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Abstract
Instruction following, the ability to generate text that aligns with human intent, is a core capability of large language
models (LLMs) for real-world applications. Instruction tuning is widely used to obtain this capability, but it requires large
amounts of annotated data. To reduce the labor and cost of large-scale annotation, data augmentation using LLMs
has been proposed as a promising approach. As this approach has primarily been applied to English datasets, its
effectiveness in other languages, such as Japanese, remains unclear. In this paper, we propose an automatic pipeline
for generating instruction and preference datasets in Japanese. The instruction dataset is created by expanding a
manually annotated dataset using an LLM. The preference dataset is then constructed by adding LLM-generated
negative examples to the instruction dataset. To ensure the quality of the datasets, instructions and responses are
evaluated using LLM-as-a-Judge and ROUGE-L. Experimental results using supervised fine-tuning and direct pref-
erence optimization demonstrate that these synthetic datasets improve the instruction-following capability in Japanese.

Keywords: Instruction Following, Self-Instruct, Instruction Tuning, Data Augmentation

1. Introduction

Large language models (LLMs) achieved strong
performance across a range of NLP tasks (Brown
et al., 2020; Touvron et al., 2023). This progress
leads to the development of chat-based applica-
tions. A key requirement for this application is the
zero-shot instruction-following, which generates re-
sponses aligned with the user’s intent (Zhou et al.,
2023; Dussolle et al., 2025).

To generate such responses, large-scale instruc-
tion and preference datasets are essential for train-
ing LLMs. Most existing datasets are created pri-
marily in English (Taori et al., 2023; Mishra et al.,
2022; Wang et al., 2022), and the construction of
such datasets is labor-intensive and costly. As a
result, it is difficult to develop high-quality datasets
for non-English languages.

To alleviate the burden of annotation, data aug-
mentation using LLMs has emerged as a promis-
ing approach (Lou et al., 2023; Honovich et al.,
2023; Koksal et al., 2024; Xu et al., 2024). These
methods expand manually created datasets using
LLMs. Such approaches have been applied not
only to instruction datasets but also preference
datasets (Huang et al., 2023; Lee and Han, 2025).
LLMs trained on the generated dataset show strong
performance on various benchmarks. However,
most datasets are generated in English. Instruction
following is inherently subject to language-specific
constraints; for instance, Japanese instructions
specify script-based requirements, such as restrict-
ing or requiring the use of kanji. It therefore re-
mains unclear whether these approaches can han-
dle language-specific constraints that arise in non-

English languages.

Although prior research proposes methods of
generating instruction datasets in Japanese (Sun
et al., 2024; Omura et al., 2024), there are still
several gaps in dataset construction and evaluation.
The previous approach (Sun et al., 2024) generates
only instruction datasets, leaving the effectiveness
of synthetic preference dataset unexplored. For the
evaluation, it relies solely on LLM-based scoring.
Therefore, the effectiveness of fine-tuning LLMs on
these datasets remains unclear.

In this paper, we propose an automatic gener-
ation pipeline for the instruction and preference
datasets. Our generation process begins with a
human-created seed dataset. This seed dataset is
constructed using instruction constraint categories
defined in this paper. An LLM generates new in-
structions based on the instructions and constraint
categories in the seed dataset. Generated instruc-
tions are filtered based on the evaluation scores of
LLM-as-a-Judge (Zheng et al., 2023) and ROUGE-
L (Lin, 2004). For each retained instruction, a cor-
responding response is generated and validated
using LLM-as-a-Judge. To construct the prefer-
ence dataset, we treat the validated response in
the instruction dataset as the chosen response.
The LLM then generates a rejected response for
each instruction. Finally, the resulting preference
pairs are filtered using LLM-as-a-Judge to ensure
their overall quality. Table 1 presents examples of
filtered and retained instruction-response pairs of
instruction dataset.

We evaluated the effectiveness of our instruc-
tion and preference datasets by training various
LLMs using supervised fine-tuning (SFT) and di-
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Constraint Category \ Reference Input

\ Generated Instruction

\ Generated Response

L— 3 V—RORKK
DA YN—EEHRE
ETEATFSI,
(Please list the members
of the Moomin family in
a bulleted list.)

Character>Punctuation

L—3I VY —RORK
DAY R—%, BFR
(A=) ZFE>7TH
FELTLESW,

(Please list the members
of the Moomin family,
separated by commas.)

L—3I Y,
L—IVTV,
NS VAVAN
Anufunfa
(Moomin,
Moomin mother.
Moomin father,
sunufunfa)

KEOREY ICITHE

FHY Egi?dhhid

HEjE RERDBEHA

T, EIEIX400FLLIAT,
(Does Mars have any moons?
If so, please tell me their
names and English spelling.
Please keep the answer under
400 characters.)

Format> Table>csv

KEDEHEDE

|AECSVEA T

BATLIEEIWY,

HEDERI & RER
BEEGHTLRIL,

(Please provide information

about the moons of Mars in

CSV format. Include the name

and English spelling of each satellite.)

"EER"REERD"
"7 # R R","Phobos"
"5 A £2R","Deimos"
(“satellite name",
“English spelling")

Table 1: Examples of kept and removed synthetic instruction-answer pairs of instruction dataset. The
constraint category column indicates the constraint category which converted instruction should have.
The above pair is removed because the answer does not satisfy the specified constraint and Japanese is
collapse. The blue sentence shows the collapse part of Japanese. Red sentence in the instruction shows

the specified constraint in the prompt.

rect preference optimization (DPO) (Rafailov et al.,
2023). The experimental results show that syn-
thetic instruction and preference datasets improve
instruction-following ability in both English and
Japanese. In addition, the performance on other
benchmark tasks also improves. We analyzed the
impact of our synthetic instruction dataset This
analysis demonstrates that our synthetic dataset
contributes to improving instruction-following ability.
Overall, these results indicate that our dataset is
effective not only for instruction-following but also
for other downstream tasks.'

