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Abstract

Reinforcement learning has proven effective
for enhancing multi-step reasoning in large lan-
guage models (LLMs), yet its benefits have
not fully translated to multilingual contexts.
Existing methods struggle with a fundamen-
tal trade-off: prioritizing input-language con-
sistency severely hampers reasoning quality,
while prioritizing reasoning often leads to unin-
tended language drift toward English. We ad-
dress this challenge with LANG, a novel frame-
work that leverages language-conditioned hints
to guide exploration in non-English reasoning
tasks. Our method incorporates two key mecha-
nisms to prevent dependency on these hints:
a progressive decay schedule that gradually
withdraws scaffolding, and a language-adaptive
switch that tailors learning horizons to specific
language difficulties. Empirical results on chal-
lenging multilingual mathematical benchmarks
reveal that LANG substantially enhances rea-
soning performance without compromising lan-
guage consistency. Moreover, we show that our
framework generalizes beyond mathematics,
fostering more consistent language alignment
across model layers'.

1 Introduction

Recent years have witnessed the rise of large rea-
soning models such as OpenAlI-o03 (OpenAl, 2025)
and DeepSeek-R1 (Guo et al., 2025), which lever-
age reinforcement learning with verifiable rewards
(RLVR) to incentivize multi-step reasoning capa-
bilities. However, these advances remain largely
English-centric, leaving a critical performance gap
in non-English settings, especially for low-resource
languages (Wang et al., 2025b; Luo et al., 2025).
Beyond accuracy, when it comes to multilingual
scenarios, language-consistent reasoning is equally
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Language-Constrain Reasoning
User query: 1969] ¥9] A% ke 25 2 A4 7k

o] Z A ZH3 T T A L. (Use Korean to think and answer.)

(0:0) <think> WA FI2= TA YL A3 196 = 2 X 98%
€ Lepdch o)o] 4 982 40l R BT, 1969 ol
e AR F9-o] £+ 3 x 2 = 67}HA] o] th</think>
A2 \boxed{63 ©] T} [x]
The reasoning trace is language-consistent, but the answer is incorrect. 17
Language-Drifting Reasoning
User query: 1969] %] A4 ef4t 5% 2@ AUz
E | X <think> First prime factorize 196 = 22 .72 The prime factor

decomposition of any divisor [...] to distinct integers.</think>
The answer is \boxed{9}.

The answer is correct, but the reasoning trace is language-inconsistent. 2@

Figure 1: The trade-off between answer accuracy and
the language of reasoning trace in multilingual reason-
ing scenarios. The Korean question in English means
“How many positive integer divisors are there of 1967

crucial for native-user interpretability. However,
as illustrated in Figure 1, current large language
models (LLMs) face two coupled challenges. First,
when we explicitly require models to reason in the
input language, strong reasoning capability in En-
glish does not reliably transfer across languages,
leading to significant performance degradation in
non-English settings. Second, when such language
constraints are relaxed, models frequently drift to-
ward English, reducing readability for native users.
Consequently, it remains non-trivial to balance lan-
guage consistency and reasoning performance.

To address these challenges, recent studies pri-
marily follow two directions. One line of work in-
troduces explicit prompt constraints to steer models
to reason in the language of the user’s query during
reinforcement learning (RL) rollouts or at inference
time (Qi et al., 2025; mGRPO, 2025). However,
such prompt-based steering offers limited control
and often comes at the cost of reasoning quality.
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Building on this, another line of work further intro-
duces language-consistency rewards in RL, encour-
aging models to align the output language with the
input (Zhang et al., 2025d). Nevertheless, when the
model’s multilingual reasoning ability is limited,
trajectories that satisfy such strict objectives are
extremely scarce, exacerbating reward sparsity and
hindering effective exploration during multilingual
reasoning RL.

Inspired by prior studies that leverage hints
(e.g., partial reasoning steps from expert demon-
strations) to alleviate reward sparsity during RL
training (Zhang et al., 2025a; Wang et al., 2025a;
Liu et al., 2025), we propose LANG, a language-
adaptive hint-guided RL framework for multilin-
gual reasoning. LANG uses language-conditioned
hints as scaffolding to bootstrap exploration in
non-English settings. However, we find that keep-
ing multilingual hints throughout training induces
strong hint dependence, leading to substantial per-
formance degradation when hints are unavailable at
test time. To address this, we draw inspiration from
scheduled sampling (Bengio et al., 2015; Zhang
et al., 2019; Qian et al., 2021), and introduce a
progressive hint-decay schedule that reduces hint
exposure over training, shifting learning from hint-
conditioned rollouts to autonomous multilingual
reasoning. Moreover, considering the difference in
learning difficulty across languages, we further em-
ploy a language-adaptive switch that sets language-
specific horizons for turning off hints.

To validate the effectiveness of LANG, we con-
duct extensive experiments on two representative
LLMs across different sizes, covering two challeng-
ing multilingual mathematical reasoning bench-
marks: MMATH (Luo et al., 2025) and Poly-
Math (Wang et al., 2025b). The results show that
LANG effectively enhances multilingual reason-
ing ability while preserving language consistency,
improving accuracy over vanilla GRPO by 24.1%
on MMATH and 18.7% on PolyMath. Moreover,
LANG can also be generalized to non-mathematical
multilingual tasks. Further analysis highlights
that our method achieves consistently language-
consistent reasoning across layers.

2 Related Work

2.1 Multilingual Mathematical Reasoning

Recent advances in LRMs have significantly im-
proved their multi-step reasoning capabilities.
However, reasoning performance remains highly

uneven across languages (Fan et al., 2025a; Zhang
et al., 2025b; Zhao and Zhang, 2024), and models
often suffer from language drift (i.e., responding
in a language different from the user’s query), de-
grading both performance and user experience in
non-English settings (Wang et al., 2025b; Luo et al.,
2025; Fan et al., 2025b; Wang et al., 2026; Zhang
et al., 2025¢). Current approaches to enhancing
multilingual reasoning under language consistency
conditions mainly fall into two categories. One
line of work (Qi et al., 2025; Luo et al., 2025)
uses explicit constraints in prompts to guide mod-
els to reason in the user-desired language. An-
other line of research (Park et al., 2025; Yang et al.,
2025b; mGRPO, 2025; Hwang et al., 2025) intro-
duces language-consistency rewards in reinforce-
ment learning to further encourage alignment be-
tween input and output languages. Building upon
this, our work attempts to leverage multilingual
reasoning traces as explicit guidance to steer model
exploration within specific language spaces, a per-
spective that remains underexplored.

2.2 Hint-guided Reinforcement Learning

A well-known challenge in RLVR is the reward
sparsity issue: when task difficulty exceeds model
capability, sampled trajectories can all be incor-
rect, yielding zero group-wise advantage (Yu et al.,
2025; Chen et al., 2026; Huang et al., 2026). To
mitigate this, prior studies (Zhang et al., 2025a;
Wang et al., 2025a; Liu et al., 2025) have focused
on injecting hint-like partial solutions into prompts
as in-context guidance to improve exploration. This
issue is even more pronounced in multilingual rea-
soning, where non-English reasoning ability typ-
ically lags behind English, making it difficult to
sample feasible trajectories. Building on this line
of work, we introduce a language-adaptive hint
decay strategy that scales guidance by language
difficulty, effectively breaking the exploration bot-
tleneck in multilingual reasoning.

3 Preliminary Study

In this section, we conduct a pilot study of hint-
guided RL for multilingual reasoning and analyze
its training dynamics and generation behaviors, pro-
viding insights into the design of LANG.

3.1 Experimental Setup for Pilot Study

We adopt QUESTA (Li et al., 2025) as a represen-
tative hint-guided approach that augments training
prompts with a fixed portion of distilled reasoning
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Figure 2: The comparison of Vanilla GRPO and QUESTA during RL training. Blue curves denote Vanilla GRPO

and
x-marked lines correspond to the right y-axis.

trajectories to guide exploration. We use Qwen2.5-
7B-Instruct as the policy model and replace the
original trajectories with multilingual counterparts
constructed from DeepMath-103K (He et al., 2025).
We compare this variant with vanilla GRPO and
evaluate its performance on MMATH (Luo et al.,
2025). More details are provided in Appendix A.

3.2 Observations

We report two observations below that highlight the
limitations of naively applying multilingual hints
during RL training.

High policy entropy and training reward do not

reliably translate into better test-time multilin-
gual reasoning performance.

As shown in Figure 2 (a—b), QUESTA main-
tains higher policy entropy and achieves higher re-
ward than vanilla GRPO, yet performs worse at test
time. This gap indicates a severe training—inference
discrepancy: the model is optimized under hint-
conditioned rollouts during training but must rea-
son autonomously when hints are absent at infer-
ence. The issue is amplified in multilingual scenar-
ios, where reasoning capabilities vary significantly
across languages. For low-resource languages, re-
warding trajectories are harder to reach without
hints, incentivizing reliance on hint-conditioned
shortcuts over autonomous multilingual reasoning.

Finding 2
Increased response length does not necessarily

indicate stronger reasoning ability and may
exacerbate the repeat curse.

denote QUESTA. In the middle and right panels, solid lines correspond to the left y-axis, and

Figure 2 (c) shows that QUESTA substantially in-
creases response length while also sharply increas-
ing the repetition score, indicating that the added
length is dominated by repetitive generation rather
than reflecting richer reasoning patterns (Gandhi
et al., 2025). This provides further evidence of the
training—inference discrepancy: once multilingual
hints are removed, the model struggles to produce
successful trajectories autonomously and degener-
ates into repetitive patterns. These results suggest
that narrowing the training—inference discrepancy
is crucial for transferring multilingual capabilities
learned during training to test time.

4 Methodology

In this section, we present LANG, a language-
adaptive hint-guided RL framework for multilin-
gual reasoning, as shown in Figure 3. LANG
consists of two key components: (1) Scheduled
Multilingual Hint Decay, which augments train-
ing prompts with language-conditioned multilin-
gual reasoning traces and progressively reduces
hint exposure to encourage autonomous reasoning;
and (2) Language-adaptive Switch, which sets
language-specific decay horizons to match their
varying learning difficulty.

4.1 Scheduled Multilingual Hint Decay

Given a question ¢ in language [, we assume access
to a multilingual reasoning trace h = (hq,...,hr)
produced by a teacher model in the same language,
where L is the trace length. At training step ¢, we
inject a prefix of h with length:

W= [pL], M
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the model in generating correct multilingual reasoning, combined with a cosine annealing decay schedule and a
language-adaptive switch that adjusts hint injection based on each language’s learning difficulty.

and construct the hint-conditioned prompt:

l {qea(hh?hké)v tSTv

= ()
o q, t>1T,

where p. € [0,1] denotes the hint ratio at step
t, and T' denotes the step after which hint injec-
tion is turned off. By introducing hint guidance to
bootstrap exploration, the probability of sampling
successful trajectories in non-English settings is ef-
fectively increased, thereby mitigating the reward
sparsity issue during the early training phase.

Effect of different sampling strategies.

Cosine decay schedule. To avoid hint depen-
dence and narrow the training—inference gap, for
t < T, we instantiate p} using a cosine schedule:

! {%(1—}—608(%%)), t<T,

_ 3
Pr= Yo, is7,. @

This schedule starts with full guidance (p, = 1)
and smoothly anneals to zero, yielding a grad-
ual transition from hint-conditioned rollouts to au-
tonomous multilingual reasoning.

4.2 Language-adaptive Switch

Due to the substantial gaps in multilingual reason-
ing ability across languages, a single global switch
step is suboptimal. To this end, we introduce a
language-adaptive switching strategy that tailors
learning horizons to specific language difficulties.
Specifically, we partition languages into resource
groups R € {high, mid,low}. For each rollout
step ¢, we compute an effective-update rate ug (t),
defined as the fraction of instances in the group
batch Br (t) whose rollout group contains at least
one trajectory with positive advantage:

1 .
ur(t) = Mﬁ%@n[m e{l,...,G}

st Ay(z,b) > o},
“)
where I is the indicator function.

To reduce variance, we adopt an exponential
moving average with o = 0.5 to control the
smoothing strength.

ar(t) =aur(t—1)+ (1 —a)ur(t). (O)
A high ug (t) indicates that successful trajectories

are consistently reachable, serving as an effective
signal to remove scaffolding.

Switch criterion. We switch a resource group
R to the zero-hint regime once @R (t) exceeds a
global threshold 7 and define the switch step as:
Tr = min{t | ug(t) > 7}. (6)
As a result, low-resource groups retain hints longer
to alleviate reward sparsity, while high-resource

groups switch earlier to autonomous reasoning, re-
ducing hint dependence.

