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Abstract

Large language models (LLMs) improve with
more training data, but practical limits on data
collection increasingly constrain further scal-
ing. Advances in instruction-following LLMs
have enabled controlled, high-quality text gen-
eration, making synthetic data a potential rem-
edy. However, its effectiveness for pre-training
non-English LLMs remains underexplored. We
study this question for Japanese in a fixed token
budget setting in which organic Japanese Web
text constitutes only a small share, while far
more organic English Web text and instruction-
following LLMs capable of generating fluent
Japanese are available. We compare three
strategies to fill the data shortfall: generating
synthetic Japanese text, repeating the limited
Japanese Web text, and using English Web text.
Experiments show that synthetic Japanese cor-
pora outperform both baselines and approach
the performance achieved when the entire to-
ken budget is filled with additional organic
Japanese Web text. 1

1 Introduction

Large language models (LLMs) improve with more
training data (Kaplan et al., 2020). This scaling
law has driven LLM development on ever-larger
corpora, now surpassing 10 trillion tokens (Yang
et al., 2025; Grattafiori et al., 2024; Gemma Team
et al., 2025; DeepSeek-AI et al., 2024).

However, further scaling is increasingly con-
strained by practical data collection limits (Vil-
lalobos et al., 2024; DatologyAI, 2025). Because
performance improves logarithmically with corpus
size, achieving further gains requires exponentially
more data (Kaplan et al., 2020), making additional
corpus expansion progressively less practical.

For non-English languages, this problem is
even more challenging. Aggregating the whole

1Our synthetic Japanese corpus is available
at https://huggingface.co/datasets/llm-jp/
scaling-data-constrained-llms.
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Figure 1: Our experimental setup. We pre-train
Japanese LLMs under a fixed token budget (72B to-
kens) in which organic Japanese Web text constitutes
only a small share (9B tokens out of 72B tokens). We
compare different data augmentation strategies through
evaluating Japanese downstream performance.

Common Crawl snapshots2 yields only several
hundred billion tokens for comparatively well-
represented languages such as Chinese, German,
and Japanese (Penedo et al., 2025), far below the
multi-trillion-token scales.

As a solution to this problem, synthetic data has
emerged as a potential remedy (Gunasekar et al.,
2023; Abdin et al., 2024; Maini et al., 2024; Cheng
et al., 2024; Jiang et al., 2024; Qin et al., 2025;
DatologyAI, 2025; Nguyen et al., 2025). Advances
in instruction-following LLMs have enabled con-
trolled, high-quality text generation, supporting the
synthesis of large-scale, diverse text corpora that
serve as effective resources for LLM pre-training.
Recent work has shown that paraphrasing organic
Web documents into multiple styles is an effective
data augmentation to improves downstream per-
formance (Maini et al., 2024; DatologyAI, 2025;
Nguyen et al., 2025; Wang et al., 2025b). Append-
ing synthetic document-grounded question–answer
pairs to organic Web documents has also been
found to boost downstream performance (Cheng
et al., 2024; Jiang et al., 2024).

Despite these gains, previous studies have fo-
2https://www.commoncrawl.org/
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Figure 2: Overview of the data augmentation strategies we compare in this study. Starting from a constrained
organic Japanese Web corpus (JA-WEB-9B) and a far larger organic English Web corpus (EN-WEB-63B), we
construct three types of synthetic Japanese corpora: JA-PARAPHRASE-63B by generating paraphrases of JA-
WEB-9B, JA-INSTRUCT-63B by producing document-grounded question–answer pairs from JA-WEB-9B, and
JA-TRANSLATE-63B by translating EN-WEB-63B into Japanese. As baselines, we consider repeated use of
JA-WEB-9B and direct use of EN-WEB-63B. In addition, as an idealized setting, we also evaluate a setting where
the whole augmentation budget is filled with additional organic Japanese Web text (JA-WEB-63B). At training,
each augmentation is combined with JA-WEB-9B to form a pre-training corpus of 72B tokens.

cused primarily on English, leaving open whether
similar benefits hold for languages with less abun-
dant Web text. This gap motivates our investiga-
tion of synthetic data for pre-training non-English
LLMs.

In this work, we focus on Japanese as a non-
English language and examine pre-training from
scratch under a fixed token budget where organic
Japanese Web text constitutes only a small fraction
of the token budget, whereas far more organic En-
glish Web text and off-the-shelf LLMs capable of
generating fluent Japanese are readily accessible.
Japanese serves as a suitable testbed for several
reasons. Japanese is a medium-resource language
with substantial societal and commercial demand
yet far less high-quality, deduplicated Web text
than English. Its typology (e.g., mixed scripts, rich
morphology, and relatively free word order) differs
distinctly from English, providing a test of whether
synthetic pipelines generalize beyond potentially
English-centric assumptions. In addition, there ex-
ist mature evaluation suites in Japanese that enable
reproducible performance measurement. Figure 1
illustrates our experimental setup. Our central ques-
tion is how best to compose the pre-training corpus
mixture to maximize performance on downstream
tasks in Japanese.

