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Abstract
We introduce Dango, a decoder-only LLM pretrained to

approximate an L1 Japanese speaker for studying L1–L2
transfer. Existing multilingual LLMs are trained on mixed-
language data, which obscures sequential L1–L2 effects.
We show that Japanese web corpora contain substantial in-
cidental English that can compromise L1-only pretraining.
We term this issue L2 contamination and propose a strict
filtering pipeline to mitigate it. Using the filtered corpus,
we train Dango. Dango matches Japanese proficiency of a
multilingual baseline while remaining comparatively weak
in other languages. We release Dango and our data pro-
cessing code to enable controlled SLA research and more
faithful L2-learner simulators.1）

1 Introduction
Second language acquisition (SLA) refers to acquiring a

second language (L2) after one has already learned a first
language (L1) natively. As humans develop proficiency
in an L2, their L1 can strongly shape the L2 acquisition,
sometimes facilitating progress and sometimes causing in-
terference [1]. A natural computational approach is to use
language models to study and reproduce these transfer ef-
fects, but this immediately raises a mismatch: modern large
language models (LLMs) achieve remarkably strong mul-
tilingual performance, often surpassing typical human L2
ability [2]. Typically, these LLMs are trained on multilin-
gual corpora simultaneously [3, 4] rather than in an L1–L2
sequential setting. This mismatch makes them difficult to
simulate L1–L2 transfer.

Existing transfer-oriented LMs that simulate an L1–L2

1） https://github.com/mattashiho233/dango

acquisition process are not yet practical simulators of hu-
man L2 speakers. Most work uses encoder-only architec-
tures [5, 1], which cannot support open-ended generation,
or very small decoder models (e.g., 30M GPT-2 scale)
[6], which tend to be limited in instruction following and
interactive generation. This constrains progress toward
controllable L2-speaker simulators for applications such
as learner support [7] and teacher training [8].

To enable human-like SLA research with more modern
LLMs, we pretrain a decoder-only LLM on a Japanese
web corpus to simulate an L1 Japanese speaker, and treat
English as the target L2. Concretely, we train a 1.8B-
parameter Llama 2–style decoder Transformer, Dango,
which is large enough to support instruction tuning and
open-ended generation, enabling future analysis of transfer-
driven behaviors in interactive settings.

A key challenge in scaling L1 Japanese pretraining is
that Japanese web corpora inevitably contain English ex-
posure. Japanese speakers routinely encounter and use En-
glish through loanwords, proper nouns, and code-switching
[9], which appear in news articles, blogs, and Wikipedia
pages crawled from the web. While some of this English
is minimal and everyday, other instances are inappropriate
for our L1-only pretraining goal: for example, full English
passages or parallel translations (see Appendix B). We refer
to such unintended exposure as L2 contamination. With-
out explicitly auditing and controlling for it, it is difficult to
attribute subsequent L2 behavior to controlled L2 learning
rather than to pretraining exposure.

To quantify and mitigate L2 contamination, we build
a strict filtering pipeline (Figure 1) and apply it to a
large Japanese web corpus, finding that roughly 30% of
documents contain contamination. We remove contami-
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Figure 1: An overview of our proposed methodology.

nated English material while preserving minimal, every-
day English fragments that Japanese speakers commonly
encounter (see Appendix B for allowed examples). Using
this filtered corpus, we pretrain Dango as an L1 Japanese
model, providing a practical foundation for studying L1–
L2 transfer with modern, instruction-tunable LLMs.

Experiments show that Dango matches the Japanese pro-
ficiency of a multilingual baseline, llm-jp-3 [10], while
demonstrating significantly lower proficiency in English,
Chinese, and other languages. We release Dango and our
code to enable controlled L1–L2 transfer studies, support-
ing future work on L2 contamination and faithful learner
simulation.

2 Methodology
We model L1 (Japanese) acquisition by pretraining a

decoder-only LLM on a strictly filtered corpus. Section 2.1
describes the corpus origin and filtering procedures, and
Section 2.2 details the pretraining setup. Linguistic profi-
ciency assessment methods are provided in Section 2.3.

2.1 Corpus and Filtering Method

To bootstrap our study, we build upon an established
baseline by adopting the training corpus from the llm-jp
project, specifically the llm-jp-corpus-v32）version. This
corpus is intentionally multilingual, consisting of Japanese,
English, Chinese and Korean, as well as code data. We
only used the Japanese portion, which mostly consists
of Japanese Common Crawl3）and Japanese WARP web-
crawled PDF data.4）The data was already cleaned and
deduplicated5）, however, we noticed that it contained a
significant amount of English content.