Our contributions are summarized as follows:

» We propose a method for generating instruc-
tion and preference datasets designed to im-
prove the instruction-following performance of
LLMs. To ensure the quality, the datasets are
filtered by ROUGE-L and LLM-as-a-Judge.

* We fine-tune several LLMs using SFT and
DPO with our synthetic datasets. The models
are evaluated not only on instruction-following,
but also on eleven NLP tasks.

» Experimental results demonstrate that our
datasets improve the instruction-following per-
formance, particularly in Japanese. Further-
more, the fine-tuned models show improved
performance on other downstream tasks.

'Please check the following URL for the gener-
ated instruction and preference dataset. https://
huggingface.co/datasets/1l1lm-jp/synth-if.

2. Related Work

Instruction following is a core capability of LLMs
for real-world applications, where the model gener-
ates responses that follow specified constraints in
the instruction. Various datasets were constructed
to develop and evaluate this ability (Mishra et al.,
2022; Wang et al., 2022; Zhou et al., 2023; Dus;
He et al., 2024; Xia et al., 2024; Wen et al., 2024;
Ye et al., 2025). The construction of such datasets
requires free-form annotation, which must account
for the constraints. This process is therefore time-
consuming and labor-intensive.

To reduce the burden and cost of annotation,
data augmentation by LLMs has been proposed.
Several studies construct instruction datasets by
expanding human-created instructions (Xu et al.,
2024; Lou et al., 2023; Honovich et al., 2023; Yin
et al., 2023; Sun et al., 2024; Schick and Schiitze,
2021; Koksal et al., 2024). LLMs trained on these
synthetic datasets demonstrate improvements in
various abilities, such as classification (Li et al.,
2023), conversation (Xu et al., 2023), question an-
swering (Schmidt et al., 2024), and commonsense
reasoning (Yang et al., 2020). Self-instruct (Wang
et al.,, 2023) improves performance on the SU-
PERNI benchmark (Wang et al., 2022) in a zero-
shot setting. The effectiveness of the synthetic
preference dataset is also shown (Lee and Han,
2025; Huang et al., 2023). AutoPM (Huang et al.,
2023) demonstrates that the LLM can be aligned
using the synthetic preference dataset in helpful-
honest-harmless criteria. In addition to generating
training datasets, LLMs have been used to gener-
ate benchmark datasets (Ye et al., 2025; Pan et al.,
2023; Qin et al., 2024). ComplexBench (Wen et al.,
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2024) proposes a method that used LLMs not only
for dataset generation but also for evaluation. This
method shows a better pairwise comparison rate
with humans.

Most existing work is conducted in English; there-
fore, the effectiveness in non-English languages re-
mains unclear. In Japanese, the existing work eval-
uates the effectiveness of synthetic datasets (Sun
et al., 2024; Omura et al., 2024). However, their
evaluation of trained LLMs is limited to LLM-based
scoring and pairwise comparisons. In contrast to
this prior work, we evaluate fine-tuned LLMs using
various benchmark datasets. Furthermore, we eval-
uate the effectiveness of our synthetic preference
dataset.

3. Method
3.1.

Our proposed method generates synthetic instruc-
tion and preference datasets using LLMs. Fig.1
presents the overall generation pipeline.

First, an LLM generates an instruction dataset
based on human-created seed instructions. To gen-
erate new instructions, the LLM is provided with pre-
defined instruction-constraint categories and their
descriptions. The newly generated instructions are
filtered for quality and diversity based on ROUGE-
L (Lin, 2004) and LLM-as-a-Judge (Zheng et al.,
2023) scores. For each instruction that passes the
filtering stage, the LLM generates a correspond-
ing response. The resulting instruction-response
pairs are then evaluated by LLM-as-a-Judge. We
treat the remaining instruction-response pairs as
the instruction dataset.

The preference dataset is constructed from the
generated instruction dataset. Instructions and
their responses from the instruction dataset serve
as the instructions and chosen responses in the
preference dataset, respectively. The LLM gener-
ates rejected responses, and LLM-as-a-Judge fil-
ters them. The filtered instruction-chosen-rejected
triples are used as the preference dataset.

Overview of Generation Pipeline

3.2. Generation of Synthetic Instruction
Dataset

We use two strategies for instruction generation.

Add Constraint The LLM introduces a new con-
straint into a given instruction. We refer to this
strategy as Add.

Rewrite Instruction The LLM rewrites a given in-
struction to satisfy a specified constraint cate-
gory. We refer to this strategy as Rewrite.

We design a base prompt for each strategy. The
prompt for instruction generation is constructed by

appending the following components to the base
prompt: an instruction from the seed dataset, a con-
straint category, and its corresponding description.

To ensure the quality of the synthetic instructions,
a filtering step is applied using ROUGE-L and LLM-
as-a-Judge. This process discards an instruction if
its ROUGE-L score exceeds a specified threshold
or if the LLM-as-a-Judge score falls below a pre-
defined threshold. ROUGE-L measures similarity
to promote the diversity of synthetic instructions.
The similarity of each newly generated instruction
is computed against two references: (i) the instruc-
tions that have already passed the filtering (ran-
domly sampled when the set is large), and (ii) a
seed instruction included in the prompt.

LLM-as-a-Judge evaluates the semantic quality
of synthetic instructions. The following metrics are
used for evaluation:

Relevance This metric evaluates the relevance of
the generated instruction to the specified con-
straint category.

