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Abstract

Multimodal large language models (MLLMs)
must often arbitrate between visual evidence
and world-knowledge priors when an image
conflicts with commonsense expectations. Ex-
isting work has demonstrated that activation
steering vectors can bias model outputs to-
ward either source of information, but it re-
mains unclear whether this arbitration mech-
anism generalizes across languages. To in-
vestigate this, we construct a multilingual ex-
tension of the Visual CounterFact color split
and derive activation steering directions that
contrast image-grounded answers with prior-
based answers. Across 12 languages, we
find that English-derived and shared multi-
lingual steering directions consistently shift
model outputs on non-English prompts, sug-
gesting that visual-prior arbitration has a sub-
stantial cross-lingual component. At the
same time, we find that performance gains
on common knowledge questions can come
at the cost of image-grounded accuracy, a
trade-off that is particularly pronounced for
lower-resource languages. Code and data are
available at https://github.com/elffiona/
cross-lingual-visual-prior-steering.

1 Introduction

Multimodal large language models (MLLMs) must
sometimes choose between visual evidence and
language or world-knowledge priors. Prior work
studies this problem with counterfactual images,
where an object attribute in the image conflicts with
common knowledge (Golovanevsky et al., 2025;
Liu et al., 2025; Ortu et al., 2026). Related work on
visual generics and exceptions examines a similar
tension between conceptual knowledge and atyp-
ical visual instances, but focuses on diagnosing
model behavior on typical and exceptional images
rather than intervening on visual-prior arbitration
or studying its cross-lingual transfer (Frank and
Allaway, 2025). For example, a model may see a
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blue strawberry but also know that strawberries are
usually red. This visual-prior conflict matters for
reliability because either source can mislead the
model, depending on the question.

Activation steering offers one way to test and
control this arbitration. Pixels Versus Priors builds
steering vectors that move English MLLM out-
puts between prior-based and image-grounded an-
swers on Visual CounterFact (Golovanevsky et al.,
2025). Recent hallucination-mitigation work also
uses hidden-state or attention-head steering in
MLLMs (Yin et al., 2026; Su et al., 2025). Other
work shows that MLLMs can underuse visual in-
formation in scientific diagrams or commonsense
conflict settings (Wang and Kovashka, 2025; Liu
et al., 2025). This line of work leaves a multilin-
gual transfer gap: whether visual-prior steering
directions transfer across prompt languages.

It is unclear whether visual-prior arbitration has
a shared structure across languages. Such structure
would mean that the same internal direction helps
resolve the conflict when the prompt language and
answer words change. Text-only work offers re-
lated but distinct evidence: refusal directions trans-
fer across languages, and English-derived activa-
tion steering can outperform target-language steer-
ing in multilingual LLMs (Wang et al., 2025; Schut
et al., 2025). We test whether similar transfer ap-
pears in MLLMs, where the model must arbitrate
between visual evidence and common knowledge.

We ask whether visual-prior steering directions
in a multilingual MLLM are language-specific or
transferable cross-lingually. We translate the Visual
CounterFact color split into 11 other languages and
use Qwen3-VL-8B-Instruct (Bai et al., 2025) as our
main evaluation setting. We then compare steering
directions built from different languages to test
whether the same intervention can shift behavior
across languages. We additionally evaluate Qwen3-
VL-32B-Instruct (Bai et al., 2025) and Gemma-3-
4B (Gemma Team, 2025) to examine whether the
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Figure 1: Direct Qwen3-VL-8B accuracy macro-
averaged by language-resource group.

observed transfer behavior is specific to the main
model setting.

Our contributions include: (1) showing that mul-
tilingual counterfactual color questions expose a
consistent gap between common-knowledge and
image-grounded answers; (2) finding that steer-
ing directions from different languages point to a
similar internal axis; and (3) both English-derived
directions and a shared multilingual direction can
shift target-language model behavior, suggesting
that this arbitration is not purely language-local.

2 Cross-Lingual Visual-Prior Conflict
Evaluation

The color split of Visual CounterFact (Golo-
vanevsky et al., 2025) provides a controlled setting
for studying conflicts between visual evidence and
common-knowledge priors: color directly changes
the visual attribute in conflict without adding com-
parison or spatial reasoning. Each example pairs
a real image with a counterfactual image whose
object color conflicts with the object’s typical color.
The dataset also features two types of questions,
common knowledge (“What color are most ba-
nanas?”’) and image-grounded (“What color is this
banana?”). While the original setting focuses on
English, we extend this split to multilingual visual-
prior conflicts by translating both questions and
answer labels into 11 target languages: Chinese,
Japanese, Korean, Spanish, German, French, Ara-
bic, Hindi, Vietnamese, Thai, and Bengali. These
languages cover several language families and writ-
ing systems. We translate the examples with HY-
MT1.5-7B, a recent multilingual machine transla-
tion model (Zheng et al., 2025). We run GPT-5.5-
assisted quality control to review and correct clear
errors (OpenAl, 2026) (e.g., translating the color
“orange” as the fruit “orange”). This pass also keeps
target objects at comparable granularity across lan-
guages, for example by preserving a breed-level
object such as “Samoyed” rather than replacing

