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Abstract

Rap is a vocal style rooted in Hip-Hop cul-
ture, characterized by producing rhymes in
synchrony with a rhythmic beat. This paper
proposes a method for generating Japanese
rap lyrics with a large language model (LLM)
whose rhyming behavior is improved via
reinforcement learning. We design a re-
ward function that evaluates end rhymes be-
tween two generated bars and apply GRPO,
a reinforcement-learning method, to encour-
age Japanese rhyming without using existing
Japanese rap lyrics as training data. Experimen-
tal results show that, although output collapse
is observed in some cases, GRPO increases the
proportion of outputs that receive moderate or
high human ratings on rhyme-related criteria.

1 Introduction

Rap is a vocal style rooted in hip-hop culture in
which lyrics are delivered rhythmically over a mu-
sical beat. One of the most important elements of
rap is rhyme. Rhyming is a technique that creates
rhythmic and aesthetic effects by aligning phonetic
patterns across words or phrases. Rhyming con-
tributes not only to the musical appeal of rap but
also to its expressive power, making it a central
component of rap lyric composition. However, cre-
ating rap lyrics that satisfy rthyming constraints
while preserving coherent meaning is challenging
even for humans.

In recent years, rapid advances in large language
models (LLMs) have enabled fluent text generation
even for creative tasks that traditionally required
substantial human creativity, such as writing poems
or stories. This progress raises the possibility of
new forms of artistic expression through human—
LLM co-creation, including rap lyric generation.
However, generating text that includes rhymes re-
mains challenging. This is because rhyming de-
pends on phonological structures, which cannot be

directly observed from surface text alone, which is
used to train LLMs.

These challenges are particularly pronounced in
Japanese. Japanese uses a mixture of kanji and
kana, as seen in expressions containing characters
such as F=5 (bigaku; “Aesthetics”) and U H* <
(bigaku; “Aesthetics”), and many kanji have multi-
ple possible readings depending on context. As are-
sult, it is considerably more difficult for LLMs to in-
fer accurate phonological structures solely from sur-
face forms than English. Furthermore, the Agency
for Cultural Affairs in Japan has stated that gener-
ated content may constitute copyright infringement
if it is judged to be similar to existing copyrighted
works (Subcommittee on Legal Systems, 2024).
These issues motivate the development of learning
methods that improve rhyming ability in Japanese
without relying on existing artists’ lyric corpora.

In this paper, we propose a reinforcement
learning approach for improving rhyming abil-
ity in Japanese rap lyric generation. Specifi-
cally, we apply Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024), a reinforcement
learning method that computes rewards for multi-
ple outputs generated from the same prompt and
updates the policy based on their relative compar-
isons. To the best of our knowledge, prior rhyme-
aware lyric generation methods have largely re-
lied on lyric corpora, retrieval-based constraints, or
post-processing (Potash et al., 2015; Malmi et al.,
2016; Manjavacas et al., 2019; Nikolov et al., 2020;
Xue et al., 2021). In contrast, this study employs
reinforcement learning with an explicit rhyme re-
ward to improve rhyming ability in Japanese rap
lyric generation, while avoiding the use of existing
artists’ lyric corpora for training under copyright-
conscious data constraints. Because GRPO does
not require preference data or a separately trained
reward model, it provides a simple framework for
improving text generation under phonological con-
straints. An overview of the proposed method is
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shown in Figure 1.

2 Related Work

This section reviews reinforcement-learning meth-
ods for LLMs, prior work on lyric generation with
rhymes, and challenges in modeling Japanese read-
ings with LLMs.

2.1 Reinforcement Learning for LLMs

Several reinforcement learning methods have been
proposed for aligning large language models
(LLMs), including PPO (Proximal Policy Opti-
mization) (Schulman et al., 2017) and DPO (Direct
Preference Optimization) (Rafailov et al., 2023).
PPO optimizes the model using rewards predicted
by a separately trained reward model, typically
learned from human preference datasets. While
this framework has been widely used in RLHF
(Reinforcement Learning from Human Feedback)
pipelines (Christiano et al., 2017), it requires an
additional reward modeling stage and large-scale
human preference annotations.

DPO, in contrast, learns directly from preference
pairs without explicitly training a reward model.
Although this simplifies the training pipeline, it still
relies on curated preference datasets that indicate
which outputs are preferred.

In our setting, constructing reliable preference
data for Japanese rap lyrics is costly and difficult.
This challenge becomes even more pronounced
because we avoid using existing rap lyrics as train-
ing data due to copyright considerations. DPO
is therefore difficult to apply directly as an initial
training method. Similarly, standard RLHF-style
PPO pipelines often require a separately trained re-
ward model or substantial human feedback. These
requirements make preference-based or reward-
model-based training less suitable for our initial
setting.

