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Abstract

Recent advances in Reinforcement Post-
Training (RPT) have substantially improved the
mathematical reasoning capabilities of large
language models (LLMs), but it remains un-
clear how well such gains transfer across lan-
guages. In this work, we study cross-lingual
mathematical reasoning transfer in English-
centric LLMs under controlled multilingual
evaluation. We first evaluate a range of English-
centric reasoning models on multilingual math-
ematical reasoning benchmarks and find that
transfer is highly variable across initial model
choice, target language, and training paradigm.
Through controlled comparative experiments,
we further find that stronger English-centric ini-
tialization does not necessarily lead to stronger
relative transfer efficiency, even when it yields
higher multilingual reasoning accuracy. Fi-
nally, we show that the largest improvement
comes from moving beyond English-only su-
pervision: adding a single parallel language
yields a substantial gain, while further gains
from additional languages are smaller but con-
sistent. Overall, our results highlight the need
to evaluate multilingual mathematical reason-
ing directly, using both absolute performance
and relative transfer-efficiency metrics.

1 Introduction

Recent advances in Reinforcement Post-Training
(RPT) (OpenAl et al., 2024; Team et al., 2025;
Yang et al., 2025a) have substantially improved
the reasoning capabilities of large language models
(LLMs), especially on mathematical benchmarks.
In particular, Reinforcement Learning with Verifi-
able Rewards (RLVR) (Lambert et al., 2025; Guo
et al., 2025) has led to strong gains on datasets
such as MATH (Hendrycks et al., 2021) and AIME.
As these models continue to improve on English
reasoning benchmarks, an important question is
whether such gains transfer beyond English. Prior
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work has mainly studied transfer across tasks or
modalities (Chu et al., 2025; Liu et al., 2025a;
Hu et al., 2026; Huan et al., 2025; Zhou et al.,
2025), while cross-lingual transfer remains less
understood.

This question matters for both multilingual use
and model analysis. Strong English reasoning per-
formance does not guarantee equally strong perfor-
mance for multilingual users, especially when users
require both correct answers and interpretable rea-
soning traces in their own language. More broadly,
cross-lingual transfer offers a way to probe what
English-centric post-training learns: transferable
reasoning behavior, language-specific patterns, or
some combination of both. This motivates the cen-
tral question of this paper:

(Q) To what extent does mathematical reason-
ing acquired through English-centric post-
training transfer across languages under con-
trolled multilingual evaluation?

We answer this question in three stages. We
first conduct an observational study over open-
source English-centric reasoning models and find
that cross-lingual transfer is highly variable across
initial model choice, target language, and train-
ing paradigm. We then run controlled compara-
tive studies on initialization type, model family,
and model size. Across these settings, stronger
English-centric initialization does not necessarily
correspond to larger relative cross-lingual transfer
gains. Finally, we study parallel multilingual su-
pervision and find that it substantially improves
transfer, with the largest gain appearing when mov-
ing from monolingual to bilingual training.

Our contributions are threefold. First, we pro-
vide an exploratory empirical study of cross-lingual
mathematical reasoning transfer in English-centric
LLMs, using both absolute performance and rela-
tive transfer-efficiency metrics. Second, under con-
trolled GRPO-based post-training, we show that



transfer varies across initialization type, model fam-
ily, and model size. Third, we find that parallel
multilingual supervision improves transfer in our
setting, with the largest observed single-step gain
from English-only to bilingual training and smaller
but consistently positive gains from additional lan-
guages.

We organize the paper around the following re-
search questions:

* RQI: To what extent do English-centric LLMs
transfer mathematical reasoning across lan-
guages? (Section 2)

* RQ2: What factors are associated with stronger
or weaker cross-lingual transfer under controlled
post-training settings? (Section 3)

* RQO3: How can cross-lingual transfer be im-
proved effectively? (Section 4)

2 Observational Study

To answer RQ1—7To what extent do English-centric
LLMs transfer mathematical reasoning across lan-
guages?—we begin with an observational study of
open-source reasoning models. This analysis estab-
lishes whether cross-lingual transfer is present and
examines how it varies with model initialization,
target language, and training paradigm.

2.1 Setup

Models. We evaluate open-source reasoning
models tuned with either SFT or RLVR, includ-
ing the Simple-Zoo (Zeng et al., 2025), s1 (Muen-
nighoff et al., 2025), OpenThinker (Guha et al.,
2026), Open-Reasoner-Zero (Hu et al., 2025), and
DeepSeek-R1-Distill (Guo et al., 2025) series.

Benchmarks. We evaluate on multilingual math-
ematical reasoning benchmarks, including the mul-
tilingual versions of MATHS500 (Hendrycks et al.,
2021), AIME2024, and AIME2025 from XReason-
ing (Qi et al., 2025). We also include multilingual
GPQA-Diamond (Rein et al., 2023) from Bench-
MAX (Huang et al., 2025) as an out-of-domain
reasoning benchmark. The evaluation includes
English(En), Spanish (es), Russian (ru), German
(de), French (fr), Bengali (bn), Swahili (sw), Thai
(th), Japanese (ja), Chinese (zh), and Telugu (te)—
yielding eleven evaluation languages in total. More
details are given in Appendix C.1.

Language-controlled prompting. Following
prior work (Luo et al., 2025; Wang et al., 2025b; Qi
et al., 2025), we concatenate the language control
instructions after the input prompts to make the
model generate responses using the same language
as the query. This setup reflects multilingual
application scenarios where both the answer and
the reasoning trace should be understandable in
the user’s language (Yong et al., 2025; Wang et al.,
2025a; Zhang et al., 2026). The full prompts are
provided in Appendix H.2 and H.3.

Metrics. We report reasoning accuracy (Acc)
as the main task metric, and off-target rate (Off-
target) to measure how often a model fails to re-
spond in the requested language, using the LangDe-
tect library. In all evaluation settings, correctness
is determined from the final answer only. Interme-
diate reasoning traces are not scored. Therefore, a
model does not receive higher accuracy simply for
producing its reasoning trace in the target language.

To quantify relative transfer, we also use the
Multilingual Transferability Index (MTI), follow-
ing prior work (Huan et al., 2025; Huang et al.,
2026). MTI is intended to measure how much of
the gain obtained in the training language transfers
to unseen languages. Since base difficulty varies
across languages and benchmarks, absolute accu-
racy alone is not sufficient for this purpose.

Let Acc}ﬁi“ed and Acc'g“‘f'3 denote the accuracy of
a trained model and its Cénesponding base model
on benchmark b and language I. We define the
relative gain on language [ as

trained base
Accb7 jned — Accb’ )

base
Accb, ;
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For a training language set Lyin, the average rela-
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We define the MTI for an unseen language lynseen as
the average benchmark-level relative transfer ratio:
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An MTI of 1 indicates that the relative gain on
an unseen language matches the average gain on
the training language(s); values below 1 indicate
weaker relative transfer, and values above 1 in-
dicate stronger relative transfer. MTI measures
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Figure 1: Cross-lingual transfer across open-source reasoning models. The /eft panel reports average MTI across
four benchmarks and eleven languages. The right panel shows average transfer behavior on multilingual MATH500,

comparing SFT-tuned and RL-tuned models.

relative transfer efficiency rather than absolute mul-
tilingual reasoning ability: it captures how much
of the training-language gain is reflected in unseen
languages. Thus, a high MTI can still correspond
to low absolute accuracy, especially from a low
base accuracy. For this reason, we use MTI only
as an auxiliary diagnostic and interpret it together
with absolute accuracy, non-English average ac-
curacy, low-resource accuracy, and off-target rate
throughout the paper, detailed in Appendix E.2.

As a robustness check in Appendix F.1, we also
repeated the main analyses with alternative transfer
metrics, including normalized gain and raw gain
ratio, and examined the sensitivity of MTI to low-
base-accuracy cases. The numerical values differ,
but the main qualitative conclusions remain un-
changed.

2.2 Main Results

The main result of this section is that cross-lingual
transfer of mathematical reasoning is highly vari-
able. Figure 1 shows that strong English reasoning
does not reliably yield equally strong multilingual
performance, and transfer varies across model ini-
tialization, training paradigm, and target language.

Model choice matters. Transfer varies sub-
stantially across models. Even under matched
training settings, multilingual performance dif-
fers markedly across languages. For example,
SimpleRL-Qwen-7B shows slightly higher trans-
ferability than SimpleRL-Qwen-Math-7B, despite
using the same training data, training paradigm,
and hyperparameters.

English performance is not enough. High En-
glish performance and strong multilingual transfer
are related, but not identical. Some models that

perform well in English do not maintain equally
strong multilingual performance, while others with
weaker English starting points show larger relative
gains after post-training. English evaluation alone
is therefore insufficient for characterizing multilin-
gual transfer.

Training paradigm matters. In the open-source
model comparison, RL-tuned models generally
show stronger multilingual performance than SFT-
tuned models, especially in lower-resource lan-
guages such as bn, sw, and te. In these languages,
SFT-tuned models often show weak or negative
transfer, whereas RL-tuned models more often
yield positive gains. Because the compared models
also differ in initialization, training data, and imple-
mentation details, we treat this as an observational
pattern rather than a controlled comparison of SFT
and RL. A matched SFT-vs.-GRPO comparison on
Qwen2.5-7B-Instruct is provided in Appendix E.1.

Target language matters. Transfer is not uni-
form across languages. Higher-resource languages
are generally more stable, whereas lower-resource
languages show larger relative variation across
models and training paradigms. This suggests that
cross-lingual transfer depends not only on English-
side training, but also on properties of the target
language.

3 Controlled Comparative Study

The observational study shows that cross-lingual
transfer is highly variable, but open-source model
comparisons cannot isolate the sources of this
variation because models differ in initialization,
data, optimization, and model family. To answer
RQ2, we conduct controlled studies of initializa-
tion type, model family, and model size under



matched GRPO-based post-training.
3.1 Setup

Training data. We use a compact training set
of 1,000 examples sampled from the MATH train-
ing split, following prior work on small but care-
fully designed reasoning supervision sets (Ye et al.,
2025; Muennighoff et al., 2025). All controlled
studies in this section use the same training set
unless otherwise noted. Details are provided in
Appendix D.2.