it with the broader word “dog.” See Appx. A.10.
Our quality control process also inspects the trans-
lated color terms, including potential differences
in how color boundaries are lexicalized across lan-
guages. The color split uses basic color categories
consistently across common-knowledge and image-
grounded questions, and we do not identify cases
where such lexical differences make the intended
answer label ambiguous or inconsistent. As an
additional native-speaker check, we inspect 100
randomly sampled Simplified Chinese examples
and do not identify translation errors that change
the intended question or answer. Finally, we use
a fixed 80/20 random split of base datapoints for
steering-vector construction and evaluation.

We first evaluate Qwen3-VL-8B-Instruct (Bai
et al., 2025) on the full multilingual set under four
conditions: real images with common questions,
real images with grounded questions, counterfac-
tual images with common questions, and counter-
factual images with grounded questions. Fig. 1
groups languages into higher- and lower-resource
based on Qwen3-VL’s baseline real-grounded accu-
racy: “High” averages English, Chinese, Japanese,
Korean, Spanish, German, and French; “Low” av-
erages Arabic, Hindi, Vietnamese, Thai, and Ben-
gali. The full per-language table is in Appx. A.2.
Consistent with the English-only findings of Vi-
sual CounterFact, counterfactual images sharply
reduce accuracy on common questions across both
groups. Beyond this shared visual-prior conflict,
grounded-question accuracy reveals an additional
resource-sensitive gap: high-resource languages
remain nearly unchanged between real and counter-
factual images, whereas lower-resource languages
drop from 82.3 to 72.4.

Motivated by the counterfactual-common fail-
ures above, we ask whether this arbitration can
be shifted cross-lingually. We construct language-
specific steering directions that contrast image-
grounded and common-knowledge behavior.

3 Steering Vector Construction and
Intervention Design

3.1 Direction Construction

As shown in Fig. 2b, we define two steering di-
rections for each language and layer. To compute
these directions, we use train-split examples where
Qwen3-VL answers both counterfactual-common
and grounded image questions correctly. For each
eligible example, we query the model with the same
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Figure 2: Overview of our cross-lingual steering setup. (a) Multilingual questions expose visual-prior conflicts
(English from (Golovanevsky et al., 2025)). (b) Hidden-state differences between CK/IG questions define per-
language steering vectors. (c) Different vector sources are applied to steer model behavior.

counterfactual image with the common-knowledge
question and the image-grounded question, and ex-
tract hidden states from the final question token
at layer /. Let hg@mmon and hg;)oun deq denote the
corresponding hidden vectors; for simplicity, we
omit the language index. We then define:

L {4
VEJI){—HG = mean <hér2)unded - hg?mmon) )

(0) _ h®

VIGSCK = mean( common

The direction V(CEI)< _jq Steers the model away

from common-knowledge priors and toward image-

0)
- hgrounded) :

grounded answers. The reverse, Vl(é) _,cK> Steers
the model away from image-grounded answers and
toward prior-based answers. This gives one steer-
ing vector for each layer, language, and direction.
We consider four activation sources from each
transformer layer: full block output, attention out-
put, MLP output, and resid_pre. The resid_pre
source uses the input to each full block, so it is
defined from the second layer onward. At infer-
ence, we add the steering vector back to the final
prompt token during the prefill pass. We use a
scalar weight v and only add at selected layers.

3.2 Intervention Layer Selection

Prior work motivates targeted intervention site se-
lection rather than applying steering uniformly
across all layers (Meng et al., 2022; Li et al.,
2023; Todd et al., 2024; Chuang et al., 2024). We
therefore probe layer-wise probability margins be-
tween the correct answer and the visually suggested

wrong answer under counterfactual images, aiming
to identify layers most associated with arbitration
between visual evidence and prior knowledge.
For each language, we select the longest con-
secutive layer range whose margin exceeds a fixed
threshold, excluding final layers where very large
margins may reflect output-dominated represen-
tations rather than useful steering sites. See
Appx. A.6 for margin details and Appx. A.7 for
the selected windows. Most languages select over-
lapping late-middle layers, with Arabic as the main
exception. We then use layers 26-32 as a shared
intervention window across languages.

4 Steering Experiments

4.1 Experimental Setup

We test whether activation steering shifts Qwen3-
VL’s visual-prior arbitration across languages and
whether the resulting directions transfer cross-
lingually. Our main configuration, selected from
ablations (See Appx. A.8), uses resid_pre vectors
with a = 0.25 over layers 26-32, which provides
strong steering at a moderate intervention strength
over a shared cross-lingual layer window. We ap-
ply vic—ck for common-knowledge questions and
VoK—1c for image-grounded questions.

