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Abstract

Instruction pre-training (IPT) has recently
emerged as an effective intermediate stage be-
tween vanilla pre-training and post-training
for large language models (LLMs). How-
ever, the optimal design of IPT corpora—such
as the balance between raw and instruction-
response data, languages, and task categories—
remains unclear. We systematically study
IPT corpus composition using a bilingual (En-
glish and Japanese) and multi-category (cod-
ing, general, math, and reasoning) instruction-
response dataset. Through extensive IPT ex-
periments across four base models, including
both English-centric and bilingual LLMs, we
find that: (1) more instruction-response data
generally enhances model performance, par-
ticularly for models with large VPT budgets;
(2) Japanese instruction data can improve En-
glish performance through cross-lingual trans-
fer; and (3) the effectiveness of post-training
varies across categories: coding performance
is largely determined during IPT, while math
and reasoning continue to improve during post-
training.

1 Introduction

Recent advances in natural language process-
ing have been largely driven by the emergence
and rapid improvement of large language models
(LLMs). The training of LLMs typically follows
a two-stage paradigm (Kumar et al., 2025). In the
first stage, vanilla pre-training (VPT) is conducted
on large-scale raw corpora such as web text, en-
abling the model to acquire general world knowl-
edge (Brown et al., 2020; Yang et al., 2025). This is
followed by post-training, where the model is fine-
tuned on relatively small-scale instruction-response
data to align with user intent (Wei et al., 2022).
Recently, instruction pre-training (Cheng et al.,
2024) (IPT) has gained attention as an interme-
diate stage between pre-training and post-training.
IPT involves continuous pre-training on large-scale

instruction-response data, often spanning tens of
billions of tokens, and has been shown to signifi-
cantly improve downstream task performance.

While IPT presents a promising approach for
building high-performing LLMs, practical method-
ologies for designing and composing effective IPT
corpora remain underexplored. For instance, it
is unclear how best to balance raw corpora and
instruction-response data, or how the proportions
of different languages (e.g., English and Japanese)
and task categories (e.g., coding and math) within
the instruction-response data impact model capa-
bility and on the efficiency of subsequent post-
training. To date, few studies have systematically
and quantitatively examined these factors, and prac-
tical guidelines for IPT data design are still lacking.

To address this problem, we conduct a compre-
hensive analysis of how the composition of IPT
corpora affects downstream performance and the
effectiveness of post-training. Specifically, we ex-
plore the following three research questions:

RQ1: What is the optimal composition of the IPT
dataset, in terms of (i) the balance between
raw corpora and instruction-response data, (ii)
the language distribution, and (iii) the task
category distribution?

RQ2: How do extreme imbalances in language or
category distributions affect the final model
capabilities?

RQ3: How do the language and category distribu-
tions in the IPT datasets impact the efficiency
and effectiveness of post-training?

To answer these questions, we prepare an
instruction-response dataset containing more than
90 billion tokens, covering multiple languages (En-
glish and Japanese) and categories (coding, general,
math, reasoning), and conduct extensive instruc-
tion pre-training experiments across four base mod-
els, including both English-dominant and English-
Japanese bilingual models.

1323



Our empirical findings provide practical insights
into IPT data construction and its impact on down-
stream model performance. The key observations
are as follows:

• Increasing the proportion of instruction-
response data generally boosts performance,
especially for well pre-trained models. Re-
garding language balance, the impact varies
depending on the language distribution of
the VPT corpora; models pre-trained in a
monolingual setting are more susceptible to
performance degradation in other languages.
For category balance, adding more reason-
ing data consistently enhances performance
across most models.

• Cross-lingual transfer from Japanese to En-
glish is feasible, but English reasoning
tasks still require direct English instruction-
response data during IPT.

• Category performance improves when the cor-
responding category data is sufficiently in-
cluded during IPT. However, the impact of
subsequent post-training varies across cate-
gories: coding performance is mostly deter-
mined during IPT, while math and reasoning
continue to benefit from post-training.

2 Related Work

2.1 Multi-stage Training

Large language models (LLMs) are typically devel-
oped through a multi-stage training process (Kumar
et al., 2025). The first stage, known as pre-training,
involves training the model on a massive text cor-
pus comprising trillions of tokens collected from
diverse web sources. This stage enables the model
to acquire general world knowledge (Brown et al.,
2020; Touvron et al., 2023b; Yang et al., 2025). In
the subsequent stage, known as post-training, the
pre-trained model is adapted to specific objectives
using smaller and task-oriented datasets (Wei et al.,
2022; Trung et al., 2024; Lobo et al., 2025)

Instruction pre-training refers to a stage where
the model is trained on a medium-scale corpus
(typically tens of billions of tokens) consisting of
instruction-response pairs. This step aims to equip
the model with the ability to follow user instruc-
tions. Cheng et al. (2024) demonstrated the effec-
tiveness of instruction pre-training on downstream
tasks under two scenarios: (i) training from scratch

on a mixture of general web corpus and instruction-
response pairs, and (ii) continuous pre-training for
domain adaptation in specialized fields such as
medicine and finance. However, their work focuses
solely on English data and does not examine the
effectiveness of bilingual instruction pre-training.

2.2 Multilingual Training

Multilingual support in LLMs has recently gar-
nered significant attention, and multilingual train-
ing is now commonly applied at both the pre-
training and post-training stages (Workshop et al.,
2023; Grattafiori et al., 2024; Qwen et al., 2025;
Yang et al., 2025). A wide range of studies have
explored its benefits, including performance im-
provements and knowledge transfer across lan-
guages (Muennighoff et al., 2023; Fujii et al., 2024;
Chen et al., 2024; Li et al., 2025; Lin et al., 2025).
In the context of instruction-following, prior work
has shown that introducing even a small number
of target-language instructions—e.g., as few as
40 examples—into an English instruction dataset
can significantly enhance performance in the target
language (Shaham et al., 2024). However, these
findings are based on relatively small-scale exper-
iments with only tens of thousands of samples.
In this study, we investigate the effectiveness of
bilingual training at scale, using an instruction pre-
training corpus comprising 130 million examples.

2.3 Multi-category Training

To equip LLMs with a broad range of capabilities,
it is common to train them on datasets spanning
multiple task categories such as mathematical rea-
soning (Hendrycks et al., 2021; Cobbe et al., 2021a;
Gou et al., 2024; Li et al., 2024; Yang et al., 2024;
Fujii et al., 2025) and coding (Chaudhary, 2023;
Luo et al., 2024; Wang et al., 2024a; Wei et al.,
2024; Hui et al., 2024). Dong et al. (2024) have
conducted a comprehensive analysis of mathemati-
cal reasoning, code generation, and general human-
aligning abilities in supervised fine-tuning (SFT),
focusing on how the composition of category-
specific training data affects performance. Building
on this perspective, our study systematically manip-
ulates the distribution ratios of instruction-response
data across four task categories—coding, general,
math, and reasoning—as well as across two lan-
guages, English and Japanese, and quantitatively
evaluates the impact of these factors.
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Figure 1: Training pipeline.

3 Experiment Settings

Figure 1 illustrates our overall training pipeline.
We start from a pre-trained base model and per-
form instruction pre-training using datasets sys-
tematically varied along three axes: (1) the com-
position of raw corpora (Draw) and instruction-
response data (Dinst); (2) the language composition
between English (Den) and Japanese (Dja) within
the instruction-response data; and (3) the category
composition among coding, general, math, and rea-
soning subsets (Dcode, Dgeneral, Dmath, Dreasoning)
within the instruction-response data.

Each instruction pre-trained model (IPT model)
is then fine-tuned using the same SFT dataset
(DSFT) and training hyperparameters, yielding the
final SFT model. This setup allows us to evaluate
the impact of IPT data composition on downstream
performance under fixed SFT conditions.

