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Abstract. Large vision-language models (LVLMs) are vulnerable to ty-
pographic attacks, where misleading text inserted into an image can over-
ride visual understanding. However, existing evaluation protocols and
defenses are largely focused on object recognition and do not consider
text-reading capability. This is a critical oversight: real-world scenarios
often require both recognizing objects and reading scene text (e.g., rec-
ognizing pedestrians while reading traffic signs), where simply ignoring
all text for robustness is unacceptable in practice. To address this gap,
we introduce a novel task, Read-or-Ignore VQA (RIO-VQA), which
jointly evaluates both requirements: models must decide, from context,
when to read scene-text and when to ignore inserted distractor text. To
evaluate this capability, we present RIO-Bench, a same-scene counter-
factual benchmark that holds the scene fixed while varying only question
intent (object vs. text) and text condition (clean vs. attack), enabling
direct comparisons of model behaviors with reduced confounding fac-
tors. Using RIO-Bench, we highlight a trade-off: representative defenses
developed in object-centric settings can achieve robustness by suppress-
ing text sensitivity, at the cost of text-reading performance (i.e., “ignor-
ing” text). Motivated by this trade-off, we provide a data-driven defense
baseline that improves both requirements on RIO-Bench, complementing
prior text-ignoring baselines. Overall, this work highlights a fundamen-
tal misalignment between the current object-centric robustness scope and
real-world multimodal requirements, providing a principled path toward
reliable LVLMs.
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1 Introduction

Large vision-language models (LVLMs) have demonstrated remarkable capa-
bilities in understanding visual content [1,|18}2022}31]; however, they remain
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Fig.1: Read-or-Ignore VQA (RIO-VQA) evaluates two requirements within a
single scene: robustness to inserted distractor text while preserving scene-text under-
standing. We define four evaluation settings by crossing question intent (object vs. text)
with text condition (clean vs. attack). This setup highlights a blind spot of prevailing
object-centric evaluations: suppressing text cues (e.g., “ignoring” text) can appear ro-
bust for object-centric tasks yet degrade scene-text reading.

vulnerable to typographic attacks @, where misleading text inserted into
an image can override visual understanding, as models often over-trust textual
cues. Such attacks pose a practical threat that must be addressed because they
require no model-specific optimization, are easy to deploy in digital or physical
settings, and transfer broadly across text-capable models.

Robustness to typographic attacks has been predominantly evaluated in 0b-
ject recognition or object-centric reasoning @ However, we point to a
key limitation of object-centric protocols: they cannot tell whether robustness
to typographic attacks is achieved while preserving text reading, or by sup-
pressing text sensitivity (i.e., “ignoring” text). In practice, LVLMs often require
joint understanding of objects and scene texrt within the same scene, making
this evaluation scope misaligned with real-world needs. As LVLMs are deployed
in practical real-world contexts, including emerging decision-making scenarios
such as embodied AI systems , this joint requirement becomes increas-
ingly important. For example, autonomous vehicles must recognize pedestrians
while reading traffic signs , and embodied Al agents must interpret
written instructions or notices to act appropriately in the real world [9,[16].

In this work, therefore, we argue that typographic robustness and scene-text
understanding should be jointly evaluated. Specifically, we introduce a novel
notion of read-or-ignore behavior as a desired capability for LVLMs in visual
question answering (VQA) (Fig. . Based on the question context, a model
should (i) read question-relevant scene text when needed, while (ii) ignoring
inserted distractor text intended to mislead the model. To evaluate this capability
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with reduced confounding factors, we formulate a new task, Read-or-Ignore
VQA (RIO-VQA), which fixes the underlying scene and varies only two axes:
question intent (object- vs. text-centric) and text condition (clean vs. attack)
(Fig. . This same-scene counterfactual design isolates read-or-ignore behavior
by enabling direct comparisons under shared visual conditions.

To evaluate RIO-VQA, we introduce RIO-Bench, a dataset of same-scene
counterfactual pairs that isolate read-or-ignore behavior. The key challenge is
counterfactual validity: varying only the two axes of question intent and text
condition while keeping all other scene evidence fixed. To pair object- and text-
centric questions for the same image, we use TextVQA [33], where each image is
annotated with text-reading Q& A and metadata object labels. We use the origi-
nal text-reading Q&A to form the Tezt-Clean subset. Using the object labels, we
construct object-centric questions for the same images (Obj-Clean). Then, for
each object- or text-centric question, we create a same-scene attacked counter-
part by inserting distractor text to mislead the model, creating Obj-/Text-Attack
subsets. This yields four matched subsets (object/text x clean/attack) under the
same visual scene. With this design, RIO-Bench enables same-scene counterfac-
tual evaluation of read-or-ignore behavior.