Post-training algorithm. We use Group Relative
Policy Optimization (GRPO) (Shao et al., 2024) as
our RPT algorithm. Following prior work (Mistral-
Al et al., 2025; Zhang et al., 2026), the policy is
optimized with a composite reward that combines
reasoning accuracy, response format, and language
consistency:

R= )\1Racc + >\2Rformat + /\SRlang~ 4

Here, R,.c rewards correctness, Rfomat €ncourages
well-formed reasoning traces, and Rj,ng encourages
responses in the target language. Hyperparameter
details are given in Appendix D.4 and F.3.1.

Because the objective includes formatting and
language-consistency terms, gains should not be
interpreted as pure reasoning gains alone; we keep
the objective fixed across settings for controlled
comparison.

Controlled factors. We study three factors: ini-
tial model type, model family, and model size. In
each case, all training data and optimization set-
tings are fixed.

3.2 Initial Model Type

We first study the effect of initial model type using
three Qwen2.5-7B variants: a general base model,
an instruction-tuned model, and a math-specialized
model. Table 1 shows a trade-off between final
multilingual performance and relative transfer ef-
ficiency. The instruction model achieves the high-
est multilingual accuracy after English-only post-
training and the lowest off-target rate, but the base
and math-specialized models obtain higher MTL.
This suggests that stronger final multilingual perfor-
mance and stronger relative transfer efficiency are
not always aligned under our setup. Notably, this
observation concerns relative transfer efficiency
rather than final multilingual performance, which
remains highest for the instruction-tuned model
under our setup.

Model Acc  Off-target MTI
Qwen2.5-7B-Base 12.00 11.41 -
% GRPO on En Data  22.45 3.12 1.95
Qwen2.5-7B-Instruct 22.45 1.43 -
% GRPO on En Data  23.51 0.94 1.23
Qwen2.5-Math-7B 12.25 22.59 -
% GRPO on En Data  19.37 9.50 2.12

Table 1: The Impact of Initial Model Type. Aver-
age Accuracy (%), Off-target rate (%), and MTT across
eleven languages on four benchmarks.

3.3 Model Family

We next compare Qwen2.5-7B-Instruct (Qwen
et al., 2025) and Llama3.1-8B-Instruct (Grattafiori
et al., 2024) under the same English-only GRPO
setup to test whether the pattern above persists
across model families.

Figure 2 shows that English-only GRPO im-
proves performance in both English and unseen
languages for both families. However, the relative
gains differ substantially: although Llama3.1-8B-
Instruct starts from weaker English performance
than Qwen2.5-7B-Instruct, it exhibits larger rel-
ative gains across languages. This suggests that
cross-lingual transfer is not simply determined by
English performance alone. At the same time, this
comparison does not isolate a pure family effect,
since differences in tokenization, pretraining data,
and architecture remain entangled. Notably, this
comparison concerns relative gains rather than final
multilingual accuracy, and should be interpreted ac-
cordingly.

3.4 Model Size

We finally compare Qwen2.5-1.5B-Instruct and
Qwen2.5-7B-Instruct under the same English-only
GRPO setup to study how the observed pattern
changes with model scale.

Figure 3 shows that the effect of model scale is
benchmark-dependent. On multilingual MATHS00,
the 1.5B model gains more than the 7B model,
suggesting greater headroom on the in-domain
task. On multilingual AIME24/25, however, the
7B model attains stronger final performance on
the harder benchmarks despite smaller gains on
MATHS00. On multilingual GPQA-Diamond, the
smaller model again shows larger improvements,
while the 7B model improves only marginally and
can even degrade in English. One possible expla-
nation is that the small math-only training set over-
specializes the 7B model toward mathematical rea-
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Figure 3: Effect of model size under controlled English-only post-training. APerformance denotes the average
accuracy gain over the initial model, averaged across English and unseen languages.

soning, which can hurt out-of-domain scientific
QA. Overall, the observed transfer pattern depends
on the interaction between initial model strength
and benchmark difficulty, rather than on model size
alone.

4 Parallel Training Study

The controlled comparative results suggest that
cross-lingual transfer in English-centric post-
training is unstable and sensitive to initialization
and alignment choices. We therefore ask RO3—
How can cross-lingual transfer be improved effec-
tively? In this section, we study a simple inter-
vention: adding multilingual parallel supervision
during post-training.

Our main finding is that the monolingual-to-
bilingual transition yields the largest observed
single-step improvement. Additional languages
provide smaller but positive gains.

4.1 Setup

We use Qwen2.5-7B-Instruct as the main initial
model and post-train it with GRPO on the same
1,000 English MATH examples used in Section 3,
together with increasing numbers of parallel lan-
guages. The parallel problem sets are drawn from
the multilingual MATH dataset described in Ap-
pendix C.1, covering seven additional languages:
es, ru, de, fr, bn, th, zh. We validate the multilin-
gual data with Qwen3-32B to screen for translation

errors, with details and summary statistics reported
in Appendix C.1. By varying the number of added
languages from one to seven, we obtain a sequence
of models that differ only in the amount of multilin-
gual supervision. The full language configurations
are given in Table 23.

We evaluate these models on multilingual
MATHS500 across eleven languages, using abso-
lute accuracy as the primary metric and MTI as
an auxiliary measure of relative transfer efficiency.
Unless otherwise stated, this section focuses on
multilingual MATHS500, which provides the clear-
est view of the monolingual-to-bilingual transition
in our setup.

The Power of Bilingual Training The most di-
rect pattern in Figure 4 is that the largest observed
single-step gain occurs when moving from English-
only to bilingual parallel training. Using Qwen2.5-
7B-Instruct as the initial model, average accuracy
increases from 54.24 to 57.87, while MTI increases
from 1.16 to 2.50. Importantly, this improvement
is not limited to MTI. As shown in Appendix E.2,
the same transition improves non-English average
accuracy from 51.74 to 55.82, reduces the English—
non-English gap from 27.46 to 22.58, and im-
proves low-resource average accuracy from 29.53
to 36.27.

We refer to this observed pattern as the First-
FParallel Leap. This term denotes an empirical
marginal-gain pattern in our setting: the first added
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parallel language accounts for the largest single-
step improvement, while additional languages con-
tinue to provide smaller but positive gains. Thus,
moving beyond English-only supervision is espe-
cially important, while multilingual benefits do not
saturate after one added language.

Beyond Bilingual: Positive but Diminishing Re-
turns Beyond the bilingual setting, performance
continues to improve as more parallel languages
are added, but the gains are smaller. Figure 4 shows
a smooth sub-linear trend in both MTI and aver-
age accuracy. To summarize this pattern, we fit a
power-law-like function

F(X) = aX?, 5)
where X is the number of training languages. We
fit only configurations with X > 2 to separate
the monolingual and multilingual regimes. The
resulting fits are:

Accuracy:  f(X) = 56.98 X092,

Transferability:  f(X) = 2.00X%%. ©
We use this Parallel Scaling Trend as a de-
scriptive summary of the bilingual-to-multilingual
regime, rather than as a universal scaling law. The
sub-linear exponents indicate diminishing returns
as more languages are added. To characterize the
monolingual-to-bilingual transition, we rely pri-
marily on observed marginal gains: the largest
single-step improvement occurs when moving from
English-only to bilingual parallel training, while
additional languages continue to yield smaller but
positive gains. Appendix E.3 compares alternative
functional forms and reports influence diagnostics,
supporting the use of the power-law-like curve as a
compact descriptive fit for the multilingual regime.

4.2 Additional Analysis and Discussion

Fixed training budget. A possible alternative
explanation is that parallel training helps simply
because it uses more data. To test this, we fix the
total number of training examples and vary only
the composition. Specifically, we compare scal-
ing English-only data (e.g., 2V English examples)
with replacing part of it by parallel multilingual
data (e.g., N English + N Russian). Here, 2N
and 3N denote matched budgets of unique train-
ing examples rather than repeated epochs over the
same /N examples. Table 2 shows that multilingual
mixtures yield stronger cross-lingual transfer than
monolingual scaling alone.

Budget Type Acc Off-target MTI
1x 1xEn 5424 049 1.16
2% 2xEn 55.82  0.58 1.92
2% 1xEn+1x Ru 57.87  0.20 2.50
3x 3xEn 57.13 042 2.38
3x 1xEn+1x Ru+1x Fr 5838  0.24 2.65

Table 2: The Fixed-Budget ablation experiment based
on Qwen2.5-7B-Instruct.

Parallel vs. non-parallel data. We also compare
parallel bilingual supervision against non-parallel
multilingual data. This comparison separates mul-
tilingual exposure from cross-lingual alignment. In
the parallel setting, the model sees aligned versions
of the same mathematical problems across lan-
guages, whereas in the non-parallel setting, it sees
different problems in different languages and there-
fore has greater problem diversity. An exposure-
or diversity-based explanation would predict com-
parable gains from non-parallel multilingual su-
pervision. Figure 6 shows that parallel data yields
stronger gains, suggesting that same-problem cross-



lingual alignment is an important part of the bilin-
gual improvement. Additional group-level statis-
tics are provided in Appendix E.4.

Does the chosen language matter? A practical
question is whether the gain depends strongly on
which bilingual language is added. Figure 7 shows
that adding one parallel language consistently im-
proves transfer, with modest differences across
Russian, Bengali, German, and Chinese. Thus,
the bilingual gain is robust to the choice of added
language, although some language-specific effects
remain.

Scaling the amount of training data We also
study whether the benefit of parallel training per-
sists as the amount of training data increases. Fig-
ure 5 compares the 1K and 3K training data for
each language under English-only, bilingual, and
trilingual training settings. Increasing the train-
ing data improves both MTI and average accu-
racy, while the relative pattern remains stable: the
largest gain comes from moving from monolingual
to bilingual training, and adding a second parallel
language yields a smaller additional improvement.

MTI Accuracy

58
2

56

54

1 2 3 1 2 3
Number of Training Languages Number of Training Languages

—e— 1K training data 3K training data

Figure 5: Scaling training data based on Qwen2.5-7B-
Instruct.

