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Abstract

Chain-of-thought reasoning improves the per-
formance of large language models on com-
plex tasks but often produces overly ver-
bose outputs, leading to increased inference
cost. This issue is exacerbated in multilin-
gual settings, where differences in tokeniza-
tion and linguistic structure result in incon-
sistent compression performance across lan-
guages. Existing methods are largely English-
centric and tend to suffer from accuracy degra-
dation, especially in low-resource languages.
We propose Multilingual Chain-of-thought
Compression via Cross-lingual Distillation
(MCD), a unified framework that addresses
these challenges through both data construc-
tion and optimization. MCD builds a cross-
lingually aligned dataset using a translation-
with-verification pipeline and difficulty-aware
sampling, and employs a reinforcement train-
ing strategy that combines supervised fine-
tuning with direct preference optimization to
encourage concise yet sufficient reasoning. Ex-
periments on multilingual mathematical bench-
marks show that MCD consistently reduces rea-
soning length while maintaining competitive
accuracy, and significantly improves robustness
in low-resource languages.

1 Introduction

Chain-of-Thought (CoT) reasoning has become a
key technique for improving the ability of large
language models (LLMs) to solve complex multi-
step problems, particularly in mathematical reason-
ing. By explicitly generating intermediate steps,
CoT significantly improves accuracy across a wide
range of benchmarks (Jaech et al., 2024; Guo et al.,
2025; Yang et al., 2025; Team et al., 2025). How-
ever, these gains come at the cost of increased in-
ference overhead, as CoT often produces overly
verbose reasoning traces with redundant steps, a
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&3

Language Metric Original Compressed CoT
EN Acc. 9576  93.92] (—1.84)
Tok. 2126 16607 (+0.22)
B Acc. 8272 79.52] (—3.20)
Tok. 2645 24861 (+0.06)
Sw Acc. 3248 3144 (—1.04)
Tok. 4371 41941 (+0.04)
Table 1: Performance of the SFT compression

method(Huang et al., 2025a) based on Qwen3-4B across
languages, evaluated on the MGSM (Shi et al., 2022)
dataset. “Acc.” denotes the accuracy and “Tok.” denotes
the average generated response token numbers.

phenomenon known as overthinking (Wu et al.,
2025; Kumar et al., 2025).

This inefficiency is further exacerbated in multi-
lingual settings. As models are predominantly pre-
trained on English-dominant corpora, they exhibit
higher generative uncertainty when reasoning in
non-English languages, often requiring longer rea-
soning traces to arrive at the correct answer, which
increases both inference latency and cost. More im-
portantly, a compression strategy that works well
in English may not transfer effectively to other lan-
guages, either causing significant accuracy degra-
dation or yielding minimal token reduction, due
to differences in tokenization granularity, morpho-
logical complexity, and the availability of training
signals.

Despite its importance, multilingual CoT com-
pression remains underexplored. Existing methods
exhibit two closely related limitations. First, they
are predominantly English-centric (Xia et al.,
2025; Kang et al., 2025; Yuan et al., 2025; Li et al.,
2025; Huang et al., 2025a) and fail to account for
cross-lingual variation in reasoning behavior, lead-
ing to disproportionately large performance degra-
dation in low-resource languages. This issue is
reflected in the larger compression rate collapses
observed in lower-resource languages such as Ben-
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gali and Swahili in Table 1. This disparity in train-
ing signal quality directly exacerbates the second
limitation: SFT alone is insufficient to preserve
correctness under aggressive compression, as un-
even multilingual supervision makes it particularly
difficult for the model to distinguish necessary rea-
soning steps from redundant verbosity. This diffi-
culty is especially severe in low-resource languages
where training signals are sparse and inconsistent.

To address these challenges, we propose
Multilingual Chain-of-thought Compression via
Cross-lingual Distillation (MCD), a unified frame-
work that tackles the above limitations from both
data and optimization perspectives. The framework
consists of two steps:

Cross-lingual aligned data construction. We
construct a high-quality multilingual CoT com-
pression dataset covering five typologically diverse
languages (German, French, Japanese, Russian,
and Chinese) based on DeepMath-103K (He et al.,
2025). Using Qwen3.5-27B (Qwen Team, 2026),
we adopt a translation-with-verification strategy to
ensure both linguistic fidelity and answer correct-
ness. We further apply difficulty-aware sampling to
preserve the original difficulty distribution across
languages.