More recently, GRPO (Group Relative Policy
Optimization), introduced in DeepSeekMath (Shao
et al., 2024), has been proposed as an alternative
reinforcement learning method. Instead of opti-
mizing against a separately trained reward model,
GRPO evaluates multiple outputs generated for the
same input and updates the policy based on their
relative rankings. This approach removes the need
for a reward model and allows the training signal
to be computed directly from explicit scoring func-
tions.

In our task, the objective is to improve rthyme
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generation in Japanese rap lyrics under phonolog-
ical constraints. The quality of generated lyrics
can be evaluated using explicit reward functions
based on rhyme similarity, repetition penalties, and
structural validity.

This property is particularly useful for our task
because rhyme quality can be evaluated for each
generated candidate without collecting pairwise hu-
man preferences. Given a single theme, the model
can generate multiple two-bar candidates, and these
candidates can be compared using the same explicit
rhyme-related reward function.

For these reasons, we adopt GRPO in this study
as a practical first step for optimizing Japanese rap
lyric generation with explicit phonological rewards.
GRPO allows us to optimize the model directly
using rthyme-related rewards while leveraging rela-
tive comparisons among multiple outputs generated
from the same input. This choice does not assume
that GRPO is more stable than preference-based
methods such as DPO; rather, it reflects the absence
of reliable preference pairs in our current setting.
As discussed in Section 5, using reward-scored can-
didates to construct preference data for methods
such as DPO is an important direction for future
work.

2.2 Lyric Generation with Rhymes

A wide range of methods for generating rhymed
lyrics has been proposed, particularly for English.
Potash et al. (2015) proposed GhostWriter, an
LSTM-based model that mimics the style of spe-
cific artists. From an information-retrieval perspec-
tive, Malmi et al. (2016) proposed DopeLearning,
which combines RankSVM and deep neural net-
works to select the next line that maximizes rhyme
density from candidate lyrics. To impose structural
constraints with generative models, Manjavacas
et al. (2019) proposed learning formal constraints
for poetry and rap using hierarchical LSTMs and
conditional templates. Transformer-based methods
include Rapformer by Nikolov et al. (2020) and
DeepRapper by Xue et al. (2021). Rapformer pro-
motes rhyming by post-editing generated endings
to match vowel sequences, whereas DeepRapper
constructs a large-scale dataset aligned with beats
and improves end-rhyme consistency by generating
lyrics in reverse order while explicitly modeling
rhythmic structure with [BEAT] tokens.

For interactive rap generation (rap battles), Wu
and Addanki (2015) used TRAAM (Transduction
Recursive Auto-Associative Memory), a type of
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Figure 1: Overview of the proposed method.

recursive neural network, to generate responses
to an opponent’s lyrics. Savery et al. (2020) also
demonstrated real-time improvisational responses
in a robot-based dialogue system using phoneme
embeddings.

For Japanese lyric generation, Oda et al. (2025)
proposed a method that learns the output format
without supervised lyric data via structure-aware
training (Ormazabal et al., 2022) and controls
rhyming through vowel specification. Our method
shares with Oda et al. (2025) the policy of avoiding
training on existing lyrics. However, our method
differs in that it does not require specifying target
vowels for rhyming.

Mibayashi et al. (2024) proposed a response
verse generation method for rap battles using
BERT2BERT (Rothe et al., 2020). In their method,
candidate thyming words are retrieved from a dic-
tionary based on vowel matching, and rap sentences
are generated in reverse order so that the selected
rhyming word appears at the end of the sentence.
In contrast, our method does not select rhyming
words from a dictionary but directly evaluates the
similarity of vowel sequences over a fixed suffix
length. This formulation enables the generation of
rhymes that span multiple words rather than being
limited to single-word matches. For example, iT
W i (chikai ude; “close arm”) and 2. % H (ima
miru me; “the eyes now looking”) form a multi-
word rhyme because their phrase-final vowel se-
quences align across word boundaries, even though
no individual word is reused.

Mibayashi et al. (2025) also proposed a method
for generating Japanese rhyme phrases using mora
similarity and generation probability. While these

studies generate rhymes through external mech-
anisms such as dictionary retrieval or phonolog-
ical control, our method instead encourages the
LLM itself to acquire thyming ability through rein-
forcement learning with a reward defined by vowel-
sequence similarity.

