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Abstract

Reasoning Language Models (RLMs) achieve
their strongest performance when they reason
in English, the language for which reasoning-
oriented training data is most abundant. How-
ever, reasoning trace is a clue for model inter-
pretability and safety, and useful in practice for
both the model users and for model develop-
ers. Thus, it is desirable to be able to develop a
model that reasons in a language of the user’s
choice, while still maintaining strong reason-
ing performance. To this end, we study the
feasibility of training a model that reasons in
Japanese. We develop a Japanese-reasoning
variant of Qwen-3-Swallow-8B, which is a
Japanese LLM continually pretrained from
Qwen-3-8B, with GRPO and evaluate it across
coding, math, and science benchmarks. The
study shows that reasoning-language control
is feasible by training a Japanese continually
pretrained model with GRPO. However, its per-
formance is at best on par with strong English-
reasoning baselines on several benchmarks. We
also evaluate the trained model on Japanese cul-
tural benchmarks and observe that the model’s
performance is worse than the baseline mod-
els, suggesting that the reasoning in Japanese
does not immediately improve performance on
culturally relevant tasks for free.

1 Introduction

English is the most resource-rich language by
far, especially for reasoning-oriented training data.
Thus, most of the Reasoning Language Models
(RLMs) are trained to reason in English (Yang et al.,
2025; Guo et al., 2025; Team et al., 2025; Agar-
wal et al., 2025; Muennighoff et al., 2025). Even
multilingual LLMs tend to reason best in English:
across many benchmarks, including multilingual
ones, reasoning in English outperforms reasoning
in the question’s own language (Saji et al., 2026;
Yong et al., 2025).

Yet, reasoning trace is a useful signal for the
model users and for model developers that would

ideally be available in the user’s or developers lan-
guage of choice. For example, reasoning trace is
useful for model interpretability (Wei Jie et al.,
2024) and safety (Jiang et al., 2025; Guan et al.,
2025), and can be used to improve model perfor-
mance (Wei et al., 2023; Seo et al., 2026). Such
reasoning trace is also useful for model developers
to understand the model’s reasoning process and to
debug the model’s behavior. Users may also prefer
to see reasoning trace in their own language for
better accessibility.

The question is thus how to achieve a reason-
ing trace in a language of one’s choice with min-
imum degradation of the model’s performance.
To answer this question anecdotally, we develop
a Japanese-reasoning language model as a case
study. We build upon Qwen-3-Swallow-8B (Fujii
et al., 2024; Ma et al., 2025), a Japanese LLM con-
tinually pretrained from Qwen-3-8B (Yang et al.,
2025), and train it with supervised warm-start and
two-stage GRPO to produce reasoning traces in
Japanese. The resulting model achieves 100%
Japanese reasoning traces on all evaluated bench-
marks, including those whose instructions are en-
tirely in English. Its performance remains compet-
itive with the English reasoning models on most
benchmarks, but falls short on several tasks, sug-
gesting that reasoning-language control is feasible
but not free of cost without further improvements
to the methodology.

We observe two ingredients that were neces-
sary for the development of our Japanese-reasoning
model. First, we find that continual pretraining
on Japanese data significantly helps the model to
reason in Japanese. Qwen-3-Swallow-8B learns
to reason within hundreds of GRPO steps, while
Qwen-3-8B (with SFT warmstart) shows no sign
of generating Japanese even after 15k GRPO steps
(Table 1). Second, warm-start training with a per-
missive reward model can be effective to improve
the training speed by mitigating the sparse reward
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Figure 1: Loss curves of the three models during SFT
on Japanese reasoning data. The loss curves show
that Qwen3-Swallow-8B-RL-v(.2 have the lowest loss
compared to Qwen-3-8B and Qwen3-Swallow-8B-CPT-
v0.2, indicating that it is likely to be the best model for
training a Japanese-reasoning model under low-resource
conditions.

#Steps #Completions #Traces in Ja Ratio
4,000 192 6 3.1%
15,000 192 6 3.1%

Table 1: Ratio of <think> blocks containing Japanese
characters in Qwen-3-8B after 4,000 and 15,000 GRPO
steps with a Japanese language reward. The model con-
tinues to reason in English throughout, with Japanese
appearing only when explicitly requested by the prompt.

problem (Sutton and Barto, 2018). Because our
model is much smaller and less capable than the
frontier models, it achieves no reward using a strict
reward model, making it impossible to further learn
from the reward signal. In fact we observe that
most batches have zero reward standard deviation
using the strict reward model without a warm-start
by a permissive reward model (Figure 2). To rem-
edy this, we deploy a permissive reward that gives
partial rewards for following the reasoning format,
reasoning in Japanese, and answering correctly.
The permissive reward serves as a reward shap-
ing (Sutton and Barto, 2018) with a dense signal,
providing learning signal to the model before the
model fully meets all the conditions.

With these two ingredients, we are able to train
a model that reasons in Japanese with competitive
performance. As both continual pretraining and
warm-start with a permissive reward are not spe-
cific to Japanese, we expect that they can be applied
to other languages as well, yet further experiments
and language resources are needed to confirm this.

2 Model Development

Our goal is to train a model that produces Japanese
reasoning traces reliably. Prior work has trained
models to reason multilingually by aligning the rea-
soning process in the target language with that of
English, so that they reason in the same way (Zhu
et al., 2024; Ranaldi and Pucci, 2025). While this
approach is likely to be sample efficient and cost
effective, our focus is different: we study how reli-
ably reasoning-language behavior can be controlled
in Japanese, what capability cost this induces, and
how stable the behavior remains when reward pres-
sure is removed.