Prompt ablation. A possible concern is that the
bilingual gains in the main setting are driven by
explicit language-control prompting. To test this,
we compare two evaluation protocols: language-
controlled prompting, used in the main experi-
ments, and no language control, where all explicit
target-language instructions are removed. We eval-
uate two Qwen2.5-7B-Instruct-based models: an
English-only GRPO model and an English+Ru
parallel-trained GRPO model. Table 3 shows that
the bilingual gains are not reducible to test-time
prompt control alone. Without language-control
prompts, the English-only model exhibits severe
language drift, whereas the parallel-trained model
maintains near-zero off-target behavior and slightly
higher accuracy. Under language-controlled eval-
uation, the parallel-trained model also remains

stronger in accuracy.

Evaluation Training Acc Off-target
No language control ~ English-only 57.82 75.76
No language control  English+Ru  58.43 0.36
Language-controlled English-only 54.20 0.50
Language-controlled English+Ru  57.90 0.20

Table 3: Prompt ablation. Average accuracy and off-
target rate on multilingual MATHS500 under two evalua-
tion protocols.

Extension across model families and source lan-
guages. We repeat the analysis on Llama3.1-8B-
Instruct and observe the same qualitative pattern
in Figure 4: the largest gain comes from moving
beyond English-only training. We further test a
Chinese-centric variant in Table 4. The same trend
appears there as well: adding one parallel language
yields the largest improvement, while adding an-
other language provides a smaller additional gain.
These results suggest that the bilingual gain is not
specific to a single model family or source lan-
guage.

Training Data Acc Off-target MTI
Zh 55.00 0.38 0.86
Zh + Ru 5813(+313) 0.26(,0_12) 1.69(+0‘83)
Zh + Ru + Fr 58.76(4,3'76) 0.23(,015) 1.87(4,1‘01)

Table 4: Chinese-centric parallel training results on
multilingual MATHS500.

Robustness to transfer metric choice. We fur-
ther examine whether the observed monolingual-to-
bilingual gain depends on the specific formulation
of MTI. To this end, we repeat the main parallel-
training analysis using two alternative transfer met-
rics, normalized-gain ratio and raw-gain ratio in
Table 14, and additionally test the sensitivity of
the results to low-base-accuracy cases by exclud-
ing unseen-language cases below different base-
accuracy thresholds in Table 15. While the absolute
values differ across metrics and filters, the main
qualitative result remains unchanged: the largest
improvement still comes from moving from mono-
lingual to bilingual training. This suggests that the
bilingual gain is not specific to the original MTI
definition (Appendix F.1).

5 Related Work

Reasoning Transfer Recent large reasoning
models (LRMs) have been driven by reinforcement-
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Figure 7: The impact of the selected parallel language. Multilingual reasoning performance across different
single-language parallel training settings based on Qwen2.5-7B-Instruct.

learning-based post-training. OpenAI’s O1 (Ope-
nAl et al., 2024) and DeepSeek-R1 (Guo et al.,
2025) show that RL can substantially improve
mathematical reasoning, especially when com-
bined with verifiable or rule-based rewards (Shao
et al., 2024). As these models improve, an im-
portant question is how well the acquired reason-
ing behavior transfers beyond the training setting.
Prior work has mainly studied this problem across
tasks (Hu et al., 2026), domains (Huan et al., 2025;
Chu et al., 2025), or modalities (Liu et al., 2025a),
showing that RL-induced gains may not transfer
uniformly beyond the training setting. Our work
is complementary to this line of research: instead
of cross-task or cross-modal transfer, we focus on
cross-lingual transfer of mathematical reasoning.

Cross-Lingual Transfer Cross-lingual transfer
in English-centric LLMs has been widely studied
in multilingual NLP, alignment, and reasoning set-
tings. Prior work shows that English-trained re-
ward models (Wu et al., 2024; Hong et al., 2025),
preference alignment (Yang et al., 2025¢,b), and
lightweight multilingual adaptation (Li et al., 2024;
Chirkova and Nikoulina, 2024) can often gen-
eralize beyond English. In multilingual reason-
ing, recent studies examine model merging for
mathematical capability transfer (Bandarkar et al.,
2025), cross-lingual test-time scaling (Yong et al.,
2025), response-language control (Qi et al., 2025),

language-reasoning disentanglement (Zhao et al.,
2025), and RL training on non-English data (Huang
et al., 2026). Parallel multilingual data has also
been shown to improve multilingual capability
in prompting and pretraining settings (Mu et al.,
2024; Qorib et al., 2025). Our work is complemen-
tary: we study cross-lingual transfer in reasoning-
oriented post-training, compare same-problem par-
allel supervision with non-parallel multilingual ex-
posure, and analyze how transfer changes as the
number of parallel training languages increases.

6 Conclusion

We study cross-lingual mathematical reasoning
transfer in English-centric LLMs under multilin-
gual evaluation. Our results show that transfer ex-
ists but is highly variable, and that English rea-
soning performance alone does not reliably pre-
dict multilingual performance. Through controlled
GRPO-based experiments, we find that stronger ini-
tialization can improve final multilingual accuracy
without necessarily improving relative transfer effi-
ciency. We further show that parallel multilingual
supervision improves transfer in our setting, with
the largest observed single-step gain from English-
only to bilingual training. Overall, our findings
highlight the need to evaluate multilingual reason-
ing directly using both absolute performance and
relative transfer-efficiency metrics.
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Limitations

Our study has several limitations. First, our con-
trolled experiments remain small-scale compared
with production-level reasoning post-training, even
though we extend the training data from 1K to
3K examples and observe the same qualitative pat-
tern. The results should therefore be interpreted
as evidence under our controlled setup rather than
as claims about large-scale post-training dynam-
ics. In addition, our controlled experiments are
primarily based on GRPO, so they should not be
read as a general comparison of all RL-style post-
training methods against SFT. Second, our multi-
lingual evaluation relies on translated benchmarks,
which may introduce language-dependent artifacts
such as wording shifts, notation mismatch, or un-
even difficulty across languages. Evaluation is also
conducted under language-controlled prompting,
so the reported gains may reflect language com-
pliance and response-format stability in addition
to task-solving ability. Finally, MTI is used only
as an auxiliary diagnostic of relative transfer effi-
ciency. It can be unstable in low-accuracy regimes
and should not be interpreted as a measure of abso-
lute multilingual reasoning ability. Similarly, the
power-law-like trend in the parallel-training study
is intended as a descriptive summary of the ob-
served bilingual-to-multilingual regime, rather than
as a theoretical scaling law. Overall, our controlled
results establish empirical associations rather than
a definitive causal mechanism.

Ethical Considerations

This work studies the cross-lingual transfer of math-
ematical reasoning in English-centric LLMs. Our
contributions are primarily empirical and method-
ological: we analyze transfer behavior under con-
trolled multilingual evaluation and study training
interventions that may improve multilingual rea-
soning performance. We use publicly available
benchmarks that do not contain sensitive personal
information to the best of our knowledge. At the

same time, multilingual evaluation based on trans-
lated benchmarks may overstate or understate per-
formance in some languages if translation artifacts,
notation mismatch, or mixed-language mathemati-
cal responses are not carefully accounted for. Im-
provements in response-language control should
therefore not be interpreted as complete evidence
of robust multilingual reasoning in real-world set-
tings.
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A Reproducibility Statement

Code and model weights will be released upon pub-
lication. For evaluation, we follow prior works and
report averaged results over 16 sampled genera-
tions per question on data-scarce benchmarks. All
evaluations are conducted with temperature set to
0.6 and top-p to 0.95, with the random seed fixed
to ensure deterministic outputs across runs. Note
that minor variations in inference results may still
occur due to differences in hardware or the version
of the inference framework.

B The Usage of AI Assistants

We declare that the Al Assistants (ChatGPT and
Gemini) were only used to refine the fluency of
certain sentences during the writing of this paper.
Every sentence polished with the LLM was care-
fully reviewed and approved by the authors. The
LLM was not used for any other part of this re-
search.

C Evaluation Details and Setup
C1

We use the multilingual version of these four rea-
soning benchmarks provided in (Qi et al., 2025),
which use GPT-40 (OpenAl et al., 2024) to trans-
late all questions into the other ten languages Span-
ish (es), Russian (ru), German (de), French (fr),
Bengali (bn), Swahili (sw), Thai (th), Japanese (ja),
Chinese (zh), and Telugu (te), resulting in a total of
eleven languages for evaluation.

Multilingual Reasoning Benchmarks

MATHS00 The MATHS500 (Hendrycks et al.,
2021) benchmark assesses the mathematical rea-
soning and problem-solving abilities of language
models, addressing the need for more challenging
evaluations as their general capabilities advance. It
consists of 500 problems across five core mathe-
matical domains: algebra, combinatorics, geome-
try, number theory, and precalculus. Each problem
is designed to test multi-step reasoning and com-
plex problem-solving skills, going beyond simple
calculations or factual recall.

AIME24&25 The AIME24 and AIME25
datasets contain problems from the American
Invitational Mathematics Examination (AIME) for
2024 and 2025, respectively. AIME is a prestigious
high school mathematics competition renowned
for its challenging problems, consisting of 30
questions.

GPQA-Diamond GPQA-Diamond (Rein et al.,
2023) consists of 198 multiple-choice questions
across biology, chemistry, and physics, with diffi-
culty levels ranging from challenging undergradu-
ate to postgraduate. It is the highest quality subset,
which includes only questions where both experts
answer correctly and the majority of non-experts
answer incorrectly.

Translation Validation. To assess the quality of
the translated multilingual benchmarks, we per-
form a full-coverage LLM-based validation fol-
lowing prior work (Zhang et al., 2026). For each
benchmark and each target language, we compare
every translated question against its English source
using Qwen3-32B as a judge. This validation is
conducted per question rather than by sampling.
The judge scores each translation along four dimen-
sions: semantic fidelity, mathematical consistency,
solvability preservation, and fluency/naturalness.
Based on these scores, it assigns an overall label of
Valid, Minor issue, or Major issue, together with
a short rationale and an error type when applica-
ble (e.g., semantic shift, omission, mathematical
inconsistency, or ambiguity). Across all checked
translations, 99.2% are labeled as Valid, 0.7% as
Minor issue, and 0.1% as Major issue. We use this
procedure to screen for obvious translation errors
and to verify that the translated benchmarks pre-
serve the original mathematical problems at scale.