Overall, prior rthyme-aware lyric generation
methods have mainly relied on existing lyric cor-
pora, retrieval-based generation from candidate
lines or rhyme words, explicit phonological con-
trol such as target-vowel specification, or post-
processing to enforce rhyme constraints. While
these approaches are effective in their respective
settings, they do not directly optimize the gener-
ative model itself for rhyming under copyright-
conscious data constraints. The key distinction
of our work is that it directly optimizes the gen-
erative model for rhyme-aware behavior under a
setting where existing rap lyrics are not used for
training and external rhyme control is not required
at inference time. Specifically, our method does not
use rthyme dictionaries, target-vowel specification,
or post-editing during inference, but instead en-
courages rhyming through reinforcement learning
with an explicit reward based on vowel-sequence
similarity. This setting is particularly challeng-
ing in Japanese, where accurate reading prediction
remains difficult for LLMs, as discussed in Sec-
tion 2.3.

2.3 Challenges of Japanese Reading in LLMs

The Japanese language consists of three scripts: hi-
ragana, katakana, and kanji. In particular, kanji
characters possess polysemy, meaning their read-
ings change depending on the context. In the gen-
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eration of rap lyrics, it is essential for LLMs to
accurately grasp the “reading” (pronunciation) of
words to establish successful rhymes. However,
existing research has pointed out that the ability
of LLMs to understand Japanese readings is insuf-
ficient compared to their semantic understanding
capabilities.

Mibayashi et al. (2026) proposed YOMI-Bench,
a benchmark specialized for Japanese reading, and
evaluated tasks such as reading estimation and
rhyme selection. According to their report, in
the kanji reading estimation task, the accuracy for
words with multiple reading candidates (“Multi-
ple”) tends to be lower than that for words with
a unique reading (“Single”) across all evaluated
models. This suggests that LLMs struggle with
disambiguating readings based on context.

Furthermore, in the rhyme selection task, which
identifies rhyming relationships between words,
there is a significant disparity in performance
among models. While the latest commercial mod-
els such as claude-sonnet-4-5-20250929 and gpt-5
achieved high scores, gpt-40 remained at extremely
low scores of 0.5820 for kanji notation and 0.2580
for hiragana notation. Moreover, even for local
LLMs specialized in Japanese, the scores for this
task were generally low, indicating that they do
not accurately capture the phonological structure
of Japanese.

These findings demonstrate that a model’s in-
trinsic reading and phonological understanding
capabilities can be a bottleneck when generating
rhyming lyrics using LL.Ms. This supports the ne-
cessity of the explicit learning of forms and rhymes
through reinforcement learning, as proposed in this
study.

3 Construction of a Japanese Rap
Generation Model

In this study, we build a model that generates flu-
ent Japanese two-bar lyrics with end rhymes with-
out training on existing lyrics, using GRPO as a
reinforcement-learning algorithm. In rap, a bar is a
rhythmic unit roughly corresponding to one mea-
sure of lyrics. In this study, we operationalize a bar
as one generated lyric line and focus on end rhymes
between two generated bars, without explicitly
modeling beat-level timing. A well-known issue in
reinforcement learning is “cold start,” where model
outputs can become unstable early in training. To
mitigate this instability and adapt the model to a

specialized input/output format, we conduct con-
tinued pre-training on synthetic data before GRPO,
following the strategy used in DeepSeek-R1 (Guo
et al., 2025). An overview of the proposed method
is shown in Figure 1.

In what follows, we first define the input/output
format used for reward computation, and then de-
scribe the construction of synthetic data and con-
tinued pre-training. Finally, we present the reward
functions used to optimize rhyming and overall gen-
eration quality under GRPO. We use Sarashina2.2-
3b! as the base model. This model is primarily
trained using large-scale Japanese corpora and En-
glish corpora, making it a Japanese-specific pre-
trained model.

3.1 Input/Output Format

To compute rhyme quality as a reinforcement-
learning reward, we must reliably identify the bar
endings in the model’s output. We therefore use
the following structured input/output format.

Input:
<theme>T</theme>

Output:
<bar>Bji</bar><romaji>R;</romaji>
<bar>By</bar><romaji>R,</romaji>

Here, T' denotes the rap theme, B; the lyric text
of the i-th bar, and R; its pronunciation in Romaji.
To adapt the model to this output format, we per-
form continued pre-training prior to GRPO.

3.2 Continued Pre-training with Synthetic
Data

3.2.1 Construction of Synthetic Dataset

We construct synthetic end-rhyme data for contin-
ued pre-training using LLLM generation and pronun-
ciation analysis. Each training example consists
of two bars (B, Bo) with different themes, con-
structed so that the vowel/nasal sequences of the
final five moras match across the two bars. Because
(B1, By) are associated with different themes, co-
herence as a single set of lyrics is not required.
This design aims to (i) adapt the model to the in-
put/output format in Section 3.1 and (ii) mitigate
cold start.

