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Abstract

Large Language Models (LLMs) and Large
Vision-Language Models (LVLMs) demon-
strate strong reasoning capabilities, yet their
performance in English significantly outper-
forms that in low-resource languages, raising
fairness concerns in multilingual applications.
Existing approaches either rely on costly mul-
tilingual training or employ prompting with
external translation tools, both of which are
resource-intensive and sensitive to translation
quality. To address these limitations, we pro-
pose a training-free inference-time method to
enhance Multilingual Reasoning capabilities
via Representation Engineering (MRRE) with-
out using any additional training data or tools.
MRRE sequentially injects two precomputed
vectors at specific layers during inference pro-
cessing: cross-lingual reasoning enhancement
vectors, which steer non-English reasoning rep-
resentations toward English space to unlock
multilingual reasoning, and target-language
output anchoring vectors, which restore the dis-
tribution of the target language to preserve in-
put—output language consistency. Comprehen-
sive experiments across six advanced LLMs
and LVLMs on four reasoning benchmarks
demonstrate MRRE consistently enhances non-
English reasoning by an average gain of 5.48%
and up to 7.54% in low-resource languages
(e.g., Thai and Swabhili), while improving input-
output language consistency by 3.78%.

1 Introduction

With the rapid development of Large Language
Models (LLMs) and Large Vision-Language
Models (LVLMs), foundational models such as
Llama-3.1-8B-Instruct (Grattafiori et al., 2024)
and Qwen2.5-VL-7B-Instruct (Team, 2025) have
demonstrated impressive capabilities in complex
reasoning. However, high-resource languages such
as English exhibit substantially stronger reasoning
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Figure 1: MRRE adopts a two-stage intervention strat-
egy to unlock multilingual reasoning capabilities.

capabilities compared to low-resource languages,
raising concerns about fairness in multilingual ap-
plications under global deployment. To address the
above issues, prior works primarily focus on two
directions to enhance non-English reasoning capa-
bilities: (1) Data-driven training methods, which
align multilingual embeddings (Arora et al., 2024)
or construct multilingual reasoning datasets for in-
struction tuning (Fan et al., 2025), but inevitably
depend on expensive data and incur considerable
computational costs. (2) Prompting-based methods,
which rely on external translation tools or models
(Khandelwal et al., 2024; Liu et al., 2024), but are
highly sensitive to translation quality and prompt
design, accompanied by high latency. Moreover,
existing methods are rarely effective across both
LLMs and LVLMs. Therefore, establishing a uni-
fied and efficient paradigm for enhancing multi-
lingual reasoning across both LLMs and LVLMs
remains further exploration.

Prior studies (Zhao et al., 2024; Tang et al., 2025;
Qin et al., 2025; Li et al., 2025a,b; Zhao et al.,
2025) revealed the internal mechanism of multi-
lingual reasoning: hidden states are transformed
into high-resource language representations (e.g.,
English) in early layers, then exploited for rea-
soning from middle to later layers, and finally re-
stored target language features in late layers. How-
ever, as shown in Figure 2, we observe that hidden
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Figure 2: t-SNE hidden state visualization and reasoning performance of Qwen2.5-7B-Instruct and Qwen2.5-VL-
7B-Instruct. The reasoning capability in English is substantially stronger than in other languages.

states in reasoning-related layers of both LLMs
and LVLMs still exhibit significant differences be-
tween English and non-English inputs. This con-
sistent cross-architecture phenomenon motivates
us to steer the distribution of non-English hidden
states toward English, endowing both LLMs and
LVLMs with English-level reasoning capabilities
under a general framework. As shown in Figure 1,
we propose a training-free inference-time method
to enhance Multilingual Reasoning capabilities via
Representation Engineering (MRRE) without us-
ing any additional training data or tools. MRRE
sequentially injects two precomputed vectors at spe-
cific layers during forward passing: cross-lingual
reasoning enhancement vectors, which steer non-
English reasoning representations toward English
distributions to strengthen reasoning, and farget-
language output anchoring vectors, which restore
the distribution of the target language to preserve
input—output language consistency.

Experimental results of six advanced LLMs and
LVLMs on four reasoning benchmarks demonstrate
that MRRE enhances non-English reasoning by an
average gain of 5.48% and up to 7.54% in low-
resource languages (Thai & Swabhili), while improv-
ing input-output language consistency by 3.78%.

2 Related Works

2.1 Multilingual Foundation Models

To address the multilingual demands of real-world
global applications, recent studies have extended

foundation models to multilingual models. Ad-
vanced LLMs like Qwen3-8B (Yang et al., 2025)
and Llama-3.1-8B-Instruct (Grattafiori et al., 2024),
are pretrained and instruction-tuned on massive
multilingual data, enabling them to respond across
diverse languages. Furthermore, advanced LVLMs
like Qwen2.5-VL-7B-Instruct (Team, 2025) and
InternVL3.5-8B-Chat (Wang et al., 2025a), inte-
grate visual encoders with these language back-
bones, thereby inheriting comparable multilingual
capabilities. However, the unbalanced distribution
of training data across languages results in a signif-
icant performance disparity between high-resource
languages (e.g., English) and low-resource lan-
guage (e.g., Swahili), raising concerns of fairness.

2.2 Multilingual Reasoning Enhancement

To enhance multilingual reasoning, previous re-
search can be divided into two categories: (1) Data-
driven training methods enhance multilingual rea-
soning by aligning cross-lingual representations or
fine-tuning with multilingual supervision, includ-
ing contrastive alignment (Li et al., 2023; Huang
et al., 2024; Arora et al., 2024) and reasoning-
specific instruction tuning (Zhang et al., 2024a;
Geng et al., 2024; Lai and Nissim, 2024; Fan et al.,
2025). Although effective, these approaches in-
cur substantial data and computational costs. (2)
Prompting methods mitigate language imbalance
without parameter updates, including through di-
rect multilingual inputs (Sakai et al., 2024; Khan-
delwal et al., 2024), pivot-language translation
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(Liu et al., 2024), or chain-of-thought prompting
(Wang et al., 2024; Qin et al., 2023), although ef-
fectiveness remain sensitive to translation quality
and prompt design, accompanying by high latency.
In contrast to previous work, MRRE is the first
training-free inference-time method via representa-
tion engineering without using any additional data
or tools, which clearly distinguishes MRRE from
existing methods.

3 Methods

3.1 Task Formulation

We restrict our scope to models that are based on
auto-regressive Transformer architecture (Vaswani
et al., 2017), as it is adopted by most SOTA LLMs
and LVLMs. The input sequence of LLMs and
LVLMs are processed through L transformer lay-
ers of the language decoder, each consisting of
multi-head self-attention (MHSA), feed-forward
network (FFN) that is usually a multilayer percep-
tion (MLP), and a residual stream is applied be-
tween each component. The hidden state h® c R4
for token ¢ at layer [ under input sequence R(x) can
be computed from the previous layer:

hO(R(z),t) = KV (R(z),t) + a® + mW),
ey
where a) and m® are the outputs of the MHSA
and FFN component at layer [. Finally, the model
predicts the next token in an auto-regressive man-
ner based on the hidden state of the last layer.

In this paper, to bridge the significant perfor-
mance gap between English and non-English lan-
guages in reasoning tasks, we propose a representa-
tion engineering approach that applies a two-stage
hierarchical intervention on the hidden states of
specific layers within the language decoder, un-
locking non-English reasoning capabilities while
preserving input-output language consistency.

3.2 Cross-Lingual Reasoning Enhancement

Prior studies (Zhao et al., 2024; Tang et al., 2025)
have shown that the mid-layer hidden states play
a critical role in shaping reasoning latent represen-
tation. Furthermore, as shown in Figure 2, we ob-
serve that the hidden states from middle to deeper
layers under different languages exhibit significant
differences in the latent space across both LLMs
and LVLMs. These findings motivate us to propose
a representation engineering strategy that aligns the
reasoning capability of non-English with English,
which exhibits stronger reasoning performance.

Since LLMs and LVLMs generate tokens in an
auto-regressive manner, we focus on the hidden
state of the last token, which aggregates the most
comprehensive visual and textual information. To
precisely estimate the reasoning enhancement di-
rection for hidden states, we define cross-lingual
reasoning enhancement vectors, which align the
hidden states of the reasoning chain in the target
non-English language with the stronger reasoning
chain in English. These vectors are computed by
comparing the output last token’s hidden states on
a set of reasoning problems X. For each prob-
lem x € X, we feed the model with both English
prompt and parallel non-English prompt, generat-
ing the corresponding reasoning responses, R¢(z)

and R7(x). We define a difference vector AR
to estimate the latent difference between English
and non-English:

ARY = B (Re(2), tus) — B (R7 (@), tast),
()
The cross-lingual reasoning enhancement vector
at [-th layer, vg), is then computed as the mean of
these difference vectors over the entire set X':

o) = |j( S ARD. 3)
zeX

By steering the target-language hidden states
along vg), we shift the non-English reasoning
chain to a stronger reasoning chain shaped by En-
glish. This intervention enables the model to ex-
hibit English-level reasoning capability when an-

swering questions in the non-English language.