4.3 Policy Optimization via GRPO

We optimize the policy model mg using
GRPO (Shao et al., 2024). At each step, we sample
a group of G outputs {0;}& | ~ (- | ¢}) from
the current policy, obtain rewards r;, and compute
standardized group-wise advantages:

r; —mean({ry,...,rg})
std({r1,....,ra})

A = (N
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GRPO then updates g by maximizing the clipped
surrogate objective with KL regularization:

JO)=E

G
1 . .
Ie ; min (pZAZ7 clip(pi, 1 — g, 1+ e)AZ)} ,
l (®)
00019 _ We omit the KL divergence
6014 (0ilaz)
term following the common practice as 5 = 0.

where p; =

Reward. We use a binary, outcome-style reward
that jointly enforces (i) language consistency, (ii)
output format, and (iii) answer correctness. Given
a model output o with a reasoning trace o; and a
final answer o,, we define: (1) Rjc(o) = 1 if both
o; and o, are in the same language’ as the input
question, and 0 otherwise; (2) Rformat(0) = 1 if 0
contains the thinking tag <think>...</think> and
provides the final answer within \boxed{}, and
0 otherwise; (3) Rycc(0) = 1 if the extracted final
answer matches the ground truth under a rule-based
verifier, and O otherwise. The overall reward is the
conjunction:

R(O) = H[Rlc(o) = 1A Rformat(0) = 1A RaCC(O) = 1]'
9)

5 Experimental Setups

5.1 Evaluation Datasets

To assess the effectiveness of LANG, our main ex-
periments are conducted on two challenging multi-
lingual mathematical reasoning benchmarks. De-
tailed dataset statistics are provided Appendix B.1

MMATH (Luo et al., 2025) comprises prob-
lems in ten languages, translated from the AIME?,
CNMO*, and MATH-500 (Lightman et al., 2024)
using GPT-40-mini (OpenAl, 2023).

PolyMath (Wang et al., 2025b) spans eighteen
languages and four easy-to-hard difficulty levels,
providing a comprehensive assessment of multilin-
gual reasoning capabilities.

5.2 Evaluation Metrics

Following Wang et al. (2025b), our evaluation pri-
marily focuses on : language consistency, accu-
racy, and their conjunction. Detailed definitions
are provided in Appendix B.2.

2Following Wang et al. (2025b), we use the langdetect
library to identify the language.

Shttps://maa.org/maa-invitational-competitions/

*https://www.cms.org.cn/

Language Consistency Ratio (LCR). LCR mea-
sures whether the model responds in the same lan-
guage as the input question, computed based on the
language-consistency criterion in Equation 9.

Accuracy (Acc). We compute accuracy by com-
paring the extracted final answer with ground-truth,
regardless of response language (Luo et al., 2025).

Language Consistency & Accuracy (LC&Acc).
LC&Acc is our primary metric. It counts an output
as correct only if the final answer is correct and
the entire response is language-consistent with the
input (Wang et al., 2025b).

5.3 Baselines

We compare LANG against two categories of base-
lines: prompting-based and training-based. See
Appendix H for implementation details.

5.3.1 Prompting-based Methods

Language-Constraint Prompting (LCP) (Wang
et al., 2025b), Discourse-Initiated Thinking
(DIT) (Luo et al, 2025), and Question-
Restatement Thinking (QRT) (Luo et al., 2025)
simply prompt LLMs to generate language-
constraint reasoning responses. Detailed implemen-
tation of these methods refers to Appendix H.1.

5.3.2 Training-based Methods

Multilingual Supervised Fine-tuning (M-SFT)
fine-tunes models on constructed multilingual
mathematical data to improve performance.

Vanilla GRPO (Guo et al., 2025) applies the
standard GRPO algorithm with format and accu-
racy rewards to perform RL training on multilin-
gual mathematical data.

Language-Consistency GRPO (LC-GRPO)
extends GRPO algorithm with a language-
consistency reward, constraining the model to
respond in the language of questions.

M-Thinker (Zhang et al.,, 2025d) extends
GRPO algorithm by evaluating cross-lingual think-
ing alignment with an LLM-as-judge and adding
a language-consistency reward, thereby enhancing
the multilingual reasoning alignment.

mGRPO (mGRPO, 2025) encourages the model
to sample multilingual trajectories within each
group via prompting, mitigating drift toward En-
glish in the reasoning traces.
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In-Domain Languages

Out-of-Domain Languages

Method ALL-Avg.
Ar Th Fr Ja Zh En Avg. Vi Ko Pt Es Avg.
Owen2.5-3B-Instruct 3.0 09 0.7 21 137 23.0 7.2 5.8 0.9 04 5.1 3.1 5.6
13.1 11.0 167 137 151 230 154 159 130 185 16.6 16.0 15.7
+LCP 13.7 166 164 124 143 213 158 13.1 109 158 133 133 14.8
+ DIT 125 176 170 123 157 232 164 149 123 177 124 143 15.6
+ QRT 124 185 172 132 166 223 167 140 122 167 109 135 15.4
T +M-SSFT ~ 128 189 185 131 153 224 168 133 119 164 121 134 =~ 155
+ Vanilla GRPO 2.5 4.2 9.0 69 172 224 104 4.6 1.1 1.1 1.3 9.5 7.3
+ LC-GRPO 143 177 194 146 149 229 173 173 137 182 151 16.1 16.8
+ M-Thinker 128 175 196 11.8 138 224 163 146 121 171 11.1 137 15.3
+ mGRPO 150 153 182 122 141 199 158 163 145 149 16.7 156 15.7
+ LANG 145 195 207 154 169 23.1 183 196 148 181 146 16.8 17.7

Owen2.5-7B-Instruct 0.3 0.5 0.2 3.6 21.0

+LCP 18.0 16.1 232 186 195
+ DIT 183 168 192 198 194
+ QRT 177 161 203 19.8 23.1
+ M-SFT 129 152 126 198 194
+ Vanilla GRPO 0.0 0.7 0.0 0.1 0.7
+ LC-GRPO 243 23.6 282 250 247
+ M-Thinker 214 207 227 245 257
+ mGRPO 247 205 278 265 20.1
+ LANG 26.3 285 311 28.0 225

321 281 3001 245 322 312 295 286

Table 1: The LC&Acc (%) on MMATH test sets. “Avg.” denotes the average performance within each split, and
“ALL-Avg.” denotes the overall average across all languages. The highest score among systems of the same size is
highlighted in bold. And gray-colored text indicates the accuracy (%) without considering language consistency.

5.4 Experimental Details

We conduct experiments on the multilingual
DeepMath-103K dataset, selecting ten languages in
PolyMath as in-domain and reserving the remain-
ing languages for out-of-domain evaluation. Sub-
sequently, for each in-domain language, we sam-
ple 0.3K instances for cold-start training and then
sample an additional 3K instances for RL training
from the remaining data. To verify the effective-
ness of our method, we conduct experiments on
Qwen2.5-3B/7B/32B-Instruct (Yang et al., 2025a)
and Llama3.1-8B-Instruct (Al@Meta, 2024). For
more details about training, refer to Appendix C.

6 Experimental Results

6.1 Main Results

We present the main metric LC&Acc on the
MMATH and PolyMath benchmarks in Table 1
and 2, respectively. Detailed results for LCR and
Accuracy are provided in Appendix D. The re-
sults of Qwen2.5-32B-Instruct and Llama3.1-8B-
Instruct refer to Appendix F.

Current LLMs struggle to generate language-
consistent reasoning traces while preserving ac-
curacy. As shown in Tables 1 and 2, Qwen-
family models achieve strong English accuracy,
yet their LC&Acc degrades substantially once the

intermediate reasoning traces are required to re-
main in the input language. Moreover, existing
approaches further reveal a consistent trade-off
between language consistency and accuracy. In
particular, on Qwen2.5-3B-Instruct, prompting-
based methods can greatly increase language con-
sistency (e.g., QRT boosts the MMATH LCR from
23.3% to 85.1%), but this gain comes with an
11.3% drop in accuracy. Conversely, training-based
approaches without explicit language constraints
achieve notable accuracy improvements but reduce
language consistency. Specifically, on PolyMath
with Qwen2.5-7B-Instruct, vanilla GRPO yields a
9.0% relative accuracy gain, while its LCR drops by
16.5% relative to QRT. Overall, these results indi-
cate that generating language-consistent reasoning
traces with correct answers remains challenging.

LANG effectively improves multilingual reason-
ing ability without sacrificing language consis-
tency. As shown in Tables 1 and 2, LANG con-
sistently outperforms all competitive baselines on
both MMATH and PolyMath in the in-domain set-
ting. Across the four evaluation models, LANG
improves average LC&Acc by 24.1% on MMATH
and 18.7% on PolyMath relative to LC-GRPO.
Moreover, LANG achieves near-perfect language
consistency as illustrated in Appendix D (Figure 11-
14). Remarkably, these gains are particularly pro-
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In-Domain Languages

Out-of-Domain Languages

Method ALL-Avg.
Ar Bn Th Sw Ja Zh  De Fr  Ru En Avg. Te Ko Vi It Id Pt Es Avg.
Owen2.5-3B-Instruct 83 45 175 1.3 85 79 92 96 87 114 77 1.0 84 99 95 96 114 112 8.7 8.1
8.4 1.5 7.6 1.3 8.6 9.4 9.3 9.6 89 114 7.9 1.0 8.4 99 10.0 9.7 11.8 114 8.9 8.3
+LCP 8.2 3.6 84 34 6.8 10.2 9.9 9.2 8.8 14.1 8.3 24 7.4 9.2 9.5 9.8 109 9.9 8.4 8.3
+ DIT 7.6 53 6.4 3.1 7.4 92 11.7 99 103 11.7 8.3 1.0 8.2 8.8 9.5 9.2 102 102 8.2 8.2
__tQRT 108 32 63 15 92 69 95 109 108 127 82 15 75 114 106 105 94 97 87 84
+ M-SFT 27 28 43 09 27 46 30 29 59 45 34 04 50 54 31 22 37 57 3.6 35
+ Vanilla GRPO 9.1 04 8.1 1.5 85 107 102 11.1 106 127 8.3 26 85 9.7 7.8 122 10.0 11.6 8.9 8.6
+ LC-GRPO 9.9 6.6 10.5 3.0 9.7 10.8 9.9 11.7 102 124 9.5 3.0 85 105 108 119 11.5 109 9.6 9.5
+ M-Thinker 9.1 48 6.5 23 713 87 97 83 107 125 8.0 1.1 8.1 89 94 75 98 92 17 79
+ mGRPO 87 538 8.7 1.0 75 83 100 117 9.0 127 8.4 3.1 7.8 8.6 10.1 8.0 84 10.1 8.0 8.2
+ LANG 89 74 108 27 99 135 109 11.1 11.6 133 100 45 9.6 122 118 105 121 109 10.2 10.1
Owen2.5-7B-Instruct  12.1 11.8 127 22 138 153 153 152 148 173 13.1 62 124 144 134 9.7 13,6 151 120 12.7
12.5 12.0 133 50 138 174 162 154 157 173 139 6.2 125 145 134 139 148 157 13.0 13.5
+LCP 9.0 5.1 8.3 1.3 8.2 6.8 8.9 93 109 142 8.2 1.0 9.4 9.2 100 79 105 10.7 8.4 8.3
+ DIT 12.1 108 11.8 2.8 132 137 135 166 157 16.6 12.7 6.6 11.6 119 168 135 144 143 127 12.7
+ QRT 122 115 121 49 145 134 148 161 150 175 132 7.7 115 140 13.6 13.7 149 165 13.1 13.2
C+MSSFT 51 28 67 13 48 37 41 501 53 61 45 14 44 65 70 34 75 59 52 48
+ Vanilla GRPO 13.1 4.5 1.4 2.1 131 158 166 159 153 174 115 42 124 158 156 14.1 164 162 135 12.3
+ LC-GRPO 14.3 9.0 11.2 25 137 134 172 170 183 17.6 134 6.0 133 165 16.6 145 17.1 18.7 147 13.9
+ M-Thinker 136 88 9.0 3.1 11.7 121 132 148 147 143 115 7.8 10.8 123 143 134 138 155 126 12.0
+ mGRPO 149 106 11.5 27 127 131 138 154 164 153 126 6.5 12.8 13.8 157 133 164 165 13.6 13.0
+ LANG 16.2 11.0 153 34 153 157 179 179 194 179 150 7.6 161 172 20.5 174 17.7 19.0 16.5 15.6
Table 2: The LC&Acc (%) on PolyMath test sets.
. 1.00 n 30.0 >
nounced in low-resource languages. For example, 1 Expontal dfay L
. . 5} ~osine 2 : deca 26.0 [~ Exponential deca
with Qwen2.5-7B-Instruct, LANG yields LC&Acc = .| T Cosine amealpg decey| b s
' ct 5} | ine dec |
gains of 39.0% on Thai in MMATH and 24.6% 5 S Cosine anealing e
. . . = 18 .l |
on Vietnamese in PolyMath over mGRPO. This g os0 I e
= 14349
.. . 8
indicates that LANG leverages fine-grained mul- 2 o el 1
. . . . . . o B
tilingual hints with explicit language-consistency A 10.0 |- 2
supervision, mitigating the trade-off between accu- D e T MMATH — PolyMst:
racy and language consistency. Training Steps
(a) (b)

LANG exhibits strong out-of-distribution and
cross-model generalization. LANG consistently
improves LC&Acc across diverse evaluation lan-
guages and outperforms all strong baselines on out-
of-domain languages as shown in Tables 1 and 2.
Specifically, LANG achieves average LC&Acc
gains of 79.3% on Llama3.1-8B-Instruct and 11.2%
on Qwen2.5-7B-Instruct over LC-GRPO across
two benchmarks. This superior generalization
demonstrates that the multilingual reasoning ability
learned by LANG can be effectively transferred to
unseen languages. Additionally, we note consistent
improvements across model families and scales.
As shown in Tables 8 and 9, LANG achieves aver-
age LC&Acc gains over LC-GRPO of 41.1% for
Llama3.1-8B-Instruct and 4.9% for Qwen2.5-32B-
Instruct across two benchmarks. These consistent
gains across languages and model variants demon-
strate the robustness of LANG in guiding models to
sample language-consistent reasoning trajectories.