Using RIO-Bench, we make two key observations. First, across representa-
tive architectures, recent LVLMs often over-trust inserted distractor text under
typographic attacks, despite being able to read text. Second, object-centric de-
fenses can improve robustness on object questions at the cost of scene-text un-
derstanding. This suggests that, in object-centric settings, robustness gains can
come from broadly downweighting textual cues, rather than selectively filtering
only the inserted distractor text. Together, these results expose a fundamental
misalignment between the prevailing object-centric robustness scope and real-
world multimodal requirements: current evaluation practices can inadvertently
encourage “ignore-text” defenses, undesirable in real-world settings.

Finally, motivated by this trade-off, we present a data-driven, architecture-
agnostic defense baseline trained on the RIO-Bench training split. By fine-tuning
on a balanced mixture of read (scene-text) and ignore (distractor-text) instances,
our method outperforms “text-ignoring” baselines on RIO-Bench, improving ro-
bustness while preserving scene-text understanding across six recent LVLMs.
This provides a first step toward reliable LVLMs that are robust to typographic
attacks without sacrificing scene-text understanding.

Contributions. Our contributions are summarized as:

— RIO-VQA. We formulate Read-or-Ignore VQA, requiring context-dependent
read-or-ignore behavior: read question-relevant scene text when needed, while
ignoring inserted distractor text intended to mislead the model.

— RIO-Bench. We introduce a same-scene counterfactual benchmark that
varies only question intent (object vs. text) and text condition (clean vs.
attack), enabling direct, reduced-confound evaluation of read-or-ignore be-
havior.
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— Findings. RIO-Bench reveals a fundamental misalignment between prevail-
ing object-centric robustness scope and real-world needs: object-centric de-
fenses can gain robustness by suppressing text sensitivity, at the cost of
text-reading performance.

— Baseline defense. We provide an architecture-agnostic, data-driven defense
trained on RIO-Bench that improves robustness while largely preserving text
understanding, outperforming prior text-ignoring baselines across six recent
LVLMs.

2 Related Work

Typographic Attacks on Vision-Language Models. Goh et al. |11] first
showed that short words written on or near objects can flip CLIP [31] pre-
dictions, revealing typographic attacks exploiting over-reliance on in-image text.
Subsequent work studied digital overlays for systematic analysis (e.g., TypoD [7])
as well as more realistic physical or scene-coherent insertions (e.g., SCAM |[39],
SceneTAP [6]). While these studies establish practicality, typographic robustness
and scene-text understanding are typically evaluated separately. R1IO-Bench com-
plements this line of work by enabling joint evaluation of robustness and text
understanding under matched visual scene, making their trade-off measurable.

Defenses Against Typographic Attacks. Existing defenses [2}7//15/2737]
are largely developed and evaluated under object-centric robustness settings,
gaining robustness by reducing sensitivity to textual cues. Most methods tar-
get CLIP’s zero-shot image classification, e.g., representation projection to re-
move text-related features [27], defensive prefix tuning to reduce text sensi-
tivity [2|, or image-reflection-based textual feature cancellation that requires
pre-specification of read/ignore modes [|37]. The most recent defense targeting
LVLMs (e.g., LLaVA |22]) uses chain-of-thought prompting to reduce reliance on
textual cues |7], but its evaluation has been limited to object-recognition tasks.
Using RIO-Bench, we show that object-centric defenses can gain robustness at
the cost of text-reading capability. We also provide a data-driven baseline that
improves robustness while largely preserving text reading on RIO-Bench.

Vision-Language Models and Text-Reading VQA. Recent LVLMs
such as LLaVA [22] and Qwen-VL 3] enable unified visual reasoning across di-
verse scenarios, from general object understanding |12] to knowledge-based rea-
soning [25] and real-world applications [4}14}23]. Their text-reading ability, how-
ever, has been primarily evaluated on text-centric VQA benchmarks [533H35],
which focus on text recognition itself and overlook contexts where text should be
disregarded, such as typographic attacks. RIO-Bench bridges this gap by evalu-
ating object- and text-centric questions under clean/attack conditions within the
same scene, enabling controlled analysis of robustness to distractor text while
preserving scene-text understanding.
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3 Task Definition

Typographic-attack robustness has often been evaluated in object-centric set-
tings [2,[7], where reducing sensitivity to textual cues can improve robustness.
However, this is insufficient for real-world visual tasks that require both object
recognition and scene-text reading. This motivates evaluating selective text use:
deciding from context when to read text and when to ignore it.

To this end, we define Read-or-Ignore VQA (RIO-VQA) as a unified
evaluation requirement (Fig. . Given an image and a question, models should
remain robust to inserted distractor text while reading relevant scene text when
needed. Here, relevant scene text refers to scene text required by the question
intent, whereas distractor text refers to inserted text intended to mislead the
model. Each instance in RIO-VQA is specified along two orthogonal axes: ques-
tion intent (object vs. text-centric) and text condition (clean vs. attack). Cross-
ing these axes yields four complementary settings:

— Obj-Clean: Object-centric questions on clean images.