C.2 Evaluation Metrics

We use three types of evaluation metrics: task accu-
racy, response-language consistency, and relative
transfer efficiency.

Accuracy. Accuracy measures whether the final
answer is correct. Following standard mathemati-
cal reasoning evaluation, correctness is determined
from the final answer only; intermediate reasoning
traces are not separately scored.

Language consistency. To measure whether a
model responds in the requested language, we re-
port the off-target rate. Following LCR-style diag-
nostics used in multilingual reasoning benchmarks
such as PolyMath and MMATH, we use LangDe-
tect to identify the language of each generated re-
sponse. Let [; denote the language detected from
the i-th generated response, and let /; denote the re-
quested target language. For a set of IV responses,



the language consistency rate (LCR) is defined as:

1
LCR = N;H [zi - l} )

where [[] is the indicator function. We define the
off-target rate as the complement of LCR:

Off-target = 1 — LCR. ()

Thus, lower off-target rate indicates higher
response-language consistency. In this work, we
report aggregate response-level off-target rate and
do not separately score the language consistency
of intermediate reasoning traces and final answers.

Relative transfer efficiency. We use the Multi-
lingual Transferability Index (MTI) as an auxiliary
diagnostic of relative transfer efficiency. MTI mea-
sures how much of the training-language gain is
reflected in unseen languages. Let Acc}fl‘i“ed and
Acc})’f‘lse denote the accuracy of a trained model and
its corresponding base model on benchmark b and
language . We define the relative gain on language
{ as: )

Acc}ﬁme‘i — Acc'gf‘lse

base
Accb, i

©))

ARy =

For a training language set Liin, the average rela-
tive gain is:

1

N |»Ctrain|

ARb,ﬁtrain ARbyl.

le»clrain

(10)

For an unseen language lynseen, MTI is then defined

as:
ARb,lunseen

1
MTI, = 1o
Lunseen ‘B’ l; ARb,ﬁtrain

1D

MTI should be interpreted as a relative transfer-
efficiency metric rather than a measure of absolute
multilingual reasoning ability. We therefore report
MTI together with absolute accuracy, non-English
average accuracy, low-resource accuracy, and off-
target rate.

C.3 An Overview of Open-source LRMs

Table 5 provides an overview of the various open-
source LLMs evaluated in our observational study.
These models, which include the DeepSeek-R1-
Distill-Qwen-7B (Guo et al., 2025), OpenThinker
series (Guha et al., 2026), Simple-RL-Zoo se-
ries (Zeng et al., 2025), sl series (Muennighoff
et al., 2025), and DAPO-Qwen-32B (Yu et al.,
2025), range in size from 1.5B to 32B.

D Implementation Details

D.1 GRPO Algorithm

GRPO is a simplified PPO-based algorithm that
significantly reduces training costs by eliminating
the need for a value model. It operates by sampling
G rollouts {0y, ..., 0og } from the current policy for
a given input, calculating their cumulative rewards
R = {Ry,...,Rg}, and then using these rewards
to estimate advantages Ai,t to guide policy updates.
The optimization objective for GRPO is defined as
follows:

ﬁ?}ip(e) = min (Tin(e)Ai,tv

clip (T‘M(@), 1—¢,1+ 5)1211-7,5),

ri(0) = mo(0it | ¢, 0i,<t) , (12)
’ T00a (0t | @5 0i,<t)
A - R; — mean(R)
YT std(R)

The clipping term with ratio £ (Schulman et al.,
2015) keeps the new policy close to the old one,
improving training stability.

D.2 Training Dataset

The Distribution of Parallel Questions Fig-
ure 8a shows the type and level distributions of the
1,000 English training questions sampled from the
MATH dataset (Hendrycks et al., 2021). The type
distribution is relatively balanced, and the num-
ber of questions increases steadily from Level 1 to
Level 5.

The Distribution of non-parallel Questions
Moreover, Figure 8b presents the type and level
distributions of 1,000 Russian questions used for
a non-parallel training analysis experiment, which
form a separate, non-overlapping set from the 1000
English questions. The distributions of both type
and level closely match those of the English train-
ing questions. This indicates that, in the analysis
comparing parallel and non-parallel training, the
performance drop observed in non-parallel training
is not due to distributional differences between the
non-parallel and English datasets.

D.3 Experimental Environments

Training and inference were conducted on Ubuntu
22.04 with 8 x NVIDIA A800 GPUs. We use
VeRL (Sheng et al., 2025) for RL training, vLLM
0.8.5 (Kwon et al., 2023) for inference, and Qwen’s



Model Initial Model Size  Training Paradigm
DeepSeek-R1-Distill-Qwen-7B Qwen2.5-Math-7B-Base 7B SFT
Open-Reasoner-Zero-7B Qwen2.5-7B-Base 7B RL
OpenThinker2-7B Qwen2.5-7B-Instruct 7B SFT
OpenThinker3-7B Qwen?2.5-7B-Instruct 7B SFT
Qwen-2.5-1.5B-SimpleRL-Zoo Qwen2.5-1.5B-Base 1.5B RL
Qwen-2.5-7B-SimpleRL-Zoo Qwen2.5-7B-Base 7B RL
Qwen-2.5-14B-SimpleRL-Zoo Qwen2.5-14B-Base 14B RL
Qwen-2.5-Math-7B-SimpleRL-Zoo = Qwen2.5-Math-7B-Base 7B RL
Qwen2.5-Math-7B-Dr.GRPO Qwen2.5-Math-7B-Base 7B RL
s1.1-7B Qwen2.5-7B-Instruct 7B SFT
DAPO-Qwen-32B Qwen2.5-32B-Base 32B RL
OpenThinker2-32B Qwen2.5-32B-Instruct 32B SFT
s1.1-32B Qwen2.5-32B-Instruct 32B SFT

Table 5: The Overview of the Open-source LLMs Used in Observational Study, including their initial model,

parameter size, and training paradigm.
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Figure 8: Distribution of question difficulty. (a) The 1,000 English questions were utilized in the controlled
comparative study and for parallel training. (b) The 1,000 Russian questions for non-parallel training, comprising a
separate and non-overlapping set from the questions in (a).

Math evaluation codebase (Yang et al., 2024) fol-
lowing prior work (Zeng et al., 2025; Liu et al.,
2025b).

D.4 Hyperparameters

RL Training The maximum generation length
was set to 4096 tokens, and the maximum prompt
length to 1024 tokens, such that their sum matches
the model’s maximum context length. The learning
rate was fixed at 1 x 1075, Training was performed
with a batch size of 128 questions. For each ques-
tion, G = 16 rollouts were sampled, using a sam-
pling temperature of 1.0. A; = 0.8, Ay = 0.1, and
A3 =0.1.

Inference In the evaluation setup, we used a tem-
perature of 0.6, a top-p value of 0.95, and a maxi-
mum generation length of 8912 tokens for all mod-
els in the 1.5B—14B series. For 32B models, we
used the same temperature (0.6) and top-p value
(0.95), but set the maximum generation length
to 32,768 tokens, except for DAPO-Qwen-32B,
which followed the official recommended settings:

a temperature of 1.0, a top-p value of 0.7, and a
maximum generation length of 20,480 tokens. For
AIME2024 and AIME2025, we report accuracy by
averaging over 16 sampled generations per ques-
tion, while for MATH500 and GPQA, accuracy is
computed using a single sampled generation per
question.

E Additional Experiments and Analysis

E.1 Matched SFT-vs.-GRPO Comparison

To complement the observational comparison in
Section 2, we conduct a matched comparison us-
ing the same Qwen2.5-7B-Instruct backbone and
the same multilingual MATHS500 evaluation pro-
tocol. We compare the initial model, an SFT
model trained on 1K English MATH examples,
and a GRPO model trained on the same 1K English
MATH examples.

Table 6 shows that GRPO achieves the strongest
multilingual performance under this controlled set-
ting. Compared with SFT, GRPO improves av-



Method En Avg Non-En Low-res. Off-tgt. Setting En Non-En Gap Low-res. MTI
Base 74.80 50.91 48.52 27.40 0.18 English-only 79.20 51.74 27.46 29.53 1.163
SFT 76.80 50.80 48.20 22.13 4.40 +1 parallel  78.40 55.82 22.58 36.27 2.496
GRPO  79.20 54.24 51.74 29.53 0.49 +2 parallels  79.00 56.32 22.68 34.67 2.650
+3 parallels  77.80 56.44 21.36 34.73 3.002

Table 6: Matched SFT-vs.-GRPO comparison on mul- +4 parallels 7720 5676 20.44 37.13 3.282
i | MATHS00. Al val All +Sparallels  77.40  57.18 2022  39.33 3475
tilingua - All values are percentages. +6 parallels 7640  57.72 18.68 40.53 3.534
models use Qwen2.5-7B-Instruct as the backbone. SFT +7 parallels  76.60 57.81 18.79 4047 3.631

and GRPO are trained on the same 1K English MATH
examples and evaluated under the same multilingual
MATHS500 protocol. Low-res. denotes average accu-
racy over bn, sw, and te; Off-tgt. denotes the off-target
language rate.

erage accuracy from 50.80 to 54.24, non-English
average accuracy from 48.20 to 51.74, and low-
resource average accuracy from 22.13 to 29.53. In
contrast, SFT improves English accuracy over the
base model but does not consistently improve mul-
tilingual performance, and it increases the average
off-target rate.

This comparison supports the observational
trend in Figure 1 under a matched backbone and
evaluation setting. However, it is limited to one
backbone, one training set, and one benchmark,
and should therefore not be interpreted as a uni-
versal claim that GRPO or RL-style post-training
always outperforms SFT.

E.2 Absolute-Transfer Metrics under Parallel
Training

Since MTI measures relative transfer efficiency
rather than absolute multilingual reasoning abil-
ity, we additionally report several absolute-transfer
metrics for the Qwen2.5-7B-Instruct parallel-
training experiments. Specifically, we compute
non-English average accuracy, which excludes En-
glish from the language average; the English-non-
English gap, which measures how far non-English
performance lags behind English; and low-resource
average accuracy over bn, sw, and fe. MTI is re-
tained only as an auxiliary diagnostic of relative
transfer efficiency.