6.2 Ablation Study

‘We conduct ablation studies to validate LANG, with
additional ablations reported in Appendix E.

Figure 4: (a) Examples of decay schedules (b) The aver-
age performance on MMATH and PolyMath dataset.

Effect of different sampling strategies. To eval-
uate the effectiveness of the cosine annealing sam-
pling strategy, we conduct ablation studies on
Qwen2.5-7B-Instruct by comparing it with expo-
nential and linear decay. As shown in Figure 4
(a), exponential decay reduces the hint length too
quickly in the early stage, whereas linear decay
applies a uniform schedule that ignores the model’s
evolving reasoning abilities. In contrast, cosine
annealing better matches the desired pattern by
providing stronger guidance early and encourag-
ing more autonomous exploration later, thereby
achieving the best average LC&Acc on both bench-
marks in Figure 4 (b). These results suggest that
cosine annealing alleviates early reward sparsity
while enabling a timely transition to independent
exploration, thus improving consistency between
training and inference.

Effect of key ingredients in the LANG train-
ing framework. To further assess the necessity
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Figure 5: The average performance of training different
components on MMATH and PolyMath datasets.

Method MMLU-ProX XWinograd XStoryCloze XCOPA

Owen2.5-7B-Instruct ~ 35.9 65.7 60.9 60.7
+ Vanilla GRPO 21.0 65.7 575 589
+ LC-GRPO 39.9 622 60.2 60.5
+ LANG 41.071142% 799721.6% 635743% 62.9713.6%

Table 3: The average extract match and accuracy (%)
on non-mathematical benchmarks. Arrows indicate the
relative improvement over Qwen2.5-7B-Instruct model.

of the language-consistency reward, the hint an-
nealing phase, and cold-start training, we con-
duct ablation studies on Qwen2.5-7B-Instruct. As
shown in Figure 5, without the hint annealing
phase pl, maintaining full hints throughout train-
ing amplifies the training inference discrepancy
and consequently degrades performance. Further-
more, removing the language-consistency reward
Rjc causes pronounced language drifting of the rea-
soning traces into English, undermining the goal
of language-consistency reasoning. Additionally,
removing the cold-start stage results in a 3.0% av-
erage performance drop, indicating that cold-start
training improves the initial policy’s compliance
with instruction-specified output language and for-
matting constraints, thereby stabilizing and facili-
tating subsequent multilingual RL training.

7 Further Analysis

7.1 Scalability of LANG Beyond Multilingual
Mathematical Reasoning

To evaluate the scalability of LANG, we extend
our method on MMLU-ProX (Xuan et al., 2025),
XWinograd (Muennighoff et al., 2022; Tikhonov
and Ryabinin, 2021), XStoryCloze (Lin et al.,
2021), XCOPA (Ponti et al., 2020) benchmarks,
which cover multilingual understanding and gen-
eration tasks across domains. We utilize lm-
evaluation-harness® as our evaluation framework

Shttps://github.com/EleutherAl/
Im-evaluation-harness
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Figure 6: The layer-wise comparison of the language-
consistency rate of intermediate decoded outputs with
the question language across different training methods.

Translation Model MMATH PolyMath
GPT-40-mini (OpenAl, 2023) 28.6 15.6
Claude-Opus-4.5 (Anthropic, 2025) 279 15.0
NLLB-200-3.3B (Costa-jussa et al., 2022) 25.1 13.8

Table 4: The average LC&Acc (%) on MMATH and
PolyMath under different translation models for multi-
lingual training data construction, using Qwen2.5-7B-
Instruct as the backbone.

(Detail results are provided in Appendix G). No-
tably, as shown in Table 3, LANG achieves signifi-
cant average performance improvements of 10.9%
over four benchmarks. The results demonstrate
that LANG transfers effectively to diverse multilin-
gual tasks, suggesting that multilingual guidance
during RL training improves general multilingual
capability beyond the target reasoning domain.

7.2 Impact of Translation Quality on
Multilingual Performance

We further extend our method by constructing the
multilingual training data with different translation
models to examine the impact of translation quality
on the resulting gains in multilingual performance.
As shown in Table 4, the model’s multilingual gains
remain stable across training data constructed with
different translation models. This indicates that
LANG does not rely heavily on translation quality,
but instead helps the model internalize multilingual
reasoning patterns, leading to strong robustness.

7.3 Layer-wise Analysis of
Language-Consistent Reasoning

To examine the extent to which the model main-
tains language-consistent reasoning across layers,
rather than reasoning in English in intermediate lay-
ers and translating into the target language only at
upper layers, which leads to inconsistency in mul-
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Figure 7: The comparison of Vanilla GRPO and QUESTA during RL training. Blue curves denote Vanilla GRPO,
denote QUESTA, and red curves denote LANG. In the middle and right panels, solid lines correspond
to the left y-axis, and *-marked lines correspond to the right y-axis.

tilingual reasoning and hinders the model’s ability
to maintain coherent and accurate reasoning across
languages (Zhao et al., 2024). We decode inter-
mediate hidden states into layer-wise outputs with
the logit lens (Nostalgebraist, 2020) and measure
language consistency with the input question on
MMATH. As shown in Figure 6, LANG maintains
consistently high language-consistency rates across
layers, thereby mitigating disrupted reasoning con-
tinuity induced by cross-layer language switching.
This result confirms that our method encourages the
model to internalize language-consistent reasoning
throughout its intermediate representations, rather
than relying on superficial language conversion at
the final output layer.

7.4 Revisiting Findings after Training with
LANG

To facilitate comparisons, we compare the metrics
discussed in Section 3.2 before and after training
with LANG. As shown in Figure 7, our method
attains a higher average reward score during RL
training compared to Vanilla GRPO. Furthermore,
the higher reward reliably translated into better
test-time multilingual reasoning performance. Ad-
ditionally, LANG increases response length without
inducing repetitive generation. This highlights that
LANG narrows the training—inference discrepancy,
enabling the multilingual capabilities learned dur-
ing training to transfer effectively to test time.

7.5 Impact of Teacher Model on Multilingual
Performance

To verify that our method is not dependent on a
specific teacher model, we further extend our ex-

periments by replacing DeepSeek-R1 with GPT-4o-
mini to generate reasoning-trace hints for construct-
ing the multilingual training data. As shown in
Table 6 and Table 7, the model’s multilingual gains
remain stable across training data constructed with
different teacher models. Specifically, after switch-
ing to GPT-40-mini, LANG still brings improve-
ments of +22.5 and +2.8 points on MMATH and
PolyMath respectively, compared to the Qwen2.5-
7B-Instruct baseline. This indicates that LANG
does not rely heavily on the choice of teacher rea-
soning model, but instead helps the student model
internalize multilingual reasoning patterns from
diverse reasoning traces, confirming that our ap-
proach is teacher-agnostic.

8 Conclusion

In this work, we propose LANG, a language-
adaptive hint-guided RL framework for multilin-
gual reasoning. LANG bootstraps exploration with
language-conditioned multilingual hints in early
training, then progressively reduces hint exposure
to mitigate the training-inference discrepancy. A
key innovation is our language-adaptive switch,
which adjusts the learning pace based on difficulty,
specifically preserving guidance for languages that
need it while accelerating independence for those
that do not. Experiments on MMATH and Poly-
Math across two LLM families and multiple scales
show that LANG substantially improves multilin-
gual reasoning while preserving language consis-
tency. Ablations further verify the necessity of both
progressive hint decay and the language-adaptive
switching mechanism.
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Limitations

Our work presents several limitations worth noting.
First, for constructing multilingual hints, we use
the widely adopted DeepSeek-R1 as the sole distil-
lation source. Future work will involve extending
our method by using data distilled from additional
teacher models to more comprehensively evaluate
the generalizability of LANG. Second, while our
method achieves substantial improvements in ac-
curacy while maintaining language consistency be-
tween input and output across both in-domain and
out-of-domain test sets across model families and
scales, the degrees of performance across differ-
ent languages result in performance trade-offs. We
hypothesize that these trade-offs may arise from
imbalances in multilingual training data during the
pre-training stage. However, our work starts from
the perspective of RL training to enhance the mul-
tilingual ablities of LLMs. In future work, we will
explore data-centric strategies for improving multi-
lingual capabilities, with a particular focus on data
selection and data augmentation.
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A Preliminary Study

A.1 Construction of Training Data

Due to the scarcity of multilingual mathematical
training data, we construct our training data from
DeepMath-103K (He et al., 2025), which con-
tains high-difficulty math problems paired with
reasoning traces generated by DeepSeek-R1 (Guo
et al.,, 2025). We translate the questions and
their corresponding reasoning traces from the
DeepMath-103K dataset (He et al., 2025) into
ten in-domain languages: Arabic, Bengali, Thai,
Swahili, Japanese, Chinese, German, French, and
Russian using GPT-40-mini (OpenAl, 2023), fol-
lowed by manual verification and correction.

A.2 Metrics for Preliminary Study

We provide a detailed description of the metrics
used in the preliminary study below:

Policy Entropy. The policy entropy can be de-
scribed as follows. Given a question ¢ and a policy
model 7y, the model generates a response y =
(Y1, -+, Yt, ---, Y1), Where each token y; is sampled
from the conditional distribution 7y (- | y<¢, q)-
Following Shi et al. (2025), we measure the av-
erage token-level entropy of the policy model over
the training dataset D, as defined by the following
equation:

H(mg, D) = Egup, yrrmg(-lg)

1 ]

ol > —logmo(ys | y<t,q)
Yy t=1

)

Average Accuracy. We report the average accu-
racy over ten languages on the MMATH test sets
by comparing the extracted final answer in the re-
sponse to the gold answer.

Reward Score. We report the average reward
score, defined as the proportion of rollouts with
R(0) = 1, where R(0) equals 1 only when all
reward criteria are satisfied, defined as equation 9.

Response Length. We track the model’s re-
sponse length on the MMATH test sets throughout
training. For each evaluation checkpoint, we to-
kenize the generated responses using the model’s
own tokenizer and report the average number of
output tokens (including both the reasoning trace
and final answer) across the ten languages.
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Repeat Score. Following (Yao et al., 2025)’s
work, we measure repetition using the weighted n-
gram repetition rate. Before computing repetition,
we remove mathematical expressions and symbols
from each output via regular expressions and com-
pute the metric on the remaining text. Given a
generated token sequence y = (t1,...,tr), the
contiguous n-gram starting at position j is defined
as:

7=1...,T—n+1.
(@3]
Let {n;}X | denote the unique n-grams in y, with
frequency f; for each n;. We compute the repeat
score as specified by the following equation:

S £ I(f > 1)
SO max(f;, 1)w

where I(-) is the indicator function and w is a
weighting factor. Following (Yao et al., 2025)’s
setup, we set n = 1, w = 1 and report the average
repeat score over all generated outputs across ten
languages on the MMATH benchmark.

n—gramj = (tj,tj+1, cee ,tj+n,1),

Repeat Score,, (y) = , 3

B Experimental Details of Multilingual
Mathematical Reasoning Task

B.1 Evaluation Datasets

The datasets for evaluating the multilingual rea-
soning ability of LLMs cover two benchmarks:
MMATH and PolyMath. The detailed descriptions
of these two datasets are as follows.

MMATH (Luo et al., 2025) is a new bench-
mark for evaluating multilingual complex reason-
ing. It contains 374 high-quality math problems
spanning 10 typologically and geographically di-
verse languages, resulting in 3,740 test instances
in total. The source problems are drawn from 30
questions from AIME 2024, 15 from AIME 20250,
18 from CNMO’, and 311 filtered problems from
MATHS00 (Lightman et al., 2024). Each prob-
lem is translated and validated through a rigorous
pipeline that combines frontier LLMs with human
verification, ensuring semantic equivalence across
languages. The test sets include 10 languages: En-
glish (en), Chinese (zh), Arabic (ar), Spanish (es),
French (fr), Japanese (ja), Korean (ko), Portuguese
(pt), Thai (th), and Vietnamese (vi).

6https://maa.org/maa—invitational—competitions/
"https://www.cms.org.cn/

PolyMath (Wang et al., 2025b) is a multilin-
gual benchmark organized by comprehensive diffi-
culty levels, spanning from K-12 to Olympiad and
advanced frontier mathematics. It covers 18 lan-
guages: English (en), Chinese (zh), Spanish (es),
Arabic (ar), French (fr), Bengali (bn), Portuguese
(pt), Russian (ru), Indonesian (id), German (de),
Japanese (ja), Swahili (sw), Vietnamese (vi), Ital-
ian (it), Telugu (te), Korean (ko), Thai (th), and
Malay (ms). And the problems are categorized into
four difficulty levels based on Thought Depth and
Knowledge Breadth, with 125 problems per level.
The data sources for each level are summarized as
follows:

* Low-level: Problems are sourced from
MGSM (Shi et al., 2023), a multilingual
math word-problem benchmark, with ad-
ditional translations supplemented by P-
MMeval (Zhang et al., 2025e).

* Medium-level: Problems are collected from
College Math exercise sets and standardized
examinations (e.g., China’s Gaokao and post-
graduate entrance exams), together with prob-
lems from widely used contest archives such
as the U.S. AMC and China’s provincial
CNMO selection contests.

