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Abstract

Reasoning-oriented language models in-
herit strong English-centric biases from
pre-training, which are further reinforced by
English-only post-training. This creates a dual
failure mode where models fail both to reason
correctly and to maintain reasoning traces
in the query language. We study reasoning
accuracy and language consistency under
English-only post-training. SFT primarily
improves language consistency with limited or
inconsistent accuracy gains, while group rela-
tive policy optimization (GRPO) substantially
improves accuracy at the cost of language
consistency. Although translated multilingual
GRPO improves both objectives, it requires
translating reasoning post-training data into
multiple languages and may introduce transla-
tion noise and information loss. We find that
the language-consistency capability acquired
by SFT and the accuracy capability acquired
by GRPO are approximately orthogonal in
the model’s update space. By merging an
English LoRA-SFT adapter with an English
GRPO checkpoint trained from the same base
model, M-GOAL improves MGSM accuracy
from 39.1 to 57.8 and language consistency
from 17.1 to 75.2 without translated reasoning
supervision. This composition outperforms
sequential training, its merge coefficient
exposes a tunable operating point along the
accuracy—consistency frontier, and the pattern
holds beyond mathematical reasoning and on
benchmarks whose non-English problems are
natively authored rather than translated. Our
results suggest that multilingual reasoning
post-training does not necessarily require
multilingual post-training data.

1 Introduction

Reasoning-oriented large language models pro-
duce an explicit chain of thought before commit-
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Figure 1: M-GOAL improves both reasoning accu-
racy and language consistency over the base model on
MGSM using only English post-training data. Gray
bars denote the Qwen3-1.7B base model, red bars de-
note M-GOAL, and numbers above the bars show ab-
solute improvements in percentage points. M-GOAL
improves the eight-language average from 39.1 to 57.8
accuracy and from 17.1 to 75.2 language consistency.

ting to an answer (Wei et al., 2022), and rein-
forcement learning with verifiable rewards has be-
come the dominant recipe for eliciting and sharp-
ening this behavior (Shao et al., 2024; DeepSeek-
Al et al., 2025). However, many widely used high-
quality reasoning corpora are predominantly En-
glish (Cobbe et al., 2021; Hendrycks et al., 2021;
Shao et al., 2024). This creates a mismatch with
deployment because users often ask questions in
other languages, while the model has been opti-
mized largely on English reasoning.

In multilingual settings, this mismatch mani-
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fests not only as reduced task accuracy (Shi et al.,
2023), but also as a failure of language consis-
tency, where the model reasons in a language other
than the one the user used (Park et al., 2025; Barua
et al., 2026). Recent multilingual CoT evalua-
tions showed even under explicit target-language
instructions, R1-Qwen-32B’s sentence-level lan-
guage compliance on MMMLU falls to 5% in
French and Indonesian, 8% in Portuguese, and
15% in Korean (Zhao et al., 2026). Such failures
are especially problematic when the intermediate
chain of thought is user-facing, since they may
shape how users trust or debug the model’s answer
(Wei et al., 2022; Turpin et al., 2023; Chen et al.,
2025).

One approach is to introduce multilingual su-
pervision by translating English reasoning data
into target languages for training. Prior work
shows that this strategy can be effective. Mul-
tilingual math instruction tuning improves cross-
lingual reasoning performance (Chen et al., 2024),
cross-lingual CoT tuning reduces performance
gaps across languages (Chai et al., 2025), and
fine-tuning on translated English reasoning traces
outperforms training on target-language traces dis-
tilled from large reasoning models (Barua et al.,
2026). But this relocates the problem to data con-
struction: translated traces must be regenerated for
every new target language, and their quality varies
across languages and domains in ways that are
hard to audit at scale (Shi et al., 2023; Xuan et al.,
2025). This raises the question of whether both
objectives can be improved without translated rea-
soning corpora.

In our study, we observe a consistent trade-off in
English-only post training. Supervised fine tuning
(SFT) improves language consistency but yields
limited reasoning gains, while group relative pol-
icy optimization (GRPO) substantially improves
reasoning accuracy at the cost of language consis-
tency. We further find that language consistency
is a sample-efficient and largely non-interfering
adaptation: a small amount of direct non-English
optimization signal suffices for GRPO to acquire
target-language consistency while leaving its accu-
racy gains intact. This suggests that the two capa-
bilities correspond to largely orthogonal updates
in the model’s update space, with language consis-
tency emerging from a relatively lightweight adap-
tation. Motivated by this observation, we propose
M-GOAL, short for Merged GRPO with an Or-
thogonal Adapter from LoRA-SFT. It starts from

an English GRPO checkpoint and merges in a
lightweight LoRA adapter learned by English SFT.
As shown in Figure 1, this composition improves
both reasoning accuracy and language consistency
across evaluation languages, while using only En-
glish post-training data.

This paper makes three contributions. 1) We
identify a trade-off between reasoning accuracy
and language consistency in English-only SFT
and GRPO post-training for multilingual reason-
ing, and show that the language-consistency capa-
bility acquired by SFT and the accuracy capabil-
ity acquired by GRPO are approximately orthog-
onal in the model’s update space, enabling their
composition to obtain both capabilities simultane-
ously. 2) We show that mixed-language GRPO
can resolve this trade-off but depends on trans-
lated data. 3) We propose a reliable parameter-
merging method that combines English-only SFT
and English-only GRPO, substantially improving
both objectives without translated reasoning cor-
pora, and show that its merge coefficient traces a
controllable accuracy—consistency frontier.

2 Related Work

Prior work has shown that language models often
lose reasoning accuracy outside English and may
revert to English even when prompted in another
language (Shi et al., 2023; Chen et al., 2024; Park
et al., 2025; Barua et al., 2026). One line of work
addresses this by adding target-language or multi-
lingual supervision, including multilingual math-
ematical instruction tuning (Chen et al., 2024),
cross-lingual CoT tuning (Chai et al., 2025), trans-
lated reasoning traces (Barua et al., 2026), and
RL-based methods such as M-Thinker, which uses
language-consistency and cross-lingual alignment
rewards (Zhang et al., 2026).

A complementary line routes non-English rea-
soning through English: question-translation train-
ing aligns languages before unlocking English
reasoning ability (Zhu et al., 2024), preference-
based alignment derives cross-lingual consistency
signals from an external translation model (She
et al., 2024), TRIT integrates translation as a self-
improving task within the RL loop (Liu et al.,
2026), and representation-engineering approaches
steer non-English hidden states toward English
space at inference time (Li et al., 2025). These ap-
proaches all depend on target-language data, cross-
lingual alignment objectives, or an English pivot;
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Figure 2: Overview of M-GOAL: an English-only SFT LoRA adapter learns a language-consistency update, while
English-only GRPO learns a reasoning-accuracy update. M-GOAL composes these approximately orthogonal
updates by injecting the LoRA adapter into the GRPO checkpoint, improving multilingual reasoning and native-

language CoT without translated reasoning traces.

in contrast, our method reasons natively in the
target language without routing through English
or using translated reasoning supervision. That
English-only tuning can elicit response-language
matching at all is consistent with Shaham et al.
(2024); we show it survives being detached into
a LoRA adapter and re-attached to a separately
trained RL policy.

