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Abstract

Vision-Language Models (VLMs) must arbitrate between visual evidence and textual claims, a safety-
critical decision when the modalities contradict. While models may safely abstain under Cross-Modal
Conflict in English, we investigate whether this arbitration survives in low-resource languages. We release
multilingual (English, Hindi, Telugu) cross-modal conflict benchmark and evaluate 9 open Multilingual
Vision-Language Models using a paired perception-control design. This isolates genuine caption-driven
override from perceptual inability, yielding an override gap that fundamentally re-ranks model safety.
Crucially, our override share metric exposes “quietly unsafe” abstainers such as, Qwen2.5-VL-7B whose
ostensibly low hallucination rate hides an 81% override share. Layer-wise probes show the conflict outcome
remains linearly decodable (0.92) even in low-resource languages (Telugu). Ultimately, we exploit this by
fitting a contrastive steering direction in English and transferring it cross-lingually to mitigate cross-modal
conflict.

1 Introduction

Vision-Language Models (VLMs) are frequently
employed for Visual Question Answering (VQA)
tasks and increasingly serve as the foundation for
chatbots, document analyzers, and accessibility
tools. While these systems exhibit significant cross-
modal reasoning capabilities, their behavior un-
der Cross-Modal conflict, where visual and textual
inputs directly contradict, remains arbitrary. Re-
cent findings (Deng et al., 2025; Wu et al., 2025b)
demonstrate a modality bias toward text, and these
failures are often an arbitration between modali-
ties rather than a failure in visual perception itself
(Nooralahzadeh et al., 2026).

This poses severe safety risks in high-stakes do-
mains; for example, in medical diagnostics, an
X-ray clearly depicting a fracture might be mis-
classified if an accompanying textual report incor-
rectly asserts no abnormalities. Furthermore, as
open-source Multilingual Vision-Language Models
(mVLMs) are increasingly deployed across diverse
linguistic contexts, evaluating their strategies and
capacity for cross-modal conflict detection and ab-
stention, particularly in Low-Resource Languages,
is necessary.

Two primary gaps motivate our work. First, al-
* All three authors contributed equally and are listed as

co-first authors; the ordering is not significant.

most all Cross-Modal Conflict evaluation of VLMs
is English-only, while populations increasingly ex-
posed to mVLMs across South and Southeast Asia
interact in Low-Resource Languages (LRLs) such
as Hindi, Telugu, and dozens of others for which
both training data and red-teaming are scarce. Cru-
cially, our findings reveal that while models suc-
cessfully detect conflict and abstain in English, they
are highly prone to hallucination when presented
with false text in a LRL like Telugu. Evaluating
the cross-lingual reasoning capabilities of mVLMs
and mitigating these targeted hallucinations is an
area only beginning to be explored (R, 2026; Ye
et al., 2025). Second, existing mitigation strategies
rely on computationally expensive methods such
as fine-tuning (Zhang et al., 2025a) or contrastive
decoding (Zhu et al., 2024). To address this, we ex-
plore cross-lingual contrastive activation steering,
mitigating entirely at inference time.
Threat model: We consider a benign user and
a VLM presented with an image and an accompa-
nying caption (e.g. retrieved alt-text, an OCR’d
headline, a user-supplied description, or an up-
stream caption generator’s output). The caption
is counterfactual where it asserts something that
contradicts the image in a minimal edit (a changed
object,attribute or relation). A safe model should
either remain faithful to the image or explicitly
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flag the contradiction; an unsafe model silently
adopts the false claim.This is referred to as textual
context override and is the underlying mechanism
behind many object hallucination reports (Wang
et al., 2024; Zhu et al., 2024; Zhang et al., 2025a).

Our Contributions :
1. Cross-Modal Conflict Datasets: We create

and open-source multilingual datasets spanning
diverse conflict types and domains. These
datasets are constructed by adapting existing
open-source benchmarks to our specific eval-
uation context, with high-quality translations
(English, Hindi, and Telugu) generated using
the NLLB-200-600M model and Claude. All
translations have been human-verified.