In this subsection, we describe the generation
settings and the procedure for constructing and fil-

1https: //huggingface.co/sbintuitions/
sarashina2.2-3b
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tering rhyme pairs. First, we extracted theme candi-
dates from the nouns and verbs listed in JumanDic,
a morphological analysis dictionary,” and gener-
ated a single bar B for each theme 7" using Mistral-
Small-3.1-24B-Instruct-25033, yielding <theme, 1
bar> pairs. We used 5-shot prompting and gener-
ated multiple outputs with different shot combi-
nations. An example prompt is provided in Ap-
pendix A. After removing failures and empty out-
puts, we obtained 88,590 <theme, 1 bar> pairs.
Next, we analyzed pronunciations for each bar
B using the morphological analyzer MeCab (Kudo
et al., 2004) and converted them to Romaji. From
the resulting Romaji sequence, we extracted only
vowels and the moraic nasal {a,i,u,e,o,N} to
form a vowel/nasal sequence V(B). We then
grouped bars whose vowel/nasal sequences share
the same final five characters. When creating two-
bar pairs within each group, we introduced surface-
similarity-based selection to avoid trivial repetition
of the same ending expressions. Let A; and As
be the sets of characters appearing in the last five
characters of the surface strings of B; and Bs, re-
spectively. We compute the Jaccard index:

|A1ﬂA2|
J(Al,AQ) - m

Within each group, we greedily select pairs that
minimize J and remove bars once used in a pair
from further consideration. This yields 42,335 two-
bar pairs whose vowel/nasal sequences match in
the final five characters.

Finally, to eliminate pairs with strong surface
overlap, we retain only those with J < 0.2, result-
ing in 36,766 synthetic examples. We split the data
into training/validation sets at a 7:3 ratio. Inputs
are formatted as <theme>T7, T5</theme>, and out-
puts follow the format in Section 3.1 with two bars
corresponding to different themes. Examples are
shown in Table 1.

3.2.2 Continued Pre-training

We conducted continued pre-training of
Sarashina2.2-3b for three epochs using the
constructed dataset. The main hyperparameter
settings for continued pre-training and GRPO are
provided in Appendix B.

2https://github.com/ku—nlp/JumanDIC
3https://huggingface.co/mistralai/
Mistral-Small-3.1-24B-Instruct-2503

3.3 Training with GRPO
3.3.1 Reward Function Design

In this study, we design the scalar reward R in
GRPO to jointly evaluate (1) compliance with the
specified input/output format and the two-bar struc-
ture, (2) the degree of surface-level repetition, and
(3) end-rthyme quality based on vowel/nasal se-
quences. Specifically, we define the set of reward
components as

K = {format, num_bars, len_range,

len_balance, rhyme, penalty}.

The total reward is computed as

R=Y  wyr, (1)

where 7, denotes the component reward
and wy its weight. In our implementation,
we set wy = 1.0 for the four components
that validate the output form and structure
(rformaty Tnum_barss 'len_ranges rlen_balance)’ and
wg = 4.0 for the two components related to
thyming (7rhyme, "penalty), thereby emphasizing
rhyming relative to format validation.

The validity of the input/output format and
the two-bar structure is evaluated using the
following four criteria.  First, if the pattern
<bar>...</bar><romaji>...</romaji> matches
the format described in Section 3.1 exactly
(as determined by a regular expression), we
set Tformat = 1.0; otherwise, rformat = —1.0.
Second, if the number of segments enclosed by
<bar>...</bar> is two, we set rnym bars = 1.0;
otherwise, mum bars = —1.0, penalizing outputs
whose tag structure is valid but whose number
of bars is incorrect. Third, rather than using
surface length, we evaluate each bar by the
length L; of the vowel/nasal sequence derived
from its MeCab-based pronunciation, where
the sequence is represented in Romaji and
contains only {a,i,u,e,o0,N}; if all bars satisfy
Lyin < Lz < Lmax, we set Tlen_range — 1.0;
otherwise, Ten_range = —1.0. Finally, to discour-
age rhythmic imbalance between the two bars,
we compute the pronunciation-length difference
AL = |Ly — Lao|; if AL < ALpax, we set
Tlen_balance = 1.0; otherwise, Ten_palance = —1.0.
Together, these four components stably encourage
two-bar outputs that follow the specified format
and exhibit appropriate length and balance. In our
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Table 1: Examples of synthetic data used for continued pre-training (Pairs with Jaccard index J < 0.2)