We compare three strategies to compensate for

the data shortage: generating synthetic Japanese
text, repeating the limited organic Japanese Web
text, and using organic English Web text. For
synthetic Japanese text, we construct three differ-
ent corpora: paraphrases of the limited Japanese
Web text (Maini et al., 2024; DatologyAI, 2025;
Nguyen et al., 2025; Wang et al., 2025b), document-
grounded instruction data derived from the limited
Japanese Web text (Cheng et al., 2024; Jiang et al.,
2024), and Japanese translation of the English Web
text (Wang et al., 2025a). Figure 2 illustrates an
overview.

Our experiments show that synthetic Japanese
corpora generated via paraphrasing and instruction-
formatting not only outperform baselines that ei-
ther repeat scarce Japanese Web text or directly
incorporate English Web text but also match or
even surpass the performance achieved when the
entire token budget is filled with additional organic
Japanese Web text. Our findings support synthetic
data as an effective strategy for scaling under data
scarcity.

2 Related Work

2.1 Scaling Law
The performance of LLMs follows empirical scal-
ing laws, increasing logarithmically with model
size, corpus size, and compute budget (Kaplan
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et al., 2020). Scaling corpus size while keep-
ing model size tractable is now a well-established
strategy for training practically useful LLMs (Tou-
vron et al., 2023; Grattafiori et al., 2024). How-
ever, since advancing along the scaling curve de-
mands exponentially more data, practical limits on
data collection increasingly constrain further scal-
ing (Villalobos et al., 2024; DatologyAI, 2025).

Previous work has explored multi-epoch train-
ing as a simple remedy for data scarcity (Muen-
nighoff et al., 2023; Xue et al., 2023). However,
these studies find that repeating the same corpus
only partially compensates for data scarcity; as
the number of epochs increases, marginal gains
diminish, and the risks of memorization and over-
fitting rise. These observations motivate increas-
ing unique tokens rather than additional duplicates.
Consequently, there is growing interest in LLM-
generated synthetic data, which can produce high-
quality textual content at scale.

2.2 Synthetic Data for LLM Pre-training
Synthetic data has received increasing attention as
a means to break the data bottleneck in LLM pre-
training (Gunasekar et al., 2023; Abdin et al., 2024;
Maini et al., 2024; Cheng et al., 2024; Jiang et al.,
2024; Qin et al., 2025; DatologyAI, 2025; Nguyen
et al., 2025). This growing interest is largely driven
by advances in instruction-following LLMs, which
have enabled controlled and high-quality text gen-
eration, making synthetic data a practical resource
for pre-training.

One representative strategy for synthesizing
LLM pre-training data is to paraphrase existing
documents (Maini et al., 2024; DatologyAI, 2025;
Nguyen et al., 2025; Wang et al., 2025b). Previ-
ous work has shown that LLM-based paraphras-
ing of Web text can improve pre-training effi-
ciency (Maini et al., 2024). Pre-training on para-
phrases, rather than reusing identical surface forms,
reduces rote memorization and encourages learning
of latent semantic structure, improving generaliza-
tion (Allen-Zhu and Li, 2023).

Another effective strategy is to augment each
document with synthesized question–answer pairs
grounded in that document, yielding document-
grounded instruction data (Cheng et al., 2024; Jiang
et al., 2024). This strategy also emphasizes seman-
tic understanding over memorization by requiring
LLMs to answer questions grounded in the source
documents (Allen-Zhu and Li, 2023).

For non-English languages, translation-based

synthesis serves as an effective strategy, where
abundant English resources are translated into the
target language (Wang et al., 2025a; Doshi et al.,
2024). Wang et al. (2025a) demonstrate the ef-
fectiveness of pre-training LLMs on translations
produced from FineWeb-Edu (Penedo et al., 2024),
a high-quality English Web corpus.

3 Problem Setting

Figure 1 shows an overview. Mirroring typical
constraints in non-English LLM development, we
study Japanese LLM pre-training from scratch un-
der a fixed token budget, where Japanese Web
text constitutes only a small fraction of the budget,
while far more English Web text and off-the-shelf
LLMs capable of fluent Japanese are accessible.
Our goal is to determine corpus mixtures that max-
imize performance on Japanese downstream tasks.