3 Methods

Task and metrics. Given a question ¢ in lan-
guage /(q), amodel generates an output o = (c, a),
where c is the chain of thought and a is the final an-
swer. For each example, we assume a gold answer
a* and evaluate the output along two axes:

Acc(q,0) = 1[extract(a) = a*],
LC(g,0) = L[pyg)(0) = 7] -

Here, extract(a) reads the answer from the
\boxed{} field, py(4 (o) is the fraction of o de-
tected as language ¢(q) by a fastText classifier
(Joulin et al., 2016), and 7 = 0.5. Our goal is to
improve both answer accuracy and language con-
sistency in non-English evaluation languages with-
out using translated reasoning traces.

(D
2

Models and data. We use Qwen3-1.7B-Base
as our main model (Yang et al., 2025). To test
whether our findings generalize across model fam-
ilies and scales, we additionally evaluate Qwen3-
4B-Base (Yang et al., 2025) and SmolLM3-3B-
Base (Bakouch et al., 2025). For mathematical rea-
soning, our English post-training data combines
GSMSK (Cobbe et al., 2021) with a 12K-example
subset of OpenR1 (Hugging Face, 2025). We filter

the OpenR 1 subset to remove image-dependent ge-
ometry problems, retain medium-length solutions,
and select examples with moderate base-model
difficulty. The final difficulty filter keeps exam-
ples with a Qwen3-1.7B-Base 8-rollout pass rate
between 1/8 and 6/8. Full filtering details are pro-
vided in Appendix F.1.

We evaluate multilingual mathematical reason-
ing on MGSM (Shi et al., 2023), MSVAMP (Chen
et al., 2024), and PolyMath-low (Wang et al.,
2025). MGSM provides parallel grade-school
math problems across languages and serves as our
primary benchmark. MSVAMP provides a differ-
ent multilingual arithmetic word-problem distribu-
tion, while PolyMath-low covers a broader multi-
lingual math setting. Together, they test whether
the accuracy—consistency trade-off holds across
multiple multilingual math benchmarks.

For the non-mathematical ablation, we train
on Explainable Commonsense Question Answer-
ing (ECQA) (Aggarwal et al., 2021) and evalu-
ate cross-lingual transfer on MMMLU (OpenAl,
2024). This tests whether the SFT/GRPO split
between language consistency and task accuracy
extends beyond mathematical reasoning. Bench-
mark and dataset details are provided in Ap-
pendix D.

Training and evaluation. We compare super-
vised fine-tuning (SFT), group relative policy
optimization (GRPO), sequential SFT—GRPO
and GRPO—SFT baselines, and our parameter-
merging method M-GOAL. SFT trains the model
on English question-reasoning—answer demon-
strations using standard token-level maximum
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German English Spanish French Japanese Swabhili Thai Chinese Average
Model Acc LC Acce LC Ace LC Ace LC Ace LC Ace LC Ace LC Ace LC Ace LC
Base 449 73 510 100 457 6.5 462 69 372 12 36 32 389 08 449 105 39.1 17.1
Full SFT 433 723 603 99.6 482 765 443 844 356 59.1 59 381 40.1 322 46.0 883 40.5 68.8
LoRA SFT 46.6 84.6 522 984 445 90.7 462 91.1 356 87.0 69 543 320 97.6 49.0 923 39.1 87.0
GRPO 709 08 870 100 749 0.0 717 00 559 00 73 08 648 0.0 709 00 629 127
SFT—GRPO 70.0 20.7 826 99.6 765 162 71.7 227 59.1 332 69 0.8 603 158 725 356 624 30.6
GRPO—SFT 48.6 745 60.3 100 53.0 709 514 822 437 785 57 113 409 632 559 895 449 713
M-GOAL 648 575 749 992 680 692 684 632 522 76.1 89 522 57.1 895 684 943 578 752

Table 1: MGSM results (%) for Qwen3-1.7B-Base under English-only post-training.

We report answer accuracy

(Acc) and language consistency (LC) for each evaluation language. M-GOAL is the only English-only method that
improves both objectives strongly without translated reasoning supervision.

likelihood. GRPO trains the model on English
questions with the standard clipped GRPO objec-
tive. The reward combines answer correctness and
language consistency:

R(q,0) = 0.5Acc(q,0) +0.5LC(q,0). (3)

Since GRPO uses English-only training prompts,
the LC term rewards matching English during
training, rather than providing direct supervision
for non-English language consistency.

M-GOAL is constructed by merging an English-
trained LoRA-SFT adapter into an independently
trained English GRPO checkpoint initialized from
the same base model:

C))

We compare M-GOAL with the base model, the
SFT-only and GRPO-only checkpoints, and the
two sequential baselines, on MGSM, MSVAMP,
and PolyMath-low, and on MMMLU after
English-only ECQA post-training.

On-GoAL = OGRPO + ALoRA-SFT-

4 Results

4.1 The English-only landscape

Table 1 reports MGSM results for Qwen3-1.7B-
Base under English-only post-training. The base
model is weak on both objectives (39.1 Acc /
17.1 LC), and English-only post-training improves
only one axis at a time: LoRA SFT raises LC to
87.0 while leaving accuracy unchanged, whereas
GRPO raises accuracy to 62.9 while reducing LC
to 12.7.

Sequential training trades the two objectives
off but does not compose them: SFT—GRPO
preserves accuracy (62.4) but recovers only mod-
est consistency (30.6), while GRPO—SFT raises
consistency (71.3) at the cost of accuracy (44.9).
Among the English-only methods, M-GOAL
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Figure 3: Improvements over the base model on
MGSM (Qwen3-1.7B-Base), plotted as A language
consistency (x-axis) against A accuracy (y-axis).
GRPO-based methods gain accuracy but little or nega-
tive consistency (upper left); SFT methods gain consis-
tency but almost no accuracy (lower right). M-GOAL
(Gold Star) achieves the strongest balanced improve-
ment across both axes.

achieves the strongest joint performance (57.8 /
75.2). Figure 3 visualizes the same pattern: SFT-
based methods move along the consistency axis,
GRPO-based methods along the accuracy axis,
and only M-GOAL improves both. To verify
that the high LC score reflects genuinely target-
language reasoning rather than classifier artifacts,
we manually inspected 100 randomly sampled M-
GOAL outputs on MGSM with fastText target-
language proportion above 0.5 (LC=1) and found
no cases of substantive language mixing.

M-GOAL does not match English-only GRPO
in absolute accuracy: on MGSM it trades 5.1 accu-
racy points for a 62.5-point consistency gain, and
GRPO likewise leads on accuracy on MSVAMP
(73.9 vs. 67.3) and PolyMath-low (62.5 vs. 56.8)
while scoring near zero on LC. This is an oper-
ating point rather than a fixed cost: Section 5.4
shows that the merge coefficient traces the whole
accuracy—consistency frontier.
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Figure 4: Training dynamics of English-only SFT and GRPO on MGSM using Qwen3-1.7B. Top row: SFT.

Bottom row: GRPO.

MSVAMP PolyMath-low
Model Acc LC Acc LC
Base 443 205 375 17.1
Full SFT 53.6 669 39.1 68.4
LoRA SFT 56.1 87.0 404 88.6
GRPO 739 1277 625 12.8
SFT—GRPO 729 348 60.1 30.0
GRPO—SFT 54.1 73.6 429 72.9
M-GOAL 673 72.8 56.8 71.3

Table 2: Results on MSVAMP and PolyMath-low un-
der English-only post-training. M-GOAL consistently
improves both reasoning accuracy and language consis-
tency across both benchmarks.