Table 7 shows that the benefit of parallel multi-
lingual supervision is visible not only in MTI, but
also in absolute multilingual performance. Mov-
ing from English-only training to one added par-
allel language improves non-English average ac-
curacy from 51.74 to 55.82, reduces the English—
non-English gap from 27.46 to 22.58, and improves
low-resource average accuracy from 29.53 to 36.27.
Adding more parallel languages further improves

Table 7: Absolute-transfer metrics for Qwen2.5-7B-
Instruct under parallel training. All accuracy and
gap values are percentages. Non-En denotes average
accuracy over non-English languages; Gap denotes the
En—Non-En accuracy gap; Low-res. denotes average
accuracy over bn, sw, and te. MTI is reported as an
auxiliary relative transfer-efficiency metric.

non-English average accuracy to 57.81 and reduces
the English-non-English gap to 18.79 with seven
added languages.

These results support the interpretation that MTI
should be read together with absolute performance
metrics. A high MTI indicates strong relative trans-
fer efficiency, but it does not by itself imply high
absolute multilingual reasoning accuracy. We there-
fore use MTI as a complementary diagnostic rather
than as the sole measure of cross-lingual reasoning
transfer.

E.3 Functional-Form Comparison and
Marginal-Gain Analysis

In Section 4, we use a power-law-like curve to
summarize the diminishing-return trend in the mul-
tilingual regime. This curve is intended only as a
descriptive fit, not as a theoretical scaling law. To
examine whether this descriptive choice is reason-
able, we compare four candidate functional forms
on the multilingual regime, where the number of

training languages is X = 2,...,8:
linear: f(X)=aX +0, (13)
logarithmic:  f(X) = alog X + b, (14)
power-law:  f(X) = aX?, (15)
saturation:  f(X) = ¢ — ae . (16)

We evaluate the fits using R2, leave-one-out cross-
validation mean squared error (LOOCV MSE),
Akaike information criterion (AIC), and Bayesian
information criterion (BIC). LOOCV MSE mea-
sures out-of-sample predictive error, while AIC and
BIC compare fit quality with penalties for model
complexity.



Fit R? MSE AIC BIC Transition Avg Acc Non-En Low-res. MTI
Qwen MTI 1—=2 +3.70 +4.08 +6.73  +1.333
Linear 0.951 0.0178 -29.523 -29.631 2—3 +0.50 +0.50 -1.60  +0.154
Log 0.974 0.0121 -33.950 -34.058 3—4 +0.00 +0.12 +0.07  +0.352
Power-law 0.977 0.0082 -34.653 -34.762 4—5 +0.20 +0.32 +2.40  +0.280
Saturation 0.982 0.0894 -34.368 -34.530 5—6 +0.40 +0.42 +2.20  +0.193
6—7 +0.40 +0.54 +1.20  +0.059
Llama MTI 78 +0.10  +0.09 007 +0.097
Linear 0.973 0.0015 -46.175 -46.284
Log 0.981 0.0012 -48.701 -48.809
Powerlaw 0984  0.0010 -49.706  -49.814 Table 10: Marginal-gain decomposition over consec-
Saturation ~ 0.000  0.0388  -18.912  -19.075 utive training-language counts. Each row reports the

Table 8: Curve-fitting comparison for MTI in the
multilingual regime. Fits are evaluated on configura-
tions with X = 2,...,8. MSE denotes the leave-one-
out cross-validation (LOOCV) MSE.

X Qwen MTI Qwen Acc. Llama MTI Llama Acc.

1 2.005 4.503 3.684 3.341
2 0.414 0.512 0.495 0.862
3 0.015 0.099 0.067 0.004
4 0.019 0.001 0.005 0.015
5 0.016 0.007 0.009 0.000
6 0.009 0.009 0.008 0.000
7 0.029 0.008 0.064 0.005
8 0.284 0.072 0.068 0.029

Table 9: Cook’s distance under all-point power-law
fits. The power-law curve is fit to all observed points,
X=1,...,8

As shown in Table 8, the power-law fit achieves
the best LOOCV MSE, AIC, and BIC for both
Qwen and Llama MTI, with competitive R2.
We therefore use the power-law-like curve as a
compact descriptive summary of the multilingual
regime, rather than as evidence for a universal scal-
ing law.

We also examine the role of the monolingual
point X = 1 under an all-point fit. As an influence
diagnostic, we fit the power-law curve on all ob-
served points X = 1,...,8 and compute Cook’s
distance for each point.

Table 9 shows that X = 1 has the largest Cook’s
distance in all four settings. It also exceeds the
common 4/n rule-of-thumb threshold, which is
0.5 for n = 8. We treat this result as an influence
diagnostic: it suggests that the monolingual point
is influential under an all-point power-law fit, but it
is not a formal statistical test of a separate regime.

Finally, we complement the curve-fitting analy-
sis with a direct marginal-gain analysis. Table 10
reports the gain from each consecutive increase in
the number of training languages.

Table 10 shows that the 1 — 2 transition yields

gain from increasing the number of training languages
from X to X + 1 in the Qwen2.5-7B-Instruct parallel-
training experiments.

Metric 1—2 1—8 Fraction
Avg Acc. +3.70 +5.30 69.8%
Non-En Acc. +4.08 +6.07 67.2%
Low-res. Acc. +6.73 +10.93 61.6%
MTI +1.333 +2.468 54.0%

Table 11: Fraction of total gain explained by the first
added parallel language. The table compares the gain
from English-only to bilingual training (1 — 2) with the
total gain from English-only to eight-language training
(1 — 8). Avg Acc. denotes average accuracy over all
languages; Non-En Acc. denotes average accuracy over
non-English languages; Low-res. Acc. denotes average
accuracy over bn, sw, and fe.

the largest consecutive gain across average accu-
racy, non-English average accuracy, low-resource
average accuracy, and MTI. Additional languages
continue to provide gains on most metrics, but the
marginal improvements are smaller.

We further summarize how much of the total
X =1 — 8 gain is explained by the first added
parallel language in Table 11.

Together, Tables 10 and 11 show that the English-
only to bilingual transition is the largest observed
consecutive improvement and explains a large frac-
tion of the total improvement from X = 1 to
X = 8: 69.8% for average accuracy, 67.2%
for non-English average accuracy, 61.6% for low-
resource average accuracy, and 54.0% for MTL
Additional languages continue to provide smaller
but generally positive gains.

E.4 Parallel vs. Non-Parallel Multilingual
Supervision

To further examine whether the bilingual gain
comes from same-problem cross-lingual align-
ment rather than multilingual exposure alone, we
compare parallel bilingual supervision with non-
parallel multilingual supervision. We compute the



Group n  Mean Adv. WI/T/L
Overall 44 +0.995 28/8/8
Non-English 40 +1.101 287517
Unseen Non-En 36 +1.213 2715174
Unseen low-res. 12 +1.632 9/3/0
Added lang. (ru) 4 +0.093 1/0/3
English 4 -0.063 0/3/1

Table 12: Parallel vs. non-parallel multilingual su-
pervision. The advantage is computed as Accparaiiel —
Accnon-parallel OVer benchmark-language pairs. W/T/L
denotes wins, ties, and losses.

advantage of parallel training as

Advantage = AccCparallel — ACCnon-parattet ~ (17)

for each benchmark-language pair.

Table 12 shows that parallel supervision im-
proves accuracy by 0.995 points on average across
all benchmark-language pairs and wins on 28 out
of 44 pairs. The advantage is larger for unseen
non-English languages and unseen low-resource
languages, while the added language itself shows
only a small mean advantage. This suggests that the
gain is not merely localized to the added parallel
language, but transfers to other unseen languages
as well.

E.5 Additional Analysis of Open-Source
Model Transfer

We provide additional examples to clarify how Fig-
ure 1 supports the observation that cross-lingual
transfer is highly variable across models, training
paradigms, and target languages.

First, strong English performance does not nec-
essarily imply strong multilingual performance.
For example, on MATHS500, DeepSeek-R1-Distill-
Qwen-7B achieves 86.2% accuracy on English, but
only 18.4% on Swahili and 17.6% on Telugu. Simi-
larly, OpenThinker2-7B reaches 86.0% on English,
but only 12.6% on Swahili and 8.4% on Telugu.

Second, transfer can differ substantially even
within the same model family. For example,
Qwen-2.5-7B-SimpleRL-Zoo and Qwen-2.5-14B-
SimpleRL-Zoo are from the same model family, but
their MATHS00 average accuracies differ substan-
tially, 56.47% versus 63.93%. Their low-resource
performance also changes noticeably; for example,
Telugu accuracy increases from 25.8% to 41.0%.

Third, Figure 1 suggests an observational
training-paradigm trend: RL-style models have
higher average MTI than SFT-style models in our
open-source model pool. However, since these

Scope Pearson r Spearman p
Overall -0.956 -0.882
MATHS500 -0.971 -0.946
AIME24 -0.901 -0.946
AIME25 -0.948 -0.936
GPQA-Diamond -0.777 -0.727

Table 13: Correlation between mean accuracy and
relative variance across languages. For each bench-
mark and language, mean accuracy and CV are com-
puted across open-source models. Negative correla-
tions indicate that lower-accuracy languages tend to
have higher relative variance.

models differ in backbone, data, and training recipe,
this pattern should be interpreted as observational
rather than causal. We therefore use this analysis
as motivation for the controlled comparisons in
Section 3.

E.6 Language-Level Accuracy and Relative
Variance

We further analyze whether languages with lower
average accuracy also exhibit larger relative varia-
tion across models. For each benchmark and lan-
guage, we compute the mean accuracy and coeffi-
cient of variation (CV) across open-source models:

std

mean

CV =

(18)

We use CV instead of raw standard deviation to
account for differences in average accuracy across
languages.

Table 13 shows a strong negative correlation
between language-level mean accuracy and CV
across benchmarks. This indicates that lower-
accuracy languages tend to exhibit higher relative
variation across models. At the group level, low-
resource languages (bn, sw, and te) also have a
higher mean CV than the other languages (0.956
vs. 0.706). These results suggest that the observed
target-language variation reflects not only language
identity or resource level, but also higher relative
instability in low-accuracy regimes.