We experiment with three model sizes: 1.8B,
3.8B, and 7.2B parameters. While these models
are modest in size compared to current state-of-
the-art LLMs (Yang et al., 2025; Grattafiori et al.,
2024; Gemma Team et al., 2025; DeepSeek-AI
et al., 2024), they still deliver meaningful perfor-
mance on Japanese downstream tasks3 while en-
abling systematic exploration across a broad range
of experimental settings within a practical compute
budget.

We pre-train each model on a fixed budget of
72B tokens. According to Hoffmann et al. (2022),
this budget corresponds to approximately 2×, 1×,
and 0.5× the compute-optimal pre-training token
counts for the 1.8B-, 3.8B-, and 7.2B-parameter
models, respectively We assume access to a 9B-
token organic Japanese Web corpus (JA-WEB-9B)
and a 63B-token organic English Web corpus (EN-
WEB-63B). For all experimental settings, we draw
9B tokens from JA-WEB-9B and allocate the re-
maining 63B tokens to candidate sources detailed
in Section 4.

4 Augmentation Strategies

To address the data shortfall, we examine augmen-
tation with synthetic Japanese text (§ 4.1). We
compare this approach against two baselines: re-
peated sampling of limited Japanese Web corpus
(§4.2) and direct use of English Web text (§ 4.3).
For reference, we also consider an idealized set-
ting that fills the shortfall with additional organic

3https://huggingface.co/llm-jp/llm-jp-3-1.
8b-instruct
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Figure 3: Our synthesis pipeline for JA-PARAPHRASE-63B. A seed document is sampled from the seed corpus
and paired with a prompt template sampled from the prompt library. They are combined into a concrete prompt.
Conditioned on the prompt, the synthesizer generates synthetic Japanese text. The same procedure applies to other
synthetic corpora by varying the seed corpus and/or the prompt library.

Japanese Web text (§4.4). Figure 2 illustrates an
overview.

4.1 Synthetic Japanese Text

Figure 3 illustrates our pipeline to generate syn-
thetic Japanese text. In order to build a synthetic
corpus, we determine the seed corpus and the
prompt library, a collection of prompt templates.
For each synthetic text instance, we randomly sam-
ple a seed document from the seed corpus and a
prompt template from the prompt library, insert
the document into the prompt template to form a
concrete prompt, and query the synthesizer to gen-
erate Japanese text conditioned on that prompt. We
repeat this procedure until the required budget of
63B tokens is attained.

By varying the seed corpus and the prompt li-
brary, we construct three synthetic corpora intro-
duced below. Across all synthetic corpora, we fix
the synthesizer and its decoding parameters (e.g.,
temperature) so that observed performance differ-
ences are attributed to the generation procedure
rather than synthesizer variation.

4.1.1 JA-PARAPHRASE-63B

We construct a synthetic corpus (JA-PARAPHRASE-
63B) by paraphrasing the limited organic Japanese
Web corpus, JA-WEB-9B. We follow Maini et al.
(2024) and paraphrase existing Japanese documents
into the following four styles: (1) Easy: text that
even a toddler will understand, (2) Medium: text
such as that found on Wikipedia, (3) Hard: terse
and abstruse text, and (4) QA: text in a conversa-
tional question-answer (QA) format. We employ
one prompt template per style, yielding a prompt
library with four prompt templates. The prompt
templates can be found in Appendix A.1.

4.1.2 JA-INSTRUCT-63B
We build a synthetic corpus (JA-INSTRUCT-63B)
by augmenting each document in JA-WEB-9B
with synthetic, document-grounded QA pairs. Fol-
lowing Cheng et al. (2024), we instantiate four
QA formats: (1) Free-form: a document-grounded
question with an open-ended answer, (2) Multiple-
choice: a document-grounded question with candi-
date options and a selected answer, (3) Free-form +
CoT: a free-form answer accompanied by a ratio-
nale (chain-of-thought; (Wei et al., 2022)), and (4)
Multiple-choice + CoT: a multiple-choice answer
accompanied by a rationale. Synthesized QA pairs
are appended to the original documents. We em-
ploy one prompt template per QA format, resulting
in a prompt library with four prompt templates. The
prompt templates can be found in Appendix A.2.

4.1.3 JA-TRANSLATE-63B
We construct a synthetic corpus named JA-
TRANSLATE-63B by translating the organic En-
glish Web corpus EN-WEB-63B into Japanese.
We use a single prompt template shown in Ap-
pendix A.3 for this synthetic corpus.

4.2 Repeated Japanese Web Text

As a baseline, we perform multi-epoch training
on the limited Japanese Web corpus, JA-WEB-
9B. Given the 72B-token budget with 9B tokens
already allocated to JA-WEB-9B, the remaining
63B tokens are supplied by seven additional passes
over JA-WEB-9B, yielding eight epochs (8 × 9B
= 72B).