Across math benchmarks. Table 2 repeats
the comparison on MSVAMP and PolyMath-low.
The same trade-off appears on both benchmarks.
GRPO gives the highest accuracy but the weakest
language consistency, while SFT gives strong lan-
guage consistency with limited accuracy gains. As
on MGSM, M-GOAL is the only compared variant
that maintains both high accuracy and high lan-
guage consistency (67.3/72.8 on MSVAMP and
56.8/71.3 on PolyMath-low).

Model Accuracy  Language Consistency
Base 323 11.9
Full SFT 324 75.5
LoRA SFT 349 65.3
GRPO 51.3 134
M-GOAL 453 63.9

Table 3: Ablation beyond mathematical reasoning on
MMMLU. M-GOAL improves both accuracy and lan-
guage consistency under English-only post-training.

C-MGSM CM17K-zh Ape210K-zh DMath-ko
Model Acc LC Acc LC Acc LC Acc LC
Base 440 19.2 357 120 425 26 315 35
LoRA SFT 52.0 763 42.0 687 49.8 404 38.1 66.0
GRPO 71.0 145 747 00 752 0.0 579 2.0
M-GOAL 67.1 656 70.2 854 710 54.1 556 595

Table 4: Benchmarks whose non-English problems are
natively authored rather than translated from English.
C-MGSM numbers are seven-language averages; the
other three are monolingual Chinese or Korean splits.

Natively authored, non-translated bench-
marks. MGSM, MSVAMP, and PolyMath-low
all obtain their non-English splits by translat-
ing source problems, so their items may carry
translationese. We therefore also evaluate four
benchmarks with natively authored non-English
problems: C-MGSM, a Chinese-source counter-
part of MGSM that we build from natively written
Chinese elementary-school problems and then
translate into the other evaluation languages; and
the monolingual Chinese splits of CM17K (Qin
et al., 2021) and Ape210K (Zhao et al., 2020)
together with the Korean split of DMath (Kim
et al., 2023). Table 4 shows the same structure as
before, with M-GOAL again retaining most of the
GRPO accuracy gain while restoring consistency
(Appendix D).

Beyond math and across model families. The
same pattern also holds beyond mathematical rea-
soning and across model families. On MMMLU
after English-only ECQA post-training (Table 3),
GRPO achieves the highest accuracy but low
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language consistency, SFT improves consistency
with little accuracy gain, and M-GOAL improves
both axes over the base model. On additional
base models (Table 5), M-GOAL again improves
both objectives: Qwen3-4B-Base improves from
56.4 to 69.8 Acc and from 20.2 to 82.5 LC, while
SmolLM3-3B-Base improves from 18.2 to 54.3
Acc and from 17.0 to 44.6 LC. The smaller con-
sistency gain on SmolLM3-3B-Base is consistent
with a stronger English-centric pretraining bias.
The trade-off and the benefit of parameter merging
are thus not specific to MGSM or Qwen3-1.7B.

Model MGSM Acc  MGSM LC
QOwen3-4B-Base

Base 56.4 20.2
Full SFT 57.8 73.6
LoRA SFT 58.7 85.8
GRPO 78.3 12.8
M-GOAL 69.8 82.5
SmolLM3-3B-Base

Base 18.2 17.0
Full SFT 322 53.5
LoRA SFT 41.6 51.6
GRPO 67.3 14.9
M-GOAL 54.3 44.6

Table 5: MGSM results across additional base mod-
els under English-only post-training. M-GOAL im-
proves both answer accuracy and language consistency
over the corresponding base model without multilin-
gual post-training data.

5 Analysis

5.1 How English-only Post-training Shapes
Accuracy and Language Consistency

English-only SFT and GRPO learn complemen-
tary abilities. Figure 4 compares the training
dynamics of English-only SFT and GRPO. SFT
rapidly improves language consistency within the
first few steps, while accuracy remains nearly
flat. This suggests that matching the reasoning
language to the question language is a relatively
lightweight adaptation. GRPO shows the opposite
pattern: accuracy increases steadily, but language
consistency on multilingual evaluation quickly col-
lapses. Since the GRPO training prompts are
English-only, the LC reward provides no direct op-
timization signal for non-English consistency.

The collapse is not an artifact of the reward.
Equation 3 contains an LC term that reduces to re-
warding English under English-only prompts, so

in principle the collapse could be built into the re-
ward. An accuracy-only control trained with iden-
tical data and hyperparameters gives 63.2 Acc /
12.6 LC against 62.9 / 12.7 for the mixed reward,
i.e. no difference on either axis. The reason is
that with English prompts nearly every rollout in
a group is English, so the binary LC term is con-
stant within the group and cancels in the group-
normalized advantage. The collapse comes from
the English-only training distribution rather than
the reward design (Appendix G).
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Figure 5: Sequential post-training fails to preserve both
capabilities under English-only data.

Sequential training overwrites the previous ca-
pability. Figure 5 shows that continuing opti-
mization in either order fails to preserve both abil-
ities. In SFT—GRPO, the language consistency
acquired during SFT is rapidly degraded, while
the resulting accuracy gain is no better than direct
GRPO from the base model. In GRPO—SFT, SFT
recovers some language consistency but substan-
tially reduces the accuracy gained during GRPO,
and the recovered consistency remains below di-
rect SFT from the base model.
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Figure 6: Merging LoRA-SFT into GRPO checkpoints
across training. The merged model preserves most of
the GRPO accuracy trajectory while maintaining much
higher language consistency than GRPO alone at every
step.

Parameter merging avoids sequential interfer-
ence. In contrast to sequential training, param-
eter merging preserves both capabilities more ef-
fectively. Figure 6 compares the GRPO trajec-
tory with and without merging the LoRA-SFT
adapter. The merged model largely follows the ac-
curacy trajectory of GRPO, with only a small ac-
curacy gap, while maintaining substantially higher
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Accuracy Language Consistency
Base 39.1 17.1
SFTen 39.1 87.0
SFT ranslated 37.7 78.2

Table 6: Effect of translating SFT data on MGSM.
SFT;, uses English-only LoORA SFT; SFTanslatea adds
translated data.

language consistency at every GRPO step. This
indicates that the LoRA-SFT adapter provides a
reusable language-consistency direction that can
be composed with GRPO checkpoints without
overwriting the accuracy capability.

5.2 Where translated data helps

We next ask whether adding translated training
data lets each method improve on its weaker ob-
jective. We translate our English-only dataset into
Chinese, Spanish, and Thai using DeepSeek-V4-
Flash (DeepSeek-Al, 2026), verify the language of
every translated question automatically with fast-
Text, and manually inspect a subset for quality.

Translating SFT data does not help. Since
SFT already achieves strong language consistency,
we test whether adding Chinese and Spanish trans-
lations to the English SFT data brings further
gains. Table 6 shows that it leaves accuracy es-
sentially unchanged and slightly lowers language
consistency.

Training data Acc LC

0% Trans. (EN-only) 629 12.7
50% EN + 50% ES 63.9 91.2
50% EN +50% ZH  64.7 84.6
50% EN +50% TH  68.1 89.2

Table 7: Effect of balanced translated GRPO data on
MGSM for Qwen3-1.7B.