We first conduct a preliminary experiment to
evaluate which model is suitable for training a
Japanese-reasoning model. We evaluate Qwen-3-
8B, Qwen3-Swallow-8B-CPT-v0.2, and Qwen3-
Swallow-8B-RL-v0.2. Qwen3-Swallow-8B-CPT-
v0.2 is a continually pretrained model trained
on a large amount of Japanese data on top of
Qwen-3-8B. Qwen3-Swallow-8B-RL-v0.2 is a fine-
tuned version of Qwen3-Swallow-8B-CPT-v0.2
with instruction-following and English reasoning
ability. We run supervised fine-tuning (SFT) on
the three models with a small amount of Japanese
reasoning data and evaluate SFT loss as shown in
Figure 1; Qwen3-Swallow-8B-RL-v0.2 achieves
the lowest loss and is selected as the base model.

2.1 Warm Start with Supervised Learning

We start with supervised learning to train the model
to follow the format of the reasoning. Concretely,
we train the model to follow the following format:
<think>
[Reasoning in Japanese]

</think>
[Response in Japanese or English]

We use the math and coding subsets from
tokyotech-1lm/Swallow-Nemotron-Post-Training-
Dataset-v1'!, one of the SFT datasets used to train
Qwen3-Swallow-8B-RL-v0.2. We choose this
dataset so that the model learns only the format
and language of reasoning, allowing us to evaluate
the effect of reinforcement learning in isolation.
We translate the reasoning traces into Japanese
using gpt-o0ss-120b (Agarwal et al., 2025) so that
the model can learn Japanese reasoning-trace style
and format. We deliberately halt training before

"https://huggingface.co/
datasets/tokyotech-11m/
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convergence, so that GRPO can shape the model’s
own reasoning style in subsequent stages rather
than having it merely imitate translated English
reasoning. The details of the training are described
in Appendix B.

Necessity of Japanese pretraining. To test
whether Japanese continual pretraining is a nec-
essary condition for the language reward to work,
we apply the same SFT warm-start and the first
GRPO with permissive reward to Qwen-3-8B di-
rectly, bypassing the Swallow pretraining step. In-
spection of model generations at approximately
4,000 and 15,000 GRPO training steps reveals that
the model continues to reason in English through-
out: Japanese text appeared in <think> blocks
only when task instructions explicitly requested
Japanese output (e.g., OR-Tools problems instruct-
ing the model to explain in Japanese), and no spon-
taneous Japanese reasoning was observed at either
checkpoint (Table 1). This contrasts sharply with
the Swallow-based model, which reaches 100%
Japanese reasoning within a few hundred GRPO
steps (Table 2). The result is consistent with
the SFT loss comparison (Figure 1): without the
Japanese substrate established by Swallow pretrain-
ing, the language reward finds no Japanese-capable
region of the policy to reinforce. We conclude
that Japanese continual pretraining and the GRPO
language reward are jointly necessary.

2.2 Warm Start with GRPO with Permissive
Dense Reward

We find that it is inefficient to train the model as-is
with a strict reward that only rewards the model
for following the format and answering correctly,
as the model would not receive any reward and
thus would not learn. To address this issue, we first
use a permissive reward that gives partial rewards
to the model. The reward is additive across three
components: (1) a format component, awarded if
the response contains <think> and </think> tags;
(2) alanguage component, awarded if the reasoning
trace is in Japanese; and (3) an answer component,
awarded if the model’s answer is correct.

Given that the model fails to follow the for-
mat when the task is not in math or coding,
we expand the training to include several addi-
tional domains. Concretely, we use math, coding,
STEM, and instruction-following tasks including
rStar-Coder (Liu et al., 2026)%, AReaL-boba-2-RL-
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Code (Fu et al., 2026)°, Big-Math-RL-Verified (Al-
balak et al., 2025)*, and DAPO-Math (Yu et al.,
2026)°. In addition we synthesize Japanese coun-
terparts of the tasks using gpt-oss-120b so that the
model also learns with Japanese instructions.

Permissive reward improves learning signal.
By using the permissive reward, we observe that
most batches have some variation of rewards,
which allows the model to learn and improve its
generation. Figure 2(a) quantifies the necessity
of the SFT warm-start: without it, the fraction
of batches with zero reward standard deviation
(frac_reward_zero_std) averages 0.58 and peaks at
0.78 from the very first steps, indicating that GRPO
cannot extract any learning signal. With the SFT
warm-start this rate stays below 0.07 throughout
training, confirming that the warm-start is neces-
sary for GRPO to function in this setting. Fig-
ure 2(b) shows the training reward across both
GRPO stages (permissive then strict); the strict
stage begins with negative reward because the
harder reward function rejects outputs that the per-
missive reward had accepted, then recovers as the
model adapts.

2.3 GRPO with Strict Sparse Reward

After a few iterations of training with the permis-
sive reward, we find the model to be able to follow
the format but not consistently answer the question
correctly. We therefore apply a strict reward that
requires both precise formatting (a \boxed{} an-
swer) and correctness. In addition to the dataset
used in the first stage of the GRPO, we also sam-
ple instructions from extraction-wiki-ja® and 1lm-
jp/magpie’ (LLM-jp et al., 2024) so that the model
won’t overfit to math and coding tasks.