Fluency This metric evaluates the linguistic flu-
ency and grammatical correctness of the in-
struction in the target language.

Verbosity This metric evaluates whether the in-
struction is concise, avoids redundant expres-
sions, and constitutes a complete instruction.

The evaluations are made on a 5-point Likert scale
(1 indicates the lowest and 5 indicates the highest).
The prompt includes few-shot examples.

For each instruction that passes the filtering
stage, the LLM generates a corresponding re-
sponse. The responses are evaluated using LLM-
as-a-Judge and with the following metrics:

Adherence This metric evaluates whether the re-
sponse adheres to all constraints specified in
the instruction.

Fluency This metric evaluates the linguistic flu-
ency and grammatical correctness of the re-
sponse.

Verbosity This metric assesses whether the re-
sponse is concise and free of redundant con-
tent.

Completeness This metric assesses whether the
instruction-response pair is accurate and com-
plete.

The rating scale and filtering criteria are the
same as those used for the instruction evaluation.
Instruction-response pairs that pass this filtering
are used as the synthetic instruction dataset.
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Figure 1: Overview of the our generation pipeline. Above square shows the process of the generation of
the instruction dataset. The generation of the preference dataset is presented in below.

3.3. Generation of Synthetic Preference
Dataset

We construct the synthetic preference dataset
from the synthetic instruction dataset. The in-
struction and response are used as the instruction
and chosen response in the synthetic preference
dataset, respectively. The corresponding rejected
responses are generated by the LLM.

We define two types of rejected responses based
on two aspects of instruction violation. Each type
is named after the instruction aspect that the re-
sponse addresses.

Content Aresponse of this type is content-relevant
to the instruction but fails to adhere to the re-
quired output format.

Format A response of this type adheres to the
specified format of the instruction, but its con-
tent is irrelevant to the instruction.

To generate each type, the LLM receives an in-
struction, examples of rejected responses, and their
corresponding explanations. It then generates a
rejected response.

The generated rejected responses are then eval-
uated by LLM-as-a-Judge on a 5-point Likert scale
(1 indicates the lowest score and 5 means the high-
est). The evaluation is based on the following two
criteria:

Adherence This metric evaluates whether the re-
jected response correctly reflects its intended

violation type. For the Content type, the re-
sponse should be topically relevant to the in-
struction but fail to follow the required output
format. For the Format type, the response
should adhere to the specified format while
containing content that is irrelevant.

Fluency This metric evaluates the linguistic flu-
ency and grammatical correctness of the re-
jected response.

The filtering criteria are the same as those used for
instruction filtering.

4. Experiment

4.1. Details of the Dataset Generation

We use the ichikara-instruction-format dataset as
the seed dataset for instruction generation. This
dataset is an extension of the ichikara-instruction
dataset (Sekine et al., 2024). To add constraints
to instructions in ichikara-instruction, we defined
an instruction-constraint category. The constraint
categories and their corresponding descriptions
used in the experiments are listed in Appendix A.
We utilize Qwen2.5-32B-Instruct? (Qwen et al.,
2025) for the dataset generation and LLM-as-a-
Judge. The maximum generation length is set to

21'1ttps ://huggingface.co/Qwen/Qwen2.
5-32B-Instruct
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Figure 2: Similarity distribution of instructions ob-
tained from 10,000 pairs in our synthetic dataset.

512 tokens for LLM-as-a-Judge and dataset gen-
eration. The temperature is set to 0.8 for dataset
generation, and to 0.1 for the LLM-as-a-Judge. For
all other hyperparameters, we use the default pa-
rameters of vLLM library (Kwon et al., 2023).

In the LLM-as-a-Judge filtering, a threshold score
is set to 3 (on a 5-point Likert scale) for all filter-
ing settings. Additionally, the ROUGE-L similarity
threshold is set to 0.7.

4.2. Details of Synthetic Datasets

Table 1 shows examples of instruction-response
pairs: removed and retained one. In both examples,
LLM rewrote instructions to include a specified con-
straint. An instruction in the first row converted the
reference instruction to the comma-separated list.
However, the response was filtered out because it
contains the unnatural Japanese word “Anufunfa”.
In the second example, LLM converted the instruc-
tion to include the csv format constraint for its out-
put. The response was retained because it satis-
fied instruction constraint and was correct. Table 2
presents the dataset size, mean, standard devia-
tion (std), and median token length of the generated
instruction and preference datasets.

To visualize the diversity of the generated instruc-
tions, we plot the similarity distributions of seed and
synthetic instructions in Fig.2. We sampled 10,000
instructions and measured pairwise similarity us-
ing BERTScore (Zhang et al., 2020). Fig.2 shows
that the distribution is similar across datasets. The
mean similarity is 0.639 for the seed dataset, 0.640
for the Add dataset, and 0.627 for the Rewrite
dataset. These results indicate that the diversity of
synthetic instructions is comparable to that of the
seed dataset.

4.3. Instruction-Tuning Dataset and

Models

We fine-tuned several LLMs to evaluate the effec-
tiveness of synthetic instruction and preference
datasets. We utilized Llama3.2-1B3, Qwen2.5-
1.5B4, lim-jp-3-1.8B°® and lim-jp-3-13B° for the SFT
experiment. The following datasets are additionally
used for SFT.