4.2 Cross-Lingual Steering-Vector Transfer

A central goal of our evaluation is to test whether
steering directions transfer across languages. We
therefore compare steering-vector sources in this
multilingual setup. The language-specific setting
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Steering source Common questions Grounded questions

High Low High Low

Acc. Rec. Acc. Rec. Acce. Rec. Acc. Rec.

Unsteered base 40.0 - 29.1 - 947 - 729 -
Lang-specific 619 668 428 51.7 860 955 600 754
English vector 687 732 501 57.6 864 96.0 487 752
Shared-SVD 648 69.7 475 545 880 954 549 752
LOO-SVD 652 70.0 469 543 880 952 545 752

Table 1: Main steering results on counterfactual images.
Acc.=steer-all accuracy; Rec.=diagnostic recovery-only
accuracy. High=higher-resource languages; Low=lower-
resource languages.

uses a vector constructed from the target language’s
own training examples. The English-transfer
setting applies the English vector to non-English
prompts, testing whether an English-derived arbi-
tration direction aligns with other languages.

We also construct a Shared-SVD vector to cap-
ture a single multilingual steering direction. For
each layer, we stack the language-specific steering
vectors and compute an uncentered singular value
decomposition (SVD). We use the top singular di-
rection as the shared vector, sign-align it to En-
glish, and scale it by the average projection of the
language-specific vectors onto that direction. For
resid_pre vectors in layers 26—32, this direction
explains 85.9% of cross-language vector energy on
average, suggesting strong cross-lingual alignment
in the steering space (see Appx. A.9). To ensure
shared-vector gains do not simply come from in-
cluding the target language, we evaluate leave-one-
language-out Shared-SVD (LOO-SVD), where
the target-language vector is excluded before re-
computing the shared direction.

Finally, for lower-resource target languages,
we test targeted source-language transfer. The
activation-nearest source chooses the high-
resource language with closest steering vector by
cosine similarity, while the linguistically nearest
source chooses the closest high-resource language
in URIEL/lang2vec feature space (Littell et al.,
2017), following prior work on linguistic similarity
for cross-lingual transfer (Eronen et al., 2023). This
selects Spanish for Arabic, Korean for Bengali, and
Chinese for Hindi, Thai, and Vietnamese.

4.3 Main Results

Target-language steering improves visual-prior
arbitration. Tab. 1 reports two metrics. Acc. is
steer-all accuracy: all held-out examples of a con-
dition are steered, without conditioning on whether

Target Act. CK IG Ling. CK IG

Arabic fr 53.5/54.5 72.7/93.9 es 56.6/57.6 63.6/94.9
Hindi de 39.4/53.5 34.3/68.7 zh  47.5/61.6 32.3/68.7
Vietnamese de  51.5/61.6 59.6/79.8 zh  57.6/67.7 62.6/79.8
Thai es 47.5/55.6 80.8/84.8 zh  47.5/54.5 80.8/85.9
Bengali de  38.4/46.5 16.2/46.5 ko  36.4/45.5 16.2/45.5
Macro - 46.1/54.3 52.7/7477 - 49.1/57.4 51.1/74.9

Table 2: Lower-resource transfer. Cells are Acc./Rec.
Act.=activation-nearest, Ling.=linguistic-nearest.
de=German, es=Spanish, fr=French, ko=Korean,
zh=Chinese.

the unsteered model was correct. Rec. is a diag-
nostic recovery-only score: it preserves examples
the unsteered model answered correctly and ap-
plies steering only to examples it originally an-
swered incorrectly. We first evaluate language-
specific steering. On common-knowledge ques-
tions, accuracy improves by +21.9 points for high-
resource languages and +13.7 points for lower-
resource languages over the unsteered baseline,
with recovery scores of 66.8% and 51.7%, respec-
tively. In contrast, image-grounded questions start
from much stronger unsteered baselines. Apply-
ing the same intervention to all examples lowers
steer-all accuracy, especially for lower-resource
languages (72.9% — 60.0%), but recovery-only
scores remain high (95.5% for high-resource and
75.4% for lower-resource languages). Overall, the
constructed directions effectively shift Qwen3-VL-
8B’s behavior under visual-prior conflict, with the
largest gains appearing on common-knowledge
questions, where the unsteered model is often mis-
led by counterfactual visual evidence.

English vectors provide a strong transfer base-
line. On common questions, English transfer
gives the largest gains: +28.7 points for high-
resource languages and +21.0 points for lower-
resource languages over the unsteered baseline,
with recovery scores of 73.2% and 57.6%. Com-
pared with language-specific steering, this adds
another +6.8 and +7.3 accuracy points for high-
and lower-resource languages, respectively. This
suggests an English-derived arbitration direction
aligns well with multilingual hidden states.