3 Evaluation

We evaluate two models trained with the proce-
dure of Section 2: CAT-Thinking, optimized for
single-turn reasoning, and CAT-Paws, additionally
trained on multi-turn coding, terminal interaction,

rStar-Coder
3https://huggingface.co/datasets/inclusionAl/
AReal-boba-2-RL-Code
*https://huggingface.co/datasets/SynthLabsAI/
Big-Math-RL-Verified
5https://huggingface.co/datasets/
BytedTsinghua-SIA/DAPO-Math
6https://huggingface.co/datasets/llm—jp/
extraction-wiki-ja
7https://huggingface.co/datasets/llm—jp/
magpie-sft-v1.0
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Figure 2: Training dynamics of the two GRPO stages. (a) Fraction of batches with zero reward standard deviation
(frac_reward_zero_std) during permissive GRPO with and without SFT warm-start. Without warm-start the fraction
exceeds 0.7 immediately and training yields no learning signal; with warm-start it remains below 0.07 throughout.
(b) Training reward across both GRPO stages (permissive then strict, separated by the dashed line); the strict reward
starts negative because its harder criterion rejects outputs the permissive reward had accepted. (c) Mean completion

length across the two stages.

Benchmark CAT-Thinking Swallow Qwen-3
English

PolyMath (En) 100 0 0

AIME 2026 100 0 0

HumanEval 100 25 0

MBPP 100 0 0

GPQA Main (En) 100 0 0
Japanese

PolyMath (Ja) 100 53 33

JHumanEval 100 61 43

GPQA Main (Ja) 100 73 34

Table 2: Fraction of reasoning traces in Japanese, mea-
sured as <think> blocks containing hiragana (%). CAT-
Thinking reaches 100% on every benchmark including
English-instruction tasks.

and tool-use tasks for agentic use. We focus here on
single-turn math and coding ability for both mod-
els; agentic evaluation of CAT-Paws is reported
in Appendix A. Throughout, we compare against
the base model Qwen-3-8B reasoning in English
(Qwen-3) and the continually pretrained Qwen-3-
Swallow-8B-RL-v0.2 (Swallow). Unless noted oth-
erwise, all runs use random sampling (temperature
= 0.8, top-p = 0.95, maximum of 4096 new to-
kens). Some of the datasets we used for training
were released after the benchmarks, so there may
be some contamination. The absolute scores should
be read as reference points rather than as held-out
measurements.

3.1 Reasoning Languages

We first evaluate if the models reason in Japanese.
Table 2 reports the fraction of <think> blocks with

Japanese. We use a heuristic to measure Japanese
reasoning as a text containing at least one hiragana
character. CAT-Thinking achieves 100% Japanese
reasoning on every benchmark, including those
whose instructions are entirely in English (Hu-
manEval, GPQA Main (En), MBPP). As shown
in Appendix D, CAT-Thinking generates the rea-
soning trace fully in Japanese instead of partially in
Japanese. By contrast, Swallow and Qwen-3 show
mixed behavior: both produce little or no hiragana
on English benchmarks, while on Japanese bench-
marks they still fall short of consistent Japanese
reasoning (e.g., GPQA Main (Ja): 73% for Swal-
low, 34% for Qwen-3), consistent with prior work
documenting that multilingual models default to
English (or Chinese) for intermediate reasoning
steps (Wang et al., 2025).

3.2 Math and Coding Tasks

The question is if the reasoning in Japanese comes
at a cost to performance, and if so, how large that
cost is. We evaluate on coding with MBPP (Austin
et al., 2021), HumanEval (Chen et al., 2021),
its Japanese translation JHumanEval®, and Live-
CodeBench v6 (Jain et al., 2025), and on math and
science using GPQA Main (Rein et al., 2024) and
PolyMath (Wang et al., 2026), each in English and
Japanese, and AIME 2026 (Dekoninck et al., 2026).
Figure 3 reports the results.

The results suggest that it is feasible to enforce
Japanese reasoning traces while largely retaining
performance on reasoning tasks. CAT-Thinking is
competitive with the other models in English tasks,

8https://github.com/KuramitsuLab/jhuman-eval
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Figure 3: Evaluation on single-turn coding and math benchmarks. We compare our Japanese-reasoning models,

CAT-Thinking and CAT-Paws, against the base models

Qwen-3-8B (reasoning in English) and Qwen-3-Swallow-

8B-RL. For every instance, CAT-Thinking and CAT-Paws generate their reasoning trace in Japanese, whereas the
comparison models reason in English. CAT-Thinking remains competitive with English reasoning on most English
benchmarks but trails on the Japanese benchmarks (GPQA (Ja), PolyMath (Ja)); CAT-Paws, optimized for multi-turn

agentic use, is weaker across single-turn tasks.

Benchmark CAT-Thinking Swallow Qwen-3-8B
JCM 86.7 88.3 70.8
ECM (JA translated) 72.2 75.9 72.9
Jubaku 85.8 97.9 92.9

Table 3: Cross-benchmark cultural evaluation summary
(%). The scores of CAT-Thinking are worse than Swal-
low in all three benchmarks.

but falls short on several Japanese tasks. We spec-
ulate this gap is due to the training mixture. Most
reasoning tasks used during SFT and GRPO are
in English, even though the reasoning traces are
in Japanese (Section 2). This is due to the lack of
Japanese resources in the math and coding domains,
which is a known limitation for developing multi-
lingual LLMs (Yong et al., 2025). This motivates
future work to expand Japanese training data for
reasoning tasks, and to explore whether the gap can
be closed by training on more Japanese reasoning
tasks.