Input (<theme>) Output (<bar>, <romaji>) J Suffix vowels
=% (aijou; “Affection”), <bar> — AOFRREIZE < THEL B2BEH 3 </bar> 0 aaaaa
R (kaikon; “Regret”) <romaji> futarinokyoriwatookutemokaNjiruatatakasa </romaji>

<bar> &HFSE - TH - J= 5 </bar>

<romaji> kookaisakidatteushinattatakara </romaji>
% AT & (yamitsuki; <bar> Z 12D M) WK AT E </bar> 0.111 aaiui

“Addictive”),
v — <2 (piiman; “Green

<romaji> kodawarigayamitsuki </romaji>
<bar> ¥ — 7> R L 5 =5 KEF & </bar>

Pepper”) <romaji> piimaNgaakakunattaradaisuki </romaji>
1K (joutai; “Upper <bar> % 7k - TiE e 42k </bar> 0 uuiai
Body”), <romaji> muneohattesusumumirai </romaji>

Bt (johou; “Division™)

<bar> )N TIN5 WIEEE =5 </bar>

<romaji> warikirenaisuujitachi </romaji>

implementation, we set Ly, = 8, Lpax = 16,
and AL = 4.

Next, we describe how we compute 7 pyme and
Tpenalty» Which evaluate end-rhyme quality and dis-
courage trivial repetition, respectively.

Rhyme Reward (rnyme) We evaluate rhyme
quality as end-rhyme similarity computed from
vowel/nasal sequences. For each bar, we extract
a pronunciation sequence using MeCab, convert
it from Katakana to Romaji, and denote it as R;.
From R;, we construct a sequence that retains only
vowels and the moraic nasal:

vV, = (UY)’Ug)’ . ,v(Li_)), Uj(,i) € {a,i,u,e,0,N}.

K3

We then focus on the suffix length k& =
min(Lq, Lo, 5). Given the two suffix sequences V
and VJ (both of length k), we compute a weighted
edit distance dgumx(V7, V3) that places larger em-
phasis on positions closer to the bar ending, and
normalize it by the maximum possible cost dyax:

1— dsuﬂix(Wa Vg)

Trthyme =
dmax

This edit distance assigns larger costs to insertions,
deletions, and substitutions near the end of the bar,
and the substitution cost reflects phonetic proxim-
ity between vowels. The detailed designs of inser-
tion/deletion and substitution costs are described
below.

Insertion/Deletion Let the vowel/nasal se-
quence length be L and the position be p €
{0,..., L — 1}. We define the base cost as

1 (p=0orp=L-1
Cins/del<p) = {3 ( )

(otherwise).

Figure 2: IPA Chart of Japanese Vowels.

We then apply a position-dependent weight that
emphasizes the end of the bar:

1\ ¢
w(p7L>a):<p_£> ) ()é:3,

and use the final insertion/deletion cost ¢ing(p) =
Cdel(P) = Cinsjdel(P) w(p, L, ).

Substitution Let the vowel set be V =
{a,1,u,e,0}. Based on the IPA chart of Japanese
vowels shown in Figure 2, we define a symmetric
5 x 5 substitution-cost matrix C"

0 3 5 2 4
3021 3
C=15 210 31
21 3 0 2
43120

For vowels v,,v, € V, the substitution cost is
Csub(Vp,vq) = Cpq. For substitutions between
the moraic nasal N and a vowel, we uniformly set
csub(N,v) = ceup(v,N) = 4. For substitutions
between characters other than vowels and the nasal,
we set couh (7, y) = 2. We multiply these substitu-
tion costs by the same position weight w(p, L, «)
as in insertion/deletion so that mismatches closer
to the bar ending contribute more strongly to dg,fix.
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If pronunciation extraction fails or the number of
bars is not two, we treat the output as invalid for
rhyming and return —1 in our implementation.

Suffix Similarity Penalty (r,cna1ty) To prevent
the model from obtaining a high r.1,yme by simply
repeating the same ending expression across bars,
we introduce a penalty based on surface similarity
at the bar endings. Let A; and A be the sets of
characters appearing in the final five characters
of the surface strings of By and Bs, respectively.
Using the Jaccard index J (A1, A2), we define

T'penalty = _J(Ala AQ)

This yields a larger negative reward when the two
bar endings are more similar, discouraging conver-
gence to trivial repetition.

3.3.2 Training Settings

We randomly sampled 8,921 words (approxi-
mately 40%) from the nouns and verbs in Ju-
manDic as themes and split them into train-
ing/validation/evaluation sets with a 7:2:1 ratio.
The split was performed at the theme level, so the
same theme did not appear across the training, vali-
dation, and evaluation splits. The 100 themes used
for human evaluation were randomly sampled from
the held-out evaluation split. We swept the learning
rate over three values—2 x 1076, 1 x 1079, and
5 x 1077. The remaining main hyperparameter
settings for GRPO are provided in Appendix B.