« AnswerCarefully (Suzuki et al., 2025)
« ichikara-instruction (Sekine et al., 2024)

« ichikara-instruction-format

random-to-fixed-multiturn-
Calm3 (Hatakeyama, 2024b)

wizardim8x22b-logical-math-coding-sft-ja’

Daring-Anteater (Wang et al., 2024)

* AutoMultiTurnByCalm3-22B  (Hatakeyama,
2024a)
For the preference dataset, we applied

DPO (Rafailov et al.,, 2023) only to models
in the lim-jp-3 series. Hyperparameters of SFT
and DPO are provided in Appendix C.

In all experiments, we refer to base as the pre-
trained model before fine-tuning. SFT refers to
the model trained with SFT using only the datasets
described above. SFT+Synth is a fine-tuned model
using SFT on the datasets described above and our
synthetic instruction dataset. SFT+Synth+DPO is
obtained by applying DPO to the SFT+Synth model
using our synthetic preference dataset.

4.4. Baseline Models

We use multilingual and Japanese LLMs as base-
lines. For multilingual models, we select instruction-
tuned Qwen2.5 (Qwen et al., 2025) models with
7B and 14B and Llama3.2 (Touvron et al., 2023)
models with 3B parameters. For the Japanese
LLMs, we use OpenCalm3-22B (Ishigami, 2024),
and the 13B base and 1B instruction-tuned versions
of Sarashina.

Shttps://huggingface.co/meta—1lama/
Llama—-3.2-1B

4https://huggingface.co/Qwen/Qwen2.571.
5B

5https://huggingface.co/llm—jp/
1lm-jp-3-1.8b

bhttps://huggingface.co/1llm-jp/
11lm-3p-3-13b

"https://huggingface.co/
datasets/kanhatakeyama/
wizardlm8x22b-logical-math-coding-sft-ja
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Dataset Type Data Size Category Mean Std Median
Instruction 116.04 214.19  58.00
Seed - 332 pnswer 16361 157.33 117.50
Instruction  62.60 63.82 43.00
_ Add 11,068 answer 9723 9978 59.00
Instruction
. Instruction 107.19 82.45 81.00
Rewrite 13,123 A jcwer 11257 102.77  79.00
Instruction  77.45 63.71 58.00
Content 409 Chosen 100.34 96.13 67.00
Rejected 76.73 8498 47.00
Preference
Instruction  85.55 76.02 60.00
Format 18,907 Chosen 100.34 96.13 67.00
Rejected 108.59 86.39 85.00

Table 2: Summary of data size and token length in Seed, Instruction and Preference datasets.

4.5. Evaluation Metrics and Datasets

We evaluate the models using lim-jp-eval®. The
details of the evaluation tasks are described below.

Instruction Following (IF) Instruction following
assesses an LLM’s ability to follow human
instruction. We use Japanese and English
datasets from M-IFEval (Dussolle et al., 2025).

Commonsense Reasoning (CR) This task eval-
uates the commonsense reasoning abil-
ity of LLMs. We use JCommonsense-
Morality (Takeshita et al., 2023), JCom-
monsenseQA (Kurihara et al.,, 2022) and
KUCI (Omura et al., 2023).

Entity Linking (EL) Entity linking is the task of
identifying mentions of named entities in text
and linking them to their corresponding entries
in a knowledge base. The evaluation dataset
is chABSA (Takahiro and Hiroki).

Fundamental Analysis (FA) This task evaluates
the analytical ability across several linguistic
tasks. This dataset contains reading predic-
tion, named entity recognition, dependency
parsing, predicate-argument structure anal-
ysis, and coreference resolution. We use
Wikipedia Annotated Corpus (Hangyo et al.,
2014).

Human Examination (English and Japanese)
This task evaluates the ability to solve human
examination questions. We refer to the
English and Japanese versions of this task as
HE-EN and HE-JA, respectively. For HE-EN,
we use MMLU (Hendrycks et al., 2021) and
MMLU-ProX (Xuan et al., 2025) datasets. For
HE-JA, we use these datasets in addition to
JMMLU (Yin et al., 2024).

8https://github.com/1llm-jp/llm-jp-eval

Mathematical Reasoning (MR) This task mea-
sures the ability to solve mathematical prob-
lems. We use MAWPS (Kaito et al., 2023) and
MGSM (Cobbe et al., 2021) for the evaluation.

Machine Translation (MT) This task evaluates
the translation capability from English to
Japanese and vice versa. We use ALT (Thu
et al., 2016) and WikiCorpus (NICT).

Natural Language Inference (NLI) Natural lan-
guage inference predicts the logical relation-
ship between two texts, a premise and a hy-
pothesis. We use Jamp (Sugimoto et al.,
2023), JaNLI (Yanaka and Mineshima, 2021),
JNLI (Kurihara et al., 2022), JSeM (Daisuke
and zoeai), and JSICK (Yanaka and Mi-
neshima, 2022) for evaluation.

Question Answering (QA) Question answering
evaluates the capability of understanding a
question and generating an appropriate an-
swer. We use JEMHopQA (Ishii et al., 2024),
NIILC (Sekine, 2003), JAQKET (Masatoshi
et al., 2020) for the evaluation.

Reading Comprehension (RC) Reading com-
prehension evaluates the natural language
understanding capability of LLMs. We use
JSQUAD (Kurihara et al., 2022).

Summarization (SUM) Summarization is the task
of condensing long documents into concise
summaries. We use XL-Sum (Hasan et al.,
2021).