3.3 Cultural Benchmarks

Intuitively, one would expect that reasoning in
Japanese would improve performance on tasks that
are culturally specific to Japan. Prior work has
shown that multilingual models can exhibit cul-
tural bias, and that reasoning in a target language
can improve performance on culturally specific
tasks (Yong et al., 2025). On the other hand, Ri et al.
(2026) show that reasoning tokens do not matter
in terms of safety judgments, which suggests that

reasoning-language control may not improve per-
formance on culturally specific safety tasks. CAT-
Thinking is trained for math, coding, and logical
reasoning tasks to improve the model’s reasoning
ability, but not for cultural or social judgment tasks.
We evaluate the effect of reasoning-language con-
trol to the model’s performance on cultural bench-
marks, specifically on the commonsense morality
and cultural-bias tasks.

We use the Japanese Commonsense Morality
benchmark (JCM; Takeshita et al. (2023))°, a
true/false dataset of 3,992 moral scenarios drawn
from everyday situations in Japan. To single out the
effect of Japanese language and Japanese culture,
we also evaluate on commonsense morality subset
of ETHICS dataset (Hendrycks et al., 2021) trans-
lated to Japanese using gpt-oss-120b, which we
call ECM-JA. ETHICS is collected from English
speakers from United States, Canada, and Great
Britain.

Table 3 summarizes the cross-benchmark com-

parison. CAT-Thinking scores lower than Swallow
in both JCM and ECM-JA. Because degradation
appears on both Japanese and translated-English
cultural evaluations, it is more likely that the per-
formance drop is due to a general degradation of
social/cultural judgment rather than a Japanese-
specific effect. In fact the training dataset for CAT-
Thinking is heavily skewed toward math, coding,

9https://github.com/Language—Media—Lab/
commonsense-moral-ja
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Figure 4: Layerwise logit-lens Japanese-token prefer-
ence on GPQA Main. CAT-Thinking and Swallow have
similar global area, but CAT is substantially higher in
the final layers.

and logical reasoning tasks, which may have caused
the model to forget its social/cultural judgment abil-
ity. The result suggests that it would be safe to in-
clude cultural and safety datasets in the reasoning
training because the model’s performance on cul-
tural and safety tasks may degrade by not including
them enough in the training dataset.

3.4 Layerwise Visualization by Logit-Lens

Is the reasoning language control we observe
a surface-level effect, or does it reflect deeper
changes in the model’s internal representations?
To study this question, we use the logit-lens tech-
nique (nostalgebraist, 2020), which projects hidden
states at each layer through the model’s unembed-
ding matrix to produce a distribution over the vo-
cabulary. Using logit-lens, we can measure if the
model’s representations at each layer are leaning
toward English or non-English tokens. In this way
we may visualize what change makes the reasoning
model to reason in Japanese. Note that logit-lens
is a probing tool and should be read as suggestive
rather than causal evidence. Also note that we can-
not distinguish between Japanese and Chinese at
the token level, because both languages share many
characters in CJK scripts; we therefore report non-
English vs. English tokens.

We run logit-lens across four datasets (GPQA
Main, GPQA Ja, AIME 2026, HumanEval), k = 5,
with 50 prompts per task (30 for AIME) for Qwen-
3, Swallow, and CAT-Thinking. We visualize the
logits of the first token of the reasoning trace, which
is the first token after <think>. Figure 4 shows the
result on GPQA Main (En). See Appendix C for the
visualization of the other datasets. Qwen-3 shifts to
English earlier in the model compared to Swallow
and CAT-Thinking. Swallow and CAT-Thinking

Single-instance logit-lens token map with manual labels
5 tanc 2 2

Label zh=Chinese,

cat-thinking | top-10 tokens per layer | log-normalized probability

Token probability (LogNorm)

Rank in top-k

Figure 5: Visualization of the top-k tokens for CAT-
Thinking on the first instance of the GPQA Main (En).
Japanese tokens appear to have high probability from
the early layers.

have similar curves in most of the layers except the
last few layers, where CAT-Thinking shifts to non-
English tokens whereas Swallow shifts to English
tokens. This suggests that the Japanese reasoning
traces are not a surface-level effect, but happens
relatively shallow layers in the model’s computa-
tion. We manually inspect the tokens and find that
the tokens by CAT-Thinking seem to be mostly
Japanese from the early layers (Figure 5) unlike
Qwen-3 and Swallow which show a lot of Chinese
tokens (Figure 9 in Appendix C).

More fine grained study would be needed to
understand the mechanism of reasoning-language
control. Especially for CJK scripts, it is difficult to
distinguish between Japanese and Chinese at the
token level, so we cannot quantitatively conclude
that the model is reasoning in Japanese rather than
Chinese.

4 Qualitative Analysis

The following analysis characterises CAT-Thinking
specifically and should not be interpreted as a
general account of Japanese reasoning or of non-



Representative opening sentences

FAOMBEZMAL LI anTnwEsn?

HAOA D E R T 50 EH ) T2
FAOHANE Z RS 2L ErH) T2
FAOMBEZEM L L FFanTuwahiigdl £9.
FAOMBEZEM L 3ddanz77IVIcEERTWETN?

