-transformers/
all-MiniLM-L12-v2

*nttps://hf.co/sentence-transformers/
distiluse-base-multilingual-cased-v2

Shttps://hf.co/Unbabel /wmt22-comet-da

*https://hf.co/Unbabel/
wmt22-cometkiwi-da

several aspects, including singability, e.g., match-
ing the melody, sense, e.g., semantic accuracy, nat-
uralness, e.g., idiomaticity in the target language,
rhyme, e.g., preserving sound patterns, and rhythm,
e.g., matching syllable counts and stress. Based
on this principle, we focus on lyrics-specific singa-
bility aspects that are not fully captured by stan-
dard translation quality metrics. We evaluate these
aspects using three lyrics-aware metrics: rhythm,
rhyme, and CCVO (Consonant Cluster and Vowel
Openness Distance).

Rhythm (syllable distance) (Kim et al., 2023).
We define the rhythm distance between a source
sequence X = (x1, ..., x,) and a translation X =
(Z1,...,Tp) as:

Disi(X, %) = g iy ((gipapiedl ¢ lmnieal)
where syl(-) denotes the number of syllables (or
mora for Japanese). Lower values indicate better
rhythmic alignment. It encourages rhythmic con-
sistency between the source and translated lyrics,
and translations with lower distance are considered
more singable, as they can be more easily aligned
with the original melody and musical phrasing.

Rhyme similarity (Stépankova and Rosa, 2025)
We compute rhyme structure similarity as the Jac-
card index between sets of thyming edges:

I

RSy1(R, ) = |Edges(R) N Edges(R)|
I |Edges(R) U Edges(R)|

where Edges(R) denotes the set of line pairs in
the reference IR that share the same rhyme class,
and Edges(R) is defined analogously for the trans-
lated lyrics. Higher values indicate greater similar-
ity in thyme structure between the reference and
translated lyrics, reflecting better preservation of

rhyming patterns.

CCVO (Consonant Cluster and Vowel Open-
ness Distance) (gtépénkové and Rosa, 2025) To
quantify phonological singability, we define the
CCVO distance as the average normalized Leven-
shtein distance between CCVO encodings of corre-
sponding lines:

o n evpis (CCVO(z;),CCVO(Z;
CCVODiSt(XyX) = %Zi:l kevp (Icn(‘éC(VO)(zi);/ ( ))7

where CCVO(-) encodes each line into a se-
quence representing consonant cluster complexity
and vowel openness classes. Text from Chinese,
English, and Japanese is mapped to IPA form to
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Translation Direction
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[ Expl Exp2 Exp3

Exp4 Exp5 Exp6 Exp7 ]

Figure 3: Evaluation results with six evaluation metrics, six language directions, and seven prompting settings, where

uses a simple prompt,

extends it to multi-turn rhythm refinement.

extract phonemes. We then label consonant clus-
ters, which are determined by whether there are
3 or more consecutive consonants across syllable
boundaries, and label vowel openness into 3 cat-
egories: open, mid, and closed. Using a string
composed of consonant cluster and vowel open-
ness labels, we compute the normalized Leven-
shtein distance between CCVO strings, normalized
by source sequence length. Lower scores indicate
closer phonological profiles between the source
and translated lyrics, reflecting higher phonologi-
cal compatibility for singing. We primarily adopt
this metric because it is more directly related to
singability (Stépankova and Rosa, 2025).

5 Experimental Results

Figure 3 shows the overall evaluation results across
all six translation directions. We discuss the key
observations and aspects based on these results.