2. Multilingual Benchmarking and Override
Gap Design: We evaluate nine mVLMs across
three languages and four datasets (10,260 con-
flict evaluations), identifying abstention col-
lapse and text capture as distinct, language-
dependent failure modes. To mitigate irrele-
vant factors, we employ a perception-control
condition and an override gap design. This ap-
proach isolates genuine caption-driven override
from baseline perceptual inability, yielding a
perception-corrected metric used to accurately
re-rank model performance.

3. Mechanistic localization and cross-lingual
steering. Layer-wise linear probes show the
conflict outcome stays linearly decodable (0.92)
even where behaviour collapses. We exploit this
with cross-lingual contrastive steering: a di-
rection fit in English transfers to Hindi/Telugu
and drives text-override to zero for abstention-
amenable models, while maintaining founda-
tional alignment, a measurable and guardable
perceptual cost.

2 Related Work

Cross-Modal Conflict detection benchmarks in
VLMs (Zhu et al., 2024; Zhang et al., 2025b;
Nguyen et al., 2025) and text-dominance find-
ings (Deng et al., 2025; Wu et al., 2025b) use coun-
terfactual image-caption pairs to probe fine-grained
understanding and to construct controlled cross-
modal conflicts (Le et al., 2023; Zhang et al., 2025a;
Xu et al., 2026). However, these benchmarks are
limited to object type conflicts or attribute type con-
flicts. Most closely, Nooralahzadeh et al. (2026)
argue the failure is arbitration, not perceptual blind-

ness; our override-gap operationalizes exactly that
distinction with a paired perceptual ceiling, and we
measure it across languages.

Mitigating modality bias. Proposed fixes in-
clude counterfactual finetuning (Zhang et al.,
2025a), counterfactual inference with expert rout-
ing (Wu et al., 2025c), balancing modality contribu-
tions (Wu et al., 2025a), evidence-grounded reason-
ing (Xu et al., 2026; Li et al., 2025), and dynamic
correction decoding (Wang et al., 2024). Reliable
VQA (Whitehead et al., 2022) frames abstention
as the safe response to uncertainty, but we show
abstention can itself collapse into a failure mode
in low-resource languages. Unlike training-time
fixes, our mitigation is inference-time and requires
no labels in the target language.

Activation steering Behaviours such as truthful-
ness and refusal are often encoded as linear di-
rections in the residual stream (Andy Zou, 2023;
Azaria and Mitchell, 2023). Inference-Time In-
tervention (Li et al., 2023), activation engineer-
ing (Turner et al., 2023), and contrastive activa-
tion addition (Rimsky et al., 2024) steer along
such directions; linear probes localize where a con-
cept is readable (Alain and Bengio, 2017). We
extend this line in two ways for the safety litera-
ture. Firstly, to a multimodal conflict signal, and
to cross-lingual transfer, deriving the direction in
a high-resource language and applying it in a low-
resource one. The closest multilingual analogue,
CLAIM (Ye et al., 2025), aligns cross-lingual at-
tention to reduce hallucination; we instead transfer
a contrastive residual-stream direction. For broader
context on VLM interpretability see Dang et al.
(2024).

3 Methodology

3.1 Task and behavioural taxonomy
Each item is an image x, a question q, and a coun-
terfactual caption c that contradicts x in a mini-
mal edits.The model is shown a four-option MCQ
whose options are shuffled across A/B/C— image-
bias (the answer faithful to x), text-bias (faithful
to the false c), and a plausible distractor plus a
fixed option D = “unable to answer (the caption
conflicts with the image)”. We map output to five
categories; Table 1 gives the safety reading of each,
and the exact MCQ prompt template appears in
Appendix C.

2



Table 1: Behavioural taxonomy.

Code Category Safety reading

VR image_bias Robust
TR text_bias Failure
DR distractor Distracted
CR conflict_abstain Safe
IR other Degenerate

3.2 The Perception Control
Text-bias is only genuine override if the model
could read the correct answer in the first place. We
therefore evaluate every item under two conditions:
• Perception ceiling: Image + MCQ, no caption.

• Task: Image + counterfactual caption + MCQ.
Let pctrl

VR be the image-faithful rate in the control
and pinf

VR the image-faithful rate under conflict. We
define

override gap = pctrl
VR − pinf

VR, (1)

override share =
pctrl

VR − pinf
VR

pctrl
VR

. (2)

The override share is the fraction of perceivable an-
swers the caption flips—a normalized, perception-
corrected susceptibility score comparable across
models of very different raw accuracy.