We report the accuracy for CR, HE-JA, HE-EN,
MR, NLI, QA, and RC; the F1 score for EL and FA;
the COMET (Rei et al., 2020) score for MT; and
IFEval_strict (Dussolle et al., 2025) for IF. For tasks
with multiple datasets, we report the mean score
across datasets.
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Model Model Variant EN JA

Qwen2.5-7B Instruct 476 28.3
Qwen2.5-14B Instruct 53.8 31.9
Llama-3B Instruct 411 23.2
Calm3-22B-chat - 35.6 28.3
sarashina2.2-1B Instruct 256 19.6
sarashina2-13B Base 5.3 8.7
Base 18.0 159

Llama3.2-1B SFT 16.2 15.2
SFT+Synth 20.3 152

Base 26.6 14.5

Qwen2.5-1.5B SFT 29.3 18.8
SFT+Synth 376 23.9

Base 18.0 21.7

. SFT 19.9 217
lim-jp-3-1.88 SFT+Synth 266 225
SFT+Synth+DPO 31.2 22.5

Base 37.6 18.1

. SFT 34.2 26.1
lim-jp-3-138 SFT+Synth 386 333
SFT+Synth+DPO 40.9 36.2

Table 3: Results of M-IFEval in English (EN) and
Japanese (JA). Bold indicates the best score in
each language, while underlined scores are the
best within their respective model groups.

5. Results

5.1. The Effectiveness of Japanese
Synthetic Dataset

Table 3 presents the IF scores in English and
Japanese. The results show that instruction-
following ability improves after training on our
dataset, particularly in Japanese. For Qwen2.5
and Ilm-jp-3 series, the SFT+Synth setting
achieves a higher IF score than the correspond-
ing base models and the SFT setting. Fur-
thermore, SFT+Synth+DPO further improves the
instruction-following ability of llm-jp-3 models. The
SFT+Synth+DPO setting of llm-jp-3-13B shows
the highest IF score in Japanese among all mod-
els. These results demonstrate that our syn-
thetic dataset effectively improves the instruction-
following ability of LLMs.

Table 4 shows the results of the evaluation
tasks. When comparing the base models with
those trained on our synthetic dataset, performance
improvements are observed in most tasks. Specifi-
cally, Qwen2.5-1.5B shows higher scores than its
base model on all tasks except NLI. A comparison
between the SFT and SFT+Synth settings shows
that our synthetic instruction dataset leads to bet-
ter performance across tasks. Although the SFT
setting yields gains over the base model, adding
our dataset results in additional improvements on
almost tasks. For lim-jp-3-1.8B and 13B, our syn-

I Llama3.2-1B
B Qwen2.5-1.5B
Z 0.4
L

B Im-jp-3-1.8B
B |Im-jp-3-13B

(

0.2

IFEval_Strict

0.0-
0.4+

UP)

IFEval_Strict

Data Category

Figure 3: Evaluation results of SFT on the M-
IFEval benchmark. Base shows the performance
of each model before fine-tuning. SFT shows
the result of fine-tuning on datasets shown in
Sec.4.3. SFT+Add and SFT+Rewrite use datasets
described in Sec.4.3 and our synthetic dataset.
SFT+Synth uses both synthetic dataset.

thetic dataset improves general capabilities com-
pared to SFT setting. In contrast, Llama3.2-1B
trained on our dataset improves performance on
only a subset of tasks compared to the base model.
Since the SFT setting of Llama3.2 also shows
declines across many benchmarks, the degrada-
tion cannot be attributed solely to our instruction
dataset and may instead be influenced by other
datasets. These results suggest that while our syn-
thetic dataset contributes to improved generaliza-
tion in most models and tasks, it does not always
guarantee a performance improvement across all
other tasks.

One possible reason for the improvement in spe-
cific tasks is that our synthetic dataset contains
similar tasks derived from seed instructions and
constraint categories. For example, the seed in-
struction includes translation tasks which is related
to the language>English category. From this
category, LLM generates translation-related instruc-
tions, which contributes to the improvements in MT.

5.2. Analysis of Synthetic SFT dataset

To evaluate the effect of the synthetic dataset in
SFT, we trained LLMs under several dataset config-
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Models Model Variant CR EL FA HE-EN HE-JA IF MR MT NLI QA RC SUM
Base 31.3 202 49 17.4 203 170 53 574 328 65 218 1.8

Llama3.2-1B SFT 319 157 49 17.1 187 157 15 59.7 470 58 8.1 5.5
SFT+Synth 31.2 158 54 16.2 188 178 1.8 618 453 39 86 4.0

Base 486 27.0 5.9 32.1 272 205 219 638 477 64 517 29

Qwen2.5-1.5B SFT 612 325 84 35.6 30.7 241 229 654 48.7 112 599 74
SFT+Synth 623 35.0 8.1 35.2 30.8 30.8 25.7 682 47.7 121 588 7.5

Base 313 170 120 165 188 199 26 671 402 204 270 14

Im-in-3-1.8B SFT 329 306 113 173 198 208 74 709 459 219 448 7.2
Jp-o-t. SFT+Synth 33.1 288 11.7 174 192 245 124 718 449 23.0 439 85
SFT+Synth+DPO 35.6 30.8 125 17.7 203 26.8 122 73.2 46.9 245 47.7 9.5

Base 478 28.7 199 219 25.1 179 241 755 452 442 601 3.9

Im-in-3-13B SFT 66.3 441 208 255 29.7 301 223 79.7 544 420 713 85
1P SFT+Synth 66.1 38.0 204 26.8 319 36.0 287 803 525 39.1 706 9.7
SFT+Synth+DPO 69.3 46.3 21.1 27.0 328 386 295 817 541 454 719 103

Table 4: Evaluation results in various NLP tasks. Bold indicates the best score in each model group.

urations. Fig.3 presents the IF scores for each con-
figuration. The SFT configuration indicates that the
LLMs are trained solely on the dataset described
in Sec.4.3. The other configurations involve train-
ing on the same dataset augmented with different
generation strategies: SFT+Add, SFT+Rewrite, or
their combination SFT+Synth.