Translated GRPO data resolves the trade-off.
We next test whether translated prompts can pro-
vide the missing language consistency signal dur-
ing GRPO. For each target language, we train
a balanced mixture with 50% English prompts
and 50% translated prompts (Figure 7; Table 7).
Across Spanish, Chinese, and Thai, translated
GRPO keeps accuracy comparable to English-only
GRPO while raising LC from 12.7 to 91.2, 84.6,
and 89.2, respectively. LC rises sharply in the
first few GRPO steps and then saturates, while ac-
curacy continues to improve. This suggests that

language consistency is a sample-efficient adap-
tation under GRPO, with little interference to
accuracy gains. However, translated GRPO re-
quires target-language post-training prompts and
may introduce translation noise or information
loss, motivating our English-only setting. Addi-
tional translated-GRPO ratio experiments are pro-
vided in Appendix C.

What the English-only constraint buys. Trans-
lated GRPO requires, for every new target lan-
guage, a translated prompt corpus, a quality-
control pass over it, and its own training run; one
English-only M-GOAL model serves every eval-
uated language. Translation is not uniformly re-
liable either: about 30% of our Thai prompts
failed automatic checks and needed retranslation,
best-of-n resampling with an NLLB fallback,
or manual repair. The mixture ratio is a fur-
ther hyperparameter that does not transfer across
tasks: on mathematical reasoning a 10% trans-
lated fraction is already near saturation, whereas
on ECQA—MMMLU it raises Spanish LC only
from 13.4 to 14.3, and the mixture must approach
50% before LC comes near the 74.6 that M-GOAL
reaches on that split with no translated data (Ap-
pendix C.1). Translated GRPO remains attrac-
tive when high-quality target-language prompts al-
ready exist; M-GOAL targets the case where they
do not.

5.3 Mechanism Analysis: Why Can
LoRA-SFT and GRPO Be Composed?

The previous results show that merging an SFI-
trained LoRA adapter into a GRPO checkpoint
preserves most of both capabilities, whereas se-
quential training in either order overwrites one of
them. We hypothesize that this difference arises
because the language-consistency capability ac-
quired by SFT and the accuracy capability ac-
quired by GRPO occupy approximately orthogo-
nal directions in the model’s update space. Under
this hypothesis, parameter addition can compose
the two updates without destructive interference,
following the task-vector view of model editing (Il-
harco et al., 2023).

Specificity: the LoRA gain is learned, not
generic capacity. One possible explanation is
that any same-rank LoRA perturbation could help
by adding capacity. We test this with a random-
LoRA control. The random adapter has the same
rank, target modules, and per-layer Frobenius
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Figure 7: GRPO training dynamics with balanced English—translated mixtures on MGSM. Each run uses 50%
English prompts and 50% prompts translated into one target language: Spanish, Chinese, or Thai. Top row:
accuracy; bottom row: language consistency. The dashed black curve denotes English-only GRPO. Translated
GRPO raises language consistency early while preserving the accuracy trajectory.

norms as the LoORA-SFT adapter, but is randomly
initialized and never trained.

Configuration ACC LC
No-LoRA (GRPO only) 629 127
+ A1 (learned LoRA-SFT) 57.8 752

+ Al-randinit (random LoRA) 63.2 12.7

Table 8: Random-LoRA control. A matched random
LoRA gives no LC gain, while the learned LoRA-SFT
restores LC.

As shown in Table 8, the random LoRA leaves
LC unchanged at 0.127. In contrast, the learned
LoRA raises LC to 0.752. Accuracy is similar
for GRPO and random LoRA. Thus, the LC gain
comes from the SFI-learned direction, not from
added low-rank capacity.

DE EN ES FR JA SW TH
Language
95% CI under independence

ZH AVG

—— Expected under independence |Sim| " |Sacc|/N
% Observed AVG overlap

Figure 8: Behavioral independence between LoRA-
SFT language-consistency gains and GRPO accuracy
gains on MGSM. For each language, we compare the
observed joint-improvement count with the count ex-
pected under independence, |Spc||Sacc|/N. Error
bars denote the 95% confidence interval under the in-
dependence null.

Behavioral independence: the two gains af-
fect different samples. We next test whether the
language-consistency gain from LoRA-SFT and

the accuracy gain from GRPO occur on the same
examples. For each MGSM example x;, we define
two improvement sets: St,c, where LORA-SFT im-
proves language consistency over the base model,
and Sa.., where GRPO improves answer accuracy
over the base model. If the two gains are indepen-
dent, the expected overlap is

_ 1Sl Sac]

= N )

Figure 8 shows that the observed overlap matches
this independence expectation for each language.
All observed counts fall within the 95% confi-
dence interval of the independence null. In the
pooled evaluation set, the observed overlap is 400,
close to the expected 395.6. Thus, LoRA-SFT and
GRPO improve nearly independent subsets of ex-
amples, supporting the view that they act on sepa-
rate behavioral directions.

E[|Suc N Sacel]

S 0.03-

a

& 0.021

< .01
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3—0401*

g

o —0.021

o _ H H H . - v
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Transformer layer index
+1/Vd = 0.022

—— GRPO full vs. LoRA-SFT
Figure 9: Per-layer cosine similarity between the

LoRA-SFT update and the GRPO update. The shaded
band marks the expected random-vector scale, =1/ \/&,
where d is the dimensionality of each flattened layer up-
date.

Weight-space orthogonality: the two updates
point in different directions. Finally, we di-
rectly measure the geometry of the two updates
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in weight space, following the task-vector view
(ITharco et al., 2023). For each LoRA-targeted
layer W, we flatten the LORA-SFT update and the
GRPO full-parameter update, and compute their
cosine similarity:

w w
(vec( AL _spr)s vee(Aliho) )

HA(W)

cos(W) = )
LoRA—SFT HF HAGRPO

.

where A&Vé a_gpp 18 the LORA-SFT update at

AW) )

layer W and Aippo = appo — Hf)zzg is the

corresponding GRPO full-parameter update. Fig-
ure 9 shows that the per-layer cosine remains
near zero across all transformer layers and stays
within the random-vector scale. We also com-
pute a whole-subspace cosine by concatenating all
LoRA-targeted layer updates before taking the co-
sine. This value is 0.0004, confirming that the
near-orthogonality also holds for the combined
update direction. These results indicate that the
LoRA-SFT and GRPO updates are approximately
orthogonal. Thus, parameter addition can preserve
both contributions because the two updates do not
compete for the same parameter directions.

Representation-level view. A logit-lens probe
(nostalgebraist, 2020) places the language deci-
sion in the last third of the network: for Chinese,
Japanese, and Thai, English-only SFT first crosses
the target-script threshold at layers 18/19/22 of 28
and M-GOAL crosses at the same layers, whereas
GRPO pushes target-script mass below the base
model (Appendix J). Language consistency thus
behaves like a late output-level decision rather
than a rewiring of the intermediate computation.

Direct addition suffices. Across 26 configura-
tions of TIES (Yadav et al., 2023), DARE (Yu
et al., 2024), model soup (Wortsman et al., 2022),
SLERP (Goddard et al., 2024), and weighted
task arithmetic, the best tuned alternative (DARE-
TIES, 57.5/76.7) does not reliably improve on un-
tuned direct addition (57.8/75.2), while soup and
SLERP fall far behind (Appendix I).