4.3 English Web Text

As an additional baseline, we consider the direct
use of organic English Web text, allocating the
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remaining 63B tokens to EN-WEB-63B. This base-
line serves two purposes. First, it enables a head-to-
head comparison with JA-TRANSLATE-63B, evalu-
ating whether translating the same English sources
into Japanese yields higher Japanese downstream
performance than training directly on the original
English sources. Second, it reflects common prac-
tice in many non-English-focused LLMs, which
incorporate substantial English Web text to sup-
port English-related functionality (e.g., translation
to/from English) and to leverage cross-lingual trans-
fer that can benefit the target language (LLM-jp
et al., 2024; Sengupta et al., 2023; Yoo et al., 2024;
Conneau et al., 2019; Xue et al., 2020; Wang et al.,
2024).

4.4 Additional Japanese Web Text

As an attempted upper bound, we consider fill-
ing the 63B-token shortfall with additional organic
Japanese Web text that is non-overlapping with JA-
WEB-9B, which we refer to as JA-WEB-63B. This
oracle setting provides a reference for purely using
Japanese Web data and helps contextualize the po-
tential and limitations of the other augmentation
strategies.

5 Experiments

We pre-trained LLMs from scratch under a fixed
budget of 72B tokens, where 9B tokens were re-
served for the limited organic Japanese Web cor-
pus JA-WEB-9B, leaving 63B tokens for alloca-
tion to the competing data augmentation strategies
described in Section 4. We evaluated their down-
stream task performance on Japanese to quantify
the effectiveness of each data augmentation strat-
egy.

5.1 Tokenizer

We used the LLM-jp-3 tokenizer, a subword tok-
enizer developed for the LLM-jp-3 model series.4

Its vocabulary was curated to yield sensible seg-
mentations for both Japanese and English. This
choice made token counts comparable across En-
glish and Japanese, so Japanese and English cor-
pora with the same number of tokens contained
roughly comparable information.

5.2 Web Corpora

We constructed JA-WEB-9B by sampling
Japanese documents totaling 9B tokens from

4https://huggingface.co/llm-jp/llm-jp-3-1.8b

FineWeb2 (Penedo et al., 2025), a multilingual
Web corpus derived from Common Crawl. For
JA-WEB-63B, we sampled additional Japanese
documents of 63B tokens again from FineWeb2
with no overlap documents with JA-WEB-9B.
EN-WEB-63B was obtained by sampling English
documents of 63B tokens from FineWeb (Penedo
et al., 2024), an English Web corpus built from
Common Crawl. In all corpora, we relied on
the datasets’ built-in pre-processing (filtering,
deduplication, language identification, etc.) and
applied no additional filtering or normalization
beyond sampling.

5.3 Synthetic Corpora
We applied the synthesis pipeline described in Sec-
tion 4.1 to build the synthetic corpora. Concretely,
each seed document was tokenized with the LLM-
jp-3 tokenizer and split into non-overlapping 512-
token chunks, and the synthesis procedure was
applied independently to every chunk. For seed
documents that produced multiple chunks, we ag-
gregated the chunk-level generations as follows:
for JA-PARAPHRASE-63B and JA-TRANSLATE-
63B, we concatenated all generated texts into a
single synthetic sample; for JA-INSTRUCT-63B,
we appended all generated texts to the end of the
original seed document to form one instance.

We used Qwen3-14B (Yang et al., 2025) to
synthesize the Japanese corpora, motivated by its
strong performance in Japanese and its permis-
sive license. The model operated in non-reasoning
mode using the decoding parameters recommended
in the official documentation (temperature = 0.6,
top-p = 0.95, top-k = 20). For efficient batched gen-
eration, we employed vLLM (Kwon et al., 2023).

Corpus synthesis was conducted on a GPU clus-
ter with nodes each equipped with eight NVIDIA
H200 GPUs, totaling approximately 80 node-days
of compute.

5.4 Pre-Training
We pre-trained Transformer-based language mod-
els (Vaswani et al., 2017; Radford et al., 2019)
with 1.8B, 3.8B, and 7.2B parameters, largely fol-
lowing the configurations used in the LLM-jp-3
series. Appendix B details the training configura-
tions, including the architectural and optimization
hyperparameters. On a cluster with eight NVIDIA
H200 GPUs per node, each pre-training run for the
1.8B-, 3.8B-, and 7.2B-parameter models required
approximately 3, 7, and 12 node-days, respectively.
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(a) Results of the 1.8B models.
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(b) Results of the 3.8B models.
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(c) Results of the 7.2B models.

Figure 4: The average performance throughout pre-training.
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(a) Results of the 1.8B models trained
on the corpus with different amount of
JA-PARAPHRASE-63B.
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(b) Results of the 1.8B models trained
on the corpus with different amount of
JA-INSTRUCT-63B.
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(c) Results of the 1.8B models trained
on the corpus with different amount of
JA-TRANSLATE-63B.