Table 4: Selected variants of the permission-phrase ar-
tifact. The model inserts one of these sentences (or
a close variant) at the start of 84.8% of its reasoning
traces.

English reasoning models. As one of the few
available models explicitly optimized for Japanese
reasoning traces, we believe documenting its be-
haviours provides a useful reference for future
work.

4.1 An Emergent RL Artifact: The
Permission Phrase

In 84.8% of non-empty reasoning traces (643
of 758 across GPQA, AIME, HumanEval, and
MBPP), CAT-Thinking opens its (think) block
with a permission-seeking sentence of the form
“[Question type] =R < Z LT 3N TV E
3 H? 7 (“Am I permitted to solve this [question
type]?”). The rate is near-universal on reasoning-
heavy benchmarks (GPQA 99.6%, AIME 100%,
MBPP 100%) but falls to 31% on HumanEval,
which is consistent with the phrase having been
reinforced primarily on math and STEM training
examples.

Table 4 shows representative variants. The
phrase is not fixed: the model inserts a descrip-
tion of the problem type (“#{5 1 R EE”, “Et H
R R, “T = 2 87, etc.) and occasionally
frames the question as a category check (“ZFu] &
NEATITVNICEENTHETH ). De-
spite the surface variation, all instances follow the
same schema.

We attribute this to the format reward used dur-
ing permissive GRPO: a minimum reasoning-trace
length of 10 tokens was required for a non-zero
reward. We hypothesise that the model discovered
the permission-question as a low-cost preamble
that reliably satisfies the length threshold, and con-
verged on it. The phenomenon shows how RL can
produce stylistically distinctive artifacts that have
no counterpart in English-trained models.

4.2 Generation Example

Table 5 shows the reasoning traces of CAT-
Thinking and Qwen-3 on a matched GPQA bi-
ology question (both models answered correctly).

CAT-Thinking’s trace is markedly shorter (1,646
vs. 11,963 characters) and reasons by posing a se-
quence of verification questions to itself, reaching
the conclusion without explicit step numbering. We
speculate this is because we set the maximum num-
ber of output tokens to be 4,096 and penalized
the model for exceeding this limit during training,
which encourages the model to reason more con-
cisely. Qwen-3 opens with “Okay, let’s try to figure
out...”, proceeds through explicit enumeration of
options, and engages in overt backtracking. See
Appendix D for additional examples.

5 Related Work

Redirecting the language of reasoning. The line
of work closest to ours trains models to reason
in a chosen non-English language. Garcia et al.
(2026) fine-tune a model to reason in Portuguese
via supervised learning, and Gurgurov et al. (2026)
combine supervised fine-tuning with reinforcement
learning to shift reasoning into German, French,
Italian, and Spanish, reporting little performance
loss. Reasoning-focused systems such as Magis-
tral (Mistral-Al et al., 2025) and MAI-Thinking-
1 (Team, 2026) also use a language-consistency
reward, though there the goal is to suppress code-
switching rather than to install a specific reasoning
language.

Language-agnostic reasoning. A complemen-
tary view holds that reasoning should be disen-
tangled from any particular language: Zhao et al.
(2025) improve multilingual reasoning by remov-
ing language-specific components, and Ranaldi and
Pucci (2025) train language-agnostic reasoning tra-
jectories. Our goal is complementary: we study the
practical cost and stability of enforcing a specific
reasoning language at inference time, which makes
these approaches a useful point of contrast.

Does the language of reasoning matter? A
growing body of analysis examines how the choice
of reasoning language affects models. Sprague et al.
(2025) find that explicit reasoning helps mainly on
math and symbolic tasks, and work on language
mixing documents that RLMs spontaneously fall
back to English (or Chinese) during intermediate
steps (Wang et al., 2025), a phenomenon consistent
with the reversion we observe.



CAT-Thinking (1,646 chars, correct)

Qwen-3 (11,963 chars, correct)

G 3 NDNAIZ 7 o< F U 2 RT3 =00
[EER & L TR+ TH S alBEEH Y X
T 2L, PFRARMOEELY > 7L TIER-
b J=ht. PFA+DSG [EE{LY > 7L TIERo2 S
%< % 5 =ChIPY — 7 s SICRD ELFEET B
LV IHINTYT, H2HNLHHE L TUL. DSGhH®
YNV HEBMEFHZYRIL/ZY . 7 a<vF
WEELI LBz onN T T, FcHEMEL
ANfTRE—Y— - TN H—HIRITT 8y
HiahE T, BEPN AR EHELeTVD
»ry LNEHA. L LEMI BRIV ELE-5
BT Z@hT\Wbs X5 TT, [..]

Okay, let’s try to figure out this ChIP-seq question. So, the
question is about why some ChIP peaks disappear when us-
ing PFA+DSG fixation compared to just PFA fixation. The
antibody is for IKAROS, a transcription factor in human
B cells. The options are about where these disappearing
peaks are located. First, I need to recall what PFA and DSG
fixation do. PFA (paraformaldehyde) is a common fixative
that crosslinks proteins to DNA. DSG [...]

Table 5: Reasoning traces for a GPQA biology question (both models correct). CAT-Thinking reasons via a sequence
of questions to itself; Qwen-3 uses explicit step enumeration and overt backtracking. CAT-Thinking’s trace is 7x

shorter.