The results demonstrate that our dataset con-
tributes to improving IF performance. A compar-
ison between SFT+Add/SFT+Rewrite configura-
tions and the baseline SFT configuration reveals
that the synthetic dataset enhances instruction-
following performance of LLMs. In the [Im-jp-3-13B
setting, the IF score in Japanese of SFT is 26.1,
while the score of SFT+Add is 34.1. These results
indicate that our dataset is effective for the improve-
ment of the IF capabilities when combined with
other datasets.

When comparing the two categories of synthetic
data, SFT+Add and SFT+Rewrite, their individual
effectiveness appears comparable. The perfor-
mance gains from using either dataset are sim-
ilar across the different models and parameter
scales (the score is 34.1 for SFT+Add and 30.4
for SFT+Rewrite setting in llm-jp-3-13B). Notably,
the SFT+Synth configuration, which combines the
two data types, generally achieves the highest IF
scores. This indicates that combining diverse syn-
thetic instruction types is necessary to achieve the
best performance.

5.3. Analysis of Synthetic Preference
Dataset

To analyze the effect of the generated preference
dataset, we apply DPO using different categories of
preference data (Content, Format). The Both cate-
gory applies DPO using both Content and Format
data. The reference model is fine-tuned on the in-
struction dataset described in Sec.4.3 together with
our synthetic instruction dataset. Fig.4 presents

s |Im-jp-3-1.8B B |Im-jp-3-13B
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Figure 4: Performance on the M-IFEval benchmark
after applying DPO. The Reference row shows the
scores of the base SFT model before DPO. The
Content, Format, and Both rows show the results
after applying DPO using the respective preference
dataset categories.

the IF scores after applying DPO in English and
Japanese.

The performance gains differ across the DPO
dataset categories. The Content dataset degrades
IF scores in both languages and across all models
compared to the reference model. On the other
hand, the Format dataset consistently improves
IF performance across both model sizes. There
are two possible reasons for this result. First, as
shown in Table 2, the Content dataset is smaller

1442



Instruction |

Chosen Response |

Rejected Response

HRENHM->TWBTOs>Iv Y
EFE%ZcsVIE TIIEL TS,
(Please list the programming

languages you know in CSV format.)

Python,C++,Java,
JavaScript,PHP,Ruby,
C#,Go,Swift,R

Python,Java,C++,
JavaScript,Ruby,Swift,
Go,Kaotlin,R,PHP

Table 5: Example of generated preference dataset of Content strategy. Although the rejected response
is labeled as negative, it provides an accurate and complete answer to the instruction, illustrating potential

noise in the preference dataset.

than the Format dataset. Second, the quality of
Content is insufficient for the improvement of the
IF scores. Table 5 presents an example instruc-
tion along with its chosen and rejected responses
in Content dataset. In this example, the rejected
response is a correct and complete answer to the
given instruction. Because the Content dataset is
small and noisy, it leads to degraded instruction-
following performance. The generation of high-
quality Content datasets is required for the further
improvements.

IF capabilities improve in the Both setting, which
combines the Content and Format datasets, com-
pared to the reference model. However, the
Japanese IF score in the Both setting is lower for
the 1.8B model and the English IF score is lower
for the 13B model compared to the Format set-
ting. These results indicate that the performance
improvements in the Both setting are attributed to
the Format dataset.

6. Conclusion

In this paper, we propose an automatic pipeline
for generating instruction and preference datasets
and evaluate the effectiveness of these datasets on
various tasks in Japanese. The instruction dataset
was created by adding new constraints to manually
written instructions or by rewriting them to adhere
to different constraints. For preference dataset gen-
eration, we treated the responses in the instruction
dataset as the chosen responses and generated
the rejected responses. We evaluated the gener-
ated datasets by applying SFT and DPO to vari-
ous LLMs. The experimental results show that our
synthetic dataset improves the instruction-following
ability of LLMs, especially in Japanese contexts.
For other tasks, our synthetic dataset improves per-
formance on tasks such as translation and entity
linking. The analysis of SFT reveals that the im-
provement in instruction following is attributable
not only to existing datasets but also to our syn-
thetic dataset. These results show that the data
augmentation using multilingual LLMs is effective
for instruction tuning in Japanese.
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A. Categories and its Descriptions

Here is the description of the translated-constraint
categories and its description used in the genera-
tion and validation. The categories are organized in
a hierarchical, bulleted list, with a brief description
provided for each sub-category.

« Character

— Word: Specifies the words to be used in
the response.

— Character: Specifies the characters to be
used in the response.
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— Placeholder: Enclose the response with
arbitrary symbols such as [].

— Punctuation: Has constraints on punctu-
ation.

* Length

— Paragraph: Summarize a long text into
multiple paragraphs, or the content of
each paragraph is specified.

— Sentence: The number of sentences to
be used in the response is specified.

— Word: Translate foreign languages or ex-
plain words in the response.

— Character: The number of characters in
the response sentence is specified.

» Language

— English: Specifies the explanation of En-
glish words or the generation of English
sentences in the response.

+ Character type

— Hiragana: Includes the constraint that the
response text is in hiragana.

— Katakana: Includes the constraint that
the response text is in katakana.

— Number: Has the constraint that the re-
sponse text contains numbers.

— Alphabet
+» Lowercase: The response text con-
tains lowercase alphabets.

» Uppercase: The response text con-
tains uppercase alphabets.

* Format

— Chapter/Section: Includes the constraint
that the response text is structured.

— List
+ Ordered

- Markdown: The response text is
a markdown formatted list and the
order is specified.