— Obj-Attack: Object-centric questions on images with inserted distractor
tert designed to mislead recognition.

— Text-Clean: Text-centric questions on clean images that require reading

relevant scene text.

Text-Attack: Text-centric questions on images with inserted distractor text

designed to mislead reading.

In essence, RIO-VQA compares these four settings under the same underlying
scene to enable counterfactual evaluation under matched visual evidence.

4 Benchmark Construction

We next describe the construction of RIO-Bench, a benchmark designed to iso-
late read-or-ignore behavior via same-scene counterfactuals. Simply combining
existing object-VQA and text-VQA datasets evaluates “reading” and “ignoring”
on different scenes, introducing confounds from dataset/scene priors (e.g., text
density, layout, or content biases) that can obscure true read-or-ignore capability.
RIO-Bench instead keeps the underlying scene fixed and varies only (i) question
intent and (ii) inserted text, enabling direct within-scene comparisons under con-
trolled counterfactuals. The overall pipeline is illustrated in Fig. [2| (detailed in
Appendix), and the resulting subsets are summarized in Tab.

4.1 Core Design: Leveraging Dual Annotations

The central challenge is to construct same-scene object- and text-centric ques-
tions under a unified setup. Most existing datasets specialize in either object-
centric reasoning or scene-text reading, but not both for the same image. Our
key insight is to leverage dual annotations on identical images: (i) scene-text
QA and (i) object labels.
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Fig. 2: Data construction pipeline of RIO-Bench. Starting from TextVQA I3__3],
we add object-centric questions so each image supports both Object- and Text-VQA
under the same scene. We then create attacked variants by inserting distractor text,
yielding the four settings in RIO-VQA (object/text x clean/attack) for controlled
evaluation of robustness to distractor text while preserving scene-text understanding.

We build RIO-Bench upon TextVQA , whose images are sourced from
Open Images . Since Open Images provides object class annotations, we can
pair text- and object-centric questions for the same images. Concretely, we use
the original TextVQA Q&A pairs to form the Text-Clean subset, and construct
object-centric Q& A from the aligned Open Images object labels to form the Obj-
Clean subset. We then generate attacked variants for both intents by inserting
distractor text, yielding Obj-Attack and Text-Attack (Fig. . Although built
on TextVQA, the underlying design is readily extensible to other datasets with
similar dual annotations.

4.2 Challenge 1: Designing Questions

The first challenge is to design paired text- and object-centric questions for iden-
tical images under a unified setup. We detail our question construction below.
Text-Centric Questions. We use the original open-ended questions from TextVQA,
preserving their natural linguistic and semantic diversity.

Object-Centric Questions. For completeness, we introduce two complemen-
tary formats with controlled variation, providing balanced coverage across dif-
ferent question types and difficulty levels:

— Multiple-Choice (MC): “Which object is present in the image? (A) cat
(B) dog (C) car (D) chair. Answer with only the option letter (A, B, C, or
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Table 1: RIO-Bench evaluation subsets.

Task ID Condition Level QA-Type Score Num.
. MC Acc. 3166
Obj-Clean ocC Clean - OE R-CLIP-M 3166
, MC Acc.  3166x3
‘ OA-OV Overlay-Attack e/m/h OF R-CLIP-M 31663
Obj-Attack - — = - = = = = = = = = = = - — — — — MC T T T Ace. T T 3166
OA-ST SceneTAP-Attack — OE R-CLIP-M 3166
Text-Clean TC Clean - OE VQA Acc. 3166

TA-OV Overlay-Attack  e/h OE VQA Acc. 3166x2
Text-Attack- 50 ST SeeneTAP-Attack — ~~  OE ~ VQA Acc.” 3166

D).” Selecting negative options is not trivial: A naive approach that ran-
domly samples object labels often produces trivial questions (all negatives
too far from the ground truth) or overly difficult ones (all too similar). To
obtain more balanced and diverse negatives, we adopt a hierarchical sam-
pling strategy based on the Open Images class hierarchy [19]. As shown
in Fig. 2] we sample negative options at different semantic distances: sibling
(hard), grandparent-level (medium), and higher-level (easy). This ensures a
natural difficulty, avoiding extreme cases. The ground-truth answer is se-
lected by the highest CLIP image-text similarity among candidate classes,
and option order is shuffled.

— Open-Ended (OE): “What objects can be seen in the image? Answer only
with object names.” Predictions are evaluated against all the Open Images
classes, using the metric described in Sec.

4.3 Challenge 2: Typographic Attacks

The second challenge is to construct attacks that are both diagnostic and fair:
weak distractors provide little value, while overly strong ones can make instances
unanswerable. We design attacks in two complementary settings: (i) controlled
digital overlays for systematic analysis, and (ii) scene-coherent insertions with
increased attack realism via a generative pipeline.

Common Constraint. Across all attack settings, we place inserted distractor
text outside existing text regions using OCR bounding boxes from TextVQA,
avoiding trivial occlusions of the target text.