3.1 Base models

As base models, we employ three open-weight
models: llm-jp-3-1.8b, Qwen2.5-1.5b, and
LLaMA3.2-1b. All are in the 1B parameter class,
making them suitable for extensive experiments
within a feasible computational budget.

llm-jp-3-1.8b1 (denoted as llmjp3) is trained
on a 2.1T-token corpus consisting of English,
Japanese, and code, with roughly equal amounts of
English and Japanese. Qwen2.5-1.5b2 (Qwen et al.,
2025) (denoted as qwen2.5) is trained on a cor-
pus of 18T tokens, while Llama3.2-1b3 (Grattafiori
et al., 2024) (denoted as llama3.2) is trained on
up to 9T tokens. Although both models officially
support Japanese, their VPT is assumed to be pri-
marily focused on English (and Chinese in the case
of qwen2.5), with relatively limited Japanese ex-

1https://huggingface.co/llm-jp/llm-jp-3-1.8b
2https://huggingface.co/Qwen/Qwen2.5-1.5B
3https://huggingface.co/meta-llama/Llama-3.

2-1B

posure. These differences in language exposure
enable a comparative analysis between a bilin-
gual model (llmjp3) and English-centric models
(qwen2.5 and llama3.2).

However, the pre-training corpora for qwen2.5
and llama3.2 are not publicly disclosed, so their
actual language composition remains uncertain.
To address this, we pre-train a new LLM on an
English-dominant corpus for this study. Specifi-
cally, we construct the English-dominant training
corpus—91% of which is English—mainly from
Fineweb (Penedo et al., 2024a) and train a 1.3B-
parameter model compatible with the Llama archi-
tecture (Touvron et al., 2023a) on 15.6T tokens, us-
ing the same tokenizer as llmjp3.4 We describe the
training corpora and procedure in Appendix B. We
refer to this model as llama-inhouse in this paper.
Note that both llmjp3 and llama-inhouse are not
explicitly instruction-pretrained5, while qwen2.5
and llama3.2 may or may not include instruction-
response data.

3.2 Datasets

For IPT, we use not only instruction-response data
but also raw corpora such as Wikipedia. To ensure
reproducibility and reusability, we only use datasets
with permissive licenses for model training, and we
publicly release the training corpus used in our
experiments.6

3.2.1 Instruction-Response Data

We construct a new large-scale corpus consisting
of approximately 130 million instruction-response

4Details of the model architecture are provided in Ap-
pendix A.

5It is worth noting that a small number of instruction-
response pairs may have been included in their pre-training
corpora.

6The training corpus is publicly available at
https://gitlab.llm-jp.nii.ac.jp/datasets/
llm-jp-corpus-midtraining-v1.
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Language Category # of samples # of tokens [B]

English code 12,640,131 13.3 / 11.5 / 11.3
general 58,385,816 19.4 / 18.1 / 17.7
math 12,870,501 14.1 / 13.3 / 12.8
reasoning 7,802,634 8.3 / 7.6 / 7.5

Japanese code 8,695,799 10.8 / 11.5 / 11.7
general 13,804,215 9.7 / 13.0 / 13.6
math 6,710,082 8.2 / 9.0 / 9.0
reasoning 9,072,005 8.6 / 10.9 / 11.6

Total 129,981,183 92.4 / 94.9 / 95.2

Table 1: Statistics of instruction-response dataset. The
number of tokens is shown in the order of llmjp3 /
qwen2.5 / llama3.2. “llama-inhouse” is omitted because
it shares the same tokenizer as llmjp3.

samples, totaling around 90-95 billion tokens. Ta-
ble 1 shows statistics broken down by language
(English and Japanese) and category (code, general,
math, and reasoning).7 Because each model adopts
a different tokenizer, we report the token counts
separately for llmjp3, qwen2.5, and llama3.2. Fol-
lowing Cheng et al. (2024), we compute losses
over both instructions and responses, and the to-
ken counts reflect their total. The dataset contains
both single-turn and multi-turn dialogues, and each
dialogue is counted as one sample.

Language labels are obtained from metadata
such as readme files and dataset tags. Category
labels are also based on available metadata. For
datasets lacking sufficient category information, we
automatically classify them using Qwen2.5-32B-
Instruct8. We employ a prompt-based method for
this classification, and the prompt details are pro-
vided in Appendix C.2. In this study, we classify
instruction-response data that do not fall under cod-
ing, math, or reasoning into the general category.

3.2.2 Raw Corpora

We use the LLM-jp Corpus v39 , an open dataset
comprising approximately 1.7 trillion tokens span-
ning English, Japanese, and code. We select this
corpus because its balanced language composition
makes it particularly suitable for bilingual pre-
training in English–Japanese contexts. Detailed
statistics and sampling ratios are presented in Ap-
pendix C.3.

7More detailed information is provided in Appendix C.1.
8https://huggingface.co/Qwen/Qwen2.

5-32B-Instruct
9https://gitlab.llm-jp.nii.ac.jp/datasets/

llm-jp-corpus-v3

Language Category # of samples # of tokens [M]

English code 90,748 68.0 / 57.8 / 57.2
general 179,531 135.0 / 119.7 / 119.0
math 10,980 11.2 / 10.9 / 10.6
reasoning 2,712 3.0 / 2.8 / 2.7

Japanese code 89,985 67.1 / 74.0 / 75.7
general 549,870 60.8 / 79.8 / 85.0
math 37,498 20.8 / 24.5 / 24.5
reasoning 43,846 23.4 / 29.3 / 30.3

Total 1,005,313 389.3 / 398.6 / 405.0

Table 2: Statistics of SFT dataset. The number of to-
kens (response only) is shown in the order of llmjp3
/ qwen2.5 / llama3.2. The language and category la-
bels are assigned in the same manner as the instruction-
response data.

3.3 Model Training

3.3.1 Instruction Pre-Training

We perform instruction pre-training on each pre-
trained base model to investigate the effects of dif-
ferent data compositions. Across all models, the
number of training steps is fixed at 25k. Data com-
position is adjusted on a token-count basis; for
example, a 50%:50% English-Japanese composi-
tion indicates that the training corpus contains an
equal number of English and Japanese tokens.

Inspired by the annealing strategy employed in
Llama 3 (Grattafiori et al., 2024), we compute the
average of model checkpoints over the final 10
steps of instruction pre-training, and use this aver-
aged model as the IPT model. Detailed hyperpa-
rameter settings are provided in Appendix C.4.

3.3.2 Supervised Fine-Tuning

After the IPT phase, each IPT model is further
fine-tuned using a common SFT setup across all
models. The SFT dataset, largely adapted from
llm-jp-3-1.8b-instruct210, contains approxi-
mately one million samples. As summarized in Ta-
ble 2, it spans diverse categories, including coding,
general, math, and reasoning, providing a compre-
hensive basis for evaluating how instruction pre-
training impacts downstream performance.

To mitigate the impact of stochasticity during
SFT, each IPT model is fine-tuned three times with
different random seeds. All resulting models are
included in the evaluation, and their results are ag-
gregated to ensure stable and reliable comparisons.

10https://huggingface.co/llm-jp/llm-jp-3-1.
8b-instruct2
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Figure 2: Impact of instruction-response data composi-
tion in IPT corpora. Error bars represent the standard
deviation across evaluation models and random seeds.

3.4 Evaluation

For performance evaluation, we mainly use MT-
Bench in both English (Zheng et al., 2023) and
Japanese11, with gpt-4o-2024-08-06 as the judge
model. To reduce score variance, each model is
evaluated three times. In addition to MT-Bench,
we also assess coding and mathematical abilities
using task-specific benchmarks. For coding, we
employ HumanEval (Chen et al., 2021) (noted as
“HumanEval (EN)”) and JHumanEval12 (noted as
“HumanEval (JA)”), which is a Japanese transla-
tion of HumanEval. For mathematics, we use
GSM8K (Cobbe et al., 2021b) (noted as “GSM8K
(EN)”) and the Japanese subset of MGSM (Shi
et al., 2023) (noted as “GSM8K (JA)”). This setup
enables evaluation of both coding and mathemati-
cal abilities in both English and Japanese. Details
of the evaluation are provided in Appendix E.