Shared multilingual directions are competitive.
Shared-SVD provides a second transfer setting.
On common questions, it improves accuracy by
+24.8 points for high-resource and +18.4 points
for low-resource languages, with recovery scores of
69.7% and 54.5%. LOO-SVD closely matches full
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Model Steering source

Common questions

Grounded questions

High

Low High Low

Acc.

Rec. Acc. Rec. Acc. Rec. Acc. Rec.

Qwen3-VL-32B  Unsteered base ~ 53.0
Lang-specific 67.5
English vector 69.2
Shared-SVD 69.4
LOO-SVD 69.4

39.8 94.4 86.3

694 38.8 446 912 953 721 863
719 473 552 889 955 705 86.9
717 473 547 906 951 715 87.1
7177 475 549 906 951 715 87.1

Gemma-3-4B Unsteered base  20.9
Lang-specific 38.0
English vector 46.1
Shared-SVD 433

LOO-SVD 43.6

17.6 98.5 96.6

43.1 382 43.0 76.1 995 693 96.6
50.7 38.8 44.0 67.0 998 68.7 96.6
473 39.6 43.6 77.6 99.7 699 96.6
47.6 39.6 438 77.1 99.7 69.7 96.6

Table 3: Additional model steering results on counterfactual images. Metrics and language groups follow Tab. 1.
Qwen3-VL-32B uses layers 49-57 with o = 0.1; Gemma-3-4B uses layers 18-30 with o = 0.2.

Shared-SVD, with gains of +25.2 and +17.8 points
and recovery of 70.0% and 54.3%. Together, these
results provide evidence for a shared cross-lingual
component in the steering directions.

Targeted high-resource transfer helps lower-
resource languages. For lower-resource targets
(Tab. 2), linguistically nearest improves common-
question accuracy by 420.0 points over the un-
steered baseline and reaches 57.4% recovery. This
is stronger than activation-nearest transfer, which
gives a +17.0 point accuracy gain and 54.3% re-
covery, and nearly matches English transfer.
Gains are strongest for Arabic, Hindi, and Viet-
namese; Thai is nearly tied, while activation-
nearest is slightly better for Bengali. This suggests
that high-resource-to-lower-resource steering is fea-
sible, but the best donor remains target-dependent.

4.4 Evaluation on Additional Models

To examine whether the observed behavior is spe-
cific to Qwen3-VL-8B, we rerun the full work-
flow on Qwen3-VL-32B (Bai et al., 2025) and
Gemma-3-4B (Gemma Team, 2025), covering both
increased model size within the Qwen family and
a different model family. For each model, we first
select model-correct training examples, i.e., exam-
ples for which the unsteered model answers both
counterfactual-common and image-grounded ques-
tions correctly, and construct steering vectors from
this model-specific subset. We then repeat layer
probing and select model-specific intervention lay-
ers and steering strength.

Tab. 3 reports results for the two additional mod-
els. In both cases, English-transfer and shared
multilingual directions improve counterfactual-
common accuracy on non-English prompts, while
steer-all intervention can reduce image-grounded

accuracy. For Qwen3-VL-32B, lower-resource
common accuracy increases from 39.8% to 47.3%
with English-transfer and 47.5% with LOO-SVD.
For Gemma-3-4B, it increases from 17.6% to
38.8% and 39.6%, respectively. Together with the
Qwen3-VL-8B results, these findings suggest that
the observed cross-lingual transfer behavior is not
specific to a single model size or family.

Within the Qwen family, the larger 32B model
also exhibits a milder image-grounded trade-off.
Under English-transfer, lower-resource grounded
accuracy decreases from 86.3% to 70.5%, com-
pared with 72.9% to 48.7% for Qwen3-VL-8B.
The image-grounded accuracy drop is larger for
Gemma-3-4B despite its higher unsteered grounded
accuracy. We report 95% Wilson confidence
intervals for pooled non-English counterfactual-
common results in Appx. A.S.

5 Conclusion

We study whether visual-prior steering directions
transfer across languages in MLLMs. Our multi-
lingual extension of the Visual CounterFact color
split shows that visual-prior conflicts previously ob-
served in English persist across languages, with a
larger drop on image-grounded questions for lower-
resource languages. English-derived and shared
multilingual directions can shift model behavior on
non-English prompts, indicating that this arbitra-
tion is not purely language-local. The same qualita-
tive cross-lingual transfer pattern is also observed
with Qwen3-VL-32B and Gemma-3-4B, suggest-
ing that the effect is not specific to the Qwen3-VL-
8B setting.
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Limitations

We evaluate three model settings: Qwen3-VL-8B,
Qwen3-VL-32B, and Gemma-3-4B. These settings
cover a larger model size within the Qwen family
and a different model family, and show a consistent
qualitative pattern of cross-lingual steering transfer.
However, the model coverage remains limited. The
effective intervention layers and steering strengths
are model-specific, and the larger Qwen3-VL-32B
exhibits a milder image-grounded trade-off than
Qwen3-VL-8B, while Gemma-3-4B is more sen-
sitive to steer-all intervention. Evaluation across
additional MLLM families and training mixtures
would further test the extent to which the observed
arbitration direction generalizes.