Controlled Digital Overlays (Overlay-Attack). We randomize font size,
color, and placement within predefined ranges to create diverse yet controlled
overlays. To analyze sensitivity, we also define difficulty levels by controlling
semantic proximity (for object-centric attacks) and spatial proximity to key text
(for text-centric attacks).

For object-centric questions, distractor words should be misleading yet se-
mantically related, since irrelevant words are weak distractors [30]. We therefore
use one of the MC negative labels as the attack word, inserting a plausible but
incorrect object name that does not appear in the image. We further define three
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semantic levels (easy/medium /hard) using the same hierarchy-based scheme as
MC negatives (Fig. . Later, we show that words more semantically similar to
the ground-truth object (e.g., “Fire hydrant” vs. “Traflic sign”) mislead models
more effectively.

For text-centric questions, designing typographic attacks is more challeng-

ing because there is no explicit negative class, and attacks must avoid creating
impossible instances by occluding the required text. To generate feasible yet
misleading overlays, we prompt Llama-3 [8] to generate short phrases that are
relevant to the question yet contradict the correct answer (e.g., “Stop” — “Go”).
To probe spatial sensitivity, we define easy/hard levels by the distractor’s dis-
tance to the key text region (the scene text required to answer the question).
We identify key text by matching OCR tokens to the question/answer and place
distractors away from it; closer placements typically yield harder cases. Details
are provided in the Appendix.
Scene-Coherent Generative Insertions (SceneTAP-Attack). Complemen-
tary to controlled digital overlays, we evaluate SceneTAP Attack [6], which in-
serts text in a scene-coherent manner via an image-editing generative model.
Unlike Overlay-Attack’s randomized overlays, SceneTAP aims to place text in
a scene-coherent manner (e.g., respecting object regions) and applies diffusion-
based insertion for scene-coherent rendering.

To isolate the effect of scene-coherent rendering, we reuse the same distrac-
tor words as Overlay-Attack and replace only the insertion process (placement
and rendering) with SceneTAP. Since the original SceneTAP can distort or over-
write existing scene text, we impose two safeguards: (i) we mask OCR-detected
text regions and keep them unchanged, and (ii) we exclude these regions from
candidate insertion locations, inserting distractor text only in non-text regions.

4.4 Evaluation Metrics

Finally, to ensure reproducible evaluation across different question formats, we
adopt task-specific metrics following standard VQA conventions.
Object-Centric MC. Standard accuracy, after normalizing model outputs.
Object-Centric OE. We introduce Robust-CLIP-Match (R-CLIP-M), an attack-
aware adaptation of CLIP-M [10], to evaluate open-ended object classification
from raw textual answers. Exact-match accuracy is brittle to paraphrases/syn-
onyms (e.g., “cap”’<+>*hat”). CLIP-M addresses this with a top-K retrieval metric:
given a predicted text t and class-name candidates {c; jle, it computes CLIP
embedding distance d(t, ¢;) and checks whether the GT label ¢8' appears among
the top-K nearest candidates; for N samples (Y, T) = {(cft, )Y,

CLIP-MQK (Y, T) = %Z]\; H[C? € Top—K({—d(ti, )M )} Q)

j=1

However, under typographic attacks, CLIP-M does not penalize attack-word-
induced bias: it can remain high as long as the GT label is retrieved, even if the
prediction is also consistent with the inserted distractor word (e.g., dog image +
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“cat” overlay — “a dog and a cat”). We therefore define R-CLIP-M by subtracting
the attack-word retrieval score (with attack words A = {2} |):

R-CLIP-M@K (Y, A,T) = CLIP-M@K (Y, T) — CLIP-MQK (A, T).  (2)

This explicitly penalizes retrieving the attack word among top-K candidates,
capturing robustness against distractor-text-induced bias in open-ended answers.
Text-Centric OE. Standard VQA accuracy [12|, comparing predictions against
10 human answers and scoring them as min(#humans agreeing/3, 1).

4.5 Training Split and Baseline Defense

In addition to evaluation, RIO-Bench provides an explicit training split, enabling
training-based studies of robustness to typographic attacks in an LVLM xVQA
setting. While our primary focus is benchmarking and analysis, we include this
split to facilitate future work on training-based defenses.

Using this training split, we introduce Read-or-Ignore Robust Training
(RIO-RT) as a simple data-driven baseline that demonstrates how training can
induce the desired read-or-ignore behavior. RIO-RT performs standard super-
vised fine-tuning (SFT) on a balanced mixture of Obj-Attack and Text-Attack
instances from the same scenes, encouraging the model to ignore distractor text
while still reading relevant scene text. Compared to existing defenses [2{7,[27.[37]
that often improve robustness by reducing sensitivity to textual cues, RIO-RT
directly optimizes this dual objective.

We note that RIO-RT is intended as a minimal reference baseline; broader
training data, alternative objectives, and generalization across attack types and
downstream tasks are left for future work.