Figure 5: The average performance throughout pre-training. Each number in parentheses indicates the number of
tokens sampled from the corpora. The remaining token budgets were filled by performing multi-epoch training.

5.5 Evaluation

We used the llm-jp-eval framework.5 This frame-
work covers a broad range of Japanese tasks
and supplies standardized few-shot learning pro-
tocols (Brown et al., 2020), making it well-suited
for assessing Japanese base LLMs prior to post-
training. We selected benchmark tasks that require
Japanese-language generation, are not overly artifi-
cial, and deliver performance above chance level as
pre-training progresses. Eventually, we evaluated
the performance on the following tasks:

• JSQuAD (Kurihara et al., 2022): Japanese
reading comprehension; we evaluated
character-level F1.

• NIILC (Sekine, 2003): Knowledge-focused
Japanese QA; we evaluated character-level F1.

• JEMHopQA (Ishii et al., 2024): Multi-hop
5https://github.com/llm-jp/llm-jp-eval. We used

the version 1.4.1 for the experiments.

Japanese QA requiring reasoning; we evalu-
ated character-level F1.

• ALT (Thu et al., 2016): Japanese–English par-
allel corpus; we evaluated En→Ja translation
quality with COMET (Rei et al., 2020).

5.6 Results
Figure 4 shows the trajectory of the average score
on the target benchmarks throughout pre-training,
while Table 1 provides per-task scores obtained at
the final checkpoints.

Across all model sizes, JA-PARAPHRASE-63B
and JA-INSTRUCT-63B performed best. These
synthetic corpora outperformed the baselines, JA-
WEB-9B and EN-WEB-63B, and even matched
or exceeded JA-WEB-63B, an oracle setting that
filled the remaining token budget with additional
organic Japanese Web text.

The comparison between JA-TRANSLATE-63B
and EN-WEB-63B showed a scale-dependent ef-
fect. For the 1.8B-parameter models, translating
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Augmentation JSQuAD NIILC JEMHopQA ALT AVG

JA-WEB-9B .4326 .1772 .2702 .7597 .4099
EN-WEB-63B .2637 .1827 .2128 .7297 .3472

JA-PARAPHRASE-63B .4354 .3406 .4174 .8109 .5011
JA-INSTRUCT-63B .4175 .2837 .2958 .8131 .4525
JA-TRANSLATE-63B .3562 .1854 .3138 .7892 .4112

JA-WEB-63B .4931 .2624 .2828 .8103 .4622

(a) Task-wise performance of 1.8B-parameter pre-trained models.

Augmentation JSQuAD NIILC JEMHopQA ALT AVG

JA-WEB-9B .3127 .0813 .1721 .7922 .3396
EN-WEB-63B .4175 .2839 .2388 .7967 .4342

JA-PARAPHRASE-63B .4890 .3883 .3429 .8252 .5114
JA-INSTRUCT-63B .6137 .3466 .3638 .8347 .5397
JA-TRANSLATE-63B .3487 .2508 .3753 .8119 .4467

JA-WEB-63B .4962 .3949 .2578 .8381 .4968

(b) Task-wise performance of 3.8B-parameter pre-trained models.

Augmentation JSQuAD NIILC JEMHopQA ALT AVG

JA-WEB-9B .2198 .2676 .2049 .7733 .3664
EN-WEB-63B .3989 .3021 .2479 .8187 .4419

JA-PARAPHRASE-63B .6270 .4429 .4273 .8382 .5839
JA-INSTRUCT-63B .6602 .3812 .2978 .8309 .5425
JA-TRANSLATE-63B .4159 .3227 .3888 .8344 .4905

JA-WEB-63B .5187 .3909 .3232 .8473 .5200

(c) Task-wise performance of 7.2B-parameter pre-trained models.

Table 1: Task-wise performance of final pre-training checkpoints. Boldface denotes the best non-oracle result (i.e.,
excluding JA-WEB-63B) in each subtable.

English to Japanese yielded clear gains on down-
stream tasks. However, this advantage largely di-
minished for the 3.8B- and 7.2B-parameter mod-
els, where training directly on English Web data
performed comparably. This suggests that larger
models possess stronger cross-lingual generaliza-
tion abilities, reducing the necessity for explicit
translation.

Multi-epoch training on JA-WEB-9B consis-
tently underperformed compared to using addi-
tional organic text from JA-WEB-63B. This degra-
dation aligns with prior findings on the diminishing
returns of repeated exposure (Muennighoff et al.,
2023; Xue et al., 2023).