- Arbitrary symbol: The response
text is a list using arbitrary symbols
and the order is specified.

*» Unordered

- Markdown: The response text is a
markdown formatted list.

- Arbitrary symbol: The response
text is a list using arbitrary symbols.

— Table

» Markdown: The response text is a
markdown formatted table.
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*» €sV: Includes the constraint that the
response text is a csv formatted table.

Data

* json: Includes the constraint that the
response text is json formatted data.

Selection

*» Yes/No: Has the constraint that the
response text is "Yes’ or 'No’.

» Multiple choice: There are choices,
select from them, and have the re-
sponse be the selection.

Exclusive: Has the constraint that the
response is only the answer.

Answer field: The format of the response
to the instruction is specified.

Repetition: Has the specification to re-
peat the instruction once and then gener-
ate the response.

« Decoration

Bold

» Markdown: The response includes
markdown bold.

» Arbitrary symbol: Includes the con-
straint that the answer is in bold in the
response.

Italic
» Markdown: The response includes
markdown italics.
= Arbitrary symbol: The response in-
cludes the answer in arbitrary italics.
Horizontal line

» Markdown: Has the constraint to in-
clude a markdown formatted horizon-
tal line in the response.

* Arbitrary symbol: Has the constraint
to include a horizontal line with arbi-
trary symbols in the response.

Heading
» Markdown: Has the constraint to use
markdown headings in the response.

» Arbitrary symbol: Has the constraint
to use headings with arbitrary symbols
such as [] or () in the response.

* Prohibition: Has constraints such as prohibit-
ing the use of certain words or punctuation in
the response.

» Frequency: Has the constraint to list the spec-
ified number of answers in the response.

» Position

— Start: The starting sentence or word of
the response is specified.

— End: The ending sentence or word of the
response is specified.

— Specified position: The format of the
response is specified at a specific location
in the response.

B. Prompts for the Data Generation
and LLM-as-a-Judge

Fig.5 and Fig.6 show the prompts for the Add and
Rewrite instruction datasets, respectively. ${cat-
egory} is replaced by a constraint category and
${category_instruction} is replaced by its
corresponding description, as detailed in Sec.A.
The ${seed} placeholder is replaced by a seed
instruction from the ichikara-instruction dataset.

Fig.7 shows the prompt used for the answer gen-
eration. In this prompt, $ {prompt} placeholder is
replaced by an instruction.

Fig.8 and Fig.9 present the prompt of the LLM-
as-a-Judge to evaluate the generated instructions
and instruction-answer pairs, respectively. This
prompt includes three evaluation examples, each
consisting of an example instruction, its correspond-
ing evaluation scores, and the rationale for those
scores.

Fig.10 and Fig.11 present the generation of the
negative response of Content and Format dataset,
respectively. The evaluation prompts for these
datasets are shown in Fig.12 and Fig.13 for the
Format and Content datasets.

C. Details of Hyper-parameter of
Training LLMs

We used the same set of hyperparameters for all
models in our experiment. The hyperperameters for
the SFT and DPO are listed in Table 6 and Table 7,
respectively.

Learning Rate 2x107°
Learning Rate (Min) 2x 1076
Warmup Steps 20
Global Batch Size 64
Micro Batch Size 2
Weight Decay 0.1
Optimizer Fused Adam
Scheduler CosineAnnealing
Epochs 2

Table 6: Hyperparamerters of SFT in our experi-
ment.
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You are a prompt designer.

Your objective is to create prompts for an instruction-constrained dataset to be used for LLM
training.

Please add a concise instruction constraint (around 10-15 words) belonging to the ${cate-
gory} category to the instruction below.

The instruction for the ${category} category mustbe ${category_instruction}.

The instruction must begin with [Start of Question] and end with [End of Question].

[Start of Question]

S{seed}

[End of Question]

Figure 5: Prompt for the isntruction generation of Add dataset.

You are a prompt designer.

Your objective is to create prompts for an instruction-constrained dataset to be used for LLM
training.

Please rewrite the following instruction into one that has an instruction constraint belonging to
the ${category} category.

The instruction for the $ {category} category mustbe ${category_instruction}.

You may change the content of the instruction itself.

The instruction must begin with [Start of Question] and end with [End of Question].

[Start of Question]

${seed}

[End of Question]

Figure 6: Instruction generation prompt of Rewrite dataset

Learning Rate 9x 1079
Learning Rate (Min) 5x 1079
Warmup Steps 20
Global Batch Size 128
Micro Batch Size 1
Weight Decay 0.1
Optimizer Fused Adam
Scheduler CosineAnealing
KL penalty 0.5
Epochs 1

Table 7: Hyperpararmeters of DPO in our experi-
ment.
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Please generate a response to the following instruction.

Be aware that the response includes constraints.

The response should begin with [Start of Response] and end with [End of Response].
S{prompt}

Figure 7: Prompt for the answer generation.

Please evaluate the given instruction for the Al assistant according to the following items. The
evaluation criteria are as follows.

Relevance: Evaluate how appropriate the given instruction is for its instruction category.
Fluency: Evaluate whether the instruction’s wording is natural and grammatically correct.
Redundancy: Evaluate whether the instruction contains unnecessary expressions or multiple
instructions.

Start the evaluation with a brief explanation, followed by the rating in the format:
Evaluation: [[Relevance:1-5, Fluency:1-5, Redundancy:l—5}].Theresponse
should only contain the evaluation. Please be careful not to include Chinese characters (Kanji).
Here are the example evaluations.