Cross-lingual distillation via reinforcement
learning. We introduce a Cross-lingual distil-
lation framework that combines SFT as a cold
start with Direct Preference Optimization (DPO)
(Rafailov et al., 2023). SFT establishes a com-
pressed reasoning style, while DPO explicitly en-
courages concise yet sufficient reasoning by pre-
ferring compressed traces over verbose ones. This
design enables the model to distinguish essential
reasoning from redundancy, improving both effi-
ciency and robustness.

Experiments on MGSM (Shi et al., 2022) and
MMATH (Luo et al., 2025b) show that MCD con-
sistently reduces reasoning length while maintain-
ing competitive accuracy. Notably, it significantly
improves robustness in low-resource languages and
mitigates the cross-lingual performance gap ob-
served in prior methods.

Our contributions are summarized as follows:

* We construct a cross-lingually aligned CoT
compression dataset with verified long and
compressed reasoning traces.

* We propose MCD, a cross-lingual distillation

84

framework that enables concise yet logically
sufficient reasoning.

* We demonstrate strong cross-lingual robust-
ness and substantial token reduction across
multiple models and benchmarks.

2 Related Work

Chain-of-thought (CoT) reasoning (Kojima et al.,
2022) and large reasoning models (LRMs) (Jaech
et al., 2024; Guo et al., 2025; Yang et al., 2025)
have substantially improved model performance
by enabling explicit multi-step thinking during in-
ference. However, this comes at the cost of ver-
bose reasoning traces with redundant steps, a phe-
nomenon known as overthinking (Wu et al., 2025;
Kumar et al., 2025), which inflates inference la-
tency and computational cost.

CoT compression addresses this by reducing rea-
soning length while preserving correctness. Exist-
ing approaches span several strategies: reducing
the granularity of intermediate steps via token-level
or step-level pruning (Xia et al., 2025; Yuan et al.,
2025), constraining generation length through short
CoT supervision (Kang et al., 2025), and leverag-
ing self-generated outputs with adaptive filtering
to distill concise reasoning traces (Huang et al.,
2025a). Some methods further modulate reasoning
depth according to problem difficulty (Luo et al.,
2025a). Despite this progress, these methods are
predominantly designed and evaluated in English,
leaving the multilingual setting largely unexplored.

In multilingual LLMs, disparities in syntax,
morphology, and tokenization lead to significant
variation in reasoning structure and information
density across languages. Benchmarks such as
MGSM (Shi et al., 2022) and MMATH (Luo et al.,
2025b) have revealed substantial cross-lingual per-
formance gaps, particularly for low-resource lan-
guages. While recent work shows that reinforce-
ment learning can improve cross-lingual reason-
ing transfer (Huang et al., 2025b), compression
strategies that account for such variation remain
underexplored. A method effective in English may
yield minimal token reduction or severe accuracy
degradation in morphologically complex or low-
resource languages. Our work addresses this gap
by constructing a cross-lingually aligned dataset
with difficulty-aware sampling and adopting a rein-
forcement training framework using DPO (Rafailov
et al., 2023) algorithm that encourages concise yet
logically sufficient reasoning across typologically



diverse languages.

3 Method

We present a cross-lingual distillation approach to
refining language model reasoning efficiency in
multilingual mathematical settings. Our method
leverages a difficulty-aware data curation and com-
pression pipeline to promote concise and stable
inference across diverse linguistic groups. We first
detail the construction of a high-quality multilin-
gual corpus based on the Deepmath-103K dataset,
then design a reinforcement learning paradigm con-
sisting of pattern imitation and preference align-
ment. Finally, we define a hybrid training objective
that utilizes Supervised Fine-Tuning (SFT) to in-
still short-form reasoning patterns and Direct Pref-
erence Optimization (DPO) to explicitly penalize
redundant tokens while preserving logical rigor.
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To facilitate the study of multilingual chain-of-
thought (CoT) compression, we construct a high-
quality, difficulty-aware dataset spanning five lan-
guages: German (de), French (fr), Japanese (ja),
Russian (ru), and Chinese (zh). For more language
selection details, please refer to Appendix C. The
construction pipeline consists of three stages: (1)
multilingual expansion, (2) difficulty-aware multi-
lingual sampling, and (3) CoT compression.