* High-level: Problems are drawn from estab-
lished competition problem sets, including the
U.S. AIME and China’s CNMO.

* Top-level: Problems are aggregated from the
IMO/IMO Shortlist and major national/re-
gional Olympiads (e.g., CMO, USAMO, Put-
nam), and complemented with frontier prob-
lems from the HLE dataset (Phan et al., 2025).

B.2 Evaluation Details

B.2.1 Evaluation Details for MMATH

Following Luo et al. (2025), we generate outputs
using a temperature of t = 0.6, a top-p value of
0.95, and a maximum output length of 32,768 to-
kens. To obtain a more reliable estimate of reason-
ing accuracy, each evaluation is repeated 4 times,
and the average result is recorded. Given the vary-
ing complexity of each benchmark subset, we re-
port the final score using macro-average accuracy.
To extract the final answer, we employ the math
extraction tool from OpenCompass (2023), and
the extracted answers are then verified against the
ground truth using math_verify®. We utilize the

8https://github.com/huggingface/Math-Verify
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inference prompt from Luo et al. (2025). The eval-
uation prompts used for different methods on the
MMATH test set are shown in Figure 9.

B.2.2 Evaluation Details for PolyMath

For a fair comparison, we use greedy decoding
to ensure the determinism of the outputs and set
the maximum generation length to 65,536 tokens
during inference. To ensure a fair comparison and
mitigate the risk of hallucinations (Huang et al.,
2025¢, 2024a, 2025b; Chen et al., 2025; Zhao et al.,
2026; Huang et al., 2025a, 2024b), we adopt the
inference prompt from Luo et al. (2025). The eval-
uation prompts used for different methods on the
PolyMath test set are shown in Figure 10.

Following Luo et al. (2025), we report the
Difficulty-Weighted Accuracy (DW-ACC) (Luo
et al., 2025) on the PolyMath benchmark. DW-
ACC assigns level-specific weights w1, w2, w3, wy
to problems from the low, medium, high, and top
levels, respectively, with weights doubling as dif-
ficulty increases: w; = 1, we = 2, w3z = 4, and
w4 = 8. This weighting scheme reduces the in-
fluence of easier problems and places greater em-
phasis on correctness at higher difficulty levels.
The accuracies at the four levels are denoted by
ai, a9, as, aq, and DW-ACC is specified by the fol-
lowing equation:

4 4 i—1
DW-ACC = W = <2ai> . (@)

C Experimental Details of LANG

C.1 Training Datasets

We train our models on the multilingual DeepMath-
103K dataset, with full details of the data construc-
tion provided in Appendix A.1.

C.2 Training Details of Cold-Start training

We utilize LLaMA-Factory® as our cold-start train-
ing framework. All models are trained using
NVIDIA H200 GPUs. All models are trained for 1
epoch with a batch size of 256, and the learning rate
is set to 2e-5. We set the maximum token length
to be 16384. We use Deepspeed stage 2 (Rajbhan-
dari et al., 2020) to conduct multi-GPU distributed
training, with training precision Bfloat16 enabled.

*https://github.com/hiyouga/LLaMA-Factory
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Figure 8: (a) The impact of randomly discarding seg-
ments of the hint on model performance. (b) The effect
of the choice of the hyperparameter 7 on the perfor-
mance of LANG. Red dashed line denotes the perfor-
mance of Qwen2.5-3B-Instruct, and Blue dashed line
denotes the performance of Qwen2.5-7B-Instruct.

C.3 Training Details of RL training

We utilize the GRPO algorithm implemented by
verl'?. All models are trained using 4 x 8 NVIDIA
H200 GPUs. All models are trained for 5 epochs
with a batch size of 128 and a PPO mini-batch size
of 64. We use a learning rate of 1 x 1076, 8 roll-
outs with temperature 1.0, and a KL coefficient of
0.0. The maximum sequence length is 16,384 to-
kens. Following Joshi et al. (2020), the languages
in this study are classified into three categories
based on resource availability: high-resource lan-
guages include English, German, French, Spanish,
Portuguese, and Italian; mid-resource languages
include Japanese, Chinese, Russian, Korean, and
Vietnamese; and low-resource languages include
Arabic, Bengali, Thai, Swahili, Telugu, and Indone-
sian.

D Detailed Results for LCR and Accuracy

We report the LCR of Qwen2.5-3B-Instruct on
MMATH and PolyMath in Figure 11 and Fig-
ure 13, respectively. For Qwen2.5-3B-Instruct and
Qwen2.5-7B-Instruct on the PolyMath test sets, we
report the difficulty-weighted accuracy in Table 11,
and accuracy by difficulty level in Tables 12—15.
For the PolyMath test sets, we report the difficulty-
weighted accuracy in Table 11. We additionally
report per-tier accuracies for the four difficulty lev-
els in Tables 12—15.

Ohttps://github.com/volcengine/verl
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E Additional Ablation Studies

Effect of random hint segment discarding. To
evaluate the necessity of truncating hints from the
tail, we conduct ablation studies by maintaining the
total length of hint decay, but randomly discarding
segments of the hint. As shown in Figure 8 (a),
randomly discarding segments causes semantic dis-
ruption in the multilingual hints, leading to a sharp
decline in the model’s average performance across
both benchmarks. This suggests that semantically
disrupted multilingual hints fail to provide effec-
tive guidance during training, making it difficult for
the model to learn coherent and logical reasoning
traces.

Effect of 7 reveals a meaningful trade-off across
language groups yet consistent robustness. To
demonstrate the impact of the choice of 7 on
our method, we conduct ablation studies by train-
ing Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct
with different values of 7, reporting their average
performance on MMATH and PolyMath. As shown
in Figure 8 (b), selecting too small a value for 7
may cause hints to be turned off too early during
training, preventing the model from receiving suf-
ficient multilingual hint guidance and making it
difficult to explore correct reasoning traces. In con-
trast, choosing too large a value for 7 may cause
hints to be turned off too late during training, lead-
ing the model to become overly reliant on hint
guidance and preventing it from developing suffi-
cient autonomous exploration capabilities. More
concretely, the hyperparameter 7 mediates a mean-
ingful trade-off across language groups with dif-
ferent resource levels. A smaller 7 removes hints
earlier, which benefits high-resource languages by
encouraging more autonomous exploration, but de-
prives low-resource languages of the guidance they
critically need. A larger 7 retains hints longer,
which provides low-resource languages with ex-
tended support but may induce dependency in high-
resource ones. To illustrate this, we report the per-
formance of Qwen2.5-7B-Instruct on PolyMath
across high-, medium-, and low-resource language
groups in Table 5. As shown, 7 = 0.4 achieves the
best overall balance across all three groups, while
7 = 0.3 favors high-resource languages at the cost
of low-resource performance. The sensitivity ob-
served in Figure 8 (b) thus reflects the inherent
difficulty gap across language groups rather than a
design fragility. Notably, our method consistently
outperforms the Qwen2.5-3B/7B-Instruct baselines

High-Resource ~ Medium-Resource ~ Low-Resource

LANG (7=0.3) 17.8 20.2 18.1
LANG (7=0.4) 25.1 21.5 19.6
LC-GRPO 232 20.0 16.8

Table 5: Performance of Qwen2.5-7B-Instruct on Poly-
Math across high-, medium-, and low-resource language
groups under different 7 values.

regardless of the value of 7. Even at the suboptimal
setting of 7 = 0.3, LANG still surpasses LC-GRPO
on low-resource languages by 7.7%, demonstrating
strong robustness precisely where improvement is
most needed. These results highlight that LANG
can robustly enhance multilingual reasoning abil-
ity by injecting multilingual hints during the early
stages of training to guide correct reasoning path
generation, while adaptively removing hints to en-
courage autonomous exploration.

F Comprehensive Results for Additional
Training Models

We additionally report LC&Acc results for
Qwen2.5-32B-Instruct and Llama3.1-8B-Instruct.
Table 8 summarizes LC&Acc on the MMATH test
set, and Table 9 reports LC&Acc on the PolyMath
test set.

G Experimental Details of Multilingual
Non-Mathematical Reasoning Tasks

To further validate the effectiveness and generaliz-
ability of our method, we evaluate it on multilin-
gual understanding benchmarks, including MMLU-
ProX (Xuan et al., 2025), XWinograd (Muen-
nighoff et al., 2022; Tikhonov and Ryabinin, 2021),
and XCOPA (Ponti et al., 2020), and additionally
assess its performance on the multilingual gener-
ation benchmark XStoryCloze (Lin et al., 2021).
For a fair comparison, we utilize Im-evaluation-
harness!! as our evaluation framework. The details
of the four benchmarks are summarized as follows:

MMLU-ProX (Xuan et al., 2025) is a novel mul-
tilingual benchmark that builds upon the challeng-
ing, reasoning-focused design of MMLU-Pro while
extending its coverage to 29 typologically diverse
languages, including English (en), Chinese (zh),
Japanese (ja), Korean (ko), French (fr), German
(de), Spanish (es), Portuguese (pt), Arabic (ar),
Thai (th), Hindi (hi), Bengali (bn), Swahili (sw),

Uhttps://github.com/EleutherAl/
1lm-evaluation-harness

43854


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

Afrikaans (af), Czech (cs), Hungarian (hu), Indone-
sian (id), Italian (it), Marathi (mr), Nepali (ne), Rus-
sian (ru), Serbian (sr), Telugu (te), Ukrainian (uk),
Urdu (ur), Vietnamese (vi), Wolof (wo), Yoruba
(yo), and Zulu (zu). MMLU-ProX provides 11,829
parallel questions aligned across these languages,
thereby enabling a comprehensive evaluation of
LLMs’ multilingual reasoning capabilities.

XWinograd (Muennighoff et al., 2022;
Tikhonov and Ryabinin, 2021) extends the
original English Winograd Schema Challenge
(WSC) (Levesque et al., 2012) to five additional
languages: French (fr), Japanese (ja), Portuguese
(pt), Russian (ru), and Chinese (zh). The dataset
comprises pronoun-resolution problems designed
to evaluate a model’s commonsense reasoning
ability.

XCOPA (Ponti et al., 2020) is a multilingual
extension of the Choice of Plausible Alternatives
(COPA) task, constructed by translating and re-
annotating the validation and test sets of the English
(en) COPA dataset (Roemmele et al., 2011) into 11
target languages, including Estonian (et), Haitian
Creole (ht), Indonesian (id), Italian (it), Quechua
(qu), Swahili (sw), Tamil (ta), Thai (th), Turkish
(tr), Vietnamese (vi), and Chinese (zh). Each in-
stance consists of a premise, a question (cause or
result), and two candidate alternatives. The task is
to select the more plausible alternative.

XStoryCloze (Lin et al., 2021) is constructed
by Lin et al. (2022) by translating the vali-
dation split of the original English StoryCloze
dataset (Mostafazadeh et al., 2016) into 10 typo-
logically diverse languages: Russian (ru), Chinese
(zh), Spanish (es), Arabic (ar), Hindi (hi), Indone-
sian (id), Telugu (te), Swabhili (sw), Basque (eu),
and Burmese (my). Each example consists of a
four-sentence commonsense story, a correct end-
ing, and a plausible but incorrect ending.

H Experimental Details of Baseline
Methods

We conduct experiments on the Qwen2.5-3B-
Instruct, Qwen2.5-7B-Instruct, Qwen2.5-32B-
Instruct (Yang et al., 2025a) and Llama3.1-8B-
Instruct (Al@Meta, 2024). The detailed baseline
implementation is as follows:

H.1 Prompting-based Methods

The evaluation prompt templates of prompting-
based methods used for MMATH and PolyMath
datasets are shown in Figure 9 and 10, respectively.
In the template, {input} can be replaced with mul-
tilingual questions.

Language-Constraint Prompting (LCP) (Wang
et al.,2025b):  For each question in the MMATH
and PolyMath test sets, LCP explicitly prompts
models to solve questions in targeted languages.

Discourse-Initiated Thinking (DIT) (Luo et al.,
2025): Inspired by the phenomenon, the model
tends to start thinking with discourse markers like
“Alright” or “Okay”. DIT extracts these multilin-
gual markers from native prompt responses and
append after the “<think>" token. This approach
encourages models to initiate their reasoning using
discourse cues as entry points into the multilingual
thinking process.

Question-Restatement Thinking (QRT) (Luo
et al., 2025): Inspired by another common phe-
nomenon, which models often restate the question
before engaging in actual reasoning. QRT repli-
cates this behavior by explicitly inserting a restated
version of the question at the beginning of the
thinking process. This intervention encourages the
model to frame the problem before attempting to
solve it.

H.2 Training-based Methods

Multilingual Supervised Fine-tuning (M-SFT):
This method involves directly full-parameter fine-
tuning models with constructed multilingual data.
During training, we train all models for 3 epochs
with a batch size of 256, and the learning rate is
maintained at 2e-5 using NVIDIA H200 GPUs.

Vanilla GRPO (Guo et al., 2025): We adopt the
vanilla GRPO algorithm with only format and accu-
racy rewards to enhance the model’s multilingual
reasoning ability. We use the same training data as
in LANG.