3.3 Target-Language Output Anchoring

However, merely applying the cross-lingual en-
hancement vectors may compromise input-output
language consistency. When the steered hidden
states pass through the layers responsible for con-
structing the output language representation, the
models process them as if they were English in-
puts, resulting in English outputs rather than the
target language. To address this issue, we propose
target-language output anchoring vectors, which
guide the model to steer the English-like output dis-
tribution toward the target non-English language in
the layers responsible for constructing the output
language representation, thereby ensuring input-
output language consistency. The target-language
output anchoring vector at ['-th layer, v((zl/), is com-
puted by taking the difference between the last to-
ken representations of two fixed language forcing
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Figure 3: An overview of our proposed MRRE method. Each rectangle represents the model’s hidden state during
the forward passing. MRRE consists of three key stages: a) Cross-Lingual Reasoning Enhancement Vectors §3.2
are derived from the hidden state differences between English and non-English reasoning responses. b) Target-
Language Output Anchoring Vectors §3.3 are derived from the hidden state differences between non-English and
English language forcing prompts. ¢) Hierarchical Inference-Time Intervention §3.4: Precomputed vectors are
sequentially injected into the last-token representations at specific layers during forward passing, thereby enhancing
non-English reasoning capabilities while preserving input-output language consistency.

prompts: Pr ("Please answer this question in <tar-
get language>" translated into <target language>),
and P¢ ("Please answer this question in English"):

’Ugll) = h(l/)(P’T7 tlast) - h(l/)(P& t]ast)- )

This vector provides a precise estimate of the hid-
den state distribution shift from English to the tar-
get language, enabling the model to recover output
target-language distribution in later layers and en-
suring input-output language consistency.

3.4 Hierarchical Inference-Time Intervention

Considering the autoregressive decoding mecha-
nism of language models, we propose a two-stage,
hierarchical inference-time intervention method.
First we apply cross-lingual enhancement vectors
to the last token of the current reasoning response
at middle layer, steering non-English hidden state

") to an English-like hidden state i

WY Z RO 1oy 50,50 — RO

where «y denotes scaling coefficients and || - ||
represents the ¢o norms of the activation vectors.
The normalization strategy ensures that the vector
scale remains consistent before and after interven-
tion, preventing undesired magnitude shifts that
may distort downstream representations.

The model exhibits English-level reasoning ca-
pability from middle to later layers as if processing
an English problem, producing English output hid-
den states h() at I'-th layer. Then we apply the
target-language output anchoring vectors to steer

English output hidden state back to the target h( 0,

A Z RO 4oy 5@ BT Z R0 Hh ||2’
16"
(6)

Finally, the newly generated token is then ap-
pended to the current input sequence. In the mid-
dle layers, the hidden state of updated input se-
quence can be “translated” into English, activat-
ing stronger reasoning capabilities under English-
like states; and in later layers, it can be “back-
translated” to the target language, ensuring input-
output language consistency. This information flow
continues until end-of-sequence token is produced.

4 Experiments

4.1 Experimental Setup

To thoroughly evaluate our proposed MRRE’s per-
formance and generalization across models and
languages, we construct systematic experiments.
Baseline Models. We evaluate our proposed
MRRE method on six SOTA models to demonstrate
its broad applicability across LLM and LVLMs.
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Model En Zh Ja Es Ru Fr De Th Sw LC En Zh Ja Es Ru Fr De Th Sw LC
LLMs MGSM MSVAMP
Qwen2.5-7B-Instruct 88.878.465.281.282.077.274.871.612.484.791.388.183.689.685.788.486.479.044.986.3
+ Few-Shot 79.166.880.282.577.875.672.314.987.6 — 88.684.190.186.289.087.180.446.888.9
+ SFT - 76.464.978.680.875.974.270.113.786.0 — 86.982.388.784.687.585.978.845.187.4
+ Multilingual-CoT — 80.668.980.483.978.677.373.915.382.1 — 88.485.291.386.590.088.2 81.649.384.8
+ Language forcing - 77.267.679.282.076.076.871.616.092.2 — 86.282.088.885.187.886.479.645.789.4
+ MRRE — 81.671.2 81.284.779.278.4 74.8 17.2 92.7 - 88.7 84.7 90.0 86.5 90.1 87.4 82.6 52.3 90.3
Qwen3-8B 90.880.476.4 83.2 88.482.484.085.640.489.391.988.187.490.787.090.189.1 83.167.889.4
+ Language forcing — 82.076.884.088.8 79.682.084.037.693.2 — 88.686.890.087.789.588.783.162.391.8
+ MRRE — 84.7 81.4 84.2 88.8 84.1 85.5 86.0 45.8 95.6 — 89.1 88.2 90.9 88.3 90.3 89.4 85.4 73.4 92.5
Llama-3.1-8B- Instruct  77.261.2 38.064.8 53.263.6 67.2 54.4 44.8 95.3 78.465.7 53.8 71.4 56.6 76.4 72.9 55.8 50.8 94.9
+ Language forcing - 57.644.863.662.468.066.453.245.695.1 — 58.559.071.566.0 73.069.9 56.550.595.1
+ MRRE — 66.6 47.7 68.7 64.5 70.0 71.2 64.3 53.9 96.6 — 70.6 64.373.2 65.476.4 74.2 63.9 57.6 96.4
LVLMs MMathVerse MMathVista
Qwen2.5-VL-7B-Instruct 45 438.436.442.539.6 38.136.532.016.492.567.2 58.1 52.062.257.959.6 58.251.116.794.1
+ Few-Shot 45.340.045.244.142.743.135.523.092.6 — 56.957.460.959.761.656.952.734.894.0
+ SFT - 34.033.433.934.530.431.728.317.092.7 — 51.549.154.354.753.951.744.918.294.5
+ Multilingual-CoT — 44.942.046.744.544.944.037.822.490.4 — 61.757.463.962.559.761.252.830.392.6
+ Language forcing — 36.837.743.640.639.640.043.517.891.8 — 60.053.061.258.359.456.953.710.194.4
+ MRRE — 45.944.6 47.5 44.6 45.8 45.7 48.4 33.8 93.1 - 62.361.1 64.2 62.8 61.2 64.1 57.3 28.6 95.5
LLaVA-Onevision-7B 29.928.925.829.226.226.825.323.511.376.961.951.143.7 58.049.2 55.848.041.716.3 75.0
+ Language forcing - 26.622.725.922.920.322.026.3 4.077.8 — 44.638.645.141.141.837.126.710.878.4
+ MRRE — 32.930.0 30.0 28.2 30.0 29.5 26.5 19.1 77.8 — 52.348.257.055.7 56.6 54.7 48.3 32.1 80.3
InternVL3.5-VL-8B-Chat 57.6 52.3 48.9 52.3 49.0 48.5 46.6 34.4 32.3 76.3 72.2 59.7 60.2 67.9 68.7 67.9 68.7 62.5 40.6 79.6
+ Language forcing — 54.750.851.449.449.149.835.536.384.2 — 62.461.164.162.961.564.157.834.885.6
+ MRRE - 55.651.2 53.350.150.352.344.642.381.9 — 63.566.9 70.7 70.5 70.1 69.2 66.3 46.6 86.4

Table 1: Accuracy (%) and Language Consistency (LC, %) of three advanced LLMs and three advanced LVLMs

with different settings across 8 languages (Zh, Ja, Es, Ru,

Fr, De, Th, Sw) and 4 reasoning benchmarks: MGSM,

MSVAMP, MMathVerse, MMathVista. Best performances for each experimental settings are bolded.