Multilingual Expansion. We start from the
DeepMath-103K (He et al., 2025) dataset, where
each instance is represented as a triplet (g, d, gt),
denoting the problem, its difficulty level, and the
ground-truth answer, respectively. To obtain mul-
tilingual data, we employ Qwen3.5-27B (Qwen
Team, 2026) as the translation backbone. In-
stead of performing direct translation, we adopt a
translation-with-verification strategy to ensure both
linguistic fidelity and semantic correctness. Specif-
ically, for each target language ¢ € de, fr, ja, ru, zh,
the model is prompted (Appendix B) to jointly

translate the query and generate a reasoning trace
()

Multilingual Data Construction

c®) leading to an answer gt . We retain a trans-

lated instance only if:

At(e) (1)
This rejection sampling process filters out erro-
neous translations that may distort the underlying
mathematical semantics, resulting in a high-quality
multilingual dataset:

Dmulti = (q(é)v d7 C(z) ) gt)

= gt.

2
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Difficulty-Aware Sampling. DeepMath-103K pro-
vides difficulty annotations aligned with AoPS stan-
dards. Preserving this distribution is crucial for pre-
venting bias toward either overly simple or exces-
sively difficult problems. Let P(d) denote the em-
pirical difficulty distribution of the original dataset.
For each language ¢, we construct a subset DO via
stratified sampling such that:

Pp (d) = P(d). 3)

This ensures that each language-specific subset
maintains the same difficulty profile as the orig-
inal dataset. The final multilingual dataset is then
obtained by aggregating all language subsets:

Dﬁnal = U,D(Z)
l

“)

CoT Compression. To train models for con-
cise reasoning, we further compress the reason-
ing traces using Qwen3.5-27B with the prompt
template described in Appendix A. Given an origi-
nal reasoning trace c, the model generates a com-
pressed version cr that preserves essential logical
steps while removing redundancy ¢ — cy. We
then condition on c7 to regenerate the final answer
cr — c4, ensuring that the compressed reasoning
remains sufficient for correct problem solving. The
final dataset Dgpy) is organized as a set of tuples:

(Qa da CTaTa CAagt)v (5)

where 7' denotes the original reasoning trace.

3.2 Hybrid Training Strategy

To bridge the gap between verbose chain-of-
thought reasoning and concise multilingual infer-
ence, we propose a two stage optimization frame-
work. This strategy first establishes a foundational
reasoning style through Supervised Fine-Tuning
(SFT) and subsequently refines the model’s effi-
ciency via Direct Preference Optimization (DPO).
Pattern Imitation via SFT. The primary objec-
tive of the first stage is to instill the target model
with the structural patterns of compressed reason-
ing across multiple languages. Given the mul-
tilingual dataset Dgp,, we fine-tune the student
model to maximize the conditional likelihood of
the compressed reasoning traces. For each instance
(q,cr,ca) € Dhinal, the SFT loss is defined as:

ESFT(Q) = _E(q,cT,CA)NDﬁnal [
ler| (6)
Zlog Py(cry | g, CT,<t)}
t=1



where 6 denotes the model parameters. By train-
ing exclusively on cp rather than the original trace
T, the model learns to internalize a more token-
efficient reasoning trajectory while maintaining the
cross-lingual mapping between the query ¢ and the
final answer c4.