5.4 Controlling the accuracy—consistency
trade-off

Equation 4 is the case o = 1 of § = Ogrpo +
a Arora-sFT- Sweeping « (Table 9) shows the
two capabilities are not locked to a single ex-
change rate: accuracy is fully preserved up to
a = 0.5, consistency rises steeply between 0.75

a Acc LC
0.00 (GRPO only) 62.9 12.7
0.25 62.9 12.7
0.50 63.2 15.1
0.75 61.6 41.5
1.00 (M-GOAL) 57.8 75.2
1.25 55.3 83.6
1.50 54.1 83.8

Table 9: Merge-coefficient sweep on MGSM (Qwen3-
1.7B-Base), eight-language averages, for § = grpo +
@ ALoRA-SFT-

and 1.0, and beyond 1.0 it saturates while only ac-
curacy is lost. The coefficient can thus be chosen
on held-out data for a deployment’s preference;
we report « = 1 throughout, fixed once rather
than tuned per language or benchmark. The resid-
ual cost at a = 1 also delimits our orthogonality
claim: Arora-spT 1S NOt a pure consistency direc-
tion but also carries a weaker task-solving compo-
nent that dilutes the stronger GRPO solution (Ap-
pendix H). We claim approximate functional or-
thogonality between the two behaviors, not purity
of either update.

6 Conclusion

We showed that multilingual reasoning post-
training can be improved using English-only data.
Under English-only training, SFT primarily im-
proves language consistency, whereas GRPO im-
proves answer accuracy; sequential training in ei-
ther order overwrites part of the previously ac-
quired capability. We find that these two capa-
bilities correspond to approximately orthogonal
update directions, which allows them to be com-
posed through parameter addition. M-GOAL im-
plements this idea by merging an English LoRA-
SFT adapter into an English GRPO checkpoint
trained from the same base model, raising MGSM
accuracy from 39.1 to 57.8 and language consis-
tency from 17.1 to 75.2 without translated reason-
ing supervision, with the merge coefficient expos-
ing a controllable frontier between the two. Mul-
tilingual reasoning systems can therefore obtain
both stronger accuracy and target-language reason-
ing without constructing language-specific reason-
ing corpora.

Limitations

Our study has several limitations. First, al-
though we evaluate across multiple benchmarks
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and model families, the experiments are still lim-
ited to a small set of open-weight base mod-
els and moderate model scales. It remains un-
clear whether the same update-space orthogonality
holds for much larger models, instruction models,
or proprietary reasoning systems.

Second, our language coverage is limited. Our
MGSM evaluation covers eight languages, and
our translated-GRPO analysis focuses on Span-
ish, Chinese, and Thai. These languages do not
fully represent the diversity of low-resource lan-
guages, morphologically rich languages, or lan-
guages with substantially different scripts and cul-
tural contexts.

Finally, language consistency is measured with
automatic language identification. While this met-
ric captures whether the generated reasoning is pri-
marily in the input language, it does not measure
fluency, cultural appropriateness, factual faithful-
ness, or whether the reasoning is semantically
equivalent across languages.

Ethical Considerations

This work aims to improve multilingual reasoning
using English-only post-training data. All mod-
els, datasets, and benchmarks used in this work
are publicly available research artifacts. We use
them in accordance with their respective licenses
or terms of use, only for research purposes, and
do not redistribute the original artifacts. A poten-
tial positive impact is improved accessibility: non-
English users may receive reasoning traces in their
own language without requiring costly translated
reasoning supervision for every target language.
The method may also reduce the cost and noise
introduced by large-scale translation pipelines.

However, stronger multilingual reasoning can
also amplify general risks of language models
across more languages. These risks include gener-
ating fluent but incorrect explanations, increasing
user over-trust, or assisting harmful tasks in non-
English languages. Language consistency should
not be interpreted as a guarantee of factual correct-
ness, safety, or cultural appropriateness. In addi-
tion, because the post-training data are English-
only, the model may still inherit English-centric
assumptions even when it reasons in a target lan-
guage.

Our experiments use public benchmark datasets
and machine-translated prompts for analysis. We
do not use private user data or collect human-

subject data. Before deployment in high-stakes
settings, multilingual reasoning models should un-
dergo language-specific evaluation for factuality,
safety, bias, and cultural appropriateness.
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A Translation Prompts

A.1 Math Problems

We use the following prompt to translate English
math word problems into the target language.

You are a literal translator for math word problem
< statements.
Translate the following English problem to {lang_name}.
RULES:
- Faithful and literal. Do NOT add reasoning, explanation,
or commentary of your own.
- Preserve EXACTLY: numbers, math symbols (+, -, %, /, =,
= % "),
LaTeX (\frac, \sqgrt, \boxed, etc.), currency symbols(
$, ¥, €, £), unit abbreviations (km, kg, hr, ...),
single-letter variables (x, y, n, ...), people's names
(kept in Latin), well-known place names (kept in Latin).
- Translate every English narrative word to {lang_name}
Do not leave common nouns/verbs/adverbs in English just
because they are capitalized at sentence start.
- Output ONLY the translated problem statement -- no code
— fences,
no prefix like "Here is the translation:".

A.2 Math Solutions

We use the following prompt to translate English
math word solutions into the target language.

You are a literal translator for math word problem

< solutions. Translate the following English solution to
< {lang_name}.

RULES:

- Faithful and literal. Do NOT add reasoning of your own;
< do NOT shorten; translate every sentence.

- Preserve EXACTLY: numbers, math symbols, all LaTeX
commands and their contents, especially \boxed{...} -
the content inside the FINAL \boxed{} is the
ground-truth answer and MUST remain identical to the
source. Currency symbols, units, single-letter math
variables, people's names (Latin), place names (Latin)
- all preserved.

- Translate every English narrative word to {lang_name}

- Output ONLY the translated solution text. Do not output
< anything before/after it.

FELLELS

A.3 ECQA Multiple-Choice Questions

For ECQA, we apply the translation prompt af-
ter the four-option resampling described in Ap-
pendix D. Each translated instance therefore con-
tains one question and four answer options in-
dexed as A-D.

You are a literal translator for multiple-choice question

— prompts.

Translate the following English question (with its four

< answer options)

to {lang_name}.

RULES:

- Faithful and literal. Do NOT add reasoning, explanation,
or commentary of your own.

- Preserve EXACTLY: the letter labels "A.", "B.", "C."”, "D.”
at the start of each option line. Do not translate the
— letters.

- Preserve EXACTLY: all numbers, percentages, people's

< names
(kept in Latin), well-known place names (kept in Latin).

- Translate the question text and the text of every option

< into
natural {lang_name}.

- Keep the same line structure: one question line, then

< four option
lines (one option per line).

- Output ONLY the translated question + four options -- no
— code
fences, no prefix like "Here is the translation:”, no
< closing remark.

B Qualitative Example of Capability

Composition
Model Acc LC Py Pred.
Base 0 0 0.001 None
LoRA-SFT 0 1 1.000 —29
GRPO 1 0 0002 125
M-GOAL 1 1 0.992 125

Table 10: Qualitative MGSM example in Chinese.
Base fails both objectives. LoRA-SFT restores lan-
guage consistency only; GRPO restores accuracy only;
merging the two obtains both.