We built a text filtering pipeline that removes non-

2） https://gitlab.llm-jp.nii.ac.jp/datasets/

llm-jp-corpus-v3/-/tree/main

3） https://commoncrawl.org.
4） National Diet Library (Japan). NDL Web Archiving Project

(WARP), https://warp.ndl.go.jp/.
5） Refer to the original repository for the pre-processing details.

Japanese content from the corpus, with English as the
primary target. The intent is to reduce the model’s ex-
posure to English grammar and long, well-formed English
sentences, while still allowing benign signals such as short
everyday words, common phrases, and proper nouns that
often appear in Japanese text.

The pipeline combines a whitelist filter with two block-
list filters (English and Chinese) applied at both the docu-
ment and line level. The whitelist filter defines a charac-
ter inventory we consider acceptable for Japanese-centric
text, which includes Japanese kana, common CJK6）char-
acters, punctuation, symbols, and other frequently occur-
ring marks. Documents containing characters outside this
range beyond 0.1% will be dropped entirely. This filter
effectively handles most languages that do not use CJK or
Latin characters, such as Russian. Then, blocklist filters
(English and Chinese filters) are applied to remove the lines
(separated by “\n” ) that contain too many English (Latin)
or Chinese characters. For example, the English filter will
remove a line in a document if any of the following con-
ditions hold: (i) it contains more than 20 Latin characters;
(ii) the ratio of Latin to non-Latin characters exceeds 40%;
or (iii) it contains more than four consecutive Latin words
separated by spaces. For Chinese, we constructed a Chi-
nese (primarily Simplified Chinese) character list derived
from the Unihan BMP list7）and removed any line con-
taining these characters. Furthermore, if more lines than
a certain threshold (5% for English, 0.1% for Chinese) are
removed in a document, we discard the document because
the context may be damaged due to filtering.

Applying the full pipeline removes approximately 30%
of documents from the original corpus, highlighting the
need for strict filtering when building a Japanese L1 pre-
training dataset. After filtering, the corpus’s total token
count shrank from 592B to 376B. Detailed filtering statis-

6） Chinese Hanzi, Japanese Kanji, and Korean Hanja.
7） https://unicode.org/charts/unihan.html
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tics are provided in Table 1 in Appendix.

2.2 Pretraining an L1-Only LLM

We pretrained a 1.8B-parameter Llama 2–style decoder-
only Transformer from scratch using the filtered corpus.
We adopted the training framework of llm-jp-3 models
open-sourced by the llm-jp project.8）We trained Dango
on 100B tokens from the filtered corpus. Prior work on
compute-optimal training suggests that a 1.8B-parameter
model is optimally trained on roughly 35B tokens [11].
We trained for approximately 3 times the tokens because
Dango’s Japanese generalization continued to improve be-
yond 35B tokens (Figure 2). Training was stopped at 100B
tokens due to budget constraints. More pretraining details
are provided in Appendix A.

We adopted the pretrained multilingual tokenizer from
the released version of llm-jp-3 models.9）This tokenizer
uses a vocabulary of 99,584 tokens spanning Japanese and
English, with additional coverage of Chinese and Korean.
We acknowledge that initializing the model with L2 sub-
word knowledge from the outset is less human-like. We
leave experiments with alternative, more human-like tok-
enization assumptions to future work.

2.3 Linguistic Proficiency Assessments.

We evaluate the model’s linguistic proficiency on vari-
ous languages, focusing on Japanese and English.

2.3.1 Assessing Japanese Proficiency.
We evaluate the model on llm-jp-eval-v1.4.110）to mea-

sure Japanese instruction-following capability and intrinsic
Japanese language knowledge. This few-shot benchmark
[12] uses Japanese prompts that specify task requirements
and expected outputs across diverse Japanese-language
tasks, such as natural language inference and multiple-
choice QA. We report an average score across tasks, ex-
cluding programming, math, and translation tasks, which
are less aligned with our goal of evaluating Japanese pro-
ficiency.

We also adopt JBLiMP [13], a BLiMP [14] style
benchmark for grammatical knowledge. We adopted the

8） https://github.com/llm-jp/scripts/tree/main/

pretrain/scripts

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

10） https://github.com/llm-jp/scripts/tree/main/

evaluation/installers/llm-jp-eval-v1.4.1

Figure 2: Model performance on llm-jp-eval-v1.4.1.

data from JBLiMP and report the performance under
the MultiBLiMP [15] framework and report the model’s
Japanese proficiency alongside llm-jp-eval. See details
about BLiMP tests and MultiBLiMP in Section 2.3.2.