Preference Alignment via DPO. While SFT effec-
tively transfers the format of compressed CoT, it
may struggle to distinguish between necessary log-
ical steps and redundant verbosity when faced with
complex multilingual queries. To address this, we
employ Direct Preference Optimization (Rafailov
et al., 2023) to explicitly penalize linguistic redun-
dancy. We construct preference pairs from our
dataset where the compressed trace cr serves as
the preferred completion (y,,) and the original, ver-
bose trace 1" serves as the rejected completion (y;).
This setup forces the model to recognize that while
both ¢ and 1" may lead to the correct ground-truth
gt, the more concise path is superior. The DPO
objective is formulated as:

EDPO(9§ 7Tref) = _E(Q7CT7T)NDﬁnal|:
mo(cr | q) mo(T | q)
1 log ——— 2 — Blog ———%
oga(ﬂ o8 Tref(cr | @) Ploe Trer(T | q)ﬂ

(7N

where mer is the reference model (typically the
checkpoint resulting from Stage I), and 3 is a hy-
perparameter controlling the deviation from the
reference policy. By optimizing this objective, the
model learns a relative preference for brevity. Cru-
cially, because Dgpq is constructed via difficulty-
aware sampling, the preference pairs presented to
DPO span the full spectrum of problem complexity.
For harder problems, the gap between the com-
pressed trace cr and the original trace T is natu-
rally smaller, as aggressive compression of com-
plex reasoning tends to produce incorrect answers
and is therefore filtered out during data construc-
tion. This implicitly discourages the model from
over-compressing difficult problems, without re-
quiring any explicit difficulty conditioning at train-
ing or inference time.

4 Experiments

4.1 Experimental Setup

Training Data. We use the dataset Dgpa con-
structed in Section 3.1 for training. For a fair com-
parison, all methods use this mixed dataset.
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Baselines. SEER (Huang et al., 2025a) is a self-
enhancing supervised fine-tuning (SFT) compres-
sion framework that integrates Best-of-N sampling
with adaptive, dataset-specific length filtering to
distill concise yet accurate reasoning traces from
self-generated outputs. To further disentangle the
contribution of each training phase in our pipeline,
we also compare against two ablated variants: SFT-
Only, which fine-tunes the model solely on Dgpq
using supervised learning without any preference
optimization; and DPO-Only, which applies Direct
Preference Optimization directly to the base model
without the preceding SFT stage. These variants
allow us to isolate the effect of each component and
validate the necessity of combining both stages.
Backbone Models. We conduct experiments using
widely adopted Large Reasoning Models (LRMs),
including Qwen3-1.7B, Qwen3-4B and Qwen3-8B
(Yang et al., 2025). These models have been ex-
tensively used in prior studies and span different
parameter scales, enabling a fair and comprehen-
sive comparison. Training details are provided in
Appendix E.

Evaluation Benchmarks. We evaluate on two
benchmarks: MGSM (Shi et al., 2022) (250 math
problems across 10 languages) and MMATH (Luo
et al., 2025b) (374 problems across 10 languages).
We report accuracy (Acc) and token count (Tok),
with maximum generation lengths of 16,384 and
32,768 tokens respectively. Following Yang et al.
(2025), we use temperature 0.6 and top-p 0.95,
averaging results over five samples.

4.2 Main Results

The main experimental results presented in Table 2
and Table 3 provide a robust evaluation of our
method, specifically addressing the core limitations
of multilingual overthinking and imbalanced profi-
ciency identified in Section 1. While prior chain of
thought compression techniques are predominantly
English centric and often lead to significant perfor-
mance degradation in non English languages, our
proposed framework maintains competitive accu-
racy across diverse linguistic settings while sub-
stantially improving inference efficiency.

Across the three model scales of Qwen3-1.7B,
4B, and 8B, the experimental data reveals a consis-
tent pattern of effective token reduction. For the
smaller Qwen3-1.7B model, our approach achieves
substantial compression with only marginal im-
pacts on accuracy, suggesting that the prefer-
ence alignment stage successfully regularizes the