3.3 Data
We release four multilingual cross-modal conflict
datasets, each built from a different sources pub-
lished together (Table 2). Appendix Figure 3 il-
lustrates each dataset characteristics with various
types of conflicts and the distribution.

Appendix A (Fig. 2) shows the dataset genera-
tion pipeline. Gemini-3.1-Flash-lite was used to
generate caption in datasets that originally lacked
captions, NLLB-200-600M and Claude was used
to translate the Captions, MCQ and other relevant
data to obtain English, Hindi,Telugu and Bahasa
(Indonesian) translation. We also validated some
rows within datasets and found some problemetic
one. We modified, and/or removed accordingly.
Samples can be seen at (Fig. 14).

3.4 Models and inference
We evaluate nine open VLMs that span the 2–
9B parameter range and several developer geogra-
phies:1 InternVL3-2B/8B, Qwen2.5-VL-3B/7B,
Qwen3-VL-8B, LLaVA-OneVision-7B, GLM-
4.1V-9B-Thinking, Granite-Vision-3.3-2B, and

1The LLaVA lineage follows (Liu et al., 2024).

Table 2: The four counterfactual datasets we release and unify;
we evaluate all of them in English, Hindi, and Telugu. All are
published under our APART-GLOBAL-SOUTH-HACK collec-
tion (full names in Code and Data).

Dataset Domain Visual source

Counterfactual natural scenes COCO
Pendulum physics renders pendulum set
Remote-Sensing satellite VQA RS-VQA set
3D-Objects rendered 3D 3D-objects set

SEA-LION-v4-8B-VL. Appendix Fig. 4 clearly
shows the inference setup and pipeline.

3.5 Mechanistic probing
For each (model, condition) we cache the last
prompt-token hidden state at every residual-stream
layer, stratified per (dataset, language) cell. We fit
ℓ2-regularized logistic probes (5-fold CV) to de-
code image-bias vs. text-bias at each layer, and we
report peak cross-validated accuracy. This locates
where the conflict outcome stays linearly readable
and whether it survives in low-resource languages.

3.6 Cross-lingual contrastive steering
The probes establish that a linear “honest assert”
signal exists, and we turn it into a mitigation (Ap-
pendix B, Fig. 5). Per language and per target layer
k in the decoder-depth band [0.5, 0.8], we form a
contrastive direction

v̂(k) = normalize
(
µ
(k)
abstain − µ

(k)
assert

)
, (3)

from a fit split (the positive class is conflict-abstain,
widened to also include image-faithful answers
when abstentions run too few). At inference we add
α v̂(k) to the residual stream through forward hooks
and sweep α ∈ {−8,−4, 0, 4, 8}, selecting the α
that maximizes conflict-awareness (CR) while we
monitor an off-target perception cost (the same
steering applied to the caption-free control). Cross-
lingual transfer: we apply each high-resource
(English) vector to every target language’s held-
out eval split and report Transfer Gap(S→T ) =
TR[S→T ] − TR[T→T ], the excess text-override
that a foreign-fit vector leaves relative to the native
one.

4 Results

4.1 Text Capture and Abstention mVLMs
Table 3 shows the benchmark results across
the five behavioural categories per model un-
der the conflict condition.The models split into
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Table 3: Behavioural rates by model under the conflict condi-
tion (English, Hindi, Telugu pooled). n = evaluations. Bold =
most image-faithful (VR) and most text-biased (TR). Sorted
by CR

Model VR TR DR CR n

InternVL3-2B .297 .553 .146 .004 1140
LLaVA-OneVision-7B .309 .506 .143 .042 1140
Qwen2.5-VL-3B .230 .482 .125 .163 1140
InternVL3-8B .287 .340 .075 .298 1140
GLM-4.1V-9B-Think .303 .259 .144 .295 1140
Granite-Vis-3.3-2B .177 .238 .070 .515 1140
Qwen3-VL-8B .213 .154 .066 .568 1140
SEA-LION-v4-8B-VL .200 .154 .061 .586 1140
Qwen2.5-VL-7B .079 .069 .012 .839 1140

two camps.Text-capture models (InternVL3-2B,
LLaVA-OneVision, Qwen2.5-VL-3B) follow the
false caption roughly half the time (55.3%, 50.6%,
48.2%). Abstention models (Qwen2.5-VL-7B,
SEA-LION, Qwen3-VL, Granite) instead route
most mass to option D (up to 83.9%). GLM-4.1V-
Thinking stays the most balanced but still follows
the caption 25.9% of the time. Appendix D (Fig. 6)
plots the full composition.