We do not include harder mathematical reason-
ing benchmarks such as AIME in our evaluation.
For 1B-scale models, these benchmarks are known
to be extremely challenging and often yield scores
close to the noise floor (Yang et al., 2025), making
them unsuitable for discriminating the effects of
different IPT data compositions.

4 Results

4.1 Optimal Data Composition

We first investigate the optimal proportion between
raw corpora and instruction-response data. Based
on the best-performing setting, we then explore
how language and category distributions within the
instruction-response data affect performance.

11https://github.com/Stability-AI/FastChat
12https://huggingface.co/datasets/kogi-jwu/

jhumaneval

Figure 3: Impact of language data composition in
instruction-response data.

4.1.1 Instruction-Response Data

Figure 2 shows the average MT-Bench scores in
English and Japanese under varying proportions of
instruction-response data in the IPT corpus. Re-
gardless of whether SFT is applied, performance
consistently improves as the share of instruction-
response data increases. The notably low 0% score
of the model without SFT indicates that models
trained solely on raw corpora fail to acquire the
conversational and instruction-following abilities
required for MT-Bench. The most substantial gains
occur between 0% and 20%, after which perfor-
mance saturates around 80%-100%. These results
suggest that allocating approximately 80% of the
IPT corpus to instruction-response data is sufficient
to achieve near-optimal performance.

4.1.2 Languages

Figure 3 shows MT-Bench scores in English and
Japanese as we increase the proportion of Japanese
instruction-response data. In the Japanese MT-
Bench, all models consistently improve with more
Japanese instruction-response data.

In contrast, the English MT-Bench results re-
veal a more complex pattern. While qwen2.5,
llama-inhouse, and llama3.2 show moderate gains
at intermediate Japanese ratios (20-60%), their per-
formance deteriorates as the Japanese data ratio
approaches 100%. These moderate gains may
partially reflect cross-lingual knowledge transfer
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Data Ratio (%) llmjp3 qwen2.5 llama-inhouse llama3.2

EN JA EN JA EN JA EN JA

25/25/25/25 5.07 (0.08) 5.73 (0.06) 5.50 (0.13) 6.14 (0.11) 4.60 (0.11) 5.43 (0.14) 4.72 (0.13) 5.29 (0.06)

0/33/33/33 5.01 (0.07) 5.88 (0.15) 5.53 (0.14) 6.04 (0.08) 4.60 (0.08) 5.35 (0.06) 4.88 (0.09) 5.47 (0.09)
50/17/17/17 4.95 (0.17) 5.76 (0.15) 5.40 (0.09) 6.17 (0.11) 4.70 (0.12) 5.50 (0.09) 4.68 (0.08) 5.49 (0.15)
100/0/0/0 4.77 (0.06) 5.42 (0.09) 4.56 (0.09) 5.46 (0.09) 4.04 (0.11) 4.93 (0.11) 4.32 (0.07) 5.02 (0.10)

33/0/33/33 5.02 (0.12) 5.78 (0.12) 5.45 (0.05) 5.98 (0.12) 4.53 (0.12) 5.54 (0.19) 4.98 (0.09) 5.48 (0.08)
17/50/17/17 4.90 (0.09) 5.75 (0.13) 5.59 (0.08) 6.24 (0.10) 4.53 (0.19) 5.45 (0.15) 4.79 (0.12) 5.28 (0.10)
0/100/0/0 4.34 (0.07) 5.19 (0.10) 4.89 (0.15) 5.55 (0.08) 3.79 (0.10) 4.74 (0.09) 4.12 (0.09) 4.71 (0.13)

33/33/0/33 4.94 (0.10) 5.77 (0.11) 5.62 (0.07) 6.14 (0.11) 4.61 (0.09) 5.30 (0.13) 4.91 (0.15) 5.25 (0.07)
17/17/50/17 5.07 (0.18) 5.81 (0.10) 5.46 (0.10) 6.07 (0.06) 4.55 (0.09) 5.54 (0.05) 4.70 (0.10) 5.51 (0.09)
0/0/100/0 4.61 (0.20) 5.57 (0.08) 4.29 (0.12) 5.36 (0.14) 3.97 (0.13) 4.92 (0.12) 4.45 (0.12) 5.14 (0.07)

33/33/33/0 4.86 (0.10) 5.92 (0.12) 5.16 (0.07) 6.00 (0.09) 4.49 (0.10) 5.21 (0.08) 4.61 (0.13) 5.19 (0.11)
17/17/17/50 5.12 (0.13) 5.90 (0.12) 5.54 (0.12) 6.25 (0.06) 4.51 (0.07) 5.75 (0.08) 4.98 (0.10) 5.42 (0.08)
0/0/0/100 4.90 (0.09) 5.79 (0.07) 5.19 (0.13) 5.74 (0.14) 4.49 (0.09) 5.09 (0.06) 4.82 (0.12) 5.37 (0.12)

Table 3: Impact of category data composition in instruction-response data. Data ratios are shown in the order of
code/general/math/reasoning. EN and JA denote the average English and Japanese MT-Bench scores, respectively.
The numbers in parentheses indicate standard deviations. The top two results across different data ratios are marked
with bold and underlined.

llmjp3 qwen2.5 llama-inhouse llama3.2

en only ja only en only ja only en only ja only en only ja only

MT-Bench (EN, coding) 4.58−0.35 4.74−0.19 5.39+0.08 4.75−0.56 4.21−0.26 3.95−0.52 4.23−0.37 4.58−0.02

MT-Bench (EN, general) 5.39−0.28 6.19+0.15 5.53−0.44 5.71−0.21 4.51−0.85 5.33−0.24 4.94−0.44 5.50−0.03

MT-Bench (EN, math) 3.92−0.42 4.10−0.24 4.87−0.16 4.77−0.26 3.08−0.68 3.84+0.08 4.79+0.53 3.46−0.80

MT-Bench (EN, reasoning) 3.61−1.00 4.08−0.53 3.93−0.71 3.61−1.03 3.74−0.09 2.94−0.89 3.21−0.52 2.69−1.04

HumanEval (EN) 0.27−0.03 0.27−0.03 0.31−0.02 0.31−0.02 0.24−0.01 0.20−0.05 0.27−0.02 0.26−0.03

GSM8K (EN) 0.31−0.04 0.29−0.06 0.35−0.05 0.46+0.06 0.16−0.05 0.22+0.01 0.24−0.07 0.29−0.02

MT-Bench (JA, coding) 4.35−0.51 4.93+0.07 4.78−0.77 5.29−0.26 4.00−0.49 4.70+0.21 4.32−0.08 4.29−0.11

MT-Bench (JA, general) 5.66−0.94 6.68+0.17 4.52−1.87 6.73+0.02 4.74−1.49 7.16+0.55 4.79−1.39 6.23+0.05

MT-Bench (JA, math) 5.14+0.13 5.06+0.05 4.98−0.88 6.05+0.19 3.98−0.89 5.35+0.48 4.13−0.62 4.39−0.36

MT-Bench (JA, reasoning) 4.21−0.68 4.44−0.45 3.87−0.94 5.13+0.32 3.31−0.66 4.51+0.54 3.33−0.10 4.41+0.98

HumanEval (JA) 0.24+0.00 0.24+0.00 0.26−0.05 0.29−0.02 0.21+0.00 0.21+0.00 0.23+0.00 0.25+0.02

GSM8K (JA) 0.29−0.03 0.33+0.01 0.34−0.18 0.50−0.02 0.18−0.09 0.29+0.02 0.20−0.15 0.35+0.00

Table 4: Impact of imbalanced language data composition in the instruction-response data. We compare two
settings: English-only and Japanese-only instruction-response data. The subscript in each cell indicates the absolute
difference from the baseline score, which was obtained by training on an instruction-response dataset containing
approximately equal amounts of English and Japanese data. Improvements over the baseline are shown in green,
while degradations are shown in red. For brevity, we group “extraction”, “humanities”, “roleplay”, and “writing” in
MT-Bench into the “general” category. The complete results are provided in Table 12.

from Japanese data. However, as the imbalance
increases, overexposure to Japanese, which was
underrepresented during VPT, may introduce in-
terference (Stap et al., 2023), thereby impairing
the model’s ability to generalize to its dominant
language. Similar interference effects have been
reported in prior studies on multilingual continuous
pre-training (Fujii et al., 2024).