Our study also focuses on the color split of Vi-
sual CounterFact. Color provides a controlled set-
ting for visual-prior conflict, but it does not cover
other forms of arbitration, such as size, action,
counting, spatial relations, or culturally specific
commonsense priors. Extending the analysis to
broader conflict types would clarify whether the
observed steering directions reflect a general visual-
prior arbitration mechanism.

Our multilingual evaluation set is translation-
based. Although we apply quality control to fix
clear translation errors, remaining artifacts may af-
fect question naturalness, answer-label ambiguity,
or object granularity across languages. We do not
conduct systematic native-speaker validation for all
target languages, which remains a limitation. This
is especially relevant for lower-resource languages,
where both translation quality and the model’s lan-
guage understanding may be weaker.

Finally, our steering setup is a controlled diag-
nostic intervention rather than an autonomous de-
ployment method. It uses the benchmark question
type to select the steering direction, and steer-all in-
tervention can reduce accuracy on already-correct
image-grounded examples. Future work could ex-
plore selective gating or confidence-based mech-
anisms for applying such interventions in open-
ended multilingual settings.
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A Appendix
A.1 Appendix Overview

This appendix provides additional details, extended
results, and analyses to support the main paper. It
is organized as follows:

* Full baseline (Sec. A.2): Per-language di-
rect Qwen3-VL accuracy for real and counter-
factual images under common and grounded
questions.

* Full steering table (Sec. A.3): Per-language
version of the grouped main steering table,
including language-specific, English-vector,
Shared-SVD, and LOO-SVD steering.

* Grounded flip breakdown (Sec. A.4): Tran-
sition counts showing recovery and retention
effects for lower-resource grounded questions.

¢ Confidence intervals (Sec. A.5): Wil-
son intervals for the main non-English
counterfactual-common steering result across
all three evaluated models.

* Layer probes (Sec. A.6): Probing implemen-
tation details and full multilingual layer-wise
margin plots.

* Steering windows (Sec. A.7): Language-
specific intervention windows compared with
the shared 26-32 layer window used in the
main experiments.

* Steering ablations (Sec. A.8): Activation-
source, steering-strength, and intervention-
window ablations for the main steering con-
figuration.

e Shared-SVD construction (Sec. A.9): De-
tails of the rank-1 shared multilingual steering
direction and its explained-energy diagnostic.

e Translation QC (Sec. A.10): Translation
setup, answer-label handling, color-term in-
spection, native-speaker spot check, and per-
language QC corrections.

e Al Assistance (Sec. A.11): Use of Al assis-
tants.

A.2 Full Baseline Accuracy

Tab. 4 reports the full direct-evaluation accuracy
for every language and condition. The main text
uses group averages for readability, while this table
preserves the per-language variation behind those
averages.

A.3 Full Steering Results

Tab. 5 reports the per-language version of the
grouped steering results in Tab. 1. This view pre-
serves the language-level variation behind the high-
and lower-resource averages.
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Language Real image Counterfactual image

Common Grounded Common Grounded
English 98.4 96.6 60.9 94.9
Chinese 97.2 95.9 63.9 92.9
Japanese 97.2 94.9 7.5 95.5
Korean 95.7 95.1 15.8 95.5
Spanish 96.1 95.5 44.2 929
German 94.7 95.9 54.0 88.4
French 91.3 90.3 36.7 94.5
Arabic 94.7 95.1 21.1 92.7
Hindi 76.7 72.4 325 66.3
Vietnamese 87.4 86.4 36.5 71.5
Thai 95.7 95.5 28.4 86.0
Bengali 62.7 61.9 31.6 39.6
Higher-resource avg. 95.8 94.9 40.4 93.5
Lower-resource avg. 834 82.3 30.0 724

Table 4: Full direct Qwen3-VL-8B accuracy on the
translated Visual CounterFact color split. Values are
percentages; bold marks the highest language value in
each condition.

A.4 Grounded Flip Breakdown

For lower-resource image-grounded questions un-
der Qwen3-VL-8B, English-transfer and language-
specific steering recover similar numbers of origi-
nally wrong examples (11/134 vs. 12/134). Their
difference in steer-all accuracy instead comes pri-
marily from retention: English-transfer flips more
originally correct examples to wrong (131/361 vs.
76/361). Thus, the lower grounded accuracy of
English-transfer in Tab. 1 reflects reduced preser-
vation of already-correct image-grounded answers
rather than a weaker ability to recover originally
wrong examples. Tab. 6 reports the full transition
counts.