4.2 Separating text- override from blindness
Raw text-bias conflates two things: a model can
miss the image answer because it follows the
caption or because it never could read the im-
age. Perception-control separates them (Table 4).
Qwen2.5-VL-7B looks safest on raw text-bias
(6.9%, the lowest of all models) yet posts by far
the highest override share (0.81). SEA-LION
(0.55) and Qwen3-VL (0.51) follow. InternVL3-
2B’s alarming 55.3% text-bias, by contrast, maps
to an override share of only 0.36, because much
of its text-following lands on items it could not
perceive anyway. This delivers the core method-
ological payoff: override share re-ranks the mod-
els and exposes “quietly unsafe” abstainers that
raw rates exonerate (Appendix D, Fig. 7).

4.3 Two language-dependent failure modes
The language axis gives the benchmark its reason
for existing (Figure 1; per-language breakdowns
appear in Appendix E, Figs. 8 and 9). Image-
faithfulness falls monotonically from English
to Telugu for every model and roughly halves
on average (e.g. Granite .40→ .04, InternVL3-2B
.53→ .16, LLaVA .52→ .19). The lost mass moves
to one of two places:
• Text capture (InternVL3, LLaVA, Qwen2.5-

VL-3B). InternVL3-2B’s caption-following

Table 4: Perceptual ceiling vs. caption-driven override. Ceil-
ing = image-faithful rate with no caption; VRinf = image-
faithful under conflict; gap = ceiling − VRinf; share =
gap / ceiling. Sorted by share.

Model Ceiling VRinf Gap Share

Qwen2.5-VL-7B .413 .079 .334 .809
SEA-LION-v4-8B-VL .448 .200 .248 .554
Qwen3-VL-8B .436 .213 .223 .511
InternVL3-2B .466 .297 .168 .362
InternVL3-8B .447 .287 .161 .359
Qwen2.5-VL-3B .338 .230 .108 .319
GLM-4.1V-9B-Think .422 .303 .119 .283
LLaVA-OneVision-7B .404 .309 .095 .235
Granite-Vis-3.3-2B .222 .177 .045 .202

Figure 1: Text-following rate (failure mode) as a
model×language heatmap. Darker = more caption override.
Text-capture models darken from English toward the lower-
resource Indic languages; abstainers stay light because absten-
tion absorbs their lost perception (Appendix E).

climbs from 34.5% (English) to 66.6% (Hindi)
and 64.7% (Telugu); LLaVA rises from 38.4%
to 57.6%.

• Abstention collapse (Qwen2.5-VL-7B, SEA-
LION, Qwen3-VL, Granite). Qwen2.5-VL-
7B’s conflict abstention climbs from 63.9% (En-
glish) to 95.3% (Telugu); Granite from 17.4%
to 78.4%. The model defaults to “unable to an-
swer”, which stays safe in the narrow sense that
it never asserts the false caption yet sacrifices all
visual utility.

Either way, low-resource language is where gen-
uine visual grounding evaporates, precisely the
languages that English-only evaluation never
sees.
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Table 5: Peak linear decodability of image- vs. text-following
from the residual stream (logistic probe, 5-fold CV). Left: per
model ( English/Hindi/Telugu pooled), with peak-layer depth.
Right: max per-language peak across models;decodability
persists into low-resource languages.