F Detailed Results and Analysis

F.1 Robustness of Transfer Metrics

To examine whether our conclusions depend on

the specific choice of MTI, we repeated the main

analyses using two alternative transfer metrics.
First, we consider a normalized-gain variant:

trained base
Accbyl — Accb,l

base ’
1- Accb, ]

ANy, = (19)



and define the corresponding transfer ratio by re-
placing AR with AN in the MTI computation.
Second, we consider a raw-gain ratio:

AGy; = Acc}i‘}ined — Accgf‘lse7 (20)

and compare the gain on an unseen language with
the average gain on the training language(s):

— Avalunseen
AC;l7a£tl'ain

Table 14 summarizes the corresponding results
on the main parallel-training comparison. Al-
though the absolute values differ across metrics,
the main qualitative pattern remains unchanged:
moving from English-only to bilingual training
yields the largest gain, and adding another parallel
language provides a smaller additional improve-
ment. This supports the main-text conclusion that
the First-Parallel Leap is not specific to the original
MTI definition.

Rvalunseen (2] )

Setting MTI NGR RGR
En-only 1.163 0.396 0.732
+1 parallel 2.496 0.963 1.480
+2 parallels 2.650 1.061 1.601

Table 14: Robustness of transfer metrics on the main
parallel-training comparison. We compare the orig-
inal MTI with normalized-gain ratio (NGR) and raw-
gain ratio (RGR). All three metrics show a large gain
from English-only to one-parallel training, followed by
a smaller additional gain.

Sensitivity to base accuracy. Because MTI is
based on relative gain, it can become sensitive
when base accuracy is low. To assess whether the
main result is driven by such cases, we recompute
the transfer scores on multilingual MATHS00 after
excluding unseen-language cases whose base ac-
curacy falls below different thresholds. Table 15
shows that the absolute values vary across metrics
and filters, especially for the original relative-gain
MTI. However, the main qualitative result remains
unchanged: the transition from monolingual to
bilingual training yields a clear improvement under
all transfer metrics and filtering thresholds. This
suggests that the bilingual gain is not an artifact of
the lowest-base-accuracy cases alone.

F.2 Observational Study
F.2.1 Template Choice for Base Models

To evaluate base models consistently, we compare
three template settings for Qwen2.5-7B-Base and

AccP®® > 20 AccP™**® > 30
Relative-gain MTI

Setting All

En-only 1.16 1.16 1.23
+1 parallel 2.50 242 1.88
+2 parallels 2.65 2.62 2.13
+3 parallels 3.00 3.16 2.58
+4 parallels 3.28 3.25 2.34
+5 parallels 3.48 341 2.02

Normalized-gain ratio

En-only 0.40 0.40 0.48
+1 parallel 0.96 0.95 1.05
+2 parallels 1.06 1.08 1.22
+3 parallels 1.15 1.19 1.37
+4 parallels 1.18 1.20 1.33
+5 parallels 1.63 1.57 1.85

Raw-gain ratio

En-only 0.84 0.84 0.85
+1 parallel 1.45 1.47 1.46
+2 parallels 1.61 1.67 1.68
+3 parallels 1.95 2.04 1.97
+4 parallels 1.85 1.88 1.81
+5 parallels 2.06 2.11 2.08

Table 15: Sensitivity of transfer scores to low-base-
accuracy cases. Scores are recomputed on multilingual
MATHS500 after excluding unseen-language cases with
base accuracy below the specified thresholds.

Owen2.5-Math-7B-Base: Qwen-Math Template,
Qwen-Instruct Template, and No Template.
As shown in Table 16, the Qwen-Instruct
Template yields the best overall reasoning accu-
racy and target-language consistency on multilin-
gual MATH500. We therefore use it as the default
template for evaluating all general-base and math-
base models.

F.2.2 Detailed Results for Initial Model Types

Table 17 reports the full multilingual accuracy
and off-target results for the initial models used
in our analysis. Two patterns are worth noting.
First, within the Qwen2.5-7B series, the instruction-
tuned model has the lowest off-target rate and the
highest final multilingual accuracy. Second, within
the Qwen2.5-Base series, larger models generally
achieve higher multilingual accuracy and lower off-
target rates. These results support the main-text
observation that stronger final multilingual perfor-
mance and stronger relative transfer efficiency are
not always aligned.

F.2.3 Detailed Results for Open-source
Models

Table 25 provides the full transfer, accuracy, and
off-target results for the open-source models in the
observational study. These tables complement Fig-



. Accuracy per language Average
Settings en e 1 de fr bn th sw zh ja te Acc Off-target
Owen2.5-7B-Base
Qwen-Math Template ~ 49.2 31.8 252 282 30.0 58 23.0 24 27.0 152 14 21.7 16.6
Qwen-Instruct Template 50.6 38.0 30.0 33.2 384 104 26.8 2.4 30.0 27.8 4.4 26.5 15.7
No Template 444 382 28.2 284 356 6.0 17.0 02 29.2 19.8 1.2 22.6 18.5

QOwen2.5-Math-7B-Base
Qwen-Math Template ~ 43.4 36.6 2.8 21.8 214 262 150 2.2 36.6 94 12 197 30.5
Qwen-Instruct Template 56.6 46.4 11.2 334 36.8 314 282 42 444 252 32 292 18.0
No Template 37.8 33.0 42 29.8 374 290 124 0.0 362 17.2 3.0 21.8 31.5

Table 16: The Performance of Base Models with Different Template Settings. Accuracy (%) and Off-target rate

(%) across languages for different template settings on multilingual MATH500 benchmark.

. Accuracy per language Average
Settings en es ru de fr bn th SW zh ja te  Acc Off-target
Multilingual MATH500
Qwen2.5-1.5B 19.60 10.60 7.80 1.00 9.80 1.00 3.00 0.00 8.60 220 0.00 5.78 21.02
Qwen2.5-Math-7B 56.60 46.40 11.20 33.40 36.80 31.40 28.20 4.20 44.40 2520 3.20 29.18 17.96
Qwen2.5-7B-Instruct  74.80 69.00 59.60 56.60 62.60 37.60 49.80 18.00 53.00 52.40 26.60 50.91 0.18
Qwen2.5-7B 50.60 38.00 30.00 33.20 38.40 10.40 26.80 2.40 30.00 27.80 4.40 26.55 15.69
Qwen2.5-14B 42.20 40.40 36.00 29.60 36.20 22.60 26.60 5.60 18.80 2520 5.60 26.25 15.55
Qwen2.5-32B 54.00 50.80 42.00 37.80 46.80 24.60 33.00 13.60 28.00 42.60 11.60 34.98 5.56
Qwen2.5-32B-Instruct 78.60 73.60 68.00 68.40 69.40 53.20 60.60 37.40 61.40 65.00 43.40 61.73 0.13
Multilingual AIME24
Qwen2.5-1.5B 021 042 0.00 0.00 0.00 0.00 0.21 0.00 0.63 0.00 0.00 0.13 19.26
Qwen2.5-Math-7B 13.75 646 1.67 333 479 271 333 000 6.88 1.67 0.63 4.11 21.76
Qwen2.5-7B-Instruct  10.42 8.96 8.13 8.75 854 292 458 1.04 563 438 1838 593 0.34
Qwen2.5-7B 229 1.67 2.08 271 2.08 021 0.63 000 125 063 0.00 1.23 9.89
Qwen2.5-14B 250 250 229 250 271 0.63 021 0.00 1.04 083 021 140 16.02
Qwen2.5-32B 271 3.13 208 333 271 021 1.04 000 125 2.08 0.00 1.69 4.07
Qwen2.5-32B-Instruct 15.63 12.71 11.25 11.67 12.08 542 7.50 292 729 10.63 250 9.05 0.51
Multilingual AIME25
Qwen2.5-1.5B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.00 0.00 0.02 61.14
Qwen2.5-Math-7B 6.04 3.13 0.83 146 229 042 0.83 0.00 479 042 042 1.88 23.47
Qwen2.5-7B-Instruct  7.08 5.63 521 396 479 083 1.67 000 375 271 042 3.28 0.55
Qwen2.5-7B 0.83 0.83 021 125 0.63 021 0.00 0.00 042 021 0.00 042 10.38
Qwen2.5-14B 125 208 250 1.67 146 0.00 021 0.00 042 146 021 1.02 16.99
Qwen2.5-32B 1.04 104 146 021 0.83 021 0.00 0.00 1.04 1.04 0.21 0.64 4.02
Qwen2.5-32B-Instruct 11.25 7.29 7.29 6.04 6.67 125 271 0.00 542 271 042 4.64 0.30
Multilingual GPQA-Diamond
Qwen2.5-1.5B 15.66 14.65 15.15 16.67 11.62 7.58 15.15 13.64 15.15 6.06 15.15 1331  20.02
Qwen2.5-Math-7B 16.16 13.64 3.54 17.17 15.66 17.68 17.68 11.62 22.22 0.51 16.16 13.82  27.18
Qwen2.5-7B-Instruct  36.36 32.83 23.74 36.36 33.84 26.77 29.80 24.75 30.81 29.80 21.72 29.71 0.64
Qwen2.5-7B 28.79 24.24 20.71 22.22 18.18 11.11 21.72 17.68 23.23 17.17 12.63 19.79 9.69
Qwen2.5-14B 26.26 15.15 20.71 21.21 27.78 20.20 24.24 22.22 12.12 10.61 16.16 19.70  20.98
Qwen2.5-32B 28.28 30.30 28.28 33.33 23.74 15.66 24.75 17.68 27.27 27.78 17.17 24.93 9.00
Qwen2.5-32B-Instruct 45.45 41.92 38.89 41.41 44.44 29.80 38.38 32.83 36.36 38.38 27.27 37.74 0.28

Table 17: The Performance of Initial Models. Accuracy (%) and Off-target rate (%) across languages for different

Initial models.

ure 1 in the main text by showing the benchmark-
level and language-level variation behind the aver-
aged results.