4.6 Benchmark Quality Validation with Human Audit

To validate the benchmark quality, we Table 2: Human audit. Desirable/Clear er-
conduct a human audit on 400 sam- ror: majority votes; Raw agr./ACI: IRR.
pleS across four strata: {ObJ/Text— Task Q Desirable Clear error Raw agr. Gwet’s AC1
VQA} x {Overlay/SceneTAP-Attack}, op,;vqa g ggg 28 ggg 83;1
with 100 samples per stratum. 1 - - - -

Three annotators, not involved in  Text-VQA g; 322 ;8 38:8 8:3
this work, answered two questions for
each sample: whether the dataset answer is valid/answerable (q1), and whether
the distractor or negative option is invalid as an alternative answer (q2). The au-
dit shows that 95.5-97.5% of samples receive majority-desirable judgments, while
only 0.0-4.0% receive majority clear-error judgments. Inter-annotator agreement
is high, with 90.0-94.3% raw agreement and Gwet’s AC1 |13] of 0.89-0.94. These
results support the validity of RIO-Bench and indicate that the observed model
failures are unlikely to be artifacts of the automated generation pipeline. Please
see the Appendix for details.




10 F. Waseda et al.

5 Experiments

Using RIO-Bench, we assess whether LVLMs remain robust to inserted distrac-
tor text while preserving scene-text understanding. Our experiments cover: (1)
benchmarking recent LVLMs under the same-scene settings of RIO-Bench (ob-
ject/text x clean/attack); (2) comparing representative defense baselines under
the same protocol; and (3) analyzing key factors such as attack difficulty, training
choices, and model behavior.

5.1 Evaluation Setup

Models. We evaluate recent LVLMs across a broad range of architectures and
scales, including LLaVA-1.5-7TB/13B [22|, Qwen-2.5-VL-7B |3], QweHS—VL—8BE
Llama-3.2-11B-Visior['} and SmolVLM-2B [24].

Defense Methods. We benchmark representative defense baselines, covering
both inference-time and training-based approaches. We include CoT defense |7],
to the best of our knowledge, the only existing LVLM-focused defense, which, at
inference time, reduces reliance on textual cues via reasoning-style prompting.
Most other defenses were developed for CLIP’s image classification [227] and are
not directly applicable to LVLM xVQA, which spans diverse architectures and
relies on a VQA-style training objective. Using the training split of RIO-Bench,
we therefore construct two architecture-agnostic, training-based SFT baselines:

— Ignore-Text Robust Training (IT-RT). An adaptation of Defense-Prefix |2]:
we transfer its core idea of training on typographically attacked images for
object recognition to VQA-style SFT. This encourages the model to rely on
visual/object evidence rather than over-trusting overlaid text. Concretely,
we fine-tune on OA-OV (hard) (8K MC + 8K OE).

— Read-or-Ignore Robust Training (RIO-RT). Following Sec. we
fine-tune on a controlled mixture of OA-OV (hard) (4K MC + 4K OE) and
TA-OV (hard) (8K), aiming to improve robustness to distractor text while
preserving scene-text understanding.

Both IT-RT and RIO-RT are trained only on Overlay-Attack subsets, without
generative insertions, for efficiency. For a controlled comparison, IT-RT and RIO-
RT use the same backbone and training budget, differing only in the data mixture
(16K samples, LoRA r=16,a=16, 1 epoch, AdamW optimizer, batch size=16,
learning rate 1x10~* with cosine decay, on 1xH100).

5.2 Main Results

Fig. [3] summarizes performance on RIO-Bench, and Tab. |3| provides the detailed
numerical values.

Original LVLMs. Original LVLMs are vulnerable to typographic attacks on
both object- and text-centric questions, suggesting an over-reliance on text.

5 https://huggingface.co/Qwen,/Qwen3-VL-8B-Instruct
7 https:/ /huggingface.co/meta-llama,/Llama-3.2-11B-Vision-Instruct
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Fig. 3: Comparison of defense baselines on RIO-Bench (Obj-/Text-Attack averaged
over subsets). CoT |7] improves Obj-Attack robustness but reduces Text-VQA un-
der its object-centric prompting. IT-RT (trained on Obj-Attack) gains robustness yet
degrades Text-VQA by reducing text sensitivity. RIO-RT (trained on Obj- & Text-
Attack) improves robustness while largely preserving text understanding.