Model MMathVerse MMathVista
T-D T-L V-1 V-D V-0 Overall General Math Overall

Qwen2.5-VL-7B 39.9 35.1 32.1 32.5 34.6 34.9 53.5 50.7 52.0

+ Few-Shot 46.2 404 37.8 37.2 37.8 39.9 55.0 55.2 55.1

+ SFT 35.6 31.6 28.5 28.2 28.1 30.4 42.8 48.0 45.8

+ Multilingual-CoT47.3 41.6 39.9 39.9 40.3 41.8 57.0 55.5 56.2

+ Language forcing 44.0 37.2 34.9 35.1 37.0 37.7 52.6 50.8 51.6

+ MRRE 51.2(+11.3)45.8(+10.7)42.2(+10.1)41.2(+8.7)41.9(+7.3) 44.5(+9.6)55.5(+2.0)58.5(+7.8)57.1(+5.1)
LLaVA-Onevision-7B 27.5 28.4 24.8 22.6 224 24.6 44.7 46.1 45.5

+ Language forcing 28.4 25.7 24.2 19.8 8.5 29.3 21.3 41.0 35.8

+ MRRE 37.4(+9.9) 32.1(+3.7) 30.9(+6.1) 28.3(+5.7)21.2(-1.2) 30.0(+5.4)48.6(+3.9)52.3(+6.2) 50.6(+5.1)
InternVL3.5-8B 48.3 414 333 39.4 37.5 40.1 62.0 61.0 61.5

+ Language forcing47.8 40.3 36.1 38.1 41.7 40.8 60.8 61.8 61.4

+ MRRE

53.0(+4.7) 47.2(+5.8) 41.7(+8.4) 44.3(+4.9)48.0(+10.5)46.8(+6.7)65.3(+3.3) 64.0(+3.0) 63.8(+2.3)

Table 2: Mean performance (%) of three advanced LVLMs with diverse experimental settings across 8 languages
(Zh, Ja, Es, Ru, Fr, De, Th, Sw) and 2 benchmarks: MMathVerse (Text-Dominant, Text-Lite, Vision-Integrated,
Vision-Dominant, and Vision-Only categories, Overall), MathVista (General, and Math-related categories, Overall).

LLMs: Qwen2.5-7B-Instruct (Team, 2024),
Qwen3-8B (Yang et al., 2025), and Llama-3.1-8B-
Instruct (Grattafiori et al., 2024).

LVLMs: Qwen2.5-VL-7B-Instruct (Team,
2025), LLaVA-OneVision (Li et al., 2024) and
InternVL3.5-8B-Chat (Wang et al., 2025a).
Baseline Methods. We select several methods that
are effective for multilingual reasoning tasks in
both LLMs and VLMs, including Few-Shot, SFT,
Multilingual-CoT (Barua et al., 2025), and Lan-
guage forcing (Wang et al., 2025b).

Benchmarks. We select four challenging bench-
marks to evaluate multilingual reasoning of both
LLMs and LVLMs, covering both mathemati-
cal and general reasoning capabilities, including
MGSM (Shi et al., 2022), MSVAMP (Chen et al.,
2023), MMathVerse (Zhang et al., 2024b) and
MMathVista (Lu et al., 2023).

We adopt Accuracy as the evaluation metric.
Language Consistency (LC) denotes the propor-
tion of responses generated in the target language.
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Implementation Details. We randomly sample
100 instances from MGSM and MathVerse to con-
struct MRRE vectors for LLMs and LVLMs, re-
spectively. All experiments are conducted on 8 x
NVIDIA A100 80GB. See Appendix B for details.

4.2 Main Results

Based on experimental results presented in Table 1
& 2, we can draw the following key conclusions:

(1) Effective multilingual reasoning enhance-
ment performance. MRRE achieves effec-
tive performance across high-resource and low-
resource non-English languages on LLMs and
LVLMs, leading to an average improvement of
5.48% on four benchmarks, while improving
input-output language consistency by 3.78%.
Notably, improvements are significantly enhanced
in low-resource languages (Th, Sw) by 7.54%.

(2) Multimodal generalizability. MRRE consis-
tently improves performance across purely textual
and vision—language reasoning tasks. Notably, re-
sults on MMathVerse demonstrate that MRRE en-
hances reasoning in all five categories, including
Text-Dominant, Text-Lite, Vision-Integrated, Vision-
Dominant, and Vision-Only tasks, proving MRRE’s
effectiveness regardless of modality composition.

(3) Cross-model generalizability. By systemat-
ically evaluating diverse LLM and LVLM back-
bones, we find that MRRE does not rely on a par-
ticular model architecture. In contrast, MRRE ben-
efits from universal cross-lingual difference in hid-
den states, ensuring broad application across other
SOTA open-source models.

(4) Cross-dataset generalizability. Although the
construction of MRRE vectors relies on reason-
ing data from MGSM and MMathVerse, these vec-
tors remain effective on out-of-distribution datasets
such as MSVAMP and MMathVista, suggesting
that the intervention represents a generalizable
direction rather than being merely tailored to a
specific dataset. Moreover, the improvement on
MMathVista General subset indicates that MRRE
not only enhances mathematical reasoning, but also
strengthens general reasoning capabilities.

5 Analysis and Discussions

5.1 Analysis of Intervention

To thoroughly visualize the effect of MRRE on hid-
den states, we conduct a stepwise analysis along
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Figure 4: Kernel Density Estimate (KDE) visualization
plots of cross-lingual hidden states within Qwen2.5-7B-
Instruct before and after two types of intervention. The
x-axis represents the SVM-derived signed distance to
the mean English representation; and the y-axis repre-
sents the estimated probability density.

the information flow of token generation: (1) the
model first receives non-English input and under-
goes understanding forward passing until the initial
reasoning stage. As shown in Figure 4 (a), we
observe a significant difference between English
and non-English representations in the latent space.
Moreover, since Qwen2.5-7B-Instruct is trained
on large amounts of English and Chinese data, the
hidden states of these two high-resource languages
exhibit much more densely clustered than others.
) Under the intervention of the cross-lingual en-
hancement vectors, as shown in Figure 4 (b) non-
English hidden states shift closer to English. @
The English-like states then undergo reasoning for-
ward passing until initial generating stage critical
for language outputs. At this stage, the model rea-
sons as if it were processing an English query, ulti-
mately producing English-like representations. As
illustrated in Figure 4 (c), English and non-English
hidden states become highly aligned. @ Under the
intervention of the farget-language output anchor-
ing vectors, as shown in Figure 4 (d), the hidden
states restore the standard output distribution of the
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Model Zh Ja Es Ru Fr De Th Sw Model Zh Ja Es Ru Fr De Th Sw
Qwen2.5-7B as Language Backbone LIM on MGSM
Qwen2.5-VL-7B  58.152.062.2 57.959.6 58.2 51.1 16.7 Qwen2.5-7B 78.465.2 81.2 82.077.274.8 71.6 12.4

+ MRRE Vanilla 62.3 61.1 64.2 62.8 61.2 64.1 57.3 28.6
+MRRE L-B 58.955.762.0 59.6 61.4 62.7 54.9 33.1

+ MRRE Vanilla 81.6 71.2 81.2 84.7 79.2 78.4 74.8 17.2
+ MRRE Debias 83.2 68.8 81.2 83.6 77.277.2 76.4 19.2

Qwen3-8B as Language Backbone

LVLM on MMathVista

InternVL3.5-8B  59.760.2 67.9 68.7 67.9 68.7 62.5 40.6
+ MRRE Vanilla 63.5 66.9 70.7 70.5 70.1 69.2 66.3 46.6
+MRRE L-B 61.262.168.569.0 68.8 69.4 64.5 49.4

Qwen2.5-VL-7B  58.1 52.062.2 57.9 59.6 58.2 51.1 16.7
+ MRRE Vanilla 62.3 61.1 64.2 62.8 61.2 64.1 57.3 28.6
+ MRRE Debias 54.3 48.0 56.6 54.4 54.8 56.1 48.511.9

Table 3: Performance (%) of the MathVista benchmark
across languages. Vanilla represents standard MRRE
method, and L-B represents MRRE method using vec-
tors from responding LVLM’s Language Backbone.

target language, ensuring input and output language
consistency. (5) Finally, the anchored hidden states
continue forward passing until generate the next
token in target language. This lifetime visualiza-
tion of token generation demonstrates that MRRE
achieves the foundational motivation we set forth.