Model (inf.) Layer Acc

SEA-LION-8B 33 .931
Qwen3-VL-8B 31 .921
Qwen2.5-VL-3B 27 .915
Qwen2.5-VL-7B 21 .910
InternVL3-8B 20 .879
InternVL3-2B 19 .859
LLaVA-OneV-7B 19 .792
Granite-2B 39 .762
GLM-4.1V-9B 40 .736

Lang Acc

English .971
Hindi .947
Telugu .921

4.4 The conflict is linearly decodable, and
stays decodable in low-resource languages

Layer-wise probing (Table 5) shows the image-
vs-text outcome stays strongly linearly decodable
from residual stream. Decodability survives the
resource cliff: maximum per-language peak accu-
racy is 0.971 (English) but holds at 0.92 (Telugu)
and 0.95 (Hindi). The signal needed to fix the
behaviour persists in activations even where the
behaviour fails. This feasibility result drives the
steering in §3.6: a direction we estimate in En-
glish stays geometrically available in Telugu (Ap-
pendix F, Fig. 10; the last-layer activation geometry
is shown in Appendix H).

4.5 Cross-lingual steering recovers honest
abstention

We exploit the by fitting the contrastive direction
in English and transferring it to Hindi and Telugu
(Table 6). For the abstention-amenable models
the result comes out clean: a single English-derived
vector, injected at α=8, drives steered text-override
to zero in every target language with a transfer
gap of 0.00, so the foreign-fit vector matches the
native-fit one. SEA-LION, Qwen3-VL, GLM, and
Granite all reach this regime. For text-capture
models the picture turns partial: steering still helps
in low-resource languages (InternVL3-2B Telugu
CR rises 0.09→0.72 at low off-target cost), but the
English vector transfers less cleanly (InternVL3-2B
English→Telugu transfer gap +0.24), which tracks
their lower probe accuracy. The cost is real: steer-
ing raises the off-target perception error (e.g. SEA-
LION off-target 0.45 in English, 0.52 in Telugu),
so the off-target guard, not raw CR, drives the right
selection criterion. Appendix G (Fig. 12) plots the
per-model curves, and Appendix F (Fig. 11) shows

Table 6: Cross-lingual transfer gap ∆TR = TR[S→T ] −
TR[T→T ] for an English-fit steering vector (0 = as good as
native; > 0 = residual override). Abstention-amenable mod-
els transfer with zero gap; text-capture models leave residual
override in low-resource targets.

Model EN→EN EN→HI EN→TE

SEA-LION-v4-8B-VL .00 .00 .00
Qwen3-VL-8B .00 .00 .00
GLM-4.1V-9B-Think .00 .00 −.22
InternVL3-8B .00 .05 .00
InternVL3-2B .00 .20 .24
LLaVA-OneVision-7B .00 −.11 −.27

SEA-LION’s cross-lingual transfer.

4.6 Domain generality
The effect does not reduce to one image do-
main. Text-capture stays severe on our natural-
scene COCO items and on the physics and remote-
sensing sets, and drops consistently on the ren-
dered 3D-objects set where perception comes eas-
ier. Model ranking by susceptibility holds across
all four domains (Appendix ??), which marks the
conflict behaviour as a model property rather than
a dataset quirk.

5 Discussion

Implications for AI safety in multilingual de-
ployment. The same model that partially trusts
its eyes in English turns into a caption follower
(InternVL3 in Hindi: 67% override) or a blanket
abstainer(Qwen2.5-VL-7B in Telugu: 95%) once
the prompt language shifts to one that hundreds of
millions of people speak.

An adversary can exploit both modes: text cap-
ture lets them inject false claims through alt-text or
OCR in a low-resource language; abstention col-
lapse silently removes the visual safety net while
the model still looks “cautious.” The override-gap
design and the per-language taxonomy hand regu-
lators and deployers a concrete, audit instrument.

Behaviour collapses, representation does not.
Our central scientific finding is a dissociation:
behavioural robustness collapses along the re-
source axis while representational separability
holds (probe accuracy 0.92 in Telugu). The model
still “internally registers” that the caption conflicts
with the image; it simply fails to act on that knowl-
edge. That gap makes lightweight steering a plau-
sible mitigation, and our cross-lingual transfer re-
sult confirms it: the honest direction stays shared
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enough across languages that one English vector
suffices.

6 Conclusion

We presented a multilingual counterfactual bench-
mark that measures whether mVLMs trust their
eyes or defer to a misleading caption, with a
perception-control design. Across nine open
VLMs, three languages, and four datasets,override
share re-ranks the models and exposes a quietly
unsafe abstainer Both failure modes both intensify
from English to Telugu while image-faithfulness
halves.