Interestingly, unlike other models, llmjp3 does
not exhibit a noticeable degradation in English per-
formance, even when trained with 100% Japanese
instruction-response data. This robustness can be
attributed to its bilingual pre-training, during which
the model was exposed to roughly equal amounts of
English and Japanese tokens. As a result, llmjp3 ap-

pears more resilient to language distribution shifts
during instruction pre-training.

These findings collectively suggest a cross-
lingual trade-off between the two languages: in-
creasing the amount of instruction-response data
in a single language can enhance performance in
that language but may harm performance in others,
especially when the model lacks prior exposure.
Models like llmjp3, which are pre-trained on bal-
anced bilingual corpora, are more robust to such
shifts and offer more stable performance across
languages.

4.1.3 Categories
Table 3 reports the performance of models trained
with varying proportions of instruction-response
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Figure 4: Impact of category composition in the instruction-response data on performance in coding, math, and
reasoning tasks.

data across four categories: code, general, math,
and reasoning. Although no single configuration
consistently outperformed all others across every
model, the 17/17/17/50 setting—where reasoning
data accounts for half of the instruction-response
data—yielded stronger overall results than the bal-
anced configuration (25/25/25/25). To further vali-
date these observations, we conducted t-tests com-
paring the two configurations. Across eight evalua-
tion settings (four models × two languages in MT-
Bench), 17/17/17/50 outperformed 25/25/25/25 in
seven cases, and four of these differences were sta-
tistically significant. These findings suggest that
increasing the share of reasoning data within the
instruction-response data is beneficial to overall
model performance.

4.2 Imbalanced Instruction-Response Data

We closely examine the performance of models
trained with instruction-response data that is highly
skewed in either language or category distribution.

4.2.1 Languages
Table 4 presents category-wise average scores on
the English and Japanese MT-Bench under two
extreme language configurations: 100% English
and 100% Japanese instruction-response data.

For the English benchmarks (upper part of
the table), models generally showed lower per-
formance compared to the baseline with a bal-
anced English-Japanese mix. Interestingly, even
llama-inhouse, which was primarily pre-trained
on English, showed a performance drop in the
English-only setting. This suggests that Japanese
instruction-response data contributes positively to
English tasks, likely through cross-lingual transfer.
Conversely, under the Japanese-only setting, the
most significant decline was observed in the rea-
soning category, indicating that English instruction-
response data is essential for maintaining perfor-
mance on English reasoning tasks.

For the Japanese benchmarks (lower part of
the table), performance tended to improve with
Japanese-only instruction-response data. Cod-
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Data Ratio (%) MTBench (coding) MTBench (math) MTBench (reasoning) HumanEval GSM8k

EN JA EN JA EN JA EN JA EN JA

Baseline 2.82+134.6 3.19+163.0 2.25+103.5 3.06+165.9 3.39+161.0 3.32+118.0 0.13+1131.4 0.14+939.3 0.08+188.2 0.12+385.6

25/25/25/25 4.65+17.3 4.81+6.8 4.29+24.4 5.09+16.2 4.01+25.6 4.16+36.4 0.29+8.3 0.24+9.6 0.37+0.9 0.36+7.9

0/33/33/33 4.25+20.1 4.35+20.9 4.46+18.8 5.60+22.6 4.18+54.8 4.47+36.2 0.24+13.9 0.20+7.2 0.31+0.5 0.40+9.3

50/17/17/17 4.82+15.1 4.97+12.6 4.02+28.4 4.97+23.4 3.72+45.2 4.36+29.7 0.31+15.1 0.29+15.4 0.32−1.6 0.36+4.8

100/0/0/0 4.97+16.2 5.02+10.0 3.84+26.4 4.37+17.3 2.72+1.0 3.81+34.4 0.30+16.0 0.28+11.7 0.26+19.2 0.27+20.8

33/0/33/33 4.88+22.0 4.81+12.5 4.97+48.2 5.29+15.7 3.63+35.6 4.72+54.4 0.29+11.7 0.26+9.5 0.41+2.4 0.41+4.5

17/50/17/17 4.66+12.4 4.63+15.1 4.49+46.1 5.25+20.1 3.47+23.6 4.29+29.6 0.28+11.8 0.24+10.2 0.27+17.3 0.33+5.0

0/100/0/0 3.17+32.8 3.54+27.7 2.98+28.2 3.32+26.3 3.03+6.4 3.32+3.4 0.14+89.7 0.12+104.8 0.07+438.9 0.16+38.9

33/33/0/33 4.82+18.8 4.86+13.2 3.86+13.1 4.53+5.6 4.01+20.3 4.29+35.1 0.29+13.6 0.26+5.0 0.24+6.0 0.33+8.0

17/17/50/17 4.64+12.3 4.70+10.3 4.58+39.7 5.69+18.8 3.73+33.1 4.04+31.9 0.30+15.9 0.25+12.3 0.38−0.5 0.40+4.8

0/0/100/0 4.43+20.1 4.75+14.3 4.48+15.8 5.19+13.2 3.07+19.6 3.89+31.8 0.27+4.6 0.23+10.0 0.42−0.8 0.39+3.5

33/33/33/0 4.52+3.4 4.84+12.3 4.16+32.7 5.34+27.8 3.42+25.5 3.94+22.3 0.30+12.3 0.28+11.4 0.29−2.3 0.35+8.7

17/17/17/50 4.69+15.4 4.88+16.6 4.38+33.9 5.10+13.9 4.17+41.5 4.63+33.2 0.30+22.1 0.25+9.0 0.35−6.0 0.39+5.8

0/0/0/100 3.91+29.5 4.00+20.6 4.34+27.9 5.07+32.2 4.29+21.4 4.50+29.6 0.22+14.2 0.20+18.4 0.35+4.2 0.37+6.9

Table 5: Benchmark scores on coding, math, and reasoning tasks, along with relative improvements during the
SFT stage. Each model is instruction-pretrained with different category data composition. Data ratios are shown
in the order of code/general/math/reasoning. The “Baseline” model is trained using only raw corpora in IPT.
“EN” and “JA” indicate evaluation results in English and Japanese. The values shown in each cell denote the
scores after SFT. Subscripts denote the relative improvement rate (%) from before to after SFT, computed as
(after − before)/before × 100. Score improvements exceeding 20% are highlighted in green.

ing showed only minimal improvement, implying
weaker dependence on language alignment. Mod-
els with limited Japanese exposure during VPT,
such as llama-inhouse, appeared to benefit more
substantially from Japanese instruction-response
data. Conversely, English-only training tended to
degrade Japanese performance across all models,
likely due to insufficient adaptation to Japanese
linguistic structures and formatting conventions.

4.2.2 Categories
Figure 4 presents the average English and Japanese
benchmark scores for the coding, math, and rea-
soning categories under different proportions (0%,
25%, 50%, and 100%) of instruction-response
data specific to each category. Across all three
categories, increasing the proportion of category-
specific data from 0% to 50% consistently im-
proves performance in the corresponding category.
However, further increasing the proportion to 100%
generally yields no additional gains, and in some
cases even leads to performance degradation, sug-
gesting that excessive specialization may impair
the model’s ability to generalize.

4.3 Relationship between IPT and SFT

Table 5 reports benchmark scores for coding, math,
and reasoning tasks, together with improvements
from before to after SFT. Across all three cate-
gories, we observe a consistent trend: final per-
formance tends to improve when the correspond-
ing category is sufficiently included during the

IPT phase. However, the magnitude of SFT gains
varies by category. Results from MT-Bench and
HumanEval indicate that coding performance is
largely established during IPT, leaving limited
room for further gains through SFT. In contrast,
math and reasoning continue to benefit consider-
ably from SFT, even when a substantial amount
of relevant data has already been included during
IPT.13 However, GSM8K shows little improvement
from SFT, unlike MT-Bench (math). This likely
reflects that the instruction-response data already
contains the GSM8K training split (see Table 17),
enabling the model to sufficiently learn GSM8K
tasks during IPT alone.