2.3.2 Assessing English Proficiency.
We adopt MultiBLiMP [15], a BLiMP [14] style mul-

tilingual benchmark for grammatical knowledge. In a
BLiMP test, models are evaluated using minimal pairs:
two nearly identical sentences that differ only in a targeted
grammatical property, where one sentence is well-formed
and the other contains a specific violation (e.g., The cats
sleep vs. *The cats sleeps). The model “passes” a test item
if it assigns higher probability to the grammatical sentence
than to its ungrammatical counterpart, and overall perfor-
mance is reported as accuracy across items (typically with
chance at 50%). We used the English part in MultiBLiMP
for English proficiency assessment.

2.3.3 Assessing Other Languages.
We evaluated Chinese proficiency using ZhoBLiMP [16]

to assess the effectiveness of the Chinese filter. We also
tested Russian in MultiBLiMP, as it uses non-Latin and
non-Japanese characters, to verify the effectiveness of the
whitelist filter.

3 Experiments and Results
In this section, we share detailed experimental settings

and evaluation results for Dango.

3.1 Baselines

We include two baselines: the official llm-jp-3 model11）

and Dango-beta, a preliminary version of Dango. Dango-

11） We obtained checkpoints trained up to 100B tokens by directly
contacting the llm-jp team.
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(a) Japanese (JBLiMP) (b) English (MultiBLiMP) (c) Chinese (ZhoBLiMP) (d) Russian (MultiBLiMP)

Figure 3: BLiMP-style benchmark performance during L1 pretraining.

beta was trained on filtered data with modified rules from
Section 2.1: rule (i) (maximum Latin characters per line)
was loosened from 20 to 100, and rule (iii) (removing four
consecutive English words) was excluded.12）Dango-beta
is included to demonstrate the necessity of filtering out
long and structured English sentences.

User:
(...4 shots...)
「それから 2秒後には音が聞こえ、いろいろな物が振動し始めた」
(GT translation: And in two seconds, we heard the noise
and things started to shake. )

Dango:
It is right you want to your whole life in Seattle.

Dango-beta:
I have heard of the sound of two seconds.

llm-jp-3:
Then I heard a sound and a number of things started to
move.

Figure 4: Case study of English production on a llm-jp-
eval translation task.

3.2 Linguistic Proficiency Assessments

We trace the linguistic proficiency of the models over a
10B-token training interval.13）

Japanese Proficiency. On llm-jp-eval (Figure 2),
Dango performs slightly below llm-jp-3 (-0.029) as training
approaches 100B tokens, on par with Dango-beta.

On JBLiMP (Figure 3a), the Japanese-exclusive training
of Dango and Dango-beta yields early gains over llm-jp-
3 at 1B tokens. However, this gap closes over time, and
all models converge to comparable performance. Overall,
Dango attains Japanese proficiency on par with llm-jp-3.

English Proficiency. On MultiBLiMP English (Fig-
ure 3b), llm-jp-3 saturates by 10B tokens. In contrast,
Dango stagnates near 0.65 even after 100B tokens, sug-
gesting it fails to scale English grammatical competence
even with additional pretraining.

12） Dango-beta is trained on the Common Crawl section only.
13） In Figures 2 and 3, the leftmost points correspond to models

trained on 1B tokens.

Dango-beta demonstrates noticeably higher proficiency
than Dango. This gap shows that filtering long, structured
English sentences effectively hinders grammar acquisition.

Chinese Proficiency. On ZhoBLiMP (Figure 3c),
both Dango and Dango-beta underperform llm-jp-3, scor-
ing only slightly above chance. This confirms the effec-
tiveness of the Chinese filter.

Other L2 Leakage. We evaluated Russian profi-
ciency (Figure 3d) to test the exclusion of non-Latin/non-
Japanese text. Both models performed near chance, sup-
porting the whitelist filter’s efficacy.

Case Study. We present a case study of model En-
glish generation in Figure 4.14）The English generated by
llm-jp-3 captured the meaning of the Japanese source text
most accurately among the three. Dango-beta captured
only a very limited portion; however, the grammar of the
sentence itself is correct. Dango had great difficulty both
in capturing the meaning and in producing grammatically
correct English. The output remains largely n-gram-like,
as only local fragments like “It is right,” “you want to,”
and “your whole life” make sense. This behavior is likely
induced by the four-consecutive-English-word filter.