6 Conclusions

We presented an empirical case study of reasoning-
language control in Japanese with an 8B model.
We find that a Japanese reasoning model is feasi-
ble, and two key ingredients make it work in our
experiment: (1) Japanese continual pretraining to
establish a Japanese substrate, and (2) GRPO with
a language reward to steer the model’s reasoning
traces into Japanese.

Still the question is if it is worth the cost to en-
force Japanese reasoning traces. On raw capability,
the answer is currently no: a model that reasons
in English remains stronger on our benchmarks.
The value of Japanese reasoning therefore lies else-
where in potentially reducing English-anchoring
for sovereignty-oriented development (Takase and
Honda, 2026), and in producing reasoning that the
Japanese-speaking community can read and audit
directly. We caution that reasoning trace does not
reflect the computation that produced the answer,
and its interpretability is still an open question (Lan-
ham et al., 2023).

More broadly, our results temper the expecta-
tion that reasoning-language redirection is uni-
formly near-free beyond closely related European
languages. For typologically distant languages,
language control appears to require persistent op-
timization pressure and careful objective design.
We also highlight two evaluation lessons for the
community: parser choices can change benchmark
conclusions, and CJK token-level language attribu-
tion is often ambiguous and should be reported with
explicit uncertainty (e.g., bounds or non-English
vs. English splits). Our cross-benchmark cultural
results (JCM, ECM-JA, Jubaku) further indicate
that reasoning-language control alone does not im-

prove cultural alignment and may degrade it with-
out explicit alignment/culture supervision during
post-training.

We hope this work provides a practical baseline
for future multilingual reasoning research at larger
scales and across more languages.

7 Limitations

Our study has several limitations.

First, we study only one target language
(Japanese) and one model family at 8B scale. Al-
though Japanese is typologically distant from En-
glish, it is still relatively high-resource; the same
training recipe may fail or require substantially
more data for genuinely low-resource languages.

Second, our conclusions are based on one train-
ing pipeline and a limited set of ablations. We do
not isolate which ingredients are most responsible
for the observed capability gap and reversion dy-
namics (e.g., reward design, instruction language
mix, continual pretraining data, or model scale).

Third, our evaluation suite is broad but not ex-
haustive. Today there are many applications for
LLMs beyond what we evaluate here, and the per-
formance gap may be larger or smaller on other
tasks.
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A Agentic Evaluation

In addition to the math and coding datasets used for
CAT-Thinking, we also use tool usage datasets and
multi-turn datasets to improve the model’s agentic
capability.

We find the model to struggle to follow the for-
mat of the tool call in addition to reason in Japanese
at the same time even with the warm-start pipeline
used for CAT-Thinking. We speculate that be-
cause there is little to no tool usage dataset in
Japanese at the time of writing, it is difficult for
the model to generate a sequence of tokens to rea-
son in Japanese in a way it leads to using a tool
correctly. Concretely, we want a tool calling SFT
dataset that contains a sequence of reasoning in
Japanese and also somehow on-policy. Inspired
by the self-distillation approaches (Agarwal et al.,
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2024; Hiibotter et al., 2026; Shenfeld et al., 2026),
we synthesize a SFT dataset by prompting the de-
veloping model but with a system prompt that gives
the correct answer of the task. The following is an
example of the prompt used to synthesize the SFT
dataset for tool usage:'”

CONTEXT: ...

USER: Fetch news from the Guardian about
< technology in the UK.

SYSTEM: The answer is [{"name”: "news",

— "arguments”: {"category”: "technology"”,
— "country”: "gb", "domain":

— "theguardian.com”}}]. Please take into
< account of the given context and

< summarize it yourself. Then, respond
< based on your own judgment.

In this way, the model generates a Japanese rea-
soning trace that leads to the correct tool call with
higher probability. Interestingly, we find that the
model does not mention the fact that it is given the
answer in the system prompt, and instead it gener-
ates a reasoning trace that looks like it is reasoning
to the answer. This unfaithful reasoning is a known
phenomenon in LLMs that is problematic for a de-
ployed system (Turpin et al., 2023; Lanham et al.,
2023). We exploit this phenomenon to synthesize
a SFT dataset that contains (approximately) on-
policy reasoning traces in Japanese that lead to
the correct tool call without mentioning that it
was given the answer in the system prompt. We
synthesize 5k examples of tool usage SFT dataset
in this way and use it for the SFT of CAT-Paws,
which enables the model to solve tool calling tasks.
The other training procedures follow that of CAT-
Thinking.

We evaluate the agentic capability of CAT-
Paws on j-7-bench, a Japanese adaptation of 7-
bench (Barres et al., 2026). We run the telecom
domain in Japanese (telecom_ja) and English (tele-
com), using GLM-4.7-AWQ (Team et al., 2025)'!
as the user simulator and averaging over three trials.
As a more easily reproducible reference, we addi-
tionally run the Japanese domain with Qwen3.6-
27B-FP8 (Qwen Team, 2026)!? as the user sim-
ulator. Table 6 reports the results. CAT-Paws is

19The system message in the text is translated into English
for accessibility. Original system message text in Japanese is:
% 213 [{"name": "news", "arguments": {"category": "tech-
nology", "country": "gb", "domain": "theguardian.com"}}]
TY. GzoNHRzANTEZTIEEDO TS,
H o CHIl L TEEL T 23,

llhttps ://huggingface.co/QuantTrio/GLM-4.7-AWQ

Phttps://huggingface.co/Quen/Qwen3.6-27B-FP8

competitive with Qwen-3 on the telecom domain,
and slightly outperforms it on the Japanese domain.
As far as we are aware, j-7-bench is the only pub-
licly available benchmark for agentic evaluation in
Japanese. Further evaluation is needed to under-
stand the model’s performance on other agentic
tasks, including tool use and multi-turn coding.