6 Analysis

6.1 Post-Training

While the synthetic corpora improved downstream
task performance during pre-training, the source
of these gains remains unclear. The improve-
ments may arise from enhanced general language

modeling, but they could also reflect instruction-
following abilities implicitly learned from styl-
ized synthetic text, which can often be acquired
through lightweight post-training. Indeed, the
highest-performing corpora, JA-PARAPHRASE-
63B and JA-INSTRUCT-63B, contain data resem-
bling instruction-style text.

To disentangle these effects, we conducted su-
pervised fine-tuning for the final checkpoints of
all pre-trained models. We used the training split
provided by the llm-jp-eval framework,5 which ag-
gregated the training portions of the benchmark
datasets, including those used in our experiments.
Refer to Appendix C for details.

Table 2 shows the results. Even after
post-training, JA-PARAPHRASE-63B and JA-
INSTRUCT-63B remained the best-performing cor-
pora. However, their performance advantages over
the baselines were notably smaller than those in
the pre-training results, suggesting that part of the
improvement observed during pre-training can be
reproduced via lightweight post-training. Neverthe-
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Augmentation JSQuAD NIILC JEMHopQA ALT AVG

JA-WEB-9B .8496 .3462 .4504 .7860 .6081
EN-WEB-63B .8618 .2543 .4683 .8029 .5968

JA-PARAPHRASE-63B .8698 .3938 .4899 .8083 .6405
JA-INSTRUCT-63B .9126 .3765 .4979 .8238 .6527
JA-TRANSLATE-63B .8502 .2830 .4827 .8097 .6064

JA-WEB-63B .8791 .4029 .4547 .8189 .6389

(a) Task-wise performance of 1.8B-parameter fine-tuned models.

Augmentation JSQuAD NIILC JEMHopQA ALT AVG

JA-WEB-9B .8725 .4339 .4779 .8233 .6519
EN-WEB-63B .8872 .3084 .4647 .8566 .6292

JA-PARAPHRASE-63B .8847 .4196 .4831 .8391 .6566
JA-INSTRUCT-63B .9120 .4255 .4532 .8518 .6606
JA-TRANSLATE-63B .8792 .3401 .4532 .8390 .6279

JA-WEB-63B .9045 .4509 .5403 .8597 .6889

(b) Task-wise performance of 3.8B-parameter fine-tuned models.

Augmentation JSQuAD NIILC JEMHopQA ALT AVG

JA-WEB-9B .8759 .4140 .4415 .8254 .6392
EN-WEB-63B .8940 .3618 .4510 .8704 .6443

JA-PARAPHRASE-63B .8930 .5061 .5218 .8520 .6932
JA-INSTRUCT-63B .9185 .4673 .5344 .8548 .6938
JA-TRANSLATE-63B .8878 .4035 .5326 .8561 .6700

JA-WEB-63B .9114 .5008 .5061 .8695 .6970

(c) Task-wise performance of 7.2B-parameter fine-tuned models.

Table 2: Task-wise performance of fine-tuned model checkpoints (1.8B, 3.8B, 7.2B). Boldface denotes the best
non-oracle result (excluding JA-WEB-63B) in each subtable.

less, the remaining performance margins indicate
that synthetic corpora also contribute to better gen-
eral language modeling.

6.2 Data Leakage

The apparent performance gains from the synthetic
corpora might stem from data leakage between eval-
uation benchmarks and training corpora. Follow-
ing Chowdhery et al. (2022), we assessed contami-
nation by measuring n-gram overlap between the
training corpora and evaluation instances. Specifi-
cally, Chowdhery et al. (2022) consider an instance
contaminated if at least 70% of its word-level 8-
grams appear in the training data. To approximate
this criterion for Japanese, we assumed an aver-
age word length of approximately 4 characters in
English and 2 characters in Japanese, and there-
fore conducted contamination detection based on
character-level 16-gram coverage.

Table 3 shows the result. Across all condi-
tions, contamination is negligible, and importantly,
we observe no increase attributable to synthetic

data augmentation. The modest contamination
in JSQuAD is expected, as this benchmark de-
rives passages from Japanese Wikipedia, and Web
corpora typically contain a significant volume of
Wikipedia text. Overall, these results indicate that
the observed performance improvements are un-
likely to stem from direct data leakage.

6.3 Data-constrained Training

While synthetic corpora substantially improved per-
formance, generating large-scale synthetic data in-
curs considerable computational cost. To explore
more cost-efficient alternatives, we considered par-
tially covering the 63B-token shortfall and compen-
sating the remaining tokens via additional training
epochs. Specifically, we evaluated two settings:
(i) synthesizing 27B tokens and training for two
epochs, and (ii) synthesizing 9B tokens and train-
ing for four epochs.