Learning Rate Sweep and Checkpoint Selection
With larger learning rates, the total reward some-
times increased temporarily; however, we also ob-
served output collapse during training or near con-
vergence, where the model degenerated into repeti-
tive generations largely independent of the prompt.
An example of collapse is shown below. It can be
observed that meaningless Roman character repeti-
tions like “toku” are being generated.

Input:
<theme>Burn</theme>

Output:
<bar>Honooodoruyorutobuyoru</bar>
<romaji>honooodo...kuyoroku</romaji>
<bar>Kogetokutokutokutokutoku</bar>
<romaji>kogeto...kutokoku</romaji>

Based on these observations, we did not select
checkpoints solely by total reward. Instead, we
selected checkpoints from ranges that satisfy the
following three criteria on validation outputs: (i)
minimal format collapse, (ii) no extreme reduction

in output diversity, and (iii) an increasing rhyme
reward. As a result, we selected Step 117 (0.3
epoch) with a learning rate of 5 x 10~7 and used it
for the evaluation in Section 4.

4 Evaluation

4.1 Human Evaluation Setup

We evaluate whether the proposed method im-
proves rhyme generation in Japanese rap lyrics us-
ing human evaluation. Three evaluators in their
twenties who regularly listen to Japanese rap as-
sessed the generated outputs.

As a baseline, we use the model before applying
GRPO (Base). For 100 themes randomly sampled
from the evaluation set, each model generated two-
bar lyrics that were evaluated by the annotators.

We focus on human evaluation rather than au-
tomatic metrics. Automatic rhyme evaluation can
be misleading because repeating the same phrase
allows the vowel sequences at the ends of the two
bars to match perfectly, which does not necessarily
reflect genuine rhyming ability. Human evaluation
therefore provides a more reliable assessment of
rhyming quality.

4.2 Evaluation Metrics

We use three evaluation criteria rated on a five-point
scale: (i) Rhyme length, (ii) Low Repetition, and
(iii) Unpredictability of rhyme.

Rhyme Length (1-5) This metric evaluates the
mora length of the rhyming segment at the end of
the bars (5: >5 moras, 4: 4 moras, 3: 2-3 moras, 2:
1 mora, 1: failed or collapsed output). If evaluators
judge that a rhyme is present even without perfect
vowel agreement, the shorter thyming segment be-
tween the two bars is used for scoring.

Low Repetition (1-5) This metric evaluates the
extent of surface repetition in the thyming segment
(5: none, 4: low, 3: medium, 2: high, 1: almost
identical). Outputs that receive a rhyme-length
score of 1 are regarded as unevaluable and assigned
1 for this metric.

Unpredictability of Rhyme (1-5) This metric
measures the creativity or unexpectedness of the
rhyme (5: highly unexpected, 2: very predictable).
Outputs with a rhyme-length score of 1 or repeti-
tion score of 1 are treated as failing to rhyme and
are assigned 1 for this metric.
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Table 2: Distribution of human evaluation scores by model. Scores are averaged over three annotators and grouped

into four ranges: [1,2), [2,3), [3,4), and [4,5].

Metric Model Mean [1.2) [2.3) [3.4) [4.5]
Base 2390 240 530 220 1.0

Rhyme Length GRPO 2380 27.0 460 240 3.0
Low Renetition Base 2957 160 370 13.0 340
W Repetitio GRPO 3073 220 140 270 370
- Base  2.083 330 580 90 00
Unpredictability of Rhyme — ~p by 5177 350 430 210 1.0

Table 3: Examples of model outputs by the proposed method (with English translation).

Theme Output B; Output B> Trhyme
P 5 (Wakaseru; BV S Fass NSRS 1.000
“To Boil”) Atsui hadou wakiagaru Kokoro ni hi wo takihanatsu

(En. Hot waves surging up) (En. Ignite a fire in the heart)
L5 CAREED T Fhh Hor Ol z ik A0 1.000
(Oshitooseru; “To Push  Donna kabe mo buchiyabure Jibun no michi wo fumihazuse
Through”) (En. Break through any wall) (En. Stray from your own path)
Xy 7 Kb h 7 IRAE Ny RISZUT= D ta 0.938
(Gikkurigoshi; Karada ga ugokanai zyoutai Beddo ni kobitari tai
“Strained Back™) (En. State where the body won’t move) (En. untranslatable due to corrupted output)
{LEH (Hanashoubu;  fEE IR\ T EK 72 Frcm<Zo Xk 0.224

“Iris”) Hanashoubu saite natsu kita No ni saku yume no iro yo
(En. Irises blooming, summer has come) (En. Colors of a dream blooming in the
field)
4.3 Quantitative Results outputs generated after GRPO showed collapse

Table 2 shows the distributions of human evalua-
tion scores before and after GRPO. For reference,
boxplots of the same human evaluation scores are
provided in Appendix C.