5.2 Cross-modal Generalization of Vectors

In this subsection, we thoroughly explore the cross-
modal generalization of MRRE vectors. LVLMs
are trained by a Language Backbone (L-B) LLM
jointly with a specific visual encoder, which results
in high similarity between their output hidden states
in the latent space. Furthermore, current language
backbone LLMs exhibit stronger reasoning capa-
bilities than corresponding LVLMs (Chen et al.,
2025). Building on these two observations, we hy-
pothesize that cross-lingual reasoning enhancement
vectors derived from language backbones can also
enhance reasoning capability of LVLMs. To vali-
date this hypothesis, we conduct experiments with
Qwen2.5-VL-7B-Instruct and InternVL3.5-8B, re-
placing the cross-lingual reasoning enhancement
vectors with those vectors derived from their lan-
guage backbone, Qwen2.5-7B-Instruct and Qwen3-
8B. As shown in Table 3, MRRE L-B consistently
improves the reasoning performance across all non-
English languages. Remarkably, MRRE L-B even
surpasses MRRE Vanilla in French and Swabhili.
These findings indicate that vectors from language
backbones generalize well to LVLMs, highlight-
ing MRRE’s cross-modal generalization capability.
They also suggest that LVLMs inherit multilingual
reasoning capabilities from their language back-
bones LLMs to some extent, leading to similar
multilingual shift directions.

Table 4: Performance (%) of the MGSM and MMath-
Vista benchmark across languages. Vanilla represents
standard MRRE method, and Debias represents MRRE
method using latent english debiasing vectors.

5.3 Mitigating English Bias in Latent Space

In this subsection, we further explore how to en-
hance multilingual reasoning capabilities during
the understanding forward passing. Prior study
(Zhao et al., 2024; Xiao et al., 2026) indicates that
hidden states encode low-level semantic representa-
tions and exhibit strong linguistic characteristics at
this stage. Since a substantial portion of the train-
ing data is in English, when the model processes
non-English queries, the hidden-state distribution
during forward passing tends to shift toward the
default English distribution. We hypothesize these
shifts in early layers may distort the encoded low-
level semantic representations, leading to perfor-
mance drops. To address this issue, we introduce
an alternative multilingual reasoning enhancement
method, which only leverages the cross-lingual
enhancement vectors in a reversed direction. We
denote these vectors as the latent english debiasing
vectors, designed to mitigate English bias in latent
space during understanding forward passing:

o _ 1 0)
Vdebias = _m ;Ah; . )

To validate this hypothesis, we conduct experi-
ments with Qwen2.5-7B-Instruct and Qwen2.5-VL-
7B-Instruct and apply latent english debiasing vec-
tors for each model. As illustrated in Table 4, the
MRRE Debias method consistently improves cross-
lingual performance on the Qwen2.5-7B-Instruct
across all evaluated languages, and even surpasses
the vanilla MRRE Vanilla on Chinese, Thai, and
Swahili. However, when applied to the Qwen2.5-
VL-7B-Instruct, MRRE Debias exhibits a consis-
tent performance decline. According to prior study
(Ye et al., 2025), we posit that LVLMs rely predom-
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Figure 5: Case study of Qwen2.5-VL-7B-Instruct on the MathVerse benchmark.
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Figure 6: Analysis of layer selections of MRRE.

inantly on English data during the image—text align-
ment stage of pre-training, which endows English
with stronger multimodal representations. Conse-
quently, injecting latent english debiasing vectors
into non-English hidden states disrupts multimodal
representations, leading to performance drops.

5.4 Analysis of Hyperparameters

This subsection systematically examines the influ-
ence of the intervention layerl [ and layer2 I’ for
two designed vectors, respectively. As shown in
Figure 6, applying the first MRRE vector near layer
20 yields the best improvement in the model’s
reasoning ability. Given the first intervention at
layer 20, applying the second vector near layer 23

Model

Qwen2.5-7B
+ MRRE Vectorl
+ MRRE Vanilla

Qwen2.5VL-7B
+ MRRE Vectorl
+ MRRE Vanilla

Zh Ja Es Ru Fr Th Sw|LC

78.465.281.282.077.271.612.4/84.7
83.273.7 82.3 85.2 80.1 75.2 19.2|26.2
81.671.281.284.779.274.817.2/92.7

58.152.062.257.959.651.116.7|94.1
63.4 62.3 64.9 64.2 63.9 62.5 35.4/30.0
62.361.164.262.861.257.3 28.6(95.5

Table 5: Ablation studies of MRRE vectors.

achieves the next optimal boost. LVLMs exhibit
a similar pattern, with the optimal layers being 22
and 24, respectively. As shown in Table 5, the
second vector exhibits a trade-off strategy, which
decreases little reasoning capabilities but signifi-
cantly increases the consistency. Furthermore, we
find MRRE achieves optimal results when a; = 1
and ag = 0.75. See Appendix B.3 for more abla-
tion studies of intervention strengths a;; and ao.

5.5 Case Study

As shown in Figure 5, MRRE not only enhances
the model’s reasoning capability in non-English
settings, but also improves the consistency between
input and output languages. See Appendix C for
fine-grained case studies across LLMs and LVLMs.

5.6 Efficiency Analysis

To assess the practical deployability of MRRE, we
analyze its computational overhead.

Offline Preparation The steering vectors are pre-
computed using a subset of 100 samples. This
involves only element-wise subtraction and nor-
malization, representing a negligible one-time cost.
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Inference Overhead During inference, MRRE
modifies the hidden states via two vector additions
per token. We measure the latency using Qwen2.5-
7B on a single NVIDIA A100 GPU. As reported in
Table 6, the impact on Time to First Token (TTFT)
and Time Per Output Token (TPOT) is minimal
(< 0.5ms), confirming that MRRE maintains the
high-speed generation characteristic.

Table 6: Inference latency comparison of the base model
and MRRE.

Method TTFT (ms) TPOT (ms)
Qwen2.5-7B 83.7 32.1
+ MRRE 84.1 (+0.4)  32.5 (+0.4)

6 Conclusion

We propose a training-free inference-time method
to enhance Multilingual Reasoning capabilities via
Representation Engineering (MRRE), which ap-
plies cross-lingual reasoning enhancement vectors
and target-language output anchoring vectors se-
quentially at specific layers of LLMs and LVLMs
during forward passing. Comprehensive results
demonstrate its effectiveness and generalizability.

Limitations

One limitation of our work is that MRRE requires
access to the internal representations of the model,
making it infeasible for closed-source LLMs or
LVLMs. Furthermore, due to the constraints of
cost and resources, we only conduct experiments
on these widely used benchmarks and models.
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A Translation Quality

To evaluate the translation quality of our con-
structed MMathVerse and MMathVista bench-
marks, we sample 500 translated queries from each
benchmarks for each language and back-translate
them into English using Google Translate. The
back-translated English queries are then input into
LVLMs to test whether their predictions align with
those generated from the original English queries.
High prediction consistency indicates that the trans-
lated data maintains superior benchmark quality.
As shown in Table 7, these results demonstrate the
reliability of our constructed multilingual dataset.

Lang. Zh Ja Es Ru Fr De Th Sw
APC 100.0100.0100.0 99.8100.0100.0 99.8 99.7

Table 7: Average Predicted Consistency (APC, %)
MMathVerse and MMathVista across eight languages.

B Experimental Details

In this section, we present the experimental details,
including inference settings, design of experimen-
tal prompts, fine-grained results of MathVerse &
MathVista, and ablation of intervention strength.

B.1 Inference Settings

To ensure that the reasoning parameters are better
aligned with reasoning tasks and to guarantee the
reproducibility of results, we carefully design infer-
ence settings for each model, as shown in Table 8.

Model Setting

do_sample=True,
temperature=0.7,
top_p=0.8, top_k=20

Qwen2.5-7B-Instruct

do_sample=True,

temperature=0.7,
top_p=0.8, top_k=20,
enable_thinking=False

Qwen3-8B

Llama-3.1-8B- Instruct do_sample=True

do_sample=True,

LLaVA-Onevision-7B temperature=0.6

do_sample=True,
Qwen2.5-VL-7B-Instruct temperature=0.1, top_p=0.001,
repetition_penalty=1.1

do_sample=True,
InternVL3.5-VL-8B-Chattemperature=0.1, top_p=0.001,
repetition_penalty=1.1

Table 8: Inference settings for each LLM and LVLM.

B.2 Design of Experimental Prompts

In this section, we provide a detailed description of
each type of prompt, along with intended purposes.

Language Forcing Prompts are designed to en-
force the model to generate outputs in the same
language as the input. Following prior work (Wang
et al., 2025b), we adopt a similar strategy, with the
detailed prompt contents provided in Table 9.

Lang. Prompts
En Use English to think and answer.
Zh FE A SCEHAT BB MR E -
Ja HARZFE>THEZ . HEL TS ZE W,
Es Usa espaol para pensar y responder.
Fr Utilisez le franais pour penser et r € pondre.

De Verwende Deutsch, um zu denken und zu antworten.

Sw Tumia Kiswabhili kufikiri na kujibu.