CoT [7]. CoT provides limited robustness gains and often reduces Text-VQA ac-
curacy, while increasing inference cost. The limited robustness gains may be due
to CoT being an inference-time prompting method without parameter updates.
Moreover, its object-centric prompt design can shift the model’s focus toward
object evidence, which explains the reduced Text-VQA performance.
Ignore-Text Robust Training (IT-RT). IT-RT substantially improves Object-
VQA robustness, but it typically reduces performance on text-centric questions.
This indicates that improving typographic robustness solely on object-centric
tasks (i.e., training only on Obj-Attack) can bias the model toward “ignoring”
text cues. Importantly, this failure mode can be missed under object-centric
evaluation alone. RIO-Bench is therefore essential for exposing this trade-off
and aligning defenses with real-world multimodal requirements.
Read-or-Ignore Robust Training (RIO-RT). RIO-RT improves object-
centric robustness while largely preserving text-dependent performance, and it
also improves robustness under Text-Attack settings. These results suggest that
balanced exposure to both object- and text-centric attacked variants can mitigate
distractor-text-induced failures without relying on one-sided text suppression.
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Table 3: Detailed results on RIO-Bench. Percentages indicate relative perfor-
mance change from the original model. OV./,,/, denotes controlled Overlay-Attack
at easy/medium/hard difficulty, and ST denotes scene-coherent generative insertions
via SceneTAP-Attack. *marks subsets whose attack type is seen during training.

Obj-VQA (MC) Obj-VQA (OF) Text-VQA (OF)
Model ! Clean Attack Clean Attack Clean Attack
! OV. OV,, OV, ST AVG OV, OV,, OV, ST AVG OV. OV, ST AVG
LLaVA-1.5-78 ' ‘ ‘
original 937 75.7 735 718 653 716 56.0 122 392 247 209 317 495 461 440 451 451

“CoT-defense [7])86.1 18% 72.8 721 692" 65.7 70.0 12% 578 13% 50.4 473 34.1 BL0 40.7 128% |46.117% 433 41.0 419 42.0 [7%
IT-RT 197.8 14% 97.9 97.9 98.9* 98.8 98.4 137%)60.9 19% 58.9 58.3 43.5% 46.5 51.8 163% 130.3 |39% 24.1 209 24.8 23.3 |48%
RIO-RT 197.7 14% 97.8 97.9 98.8% 98.3 98.2 137% 160.5 18% 58.7 57.5 43.2° 45.9 51.4 162% 153.3 18% 53.5 53.1* 51.8 52.8 117%
LLaVA-1.5-155 ' '

original 192.6 704 683 66.6_66.7 68.0 '56.5 49.2 46.1 321 29.6 39.2 '54.5 51.0481 499 49.7
“CoT-defense [7]\946 72% 80.7 802 753 67.6 75.0 112% 585 14% 50.0 182 348 33.4 411.817% 1505 17% 469 45.4 469 46.4 [7%
IT-RT \97.1 15% 97.4 97.6 97.9* 98.1 97.8 144%60.1 16% 57.9 56.9 41.4* 44.0 50.1 128% 153 |72% 125 11.3 13.1 12.3 [75%
RIO-RT 197.3 15% 97.1 96.9 97.1" 97.1 97.1 143% 159.3 15% 57.0 55.6 40.6* 43.7 49.2 125% 1532 |2% 50.9 50.0* 50.5 50.5 12%
Quen2.5-VL-78B ' '

original 196.9 714 682 578 663 659 59.6 357 285 13.6 197 244 '84.6 788 772 17.0 170
“CoT-defense [7],96.6 10% 80.8 77.0 70.3 80.7 77.2 117% 59.0 |1% 42.8 41.2 29.1 30.1 35.8 147% 714 116% 69.1 67.7 67.2 68.0 [12%
IT-RT 198.4 12% 98.5 98.6 99.7* 99.5 99.1 150%)61.3 13% 59.3 58.5 43.9* 47.6 52.3 1114%80.9 4% 728 725 70.1 71.8 |8%
RIO-RT 198.0 11% 98.1 98.3 99.2* 98.9 98.6 43.6" 463 52.0 1113% 184.3 |0% 85.1 85.5* 83.8 84.8 19%
Quen3-VL-8B '

original 196.2 76.9 744 66.1 .3 160 26.7 28.9 84.0 79.3 78.6 77.8 785
“CoT-defense [7],96.2 T0% 66.8 648 604~ 76.0 67.0 18% 598 12% 38.4 34.6 223 30.6 31.519% |72.1 114% 704 70.1 694 70.0 [11%
IT-RT 198.0 12% 98.2 98.5 99.6* 99.6 98.9 135%61.1 14% 59.3 58.4 44.5% 47.3 52.4 181% 68.5 |19% 612 60.5 60.6 60.8 |23%
RIO-RT 198.2 12% 98.4 98.3 99.5° 98.9 98.8 135% 160.0 12% 58.1 57.4 43.4* 45.1 51.0 177% 184.1 10% 85.0 85.0" 83.6 84.6 18%
Llama-3.2-Vision-11B ' '

original 195.6 63.0 60.7 532 616 59.6 '57.6 ] '65.5 57.0 554 62.3 58.2
“CoT-defense [7][93.0 13% 78.2 758 67.3 72.6 735 123% 598 14% 40.4 365 221 30.2 32.3190% (70.017% 636 62.4

IT-RT 198.2 13% 98.5 98.4 99.3* 99.3 98.9 166%)62.2 18% 60.1 59.3 44.3* 47.0 52.7 1209%58.5 |11% 44.6 440 43.