Language-Consistency GRPO (LC-GRPO):
To maintain input—output language consistency, we
further incorporate the language consistency re-
ward into the GRPO algorithm. To ensure a fair
comparison, we use the same training hyperparam-
eters as LANG.
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M-Thinker (Zhang et al., 2025d): Follow-
ing Zhang et al. (2025d), we use the Light-R1-
SFTData dataset (Wen et al., 2025), which contains
approximately 76K samples. Each sample consists
of an English question paired with a high-quality re-
sponse generated by DeepSeek-R1 (DeepSeek-Al,
2025). We then use DeepSeek-V3-0324 to trans-
late the English questions into ten in-domain lan-
guages: Arabic, Bengali, Thai, Swabhili, Japanese,
Chinese, German, French, and Russian.

For cold-start training, we randomly sample
7.5K questions for each in-domain language and
employ DeepSeek-R1-0528 to generate responses
in the same language as the input, yielding 75K
cold-start samples in total. For RL training, we
perform rejection sampling on the remaining Light-
R1-SFTData with N = 8 sampled candidates
per prompt. We keep a prompt only if it yields
mixed outcomes among the candidates (i.e., 0 <
|Ocorrect] < N), which avoids degenerate groups
with all-zero or all-one rewards and thus provides
effective advantage signals for GRPO. From the
resulting filtered RL pool, we randomly select
3K samples per in-domain language to ensure a
language-balanced training set under a fixed com-
pute budget. We use DeepSeek-V3-0324 to com-
pute the alignment ratio by measuring the overlap
between the English reasoning trace and the cor-
responding target-language reasoning trace, and
we set the maximum generation length to 16,384
tokens.

mGRPO (mGRPO, 2025): This method pro-
poses a Polyglot Reasoning Generation Module
(PRGM) to guide the LLM to generate a group of n
multilingual responses for each question. Given an
input question, we produce n candidate responses
using prompts with or without explicit language
instructions. Specifically, one response is gener-
ated without any language constraint, while the re-
maining responses are generated with prompts that
explicitly specify a reasoning language randomly
sampled from a predefined multilingual set, thereby
encouraging broader exploration of the multilin-
gual reasoning space. Following mGRPO (2025),
we adopt the mathematical reasoning dataset from
MAPO (She et al., 2024) as training data, which
contains 1,703 English questions from a subset
of NumGLUE along with ChatGPT-translated ver-
sions in nine languages. Since the MAPO training
data does not include Arabic translations, we ad-
ditionally translate the NumGLUE (Mishra et al.,

Method Ar Th Fr Ja Zh En Vi Ko Pt Es Avg.

Qwen2.5-7B-Instruct 0.3 0.5 02 36 210 282 13 18 07 21 60
+LANG 26.1 278 31.8 282 214 331 295 238 326 31.1 285

Table 6: The LC&Acc (%) on MMATH under different
teacher models for reasoning-trace generation, using
Qwen2.5-7B-Instruct as the backbone.

Method Ar Bn Th Sw Ja Zh
Qwen2.5-7B-Instruct  12.1 11.8 12.7 22 13.8 153
+ LANG 16.0 106 155 3.6 149 158
Method De Fr Ru En Te Ko
Qwen2.5-7B-Instruct 153 152 148 173 6.2 124
+ LANG 172 174 197 18.0 7.7 158
Method Vi It Id Pt Es Avg.
Qwen2.5-7B-Instruct 144 134 9.7 13.6 151 127
+ LANG 173 198 17.2 179 188 155

Table 7: The LC&Acc (%) on PolyMath under different
teacher models for reasoning-trace generation, using
Qwen2.5-7B-Instruct as the backbone.

2022) questions into Arabic using GPT-4o0-mini.
For the Qwen2.5 series models, we use 10 in-
domain languages set to guide the rollout, match-
ing the languages covered by the training data. We
set the learning rate to 1e-6, sample 5 rollouts per
prompt, and train for 5 epochs with a batch size of
128.
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In-Domain Languages Out-of-Domain Languages
Ar Th Fr Ja Zh En Avg. Vi Ko Pt Es  Avg.
Llama3.1-8B-Instruct 72 97 130 79 93 152 104 108 84 112 124 10.7 10.5

Method ALL-Avg.

7.4 10.0 13.1 93 11.0 152 11.0 10.8 89 11.7 127 110 11.0

+ Vanilla GRPO 39 7.0 6.0 3.5 2.6 9.7 55 6.2 33 5.5 6.9 5.5 5.5
+ LC-GRPO 3.4 8.8 6.9 8.8 6.2 5.8 6.6 70 49 6.2 7.0 6.3 6.5
+ LANG 74 99 143 86 122 167 115 111 93 124 129 114 11.5
Owen2.5-32B-Instruct 262 26.1 279 271 246 347 278 276 258 308 29.6 284 28.0
268 266 279 271 267 347 283 280 263 309 29.6 287 28.5

+ Vanilla GRPO 100 165 396 359 250 395 278 29.1 1.1 205 186 173 23.6
+ LC-GRPO 36.7 382 395 374 354 403 379 403 391 399 393 396 38.6
+ LANG 374 370 435 441 385 425 405 398 382 427 428 409 40.6

Table 8: The LC&Acc (%) on MMATH test sets for Llama3.1-8B-Instruct and Qwen2.5-32B-Instruct.

In-Domain Languages Out-of-Domain Languages

Method ALL-Avg.
Ar Bn Th Sw Ja Zh De Fr Ru En Avg. Te Ko Vi It Id Pt Es  Avg.

Llama3.1-8B-Instruct 59 5.6 5.9 5.1 69 43 5.8 70 63 103 6.3 5.0 62 74 14 6.3 5.8 6.3 6.3 6.3
59 6.5 7.1 6.3 6.9 7.1 6.6 7.7 7.3 103 7.2 52 6.8 7.5 8.1 7.1 6.3 6.3 6.8 7.0
+ Vanilla GRPO 8.3 6.2 7.7 6.1 7.1 59 84 9.6 9.0 10.6 79 6.6 6.5 8.1 8.9 7.4 9.0 9.7 8.0 79
+LC-GRPO 3.0 5.8 7.3 4.7 74 47 9.7 5.1 8.5 7.8 6.4 5.5 62 46 4.0 2.9 5.3 6.0 49 58
+ LANG 8.2 73 78 65 8.9 5.1 9.6 109 11.0 134 8.9 5.6 69 85 9.7 93 108 98 8.7 8.8
Owen2.5-32B-Instruct  19.8 163 162 94 177 204 190 183 190 205 176 108 19.0 187 209 190 181 181 178 17.7
203 17.0 6.2 1.9 17.7 21.8 19.1 186 19.6 205 18.3 11.8 190 192 209 19.0 21.0 185 18.5 18.4
+ Vanilla GRPO 15.4 35 109 3.0 223 223 202 220 243 209 165 83 175 194 228 218 230 219 192 17.6
+LC-GRPO 194 198 209 99 215 21.8 220 194 214 215 198 134 213 235 210 216 217 206 204 20.0
+ LANG 199 203 193 132 214 222 234 223 229 214 206 149 220 227 238 228 212 209 212 20.9

Table 9: The LC&Acc (%) on PolyMath test sets for Llama3.1-8B-Instruct and Qwen2.5-32B-Instruct.

In-Domain Languages Out-of-Domain Languages
Ar Th Fr Ja Zh En Avg. Vi Ko Pt Es Avg.
Owen2.5-3B-Instruct  13.1 11.0 167 13.7 151 23.0 154 159 13.0 185 16.6 16.0 15.7

Method ALL-Avg.

+LCP 137 133 165 125 159 213 155 131 110 160 167 142 15.0
+DIT 126 126 170 127 174 232 159 149 125 178 179 158 15.8
+QRT 124 114 172 132 179 223 157 141 123 168 186 155 15.6
C+MSFT 129 121 185 133 17.0 224 160 134 121 165 191 153 157
+ Vanilla GRPO 18.6 157 195 185 194 224 190 160 204 20.1 19.1 189 19.0
+LC-GRPO 162 155 178 163 175 229 177 164 155 201 195 179 17.8
+ M-Thinker 128 116 197 119 155 224 157 150 122 172 177 155 15.6
+ mGRPO 150 153 182 122 17.1 199 163 163 145 186 167 165 16.4
+ LANG 151 148 207 155 202 23.1 182 19.6 151 209 19.6 18.38 185
Owen2.5-7B-Instruct 203 21.5 24.1 254 238 282 239 208 246 241 251 236 23.8
+LCP 188 19.1 232 188 224 296 220 199 21.0 236 230 219 21.9
+DIT 212 199 264 236 230 300 240 21.6 23.1 243 255 236 23.9
+QRT 19.1 187 247 204 26.1 278 228 230 196 237 240 226 227
 +M-SFT 227 210 222 221 239 326 241 217 212 229 253 228 236
+ Vanilla GRPO 27.1 274 316 255 283 31.1 285 287 313 279 302 295 28.9
+LC-GRPO 243 236 282 250 282 302 266 252 250 292 279 269 26.7
+ M-Thinker 214 207 227 245 257 286 239 246 228 267 267 252 24.4
+mGRPO 247 205 278 265 260 310 261 259 250 299 286 273 26.6
+ LANG 265 28.6 312 282 284 321 292 301 252 324 313 2938 29.4

Table 10: The accuracy (%) on MMATH test sets.
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In-Domain Languages Out-of-Domain Languages