Configurations lacking target category data
during IPT—such as 33/33/0/33 for math, and
100/0/0/0 or 0/100/0/0 for reasoning—consistently
yield lower final scores. Moreover, these setups
show only limited SFT improvements (less than
10%), suggesting that SFT alone cannot fully com-
pensate for insufficient IPT exposure.

5 Conclusion

In this study, we systematically examined how
the composition of IPT corpora affects the down-
stream performance and the effectiveness of sub-
sequent SFT. Our results indicate that increasing
the proportion of instruction-response data gener-
ally benefits model performance, particularly for

13We verified that our conclusions remain consistent even
when using different SFT data compositions, as detailed in
Appendix F.
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models with extensive VPT budgets. We also
underscore the importance of language balance:
although cross-lingual transfer from Japanese to
English is feasible, certain tasks, such as En-
glish reasoning, require direct exposure to English
instruction-response data. Finally, we observe that
coding performance is largely determined during
IPT and shows minimal gains from subsequent SFT,
whereas math and reasoning continue to benefit sig-
nificantly from SFT even when these categories are
well represented during the IPT phase.

Limitations

While our study provides valuable insights into the
effects of IPT corpus composition, it is subject to
several limitations.

First, due to the substantial computational cost
of our large-scale instruction pre-training, which
involves 100 IPT runs (25 configurations across 4
models), our experiments are limited to 1B-scale
base models. Nevertheless, prior studies on scaling
laws provide useful context for interpreting our
results.

Kaplan et al. (2020) demonstrate that model
performance follows power-law relationships with
model size, dataset size, and compute budget, im-
plying that larger models are more sample-efficient
and achieve lower loss with fewer training tokens.
Similarly, Hoffmann et al. (2022) (the Chinchilla
scaling law) show that, under a fixed compute bud-
get, the optimal balance is achieved when model
parameters and training tokens scale proportion-
ally. Additionally, Magnusson et al. (2025) propose
DataDecide, which investigates how small-scale
experiments on data composition can predict large-
scale performance in vanilla pre-training. They
train models up to 1B parameters across various
data compositions and find that rankings derived
from small models (e.g., <150M parameters) can
predict the best data configurations at the 1B scale
with approximately 80% accuracy.

Taken together, these findings suggest that the
qualitative trends observed in our study—such
as the effects of data composition and category
balance—are likely to generalize to larger mod-
els, even though the absolute magnitude of im-
provements may vary as models become more data-
efficient.

Second, our evaluation is mainly based on MT-
Bench, a widely used benchmark that scores re-
sponses using GPT-4o. This introduces potential

variability and misalignment with human judgment.
To reduce this variability, we evaluate each data
composition configuration nine times—three SFT
runs with different seeds, each evaluated three
times—but some degree of variance remains, and
the results should be interpreted accordingly.

Third, to support large-scale IPT, we constructed
a 90B-token instruction-response dataset, primarily
sourced from existing corpora. Due to its massive
scale, we were unable to conduct a comprehensive
assessment of its quality or diversity, which may
affect the generalizability of our conclusions.

Future work should explore whether these trends
extend to larger models and further investigate how
the quality and diversity of instruction-response
data influence the effectiveness of IPT.
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A Base Model Architectures

Table 6 shows the architectures of the base models
used in our experiments.

B Training of llama-inhouse Model

B.1 Datasets

We construct a training corpus for our llama-
inhouse model by collecting text from a variety of
sources. Table 7 summarizes the corpus statistics.
The corpus comprises a total of 15.6 trillion tokens
and includes texts in English, Japanese, Chinese,
Korean, and programming code. English accounts
for 91% of the corpus, while Japanese constitutes
2%.

B.2 Training

We trained the model using Megatron-LM (Shoeybi
et al., 2019). The detailed hyperparameters are
provided in Table 8. Training was conducted using
up to 16 nodes, each equipped with eight NVIDIA
H100 GPUs (80 GB).

C Instruction Pre-Training Details

C.1 Instruction-Response Dataset

Table 17 presents the instruction-response datasets
used in our IPT experiments, categorized by
dataset.

1334

https://arxiv.org/abs/2302.13971
https://arxiv.org/abs/2302.13971
https://arxiv.org/abs/2307.09288
https://arxiv.org/abs/2307.09288
https://doi.org/10.18653/v1/2024.acl-long.410
https://doi.org/10.18653/v1/2024.acl-long.410
https://arxiv.org/abs/2402.09136
https://arxiv.org/abs/2402.09136
https://arxiv.org/abs/2402.09136
https://openreview.net/forum?id=RSvhU69sbG
https://openreview.net/forum?id=RSvhU69sbG
https://openreview.net/forum?id=gEZrGCozdqR
https://openreview.net/forum?id=gEZrGCozdqR
https://proceedings.mlr.press/v235/wei24h.html
https://proceedings.mlr.press/v235/wei24h.html
https://arxiv.org/abs/2211.05100
https://arxiv.org/abs/2211.05100
https://arxiv.org/abs/2505.09388
https://arxiv.org/abs/2409.12122
https://arxiv.org/abs/2409.12122
https://arxiv.org/abs/2409.12122
https://openreview.net/forum?id=uccHPGDlao
https://openreview.net/forum?id=uccHPGDlao
https://openreview.net/forum?id=uccHPGDlao


llmjp3 qwen2.5 llama-inhouse llama3.2

Params 1.8B 1.5B 1.3B 1.2B
Layers 24 28 16 16
Model Dimension 2,048 1,536 2,048 2,048
FFN Dimension 7,168 8,960 7,168 8,192
Attention Heads 16 12 16 32
Key Value Heads 16 2 8 8
Vocabulary Size 99,574 151,936 99,574 128,256

Table 6: Architecture specifications of the base models used in our experiments.

Language Source Subset # of tokens [T]

English

Fineweb (sampled) (Penedo et al., 2024a) - 14.0
Dolma (Soldaini et al., 2024) Gutenberg 0.005
Dolma peS2o 0.06
Dolma Reddit 0.08
Dolma Wikipedia 0.004
gsm8k (Cobbe et al., 2021a) - 0.000003
FineMath-4+ (Allal et al., 2025) - 0.01
MathPile_Commercial (Wang et al., 2024b) - 0.009
olmo-mix-1124 (OLMo et al., 2025) Algebraic Stack 0.01
olmo-mix-1124 arXiv 0.02
olmo-mix-1124 OpenWebMath 0.01
dolmino-mix-1124 (OLMo et al., 2025) StackExchange 0.001
Wikipedia - 0.005

Japanese Fineweb2 (Penedo et al., 2024b) - 0.3
Wikipedia - 0.001

Chinese Fineweb2 - 0.8
Wikipedia - 0.0008

Korean Fineweb2 - 0.05
Wikipedia - 0.0003

Code olmo-mix-1124 StarCoder 0.1
The Stack (Kocetkov et al., 2023) - 0.1

Total - - 15.6

Table 7: Statistics of the raw corpora used for VPT in our llama-inhouse model. Token counts are based on
segmentation with the llmjp3 tokenizer.

Hyperparameters Value

Training steps 1.9M
Global Batch size 1,024
Max sequence length 8,192
Adam beta1 0.9
Adam beta2 0.95
Learning Rate (max) 3× 10−4

Learning Rate (min) 3× 10−5

Weight decay 0.1
Warmup steps 2,000
Decay style cosine

Table 8: Hyperparameters for VPT in our llama-inhouse
model.

C.2 Prompt for Category Labeling

Prompt for category labeling

You are an AI assistant that categorizes texts into one
of the following four categories:

1. **Mathematics** - Texts related to mathe-
matical calculations, proofs, equations.
2. **Coding** - Texts related to programming,
scripting, debugging, or software development.
3. **Reasoning** - Texts that involve deductive or
inductive reasoning, puzzles, or logical inference.
4. **General** - Any texts that do not fall into the
above three categories.