F.3 Controlled Comparative Study
F.3.1 Reward Hyperparameter Sensitivity

To examine the role of different reward compo-
nents, we vary the weights on the accuracy, format,

and language-consistency rewards. Table 18 re-
ports the corresponding results. Performance is
most sensitive to the accuracy reward and the for-
mat reward. Removing the language-consistency
reward substantially increases the off-target rate,
while removing the format reward leads to the
largest overall degradation. We use this analysis
as a sensitivity check on the reward design; it does



Accuracy per Language

Setting (A1, A2, Az) Avg. Off-tgt. MTI
en e ru de fr bn th sw zh ja te

Cl (Balanced)  (0.8,0.1,0.1) 784 734 66.0 65.6 67.2 48.8 574 262 57.8 62.0 33.8 57.87 020 2.50

C2 (w/o LCR) (0.9,0.1,0.0) 77.8 714 66.2 63.4 68.0 442 564 26.2 59.6 57.8 31.8 56.62 124 2.10

C3 (Strong LCR) (0.7,0.1,0.2) 77.2 70.2 65.8 65.8 67.2 43.6 554 25.6 60.2 562 32.6 5635 038 2.25

C4 (w/o FR) (0.9,0.0,0.1) 752 60.8 62.2 56.0 60.2 36.2 43.8 18.0 54.4 31.8 24.8 4758 031 -3.45

C5 (Strong FR)  (0.7,0.2,0.1) 78.2 71.6 65.2 62.6 67.8 45.0 60.0 24.8 60.0 60.8 29.2 56.84 035 2.23

Table 18: Sensitivity analysis of reward hyperparameters. Models are trained on English data with parallel
Russian data. (A1, A2, A3) denotes the weights of the three reward components.

not fully disentangle reasoning improvement from
formatting or language compliance.

F.3.2 Detailed Results for Initial Model Types

Table 19 reports the full results for the initial model
type comparison in the controlled comparative
study.

Setting MS00 A24 A25 GPQA Avg. Off-tgt. MTI
Base 26.55 1.23 0.42 19.79 12.00 11.41 -
3 GRPO 52.16 7.10 335 27.18 22.45 312 1.95
Instruct 50.91 5.93 3.28 29.71 22.45 1.43 -
3 GRPO 54.24 7.41 3.92 28.47 23.51 094 1.23
Math 29.18 4.11 1.88 13.82 12.25 22.59 -
3+ GRPO 45.73 8.84 3.96 18.96 19.37 9.50 2.12

Table 19: Impact of model initialization on cross-
lingual transfer. All models are initialized from
Qwen?2.5-7B variants and trained with GRPO on the
same English data. We report average accuracy (%)
across languages on MATHS500 (M500), AIME24
(A24), AIME25 (A25), and GPQA-Diamond (GPQA),
together with overall average accuracy, off-target rate
(%), and MTI.

F.3.3 Detailed Results for Model Family

Figure 9 provides the full benchmark-level re-
sults for the model family comparison between
Qwen2.5-7B-Instruct and Llama3.1-8B-Instruct.
In both families, English-only GRPO improves per-
formance across languages, but the relative gains
differ substantially. As discussed in the main text,
this comparison should be interpreted as a con-
trolled comparison under matched post-training
settings rather than as a pure estimate of family
effects, since tokenization, pretraining data, and
architecture remain entangled.

Cross-lingual Transfer within the Sino-Tibetan
Family. To complement the model family com-
parison, we also evaluate Qwen2.5-7B-Instruct
and Meta-Llama-3.1-8B-Instruct on several Sino-
Tibetan languages after English-only GRPO. Ta-

ble 20 shows that Qwen retains higher absolute
accuracy in Chinese, while Llama exhibits larger
relative gains on lower-performing languages such
as Tibetan and Myanmar. We report this result as
an additional case study consistent with the main-
text observation that stronger starting performance
and larger relative gains do not always coincide.

Model bo my zh

QOwen2.5-7B-Instruct 10.40 9.20 53.00
+ GRPO (En) 13.60 11.60  58.60
A (+3.20) (+2.40) (+5.60)

Llama-3.1-8B-Instruct 0.80 2.40 28.40
+ GRPO (En) 15.00 8.40 33.80
A (+14.20) (+6.00) (+5.40)

Table 20: Cross-lingual transfer to Sino-Tibetan
languages. We report accuracy (%) before and after
English-only RPT with GRPO. bo, my, and zh denote
Tibetan, Myanmar, and Chinese, respectively. A de-
notes the absolute accuracy gain after GRPO.

F.3.4 Detailed Results for Model Size

Table 21 reports the full results for the model size
comparison between Qwen2.5-1.5B-Instruct and
Owen2.5-7B-Instruct. The smaller model shows
larger gains on multilingual MATHS500 and GPQA-
Diamond, whereas the larger model attains stronger
final performance on the harder AIME benchmarks.
These results support the main-text observation that
the effect of model scale depends on the interac-
tion between initial model strength and benchmark
difficulty.

F.4 Parallel Training Results
F.4.1 Detailed Results of Parallel Training

Table 22 reports the full accuracy results across lan-
guages for different numbers of training languages.
These tables complement Figure 4 in the main text
by providing the full language-level breakdown
behind the averaged trends.
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Figure 9: The Impact of Different Model Families in Controlled Comparative Study. Multilingual reasoning
performance across languages, comparing the influence of model family using Qwen2.5-7B-Instruct and Llama3.1-

8B-Instruct as initial models.
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Settings Accuracy per language Average

en e rmu de fr bn th sw zh ja te Acc Off-target MTI

Multilingual MATH500

Only English 79.2 70.0 61.0 622 682 41.8 554 194 534 58.6 274 542 0.5 1.163
w. One parallel 784 734 66.0 65.6 67.2 48.8 57.4 262 57.8 62.0 33.8 57.9 0.2 2.496
w. Two parallel  79.0 73.4 64.4 674 692 452 60.2 262 63.0 61.6 32.6 584 0.2 2.650
w. Three parallel 77.8 73.6 64.6 684 69.8 46.0 60.8 24.0 622 60.8 34.2 58.4 0.4 3.002
w. Four parallel 77.2 71.2 66.2 66.8 68.0 47.6 61.8 28.6 62.0 60.2 352 58.6 0.6 3.282
w. Five parallel 77.4 714 622 66.2 66.0 48.6 62.0 324 622 63.8 37.0 59.0 0.4 3.475
w. Six parallel 764 70.8 63.8 65.6 66.8 48.6 61.8 34.6 63.4 63.4 384 594 0.5 3.534
w. Seven parallel 76.6 71.2 63.6 66.2 66.2 49.4 62.6 338 63.5 634 38.2 59.5 0.2 3.631

Table 22: The Detailed Results in Parallel Scaling Law.

F.4.2 Parallel Training Language Settings

Table 23 lists the language configurations used in
the parallel training study, where the number of
training languages increases from 1 to 7.

Settings Training Parallel Languages
Only English en

w. One parallel  en, ru

w. Two parallel  en, ru, fr

w. Three parallel en, ru, fr, es

w. Four parallel en, ru, f, es, de

w. Five parallel  en, ru, fr, es, de, bn

w. Six parallel en, ru, fr, es, de, bn, th

w. Seven parallel en, ru, fr, es, de, bn, th, zh

Table 23: The Language Settings in Parallel Scaling
Law.

F.4.3 Effect of the Selected Parallel Language

Figure 10 reports benchmark-level results for differ-
ent choices of the added parallel language. Across
settings, the same qualitative pattern remains:
adding one parallel language consistently im-
proves transfer, and the differences across language
choices are modest relative to the monolingual-to-
bilingual jump. Some language-specific effects
remain, especially in lower-resource languages, but
the main bilingual gain is robust to the choice of
the added language.

F.5 Parallel Training from a Chinese-Centric
Perspective

Table 24 reports the full results for three settings:
monolingual Zh training, bilingual Zh+Ru training,
and trilingual Zh+Ru+Fr training. A similar quali-
tative pattern appears: adding one parallel language
yields the largest improvement in average accuracy
and MTI, while adding a second language provides
a smaller additional gain. We report this result as
supporting evidence that the bilingual gain is not
unique to English-only post-training.

Lang. Base Zh Zh+Ru Zh+Ru+Fr
en 74.8  76.8 78.8 78.0
es 69.0 704 72.0 72.2
ru 59.6 61.8 64.4 63.6
de 56.6 622 65.0 66.4
fr 62.6 66.8 70.0 69.8
bn 37.6 430 44.4 454
th 498 552 60.0 61.0
swW 18.0 21.8 28.6 30.0
zh 53.0 594 61.4 62.8
ja 524  56.6 60.4 64.0
te 266 310 334 332
Avg. 50.91 55.00 58.13 58.76
Off-tgt.  1.18  0.38 0.26 0.23
MTI - 0.86 1.69 1.87

Table 24: Parallel scaling with Chinese as the source
language. All experiments use Qwen2.5-7B-Instruct
and are evaluated on multilingual MATH500. Adding
the first parallel language yields the largest gain, while
adding a second language provides a smaller additional
improvement.

G Dataset License

We use publicly available models and bench-
marks, including the multilingual versions of
MATHS500 (Hendrycks et al., 2021), AIME2024,
AIME2025 from XReasoning (Qi et al., 2025), and
GPQA-Diamond (Rein et al., 2023) from Bench-
MAX (Huang et al., 2025), and follow their corre-
sponding usage guidelines.