Figure 5 presents the results for the 1.8B-
parameter models. Across most settings, perfor-
mance remained comparable to the full-budget
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JA-WEB-9B JA-PARAPHRASE-63B JA-INSTRUCT-63B JA-TRANSLATE-63B JA-WEB-63B

JSQuAD .045 .004 .046 .000 .165
NIILC .020 .020 .020 .010 .025
JEMHopQA .000 .000 .000 .000 .000
ALT .000 .000 .000 .000 .000

Table 3: Proportion of evaluation instances flagged as contaminated. A score of 1 indicates that all instances in the
dataset are classified as contaminated.

training, indicating that moderate data reuse
through multi-epoch training can largely offset a re-
duced amount of synthetic data. One exception was
JA-PARAPHRASE-63B, for which repeated expo-
sure led to a slight performance degradation. Over-
all, these results suggest that scaling synthetic data
does not require fully eliminating the data shortfall;
instead, partial synthesis combined with additional
epochs can yield similar downstream performance
at lower computational cost.

7 Conclusions

We studied LLM pre-training under a strict data
budget. Experiments showed that synthetic corpora
effectively mitigate data scarcity; across model
sizes, paraphrasing and instruction-style synthe-
sis yielded the strongest downstream gains, often
matching or surpassing filling the data shortfall
with additional organic text. These gains persisted
even after post-training for instruction following,
suggesting synthetic corpora contributed to better
general language modeling.

Our results suggest practical guidance for pre-
training non-English LLMs: (1) expand target-
language data by paraphrasing or instruction-
formatting rather than duplicating a small corpus;
and (2) partially filling the shortfall with synthetic
text and training for a moderate number of epochs
can approach the performance of far larger syn-
thetic budgets.

Limitations

Synthesizer Variation Our synthetic corpora
were generated exclusively with Qwen3-14B (Yang
et al., 2025). We made this choice to (i) control
computational cost and (ii) hold the synthesizer
fixed across settings so that performance differ-
ences can be attributed to data construction rather
than synthesizer variation. Qwen3-14B was se-
lected because it reliably performs paraphrasing,
document-grounded QA generation, and transla-
tion. In addition, Qwen3-14B is available under
the Apache-2.0 license, which facilitates broad

reusability of the resultant synthetic data. While
recent work suggests that paraphrasing benefits are
largely robust to the choice of the synthesizer (Da-
tologyAI, 2025), we have not directly verified that
here. Establishing robustness across multiple syn-
thesizers remains future work.

Language Scope Our study focused solely on
Japanese. As discussed in the Introduction,
Japanese provides a suitable testbed. Neverthe-
less, our central conclusion that increasing target-
language coverage via paraphrasing or instruction-
style reformulation is more effective than adding
English data or naively repeating a limited target-
language corpus should be tested in other languages
before being taken as general.

Assumption of Access to a Target-
Language–Fluent LLMs Our pipeline assumes
access to an LLM that is sufficiently fluent in the
target language. This assumption may not hold
for some low-resource languages. Although prior
work reports that paraphrase-based gains can be
robust across synthesizers (DatologyAI, 2025),
the availability and quality of target-language
generators will vary. Adapting the pipeline to
settings without a strong target-language LLM is
an important direction.

Potential Risks

Pre-training on synthetic text entails specific risks:

• Inherited bias from the synthesizer. Syn-
thetic data can encode the synthesizer model’s
social, topical, and stylistic biases, which may
then be transferred to the target model.

• Bias amplification via bootstrapping. When
models trained on synthetic data are used to
produce new synthetic data, feedback loops
can magnify existing biases, propagate errors,
and reduce distributional diversity.

In this study, we did not perform targeted filter-
ing or de-biasing for these issues. Users who train
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on our corpora should implement appropriate safe-
guards (e.g., bias/toxicity screening, source diver-
sification, and independent fairness audits) to miti-
gate these risks.

Use of AI Assistants

We used privacy-preserving AI assistants solely for
the purpose of improving writing quality.
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A Prompt Templates

We list the prompt templates used to construct our
synthetic Japanese corpora.

A.1 JA-PARAPHRASE-63B

We list prompt templates used to construct the JA-
PARAPHRASE-63B corpus.

Easy Style

For the following paragraph give me a para-
phrase of the same using a very small vocab-
ulary and extremely simple sentences that a
toddler will understand. The content must be
written in Japanese:
{{ input }}

Medium Style

For the following paragraph give me a diverse
paraphrase of the same in high quality Japanese
language as in sentences on Wikipedia. The
content must be written in Japanese:
{{ input }}

Hard Style

For the following paragraph give me a para-
phrase of the same using very terse and abstruse
language that only an erudite scholar will un-
derstand. Replace simple words and phrases
with rare and complex ones. The content must
be written in Japanese:
{{ input }}

QA Style

Convert the following paragraph into a conver-
sational format with multiple tags of "Ques-
tion:" followed by "Answer:". The content
must be written in Japanese:
{{ input }}

A.2 JA-INSTRUCT-63B
We list the prompt templates used to construct the
JA-INSTRUCT-63B corpus.