Table 9: Language forcing prompts contents.

Prompts for MGSM and MSVAMP  These two
datasets primarily adopt free-form formats to eval-
uate the reasoning capabilities of LLMs. As shown
in Table 10, we ask the model to first generate rea-
soning responses and then mark final answers using
the \\boxed{} format.

Lang. Prompts

Please first reason through the problem, then pro-
vide the final answer, expressed as a number using
the \\boxed{} format.

Zh EHEEHITHER, RAEAEEFHER,
F\\boxed{ YT Fm i fa AL -

Ja. EFHEHEAIToTLLFEI V. 20% - &K
K& A & \\boxed(}D X TERL TL
X,

Es  Por favor, primero realice el razonamiento y luego
d e larespuesta final, representando el n U mero
final en forma de \\boxed{}.

Fr Vguillez d’abord raisonner, puis donner la
r € ponse finale sous la forme \\boxed{}.

De  Bitte f U hren Sie zunchst Ihre berlegungen durch
und geben Sie dann die endg U Itige Antwort an.
Verwenden Sie zur Darstellung der endg U Itigen
Zahl die Form \\boxed{}.

Sw  Tafadhali fanya hoja kwanza, kisha toa jibu la
mwisho kwa kuandika nambari ya mwisho katika
umbo la \\boxed{}.

Table 10:
MSVAMP.

Reasoning prompts for MGSM and
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Prompts for MathVerse and MathVista These
two benchmarks are employed to evaluate the rea-
soning capability of LVLMs, covering two cate-
gories of tasks: (1) multiple-choice and (2) free-
form. As shown in Table 11, we design tailored
reasoning prompts to guide the model’s response
for multiple-choice queries. The prompts for free-
form are the same as the prompts for MGSM and
MSVAMP benchmarks.

Lang. Prompts

En Please first conduct reasoning, then answer
the question and put the correct option letter
into \\boxed{}, e.g., \\boxed{A}, \\boxed{B},
\\boxed{C}, \\boxed{D}, at the end.

Zh FRHATHE KREHERM FE
& J5 % IE B 0k W0 F & 3 A\\boxed{},
B 1 . \\boxed{A}, \\boxed{B}, \\boxed{C},
\\boxed{D}.

Ja. FFMEETVL RIS CEZAT ELWLA
7Y oa v F & \\boxed{}Z AR £ § . fi:
\\boxed{A},\\boxed{B},\\boxed{C},\\boxed{D},
BRIRIC -

Es Primero realice el razonamiento, luego responda la
pregunta y coloque la letra de la opci O n correcta en
\\boxed{}, por ejemplo, \\boxed{A}, \\boxed{B},
\\boxed{C}, \\boxed{D}, al final.

Fr Veuillez d’abord effectuer un raisonnement, puis
r € pondre G la question et mettre la lettre d’option
correcte dans \\boxed{ }, par exemple, \\boxed{A},
\\boxed{B}, \\boxed{C}, \\boxed{D}, d Ia fin.

De Bitte f U hren Sie zuerst eine Argumentation durch,
beantworten Sie dann die Frage und setzen Sie
am Ende den richtigen Optionsbuchstaben in
\\boxed{}, z. B. \\boxed{A}, \\boxed{B},
\\boxed{C}, \\boxed{D}.

Sw  Tafadhali kwanza elekeza hoja, kisha ujibu swali na
uweke herufi ya chaguo sahihi kwenye \\boxed{},
k.m., \\boxed{A}, \\boxed{B}, \\boxed{C},
\\boxed{D?}, mwishoni.

Table 11: Multi-choice reasoning prompts for Math-
Verse and MathVista.

B.3 Ablation of Intervention Strength

In this subsection, we conduct a detailed analysis of
how the intervention strengths «; and oo influence
the performance of MRRE.

We first analyze the intervention strength of the
cross-lingual enhancement vectors, 1, which aim
to align non-English reasoning hidden states with
English in the latent space. As shown in Table 12,
the optimal performance is achieved when a; =
1, while weaker or stronger interventions fail to
minimize the distribution gap in the latent space,
limiting the effectiveness of MRRE.

Then we analyze the intervention strength of
the cross-lingual enhancement vectors, ai, which
aim to align English-like generating hidden states
with the original non-English in the latent space.
As shown in Table 13, the optimal performance
is achieved when ay = 0.75, while weaker inter-
ventions may lead to English responses rather than
target non-English responses and too strong inter-
ventions may result in performance drops in rea-
soning tasks. Notably, as functions as a trade-off
strategy, effectively balancing multilingual rea-
soning performance with input-output language
consistency.

a; 000 025 050 075 1.00 1.25
Zh 784 793 805 823 832 825
Ja. 652 67.1 683 71.0 737 708
Th 716 723 731 742 752 739

Table 12: Ablation study of a; on MGSM benchmark
using Qwen?2.5-7B-Instruct. Layerl is set to be 20.

s 0.00 0.50 0.75 1.00

Zh 832(26.5) 82.5(78.7) 81.6(99.2) 79.5(99.5)
Ja 73.7(19.8) 71.9 (69.9) 71.2(99.1) 70.0 (99.6)
Th 75.2(7.9) 75.0 (54.1) 74.8(99.2) 72.1(99.4)

Table 13: Ablation study of as on MGSM benchmark
using Qwen2.5-7B-Instruct. The first numbers denote
accuracies (%) and the second numbers denote Lan-
guage Consistency (LC, %). Layerl is set to be 20, a;
is set to be 1.0, and Layer?2 is set to be 23.

B.4 Fine-grained Results of MathVerse and
MathVista Benchmarks

To further elucidate how MRRE improves LVLM
reasoning, we perform a fine-grained analysis
across eight languages, five visual task families
(text-dominant, text-lite, vision-integrated, vision-
dominant, and vision-only), and two domains (gen-
eral and math). We disaggregate performance and
consistency metrics by language, task category, and
domain to identify where MRRE yields the largest
gains; results are reported in Tables 14.

C Fine-grained Case Studies

To better illustrate the improvements in reasoning
capabilities and input-output language consistency
achieved by MRRE, we provide additional compre-
hensive case studies.
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MMathVerse MathVista
Model
T-D T-L VI V-D V-O Overall General Math Overall

Language-Zh

Qwen2.5-VL-7B 444 395 355 360 365 384 59.3 57.0 58.1

+ Language forcing 41.8 353 334 346 387 36.8 60.8 59.8 60.0

+ MRRE 542 47.0 438 429 419 45.9 60.7 63.7 62.3
Language-Ja

Qwen2.5-VL-7B 42.8 353 335 345 350 36.4 55.0 49.4 52.0

+ Language forcing 44.2 392 36.8 365 396 37.7 54.8 51.5 53.0

+ MRRE 51.6 46.2 425 424 405 44.6 59.3 62.6 61.1
Language-Es

Qwen2.5-VL-7B 495 435 409 38.1 404 425 63.0 61.5 62.2

+ Language forcing 51.8 434 40.5 423 40.1 43.6 62.2 60.4 61.2

+ MRRE 55.5 495 464 451 40.7 47.5 64.1 64.3 64.2
Language-Ru

Qwen2.5-VL-7B 45.1 390 358 358 37.6 38.6 60.4 55.7 57.9

+ Language forcing 46.7 412 39.6 381 374 40.6 61.3 55.7 58.3

+ MRRE 52.0 453 418 423 424 44.7 62.8 62.8 62.8
Language-Fr

Qwen2.5-VL-7B 43.0 38.6 358 368 364 38.1 61.5 58.0 59.6

+ Language forcing 46.6 40.0 36.9 36.5 379 39.6 61.1 58.0 59.4

+ MRRE 519 475 447 420 429 45.8 62.2 60.2 61.2
Language-De

Qwen2.5-VL-7B 425 382 325 334 360 36.5 58.9 57.6 58.2

+ Language forcing 50.5 39.0 353 369 382 40.0 56.1 57.6 56.9

+ MRRE 529 470 429 438 41.6 45.7 63.5 64.6 64.1
Language-Th

Qwen2.5-VL-7B 36.8 33.1 312 31,2 275 32.0 52.0 50.4 51.1

+ Language forcing 503 43.8 41.8 406 41.0 43.5 55.9 51.9 53.7

+ MRRE 56.7 51.0 43.8 438 469 48.4 58.7 55.8 57.3
Language-Sw

Qwen2.5-VL-7B 15.1 138 11.8 140 273 16.4 17.6 15.9 16.7

+ Language forcing 20.1 16.0 15.0 150 22.8 17.8 8.7 11.3 10.1

+ MRRE 344 325 31.6 324 382 33.8 20.4 35.6 28.6

Table 14: Fine-grained Results on Qwen2.5-VL-7B-Instruct across eight languages.
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( Input Image

e &8 '
ﬁ Input Query w/ English
P YRR
\ / In the diagram of the food web shown what will

most directly be affected by the loss of the trees?
Choices:

(A) horses
\ (B) cats
\g’ .
& (C) nothing

£
{

S (D) bears )

Qwen2.5-VL-7B w/ Es Query

Para responder esta pregunta, debemos analizar como los arboles estan conectados en la red trofica mostrada.\n\n1. Los arboles son una
fuente de alimento para los animales herbivoros.\n2. En este diagrama, los animales herbivoros son los ciervos (que comen hojas de
arbol).\n3. Los caballos también comen hojas de arbol, pero no estan directamente conectados a los arboles como lo estan los
ciervos.\n4. Los gatos y los 0sos no tienen conexion directa con los arboles en este diagrama.\n\nPor lo tanto, la pérdida de arboles
tendra un impacto mas directo en los ciervos, ya que son los tnicos animales que dependen directamente de los arboles como fuente de
alimentacion.\n\nLa respuesta correcta es:\n\n\\boxed{B}.