Table 10 shows a Chinese MGSM example
where the two capabilities separate cleanly. LoRA-
SFT fixes language consistency but not accuracy,
GRPO fixes accuracy but not language consis-
tency, and their merge obtains both.

Question.

—ANE AR EAT M TR RO Lk ME 5,000
o ETHHE M

8,000 XTUHy BT H. MM WA B HEN, HETHHE LK
< 2.5\%, TH T

T ER—MA KRR LK 1.2\%,

o WRINHAHZEBIMHBE, £ARAK
FERAHAE, WAESESD 7\

Gold Answer: $125%.

Base output.

1. The profit from the jewelry purchase would be 5000 x
s 2.5% = $125.
2. The profit from the electronic gadget purchase would be
— 8000 * 1.2% = $96.
3. The total profit would be $125 + $96 = $221.
4. So, the profit from the purchase of the electronics
< would be greater

than the profit from the purchase of the jewelry.
\boxed{221}

LoRA-SFT output.

HEMETFRAN ERKB TR 2.5\% 1 1.2\%,

< FrAZRE S TN Lk

2.5\% $\times$ 5,000 7T = 125 £70,

— T HLF P R T M B

1.2\% $\times$ 8,000 £75 = 96 £70. FHit,

— WBHAABYIETFHE, ZAFATN
HFHKGESWHAE, B 96 £7T $-$ 125 £ = $-29%
— ETH#L.

\boxed{-29}

GRPO output.

1. Calculate the new value of the jewelry after the
< increase:
5000 * 1.025 = 5125 dollars.
2. Calculate the new value of the electronics after the
< increase:
8000 * 1.012 = 8096 dollars.
3. Determine the profit from the jewelry:
5125 - 5000 = 125 dollars.
4. Determine the profit from the electronics:
8096 - 8000 = 96 dollars.
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5. Compare the profits:
125 dollars from jewelry vs. 96 dollars from electronics.
Therefore, the final answer is: \boxed{125}

M-GOAL output.

HRERE TR YN EL A A 5,000 X TH 8,000 X TT.
— HRETHHIH LK

2.5\%, MFFETHHH LK 1.2\%.

o KMNFEHLEH = HGTHNERK,

I B A A

X TFHE: SRTME A4 \$5,000; TN EEKA 2.5\%;

—  FAHMEH

\$5,000 $\times$ 1.025 = \$5,125.

T T8 LuiE s \$8,000; FUHIME LKA 1.2\%;
— Wit A

\$8,000 $\times$ 1.012 = \$8,096,

PRE W T AE A \$5,125 $-$ \$5,000 = \$125,

— BT A AR E A

\$8,096 $-$ \$8,000 = \$96. H.EXFH, HEHFHFEES.
— Hk, ATEXAX
FERAGAE, AN ZEEYWEHE.

KA A $\boxed{125}$.

C Additional Translated-GRPO

Experiments
10% Trans  50% Trans 100% Trans
Spanish Acc 67.1 63.9 64.1
Chinese Acc 66.0 64.7 61.1
Thai Acc 65.2 68.1 67.1
Spanish LC 90.4 91.2 95.0
Chinese LC 75.5 84.6 27.0
Thai LC 86.5 89.2 91.0

Table 11: Effect of translated GRPO data on MGSM
for Qwen3-1.7B. Adding only 10% non-English
prompts sharply increases language consistency across
the three target languages while preserving accuracy.

We compare mixtures with 10%, 50%, and
100% translated (non-English) prompts across
three target languages: Spanish, Chinese, and Thai
(Table 11). These languages cover a Latin-script
non-English language, a high-resource non-Latin
language, and a comparatively lower-resource
non-Latin language, respectively. A small trans-
lated fraction is already highly effective. With
only 10% non-English prompts, LC rises to 90.4
for Spanish, 75.5 for Chinese, and 86.5 for Thai,
while accuracy is preserved (e.g., 67.1 on Spanish).
The 100% translated setting is not uniformly bet-
ter: Chinese LC collapses, while Spanish and Thai
remain high. This indicates a language-specific in-
stability rather than a general failure of translated
GRPO. We hypothesize that monolingual trans-
lated GRPO may reinforce a single-language re-
sponse mode instead of conditional language con-
sistency, especially when the target language has
strong pre-existing model priors. In Chinese, con-
tinned GRPO may first move the model away

from an English-default mode toward a transient
language-consistent regime, but later push it into a
Chinese-default mode, hurting multilingual evalu-
ation.

C.1 Translation Cost, Quality Control, and
Task Dependence

Constructing the translated-GRPO conditions re-
quired translating 19,759 source problems sep-
arately into Spanish, Chinese, and Thai with
DeepSeek-V4-Flash (DeepSeek-Al, 2026). We
verified the language of every translated prompt
with fastText and manually inspected a random
subset. Quality was not uniform across languages:
roughly 30% of the Thai items failed our auto-
matic checks and required retranslation, best-of-n
resampling with an NLLB fallback, or manual re-
pair.

The translated fraction needed to restore lan-
guage consistency is also task dependent. On
mathematical reasoning a 10% translated mixture
is already close to saturation (Table 11). On the
ECQA—MMMLU setting the same 10% mixture
raises Spanish LC only from 13.4 to 14.3, and the
mixture must approach 50% before LC comes near
M-GOAL’s 74.6 on the same split. A practitioner
adopting translated GRPO therefore has to search
the mixture ratio per task and per language, in ad-
dition to constructing and auditing the translations.

For completeness we also report the head-to-
head comparison on the subset of languages for
which we trained translated-GRPO models. Av-
eraged over Spanish, Chinese, and Thai, trans-
lated GRPO reaches 66.1 Acc / 84.1 LC and M-
GOAL reaches 64.5 / 84.3: close on both axes,
with translated GRPO slightly ahead on accuracy
and M-GOAL slightly ahead on language consis-
tency. The two settings are not matched in supervi-
sion, since translated GRPO uses target-language
prompts in all three languages while M-GOAL
uses none.

D Benchmark and Dataset Details

We summarize the benchmarks and datasets used
in our experiments. These include multilin-
gual math benchmarks, an English commonsense-
reasoning dataset for post-training, and a multilin-
gual non-mathematical benchmark for evaluating
cross-domain transfer. As summarized in Table 12,
our evaluation covers both high-resource and com-
paratively lower-resource languages across multi-
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Figure 10: GRPO training dynamics under different non-English data fractions (10%/50%/100%) across target
languages. Top row: accuracy; bottom row: language consistency. A small (10%) translated fraction sharply
raises language consistency while largely preserving accuracy, whereas fully non-English training is not uniformly

beneficial.

ple language families and writing systems, includ-
ing Germanic, Romance, Sinitic, Japonic, Slavic,
Semitic, Tai-Kadai, Bantu, and Austronesian lan-
guages.

MGSM. MGSM is a multilingual grade-school
math benchmark consisting of parallel translations
of GSMS8K-style problems across multiple lan-
guages (Shi et al., 2023). We use MGSM as
our primary evaluation benchmark because it di-
rectly tests both answer accuracy and language
consistency in multilingual mathematical reason-
ing. Since each problem is aligned across lan-
guages, MGSM also allows us to compare how
English-only post-training affects the same reason-
ing problem under different input languages. We
evaluate on 247 examples per language after re-
moving three examples that overlap with GSM8K
few-shot demonstrations.