Given the following text, classify it into the
most appropriate category:

[Text]
{text}

Respond with only the category name.
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C.3 Raw Corpora
Table 9 shows the statistics of the raw corpora used
in our IPT experiments. To balance the number
of training tokens between English and Japanese,
some Japanese corpora were upsampled by a factor
of two.

C.4 Model Training
We used Megatron-LM (Shoeybi et al., 2019) for
our instruction pre-training experiments. The de-
tailed hyperparameters are provided in Table 10.

D Supervised Fine-Tuning Details

We use Nemo-Aligner (Shen et al., 2024) for our
supervised fine-tuning experiments. The detailed
hyperparameters are listed in Table 11.

E Evaluation Details

For MT-Bench evaluation, we use llm-jp-
judge v1.0.014. For the evaluation of Hu-
manEval, JHumanEval, GSM8K, and MGSM,
we employ swallow-evaluation15. This tool
extends bigcode-evaluation-harness16 and
lm-evaluation-harness17, enabling integrated
assessment of LLM performance in both English
and Japanese. We adopt pass@1 as the evaluation
metric for HumanEval and JHumanEval, and accu-
racy for GSM8K and MGSM.

F Ablation on SFT Category Composition

Our SFT dataset is less balanced across categories
than the instruction-response dataset used for IPT,
raising concerns that this imbalance might affect
our conclusions. To address this issue, we con-
structed a more balanced SFT dataset by sampling
from both the original SFT data and the instruction-
response dataset. Table 13 shows the statistics of
this dataset. Using this balanced SFT dataset, we
repeated the experiments described in Section 4.3
as an ablation study. We used llmjp3 as the target
model and evaluated performance with MT-Bench.
The results, summarized in Table 14, are consis-
tent with our main findings: coding performance is
largely determined during IPT, whereas math and

14https://github.com/llm-jp/llm-jp-judge/tree/
v1.0.0

15https://github.com/swallow-llm/
swallow-evaluation

16https://github.com/bigcode-project/
bigcode-evaluation-harness

17https://github.com/EleutherAI/
lm-evaluation-harness

reasoning continue to benefit substantially from
SFT.

G Scaling Study on Model Size

In this section, we conduct additional experiments
using a 13B-scale model to partially examine
whether the trends observed at the 1B scale persist
for larger models. While our main experiments are
limited to 1B-scale models due to computational
constraints, previous studies (Kaplan et al., 2020;
Hoffmann et al., 2022; Magnusson et al., 2025) sug-
gest that qualitative trends in data composition may
hold across model scales. Motivated by this, we
compare model size (1.8B vs. 13B) and the num-
ber of IPT training steps (25k vs. 100k) to observe
performance changes associated with scaling.

G.1 Experimental Setup

We used llm-jp-3-13B18, which was vanilla pre-
trained on the same corpus and token count as
llmjp3 (1.8B), as our 13B model. Table 15 shows
the detailed architecture. The experimental config-
uration was almost identical to that described in
Section 3.3, except that the number of IPT train-
ing steps was increased from 25k to 100k. The
ratio between instruction-response data and raw
corpora was fixed at approximately 60%, which
corresponds to the setting that achieved the highest
MT-Bench scores for the llmjp3 (1.8B) model in
Section 4.1.1. For each model, we compared per-
formance with and without SFT, evaluating them
on both English and Japanese MT-Bench.

G.2 Results

Table 16 presents the results. For the 1.8B model,
increasing the number of training steps from 25k
to 100k slightly improved the final post-SFT score
—from 4.52 to 4.64 on the English MT-Bench and
from 5.95 to 6.09 on the Japanese MT-Bench—
though the gain was modest. Regarding model size,
even without SFT, the 13B model outperformed
the 1.8B model by about +1.0 point on average,
with particularly large improvements in the Hu-
manities, STEM, and Writing categories. After
applying SFT, the 13B model achieved an average
MT-Bench score of 6.58 in English and 6.95 in
Japanese, surpassing the 1.8B model and showing
an overall performance improvement across most
categories.

18https://huggingface.co/llm-jp/llm-jp-3-13b
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Language Source Raw tokens [B] Upsampling Factor Final Sampling Ratio [%]

English Dolma 945.3 1 45.61
Wikipedia 4.7 1 0.23

Japanese

Common Crawl 381.4 2 36.80
Kaken 0.9 2 0.09
NDL WARP HTML 1.4 2 0.13
NDL WARP PDF (e0) 30.1 2 2.90
NDL WARP PDF (e0.2) 177.2 1 8.55
Wikipedia 1.3 2 0.12

Chinese Wikipedia 0.8 1 0.04

Korean Wikipedia 0.3 1 0.02

Code The Stack 114.0 1 5.50

Table 9: Composition and sampling statistics of the raw corpora used in our IPT experiments. “Raw Tokens” refers
to the original size before sampling. Following the LLM-jp method, some Japanese subsets are upsampled by a
factor of 2 to balance language proportions. “Final Sampling Ratio” reflects upsampling and normalization across
all components.

llmjp3 qwen2.5 llama-inhouse llama3.2

Training Steps 25k 25k 25k 25k
Global Batch size 1,024 1,024 1,024 1,024
Max Sequence Length 4,096 8,192 8,192 8,192
Adam Beta1 0.9 0.9 0.9 0.9
Adam Beta2 0.95 0.95 0.95 0.95
Learning Rate (max) 3× 10−4 3× 10−4 3× 10−4 3× 10−4

Learning Rate (min) 3× 10−5 3× 10−5 3× 10−5 3× 10−5

Weight Decay 0.1 0.1 0.1 0.1
Warmup Steps 2,000 2,000 2,000 2,000
Decay Style cosine cosine cosine cosine

Table 10: Hyperparameters for IPT.

Hyperparameters Value

Number of Epochs 2
Global Batch Size 64
Adam Beta1 0.9
Adam Beta2 0.98
Learning Rate (max) 2× 10−5

Learning Rate (min) 2× 10−6

Weight Decay 0.1
Warmup Steps 20
Warmup Style linear
Decay Style cosine

Table 11: Hyperparameters for SFT.

Overall, increasing the number of IPT train-
ing steps resulted in limited performance gains,
whereas enlarging the model size yielded clear im-
provements. The performance gains attributed to in-
corporating instruction-response data, as observed
at the 1.8B scale, were also reproduced at the 13B
scale, which is consistent with theoretical predic-
tions of scaling laws (Hoffmann et al., 2022).

H Potential Risks

While this work aims to improve the understand-
ing of the design of instruction pre-training cor-
pora, it also carries potential risks. Models trained
with large-scale instruction-response data may in-
herit or even amplify biases present in the underly-
ing datasets, such as cultural, linguistic, or demo-
graphic imbalances. Moreover, greater reliance on
instruction-response data may propagate stylistic or
behavioral biases originating from specific sources,
potentially affecting downstream alignment and
fairness.
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llmjp3 qwen2.5 llama-inhouse llama3.2

en only ja only en only ja only en only ja only en only ja only

MT-Bench (EN, coding) 4.58−0.35 4.74−0.19 5.39+0.08 4.75−0.56 4.21−0.26 3.95−0.52 4.23−0.37 4.58−0.02

MT-Bench (EN, extraction) 4.17−0.67 4.78−0.06 5.58−1.04 6.26−0.36 2.85−1.4 3.67−0.58 3.95−0.56 5.27+0.76

MT-Bench (EN, humanities) 6.12+0.08 6.17+0.13 6.08−0.14 6.18−0.04 4.86−0.74 5.43−0.17 5.79−0.37 5.58−0.58

MT-Bench (EN, math) 3.92−0.42 4.10−0.24 4.87−0.16 4.77−0.26 3.08−0.68 3.84+0.08 4.79+0.53 3.46−0.80