~

Qwen2.5-VL-7B+MRRE w/ Es Query

Para determinar qué organismo se vera mas directamente afectado por la pérdida de arboles en el diagrama de la red alimentaria dada,
necesitamos analizar las flechas que van desde los arboles hacia otros organismos. Estas flechas indican la direccion del flujo de
energia y quién consume a quién.\n\n1. Los arboles tienen flechas que apuntan hacia ellos desde los ciervos y las plantas, lo que indica
que estos organismos consumen los arboles.\n2. Hay una flecha que va desde los arboles hacia las plantas, lo que sugiere que las
plantas también consumen los arboles.\n3. Las plantas tienen flechas que apuntan hacia los caballos, lo que indica que los caballos
consumen las plantas.\n4. Los caballos tienen una flecha que apunta hacia los osos, lo que indica que los 0sos consumen a los
caballos.\n5. Los gatos tienen una flecha que apunta hacia los ciervos, lo que indica que los ciervos consumen a los gatos.\n6. Los osos
no tienen ninguna flecha que apunte hacia ellos desde los arboles, por lo que no se ven directamente afectados por la pérdida de
arboles.\n\nA partir de este analisis, esta claro que las plantas se ven directamente afectadas por la pérdida de arboles porque hay una
flecha que va desde los arboles hacia las plantas. Sin embargo, dado que la pregunta pide el organismo que se vera mas directamente

afectado, y las plantas son consumidas por los caballos, los caballos se veran afectados indirectamente a través de las plantas.\n\nPor lo
\tanto, la respuesta es:\\boxed{A}.

Qwen2.5-VL-7B w/ Ru Query

Jlist 0TBeTa Ha HTOT BONPOC HYKHO BHUMATEIBHO PACCMOTPETh CXeMy HuieBoi menu:\n\nl. JlepeBbs SBISIOTCS OCHOBHBIM
UCTOYHHKOM ITHUTAHMS IS TPABOSIHBIX KUBOTHBIX (JIONIAAb U OJIeHb).\n2. JIomaap 1 ONeHb, B CBOIO OUepe/ib, CTAHOBATCS ITHIIEH IIs
XMIIHUKOB (Komka).\n\nTakum o6pa3zoM, eciiu UCUE3HYT AEPEBbs, TO ATO NPUBEJET K HEAOCTATKY MHUIIM AJIs JIOWAAeH 1 OJICHEeH, a

CJIICAOBATECIIBHO, U JIJIA KOIICK. MG,Z[BGHP[ HE yKa3aHbI B 3TOH HPIILIeBOﬁ eI KakK HOTpe6I/ITeJ'IPI paCTHTeJ’IbHOﬁ HP[HII/I.\II\HOTBGTZ
 \boxed{C}.

Qwen2.5-VL-7B+MRRE w/ Ru Query

YroObl OIpeeIUTh OTBET Ha ATOT BONPOC, HAM HY)KHO IPOAaHAIM3UPOBATh MHUIIEBYIO CETh, U300paKEHHYIO Ha PUCYHKE, U MTOHATS,
KaKOif OpraHu3M HalpsiMyIo OCTpaJaeT OT UCYE3HOBEHHMS IePEBbEB (IIPOLYLIEHTOB B OCHOBAaHMH NHIIEBOM ceTn).\n\nl. OnpeneneHue
NMpOAYLEHTOB: PacTeHus B HIDKHEH 4acTH AMarpaMMbl IPEACTABISAIOT cO00if OCHOBHBIX MPOAYLEHTOB, TAKUX KaK JEPEBbS U
KycTapHuku.\n\n2. OnpezpeneHue npsiMbIx noTpedureneii: OpraHu3Mbl, KOTOPbIE MUTAIOTCS 3TUMH MIPOAYLEHTAMHU, — 3TO TPABOSIIHBIC,
B YaCTHOCTH JIOIIAIN U, BO3MOXKHO, IPyrHe MEJIKHEe )KUBOTHbIC, HE TIOKa3aHHbIC HA CXEMe, HO MO/Ipa3yMeBaeMble U3 KOHTEeKCTa.\n\n3.
OmnpeneneHne XUIIHUKOB: XHIIHUKH HAa JHarpaMMe BKIIFOYAIOT KOLIKY H MEJIBE/isl, KOTOPbIE OXOTSTCS Ha TPABOSIIHBIX, TAKUX KaK
Jromra . \nYYUTHIBas 3Ty HHPOPMAIHIO, €CITH ICPEBbsI HCUE3HYT, MPSMOE BO3ACHCTBHE OY/ET Ha TPABOSIAHBIX, KOTOPBIC 3aBUCST OT
HUX B IMTaHUU. B 1aHHOM quarpamMMe TakuM TPaBOSIHBIM siBJsieTcs Jiomaas.\n\nTakum o6pa3om, npaBmiibHbIN oTBeT:\\boxed {A}.

%

J

Figure 7: Case study of General problem on Qwen2.5-VL-7B-Instruct.
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Jkt, TP B TAT U \(x \) YRR \(\boxed {B})).

(
Input Image
= @ Input Query w/ English
X+ 4 5 5 Find x so that the quadrilateral is a parallelogram.
Choices:
A3
B:5
3x—6 C:12

D:18

Qwen2.5-VL-7B w/ Chinese Query \

HT AW EIE R — AT IUILIE, A FREANPAT IR R A B 6 AR

e, FAVHETAT MBS S BARAE AN (RIWHISRR A EEZ ST 180/)

WA A EE R — A2 W60M\eire\), F3— 5 EAHBAIAZ W(55M\cire + (x+H)\) BF W((Bx - 6\, FHENTZF
T IR A, BT A A RZE RN, B \W60M\cire + [55"\\cire + (x+4)] = 180M\cire\\) B \\(60M\cire + [(3x - 6)] =
180M\circ\\),

TN IRARHE—ATr R

\[60M\circ + 557\circ + (x + 4) = 180M\circ\]

\[119Mcire + x + 4 = 180"\circ\]

\[x + 123 = 180"\circ\]

\[x = 180"\circ - 123"\circ\]

\[x = 57"\circ - 123Mcirc\]

B, MR, FOARAIAIESMY AR, SEb b, BRATT R E B A A AR R e A R,
KA B S S T AR I R

IUAE SR AT He:

\[60"\circ + (3x - 6) = 180"\circ\]

\[60"\circ + 3x - 6 = 180M\circ\]

\[3x + 54 = 180"\circ\]

\[3x = 180"\circ - 54"\circ\]

\[3x = 126M\circ\]

\[x = 42"\circ\]

B2, AUREH S MW ERETORA, AT H 2R B — D AEny $xS EHEREIEROFATIUE. Bk, Hi1&F%E
B EIR S B ORI PR IE R 2 28 . 5 IS H SRR I, FATS DA IR e e TR A W e 45k, (EET ik
OINT, BRI GV %o S I IR U Y

\ SR \(bored D). J

®O) Qwen2.5-VL-7B+MRRE w/ Chinese Query )

N T E R S AT SO FAT AR \(x \) BME,  FRATFR A AT AR M. Bk, Fe A7 IaE
\textbf (XK AR .