Benchmark User LLM CAT-Paws Qwen-3
telecom_ja GLM-4.7 19.6 16.8
telecom GLM-4.7 20.7 20.4
telecom_ja Qwen3.6-27B 12.9 7.8
telecom Qwen3.6-27B 10.9 7.7

Table 6: Agentic evaluation on j-7-bench (telecom do-
main), averaged over three trials. telecom_ja is the
Japanese domain and felecom the English one; the User
LLM column gives the user simulator. Best score in
each row in bold.

B Training Hyperparameters

All the experiments are conducted with Hugging-
face’s transformers (4.57.6) (Wolf et al., 2020) and
trl (0.25.1) libraries (von Werra et al., 2020). vlim
(0.17.1) is used for generation for all experiments,
including GRPO and evaluations (Kwon et al.,
2023). All the training are run using PyTorch
FSDP2 (Fully Sharded Data Parallel) (Rasley et al.,
2020; Zhao et al., 2023).

B.1 Hyperparameters for SFT

Table 7 lists the hyperparameters used for the SFT
runs in the preliminary model selection experiment
(Section 2.1) and the SFT of the final model.

Hyperparameter Value
Precision bf16
Optimizer AdamW (8-bit)
Adam (3, / B2 0.9/0.999

LR scheduler cosine
Learning rate 7x 1076
Warmup ratio 0.05

Max gradient norm 1

NEFTune noise « 5

Per-device batch size 4

Gradient accumulation steps 2
Max sequence length
Sequence packing

Table 7: Hyperparameters for the preliminary SFT
model selection experiment. 4 A100 GPUs are used.
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Figure 6: Layerwise logit-lens Japanese-token prefer-
ence on GPQA Ja.

B.2 Hyperparameters for GRPO

Table 8 lists the hyperparameters for the two GRPO
stages (Sections 2.2 and 2.3). The parameters
mostly follow the default values in trl (von Werra
et al., 2020) which is largely based on Yu et al.
(2026). Because of the limited computational
resources, we do not perform a hyperparameter
sweep on the full experiments. Instead we inves-
tigate the generations of the model and tune the
hyperparameters based on the quality and diversity
of the generations so that the reward values of the
generations are likely to be different.

Hyperparameter Stage 1 (Permissive) Stage 2 (Strict)
Precision bf16

Optimizer AdamW (8-bit)
Learning rate 3 x 1076 5x 1076

LR scheduler cosine constant w/ warmup
‘Warmup ratio 0.05 0.06
Per-device batch size 4

Gradient accumulation steps 4 8

Generations per prompt 4 8

Max prompt length 1024 8192

Max completion length 4096 4200
Temperature 1.0 0.95

Top-p 0.95 0.98
Repetition penalty 1.02 1.01

KL coefficient 3 0

Epsilon (clipping) 0.2

Epsilon High (clipping) 0.28

Table 8: Hyperparameters for the two GRPO training
stages. Both stages use 4 GPUs with vLLM colocated
for generation.

C Additional Results on Logit-Lens

Figures 6, 7, and 8 show the logit-lens Japanese-
token preference on GPQA Main (Ja), AIME 2026,
and HumanEval, respectively. The main observa-
tion is that CAT-Thinking and Swallow are similar
in global area-under-curve on GPQA Main, but
differ strongly in where Japanese preference ap-
pears: Swallow is often higher in early/mid layers,
whereas CAT-Thinking is consistently much higher
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Figure 7: Layerwise logit-lens Japanese-token prefer-
ence on AIME 2026.

Logit-lens bounded Japanese token preference by depth
(Tasks: humaneval; probe at first reasoning token)
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Figure 8: Layerwise logit-lens Japanese-token prefer-
ence on HumanEval.

in the final layers.

Table 9 summarizes CAT-Swallow differences
by task. The late-layer gap is robust across all
tasks (last-6-layer mean delta +0.34 to +0.57),
while mid-layer differences are task-dependent
(CAT lower on GPQA tasks, slightly higher on
AIME/HumanEval). In particular, CAT-Thinking
reaches near-maximal Japanese preference at the
final layer on all tasks (last-layer mean ~ 1.0),
whereas Swallow remains low (0.00-0.16).

D Generation Examples by
CAT-Thinking

The following examples show the first instance
(index 0) from each benchmark domain. Reasoning
traces are abbreviated with “[...]”; reward is 1.0
for correct, 0.0 for incorrect.

AIME 2026 — Mathematics (reward 1.0; cor-
rect).

Prompt (abbreviated): “Patrick started walking
at a constant rate along a straight road from
school to the park. One hour after Patrick left,
Tanya started running along the same road [... ]
Tanya ran at a constant rate of 2 mph faster than



Task AAUC  AMid(40-70%) ALast6 EHICE b Y i'q“fz;\ 27 ;g F{ ; o
CELTHY JD IC 13 E L

GPQA Main  +0.003 20.098  +0.435 oA Lo fEHIC 1B

GPQA Ja +0.059 0053 +0.569

AIME 2026 +0.057 +0.021  +0.341 Do s .