Free-form

Create a question and provide a correspond-
ing answer based on the given paragraph. The
content should be formatted with "Question:"
followed by "Answer:". The content must be
written in Japanese.
Input: {{ input }}

Multiple-choice

Create a multiple-choice question and provide a
corresponding answer based on the given para-
graph. The content should be formatted with
"Question:" followed by "Answer:". The ques-
tion section should include four answer choices.
The content must be written in Japanese.
Input: {{ input }}

Free-form + CoT

Create a question and provide a correspond-
ing answer based on the given paragraph. The
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1.8B 3.8B 7.2B

Layers 24 28 32
Hidden size 2,048 3,072 4,096
FFN hidden size 7,168 8,192 11,008
Attention heads 16 24 32
Learning rate 3e-4 3e-4 2e-4

Table 4: Pre-training configurations.

content should be formatted with "Question:"
followed by "Reasoning:" and "Answer:". The
reasoning section should provide reasoning
steps leading to the final answer. The content
must be written in Japanese.
Input: {{ input }}

Multiple-choice + CoT

Create a multiple-choice question and provide a
corresponding answer based on the given para-
graph. The content should be formatted with
"Question:" followed by "Reasoning:" and "An-
swer:". The question section should include
four answer choices. The reasoning section
should provide reasoning steps leading to the
final answer. The content must be written in
Japanese.
Input: {{ input }}

A.3 JA-TRANSLATE-63B

We show the prompt template used to construct the
JA-TRANSLATE-63B corpus.

Translate the following paragraph into
Japanese:
{{ input }}

B Pre-training Configurations

Table 4 summarizes the architectural and op-
timization hyperparameters. We optimized
the causal language modeling objective with
AdamW (Loshchilov and Hutter, 2019) and em-
ployed a cosine learning-rate schedule with 2,000
warmup steps, after which the learning rate decayed
to one tenth of its peak value over training. We used
a batch size of 512 and a maximum sequence length
of 2,048 tokens. We built our codebase on top of
Megatron-LM (Shoeybi et al., 2019). Each model
consumed the 72B tokens during its pre-training,
corresponding to roughly 68,000 training steps.

C Fine-tuning Configurations

In fine-tuning, we used the training split provided
by the llm-jp-eval framework,5 which aggregated
the training portions of the benchmark datasets.
Table 5 shows the list of the datasets we used.
Each model was fine-tuned for three epochs with a
learning rate of 2e-5 under cosine learning rate
scheduling. We built our code base on NeMo-
Aligner (Shen et al., 2024).
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Task Category Dataset # of examples

Natural Language Inference Jamp (Sugimoto et al., 2023) 8,955
JaNLI (Yanaka and Mineshima, 2021) 12,312
JNLI (Kurihara et al., 2022) 18,065
JSeM (Kawazoe et al., 2015) 12,667
JSICK (Yanaka and Mineshima, 2022) 4,500

Question Answering JEMHopQA (Ishii et al., 2024) 953
NIILC (Sekine, 2003) 715

Reading Comprehension JSQuAD (Kurihara et al., 2022) 56,573
Multiple Choice QA JCommonsenseMorality (Takeshita et al., 2023) 13975

JCommonsenseQA (Kurihara et al., 2022) 8045
KUCI (Omura et al., 2020) 83127

Entity Linking chABSA (Kubo and Nakayama, 2018) 2,572
Fundamental Analysis Wikipedia Annotated Corpus: Coreference (Ueda, 2023) 1,515

Wikipedia Annotated Corpus: Dependency (Ueda, 2023) 1,517
Wikipedia Annotated Corpus: NER (Ueda, 2023) 881
Wikipedia Annotated Corpus: PAS Analysis (Ueda, 2023) 1,514
Wikipedia Annotated Corpus: Reading (Ueda, 2023) 1,517

Mathematical Reasoning MAWPS (Horio et al., 2025) 16
MGSM (Shi et al., 2022) 8

Machine Translation ALT En→Ja (Thu et al., 2016) 17,972
ALT: Ja→En (Thu et al., 2016) 17,972
WikiCorpus: En→Ja (NICT, 2011) 28061
WikiCorpus: Ja→En (NICT, 2011) 28061

Semantic Textual Similarity JSTS (Kurihara et al., 2022) 11205
Human Examination MMLU (Hendrycks et al., 2021) 285

JMMLU (Yin et al., 2024) 32

Table 5: Datasets used for supervised fine-tuning. Task category labels follow those defined in the llm-jp-eval
framework5.
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