4 Conclusions
We introduce Dango, a decoder-only LLM approximat-

ing an L1 Japanese speaker for controlled second language
acquisition. Identifying “L2 contamination” (incidental
English) in web corpora as a key obstacle, we propose
a strict filtering pipeline to mitigate it. Dango matches
the Japanese proficiency of a multilingual baseline while
remaining comparatively weak in other languages. We re-
lease Dango and our code to support reproducible SLA
studies and future learner simulators.

14） The case is from the alt-j-to-e task in llm-jp-eval.
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Table 1: Statistics of the Japanese corpus after filtering.

Subcategory by whitelist by English by Chinese

CommonCrawl 6.89% 23.00% 0.17%
Kaken 13.13% 54.67% 0.00%
WARP HTML 2.61% 13.03% 0.07%
WARP PDF 14.10% 8.61% 0.18%
Wikipedia 7.35% 23.82% 0.22%

Overall 7.67% 21.65% 0.17%

Subcategory Total Dropped # docs remain

CommonCrawl 29.96% 295,309,943
Kaken 67.80% 2,228,758
WARP HTML 15.70% 1,659,736
WARP PDF 22.84% 35,528,902
Wikipedia 31.32% 1,364,529

Overall 29.39% 336,091,868

A Pretraining Details
We reproduced the customized Megatron-LM pretrain-

ing framework developed by llm-jp.15）Most hyperparam-
eters, such as the model architecture and optimization set-
tings, were kept identical to those of the official llm-jp-3
models,16）except that we increased the global batch size
from 512 to 1024 and micro batch size from 4 to 8. The
learning-rate schedule was set to a maximum of 376B to-
kens to match the size of the filtered corpus, but trained
for only 100B tokens. In contrast, the final released llm-
jp-3 model is scheduled for 2.1T tokens in total. Thus,
our model and the corresponding intermediate llm-jp-3
checkpoint represent partial progress along their respec-
tive full training trajectories. Pretraining was conducted
on 32 NVIDIA H200 GPUs (4 nodes× 8 GPUs) for ap-
proximately 26 hours.

B Filtered Documents: Case Study
We found severe English contamination in the Japanese

corpus, including document-level (Figure 5) and phrase-
level parallel data (Figure 6). In these examples, lines
(separated by “\n”) shown in red are flagged by the filter.

In contrast, we retain English that a typical Japanese
speaker may encounter or use in everyday life, as shown in
Figure 7. For example, common short tokens such as “hit”

15） https://github.com/llm-jp/scripts/tree/main/

pretrain/scripts/v4-high-quality-abci

16） The full set of hyperparameters is available at https://

github.com/llm-jp/scripts/blob/main/pretrain/scripts/

v4-high-quality-abci/pretrain/params/v3-1.8b.sh.

and “ok,” proper nouns such as “Access” and “Excel,” and
short phrases (e.g., “stay at home order,” “52 Reasons I
Love You”) do not trigger the English filter.

(......)
若年女性の流行
Trends
Japan is the land of trends. Nowhere else do trends arise,
spread and \n
die with such speed. The reasons for this are simple:
affluent youth, merciless \n
advertising, high population density and an insatiable
appetite for ’the \n
(......)
流行
日本は流行り廃りの激しい国だ。こんなに速いスピードで流行が
生まれ、広がり、そして廃れていく国は他にない。そうなった理
由は単純だ。小金を持った若年層、容赦ない宣伝、高い人口密
度、そして新し物好きの国民性。 \n
(......)

Figure 5: Contamination: document-level parallel data.

(......)
左ひだり left (side) \n
折おれて turn (toward) \n
血塔けっとう Bloody Tower \n
門もん gate \n
入はいる enter \n
今いま now; the present \n
昔むかし long ago; ancient times \n
薔薇しょうびの乱らん War of the Roses (15th century
struggle for the throne of England) \n
(......)

Figure 6: Contamination: word/phrase-level parallel data.

アクセス数:0 hit (累計:15524 hit) 逆アクセス数:0 hit (累
計:6371 hit)

応募資格 IT関連実務経験が少しでもあれば ok！ Access、Excel
マクロ経験ある方は尚歓迎です！
ハワイでは、3月 22日に州政府より緊急事態宣言が発令され、翌
日午後 4時より 4月 30日まで不要不急の外出を禁止する “stay
at home order”が発令されました。
(......)52枚のトランプに好きな人の好きなところを書いてプ
レゼントするラブレター"52 Reasons I Love You"　に着想を得
て生まれた曲だそう。

Figure 7: Occurrences of English that are allowed by the
filtering pipeline.
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