MSVAMP. MSVAMP is a multilingual arith-
metic word-problem benchmark derived from
SVAMP and used to evaluate cross-lingual math-
ematical reasoning (Chen et al., 2024). Compared
with MGSM, MSVAMP provides a different dis-
tribution of short arithmetic problems, making it
useful for testing whether the accuracy—language-
consistency trade-off is specific to one multilin-
gual math dataset or persists across word-problem
formulations.

PolyMath-low. PolyMath-low is a multilingual
mathematical reasoning benchmark designed to
cover a broader set of languages and mathemat-
ical problem types (Wang et al., 2025). We
use its low-resource-language split to test whether

the observed effects extend beyond the rela-
tively high-resource languages covered by MGSM.
This benchmark is therefore useful for evaluating
whether M-GOAL improves both reasoning accu-
racy and language consistency under more diverse
multilingual conditions.

ECQA. ECQA is an explainable commonsense
question-answering dataset that pairs multiple-
choice commonsense questions with natural-
language explanations (Aggarwal et al., 2021). We
use ECQA as the English post-training source
for the non-mathematical ablation. To make the
ECQA format consistent with our four-option
prompting and translation template, we resample
each original example by randomly removing one
incorrect answer option together with its corre-
sponding explanation. The correct option is al-
ways retained. The remaining four options are
then re-indexed as A-D, and the associated ex-
planations are re-aligned to the new option la-
bels. This preprocessing preserves the original
question and gold answer while converting ECQA
into a four-choice format used throughout our
ECQA post-training experiments. This allows us
to test whether the separation between language-
consistency gains from SFT and accuracy gains
from GRPO is specific to mathematical reasoning,
or whether it also appears in a commonsense rea-
soning setting.

MMMLU. MMMLU is a multilingual extension
of MMLU that evaluates broad knowledge and
reasoning ability across multiple subjects and lan-
guages (OpenAl, 2024). We use MMMLU as the
cross-lingual evaluation benchmark after English-
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Language @~ MMMLU MGSM MSVAMP PolyMath-low
English v v v v
Chinese v v v v
German v v v v
Spanish v v v v
French v v v v
Japanese v v v v
Arabic v

Indonesian v

Russian v v
Thai v

Swabhili v v v

Table 12: Language coverage across evaluation bench-
marks. Checkmarks indicate that the language is in-
cluded in the corresponding benchmark.

only ECQA post-training. Because MMMLU cov-
ers non-mathematical domains, it provides a stress
test for whether M-GOAL’s accuracy—consistency
improvements transfer beyond math word prob-
lems.

C-MGSM. MGSM and the other multilingual
math benchmarks we use are built by translat-
ing English source problems, so their non-English
items may carry translationese. C-MGSM inverts
this direction: it is built from natively authored
Chinese elementary-school word problems, which
are then translated into the remaining evaluation
languages, so that Chinese rather than English is
the source language. We report seven-language av-
erages.

CM17K, Ape210K, and DMath. To evaluate
on problems that are never translated at all, we
additionally use two natively Chinese math word-
problem datasets and one Korean split. CM17K
(Qin et al., 2021) contains more than 17K Chi-
nese problems spanning arithmetic, one-unknown
linear, one-unknown non-linear, and equation-set
types. Ape2l10K (Zhao et al., 2020) is a large-
scale, template-rich collection of Chinese math
word problems. DMath (Kim et al., 2023) is a
multi-aspect math word-problem dataset released
in parallel English and Korean; we evaluate on its
Korean split. Because each is monolingual, these
three isolate target-language performance without
any cross-lingual parallelism, and their Acc/LC in
Table 4 is computed exactly as for MGSM.

E Behavioral Independence Details

Figure 11 gives an alternative view of the
behavioral-independence test. Each point com-
pares the observed overlap between the LoRA-
SFT language-consistency improvement set and
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Figure 11: Behavioral independence between LoRA-
SFT language-consistency gains and GRPO accuracy
gains. Each point shows one language, comparing the
observed joint-improvement count against the count ex-
pected under independence, |Sic||Sacc|/N. Points
close to the diagonal indicate near-independent im-
provement sets.

the GRPO accuracy improvement set against the
overlap expected under independence. Points
close to the diagonal indicate nearly independent
improvement sets.

Table 13 reports the exact counts. Here, Sic
is the set of examples whose language consistency
is improved by LoRA-SFT over the base model,
and Sa.. is the set of examples whose answer ac-
curacy is improved by GRPO over the base model.
For English, |Spc| = 0 because the base model
already has perfect English language consistency,
so the ratio is undefined.

F Additional Experiment Details

F.1 OpenR1 Dataset Filtering

We construct the OpenR1 subset by applying four
automatic filters to the default split, as summa-
rized in Table 14.

These filters reduce the dataset to examples
suitable for text-only, reward-based training: the
retained problems have manageable reasoning
traces, deterministic numerical targets, and no
reliance on missing visual context. The final
stage further selects problems with nontrivial but
learnable difficulty, leaving a smaller subset with
stronger training signal.
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Lang. N |Suc|l  |Sace] Obs. Exp.
en 247 0 93 0 0.00
zh 247 203 74 59  60.82
de 247 193 83 63 64.85
es 247 209 80 72 67.69
fr 247 208 74 64 6232
ja 247 212 66 57  56.65
th 247 239 77 76 7451
sW 247 127 15 9 7.71
Avg. 247 1739 70.2 50 4932
Overall 1976 1391 562 400 395.62
Table 13: Per-language counts for the behavioral-

independence test. The observed joint-improvement
counts closely match the independence expectation.
The “Avg.” row averages the per-language values,
while the “Overall” row pools all languages before ap-
plying the |Sc| - |Sace|/N formula; the two Exp. val-
ues therefore use different aggregation and are not re-
lated by a factor of 8.

Stage Filter Remain.

0  Default OpenR1 split ~94K / 100%
1 Keep central reference-trace lengths ~75K/ ~80%
under the Qwen3-1.7B tokenizer
(P10-P90; ~1.8K-11.7K tokens)
2 Require numerically parseable gold ~35K/~37%
answers, either floats or clean frac-
tions
3 Remove geometry problems, which ~28K /~30%
may require unavailable image con-
text
4 Keep medium-difficulty examples ~12K/~13%
under eight Qwen3-1.7B-Base roll-
outs: 1 < ¢ < 6 correct

Table 14: OpenRl1 filtering pipeline. Ratios are ap-
proximate and computed relative to the original split.
The final filter discards unsolved examples (¢ = 0) and
nearly saturated examples (c > 7), where c is the num-
ber of correct responses among eight sampled rollouts.

F.2 Full Training Objectives

For completeness, we include the standard SFT
and GRPO objectives used in our experiments.

SFT objective. In SFT, the model is trained
on question—reasoning—answer demonstrations.
Given a question ¢ and a target reasoning—answer
sequence 0 = (01,...,0)y), SFT minimizes
token-level negative log-likelihood:

lol
(q,O)NDSFT H Zlog W@(Ot | (:I’ 0<t) :
t=1
)

L=-E

GRPO objective. For each question g, GRPO
samples a group of N responses {0;}Y ; from the
old policy mg_,,. The token-level probability ratio

1S
7905t | q,0i,<t)

pi(0) = T4 (00t | 4,01,<t) ©
GRPO maximizes the clipped policy objective
A
T=E|5D. ol > (94(0) = BDE) |
i=1 oi| t=1
(N

where
gi,t(0) = min (p; ¢(0) As, pie(0)As). (8)

pit(0) = clip(pi+(0),1 —€,1+¢€).