For Rhyme Length, both the lower score range
[1,2) and the higher score ranges [3,4) and [4,5]
became more frequent after GRPO, whereas the
middle range [2,3) became less frequent. Specifi-
cally, the proportion in [1,2) increased from 24.0%
to 27.0%, while the proportion in [3,4) or [4,5]
increased from 23.0% to 27.0%.

At the same time, the proportion of outputs rated
3 or higher increased for all three metrics. For Low
Repetition, the proportion increased from 47.0%
to 64.0%. For Unpredictability of Rhyme, it in-
creased from 9.0% to 22.0%. These results suggest
that, although mean-score improvements remain
limited, GRPO increases the frequency of outputs
that receive at least moderately positive ratings on
rhyme-related criteria.

We define output collapse as a severe genera-
tion failure, including violation of the required tag
format, semantically invalid Japanese, excessive
mixing of meaningless Romaji or Latin tokens into
the lyric text, or repetitive meaningless token se-
quences. Among the 100 evaluated outputs, 17

phenomena, whereas only two such outputs were
observed before GRPO.

Overall, these results are better characterized as
a change in the quality distribution rather than a
uniform improvement in average quality. GRPO
increases the proportion of moderately or highly
rated outputs on rhyme-related criteria, but it also
increases the number of collapsed outputs. This
suggests that GRPO can make rhyme-aware gener-
ation more likely in some cases while also making
generation less stable.

4.4 Qualitative Analysis

Table 3 presents representative outputs generated
by the GRPO-trained model on the evaluation set,
including examples with high and low rhyme re-
ward (71hyme)-

In high-reward examples such as ¥ h> & %
(Wakaseru; “To Boil”) and i L 18+ % (Oshi-
tooseru; “To Push Through”), the final five moras
of the two bars form clear end rhymes. The
rhyming spans also extend across multiple words,
suggesting that the model can generate non-trivial
multi-word rhymes rather than relying on simple
lexical repetition.

By contrast, a low-reward example such as 1t
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Ei#i (Hanashoubu; “Iris”) shows weaker corre-
spondence at the ends of the two bars, making the
end rhyme less salient. This is consistent with the
quantitative results, in which many outputs still
remained below a score of 3 after GRPO.

A high rhyme reward, however, does not neces-
sarily imply that the overall output is well-formed.
In the ¥ v 7 ') B (Gikkurigoshi; “Strained
Back”) example, the model produces a relatively
high-scoring rhyme, but the Romaji output contains
corrupted tokens, indicating output collapse.

Overall, these examples suggest that GRPO en-
courages stronger and sometimes multi-word end
rhymes, but does not yet fully stabilize the overall
generation quality.

5 Conclusion

This paper proposed a method for training a
Japanese rap lyric generation model using GRPO
with a reward function that evaluates end rhymes
without relying on existing rap lyric corpora. Hu-
man evaluation showed that, although average
score improvements were limited, GRPO increased
the proportion of outputs receiving scores of 3 or
higher on rhyme-related criteria. At the same time,
low-scoring outputs and several forms of output
collapse also increased, indicating that training sta-
bility remains a major challenge.

In future work, the trained model can be used to
generate a large number of candidate lyrics that can
be automatically scored by the reward function, en-
abling the relatively efficient construction of scored
or preference datasets. Using such data, we plan to
investigate whether training with methods such as
PPO or DPO can improve training stability while
preserving the gains in rhyme-related behavior.

Finally, previous studies have noted that
Japanese rap rhyming often relies not only on
vowel matches but also on phonetically similar
consonants (Kawahara, 2007). In future work, we
will explore extending the reward design to incor-
porate consonant similarity in addition to vowel-
based rhyme evaluation, with the aim of capturing
a broader range of rhyming phenomena found in
natural Japanese rap lyrics.

Limitations

This study has several limitations.

First, training stability remains a challenge. As
discussed in Section 5, GRPO improves some
rhyme-related behaviors but also increases output

collapse, indicating that the proposed method does
not yet stably improve generation quality.

Second, the current reward function evaluates
rhyme quality only through vowel and moraic-nasal
similarity. As a result, it does not capture other
important rhyme patterns in Japanese rap, such as
rhymes involving phonetically similar consonants.