Finding 1: Complex prompting strategies im-
prove singability in translations particularly
into Japanese. CCVO and rhythm scores remain
relatively stable across different levels of prompt
complexity for the CN—EN, EN—CN, JP—CN,
and JP—EN directions. In contrast, performance
degrades with simpler prompting strategies for the
CN—JP and EN—JP directions. This indicates
that naive prompting strategies struggle to properly
align Japanese mora with syllable-based representa-
tions, whereas more advanced prompting strategies,
such as iterative prompting, substantially improve

incorporates minimal constraints,
Exp. 4 further enhances it, Exp. 5 introduces two-turn refinement,

adopts a constraint-aware prompt,
applies two-turn rhythm refinement, and

phonological alignment. Notably, a moderate level
of prompt complexity, e.g., Exp. 3, is sufficient
to achieve most of the gains in singability-related
metrics. While higher complexity settings, e.g.,
Exp. 7, lead to further improvements in CCVO,
these gains are mainly observed in non-Japanese
target directions such as CN—EN.

Finding 2: Translation quality appears sta-
ble under automatic evaluation, and complex
prompting may show higher correlation with
human translations. Across COMET, COMET-
QE, and Sentence-BERT (SBERT), translation
quality scores remain largely stable in most settings,
indicating that automatic evaluation metrics are
relatively insensitive to differences in prompting
strategies. One exception is COMET-QE, which
relies solely on the source lyrics and the generated
translation without reference translations. As a re-
sult, simpler and more literal prompting strategies,
e.g., Exp. 1, tend to receive slightly higher scores
under COMET-QE. In contrast, different trends
emerge when comparing SBERT and COMET-QE,
particularly for the EN—JP direction. SBERT
shows higher similarity to human reference trans-
lations under more complex prompting strategies,
suggesting that these prompts enable translations
that deviate from strictly literal translation and
better capture culturally informed paraphrasing.
This observation indicates that, although automatic
metrics may appear stable overall, more complex
prompting tends to produce outputs that align more
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Exp.1 Exp.7

Reference Original

PRIEINAFRATHIERTS (10)

Will you join in our journey Will you join in our battle

IREIIAFATHIEL I (10)

PREIIANIE X ZENE (8) Will you join in our crusade (7)
Will you join in our
righteous army

WS XRS5 FYEY. (11) S R85 T F1T 9) 5% EZ1ESR (1) Who will be strong and stand
Who will firmly stand Who will firmly walk Side-by-side with me  with me (8)
side-by-side with me alongside with me? to battle
FERR R Z 51 (6) FEFRET 22 251 (6) FAMLASEHR 22 (7)  Beyond the barricade (6)
Beyond the roadblock Beyond the barricades Construct the barricade
with flesh and blood
T HEREERHA 9) T AREIREEFIRA (9) FFACPRARFL BB (7)  Is there a world you long to see (8)

Is there a world that you
long for?

Is there a realm that you
long for?

Sharing trials and tribu-
lations for that ideal.

Table 1: The example from “Do you hear the people sing?”, English-to-Chinese translation. Numbers in parentheses
denote syllable counts. Exp.1: Experiment 1 output (thythm 0.2438, COMET 0.6302, COMET-QE 0.7302). Exp.7:
Experiment 7 output (rhythm 0.1461, COMET 0.6788, COMET-QE 0.7798). Reference: A singable version verified
through human vocal performance Original: Original English version.

closely with human translation preferences.

Finding 3: Prompting enhances singability and
rhyme awareness while maintaining translation
quality. Focusing on rhyme scores, we observe
greater variability across translation directions, par-
ticularly for EN—JP, JP—EN, and CN—JP. Nev-
ertheless, rhyme similarity consistently improves
with prompting strategies of moderate complex-
ity or higher, e.g. Exp. 3, compared to simpler
prompting such as Exp. 1. In contrast to CCVO
and rhythm scores, rhyme scores exhibit a some-
what different trend, and improvements in rhyme
do not necessarily lead to substantial gains in the
other two phonological metrics. When considering
translation quality metrics such as SBERT, mod-
erately complex prompting, e.g., Exp. 3, appears
effective in several cases. Nevertheless, increasing
prompt complexity tends to result in more consis-
tent improvements across multiple evaluation met-
rics, while largely preserving translation quality.