%gﬂ%gv \(x+40), \(5y V). \(3x-6Y), PARS—FARFHCE AR W B E W i, FoN 135 EAR e AR 28 i e B

M, A4
- AR \(x+4)).
- Hox R \(3x- 6)),

xR B, B
\[x+4=3x-6\]

BUAE, SRR A\(x):

L. PR I 25 \(x V):
\[4=2x-6\]

2. WA R L 6
\[10=2x\]

3. Wi Al s R DA 2:
\[x=5\]

Figure 8: Case study of Text Lite problem on Qwen2.5-VL-7B-Instruct.
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gz |
Qﬁﬁ #2222 \n\n\[\n\boxed{B}\n\| )

Input Image

@ Input Query w/ English

As shown in the figure, triangle ABC is the
inscribed triangle of circle O, angle OAB = 35.0,
then the degree of angle ACB is ()

Choices:

A:35°

B:55°

C:60 °

\_ D70 ° Y

Qwen2.5-VL-7B w/ Zh Query

HoE, WAVFEAERS, WR-AHNTSERC L, WA IETZ AN —F. \n\nBH A H W EMHOAB =
350 °, XR—AEEA, BEARIGEAB. WRIEREEACHE, HEASTEIWELAK—F, FIAAAOB=2*f
OAB=2%350° =70.0" . \n\n#E Fk, HMFEREMACBRER. HTAACBRE—EEM, BHXHIHEZAB. K,
AACBH LT MAOB—2F, HIfAACB =1/2 * fAIAOB =1/2 % 70.0 ° =35.0 " ., \n\nflfLA, TFIAEXEE A:35°,
\n\n\\boxed{A}.

©0)  Qwen2.5-VL-7B+MRRE w/ Zh Query

AT ROEEA T, FAITFEAAREM AR, \n\nl. 2 C &M *\n - =T \(\triangle ABC\) 3T [E \(O
V). \n -\(\angle OAB =35"circ\). \n\n2. **HfFEL.OASHEZAKR: **n - NEZANERET BTSRRI —
2. \n - FEAEUR, \(\angle ACB\) 22—, BHTHINS LG \(\angle AOB ) #H[F]. \n\n3. **3K \(\angle AOB\) ff}
BEE: **\n - [N \(\angle OAB)\) J& T =/ \(\triangle OAB\), H.E.I\(OA =0B\) (#EEAFE) , FrRA \(\triangle
OAB\) B4 E =11, H \(\angle OAB =\angle OBA =35"\circ\), \n - M, =K \(\triangle OAB\) [ P} i F1 K7 Ky
\(180Mcirc\): \n \[\n \angle AOB + \angle OAB + \angle OBA = 180"\circ\n  \[\n  fR A ZN%{fE: \n  \[\n \angle AOB +
35M\circ + 35\circ = 180M\circ\n \[\n fEfij: \n \[\n  \angle AOB + 70"\circ = 180"\circ\n  \[\n ~ f#f5: \n \[\n \angle
AOB = 110Mcirc\n ~ \[\n\n4. **3k \(\angle ACB\) FJEE4k: **\n - 25 \(\angle ACB\) &— 8, BRI S RO
\(\angle AOB\) #i[f], LA \(\angle ACB\) [ EE4/2 \(\angle AOB\) iy—2: \n \[\n \angle ACB = \frac{1} {2} \times \angle
AOB\n  \]\n fBA \(\angle AOB\) f%{fE: \n \[\n \angle ACB = \frac{1} {2} \times 110"\circ = 55Mcirc\n \[\n\n[H I, IE

Figure 9: Case study of Text Dominant problem on Qwen2.5-VL-7B-Instruct.
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Input Image ~
@ Input Query w/ English

R In \\odot P, find the length of \\widehat R S.

Round to the nearest hundredth.
0 Choices:
A:2.27
S B:3.91
C:4.54

T D:7.82

Qwen2.5-VL-7B w/ Ja Query

COMETIZ. MEMAOEHE MOREHDAXZHAL 3. \n\nl. M FEADEH HEMTHOMDEME ) $T.
2% 1) . \\(\angle RPS = \\frac {1} {2} \\times 130"\\circ = 65"\\circ\\) 3. \n\n2. **5JADE X DAX**: LR X WL (3. &K
OXTHATE F3:n W\ L=r\theta\n W\n = 2T, (@) [3F4, \(theta\) (30 (F07>) TF. \nn -5
W(r=2\W\n - A \(\theta = 65M\cire\\) 2 F 2T 2B L 9. W1MN\\cire = \\frac{\\pi} {180}\\) 5 7 > 7:DT,\n
\W[\n  \\theta = 65"\\circ \\times \\frac {\\pi} {180} = \\frac{65\\pi} {180} = \\frac {13\\pi} {36}\n \]\n\n - JADHE X \(L\) #&HE L
30 W L=2\times \frac{13\\pi} {36} = \\frac {26\\pi} {36} = \\frac{13\\pi} {18}\n \\mn Z%(AFET 2 L0 W
\\frac {13\\pi} {18} \\approx \\frac {13 \\times 3.1416} {18} \\approx \\frac {40.8708} {18} \\approx 2.2706\n \\[\n\n /NECS 551437 % U
BIAT 2 L8423 TTH b IEVEIUNIE A227 T3, \nnl 720> T, & 213 \\boxed{A} TT,

~

p
(©®) Qwen25-VL-7B+MRRE w/ Ja Query

F\(\odot P\) TT7— 27 RS DREX 2 HO1F 2123, TROME L 2NVl 27— 7 OBFRE2 BT 208055 ) 7,
HROMEZ. FOXIBT LHRACHHL £T. T—27ORIDOAK 3\ text{ 7 — 7 & X} = \frac{\theta} {360 \circ}
\times 2\pi r \Jnnwhere:n- \( \theta \) (3 F1HA FLOREE.n-\(r ) ZHDRBETT 5 A4 T2 7 905 . LA \(\angle RPSY) (3
\(130Mcire ) & L THZ LN TWRZEDhb) ET. FRACVIF2BAL L THZ 5N ET. sz AR cE s
2 2mn\[\text{ 7 — 7 &} = \frac{130"\circ} {360"\circ} \times 2\pi \times 2 \[nnFH # B2 L F 37:nn\[ Mtext{ 7 — 7 R X}
=\frac{130} {360} \times 4\pi \]n\[ \text{ 7" — 7= X} = \frac{13} {36} \times 4\pi \]n\[ \text{ 7 — 74 X} = \frac{52\pi} {36}
\In\[ \text{ 7" — 7 & X} = \frac{13\pi} {9} \Inn¥K|Z . (\pi \approx 3.14159 \):nn\[ \text{7 — 7 & X} = \frac{13 \times 3.14159} {9}
\In\[ \text{ 7 — 77 |& X } \approx \frac {40.84477} {9} \In\[ \text{ 7 — 7= X } \approx 4.54 \Inn#x %7 ) D100FH 12> 2 = & (WHE|Z
JBL TRFYDIFEHICH L Z LW ETH L7260,

. /

Figure 10: Case study of Vision Dominant problem on Qwen2.5-VL-7B-Instruct.
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Input Image )

C @ Input Query w/ English

As shown in the figure, angle ACB = 25.0,
then the degree of angle BAO is ()

Choices:

A:50°

B:55°

C:60 °

D:65 °

" il . N

-

Qwen2.5-VL-7B w/ Sw Query

Kuna njia za mbili kuhusu hii:\n\n1. **Naangalia kutumika namba za maelezo**: Angaliwezi kuongeza anasema kwamba angle ACB
=25 " \n\n2. **Kutumika namba za maelezo**:\n - Angaliwezi kuongeza anasema kwamba basi kiwango cha angle BAO ni angle
AOB.\n - Kwa sababu angle AOB ni angle inscribed (kujulikana kama angle subtended by the arc AB) ambayo ni equal to twice the
angle at the circumference that subtends the same arc.\n \n3. **Kutumika namba za maelezo**:\n - Angaliwezi kuongeza anasema
kwamba basi kiwango cha angle BAO ni 2 * angle ACB.\n - Tofauti na angle ACB =25 °, basi kiwango cha angle BAO ni 2 * 25 °
=50 ° \n\nKwa hivyo, basi kiwango cha angle BAO ni 50 ° .\n\nJinsi yote, angaliwezi kuongeza anasema kwamba:\n\n\\boxed {A }