Method bn de en es fr ja ru SW te th zh AAcet  Comp.t
AccT Tok| Acct Tokl Acct Tok] Acct Tok| AccT Tokl Acct Tokl Acct Tok| Acct Tok] Acct Tok] Acct Tok| AccT Tokl
Qwen3-1.7B
Original 6336 3384 83.60 1490 8584 2338 86.08 1574 80.56 1433 71.84 1952 80.80 1515 7.76 5511 40.72 4839 7624 2483 79.84 2360 - -
SFT 3560 4228 65.12 1340 7544 1381 6728 1203 62.32 1169 53.12 1453 63.60 1614 2.08 11175 22.64 7429 5384 1790 66.16 1267 -17.22 0.00
DPO 64.48 3345 8248 1400 8576 2205 85.68 1509 80.24 1361 72.80 1920 81.84 1542 7.52 5752 4040 5017 7632 2413 79.60 2292  0.04 0.02
SEER 6272 2835 81.84 1333 89.44 1558 85.68 1321 80.08 1263 7040 1648 80.08 1573 6.80 6101 40.00 4679 76.96 1944 79.44 2465 -0.29 0.10
MCD (ours) 64.96 1908 80.00 858 8528 1415 84.24 903 77.44 857 68.64 1103 77.84 868 640 4495 42.08 3017 76.00 1409 80.00 1369 -1.25 0.40
Qwen3-4B
Original 82.72 2645 90.40 1321 9576 2126 91.68 1293 8520 1422 83.68 1817 91.12 1548 3248 4371 7296 3405 8720 2068 88.08 2176 - -
SFT 67.52 2300 77.68 1400 88.72 944 81.68 1110 77.28 1050 7424 1171 80.56 1346 2328 3720 59.52 3007 76.48 1135 80.24 895 -10.37 0.26
DPO 81.44 2484 89.12 1289 9344 1996 90.64 1265 84.88 1376 82.88 1777 90.16 1600 31.92 4308 71.36 3300 84.88 1970 87.12 2241 -1.22 0.02
SEER 79.52 2486 88.88 1249 93.92 1660 90.00 1298 83.52 1306 82.16 1744 8832 1850 31.44 4194 68.16 3423 8528 1843 82.64 2720 -2.49 0.01
MCD (ours) 79.12 1944 87.60 1020 9424 1543 89.92 982 84.32 1059 83.20 1343 89.52 1166 3040 3555 71.84 2560 85.20 1571 86.96 1673 -1.72 0.24
Qwen3-8B
Original 87.52 2382 90.56 1511 96.56 2096 91.76 1523 88.32 1531 85.12 1842 91.84 1616 60.88 3306 80.40 3081 89.60 2180 89.04 2583 - -
SFT 76.40 1587 79.76 1309 90.48 1078 83.12 1149 78.64 1071 77.12 1077 82.64 1194 4536 2746 67.76 2235 80.40 1336 82.56 922 -9.76 0.33
DPO 86.40 2310 89.20 1487 91.52 2084 91.52 1539 86.80 1570 85.12 1826 91.04 1617 58.64 3416 80.72 3091 89.60 2098 87.44 2584 -1.24 0.00
SEER 61.52 7472 89.04 1468 94.80 1826 91.92 1527 86.08 1567 85.36 1783 90.24 1729 60.64 3422 51.52 7824 88.64 1909 8552 2679 -6.03 -0.32
MCD (ours) 86.72 1863 89.04 1149 92.00 1691 91.36 1235 86.96 1192 8520 1437 90.48 1284 60.88 2714 79.92 2530 89.28 1644 87.60 2098 -1.11 0.21

Table 2: Results on MGSM benchmarks across three LRMs. “Comp.” denotes the compression ratio (I — ")/l
where [ and [’ are the token counts of the baseline and the proposed method, respectively. “Tok” denotes the model’s
generated token counts. The best results in each language are in bold, and the second-best results are underlined.