6 Qualitative Analysis

As discussed in Section 3, lyrics translation of-
ten involves subtle variations that cannot be fully
captured by automatic evaluation metrics. Nev-
ertheless, certain tendencies can still be observed
and are further examined through qualitative analy-
sis. Table 1 illustrates this point with an example
from the song “Do You Hear the People Sing?”,
translated from English into Chinese, showing that
prompting strategies providing clear instructions
can improve rhythmic alignment. In Exp. 1, the
model receives only basic prompting instructions

without explicit structural constraints. In contrast,
Exp. 7 achieves improved rhythmic alignment and
semantic similarity, while the original human ref-
erence represents an upper bound in terms of both
semantic fidelity and rhythmic conformity. This
comparison illustrates how explicit structural con-
straints in prompting can enhance musical form in
lyrics translation.

Regarding translation quality, qualitative in-
spection reveals that the overall meaning remains
largely consistent between Exp. 1 and Exp. 7. How-
ever, Exp. 7 tends to select terminology that is
closer to the reference translation, particularly in
finer-grained lexical choices. At the same time,
the human reference sometimes departs from the
source content; in the final line of the example,
the reference preserves the original meaning less
faithfully than the model outputs. These obser-
vations highlight the inherent variability and cre-
ativity involved in lyrics translation. Nevertheless,
across cases, prompting strategies enable conser-
vative and goal-oriented translation shifts without
substantially altering the model’s underlying cre-
ativity. This suggests that prompting can effectively
guide lyrics translation in a controllable manner,
balancing faithfulness and creative adaptation.

7 Human Evaluation

7.1 Settings

To further evaluate and validate translation quality
from the perspective of human perception, we con-
duct a human evaluation with three native speakers
per each target language direction. The evaluators
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Prompt MOS
Original 3.64 + 1.07 3.66 + 1.19 3.53 + 1.13 3.78 £ 1.09

Naturalness Melody Fit Emotion

Exp. 1 3.11£1.02 3.36 £ 1.24 3.06 = 1.10 3.41 +0.86
Exp.2 290+1.13 3.08 £1.27 2.88 £ 1.15 3.17 £ 1.07
Exp.3 3.25+0.84 3.25+0.98 3.40 +1.00 3.47 +0.84
Exp. 4 3.30 £0.88 3.35+ 1.15 3.48 +1.00 3.44 +0.85
Exp.5 3.04 £0.76 3.03 £ 1.07 3.28 +1.02 3.32 + 0.81
Exp. 6 3.18£0.81 3.15+ 1.11 3.324+0.93 3.39 £ 0.81
Exp. 7 3.22+0.80 3.25+1.04 3.25 +£0.90 3.50 & 0.78

Table 2: Aggregated Human Evaluation Results

rate the translated lyrics across multiple quality di-
mensions. For each target language, we randomly
select 88 sections and manually create songs by
combining the translated lyrics with the original
melodies. To ensure consistency across samples,
we adopt a uniform adjustment strategy: when the
translated lyrics contain fewer syllables, we pro-
long musical notes, and when they contain more
syllables, we map multiple syllables to a single
note. This procedure ensures that all samples are
produced under a consistent and controlled setting.
The Evaluators assess translated lyrics on a 5-point
scale (1=very poor, S=excellent) across four dimen-
sions: 1. Naturalness: Fluency and idiomaticity
of the lyrics; 2. Lyric-Melody Fit: How well
the translation fits the original melody when sung;
3. Emotional Impact: Preservation of emotional
content and artistic intent; and 4. MOS (Mean
Opinion Score): Overall translation quality. We
collected evaluations across 42 experiment com-
binations (7 prompts X 6 translation directions).
Each rating represents the aggregated judgment of
multiple human evaluators on sampled translations
from the corresponding experiment and direction.