MT-Bench (EN, reasoning) 3.61−1.00 4.08−0.53 3.93−0.71 3.61−1.03 3.74−0.09 2.94−0.89 3.21−0.52 2.69−1.04

MT-Bench (EN, roleplay) 5.78+0.04 6.03+0.29 5.61−0.22 5.56−0.27 4.57−0.54 4.83−0.28 5.29−0.29 5.27−0.31

MT-Bench (EN, stem) 4.68−0.28 4.88−0.08 5.43−0.35 5.80+0.02 4.23−0.79 4.54−0.48 4.55−0.54 4.79−0.30

MT-Bench (EN, writing) 5.39−0.57 6.19+0.23 5.53−0.37 5.71−0.19 4.51−0.73 5.33+0.09 4.94−0.53 5.50+0.03

MT-Bench (EN, AVG) 4.78−0.40 5.12−0.06 5.30−0.37 5.33−0.34 4.01−0.65 4.32−0.34 4.59−0.33 4.64−0.28

HumanEval (EN) 0.27−0.03 0.27−0.03 0.31−0.02 0.31−0.02 0.24−0.01 0.20−0.05 0.27−0.02 0.26−0.03

GSM8K (EN) 0.31−0.04 0.29−0.06 0.35−0.05 0.46+0.06 0.16−0.05 0.22+0.01 0.24−0.07 0.29−0.02

MT-Bench (JA, coding) 4.35−0.51 4.93+0.07 4.78−0.77 5.29−0.26 4.00−0.49 4.70+0.21 4.32−0.08 4.29−0.11

MT-Bench (JA, extraction) 4.96−1.11 5.99−0.08 5.46−0.90 6.34−0.02 4.31−0.69 5.48+0.48 4.64−0.87 5.44−0.07

MT-Bench (JA, humanities) 6.17−0.97 7.53+0.39 4.81−2.18 7.13+0.14 4.89−1.83 7.51+0.79 4.78−2.10 6.78−0.10

MT-Bench (JA, math) 5.14+0.13 5.06+0.05 4.98−0.88 6.05+0.19 3.98−0.89 5.35+0.48 4.13−0.62 4.39−0.36

MT-Bench (JA, reasoning) 4.21−0.68 4.44−0.45 3.87−0.94 5.13+0.32 3.31−0.66 4.51+0.54 3.33−0.10 4.41+0.98

MT-Bench (JA, roleplay) 6.21−0.57 7.22+0.44 4.69−2.04 6.84+0.11 4.74−1.76 6.69+0.19 5.02−1.01 6.56+0.53

MT-Bench (JA, stem) 5.13−0.99 6.45+0.33 3.83−2.71 6.63+0.09 4.23−1.45 6.33+0.65 4.32−1.63 5.89−0.06

MT-Bench (JA, writing) 5.66−1.09 6.68−0.07 4.52−2.36 6.73−0.15 4.74−1.69 7.16+0.73 4.79−1.6 6.23−0.16

MT-Bench (JA, AVG) 5.23−0.72 6.04+0.09 4.62−1.59 6.27+0.06 4.28−1.18 5.97+0.51 4.42−1.00 5.50+0.08

HumanEval (JA) 0.24+0.00 0.24+0.00 0.26−0.05 0.29−0.02 0.21+0.00 0.21+0.00 0.23+0.00 0.25+0.02

GSM8K (JA) 0.29−0.03 0.33+0.01 0.34−0.18 0.50−0.02 0.18−0.09 0.29+0.02 0.20−0.15 0.35+0.00

Table 12: Impact of imbalanced language composition in the instruction-response data (full results). We compare
two settings: English-only and Japanese-only instruction-response data. The subscript in each cell indicates the
absolute difference from the baseline score, which was obtained by training on an instruction-response dataset
containing approximately equal amounts of English and Japanese data. Improvements over the baseline are shown
in green, while degradations are shown in red.

Language Category # of samples # of tokens [M]

English code 29,949 22.5
general 13,288 23.1
math 15,953 21.1
reasoning 12,105 17.1

Japanese code 33,933 23.6
general 82,181 23.8
math 37,498 20.8
reasoning 43,846 23.4

Total 268,753 175.5

Table 13: Statistics of SFT dataset for ablation study.
The number of tokens (response only) is calculated us-
ing llmjp3 tokenizer.
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Data Ratio(%) coding math reasoning

EN JA EN JA EN JA

baseline 2.57+148.9 2.60+116.7 2.09+67.1 3.16+205.9 2.70+134.8 3.07+100.4

25/25/25/25 4.13+5.8 4.74+6.6 3.57−4.7 4.77+0.5 3.48+9.4 4.68+50.3

0/33/33/33 3.97+9.2 4.16+17.1 4.61+32.9 4.70−15.1 5.36+77.5 4.99+34.2

50/17/17/17 4.17−1.4 4.57+4.7 3.86−6.2 5.28+33.2 3.51+9.5 4.71+33.2

100/0/0/0 4.81+21.8 4.86+13.0 3.56+2.6 5.04+31.0 3.14+17.2 4.22+65.6

33/0/33/33 4.66+2.3 4.28−5.2 4.69+18.8 5.00+0.7 4.39+15.0 4.38+37.5

17/50/17/17 4.47+2.8 4.47+12.3 4.03−6.0 4.58−7.2 3.34+4.0 4.39+33.8

0/100/0/0 3.02+14.8 3.27+18.8 2.36−0.5 3.09+26.1 3.23−4.0 3.34+2.2

33/33/0/33 4.52−12.0 4.38+5.2 3.87+13.7 4.39+4.5 4.29+26.8 5.41+64.8

17/17/50/17 4.01−5.0 4.52−5.5 4.53+39.5 5.64+2.0 3.78+4.6 4.22+39.2

0/0/100/0 4.68+9.6 4.16+5.3 4.45+9.0 5.65+28.4 3.21+6.5 4.38+19.0

33/33/33/0 4.49−0.5 4.80+9.5 4.26+43.4 4.94+3.4 2.89+4.4 3.41−5.7

17/17/17/50 4.84+24.2 4.21−5.8 4.09−1.5 5.08−6.2 4.76+34.6 5.02+32.0

0/0/0/100 3.64+9.2 3.91+13.9 4.27+18.1 5.15+23.1 4.68+43.2 4.21+18.5

Table 14: Benchmark scores on coding, math, and reasoning tasks, along with relative improvements during
the SFT stage. Each model is instruction-pretrained with different category data compositions. Data ratios are
shown in the order of code/general/math/reasoning. The “Baseline” model is trained using only raw corpora in
IPT. “EN” and “JA” indicate evaluation results in English and Japanese. The values shown in each cell denote
the scores after SFT. Subscripts denote the relative improvement rate (%) from before to after SFT, computed as
(after − before)/before × 100. Score improvements exceeding 20% are highlighted in green.

Params 1.8B 13B
Layers 24 40
Model Dimension 2,048 5,120
FFN Dimension 7,168 13,824
Attention Heads 16 40
Key Value Heads 16 40
Vocabulary Size 99,574 99,574

Table 15: Architecture specifications of llmjp3 1.8B and 13B models.