v

-] N
©0)  Qwen2.5-VL-7B+MRRE w/ Sw Query

Ili kutatua tatizo hili, tunahitaji kutumia mali za duara na pembe katika pembetatu.\n\nGiven:\n- \( \angle ACB = 25"\circ \)\n-
Tunahitaji kupata kipimo cha \( \angle BAO \)\n\nUfafanuzi wa hatua kwa hatua:\n\n1. Tambua aina ya pembetatu: Kwa kuwa \( O \)
ni kituo cha duara, \( OA \) na \( OB \) ni nusu kipenyo cha duara. Hivyo basi, \( \triangle AOB \) ni pembetatu ya isosceles yenye
\( OA = OB \).\n\n2. Jumla ya pembe katika pembetatu: Jumla ya pembe za ndani katika pembetatu yoyote ni \( 180"\circ \). Katika
\(\triangle AOB \), pembe kwenye \( O \) ni sawa kwa sababu ni pembetatu ya isosceles. Tuita hizi pembe \( \angle OAB \) na \( \angle
OBA \). Kwa hiyo, tunayo:\n \[\n \angle OAB + \angle OBA + \angle AOB = 180"\circ\n \]\n\n3. Uhusiano kati ya pembe ya
katikati na pembe kwenye duara: Pembe ya katikati \( \angle AOB \) inakaa kwenye upinde ule ule kama pembe kwenye duara \( \angle
ACB)). Uhusiano ni kwamba pembe ya katikati ni mara mbili ya pembe ya duara. Kwa hivyo:\n \[\n \angle AOB =2 \times \angle
ACB\n \]\n Tukibadilisha thamani iliyotolewa:\n \[\n \angle AOB = 2 \times 25"\circ = 50"\circ\n \]\n\n4. Jumla ya pembe katika
\(\triangle AOB \): Sasa tunajua moja ya pembe katika \( \triangle AOB \):\n \[\n \angle AOB = 50"\circ\n \]\n Kwa kuwa
\(\triangle AOB \) ni ya isosceles, basi:\n \[\n \angle OAB =\angle OBA\n \]\n Tuita kila moja ya hizi pembe \( x \). Kisha:\n \[\n
x +x + 50Mcirc = 180"\circ\n \[\n Tukirahisisha:\n \[\n 2x + 50"\circ = 180"\circ\n \]\n Tukitatua kwa \( x \):\n \[\n 2x =
130Mcirc\n \[\n \[\n x = 65™\circ\n \]\n\nKwa hivyo, kipimo cha \( \angle BAO \) ni \( 65*\circ \).\n\nJibu sahihi
ni:\n\[\n\boxed {D}\n\] /

Figure 11: Case study of Vision Intensive problem on Qwen2.5-VL-7B-Instruct.
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@ 6
©O)  Qwen2.5-VL-7B+MRRE w/ Fr Query

Input Image

As shown in the figure, AB parallel CD, EG bisects angle BEF,
then angle 2 is equal to ()
Choices: A:50° B:60° C:65° D:90°

E/ @ No Input Query

, 2
c T\ G\ D
/ a0°

|| Qwen2.5-VL-7B w/ Fr Query

Pour résoudre ce probléme, nous devons utiliser les propriétés des angles formés par deux droites paralléles coupées par une
transversale.\n\n1. **Identifiez les angles correspondants :**\n - Les angles 1 et 50 ° sont des angles alternes-internes car ils sont
situés de part et d'autre de la ligne transversale EG et sur le méme c6té du plan par rapport aux droites AB et CD.\n \n2. **Ultilisez la
propriété des angles alternes-internes :**\n - Si deux droites sont parall¢les, alors les angles alternes-internes sont égaux.\n - Donc,
angle 1 =50 ° .\n\n3. **Angle bisecteur :**\n - EG est un angle bisecteur qui divise I'angle BEF en deux angles égaux.\n - Donc,
angle BEG = angle FEG = (angle BEF) / 2.\n\n4. **Calculer I'angle BFG :**\n - Angle BFG est I'angle supplémentaire de l'angle 1
(car ils forment un angle droit avec I'angle 50 ° ).\n - Donc, angle BFG =180 ° -50 ° =130 ° \n\n5. **Angle 2 :**\n - Angle 2 est
l'angle interne adjacent a I'angle BFG.\n - Donc, angle 2 =180 ° - angle BFG=180 ° - 130 ° =50 ° .\n\nDonc, l'angle 2 est égal &
0 ° .\n\nLa réponse est: \\boxed{A}.

/

~

Pour resoudre le probleme, nous devons utiliser les proprietes des droites paralleles et des bissectrices d'angles.\n\n1. **Identifier
lesinformations donnees :**\n - \(AB \parallel CD\)\n - \(EG\) est la bissectrice de \( \angle BEF \)\n - \( \angle 1 = 50"\circ
)\n\n2.**Comprendre la relatlon entre les angles :**\n - Pulsque \(AB \parallel CDV), \( \angle BFE \) est un angle exterieur pour
\(\triangleEFG \) et il est egal a la somme des deux angles interieurs non ad]acents \n - Le theoreme de la bissectrice stipule que la
bissectriced'un angle divise le cote oppose en segments proportionnels aux cdtes adjacents. Cependant, dans ce contexte, nous pouvons
utiliserle fait que la bissectrice divise l'angle en deux parties egales.\n\n3. **Calculer \( \angle BEF \) :**\n - Comme \( \angle 1 =
50M\circ)) et que \(EG)) est la bissectrice de \( \angle BEF \), posons \( \angle BEG = \angle GEF = x \).\n - Donc, \( \angle BEF = 2x
\).\n\n4. **Utiliser la propriete des angles correspondants :**\n - Comme \(AB \parallel CD\), \( \angle BFE =\angle 1 = 50"\circ \).\n -
Donc,\(2x = 50"\circ\).\n - En resolvant pour \(x\), on obtient \(x = 25"\circ\).\n\n5. **Trouver \( \angle 2 \) :**\n - \( \angle 2 \) est
leméme que \( \angle GEF \) car ce sont des angles correspondants formes par la secante \(EG\) coupant les droites paralleles \(AB\)
et\(CD\).\n - Donc, \( \angle 2 = 25™\circ \).\n\nCependant, les options fournies ne correspondent pas directement a notre valeur
calculée.Reevaluons le probleme avec I'approche correcte :\n\nPuisque \( \angle BFE = 50"\circ \) et que \(EG\) est la bissectrice de
\(\angleBEF \), le calcul correct devrait €tre :\n\[\n\angle BEF = 180"\circ - 50"\circ = 130"\circ\n\]\nMais comme \( \angle 2 \) est
l'angle del'autre cote du segment \(EG\), il doit étre egal a la moitie de l'angle restant apres avoir soustrait l'angle bisecte de 180
degres(puisque la somme des angles sur une ligne droite est 180 degres) :\n\[\n\angle 2 = \frac{180"\circ - 50"\circ} {2} =
\frac {130"\circ} {2}= 65™\circ\n\]\n\nDonc, la réponse correcte est :\n\\boxed{C}\n. /

Figure 12: Case study of Vision Only problem on Qwen2.5-VL-7B-Instruct.
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D Language Consistency (LC)

To evaluate the model’s proficiency in adhering to
the specified target language, we define the Lan-
guage Consistency (LC) metric as the proportion of
model responses successfully generated in the tar-
get language. Given the complexity of multilingual
reasoning, where responses often contain a mixture
of languages or technical symbols, we implement
a character-weighted majority voting mechanism
supported by FastText to ensure a noise-free evalu-
ation.

As detailed in Algorithm 1, our method first
undergoes a preprocessing stage to strip LaTeX
environments, mathematical commands, and URLs,
preventing these elements from biasing the detector.
A response is categorized as “consistent” only if
the target language occupies more than 80% of
the total character count based on sentence-level
decomposition.

Algorithm 1 Calculation of Language Consistency
(LC)

Input :Model responses D for target language L
Output : LC score (%)

total_correct < 0 foreach response R € D do

// Stage 1: Preprocessing

Rejean < Remove LaTeX math, commands,
and URLs from R Clean extra symbols while
preserving target scripts

// Stage 2: Decomposition & Detection

Split  Rejeqn, into  sentence-level chunks
{Cl, 02, - ,Cn} lenwlid < O, lenmml —
0 foreach chunk C; do

Predict language P; and confidence Prob;

using FastText if P; == L and Prob; >

0.8 then

| lenyatid < lenyqiq + length(C;)
leniotar < lengorqr + length(C;)

// Stage 3: Sample Decision
Ratio < lenygia/leniorq if Ratio > 0.8

then
| total_correct < total_correct + 1

return (total_correct/|D]) x 100%

E Usage of LLMs

We used GPT-40 (Hurst et al., 2024) to assist in
language refinement and readability improvement
of the manuscript. All ideas, experiments, analyses,
and conclusions are developed and verified by the
authors.
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