A.5 Confidence Intervals

Tab. 7 reports 95% Wilson confidence intervals
for the pooled non-English counterfactual-common
setting, which is the main cross-lingual transfer
result.

A.6 Layer-Probe Diagnostics

Fig. 3 and Fig. 4 show the layer-wise margins
used to inspect where the model separates the cor-
rect answer from the prior-wrong answer. At each
layer, we project the hidden state through the out-
put embedding and score each candidate color an-
swer by its average answer-token log probability.
We take the best-scoring correct candidate and the
best-scoring prior-wrong candidate, compute their
difference, and average this margin over baseline-
correct examples. Positive values therefore indi-
cate that the correct answer has higher average log
probability. For language-specific window selec-

tion, we use counterfactual-common examples and
choose the longest consecutive range with mean
margin greater than 1.0 among layers no later than
32. We use these plots as diagnostics for choosing
intervention layers.

A.7 Selected Steering Layers Across
Languages

Fig. 5 summarizes the language-specific interven-
tion windows selected from the layer-wise mar-
gin probes in Appendix A.6. Most languages se-
lect late-middle to late layers that overlap with the
shared 26-32 window, while Arabic is the clearest
exception with an earlier selected range.

The selected windows are diagnostic and need
not be the unique best intervention range. We use
the shared 26-32 window in the main transfer ex-
periments because it performs well in the layer-
window ablation and keeps all source-language and
shared-vector interventions fixed across languages,
making cross-lingual comparisons depend on the
steering direction rather than on language-specific
intervention sites.

A.8 Steering Ablations

Tab. 8, 9, and 10 report the ablations used to choose
the main steering configuration. They isolate acti-
vation source, steering strength, and intervention
window, respectively.

All three tables evaluate counterfactual-common
questions. Unless otherwise specified, results are
macro-averaged over all 12 languages. Tab. 8
fixes a = 0.25 and the shared 26-32 layer win-
dow, showing that resid_pre and full-block out-
puts produce the strongest recovery, while atten-
tion and MLP outputs are less effective. Tab. 9
fixes resid_pre and the shared window, show-
ing that increasing « reduces retention and does
not improve recovery in this range. We there-
fore use @ = 0.25 as a moderate setting that im-
proves recovery while limiting changes to origi-
nally correct answers. Tab. 10 fixes resid_pre and
o = 0.25, comparing the shared window against
language-specific windows for each language. The
shared 26-32 layer range performs better on av-
erage, possibly because language-specific ranges
contain more language-processing information un-
related to visual-prior arbitration.

A.9 Shared-SVD Direction Construction

For each layer ¢, we stack the language-specific
steering vectors into a matrix M) e RI£Ixd,
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Question Language Base Language-specific English vector Shared-SVD LOO-SVD
English 59.6 88.9/91.9 88.9/91.9 90.9/929 90.9/92.9
Chinese 62.6 81.8/86.9 81.8/86.9 81.8/86.9 81.8/86.9
Japanese 8.1 24.2/28.3 52.5/55.6 4441475 46.5/49.5
Korean 16.2 354/374 42.4/43.4 394/414 394/414
Spanish 444 64.6/73.7 70.7/76.8 65.7/73.7 64.6/72.7
Common  German 55.6 77.8184.8 80.8/86.9 74.7179.8 76.8/80.8
French 333 60.6 / 64.6 63.6/70.7 56.6/65.7 56.6/65.7
Arabic 232 51.5/52.5 55.6 /56.6 5457556 54.5/55.6
Hindi 29.3 374/51.5 49.5/60.6 404/51.5 40.4/51.5
Vietnamese 36.4 50.5/60.6 55.6/64.6 545/62.6 53.5/61.6
Thai 30.3 43.4/52.5 46.5/54.5 475/54.5 46.5/54.5
Bengali 26.3 31.3/414 43.4/51.5 40.4/48.5 39.4/48.5
English 98.0 97.0/98.0 97.0/98.0 97.0/98.0 97.0/98.0
Chinese 91.9 77.8/92.9 77.8/92.9 80.8/92.9 80.8/92.9
Japanese 97.0 85.9/97.0 83.8/97.0 83.8/97.0 83.8/97.0
Korean 96.0 88.9/96.0 91.9/97.0 89.9/96.0 89.9/96.0
Spanish 94.9 76.8/96.0 77.8/96.0 82.8/96.0 82.8/96.0
Grounded  German 87.9 83.8/90.9 859/929  87.9/899 87.9/88.9
French 97.0 91.9/98.0 90.9/98.0 93.9/98.0 93.9/98.0
Arabic 92.9 89.9/96.0 52.5/96.0 76.8/96.0 75.8/96.0
Hindi 64.6 49.5/68.7 32.3/68.7 40.4/68.7 39.4/68.7
Vietnamese  78.8 60.6/79.8 62.6/79.8 59.6/79.8 59.6/79.8
Thai 84.8 81.8/84.8 80.8/84.8 81.8/84.8 81.8/84.8
Bengali 43.4 18.2/47.5 15.2/46.5 16.2/46.5 16.2/46.5

Table 5: Per-language version of Table 1. Base is unsteered accuracy. Each steering cell reports Acc. / Rec., where
Acc. steers every held-out example and Rec. is accuracy with selective recovery with original corrects preserved.