7.2 Results

Table 2 presents the aggregated results of the hu-
man evaluation. Prompt 4 achieved the highest
overall quality (MOS: 3.30 &+ 0.88), demonstrating
the most consistent performance across all trans-
lation directions. In contrast, Prompt 2 received
the lowest ratings (MOS: 2.90 £ 1.13), indicat-
ing that incomplete or underspecified instructions
can degrade translation quality, in some cases re-
sulting in worse performance than providing no
instructions at all. Using Japanese as the source lan-
guage led to significantly better translations (aver-
age MOS: 3.70 for JP—CN and 3.40 for JP—EN)
compared to other language pairs. Conversely,
translations into Chinese proved the most chal-
lenging, with CN-target experiments exhibiting

the largest performance variance across prompt-
ing strategies. In addition, when focusing on score
variance, we observe that iterative refinement strate-
gies such as Exp. 7 improve the consistency of hu-
man judgments such as Emotion and Melody Fit.
This suggests that repeated refinement not only im-
proves average quality but also stabilizes perceived
singability-related attributes.

7.3 Correlation with Automatic Metrics

We compute Pearson correlations between human
ratings and automatic metrics across all 48 evalu-
ation points to assess the validity of these metrics
for lyrics translation. CCVO exhibits a very strong
positive correlation with both MOS (r = 0.838,
p < 0.001) and Naturalness (r = 0.705, p <
0.001). Translations with better phonological align-
ment consistently receive higher human ratings,
supporting CCVO as a reliable automatic indicator
of lyrics translation quality. In contrast, SBERT
(r = —0.437, p < 0.01), COMET (r = —0.755,
p < 0.001), and COMET-QE (r = —0.464,
p < 0.01) show strong negative correlations with
human judgments. In particular, higher COMET
scores are associated with lower human ratings,
suggesting that these semantics-oriented metrics
are not well suited to evaluating the quality of
singable lyrics translation. Rhyme similarity shows
a moderate positive correlation with human ratings
(r = 0.340 for MOS, p < 0.05; » = 0.393 for Nat-
uralness, p < 0.01), indicating that preservation of
rhyme patterns contributes to perceived translation
quality. In contrast, rhythm exhibits no signifi-
cant correlation with human ratings (r = —0.161,
p > 0.05), suggesting that syllable-level alignment
alone does not guarantee perceived quality. Over-
all, these results indicate that CCVO is the most in-
formative automatic predictor of human-perceived
quality among the metrics examined.

8 Conclusion

In this study, to investigate the zero-shot lyrics
translation ability of large language models and
identify effective prompting strategies, we design
a total of seven prompting strategies with varying
levels of complexity, incorporating techniques such
as verification-guided prompting and multi-round
prompting. We conducted a comprehensive evalua-
tion of these strategies from multiple perspectives
related to translation quality and singability.

We also curated a multilingual lyrics translation
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dataset consisting of 96 translated songs (624 sec-
tions) across Chinese, Japanese, and English, with
aligned translations across the three languages. Ex-
perimental results showed that complex prompting
strategies improve singability, particularly for trans-
lations into Japanese. While translation quality re-
mains largely stable under automatic evaluation,
more complex prompting strategies tend to show
higher alignment with human translations. More-
over, prompting enhances singability and rhyme
awareness while preserving translation quality.

Human evaluation further reveals that prompting
strategies with moderate complexity, e.g., Exp. 4,
achieve the best perceived quality on average,
whereas multi-round prompting can improve the
stability and consistency of human judgments. Fi-
nally, by treating human evaluation results as a
form of meta-evaluation and measuring their corre-
lation with automatic metrics, we find that CCVO
exhibits the strongest alignment with human per-
ception, suggesting its potential as a proxy metric
for human evaluation in singable lyrics translation.

We believe that these insights provide useful di-
rections for future work, such as exploring melody-
aware prompting, and developing lyrics-specific
evaluation metrics that better connect semantic sim-
ilarity with creative translation quality.