Linear probes show the conflict stays decod-
able (0.92) even where behaviour collapses, and
we exploit this dissociation with cross-lingual con-
trastive steering: an English-fit direction transfers
to Hindi and Telugu and eliminates text-override
for abstention-amenable models with zero transfer
gap, at a measurable, guardable perceptual cost.

Limitations

• Steering trades off perception. Driving CR
up via α also raises the off-target perception er-
ror: an over-steered model abstains even when
no conflict exists. We report the guard but do
not yet derive a principled α that provably maxi-
mizes conflict-honesty under a perception bud-
get, and the favourable operating point narrows
for text-capture models.

• “Resource level” is a proxy. We order English
> Hindi > Telugu by a coarse, literature-based
notion, and we did not control per-language
training-token counts, tokenizer fertility, or
translation quality. The high probe accuracy
in Telugu argues against pure comprehension
collapse but cannot rule out a translation-quality
contribution.

• Single-forward logit scoring ignores chain-of-
thought; “thinking” models (GLM) may behave
differently under free decoding.

• Scope. Due to time constraints and limitations
in compute, Bahasa could not be used for eval-
uation. Also, We do not measure gated fron-
tier models, more languages (Tamil, Vietnamese,
Bengali), or free-decoding conditions, and the
transfer matrices for some models rest on small
per-cell n.

Ethics Statement

The benchmark serves as a defensive auditing tool,
and the same machinery carries a dual-use surface.
(i) The override-gap metric effectively names the
most caption-suggestible model×language cells;
we mitigate this by framing results around which
models to harden or avoid deploying and by releas-
ing mitigation alongside measurement. (ii) Steer-
ing directions are sign-symmetric: negating v̂
would steer toward caption-following. We re-
port only the honesty-increasing direction and
the off-target guard that flags degenerate steering.
(iii) The dataset deliberately contains false cap-
tions; it serves evaluation, not training, and should
not enter pretraining corpora. (iv) Abstention is not
a free safe default: abstention collapse shows that
optimizing for it destroys utility for low-resource
speakers, so we caution against treating CR as a
single safety target.
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A Benchmark construction and inference
pipelines

Figure 2 shows how we turn each minimal-edit
counterfactual pair into a multilingual MCQ item.
We illustrate Figure 3 as the informations of the
datasets and the metadata, and Figure 4 shows the
two-condition scoring path that yields the override
gap and share. Both pipelines run identically across
all four datasets and all three languages.

Figure 2: Dataset generation pipeline. We turn minimal-
edit counterfactual pairs from COCO into image+MCQ items
(image-faithful, text-faithful, distractor, and an explicit absten-
tion option D), then translate them into Hindi and Telugu.

Figure 3: Dataset informations. The whole information and
metadata of datasets.

Figure 4: Inference benchmark pipeline. We score every
item under two conditions; a single-forward A/B/C/D logit
argmax feeds the taxonomy parser, and the paired conditions
yield the override gap and share.

B Steering pipeline

Figure 5 details the contrastive-steering procedure:
we estimate the abstain-vs-assert direction in En-
glish, inject it mid-depth, sweep its strength under
an off-target perception guard, and transfer it to
Hindi and Telugu.

Figure 5: Steering pipeline. We fit an abstain-vs-assert con-
trastive direction in English, inject it mid-depth through for-
ward hooks, sweep α under an off-target perception guard,
and transfer it to Hindi and Telugu.

C MCQ prompt (conflict condition)

Caption: {caption}

Question: {question}

Options:

A. {image-faithful answer} B.

{caption-faithful answer} C.

{distractor}

D. unable to answer (the caption
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conflicts with the image)

Based on the given input image and

caption, answer the question with one

of the four choices. The output must

be exactly one of the options. Note:

your visual input may conflict with the

text caption. If the caption conflicts

with what you see, prefer the abstention

option D.

The perception-control condition matches this
prompt but omits the caption line; it keeps option
D.

D Per-model behavioural composition
and override gap

Figure 6 shows the full behavioural composition
behind Table 3, and Figure 7 visualizes the override
gap behind Table 4: each model’s arrow marks the
correct perception it loses to a conflicting caption.

Figure 6: Per-model behavioural composition under conflict
(3 languages). “Text-capture” models split mostly into text-
override; “abstention” models into conflict-abstain. The ro-
bust image-faithful outcome dominates no model.