Method ALL-Avg.
Ar Bn Th Sw Ja Zh  De Fr Ru En Avg. Te Ko Ms Vi It Id Pt Es Avg.
Owen2.5-3B-Instruct 84 45 76 13 86 94 93 96 89 114 179 10 84 71 99 100 97 118 114 87 8.2
+LCP 82 37 84 34 68 110 99 93 89 141 84 26 74 63 92 96 98 11.1 99 82 8.3
+ DIT 76 54 64 31 74 104 1.7 99 104 11.7 84 1.0 82 94 88 96 94 105 102 84 8.4
+ QRT 108 32 64 1.6 92 77 96 110 108 127 83 1.6 75 87 114 107 105 97 97 87 8.5
C+MSSFT 70 35 79 20 57 106 88 102 7.7 138 77 14 83 86 95 108 89 106 106 86 81
+ Vanilla GRPO 91 101 8.1 28 85 121 105 112 106 127 96 46 103 102 97 81 122 106 11.6 9.7 9.6
+ LC-GRPO 99 66 106 3.0 97 11.8 99 11.7 102 124 96 3.0 85 93 105 109 120 115 11.0 9.6 9.6
+ M-Thinker 83 43 77 14 76 120 85 86 99 129 8.1 28 85 105 10.1 89 86 97 93 8.6 8.3
+ mGRPO 89 59 87 1.5 83 104 100 119 9.1 127 87 3.1 80 82 86 103 80 87 102 8.1 8.5
+ LANG 89 74 108 27 99 156 109 112 11.6 133 102 45 96 94 122 11.8 105 123 11.0 10.2 10.2
Owen2.5-7B-Instruct 125 12.0 133 50 138 174 162 154 157 173 139 6.2 125 138 145 134 139 148 157 13.1 13.5
+LCP 91 51 83 13 84 83 89 93 109 142 84 1.0 94 100 92 101 80 107 107 8.6 8.5
+ DIT 125 108 11.8 3.7 132 16.1 13.6 167 158 166 13.1 6.6 11.6 109 119 168 135 149 144 12.6 12.9
+ QRT 128 115 122 49 145 156 149 161 151 175 135 7.7 123 114 140 136 137 151 165 13.0 13.3
C+MSSFT 45 420 67 17 48 42 41 56 44 61 46 14 66 40 65 71 49 75 47 53 49
+ Vanilla GRPO 140 157 147 65 136 184 166 159 157 174 148 43 145 149 159 157 142 171 162 14.1 14.5
+ LC-GRPO 143 90 112 77 137 159 172 170 185 176 142 65 134 150 165 166 145 172 188 148 14.5
+ M-Thinker 136 88 107 59 120 139 13.6 153 147 151 123 7.8 11.6 13.1 123 149 13.7 145 157 130 12.6
+ mGRPO 16.6 155 13.1 98 147 165 164 16.1 168 160 152 99 142 137 161 170 160 164 169 150 15.1
+ LANG 157 114 152 41 154 179 179 180 19.6 179 153 75 161 18.0 172 204 174 174 19.0 16.6 15.9
Table 11: The accuracy (%) on PolyMath test sets.
Method In-Domain Languages Out-of-Domain Languages ALL-Avg.
Ar Bn Th Sw Ja Zh De Fr Ru En Avg. Te Ko Ms Vi It Id Pt Es Avg
Owen2.5-3B-Instruct 32 24 24 08 56 32 32 48 24 16 30 00 24 24 48 48 40 80 56 40 3.4
+LCP 32 08 48 32 24 56 48 24 16 64 35 24 40 00 40 40 48 64 24 35 3.5
+ DIT 32 40 24 32 16 48 64 48 48 40 39 00 40 48 24 16 40 48 40 32 3.6
+ QRT 64 16 24 08 48 16 56 48 64 40 38 08 08 32 64 64 48 32 32 36 3.7
T +MSSFT 1.6 08 32 24 1.6 48 32 48 08 56 29 08 40 48 48 64 32 56 56 44 36
+ Vanilla GRPO 40 48 24 00 40 64 32 48 32 48 38 24 56 56 40 08 72 48 56 45 4.1
+ LC-GRPO 56 32 48 24 48 64 32 48 32 40 42 24 16 32 40 48 64 48 32 38 4.0
+ M-Thinker 30 10 34 10 20 58 28 32 28 44 29 22 28 58 50 14 24 38 28 33 3.1
+ mGRPO 46 20 52 12 18 34 52 66 30 50 38 24 22 34 18 30 28 1.2 46 27 33
+ LANG 40 48 48 24 56 104 48 40 56 48 51 32 40 24 72 40 32 56 40 42 4.7
Owen2.5-7B-Instruct 5.6 64 64 24 72 112 112 80 64 88 74 24 64 64 80 56 48 64 88 6.1 6.8
+LCP 56 16 32 08 48 24 40 32 56 72 38 00 32 56 32 32 16 56 32 32 3.6
+ DIT 64 56 48 08 80 104 56 72 88 72 65 40 48 40 48 104 56 64 64 58 6.2
+QRT 48 80 56 48 80 88 88 96 80 80 74 56 40 24 64 56 64 88 88 60 6.8
T +MSSFT 08 00 16 08 08 08 00 08 00 00 06 08 16 08 08 00 16 08 08 09 07
+ Vanilla GRPO 48 88 72 32 56 112 80 72 64 72 70 00 56 64 80 64 56 88 80 6.1 6.6
+ LC-GRPO 80 16 32 40 56 88 96 88 120 80 70 24 40 72 80 88 48 88 112 69 6.9
+ M-Thinker 68 32 44 30 68 66 72 70 74 60 58 38 42 74 52 72 58 68 78 6.0 59
+ mGRPO 72 96 48 56 64 80 88 72 88 64 73 48 56 48 88 72 72 80 80 68 7.1
+ LANG 80 40 64 16 72 104 112 80 120 80 7.7 32 64 104 96 120 104 9.6 104 9.0 8.3
Table 12: The accuracy (%) on PolyMath test sets of top-level difficulty.
Method In-Domain Languages Out-of-Domain Languages ALL-Avg.
Ar Bn Th Sw Ja Zh  De Fr Ru En Avg. Te Ko Ms Vi It Id Pt Es Avg.
Owen2.5-3B-Instruct 32 08 48 08 40 32 64 32 56 80 40 08 64 24 48 40 48 24 48 30 39
+LCP 32 16 48 24 40 56 64 72 56 80 49 16 24 32 32 40 48 32 64 36 43
+DIT 40 00 16 24 64 48 88 40 40 48 41 08 40 48 48 88 48 56 56 49 44
+QRT 40 00 16 08 72 16 40 72 40 72 38 08 48 32 64 32 40 56 32 39 38
T #MSSFT 32 00 48 08 32 48 48 64 40 80 40 16 48 32 40 40 40 40 32 36 38
+ Vanilla GRPO 40 80 40 48 40 64 96 56 56 80 60 64 48 56 40 56 64 32 72 54 5.7
+LC-GRPO 32 32 80 08 48 64 80 64 64 80 55 24 56 56 80 64 64 72 80 62 5.8
+ M-Thinker 4.0 18 24 00 50 58 44 38 62 82 42 20 58 40 34 50 46 42 42 42 42
+ mGRPO 42 38 28 00 62 62 32 54 30 50 40 18 48 42 42 68 28 66 40 44 42
+ LANG 48 32 88 08 40 104 56 64 48 80 57 64 64 64 48 88 72 64 56 62 5.9
Owen2.5-7B-Instruct 80 80 88 56 120 112 72 88 128 88 91 48 56 88 64 72 104 112 80 78 8.5
+LCP 24 32 56 08 48 24 32 40 48 72 38 00 80 40 56 80 32 40 56 48 43
+DIT 64 64 56 40 64 104 96 136 88 104 82 32 72 56 64 96 96 104 80 75 7.9
+ QRT 88 72 64 00 104 88 80 80 72 13.6 78 32 72 88 96 96 80 72 128 83 8.0
T #MSFT 32 32 08 16 40 08 40 56 24 24 28 08 24 24 16 32 32 48 24 26 27
+ Vanilla GRPO 96 104 80 48 112 112 120 104 112 112 100 32 88 104 112 112 96 104 104 94 9.7
+ LC-GRPO 80 56 80 56 80 88 104 104 112 104 86 40 104 104 128 120 9.6 128 112 104 9.4
+ M-Thinker 80 52 54 34 54 66 66 104 66 90 67 54 60 74 80 84 92 92 102 80 72
+ mGRPO 104 88 80 56 112 96 104 120 104 88 95 64 88 104 96 136 120 9.6 120 103 9.9
+ LANG 104 64 136 32 104 104 88 136 128 112 101 40 136 112 96 13.6 80 104 128 104 10.2

Table 13: The accuracy (%) on PolyMath test sets of high-level difficulty.
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In-Domain Languages Out-of-Domain Languages
Ar Bn Th Sw Ja Zh  De Fr Ru En Avg. Te Ko Ms Vi It Id Pt Es Avg.
QOwen2.5-3B-Instruct 136 56 112 24 64 144 136 96 112 192 107 16 96 88 120 128 128 144 160 11.0 10.8

Method

+LCP 136 40 88 48 80 136 112 136 152 224 115 24 80 104 128 112 104 160 144 107 11.2
+DIT 96 80 88 24 88 136 136 120 128 184 108 24 80 120 120 120 112 88 136 100 104
+QRT 128 1.6 96 40 88 128 128 160 120 216 112 1.6 136 136 128 112 160 13.6 144 121 11.6
T+MSFT 1287 32 88 32 56 128 128 104 104 224 102 08 88 64 128 120 128 120 128 98 100
+ Vanilla GRPO 112 168 136 56 112 152 144 160 184 168 139 9.6 160 120 128 9.6 128 160 104 124 13.2
+LC-GRPO 120 72 112 64 152 144 136 216 144 192 135 48 144 144 136 152 152 144 168 13.6 13.6
+M-Thinker 142 62 118 38 102 178 130 98 134 196 120 40 104 156 158 138 112 134 126 121 12.0
+mGRPO 102 62 102 30 138 158 150 152 142 230 127 48 126 98 134 148 94 108 138 112 12.0
+LANG 104 72 128 48 136 176 144 176 176 208 137 80 120 160 184 160 160 208 168 155 145
Qwen2.5-7B-Instruct 144 160 192 88 160 248 232 248 248 328 205 128 200 208 224 224 224 216 232 207 206
+LCP 120 72 104 24 80 128 144 136 128 208 114 1.6 120 128 128 128 136 128 184 121 117
+DIT 152 144 208 88 184 200 208 304 240 296 202 104 176 160 17.6 224 200 232 240 189 19.6
+QRT 152 80 168 80 208 240 224 264 248 264 193 112 248 20.0 21.6 200 20.0 232 200 20.I 19.6
T +MSSFT 64 56 144 40 80 112 96 88 104 104 89 08 96 48 96 104 40 136 80 76 83
+ Vanilla GRPO 240 272 272 184 224 280 280 280 272 33.6 264 104 29.6 248 240 280 248 288 232 242 254
+LC-GRPO 200 160 168 208 272 248 304 304 248 328 244 128 256 224 248 240 280 256 304 242 243
+M-Thinker 178 102 158 166 17.0 266 23.6 27.6 264 258 207 164 200 164 202 246 222 244 262 213 21.0
+mGRPO 312 224 224 216 232 312 256 248 264 296 258 200 264 208 232 272 240 280 264 245 25.2
+LANG 256 224 240 88 29.6 304 33.6 33.6 29.6 336 271 184 288 288 29.6 360 312 296 312 292 280

Table 14: The accuracy (%) on PolyMath test sets of medium-level difficulty.

In-Domain Languages Out-of-Domain Languages
Ar Bn Th Sw Ja Zh De Fr Ru En Avg. Te Ko Ms Vi It Id Pt Es Avg.
Owen2.5-3B-Instruct  60.8 336 528 5.6 552 73.6 61.6 73.6 688 872 573 80 61.6 600 664 696 680 744 744 603 58.6

Method

+LCP 568 352 512 64 512 712 624 648 680 840 551 88 528 608 672 728 68.0 704 752 595 57.1
+DIT 528 33.6 528 64 552 712 616 704 760 872 567 64 584 600 69.6 720 68.0 784 720 606 584
+QRT 688 320 512 56 536 704 576 656 712 872 563 104 592 648 688 736 704 704 776 619 588
T+MSFT 5447392 560 32 488 752 608 688 720 848 563 72 552 648 624 712 664 744 760 597 578
+ Vanilla GRPO 656 472 592 112 568 744 640 744 744 864 614 56 592 624 720 736 73.6 752 792 626 619
+LC-GRPO 664 456 656 9.6 568 712 640 688 736 840 606 72 640 632 656 688 720 768 73.6 614 609
+M-Thinker 556 364 546 48 574 740 612 690 744 856 573 88 612 634 666 748 68.6 718 744 612 590
+mGRPO 594 444 578 68 580 718 656 73.6 722 850 595 102 584 592 712 738 682 728 722 608 60.0
+LANG 61.6 456 624 88 60.8 744 744 752 752 872 626 104 624 648 69.6 77.6 712 720 768 63.1 62.8
QOwen2.5-7B-Instruct  81.6 648 752 160 688 77.6 77.6 824 840 888 717 288 744 784 832 832 840 824 864 75.1 732
+LCP 584 368 560 48 520 704 600 704 744 848 568 112 60.0 632 640 688 672 744 760 606 585
+DIT 808 624 752 160 720 768 784 776 832 912 714 336 712 768 792 856 792 792 840 742 726
+QRT 880 632 784 184 704 800 760 792 840 920 730 352 736 768 77.6 808 824 808 864 742 735
C+MSFT 352 384 552 48 336 304 264 376 352 61.6 358 104 576 344 656 728 392 592 384 472 409
+ Vanilla GRPO 848 69.6 760 152 69.6 856 81.6 832 856 912 742 312 784 808 81.6 832 808 864 912 767 75.3
+LC-GRPO 792 680 768 192 744 832 784 824 872 928 742 360 760 80.8 832 832 840 856 864 769 754
+ M-Thinker 822 648 716 182 698 760 728 766 814 904 704 318 762 754 710 826 784 772 802 716 709
+mGRPO 872 760 80.8 360 784 832 824 864 872 944 792 448 80.0 840 856 888 856 88.0 888 807  79.9
+LANG 792 680 744 176 720 824 768 848 88.0 920 735 344 776 840 832 840 832 840 880 773 75.2

Table 15: The accuracy (%) on PolyMath test sets of low-level difficulty.

Method In-Domain Languages Out-of-Domain Languages ALL-Avg.
Ar Bn Th Sw Ja Zh De Fr Ru En Avg. Te Ko Vi It Id Pt Es Avg.
QOwen2.5-3B-Instruct 32 24 24 08 56 32 32 48 24 16 30 00 24 48 40 40 80 56 41 34
+LCP 32 08 48 32 24 56 48 24 16 64 35 24 40 40 40 48 64 24 40 3.7
+ DIT 32 40 24 32 16 48 64 48 48 40 39 00 40 24 1.6 40 48 40 30 35
+ QRT 64 16 24 08 48 16 56 48 64 40 38 08 08 64 64 48 32 32 37 3.8
O+ MSSFT ] 16 24 16 08 16 32 08 16 40 40 22 00 16 08 16 00 1.6 16 10 17
+ Vanilla GRPO 40 00 24 00 40 56 32 48 32 48 32 16 48 40 08 72 40 56 40 35
+LC-GRPO 56 32 48 24 48 64 32 48 32 40 42 24 16 40 48 64 48 32 39 4.1
+ M-Thinker 48 16 1.6 24 32 32 56 24 40 48 34 08 32 40 40 16 48 32 3.1 32
+ mGRPO 46 18 52 12 18 32 52 66 30 50 38 24 22 18 30 28 12 46 26 33
+ LANG 40 48 48 24 56 9.6 48 40 56 48 50 32 40 72 40 32 56 40 45 4.8
Owen2.5-7B-Instruct 5.6 64 56 08 72 104 104 80 56 88 68 24 64 80 56 16 56 80 47 6.3
+LCP 56 16 32 08 48 16 40 32 56 72 38 00 32 32 32 16 56 32 29 3.4
+ DIT 64 56 48 08 80 88 56 72 88 72 63 40 48 48 104 56 64 64 6.1 6.2
+ QRT 40 80 56 48 80 80 88 96 80 80 73 56 40 64 56 64 88 88 65 7.0
T+M-SSFT 08 08 16 00 08 08 00 08 08 00 06 08 08 08 00 16 08 16 09 08
+ Vanilla GRPO 48 00 00 00 56 104 80 72 64 72 50 00 56 80 64 56 80 80 59 5.4
+LC-GRPO 80 1.6 32 16 56 72 96 88 120 80 66 16 40 80 88 48 88 112 6.7 6.6
+ M-Thinker 68 32 44 00 64 56 72 70 74 60 54 38 40 52 72 58 64 78 57 5.5
+ mGRPO 72 32 32 00 40 64 64 64 88 56 51 32 40 56 56 64 80 80 58 54
+ LANG 80 40 64 16 72 96 112 80 120 80 7.6 32 64 9.6 12.0 104 9.6 104 88 8.1

Table 16: The LC&Acc (%) on PolyMath test sets of top-level difficulty.
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In-Domain Languages Out-of-Domain Languages