RIO-RT 197.6 12% 98.4 98.3 99.1" 98.5 98.6 165% 161.5 17% 59.1 58.0 43.0" 45.3 51.3 1201% '81.3 124% 81.7 81.7" 78.9 80.8 139%
SmolVLM-2B__ ' '

original 1923 55.7 53.0 45.2 48.7 50.6 537 391 357 215 285 312 2.3 66.3 65.8 52.9 61.7
“CoT-defense [7][92.1 10% 60.7 60.0 52.2 529 56.4 111% 49.2 |8% 45.2 43.5 33.4 36.0 39.5127% |7L1 2% 65.0 64.2 53.1 60.8 |2%
IT-RT 194.9 13% 94.9 94.9 95.7* 95.9 95.3 188%58.1 18% 53.4 49.8 36.2* 41.9 45.3 145% 135.4 |51% 285 27.9 13.0 23.2 [62%
RIO-RT 196.1 14% 93.9 94.0 92.3* 89.6 92.5 183% 158.1 18% 51.3 48.3 32.2° 40.2 43.0 138% 168.9 |5% 66.6 66.3* 55.9 62.9 12%

Generalization. (i) Scene-coherent generative insertions (SceneTAP-Attack;
ST). Although IT-RT and RIO-RT are trained only on overlay attacks with
randomized font size, color, and location, both IT-RT and RIO-RT models
show improved robustness under SceneTAP-Attack, suggesting transfer beyond
the training-time overlay distribution. Fig. [i] shows qualitative comparisons be-
tween the original and RIO-RT Qwen-3-VL under SceneTAP-Attack. (i7) Out-
of-benchmark generalization. In Appendix, we assess robustness transfer to Ty-
poD [7] and additional text-VQA benchmarks [17}26,28,29] and observe consis-
tent trends. RIO-RT improves robustness on TypoD while largely maintaining
text reading on other text-VQA benchmarks.

Summary. Across baselines, approaches that emphasize object-centric robust-
ness can reduce text-dependent performance, whereas balanced training better
preserves scene-text understanding while improving robustness to inserted dis-
tractor text. RIO-Bench makes this trade-off explicit.

5.3 Analysis of Attack Levels

Tab. |3| reports results across multiple attack levels, enabling controlled analysis
of how distractor-text strength affects LVLMs.

Obj-VQA (semantic proximity). We define three levels (easy/medium /hard)
by varying the semantic similarity between the inserted distractor word and the



Read or Ignore? A Unified Benchmark 13

(A) Tin can (B) Piano (A) Football (B) Tennis ball Q. Whatiis the flavor of the Q. What body part is this
(C) Camera (D) Jug (C) Stationary bicycle (D) Organ beer on the left? / A. ambree | productintended for?/ A. face
Orig.: D> RIO-RT: A Orig.: B> RIO-RT: A Orig.: hoppy 2 RIO-RT: ambree Orig.: stomach 2 RIO-RT: face

(a) Obj-Attack (MC) (b) Text-Attack (OE)

Fig. 4: SceneTAP-Attack qualitative examples on Qwen-3-VL, where the original
model (orig.) can be misled while RIO-RT remains correct. RIO-RT is trained only
on randomized overlay attacks, with SceneTAP unseen during training.

Table 4: Ablation on LoRA parameter placement. Fine-tuning both vision and
language components (V+L) yields balanced robustness, while vision-only (V) fails
and language-only (L) succeeds. This suggests that, in our setting, read-or-ignore
behavior is primarily learned through the language component’s reasoning.

Trained Obj-VQA (MC) Text-VQA (OE)
Model P
aram. Clean Attack Clean Attack
original 93.5 73.7 49.5 45.1
V4L (default) 97.4 97.9 53.3 53.3
LLaVA-1.5-TB 90.8 838 417 384
L 97.2 97.8 50.5 50.0
original 96.9 65.9 84.6 78.1

Qwen2.5-VL-7B ¥+L (default) 98.0 98.5 84.3 85.3

L 97.9 98.5 83.2 84.7

ground-truth object class using the Open Images hierarchy. As semantic proxim-
ity increases, accuracy drops across models, indicating increased susceptibility
to semantically plausible distractors.
Text-VQA (spatial proximity). For text-centric questions, we define two lev-
els (easy/hard) based on the spatial distance between the inserted distractor text
and the key-text region needed to answer the question. Performance generally
degrades as distractors appear closer to the key text, reflecting sensitivity to
nearby irrelevant text.

These controlled trends help diagnose how different baselines respond to
stronger distractor text.