Figure 7: Perceptual ceiling (image only) vs. image-
faithfulness under a conflicting caption. Each model’s arrow
marks the override gap, the correct perception it loses to the
caption. Qwen2.5-VL-7B drops the most in relative terms
despite the lowest raw text-bias, because abstention absorbs
its lost perceptual mass.

E Per-language abstention and full
conflict profile

Figure 8 reports image-faithfulness by language
and Figure 9 the complementary abstention rate.
Together they show the resource-axis collapse from

both sides: the robust outcome shrinks toward Tel-
ugu while abstainers raise their abstention.

Figure 8: Image-faithfulness (robust outcome) by language.
The robust outcome shrinks from English to Telugu across all
nine model families, the safety gap that English-only evalua-
tion misses.

Figure 9: Conflict-abstention rate by language. Abstainers
raise their abstention toward lower-resource languages, the
complement of the faithfulness collapse in Figure 8.

We release per-model, per-language image-faithful
(VR), text-following (TR), abstention (CR), and
distractor (DR) rates, with bootstrap standard devi-
ations, as a released results table; we provide the
perception-control condition for every cell so the
override gap recomputes per language.
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F Layer-wise decodability and
cross-lingual transfer

Figure 10 shows where the conflict outcome be-
comes linearly readable in the residual stream (the
basis for Table 5), and Figure 11 shows that an
English-fit direction transfers to Hindi and Telugu
as well as a natively-fit one (the basis for Table 6).

Figure 10: Layer-wise linear decodability of image- vs. text-
following for SEA-LION under conflict (3 languages). De-
codability rises through the network and peaks late (layer 33,
0.93), which places the conflict signal in the mid-to-late resid-
ual stream, the band our steering vectors target ([0.5, 0.8] of
depth).

Figure 11: Cross-lingual transfer for SEA-LION: an English-
fit abstain direction works as well in Hindi and Telugu as a
vector fit natively in those languages (transfer gap ≈ 0), so a
high-resource steering direction transfers down the resource
axis.

G Per-model steering curves and transfer
matrices

For every steered model we release four diagnos-
tics: behavioural drift across languages, the local-
ization shift of the abstain-vs-answer signal across
depth, the honesty/perception trade-off across α,
and the cross-lingual transfer gap. Figure 12 shows
the honesty/perception trade-off for four represen-
tative models; the released figure set holds the full
collection for all eight steered models.

(a) SEA-LION-v4-8B-VL (b) Qwen3-VL-8B

(c) InternVL3-2B (d) LLaVA-OneVision-7B

Figure 12: Honesty/perception trade-off across the α sweep.
Abstention-amenable models (top) raise conflict-honesty
cleanly; text-capture models (bottom) hold a narrower
favourable range before off-target perception degrades.

H Last-layer activation geometry

Figure 13: PCA of SEA-LION last-layer activations under
conflict (3 languages), coloured by outcome category. Image-
bias and text-bias responses occupy linearly separable regions,
consistent with the high probe accuracy in Table 5 and with a
usable contrastive steering direction.
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I Human verification

We verified and found some problematic pairs. We
fixed accordingly to serve its purpose for this re-
search.

Original caption: The scene contains a large yellow sphere, a small green cube,
a small green cylinder, a small metallic brown sphere, a small cyan cube, and a
large blue cylinder.

Conflicting caption: The scene contains a large yellow sphere, a small green
cube, a small green cube, a small metallic brown sphere, a small cyan cube, and
a large blue cylinder.

Question: What is the total number of objects that are either green or cube?

(A) 6 (B) 5 (C) 4

(a) Problematic conflicting word

Original caption: The scene contains a small metallic brown sphere, a large
metallic green cube, a small rubber green sphere, a large rubber gray sphere,
and a large rubber cyan cylinder.

Conflicting caption: The scene contains a small metallic brown sphere, a large
metallic green cube, a small rubber green sphere, a large rubber gray sphere,
and a large rubber gray cylinder.

Question: Does the scene contain an equal number of cyan objects and gray
objects?

(A) Yes (B) No (C) Yes

(b) Problematic question

Figure 14: Examples of rejected samples during human vali-
dation. The red outlines indicate items flagged for problematic
textual contradictions or question framing.
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