Method ALL-Avg.
Ar Bn Th Sw Ja Zh De Fr Ru En Avg. Te Ko Vi It Id Pt Es Avg.
Owen2.5-3B-Instruct 32 08 48 08 40 32 64 32 56 80 40 08 64 48 40 48 24 48 40 4.0
+LCP 32 16 48 24 40 56 64 72 56 80 49 08 24 32 40 48 32 64 35 43
+DIT 40 00 16 24 64 48 88 40 40 48 41 08 40 48 88 40 56 56 48 4.4
+ QRT 40 00 16 08 72 16 40 72 40 72 38 08 48 64 32 40 56 32 40 3.9
C+M-SFT 08 08 32 08 16 32 16 16 32 16 18 08 24 24 16 08 16 32 18 18
+ Vanilla GRPO 40 00 40 08 40 64 96 56 56 80 48 40 16 40 48 64 32 712 45 4.7
+ LC-GRPO 32 32 80 08 48 64 80 64 64 80 55 24 56 80 64 64 72 80 63 58
+ M-Thinker 48 24 24 08 40 32 40 40 72 48 38 00 48 24 32 16 32 32 26 33
+ mGRPO 42 38 28 00 62 42 32 54 30 50 38 18 48 42 68 28 56 40 43 4.0
+ LANG 48 32 88 08 40 80 56 64 48 80 54 40 64 48 88 72 64 56 62 5.7
Owen2.5-7B-Instruct 80 72 80 16 120 88 64 80 112 88 80 48 56 64 72 48 96 80 66 7.4
+LCP 24 32 56 08 48 24 32 40 48 72 38 00 80 56 80 32 40 56 49 43
+DIT 64 64 56 16 64 96 96 136 88 104 78 32 72 64 96 96 104 80 78 7.8
+QRT 88 72 64 00 104 72 80 80 72 136 77 32 48 96 96 80 72 128 79 7.8
T #MSSFT 24 00 08 16 40 08 40 40 32 24 23 08 00 16 32 00 48 24 18 21
+ Vanilla GRPO 96 00 00 08 96 80 120 104 112 112 73 32 80 112 112 96 104 104 9.1 8.0
+ LC-GRPO 80 56 80 00 80 80 104 104 112 104 80 40 104 128 120 9.6 128 112 104 9.0
+ M-Thinker 80 52 54 32 54 56 66 104 66 80 64 54 56 80 72 80 80 102 75 6.9
+ mGRPO 96 56 80 16 104 88 72 120 104 88 82 32 88 80 136 40 96 120 85 8.3
+ LANG 104 64 136 32 104 96 88 136 128 112 100 40 136 96 136 80 104 12.8 103 10.1
Table 17: The LC&Acc (%) on PolyMath test sets of high-level difficulty.
Method In-Domain Languages Out-of-Domain Languages ALL-Avg,

Ar Bn Th Sw Ja Zh  De Fr Ru En Avg. Te Ko Vi It Id Pt Es Avg.
Owen2.5-3B-Instruct  12.8 5.6 104 24 56 128 136 96 112 192 103 16 9.6 120 128 128 144 152 112 10.7

+LCP 136 32 88 48 80 136 112 136 152 224 114 24 80 128 112 104 160 144 107 112
+DIT 9.6 72 88 24 88 120 136 120 128 184 106 24 80 120 120 112 88 136 9.7 10.2
+QRT 128 1.6 96 40 88 128 128 160 120 216 112 1.6 136 128 112 160 13.6 144 119 115

C+MSFT 08 32 32 16 48 40 48 24 64 32 34 08 16 64 24 16 40 64 33 34
+ Vanilla GRPO 112 08 13.6 48 112 144 136 160 184 168 121 24 120 128 9.6 128 160 104 109 11.6
+LC-GRPO 120 72 104 64 152 144 136 216 144 192 134 48 144 136 152 152 144 160 134 134
+ M-Thinker 112 64 72 32 104 136 112 104 144 216 110 24 96 128 136 136 136 128 112 111
+mGRPO 9.6 62 102 16 80 128 150 152 136 230 115 48 112 134 136 94 108 138 110 113
+LANG 104 72 128 48 136 160 144 176 176 208 135 8.0 120 184 160 160 208 168 154 14.3
Owen2.5-7B-Instruct  12.8 160 192 24 160 232 21.6 248 248 328 194 128 200 216 224 144 200 224 19.1 193
+LCP 112 72 104 24 64 120 144 136 128 208 1L1 16 120 128 128 136 128 184 120 115
+DIT 13.6 144 208 64 184 176 208 304 232 296 195 104 176 176 224 200 232 240 193 19.4
+QRT 144 80 160 80 208 224 224 264 248 264 190 112 240 216 200 200 232 200 20.0 19.4

C+MSSFT 104~ 40 144 40 80 80 96 64 128 104 88 08 56 096 104 40 136 88 75 83
+ Vanilla GRPO 224 32 64 64 216 264 280 280 240 336 200 9.6 224 232 280 240 272 232 225 21.0
+LC-GRPO 200 160 168 48 272 224 304 304 248 328 226 128 248 248 240 280 256 304 243 233
+ M-Thinker 178 102 3.6 80 164 240 208 240 264 224 174 164 160 202 224 222 244 248 209 18.8
+mGRPO 224 224 224 9.6 232 240 256 248 264 296 230 184 264 232 272 240 280 264 2438 238
+LANG 256 224 240 88 29.6 280 33.6 336 29.6 33.6 269 184 288 29.6 360 312 29.6 312 293 27.9

Table 18: The LC&Acc (%) on PolyMath test sets of medium-level difficulty.

In-Domain Languages Out-of-Domain Languages
Ar Bn Th Sw Ja Zh De Fr Ru En Avg Te Ko Vi It Id Pt Es Avg.
Owen2.5-3B-Instruct  60.0 33.6 528 5.6 552 552 60.0 73.6 672 872 550 80 616 664 688 672 68.0 736 59.1 56.7

Method

+LCP 568 352 512 64 512 584 624 632 664 840 535 88 528 672 728 680 680 752 59.0 558
+DIT 528 336 528 64 544 560 616 69.6 752 872 550 64 584 69.6 712 680 744 712 599 57.0
+QRT 688 320 504 56 536 584 560 648 712 872 548 104 592 688 728 704 664 77.6 60.8 573

S +MSSFT 232 128 328 0.8 120 224 224 192 304 224 198 08 488 520 224 272 280 464 322 249
+ Vanilla GRPO 656 48 592 104 568 616 624 744 736 864 555 56 592 720 728 736 728 792 622 583
+LC-GRPO 664 456 656 9.6 568 568 640 680 728 840 590 72 640 656 680 720 760 736 60.9 59.8
+ M-Thinker 560 368 600 64 472 656 616 680 704 872 559 56 568 656 688 664 680 744 579 56.8
+mGRPO 584 444 578 1.6 580 560 656 712 722 850 570 102 584 712 738 682 728 712 608 58.6
+LANG 616 456 624 88 60.8 61.6 744 744 744 872 611 104 624 696 77.6 712 688 760 623 616
Qwen2.5-7B-Instruct 784 648 752 152 688 648 77.6 824 824 888 69.8 288 720 832 832 840 808 864 741 71.6
+LCP 576 368 560 48 520 552 592 704 73.6 848 550 112 600 640 672 664 712 760 594 568
+DIT 776 624 744 160 720 616 784 760 832 912 693 336 712 792 856 792 768 840 728 707
+QRT 864 632 784 184 704 640 752 792 832 920 710 352 728 776 808 8l.6 784 864 733 720

T +MSFT 400 2727 5527 48 336 296 264 416 352 61.6 355 104 488 656 728 29.6 592 488 479 406
+ Vanilla GRPO 752 616 88 152 696 688 816 832 856 912 641 312 640 816 824 800 856 9L2 737 68.0
+LC-GRPO 792 68.0 768 144 744 664 784 816 848 928 7TL7 360 760 832 832 840 840 848 759 734
+ M-Thinker 822 648 716 182 698 664 728 766 814 904 694 318 762 710 826 784 744 802 707 69.9
+mGRPO 824 664 704 146 704 560 656 712 722 850 570 102 584 712 738 84.0 88.0 712 608 58.6
+LANG 864 456 624 88 608 61.6 744 744 744 928 611 360 784 840 856 712 688 760 623 616

Table 19: The LC&Acc (%) on PolyMath test sets of low-level difficulty.
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Method XWinograd

pt ru fr jp zh en Avg.

Owen2.5-7B-Instruct 68.8 61.6 71.1 61.5 61.3 684 654

+ Vanilla GRPO 64.6 577 663 617 571 642 619
+ LC-GRPO 63.9 59.1 68.7 608 546 665 623
+ LANG 791 708 723 721 81.0 84.5 76.6

Table 20: The accuracy (%) for all languages on the XWinograd test sets.

Method XStoryCloze
eu my sw te hi id ar es ru zh en Avg.
Owen2.5-7B-Instruct 49.8 49.6 53.0 559 588 643 636 672 685 662 725 609
+ Vanilla GRPO 50.2 492 510 563 56.6 581 606 612 634 604 659 575
+ LC-GRPO 521 494 525 563 586 637 622 647 676 647 702 60.2
+ LANG 51.0 50.7 523 562 615 682 640 709 715 715 809 63.5
Table 21: The accuracy (%) for all languages on the XStoryCloze test sets.
Method Xcora
et ht qu SW ta id th tr vi it zh  Avg.
Owen2.5-7B-Instruct  53.6 50.2 506 54.0 542 692 626 614 688 722 712 60.7
+ Vanilla GRPO 512 496 496 526 56.0 660 61.8 592 654 672 69.2 589
+ LC-GRPO 514 514 508 506 556 692 632 614 690 710 714 60.5
+ LANG 50.6 53.0 494 52,6 554 740 610 62.0 782 756 80.2 629

Table 22: The accuracy (%) for all languages on the XCOPA test sets.
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MMLU-ProX

Method
zu yOo WO ur te ne
Owen2.5-7B-Instruct 8.7 64 165 109 257 195
+ Vanilla GRPO 0.1 00 0.1 1.1 02 00
+ LC-GRPO 104 192 109 309 224 285
+ LANG 157 209 213 345 264 314
Method MMLU-ProX
mr SW bn af ST uk
Owen2.5-7B-Instruct 16.1 23.6 262 412 412 40.8
+ Vanilla GRPO 01 54 09 11.8 397 265
+ LC-GRPO 30.1 195 264 442 44.6 452
+ LANG 320 6.6 322 457 444 46.0
Method MMLU-ProX
hu hi vi id ar th
Owen2.5-7B-Instruct 3577 32.0 478 48.6 36.7 394
+ Vanilla GRPO 104 14 469 510 45 64
+ LC-GRPO 341 356 501 473 45.0 439
+ LANG 394 360 500 502 443 436
Method MMLU-ProX
ko cs ru it pt ja
Owen2.5-7B-Instruct 349 44.1 40.1 495 503 463
+ Vanilla GRPO 274 453 6.6 48.0 447 39
+ LC-GRPO 454 468 51.0 53.0 526 48.1
+ LANG 45.6 465 507 525 531 48.7
Method MMLU-ProX
de fr es zh en Avg.
Owen2.5-7B-Instruct 48.3 50.7 51.1 512 56.2 359
+ Vanilla GRPO 36.3 435 36.7 415 33.6 19.8
+ LC-GRPO 5S1.1 524 527 489 569 39.6
+ LANG 51.0 528 533 53.6 594 41.0
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Native Prompt LCP Prompt

{input}\nPlease reason step by {input}\nLet's think step by step and

DIT Prompt

{input}\nLet's think step by step

QRT Prompt

OK, so the problem is {input}.