Steering source ~ Wrong—correct  Correct—wrong Retention  Steer-all Acc.
Lang-specific 12/134 (9.0%) 76/361 (21.1%)  285/361 (78.9%) 60.0%
English-transfer 11/134 (8.2%) 131/361 (36.3%)  230/361 (63.7%) 48.7%
Shared-SVD 11/134 (8.2%) 100/361 (27.7%)  261/361 (72.3%) 54.9%
LOO-SVD 11/134 (8.2%) 102/361 (28.3%)  259/361 (71.7%) 54.5%

Table 6: Transition counts for lower-resource image-grounded questions under Qwen3-VL-8B. Recovery counts
measure originally wrong examples corrected by steering; retention counts measure originally correct examples

preserved after steering.

where each row corresponds to one language and
d is the hidden dimension. We then compute an
uncentered singular value decomposition of M ©,
The shared steering direction is given by the top
right singular vector. We sign-align this vector to
the English steering direction and scale it by the
mean signed projection of the language-specific
vectors onto the shared axis.

To quantify how well this rank-1 direction sum-
marizes the multilingual steering directions, we
compute the fraction of vector energy explained by
the first singular direction:

0 _ (o))
B = o
> j (o j )?
()

where o, are the singular values of M (©). Higher
values indicate that the language-specific steering
vectors are well approximated by a single shared
direction.

For the main resid_pre configuration over lay-
ers 26-32, the rank-1 diagnostic is high across all

(D

selected layers (Tab. 11). The mean rank-1 en-
ergy is 85.9% with a layer-wise standard deviation
of 2.4 percentage points. This diagnostic is com-
puted over the 12 language-specific vectors used
by Shared-SVD. The two stored steering directions,
ck_to_ig and ig_to_ck, are sign reversals of one
another, so they have identical singular values and
identical explained-energy ratios.

A.10 Translation and Quality Control Details

We translate the Visual CounterFact color split into
11 target languages using HY-MT1.5-7B (Zheng
et al., 2025) with the default translation prompt.
The split contains 493 base examples; we use a
fixed 80/20 random split with seed 3730, giving
394 training examples and 99 held-out examples.
Each target language has two translated question
forms per example; paired with real and counter-
factual images, this yields 1,972 evaluated QA in-
stances per language. Our use of Visual Counter-
Fact is consistent with its research evaluation pur-
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Model Setting Base English-transfer Shared-SVD LOO-SVD
Qwen3-VL-8B  Layers 26-32, o = 0.25 33.2[30.5,36.1] 58.4[55.5,61.3] 54.5[51.6,57.5] 54.5[51.6,57.5]
Qwen3-VL-32B Layers 49-57, a = 0.10 47.0 [44.1,50.0] 59.2[56.3,62.1] 59.3[56.4,62.2] 59.4[56.5, 62.3]
Gemma-3-4B Layers 18-30, « = 0.20 19.4[17.1,21.8] 42.8[39.9,45.8] 41.6[38.7,44.5] 41.8[38.9,44.7]

Table 7: Non-English counterfactual-common steer-all accuracy with 95% Wilson confidence intervals. Results are

pooled over the 11 non-English target languages.
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Figure 3: Layer-wise margin for counterfactual images with common questions. The margin is the correct-answer

average log probability minus the prior-wrong average log

probability.

Source Base Acc. A Rec. A’ Ret.
Block output 3544 51.94 +16.50 58.84 +23.40 77.11
Attention output 35.44 35.10 -0.34 37.63 +2.19 90.01
MLP output 3544 39.14 +3.70 41.92 +6.48 89.52
resid_pre 3544 5396 +18.52 60.52 +25.08 77.52

Table 8: Activation-source ablation. Base is unsteered
accuracy; Acc. is accuracy after steering all held-out
examples; Rec. is recovery-only accuracy; Ret. is re-
tention on originally correct examples. Bold marks the
column maximum where values differ.

pose, and our translated annotations are intended
only for research use under the original dataset’s
access conditions.

For answer labels, our translation code wraps
each source color in a color context (e.g., “the color
orange’) before translation to reduce word-sense
ambiguity; we then convert translated labels to
bare color terms. In QC, we check for color-sense
mistakes such as translating the color “orange” as
the fruit “orange”, object-granularity changes such

@ Base Acc. A Rec. A’ Ret.