Method ar en es fr ja ko pt th vi zh AAcct Comp. t
Acct Tok] Acct Tok| Acct Tok] Acct Tok] Acct Tok]l Acct Tok] Acct Tok| Acct Tok| AcctT Tok| Acct Tok|
Qwen3-1.7B
original 79.14 5589 8509 7138 8576 6016 84.96 5850 79.88 6037 79.81 5804 84.02 6181 81.68 6072 8235 5527 79.01 7256 - -
SFT 46.12 7405 54.08 9457 51.00 7889 50.74 7598 4639 7690 46.66 6563 51.67 8271 49.06 6780 48.80 7179 51.14 8122 -32.60 -0.25
DPO 78.34 5479 85.56 6954 8449 5905 83.76 5849 79.68 5781 79.88 5764 8422 5675 79.95 6139 8115 5475 78.88 7010 -0.58 0.02
SEER 77.54 5148 8543 6232 8476 5469 82.62 5281 79.21 5480 80.28 5268 83.89 5445 79.95 5401 81.08 5132 7627 8230  -1.07 0.07
MCD (ours) 7540 3686 81.89 4911 80.95 3885 80.88 3697 7574 3913 77.14 3780 80.88 3931 78.07 4054 78.14 3633 76.07 4436 -3.65 0.35
Qwen3-4B
original 87.17 5471 92.65 6502 91.71 5449 92.05 5395 90.17 5748 89.30 5718 9231 5382 88.70 5944 90.78 5386 86.83 7362 - -
SFT 62.63 6093 69.79 7186 6825 6543 6745 5841 62.10 6340 63.84 6506 6852 6100 6324 6251 6524 5741 6798 6433 -24.26 -0.09
DPO 87.37 5362 93.18 6229 91.38 5376 91.98 5320 90.78 5629 87.70 5689 92.11 5395 89.04 5761 89.77 5311 8697 7121  -0.14 0.02
SEER 8590 5036 9225 5868 91.84 4999 91.11 5033 89.44 5483 88.50 5476 90.78 4874 87.57 5146 89.44 5012 84.16 7725  -1.07 0.07
MCD (ours) 8536 4399 92.18 5368 89.71 4383 90.64 4417 8890 4691 89.10 4588 9138 4377 88.64 4717 8951 4350 87.63 5574 -0.86 0.20
Qwen3-8B
original 89.17 5855 9372 6708 92.78 5907 9278 5766 90.11 6256 91.44 5798 93.11 5825 O9L.11 6215 91.78 5848 88.77 7448 - -
SFT 65.04 6691 69.18 7499 69.05 6866 69.72 6584 6504 6521 6551 6256 69.72 6594 6531 6580 6598 6566 6745 7285 -24.28 -0.10
DPO 89.64 5833 9392 6677 92.58 5860 92.58 5614 90.04 6096 91.84 5860 92.51 5901 90.24 6233 9225 5785 88.44 7798 -0.07 0.07
SEER 87.77 5499 9372 5910 92.58 5403 9245 5361 8991 5605 91.58 5431 93.65 5333 90.64 5571 91.31 5360 85.90 8126 -0.63 0.07
MCD (ours) 88.10 4904 94.05 5660 92.11 5032 9318 4734 8977 5225 9158 4849 9251 4951 9044 5343 9191 4809 8924 6120 -0.19 0.16

Table 3: Results on MMATH benchmarks across three LRMs. “Comp.”

denotes the compression ratio (I — ') /1

where [ and [’ are the token counts of the baseline and the proposed method, respectively. “Tok™ denotes the model’s
generated token counts. The best results in each language are in bold, and the second-best results are underlined.

model’s reasoning trajectories. As the parameter
count increases to 4B and 8B, the models exhibit
even greater stability in reasoning quality under
compression, indicating that larger models possess
a more resilient internal logic that can be effectively
distilled into more concise forms without sacrific-
ing correctness. Furthermore, the comparison be-
tween SFT Only and our full two stage pipeline
demonstrates that preference optimization is essen-
tial for preventing the over compression and ac-
curacy loss often associated with simple imitation
learning.

The results across different language resource
levels further validate the cross lingual robustness
of our method. For high resource languages such
as English and Chinese, the model preserves nearly
all of its original reasoning capability while sig-
nificantly reducing the generated token counts.
In medium resource settings including German,
French, Russian, and Japanese, we observe a sim-
ilar trend where the compressed trajectories re-
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main logically rigorous across typologically di-
verse structures. Crucially, for low resource lan-
guages such as Bengali, Swahili, and Telugu, our
method successfully mitigates the severe perfor-
mance drops typically seen in existing compression
frameworks. This demonstrates that by explicitly
accounting for cross lingual variations in informa-
tion density, our approach enables more equitable
reasoning efficiency regardless of the language’s
resource level.