En step, and put your final answer output the final answer within and output the final answer Let me think in English.\nAnd
within \\boxed{{} }. \\boxed{{} }. Use English to think within \\boxed { {} }. Alright, put the final answer inside

and answer. Okay \\boxed{{} }. First

E {input}\nPor favor, razona {input}\nPensemos paso a paso y {input}\nPensemos paso a Bien, el problema es {input}.

s paso a paso y pon tu respuesta escribamos la respuesta final dentro paso y escribamos la Déjame pensar en espaiiol.\nY
final dentro de \\boxed{{}}.  de\\boxed{{}}. Usa espaiiol para respuesta final dentro de pon la respuesta final dentro de
pensar y responder. \\boxed{{} }. Buneo \\boxed{{} }. Primero

Fr {input}\nVeuillez raisonner ~ {inputf\nRéfléchissons pas a pas et {input}\nRéfléchissons pas a pas  D'accord, donc le probléme est
étape par étape et mettre votre inscrivons la réponse finale dans et inscrivons la réponse finale {input}. Laissez-moi réfléchir en
réponse finale dans \\boxed{{}}. Utilisez le francais pour dans \\boxed{{} }. Bon frangais.\nEt mettez la réponse
\\boxed{{}}. penser et répondre. finale dans \\boxed{{}}. D'abord

i (inputy mAESHIE, I (npw it BRI —S—SH B (pu) bR —S—H 58, BEE(nput), LR
BHREERNE FH A SR E boxed (). B, I &%2555%{{ EFIM% To \nifih&RE
\boxed {{}} . i A G TR e \boxed { {} } 1. 1, BRI \\boxed{{}}F. B

Ja {input)\nR Ty TR {inputfn—HFOEX . BIEHIL  (inpupn—FTOEZ. BE  HHYFELE. BB (input)
FyTTHRL, BEmg BXAEboxed({(HISHALEL & miEx F\boxed{{}}ITHA TT. BABTELSLTI
&z % \boxed{{}} DHIZ S, BARBEEHE->TEX. BEL LZEL&£5, =7 a0, WREHLEER%E
ANTLEZEL, TLEEL, \\boxed{{}} DHRICANETS,

EX)

- {input}\nngaradumau {input)nlitnAaviaziunau {input}\nMitnAaviasdunay  anas Tawda {input}. valu
sadumautaslagdinay uazLavAInaugavine 13 lu wazuaavAnaugavinalilu dulddailumenanauuz\n
govinnzadnailu \\boxed{ {} }.\\boxed { {} }. Tfme'Inalu \\boxed{{}}. Tata uaglarinausavine ity

N5AALATAALAIAIN. \\boxed {{} } riaudu
K {input}\nEHA A2 F 251 finput\nHAIH 22 Y25t HF {pmquHOEWFﬂI Z=&LLCHLEM=
o S E“a S \\boxed{{}} B2 \\boxed{{}} Qt0fl EHAICE.  Z[F HS \\boxed{{}} 20 {input} 2 L|C}, B+=0{2
otofl Ho{FN 2. o}—_}OiiA"ﬂo}j_ HHSEM 2 E2A|Ct EO} MZES| B AL LICh\nXI S
EFS \\boxed{{}} 20
SASLCH B

Pt {input}\nPor favor, raciocine {input}\nVamos pensar passo a {input}\nVamos pensar passoa Ok, entdo o problema ¢ {input}.
passo a passo ¢ coloque sua  passo e apresentar a resposta final passo e apresentar a resposta Deixe-me pensar em
resposta final dentro de dentro de \\boxed{{} }. Use final dentro de \\boxed{{}}. Ok, portugués.\nE coloque a resposta
\\boxed{{}}. portugués para pensar ¢ responder. Bem final dentro de \\boxed{{} }.

Primeiro

Vi {input}\nVui long ly giai ’ttmg {input}\nHay suy nghi }fxng budc mt  {input}\nHay suy nghi tirng Puoc r(‘)i,‘vén dc 1a {input}. Hay dé
budc va dit cu tra 10i cudi  va dua ra cau trd 10i cudi ciing trong bm"?c mot va dua ra cau tra 1oi t0i nghi bang ticng Viét.\nVa dat
cling cua ban trong \Wboxed{ {} }. Str dung tiéng Viét désuy cudi cung trong \boxed { {}}. cdu tra 10 cudi cung vao trong
\\boxed{ {} }. nghi va tra 1oi. Puoc 1, Dau tién \\boxed {{}}. Dau tién

Ar {input}\n 55k hial L {input}\n gaai s 3 shdsd ghad i liges {input}\n sshissld Zilies oo ALl luafinput}.

Wdals el o sallboxed { {} ], paiad
Ay psall Ay

Ja Al hida) a5 6 sty
\\boxed{{}}.

Jals el Gl pall i
\\boxed {{}}. Lua

Vel Al S8l e o qaai s
Jala il il sl
\\boxed{{}}.

Figure 9: Prompts utilized to evaluate different methods on the MMATH test sets.
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Lang Native Prompt LCP Prompt DIT Prompt QRT Prompt
En {input}\nNote: Please put the {input}\nNote: Please put the final {input}\nLet's think step by step OK, so the problem is {input}.
final answer in the \\boxed{ {} }answer in the \boxed { {} }. Use and output the final answer Let me think in English.\nAnd
English to think and answer. within \\boxed{ {} }. Alright, put the final answer inside
Okay. \\boxed{{}}.
Ar {input}\n gas o> ik {inputhin HaY) gas oa i dkadl {input}\n 8 sha i lses {input}\n o USsall lua
W o8 Aol ddaYlboxed{ {} ).\t &bledlboxed{ {}}. duoa) pasial Jals (Al ol sall gl g 65 5lady {input} . dx d delly S8l ey
Ayl sall \\boxed {{}}. s \n dah Al Glsall iy
\\boxed{{} }.
{inputy\nfism:: SIegeE @ {{input}\n feme: I FOR  {input}\n & ARET &TCT 5 amw, a6 =@M {input) |
Bn FO® TIaG \\boxed{{}} A \\boxed({} 95 W Zﬂzgﬁ 4ot fomT FF 9 {OR SE IRAT fBa FA©
9T TS AL JRAT FIIRF FAF oI 43R Toaf \\boxed{{}} o, BF feri\nam pow Toae
& & A=, \\boxed{{}} 99 J& [¥F|
Th {input}\nuuenig: aganla {input}\n vunawe: agants {input}\n Wi Aaviazduaay  ANRY foymnfa (input}. 2alw
Amaugaviely \boxed { {} } Amavaavinlu \boxed {{} }. 1 uasudaompaugavielity  dulddeifumennanauus\n
A lnalunsfauazaauamaiu. \\boxed{{}}. Tata. wavldanaugavinalitu
\Wboxed { {}} niaudu
Sw {input}\nKumbuka: Tafadhali .(.inpul}\nl('umbuka: Tafadhali weka {input}\nTufikirie hatua kwa {input}\nSawa, tatizo ni
weka jibu la mwisho katika  jibu la mwisho katika \\boxed{ {} }. hatua na tutoe jibu la mwisho kwamba {input}. Wacha
\Wboxed{{}}. Tumia Kiswahili kufikiri na kujibu. ndani ya \\boxed { {} }. Sawa, nifikirie kwa Kiswahili.\nNa
vizuri. tuweke jibu la mwisho ndani ya
\\boxed{{} }. Kwanza
De {input}\nHinweis: Bitte setzen {input}\nHinweis: Bitte setzen Sie {input}\nDenken wir Schritt fiir ~ Gut, die Frage lautet {input}.
Sie die endgiiltige Antwort in die endgiiltige Antwort in Schritt und geben die endgiiltige  Lass mich auf Deutsch
\\boxed{{}}. \\boxed{{}}. Antwort in \\boxed{ {} } an. Also, nachdenken.\nUnd wir werden
gut. die endgiiltige Antwort in
\\boxed{{}} setzen. Zuerst
Fr {input}\nRemarque : Veuillez {inputAnRemarque : Veuillez mettre la {input}\nRéfléchissons pas d pas  D'accord, donc le probleme est
mettre la réponse finale dans le réponse finale dans le \\boxed{{}}. et inscrivons la réponse finale {input}. Laissez-moi réfléchir en
\\boxed{{}} Utilisez le frangais pour penser et dans \\boxed{{} }. Bon. frangais.\nEt mettez la réponse
répondre. finale dans \\boxed{{}}. D'abord
Ja {_input}\n;‘EE CREAE (inputl\nEE  RROLGEZE {inputh\n—HF0Ex . B AU E LA, BB (input}
Z % \Woxed{{}} [TANT \boxed{{}} [CANTLFZEL, BIAE 2 A \boxed{ {} HICH ) T9o BAFTERASHE TS
&L, KiEZEE-TEZ, BELTK LEL&LD. £7 EEV, nRENAER &
EEELY, \boxed{ {}} DHIZANET,
K {input}\n&f 1 £|F EOHS (lnput)\n &7 £|F S \\boxed({}) {input}\nEHAIH O 2 MZtstn EZL|CH 2| finputy QLI Ch
0 \Wboxed{{}} 2ol EOf OHofl HO| FA Q. St 0| 2 AEHe \\boxcd {}} etol Sh= 02 2ol HASLICh\nZIE
=M. Ao'mom EHHSIA 2. =gBtA|CH & Ex% \\boxed{{}} 20l @ &Lt
Ms {input}\nNota: Sila letakkan  {input}\nNota: Sila letakkan jawapan  {input}\nMari kita fikirkan Baik, masalahnya ialah
jawapan akhir dalam akhir dalam \\boxed{{} }. Gunakan langkah demi langkah dan {input}. Biar saya berfikir
\\boxed{{}}. bahasa Melayu untuk berfikir dan keluarkan jawapan akhir dalam  dalam bahasa Melayu.\nDan
menjawab. \\boxed{ {} }. Baiklah, ok. letakkan jawapan akhir di
dalam \\boxed{{}}. Pertama
Vi user\n{input}\nLuu y;yvui {mput}\nLu’u y: Vui long dat cau tra {input}\nHay suy nghi tirng ngc 101, van dé 1a {input}. Hay
10ng dit cAu tré 16i cudi cung 101 cudi cing trong \boxed { {}}. St bude mot va dua ra cau tra loi dé 16i nghi bing tiéng Vigt\nVa
trong \\boxed{ {} }. dung tiéng Vigt dé suy nghi va traloi. i ciing trong \\boxed { {} }. it cau tra 10 cudi cing vao
Duoe rdi, Pau tién. trong \\boxed{ {} }. Pau tién
Zh {input \n3ER: %%9 {input) 3R HHRAERMAE  (input)\niLRII—S—FE  HFH, BB {input}. LKA
RITE \\boxed’ } \\boxed { {}} #1, it A 34TSR %, FRHREBERE ‘:FS‘QU% T nJfia &%
EMEE, \boxed{ {}} . 1, . ERTE\boxed{ {} ). HE
R {input}\nI[Tpumeuanue: {input}\nITpumeuanue: [oxanyiicta,  {input}\n/lasaiire nogymaem {inputh\nXopowo, 3anaya
u Toxayiicra, omectnTe NOMECTHTE OKOHYATE/bHBII OTBET B 14T 32 [IATOM M BBIBEIEM 3aK/io4aeTcs B ToM, 4To {input}.
OKOHYaTeJIbHbII OTBET B \\boxed{ {} }. Mcnone3yiire pycckuii OKOHYATEJIbHBIH OTBET BHYTPH gx:&m{;ﬁl n;i:grﬁlmdab no-
\\boxed{{}}. SI3BIK 15 Pa3MBbIILUICHHUIT U OTBETOB. \\boxed{ {} }. Xopomuro, najaHo. OKOHUATENbHIH OTBET B
\\boxed{{}}. CHauana
Es {input}\nNota: Por favor, {input}\nNota: Por favor, coloque la {input}\nPensemos paso a paso  Bien, el problema es {input}.
coloque la respuesta final en el respuesta final en el \\boxed { {} }. y escribamos la respuesta final ~ Déjame pensar en espafiol.\nY
\\boxed{{}}. Usa espaiiol para pensar y responder.  dentro de \\boxed{{}}. Bunco. ~ pon la respuesta final dentro de
\\boxed{{} }. Primero
{input} \n¢aSod: SoSBR {input}\neisads: OB 8 esarendd  {input}\nHe ¥ HOESES'S {input}\nd3, Laodg {input}. S
Te 06 237200 \\boxed { {} } \\boxed{ {}} &" GoSobs. BeBOKD SB0%00 \\boxed{ {} } & pIS Seth &
& GoSot. GOTPAD &S A0Bo DS Do Aol . ST, BSgol. 08, eted.  ©eS"DoWANgok. \naOa Bod
08ery \boxed{ {}} ¢
Gowdobs. S
It {input}\nNota: Per favore, {input}\nNota: Per favore, metti la {input}\nRagioniamo passo D'accordo, quindi il problema ¢
metti la risposta finale nel risposta finale nel \\boxed{{}}. Usa dopo passo e inseriamo la {input}. Lasciami pensare in
\\boxed {{} }. italiano per pensare e rispondere. risposta finale all’interno di italiano.\nE metti la risposta
\\boxed{{}}. Bene, ok. finale dentro \\boxed{ {} }. Per
prima cosa
Id {input}\nCatatan: Silakan {input}\nCatatan: Silakan letakkan {input}\nMari kita berpikir Baik, masalahnya adalah

letakkan jawaban akhir di
dalam \\boxed{{} }.

jawaban akhir di dalam \\boxed {{} }.
Gunakan bahasa Indonesia untuk
berpikir dan menjawab.

langkah demi langkah dan
keluarkan jawaban akhir di dalam
\\boxed{{} }. Baiklah, oke.

{input}. Biarkan saya berpikir
dalam bahasa Indonesia.\nDan
letakkan jawaban akhimya di
dalam \\boxed{{} }. Pertama

Figure 10: Prompts utilized to evaluate different methods on the PolyMath test sets.
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Figure 11:

Qwen2.5-3B-Instruct ~= LCP -O- DIT ~A~  QRT ~O- M-SFT
-O- Vanilla GRPO &~ LC-GRPO -1}~ M-Thinker =~ mGRPO =@- LANG
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Language Code

The input-output language consistency ratio of different methods for each language on MMATH test sets

with Qwen2.5-3B-Instruct model.
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Figure 12:

Qwen2.5-7B-Instruct ~{1- LCP -O- DIT ~/A~  QRT ~O- M-SFT
-0 Vanilla GRPO —&— LC-GRPO -} M-Thinker =~ mGRPO —-@— LANG
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Language Code

The input-output language consistency ratio of different methods for each language on MMATH test sets

with Qwen2.5-7B-Instruct model.
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Figure 13: The input-output language consistency ratio of different methods across languages and levels on
PolyMath with Qwen?2.5-3B-Instruct model.
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Figure 14: The input-output language consistency ratio of different methods across languages and levels on
PolyMath with Qwen2.5-7B-Instruct model.
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