Third, pronunciation extraction for reward
computation depends heavily on MeCab. Be-
cause Japanese kanji often have multiple context-
dependent readings and rap lyrics may include
slang or other creative expressions, this dependence
may become a bottleneck for learning accurate
phonological behavior.

Fourth, the current reward design does not di-
rectly capture lyrical interestingness, such as cre-
ativity, difficulty, or the unexpectedness of a rhyme.

Fifth, this study evaluates the proposed method
only with Sarashina2.2-3B. Therefore, it remains
unclear whether the same trends would hold for
other Japanese LLMs or larger models with differ-
ent capabilities of Japanese reading and phonology.

Finally, the current setting is restricted to struc-
tured two-bar generation, and it remains unclear
whether the same approach would be effective for
longer verses or full-song generation.
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A Example Prompt for Synthetic Data
Generation

For synthetic <theme, 1 bar> generation, we used
5-shot prompts constructed from a pool of 50 man-
ually written theme—lyric pairs created by the first
author. Five examples were randomly sampled for
each generation trial. Below we show one example
prompt for the theme & X\iH (aikidou; “Aikido™).

Original Japanese prompt:
GREZE T —7ICHERET v T oW
ZUNIEZEWTLSEI W, UNfioE 2
IX10~205 BEEICIND T 23w, 72720
Pl =2 <RI @Gl claeoT
FEALIMI B ER L T 23w,
%52 9. fll: AJ): Oz T—<IC
HARES v 7odGlZ VNMIEWTC S
W, 71 G SGeI s TlET T,
fl2: AJ1ME T —<ICHERES v 7o
7 UNNIEWT 3w, W BGl: E
TCICIEEWTS Y 3 =52, 3 AJ3 i
ZT—VICHEKEE S v 7 odG = VNI
WL Eaw, 17 3G RIcmhn T
RA Tz, 4 AT TAUNZE T—<IC
HAGE S v 7odfal z UNMIE W22
Wy, i HG: RUEBE A THIR T,
fl5: ATy BEfEZE T —<ICHERE T v 7
OFGAZ UNIEWT L 23w, ) 3Gl
B LT =5 THWHEENR, TIIZok
FNICERQIEZ T —ICHAKIES v 7o
ZUNIF LT 230,

English translation:

Please write one bar of Japanese rap lyrics on the
theme of Aikido. Keep the length of the bar to
about 10-20 morae. When writing the lyrics, you
must begin with “Lyrics:” and generate nothing
except the lyrics. We provide examples below.

Example 1: Input: Please write one bar of
Japanese rap lyrics on the theme of argument.
Output: Lyrics: If someone argues back, I just say
it was a joke.

Example 2: Input: Please write one bar of
Japanese rap lyrics on the theme of shoes. Output:
Lyrics: On my feet, I am wearing Jordans.

Example 3: Input: Please write one bar of
Japanese rap lyrics on the theme of paper. Output:
Lyrics: Blown by the wind, it flew away.

Example 4: Input: Please write one bar of
Japanese rap lyrics on the theme of unexpect-
edness. Output: Lyrics: Of course, there is no
predetermined correct answer.

Example 5: Input: Please write one bar of
Japanese rap lyrics on the theme of vocabulary
notebook. Output: Lyrics: That vocabulary note-
book does not include “surrender.”

Now, in the same manner, please write one bar of
Japanese rap lyrics on the theme of Aikido.
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B Hyperparameter Settings

Table 4 summarizes the main hyperparameter set-
tings used for continued pre-training and GRPO.

C Boxplots of Human Evaluation Scores

Figure 3 shows boxplots of the human evaluation
scores before and after GRPO for the three evalua-
tion metrics.



Table 4: Hyperparameters for Continued Pre-training and GRPO

Continued Pre-training GRPO
Item Setting Item Setting
Distributed learning Data parallel (8 GPU) Distributed learning Data parallel (8 GPU)
Batch size 2/ GPU (global 16) Batch size 2 / GPU (global 16)
Gradient accumulation 1 Gradient accumulation 1
Epochs 3 Epochs 3
Optimizer AdamW (Loshchilov and | Rollout samples n 4
Hutter, 2019)
Learning rate 2.0x107° Rollout temperature 0.9
Weight decay 1.0 x 1073 PPO mini-batch 16
Adam (1, B2 0.9, 0.999 KL coef 0.001
Adam € 1.0 x 1078 Entropy coeff 0
Warmup ratio 0.03 - -
Rhyme Length Degree of Repetition Unpredictability of Rhyme
—_ s
Base GRPO Base GRPO Base GRPO

Figure 3: Boxplots of human evaluation scores before and after GRPO for the three evaluation metrics.
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