(Here are n examples)

Example n:The instruction belongs to ${category}, and its description is ${cate-
gory_instruction}

[Start of Instruction]

${n-th example instruction}

[End of Instruction]

Evaluation: ${n-th example evaluation}

${n-th reason of evaluation}

The category the instruction belongs to is “$ { category}”, and the description for this category
is “${category_instruction}”.

The instruction for the Al assistant is as follows.

[Start of Instruction]

${instruction}

[End of Instruction]

Figure 8: Prompt of LLM-as-a-judge for the instruction evaluation. ${instruction} is replaced by the
instruction to be evaluated.
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Please evaluate the given instruction and response pair for the Al assistant according to the
following items. The evaluation criteria are as follows.

- Adherence: Evaluate whether the response follows the instruction and aligns with the instruc-
tion category.

- Fluency: Evaluate whether the response’s wording is natural and grammatically correct.

- Conciseness: Evaluate whether the response contains unnecessary expressions and is
presented concisely.

- Completeness: Evaluate whether the response completely answers the instruction.

Start the evaluation with a brief explanation, followed by the rating in the format:
Evaluation: [ [Adherence:1-5, Fluency:1-5, Conciseness:1-5,
Completeness:1-5]1].

The category for the instruction and response is “${category}”, and its description is
“S{category_instruction}”.

Examples of evaluations are shown below.

(here are n examples.)

Example n: The category the instruction belongs to is “$ {example_category}”, and the
description for this category is “The number of sentences to be used in the response is specified”.
[Start of Instruction]

S{n-th example instruction}

[End of Instruction]

[Start of Response]

${n-th example answer}

[End of Response]

Evaluation:${n-th example_evaluation}

The pair to be evaluated is as follows.
[Start of Instruction]
S{instruction}

[End of Instruction]

[Start of Response]

$S{answer}

[End of Response]

Figure 9: Prompt of the LLM-as-a-Judge for the evaluation of instruction-answer pairs. The ${in-
struction} and ${answer} placeholders are replaced by the corresponding instruction and answer,
respectively.
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Please generate a response to the following instruction.

However, the response should follow the constraints, but its content should be irrelevant.

The response must begin with [Start of Response] and end with [End of Response].
The following are specific examples.

Example n:

[Start of Instruction]

S{n-th example of instruction}
[End of Instruction]

[Start of Response]

${n-th example of response}
[End of Response]

S{n-th reason of rejected responses}

Referring to the examples above, please generate a response that follows the constraints of
the following instruction but has irrelevant content.

[Start of Instruction]

${instruction}

[End of Instruction]

Figure 10: Prompt for the rejected response for the content dataset. The ${instruction} placeholder
is replaced by the corresponding instruction.

Please generate a response to the following instruction.
However, the response should not follow the constraints, but its content should be relevant.
The response must begin with [Start of Response] and end with [End of Response].

Example n:

[Start of Instruction]

S{n-th example of instruction}

[End of Instruction]

[Start of Response]

${n-th example of response}

[End of Response]

${n-th reason of rejected responses}

The instruction is shown below.

Please generate a response that does not follow the constraints but has relevant content.
[Start of Instruction]

S{instruction}

[End of Instruction]

Figure 11: Prompt for the generation of rejected response of format dataset. The ${instruction}
placeholder is replaced by the corresponding instruction.
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Please evaluate the given instruction and response pairs for the Al assistant according to the
following items.

The evaluation criteria are as follows.

The response pairs include a preferred example and a negative example.

Please evaluate the negative example according to the following criteria.

- Adherence: The negative example should follow the instruction’s constraints but have irrelevant
content. Evaluate how well it adheres to this specification, comparing it to the preferred example.

- Fluency: Evaluate whether the response’s wording is natural and grammatically correct.
Start the evaluation with a brief explanation, followed by the rating in the format:
[[Evaluation:Adherence:1-5, Fluency:1-5]].

The following are evaluation examples.

n-th Example:

[[Start of Instruction]]

S{n-th example instruction}

[[End of Instruction]]

[[Start of Preferred Example]]

${n-th example of preferred response}
[[End of Preferred Examplel]]

[[Start of Negative Example]]

S{n-th example of negative response}
[[End of Negative Example]]

[Evaluation]

${n-th example of evaluation}

The target for evaluation is as follows.
[[Start of Instruction]]
S{instruction}

[[End of Instruction]]

[[Start of Preferred Answer]]
S{preferred_answer}

[[End of Preferred Answer]]

[[Start of Negative Answer]]
S{negative_answer}

[[End of Negative Answer]]

Figure 12: Prompt for LLM-as-a-Judge for format data.
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Please evaluate the given instruction and response pair for the Al assistant according to the
following items. The evaluation criteria are as follows.

The response pairs include a positive example and a negative example.

Please evaluate the negative example according to the following criteria.

-Adherence: Evaluate the negative example’s response to the instruction. A high rating should
be given if the content is relevant but the response does not follow the constraints.

- Fluency: Evaluate whether the response’s wording is natural and grammatically correct.
The following are evaluation examples.

n-th Example:

[[Start of Instruction]]

$S{n-th example instruction}

[[End of Instruction]]

[[Start of Preferred Example]]

${n-th example of preferred response}
[[End of Preferred Examplel]]

[[Start of Negative Example]]

S{n-th example of negative response}
[[End of Negative Example]]

[Evaluation]

${n-th example of evaluation}

The target for evaluation is as follows.
[[Start of Instruction]]
$S{instruction}

[[End of Instruction]]

[[Start of Preferred Answer]]
S{preferred_answer}

[[End of Preferred Answer]]

[[Start of Negative Answer]]
$S{negative_answer}

[[End of Negative Answer]]

Figure 13: Prompt for LLM-as-a-Judge for content data.
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