4.3 Analysis of Difficulty-Aware Token
Reduction

To investigate whether MCD adapts its compres-
sion behavior to problem difficulty, we analyze
token counts across difficulty levels defined by the
AoPS scale on the MGSM dataset using Qwen3-
4B. As shown in Figure 1, MCD consistently re-
duces token generation compared to the original
model across nearly all languages and difficulty
levels, demonstrating broad compression effective-
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Figure 1: Token counts by language and difficulty (AoPS scale) on MGSM for MCD (ours) and the original
Qwen3-4B. Each group represents a language. Solid bars show MCD tokens; lighter stacked segments indicate
additional tokens used by the Baseline (Baseline - MCD), while hatched segments mark cases where MCD exceeds
the Baseline (MCD - Baseline). Missing levels indicate no available instances.

ness. Crucially, the magnitude of token reduction
tends to be larger for lower-difficulty problems and
diminishes as difficulty increases, indicating that
the model learns to allocate reasoning budget in
a difficulty-sensitive manner. For the most chal-
lenging problems at higher AoPS levels, MCD oc-
casionally matches or slightly exceeds the token
count of the baseline, suggesting that the model
appropriately preserves reasoning depth when the
problem demands it. This behavior is consistent
with our difficulty-aware sampling strategy during
data construction, which ensures that the training
distribution reflects the full spectrum of problem
complexity. Together, these results suggest that
MCD does not apply uniform compression indis-
criminately, but instead modulates reasoning length
according to the inherent difficulty of each problem,
thereby achieving an effective balance between to-
ken efficiency and solution correctness across di-
verse linguistic and mathematical contexts. The re-
sults for Qwen3-1.7B and Qwen3-8B are reported
in Appendix D.

4.4 Ablation Studies

Tables 2 and 3 confirm that both training stages are
necessary. The SFT-only variant incurs substan-
tial accuracy drops across all model scales, most
severely in low-resource languages such as Swabhili,
Telugu, and Bengali, reflecting the inability of imi-
tation learning alone to preserve correctness under
aggressive compression. The DPO-only variant
largely maintains baseline accuracy but achieves
only marginal token reduction, indicating that pref-
erence optimization without prior exposure to com-
pressed patterns fails to induce concise reason-
ing behavior. MCD resolves these complementary
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weaknesses by combining pattern imitation with
preference alignment. Relative to SFT-only, MCD
recovers most of the lost accuracy while retaining
substantial compression gains, demonstrating that
DPO effectively prevents over-compression. Rela-
tive to DPO-only, MCD yields significantly higher
compression ratios, confirming that SFT provides
a necessary inductive bias toward brevity. Smaller
models such as Qwen3-1.7B benefit more from the
RL design in terms of accuracy recovery, while
larger models such as Qwen3-8B show stronger
robustness under DPO-only but still require SFT to
achieve competitive compression efficiency. Con-
sistent trends across both MGSM and MMATH
further suggest that the framework generalizes well
across datasets of varying difficulty.

5 Conclusion

We propose MCD, a multilingual chain-of-thought
compression framework that addresses the limi-
tations of English-centric approaches. Through
cross-lingually aligned data construction via trans-
lation with verification and difficulty-aware sam-
pling, combined with a cross-lingual distillation
training pipeline, MCD achieves concise yet suffi-
cient reasoning across diverse languages. Experi-
ments on MGSM and MMATH across three model
scales demonstrate consistent token reduction with
competitive accuracy, and improved robustness in
low-resource languages such as Bengali, Swahili,
and Telugu. Ablations confirm that both stages are
essential: SFT learns compressed reasoning pat-
terns, while DPO prevents over-compression by
preserving correctness.
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A Reasoning Process Compression
Prompt

The following is the prompt used for compressing
CoT reasoning.

CoT Compression Prompt

## Task Description

You are an expert in compressing “Thought
Processes.” Please compress the provided
“Thought Process” according to the follow-
ing requirements:

1. Refer to the input information below
(the related Question, Thought Process,
and Answer). You must analyze the
relationship between the Question and
the Answer, and compress the Thought
Process. It is crucial that you do not
alter the original style or meaning of
the thought process. The compressed
thought process must serve as a logical
bridge between the Question and the
Answer, ensuring coherence.