Model Coding Extraction Humanities Math Reasoning Roleplay Stem Writing AVG

English MT-Bench

1.8B 25k w/o SFT 4.58 (0.12) 4.33 (0.15) 5.67 (0.40) 3.33 (0.03) 3.30 (0.05) 5.17 (0.33) 4.93 (0.26) 4.82 (0.19) 4.52 (0.04)
1.8B 25k 4.93 (0.58) 4.84 (0.41) 6.04 (0.37) 4.34 (0.56) 4.61 (0.13) 5.74 (0.31) 4.96 (0.25) 5.96 (0.32) 5.18 (0.16)
1.8B 100k w/o SFT 4.50 (0.10) 4.05 (0.15) 5.83 (0.10) 3.57 (0.03) 3.58 (0.08) 4.92 (0.35) 5.43 (0.18) 5.22 (0.60) 4.64 (0.06)
1.8B 100k 5.05 (0.26) 5.18 (0.21) 6.44 (0.29) 4.80 (0.23) 3.63 (0.37) 6.13 (0.45) 5.34 (0.31) 6.11 (0.23) 5.34 (0.15)
13B 100k w/o SFT 5.35 (0.15) 5.93 (0.15) 6.88 (0.51) 3.90 (0.05) 4.62 (0.03) 6.13 (0.20) 5.97 (0.10) 6.52 (0.12) 5.66 (0.13)
13B 100k 5.59 (0.15) 6.82 (0.13) 8.24 (0.19) 5.47 (0.65) 5.00 (0.44) 6.89 (0.24) 6.97 (0.27) 7.70 (0.44) 6.58 (0.12)

Japanese MT-Bench

1.8B 25k w/o SFT 4.10 (0.09) 4.38 (0.25) 6.37 (0.36) 4.23 (0.08) 3.43 (0.10) 6.37 (0.42) 5.50 (0.31) 6.32 (0.39) 5.09 (0.08)
1.8B 25k 4.86 (0.17) 6.07 (0.30) 7.14 (0.17) 5.01 (0.13) 4.89 (0.14) 6.78 (0.41) 6.12 (0.21) 6.75 (0.32) 5.95 (0.07)
1.8B 100k w/o SFT 4.63 (0.25) 5.45 (0.17) 6.88 (0.20) 5.58 (0.03) 3.57 (0.12) 5.82 (0.16) 5.75 (0.17) 6.78 (0.35) 5.56 (0.07)
1.8B 100k 5.12 (0.20) 6.12 (0.28) 7.61 (0.22) 5.38 (0.39) 4.51 (0.10) 7.34 (0.29) 5.91 (0.29) 6.69 (0.32) 6.09 (0.08)
13B 100k w/o SFT 5.07 (0.19) 6.77 (0.15) 7.63 (0.21) 5.40 (0.10) 4.58 (0.12) 7.07 (0.30) 6.47 (0.26) 6.93 (0.38) 6.24 (0.06)
13B 100k 5.59 (0.18) 6.26 (0.44) 8.46 (0.22) 6.42 (0.42) 5.88 (0.20) 7.96 (0.13) 7.33 (0.21) 7.74 (0.28) 6.95 (0.11)

Table 16: MT-Bench results (English and Japanese) for models of different scales and IPT budgets, evaluated with
and without SFT. The numbers in parentheses indicate standard deviations.
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Name Lang. Category Source # of tokens [B]

chatbot-arena-mixtral8x22b-ja ja general https://huggingface.co/datasets/kanhatakeyama/ChatbotArenaJaMixtral8x22b 0.002
ja coding 0.001
ja math 0.0002
ja reasoning 0.0004

coding-en-jp en coding https://huggingface.co/datasets/Aratako/Synthetic-JP-EN-Coding-Dataset-801k 0.5
ja coding 0.2

dolly-nemotron340b-ja ja general https://huggingface.co/datasets/kanhatakeyama/databricks-dolly-15k-ja-regen-nemotron 0.002

flan en general https://huggingface.co/datasets/allenai/dolmino-mix-1124 18.5

general-multiturn-calm3-ja ja general https://huggingface.co/datasets/kanhatakeyama/0717-calm3-22b-random-genre-inst-sft-tsub-part,https:
//huggingface.co/datasets/kanhatakeyama/0717-calm3-22b-random-genre-inst-sft-tsub,https://huggingface.
co/datasets/kanhatakeyama/0719-calm3-22b-random-genre-inst-sft-multiturn-tsub,https://huggingface.co/
datasets/kanhatakeyama/0722-calm3-22b-random-genre-inst-sft-multiturn-tsub,https://huggingface.co/
datasets/kanhatakeyama/0723-calm3-22b-random-genre-inst-sft-multiturn-clean-tsub

8.1

ja coding 4.9
ja math 1.8
ja reasoning 2.0

logical-mixtral8x22b-ja ja general https://huggingface.co/datasets/kanhatakeyama/LogicalDatasetsByMixtral8x22b 0.01
ja coding 0.03
ja math 0.007
ja reasoning 0.007

logical-multiturn-calm3-ja ja reasoning https://huggingface.co/datasets/kanhatakeyama/0804calm3-logical-multiturn-pretrain 5.7

logical-wizardlm7b-en en general https://huggingface.co/datasets/kanhatakeyama/logical-wizardlm-7b 0.3
en code 11.8
en math 13.9
en reasoning 1.6

logical-wizardlm7b-ja ja general https://huggingface.co/datasets/kanhatakeyama/logical-wizardlm-7b-ja,https://huggingface.co/
datasets/kanhatakeyama/logical-wizardlm-7b-ja-0730,https://huggingface.co/datasets/kanhatakeyama/
logical-wizardlm-7b-ja-0731,https://huggingface.co/datasets/kanhatakeyama/logical-wizardlm-7b-ja-0805

0.09

ja coding 5.6
ja math 6.3
ja reasoning 0.5

logical-wizardlm8x22b-en en general https://huggingface.co/datasets/kanhatakeyama/logicaltext-wizardlm8x22b 0.1
en coding 0.008
en math 0.006
en reasoning 0.16

logical-wizardlm8x22b-ja ja general https://huggingface.co/datasets/kanhatakeyama/logicaltext-wizardlm8x22b-Ja,https://huggingface.co/
datasets/kanhatakeyama/logicaltext-wizardlm8x22b-api

0.09

ja coding 0.04
ja math 0.04
ja reasoning 0.4

open-math-inst-phi3-ja ja math https://huggingface.co/datasets/kanhatakeyama/OpenMathInstruct-ja-phi3 0.02

open-orca-mixtral8x22b-ja ja general https://huggingface.co/datasets/kanhatakeyama/OrcaJaMixtral8x22b 0.2
ja coding 0.002
ja math 0.002
ja reasoning 0.04

rc-multiturn-calm3-ja ja general https://huggingface.co/datasets/kanhatakeyama/multiturn-Calm3-manual 0.2

wiki-qa-mixtral8x22b-ja ja general https://huggingface.co/datasets/kanhatakeyama/AutoWikiQA 0.03

jaster ja general https://github.com/llm-jp/llm-jp-eval 0.04

stack-exchange-en en general https://huggingface.co/datasets/allenai/dolmino-mix-1124 0.3
en coding 1.0
en math 0.1
en reasoning 0.03

dolmino-synth-math-en en math https://huggingface.co/datasets/allenai/dolmino-mix-1124 0.03

gsm8k en math https://huggingface.co/datasets/allenai/dolmino-mix-1124 0.002

llmjp-magpie-sft-ja ja general https://huggingface.co/datasets/llm-jp/magpie-sft-v1.0 0.03
ja coding 0.003
ja math 0.0006
ja reasoning 0.0009

daring-anteater-en en general https://huggingface.co/datasets/nvidia/Daring-Anteater 0.2
en coding 0.03
en math 0.01
en reasoning 0.004

r1-distill-qwen-pseudo-qa-ja ja general https://huggingface.co/datasets/hpprc/r1-distill-qwen-pseudo-qa 1.0
ja coding 0.009
ja math 0.01
ja reasoning 0.01

oasst-en en general https://huggingface.co/datasets/llm-jp/oasst1-21k-en,https://huggingface.co/datasets/llm-jp/
oasst2-33k-en

0.02

en coding 0.005
en math 0.0007
en reasoning 0.001

qwq-longcot-en en general https://huggingface.co/datasets/amphora/QwQ-LongCoT-130K 0.03
en coding 0.009
en math 0.03
en reasoning 0.01

llm-jp-extraction-ja ja general https://huggingface.co/datasets/llm-jp/extraction-wiki-ja 0.01

llm-jp-math-ja ja math original 0.006

llm-jp-reasoning-mistral24b-en en reasoning original 3.2

llm-jp-reasoning-qwen32b-en en reasoning original 3.3

Table 17: Statistics of our instruction-response datasets. Token counts are based on segmentation by the llmjp3
tokenizer. “original” indicates that the datasets we created.
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