HumanEval  +0.141 +0.033  +0.553 Response: % % ' D. polyA til [...] [D]

(correct: C)
Table 9: CAT-Swallow logit-lens deltas (CAT minus
Swallow). AUC is over all layers; Mid(40-70%) is the
middle-depth average; Last6 is the average over the final
six layers.

GPQA Main (Japanese prompt) — Science,
multiple-choice (reward 0.0; incorrect).

Patrick walked, Jose bicycled at 7 mph faster
than Tanya [...] All three arrived at the park at
the same time. Find the distance in miles from
school to the park.”

Reasoning (3,278 chars):

HAORFRMH M 2 L 13Ere 3 n
TWVETHL 2TV, ZoMEHITNK
e 2 7 & D REHENY A B oo A
IClEL. FFED T ) 8 FFIHE
SIS L E¥A. [..] S v Y
DO RFEZ=0E L. T4 F13t=17T
WHR Keldt=2THERL 3. &8
DRIFFICHFE LW I SotEndbh 9.
HifEED. Xk ) v 7oMI BVET S
ELTAFOHEIFvH2, RbEDHS
1dv+9 T, [..]

Response (abbreviated):

L] BEIL D = 22 < 40 (BEKI%
KO BOTm+n=252+25=[277]

GPQA Main (English prompt) — Science,

multiple-choice (reward 0.0; incorrect).

Prompt (abbreviated): “A large gene has
dozens of exons [...] the most common mu-
tations are central exon deletions that create
out-of-frame peptides [...] A solution is to de-
liver a Morpholino that recognizes the 5’ end
of the out-of-frame exon in pre-mRNA, pre-
venting spliceosome binding and generating
exon skipping [...] Which structure is not in-
volved in the proposed therapy? (A) Lariat
(B) Antisense (C) R-loop (D) polyA tail.”

Reasoning (1,490 chars):

FAOMHEZMRL Z L33 nTwn
203, ZoRMBEITENECE
fRFICE T 2 NET. HEDSOHT T
REFFIHICITFZ L L ERA. [..] €
W7+ JITFR ATV ITRXY
LAFRELTHRBEL. X754 >
TRMEEL 0. 57— MEEIE
AT T4y TBETERINS LD
T. [..1 K )ARIBILARFUMRNAD %
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The same question is presented in Japanese
translation. Notably, the reasoning trace opens
with a different permission-phrase variant: j&
LS & nEiEIc Bl 7 2 8 = R
T LREDH ) £ T H 2 rather than the
“U AD” prefix observed on English-language
benchmarks.

Reasoning (1,535 chars):

B fn i & nikIc B 5 5 R =
R a0Eedh) £302 L (12
ZINHEEICEGRL TG e
ncTn? | LtwiIyoTT, BIRE
X (el 740 JEREL, A7 54
V) — LD ERFE. T oD
2x T ETL—LHNOHEE LK
T5] ZrxTT. [L..]1 RVAT AL
IIMRNAD ZEMCIEICEH LY £
bi. AT IS5 4L Y ZICIIEEEYS L E
HAD? T Fr A TEERGL £
3. Rl — 7135 L DNAFR§RIC B
DY ETH. ATI4L 2 el B
PN EEAN?L..]

Response: &2 A. R AT —IL [...]
(correct: C)

HumanEval — Coding (reward 1.0; correct).

Prompt (function signature shown, instruction
appended in Japanese: |t Python » )
R Dsignaturek 3 > > N ZICIC. 2D A
Vo ROFELZTERS T3 N):

def has_close_elements(numbers: List[float], thresho:
""" Check if any two numbers in the list are closer -

Reasoning (1,226 chars):

DTy ZA 0 %% T 3T50ERH) £
T2 v, BRNZIER» S £
T [H2 5N =5M T T, Python #
oy ROFEZTRIES] WO N
BT, I 7m s 2 ol
TF. [..] MEMLFEEE LTI,
U= MRICHEEFZEOE T F v Y
TEHEPHY £9. EFREILOM log
nNTY. [...]

Response (i Bi—explanation of algorithm—



followed by implementation):

def has_close_elements(numbers, thresho
if len(numbers) < 2:
return False
numbers.sort()
for i in range(len(numbers) - 1):
if numbers[i + 1] - numbers[i] < th
return True
return False

MBPP — Coding (reward 1.0; correct).

Prompt: “Write a python function to find
the first repeated character in a given
string. Name the function as follows: def
first_repeated_char(str1):”

Reasoning (941 chars):

FAOMBEZML Z LIZFF T3 nTwn
FTH 21TV, CoOMEIITr I 2
CIICETAENAET. RESOYT T
CHELNFICIEZYL F¥A. [L..]
IR g e LTiE. ErsHENE
"L, &EXFodHEERZH 2 T.
EANC2EHICHBL =2 XFZRTD
DT, LTI ZEDH LR L
WIS, NoneziR3 kIl F
T, [...]

Response (fiff Si—explanation—followed by
implementation):

def first_repeated_char(str1):
seen = set()
for ch in stri:
if ch in seen:
return ch
seen.add(ch)
return None
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1d) -

Single-instance logit-lens token map with manual labels

Labels: zh=Chinese,

glish, j

qwen3 | top-10 tokens per layer | log-normalized probability
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Single-instance logit-lens token map with manual labels
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Figure 9: Visualization of the top-k tokens for Qwen-3
and Swallow on the first instance of the GPQA Main
(En).
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