2. While compressing the Thought Pro-
cess, avoid excessive compression.
Strive to retain the most critical con-
tent of the thought process.

. The first sentence of the original
Thought Process must remain un-
changed.

Use the same language as the thought
process.

## Input Information

### Question

{query}

### Thought Process

{think }

### Answer

{answer}

## Output Format
Compressed Thought Process:

B Dataset Translation Prompt

We translate DeepMath-103K dataset using
Qwen3.5-27B. Here is the translation prompt. {tar-
get_language} is replaced with the corresponding
language during translation.
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Translation Prompt

You are a professional mathematics transla-
tor. Translate the following math problem
from English into {target_language}.
Rules:

1. Preserve ALL mathematical expres-
sions, formulas, and symbols exactly
as-is (LaTeX, Unicode, or plain nota-

tion).

Use standard mathematical terminol-
ogy in {target_language} as defined in
official textbooks or curricula.

. Maintain the logical structure and sen-
tence flow — do NOT rearrange prob-
lem conditions.

Keep variable names unchanged (e.g.,
X, ¥, ).

. If a term has multiple valid transla-
tions, choose the most common one
used in {target_language} academic
contexts.

Do NOT add explanations or solve the
problem.

. Output ONLY the translated text, noth-
ing else.

Source (English): {math_problem }
Translation ({target_language}):

C Discussion of Training Language
Selection

The selection of languages for multilingual group
sampling aims to achieve a balance between signal
reliability and linguistic diversity. We construct
a set of high-resource languages with diverse lin-
guistic characteristics, including German, French,
Japanese, Russian, and Chinese. These languages
span different syntactic and morphological fami-
lies, offering a stable and diverse reference space
for reasoning compression. In addition, Huang et al.
(2025b) report that the generalization performance
of reinforcement learning algorithms varies across
languages, with several non-English languages sur-
passing English. Based on this observation, En-
glish is excluded from our language set.
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Figure 2: Token counts per language and difficulty level on the MGSM dataset for MCD (ours) and the original
Qwen3-8B model.
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Figure 3: Token counts per language and difficulty level on the MGSM dataset for MCD (ours) and the original
Qwen3-1.7B model.
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D Additional E Implementation Details

We use open-source framework LlamaFactory
(Zheng et al., 2024) as the training framework.
For SFT, the learning rate is set to 3 x 10~* for
Qwen3-4B, Qwen3-1.7B and 2 x 10~ for Qwen3-
8B. For DPO, the learning rate is set to 7 x 106
and 5 x 1076, respectively.

As shown in Figures 2 and 3, MCD exhibits con-
sistent compression behavior on Qwen3-8B and
Qwen3-1.7B, corroborating the findings reported
for Qwen3-4B in Section 4.3. For Qwen3-8B,
MCD achieves substantial token reduction across
nearly all languages and difficulty levels, with com-
pression margins narrowing as problem difficulty

: ) Hyperparameter SFT DPO
increases; at the highest AoPS levels, MCD occa-

sionally matches or marginally exceeds the base- LoRA rank 16 16
line token count, indicating that the larger model LoRA target all all
appropriately preserves reasoning depth when the Cutoff length 4096 4096
problem demands it. For Qwen3-1.7B, overall com- Per device batch size 2 1
pression remains pronounced, though the gap be- Gradient accumulation steps 8 8
tween MCD and the baseline is relatively larger Training epochs 3.0 3.0
for high-difficulty problems in low-resource lan- Pref beta _ 0.1
guages such as Swahili and Telugu, reflecting the Pref loss _ sigmoid
higher generative uncertainty of smaller models LR scheduler type — cosine
under aggressive compression. These results show Warmup ratio _ 0.05

that MCD’s difficulty-aware compression general-
izes across model scales, reducing more tokens on  Table 4: Hyperparameters for SFT and DPO training
easier problems while preserving sufficient reason-  phases.

ing for harder ones.
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