Limitations

LLMs. Since this study focuses on prompting
strategies, all experiments are conducted using a
single large language model. While evaluating mul-
tiple LLMs could increase the comprehensiveness
of the analysis, our primary contribution lies not in
cross-model performance comparison, but in exam-
ining how variations in prompting strategies affect
singability in lyrics translation. Accordingly, we do
not explore LLM variation in this work. Instead, by
restricting our analysis to a single model, we can
provide a more in-depth and controlled investiga-
tion of prompting effects. Moreover, several prior
studies similarly adopt a single LLLM setting to en-
able deeper analysis of prompting behavior (Wang
et al., 2024; Hu et al., 2024; Yang et al., 2024). For
this reason, multi-model evaluation is treated as
a nice-to-have future direction, while the present
study is considered to offer sufficient contributions
through its systematic prompting analysis and meta-
evaluation of automatic metrics.

Prompting. While this study adopts a system-
atic prompt strategy based on a taxonomy ranging

from simple to complex prompts, many additional
prompt variations are possible, such as more di-
rect prompting strategies that explicitly incorporate
singability-related phrases or approaches based on
multi-agent systems. Moreover, further prompt op-
timization, including investigating how different
instructions and prompt formulations influence sys-
tem performance (Sakai et al., 2024; Suzuki et al.,
2025), may further strengthen our method and anal-
ysis. In addition, we adopt conservative decoding
parameter settings to ensure stable evaluation in
this study. Accordingly, exploring more creative
decoding strategies that better fit the characteristics
of lyrics translation represents a promising research
direction. Nevertheless, this work provides valu-
able insights into prompting design and evaluation
methods for lyrics translation. These findings can
serve as a basis for further validation and extension.

Data. In this study, all experiments are conducted
using a dataset curated by the authors. As a result,
the dataset is relatively small, comprising approxi-
mately 600 lyric sections. However, since our study
focuses exclusively on zero-shot evaluation and the
dataset covers a sufficient number of songs across
multiple language directions, we consider it a rea-
sonable and appropriate evaluation dataset for the
scope of this work. In addition, due to the difficulty
of recruiting native evaluators across a wide range
of languages, we limit our experiments to three lan-
guages: Chinese, English, and Japanese. While ex-
tending the dataset to additional languages or con-
ducting broader cross-lingual comparisons would
be an ideal evaluation direction, the primary focus
of this study is on prompting strategies. Therefore,
larger-scale multilingual experimental settings are
left for future work.

Ethical Considerations

License. We primarily collect our dataset from
YouTube and Bilibili. The use of textual infor-
mation such as lyrics from these platforms is not
prohibited when used for research purposes, pro-
vided that the original content is not redistributed.
For qualitative examples included in the paper, we
confirm that, under the legal framework of the coun-
try in which our institution is located, disclosing
a small portion of the content, such as a single
lyric section without full disclosure, is permissible
for research purposes and does not violate fair use
provisions. Accordingly, such limited excerpts are
included solely for illustrative analysis. In contrast,
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redistributing full lyrics or audio content would
pose a risk of copyright infringement and use be-
yond the scope of research, and is therefore ex-
plicitly avoided in this work. To support repro-
ducibility, we instead make available experimental
prompts, code, and derived annotations, to the ex-
tent that they do not conflict with licensing restric-
tions. This practice is consistent with established
norms in prior research on lyrics. Based on these
considerations, we confirm that the licensing as-
pects related to data usage in this study do not raise
conflicts within the scope of our research.

Human Annotation. This study involves human
evaluation and manual data construction. All an-
notators were provided with a clear explanation of
the study purpose and procedures, and evaluations
were conducted under a blind setting to prevent
bias. As a result, the evaluation process does not
involve arbitrary manipulation and ensures fairness
and objectivity. In addition, all annotators com-
pleted agreements, including consent regarding the
use and transfer of annotation results for research
purposes. We ensure that the study complies with
ethical standards for human subject research.

Al Tools. We used Al tools to assist with gram-
matical correction and translation. However, all
research ideas, experimental design, and original
writing were carried out by the authors. All Al-
generated suggestions were carefully reviewed and
verified by the authors prior to inclusion. Accord-
ingly, full responsibility for the content of this pa-
per rests with the authors, while we acknowledge
the support provided by the Al tools used during
manuscript preparation.
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