The advantage is computed by normalizing re-
wards within the sampled group:

ri—T
Ai: ’

Sy

Ty = R(Qvoi)v (9)

where 7 and s, are the mean and standard devia-
tion of {Tj}é‘v:r
F.3 Training Setup

Table 15 reports the hyperparameters used for
GRPO, full SFT, and LoRA-SFT. These are the
configurations used in our main experiments.

Hyperparameter Value

GRPO

1x 1072
True/1 x 1074

Learning rate
KL loss / coefficient

Rollouts per prompt 8
Temperature 1.0
Epochs 3

Full SFT

Learning rate 1x107%
Epochs 3
LoRA-SFT

Rank r 64

Scaling o 128

a/r 2

Learning rate 1x107%
Epochs 3

Table 15: Main post-training hyperparameters.

G Accuracy-Only GRPO Reward
Control

To confirm that the language-consistency collapse
under English-only GRPO is not induced by the
LC term of Equation 3, we retrained GRPO with
R(gq,0) = Acc(q,o0), keeping the training data,
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GRPO reward Acc LC

Acc only 632 12.6
0.5Acc+0.5LC (Eq.3) 629 127

Table 16: Accuracy-only GRPO control on MGSM
(Qwen3-1.7B-Base), trained with identical data and
hyperparameters. Removing the language-consistency
term changes neither objective.

the number of rollouts, the learning rate, the KL
coefficient, and the number of epochs identical.
The final MGSM averages are 63.2 Acc / 12.6
LC against 62.9 / 12.7 for the mixed reward (Ta-
ble 16); non-English LC is near zero for both runs
at every evaluated checkpoint.

Why the LC term is inert is visible in the train-
ing statistics rather than in the final scores. With
English-only prompts, the rollouts within a group
are almost always English, so LC(q,0;) takes
the same value for nearly every member of the
group. Because GRPO normalizes rewards within
the group, a component that is constant across
the group contributes nothing to the advantage A;
and therefore does not shape the update. The
LC reward becomes an effective signal only when
the prompt distribution makes the target language
vary, which is what the translated-GRPO condi-
tions of Section 5.2 supply.

H Merge-Coefficient Sweep

Table 9 reports eight-language MGSM averages
for 6 = 6Ogrpo + aArcra.spT With a €
{0,0.25,0.5,0.75,1.0,1.25,1.5}. The curve has
three regimes. For o < 0.5 the merged model
is behaviorally close to GRPO: accuracy is un-
changed, and marginally higher at & = 0.5, while
LC has barely moved. Between a = 0.75 and
a = 1.0, LC rises from 41.5 to 75.2 while accu-
racy falls by 3.8 points, which is where the adapter
begins to dominate the output-language decision.
Beyond o« = 1.0, LC saturates near 84 while accu-
racy continues to decay, so larger coefficients are
not useful. We use o = 1 for all M-GOAL results
in the paper, fixed once rather than tuned per lan-
guage or per benchmark, so that the reported num-
bers are not the product of a per-setting search.
The residual accuracy cost at « = 1 delimits
what our orthogonality claim asserts. A rA-SFT
is not a pure language-consistency direction:
alongside the dominant consistency component
it carries a smaller task-solving and response-

style component learned from the SFT demon-
strations. That component is weaker than the
GRPO solution, so adding it perturbs GRPO’s
task-solving behavior. Consistent with this dilu-
tion account, across the eight MGSM languages
the per-language accuracy drop tracks the GRPO—
SFT competence gap rather than the size of the
consistency gain. Our claim is therefore approxi-
mate functional orthogonality between the consis-
tency behavior and the task-solving behavior, not
that either update is a pure single-capability vec-
tor.

I Comparison with Other
Model-Merging Methods

Direct parameter addition is the simplest way to
compose Ogrpo and Arora-spT, but the model
merging literature offers alternatives. We evalu-
ated 26 configurations in total, covering TIES (Ya-
dav et al., 2023) at several trim densities, DARE-
linear and DARE-TIES (Yu et al., 2024) at several
drop rates, uniform model soup (Wortsman et al.,
2022), SLERP as implemented in MergeKit (God-
dard et al., 2024), and weighted task arithmetic
with several weightings.

Merging rule Acc LC
Direct addition (M-GOAL, untuned) 57.8 75.2
DARE-TIES (best of 25 tuned) 575 76.7
Model soup 503 323
SLERP 50.3 319

Table 17: Representative results from the merging-
rule comparison on MGSM (Qwen3-1.7B-Base, eight-
language averages). Direct addition requires no tuning
and is not reliably improved upon by the best tuned al-
ternative.

Table 17 summarizes the outcome. The best
tuned alternative, DARE-TIES, reaches 57.5 Acc
/ 76.7 LC, which we do not regard as a reli-
able improvement over untuned direct addition
(b7.8 / 75.2) given that we report single runs.
Interpolation-based rules that average the two end-
points instead of adding an update, namely model
soup and SLERP, are clearly worse on both axes,
which is expected because they pull the model
halfway back toward the SFT solution rather than
composing the two updates.

All merges were computed in fp32. This mat-
ters in practice: the GRPO update Agrpo =
0arPO — 0Obase has a small per-parameter mag-
nitude, and carrying out the arithmetic in bfl6
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rounds part of it away, which changes the mea-
sured behavior of every merging rule and makes
comparisons across rules unreliable.

J Logit-Lens Analysis of Where the
Language Decision Emerges

To obtain representation-level evidence for why an
English-only SFT adapter can restore non-English
reasoning, we apply a logit-lens probe (nostalge-
braist, 2020) to the first 20 generated tokens of
each model’s own MGSM output. For every trans-
former layer we pass the residual stream through
the final RMSNorm and the language-model head,
and record the probability mass assigned to tokens
in the target script.

For Chinese, Japanese, and Thai the base model
never crosses our target-script threshold at any
layer, ending at 0.114, 0.048, and 0.059 respec-
tively. After English-only SFT the target-script
mass crosses the threshold at layers 18, 19, and
22 of 28, reaching 0.772, 0.881, and 0.978. M-
GOAL crosses at the same layers and reaches
0.894, 0.744, and 0.895. English-only GRPO
moves in the opposite direction, ending far below
the base model, for example 0.0045 versus 0.114
in Chinese.

Two observations follow. First, the language de-
cision is made late: the middle layers look similar
across all four models, and target-language mass
appears only in the final third of the network. This
is consistent with language consistency being car-
ried by a small update that need not reorganize
the intermediate computation, and therefore with
its being separable into a LoRA adapter. Second,
M-GOAL reproduces the SFT model’s layerwise
profile while retaining GRPO’s answers, which is
what the composition hypothesis predicts.

Because each model is probed on the tokens
it generates itself rather than on a shared forced-
decoding prefix, these trajectories are not a con-
trolled comparison of hidden representations, and
we present them as descriptive support rather than
as a causal mechanism.
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