0.25
0.50
0.75
1.00

35.44
35.44
35.44
35.44

53.96
47.39
42.42
31.65

+18.52
+11.95
+6.99
-3.79

60.52
60.19
58.67
52.19

+25.08
+24.75
+23.23
+16.75

77.52
60.50
51.02
43.14

Table 9: Steering-strength ablation. Base, Acc., Rec.,
and Ret. follow Tab. 8. Bold marks the column maxi-
mum where values differ.

as replacing “Samoyed” with “dog”, and other
clear translation errors. We use GPT-5.5 (Ope-
nAl, 2026)-assisted consistency checks over the
translated rows to flag likely issues, then manually
adjudicate corrections. We also inspect translated
color terms for cross-language lexicalization differ-
ences. For example, in Vietnamese, blue and green
answer labels remain distinguished rather than us-
ing an underspecified blue/green label. We do not
identify cases where lexical differences make the in-
tended answer label ambiguous or inconsistent. As
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Figure 4: Layer-wise margin for counterfactual images with grounded questions. The margin is the correct-answer
average log probability minus the prior-wrong average log probability.
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Figure 5: Language-specific intervention windows from
layer-wise margin probes. Dotted lines mark the shared
26-32 window used in the main transfer experiments.

an additional native-speaker check, we inspect 100
randomly sampled Simplified Chinese examples
and do not identify translation errors that change
the intended question or answer. We did not con-
duct full native-speaker validation for every target
language; therefore, residual translation artifacts
may remain, as discussed in Limitations.

The row-level manual text edits are language-
specific but sparse (Tab. 12). We made 32 ob-
ject/question fixes across 5,423 target-language
rows (0.59%). Arabic required 8 fixes; Korean,

German, and French each required 4; Spanish and
Vietnamese each required 3; Japanese, Hindi, and
Thai each required 2; Chinese and Bengali required
none. These counts summarize object/question text
fixes; the color-term inspection and Simplified Chi-
nese spot check did not produce additional answer-
changing corrections.

A.11 Use of AI Assistants

We used Al assistants for writing and editing sup-
port, as well as for monitoring experimental outputs
and logs. All final claims, analyses, and corrections
were manually reviewed by the authors.
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Lang. Base S-Acc. A S-Rec. Ar L-Acc. A L-Rec. A

English 59.60 88.89  +29.29 91.92 +32.32 88.89  +29.29 91.92 +32.32
Chinese 62.63 81.82 +19.19 86.87 +24.24 78.79  +16.16 85.86 +23.23
Japanese 8.08 2424  +16.16 28.28  +20.20 36.36  +28.28 40.40 +32.32
Korean 16.16 3535 +19.19 37.37  +21.21 4545 +29.29 4747 +31.31
Spanish 44.44 64.65 +20.20 73.74  +29.29 68.69 +24.24 78.79 +34.34
German 55.56 71778  +22.22 84.85 +29.29 80.81 +25.25 89.90 +34.34
French 33.33 60.61 +27.27 64.65 +31.31 4747 +14.14 50.51  +17.17
Arabic 23.23 51.52  +28.28 52.53  +29.29 31.31 +8.08 32.32 +9.09
Hindi 29.29 37.37 +8.08 51.52  +22.22 37.37 +8.08 44.44  +15.15
Vietnamese 36.36 50.51 +14.14 60.61 +24.24 55.56 +19.19 64.65 +28.28
Thai 3030 4343 +13.13 52.53  +22.22 48.48 +18.18 56.57 +26.26
Bengali 26.26 31.31 +5.05 4141 +15.15 27.27 +1.01 4040 +14.14

Table 10: Layer-window ablation. S uses the shared 26-32 window; L uses language-specific windows. Acc. and
Rec. follow Table 8; A and A7 are changes relative to Base. Bold marks the higher S/L value within each row.

Layer
Metric 26 27 28 29 30 31 32 Mean + SD
Rank-1 energy (%) 87.9 88.1 86.9 85.7 86.2 85.5 80.8 859+24
Mean cosine 0932 0932 0925 0919 0918 0912 0.883 0.917£0.017

Table 11: Shared-SVD rank-1 diagnostic for the main resid_pre vectors on layers 26-32. Rank-1 energy is

100E£€). Mean cosine averages the cosine between each language-specific vector and the shared direction at that
layer after sign alignment.

Target language
Manual QC count Zh Ja Ko Es De Fr Ar Hi Vi Th Bn Total

Object/question fixes 0 2 4 3 4 4 8 2 3 2 0 32
Rows changed (%)  0.00 0.41 0.81 0.61 0.81 0.81 1.62 041 0.61 041 0.00 0.59

Table 12: Manual translation QC corrections. Each count is a language-row pair among 493 translated base examples
per target language. The total percentage divides by all 5,423 target-language row pairs.
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