Settings

Accuracy per language

Average

en e ru de fr bn th sw zh ja te  Acc Off-target

Multilingual MATH500
DeepSeek-R1-Distill-Qwen-7B 86.20 76.20 67.00 66.40 69.80 40.20 53.80 18.40 70.00 53.20 17.60 56.25  2.69
Open-Reasoner-Zero-7B 81.60 76.00 70.40 69.80 71.20 45.20 63.20 15.00 62.80 61.80 17.60 57.69  5.20
OpenThinker2-7B 86.00 74.80 64.80 63.00 73.00 34.40 58.80 12.60 65.80 70.00 8.40 55.60 36.13
OpenThinker3-7B 85.80 81.80 75.00 69.20 76.40 17.00 48.80 17.40 69.60 65.00 10.40 56.04  60.75
Qwen-2.5-1.5B-SimpleRL-Zoo 57.60 41.40 36.80 38.20 42.40 11.80 28.80 14.60 33.60 31.00 7.40 31.24 21.51
Qwen-2.5-7B-SimpleRL-Zoo 77.60 72.00 65.00 64.20 68.00 42.20 60.40 24.20 62.00 59.80 25.80 56.47  4.31
Qwen-2.5-14B-SimpleRL-Zoo 82.40 74.40 71.00 69.40 73.60 54.80 69.00 33.20 65.60 68.80 41.00 63.93  0.47
Qwen-2.5-Math-7B-SimpleRL-Zoo 80.40 72.60 66.00 68.60 70.60 45.80 57.40 15.00 61.80 54.40 14.20 55.16  8.33
Qwen?2.5-Math-7B-Oat-Zero 79.80 72.40 32.80 55.60 50.40 47.60 49.40 16.80 58.00 43.40 11.80 47.09  15.11
s1.1-7B 75.80 68.20 60.80 59.00 69.60 37.00 57.40 16.40 57.20 51.60 20.40 52.13  12.76
DAPO-Qwen-32B 68.80 65.00 58.80 60.20 63.00 52.80 58.40 44.80 54.20 56.80 44.80 57.05 11.85
OpenThinker2-32B 96.00 88.60 85.20 84.20 85.00 73.00 80.60 35.40 77.40 75.60 47.20 75.29  13.02
S1.1-32B 95.40 91.20 85.00 83.60 88.00 73.00 81.20 57.00 77.40 80.80 53.60 78.75  27.40

Multilingual AIME24
DeepSeek-R1-Distill-Qwen-7B 40.63 27.71 26.25 23.13 27.50 6.46 9.79 2.50 30.42 9.79 0.83 18.64 7.77
Open-Reasoner-Zero-7B 16.25 18.13 17.29 15.21 17.71 9.58 14.79 1.67 14.79 14.79 1.25 12.86 10.78
OpenThinker2-7B 37.08 18.33 17.08 13.75 20.83 11.04 20.21 2.50 25.63 27.29 5.42 18.11 39.72
OpenThinker3-7B 26.25 32.08 23.54 26.46 29.38 5.63 16.25 3.54 26.46 19.38 3.54 19.32 63.28
Qwen-2.5-1.5B-SimpleRL-Zoo 0.00 0.00 042 0.00 0.21 0.00 0.21 0.42 125 021 0.00 0.25 60.42
Qwen-2.5-7B-SimpleRL-Zoo 6.25 729 625 7.29 833 3.75 542 2.08 542 438 250 536 77.16
Qwen-2.5-14B-SimpleRL-Zoo 12.71 13.13 13.13 10.42 13.33 9.17 9.79 3.54 1042 11.46 5.63 1025 0.42
Qwen-2.5-Math-7B-SimpleRL-Zoo 25.83 15.42 13.96 11.25 13.33 5.00 8.13 1.67 10.21 8.54 2.50 10.53 11.29
Qwen?2.5-Math-7B-Oat-Zero 28.33 12.92 542 854 11.67 6.25 8.75 1.04 1229 6.67 0.42 930 20.57
sl.1-7B 14.38 10.42 10.42 10.21 11.46 5.21 7.92 1.67 875 7.71 0.21 8.03 7.95
DAPO-Qwen-32B 54.58 50.00 51.67 46.04 50.00 42.50 36.04 19.17 40.83 45.42 27.29 42.14 591
OpenThinker2-32B 74.17 61.88 55.42 56.67 55.42 59.17 49.17 13.96 56.88 37.71 34.58 50.45 22.08
S1.1-32B 58.75 55.21 49.17 51.25 53.33 36.04 41.25 19.38 44.58 46.88 17.08 42.99  7.80

Multilingual AIME25
DeepSeek-R1-Distill-Qwen-7B 29.58 20.21 21.25 22.29 19.79 5.63 8.75 0.42 26.67 10.00 0.00 14.96  6.97
Open-Reasoner-Zero-7B 14.58 13.33 11.88 9.58 11.04 1.67 9.38 0.00 10.21 9.79 0.21 8.33  10.04
OpenThinker2-7B 28.33 21.67 20.63 17.08 21.46 9.38 17.08 2.71 25.00 24.38 2.08 17.25 39.77
OpenThinker3-7B 22.50 27.71 23.33 20.00 27.50 6.67 14.79 3.13 28.54 21.67 1.67 17.95 63.28
Qwen-2.5-1.5B-SimpleRL-Zoo 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.00 0.00 0.02 61.14
Qwen-2.5-7B-SimpleRL-Zoo 4.58 333 208 396 542 0.83 3.13 0.63 146 250 021 256 79.51
Qwen-2.5-14B-SimpleRL-Zoo 13.96 11.67 10.42 10.83 10.00 3.54 6.46 1.88 6.67 8.54 2.08 7.82 0.61
Qwen-2.5-Math-7B-SimpleRL-Zoo 13.75 9.58 6.04 542 9.79 271 5.63 1.04 625 375 1.04 591 12.12
Qwen?2.5-Math-7B-Oat-Zero 10.00 9.38 229 6.67 438 146 2.08 1.04 6.67 292 042 430 22.12
s1.1-7B 13.96 11.67 9.58 6.88 11.88 2.08 7.08 0.21 9.79 5.21 0.00 7.12 6.17
DAPO-Qwen-32B 38.13 38.54 37.29 36.25 34.58 30.83 32.71 18.33 31.67 34.17 22.29 32.25  4.56
OpenThinker2-32B 57.29 50.00 48.13 52.29 43.96 45.42 41.88 12.50 52.50 36.04 25.63 42.33  22.65
S1.1-32B 50.00 43.54 38.33 43.33 42.71 29.38 31.88 16.04 38.75 35.42 14.58 3491  8.05

Multilingual GPQA-Diamond

DeepSeek-R1-Distill-Qwen-7B 32.32 33.33 33.33 35.35 35.35 18.18 21.21 23.74 29.80 14.65 14.14 2649  6.11
Open-Reasoner-Zero-7B 37.37 26.77 31.82 33.33 33.33 24.24 32.83 12.63 33.33 26.77 7.07 27.23  6.20
OpenThinker2-7B 28.79 17.68 17.17 16.67 22.73 22.22 25.76 14.14 22.22 18.69 14.14 20.02  38.15
OpenThinker3-7B 23.23 18.69 22.22 16.67 24.24 5.05 14.65 12.63 21.72 10.10 7.07 16.02 59.23
Qwen-2.5-1.5B-SimpleRL-Zoo 20.71 15.66 23.74 16.67 24.75 10.10 18.18 13.13 17.17 21.21 8.59 17.26  14.69
Qwen-2.5-7B-SimpleRL-Zoo 30.30 31.82 29.80 31.82 33.84 20.71 23.74 17.17 29.80 23.74 10.10 25.71  3.49
Qwen-2.5-14B-SimpleRL-Zoo 41.92 40.40 34.85 40.91 39.39 27.78 34.85 29.80 39.39 33.33 26.26 35.35  2.62
Qwen-2.5-Math-7B-SimpleRL-Zoo 30.81 26.26 22.73 27.78 28.28 18.18 17.17 9.09 27.27 16.67 8.08 21.12 12.26
Qwen?2.5-Math-7B-Oat-Zero 25.76 17.17 7.07 21.21 15.66 19.19 21.72 9.09 30.81 6.06 12.63 16.94 19.74
s1.1-7B 17.68 14.14 20.20 22.22 29.29 9.09 17.17 16.16 24.75 16.67 18.69 18.73  11.98
DAPO-Qwen-32B 52.50 44.44 40.91 48.99 41.92 37.37 42.93 31.82 46.97 47.98 30.81 42.42  5.88
OpenThinker2-32B 62.63 57.58 58.08 59.09 58.59 50.51 47.47 21.72 56.57 0.00 0.00 42.93 22091
S1.1-32B 64.65 57.58 57.58 59.60 56.57 41.41 48.48 36.36 56.57 53.03 32.83 51.33  11.85

Table 25: The Performance of Various Open-source Models. Accuracy (%) and Off-target rate (%) across

languages for various open-source models.
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Figure 10: Analysis across Selected Parallel Languages. The accuracy and relative gain across various benchmarks

with different parallel languages. “Only en” denotes only fine-tuned on English data. “en&LANGUAGE” indicates the
model was fine-tuned on English and a parallel language, with LANGUAGE representing ru, bn, de, zh, respectively.



H Prompts Template
H.1 Templates for Base Model

Qwen-Instruct Template:

<|im_start|>system\n

You are Qwen, created by Alibaba Cloud. You are a helpful assistant.
<|im_end|>\n

<|im_start|>user\n{instruction}<|im_end|>\n

<|im_start|>assistant\n

Qwen-Math Template:

<|im_start|>system\n

Please reason step by step, and put your final answer within \boxed{}.
<|im_end|>\n

<|im_start|>user\n{instruction}<|im_end|>\n

<|]im_start|>assistant\n

No Template:

{instruction}

H.2 Multilingual Reasoning Instruction
The Instruction Used in Multilingual Reasoning Prompt
Please always think in [LANGUAGE].

Solve the following mathematics problem step by step. At the end, provide your final answer enclosed in
\boxed{}.

Problem: {}

H.3 Prompt hacking to force response language
The Prefixes Used in Prompt Hacking. Note that we list seven out of eleven languages.
« English: By request, I will start thinking in English.
+ Japanese: EoRhsdhbNiE. HARFETEZ D £

Chinese: N 25K, R TF4aH 38

» Spanish: A peticién, empezaré a pensar en espafiol.
* French: Sur demande, je commencerai a penser en frangais.
* German: Auf Anfrage werde ich anfangen, in Deutsch zu denken.

e Swahili: Kwa ombi, nitaanza kufikiria kwa Kiswahili.

H.4 Template for R1-like Reasoning
The Template for R1-like Reasoning
You are a helpful Al Assistant that provides well-reasoned and detailed responses. You first think about the reasoning

process as an internal monologue and then provide the user with the answer. The final answer must be put in \boxed{ }.
Respond in the following format: <think>\n...\n</think>\n<answer>\n...\n</answer>
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