5.4 Analysis of Trainable Parameters

Tab. [4] analyzes LoRA placement: vision encoder (V), language model (L), or
both (V+L). Updating both (VL) yields the most balanced performance.
Interestingly, tuning the language model alone (L) performs comparably to
V+L in many cases, whereas tuning only V fails to balance object recognition
and text understanding under attack. This indicates that the read-or-ignore
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Obj-Attack (Ignore) Text-Attack (Read & Ignore)
Question:

Which object is present in the
image? (A) Lobster (B) Camera

(C) Computer monitor (D) Remote

control.

Question:
what is the name of this monitor?

Answer:
iMac

Answer: C

Original: D

Fig.5: Visualization of attention maps. Original LLaVA-1.5-7B vs. IT-RT vs.
RIO-RT. (i) Obj-Attack: IT-RT/RIO-RT shift attention from the distractor word to
the target object. (i) Text-Attack: RIO-RT attends more to the key text (e.g., “iMac”)
than IT-RT, consistent with improved text-dependent performance.

behavior—reading scene text and ignoring inserted distractor text—is
primarily governed by the reasoning capability of the language model.
Importantly, this observation contrasts with prior vision-centric defenses
that modify only the vision encoder to suppress text sensitivity, and suggests
that language-side adaptation is important in LVLM x VQA settings that require
context-aware, text-dependent outputs. Overall, our ablation indicates that ro-
bustness gains in RIO-VQA are strongest when the language model can appro-
priately reason over visual-textual context.

5.5 Visualization of Attention

To interpret model behavior, we visualize attention maps of LLaVA-1.5-7B un-
der Obj-/Text-Attack settings, comparing original, IT-RT, and RIO-RT models
(Fig. . We visualize relative image-token attention, normalized by a generic
captioning prompt (details in Appendix).

Obj-Attack case. The original model fails under Obj-Attack, strongly focusing
on the attack word “Remote Control” in the final layer (layer 31). In contrast,
while both IT-RT and RIO-RT temporarily attend to the attack word (e.g.,
layer 10), their attention later shifts to the correct object. This implies that ro-
bustness is achieved not by globally suppressing text sensitivity, but by selectively
disregarding misleading text.

Text-Attack case. The original model attends to both “iMac” and the attack
word “dell,” but prioritizes “dell” in the final layer (layer 31). Interestingly, IT-RT
also attends to both words yet outputs an illogical answer (“computer monitor”),
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indicating that it still detects text but fails to interpret it correctly, degrading
text-reading ability. This aligns with its ~20% drop in Text-Clean accuracy
(Tab. . In contrast, RIO-RT correctly identifies “iMac.” It attends to both
words, but shows stronger activation on the correct text in intermediate layers
(e.g., layer 10 and 21), demonstrating contextual prioritization.

6 Evaluation on Modern and Frontier LVLMs

We further evaluate recent open-source Table 5: RIO-Bench evaluation on
model families at multiple scales, as modern models and scaling. Attack re-
well as closed-source frontier models in ports the average of OV} and ST.
Tab. B Obj-VQA (MC) Text-VQA (OE)

RIO-Bench reveals scaling effects Model Clean Attack Clean Attack
that are largely hidden by clean open-source |
accuracy: Qwen3-VL-{2B, 4B, 8B} Qwen3VL2B '964 383 |82 727
achieves similar Obj-/Text-Clean accu- Qwens-VL-4B 966 651 823  75.1

. . Qwen3-VL-8B | 969  70.7 | 846  77.1

racy, yet Obj-Attack robustness improves i i

) . . InternVL3.5-8B | 96.2  57.7 | 784  69.8
Subbtantlally Wlth SCale (38.3 — 65.1 — InternVL3.5-14B' 96.3 58.8 1785 71.0
70.7). InternVL-3.5 also shows a similar InternVL3.5-38B, 970 664 816 753
trend. Closed-source frontier mod- Closed-source 1
els are more robust but do not GPT-54 1964 743 771 70.2
solve read-or-ignore behavior: GPT- Gemini-2.5-Pro 1 96.1 77T 1722 70.4
5.4 and Gemini-2.5-Pro achieve strong Obj-Attack scores of 74.3 and 77.7, re-
spectively, but still lag behind their Obj-Clean performance by roughly 20 points.
These results show that strong clean object recognition and text reading do not
necessarily imply selective robustness to typographic distractors.

7 Conclusion

We introduced Read-or-Ignore VQA (RIO-VQA) and RIO-Bench, a benchmark
for jointly evaluating typographic-attack robustness and scene-text reading in
LVLMxVQA. By holding the scene fixed while varying only question intent
(object vs. text) and text condition (clean vs. attack), RIO-Bench enables di-
rect, reduced-confound diagnosis of read-or-ignore behavior. Using RIO-Bench,
we show a mismatch between current defenses and the desired read-or-ignore
behavior: robustness gains often come with degraded scene-text understanding.
Finally, leveraging the provided training split, we present RIO-RT as a base-
line, showing that simple data-driven fine-tuning can improve robustness while
largely preserving scene-text reading. We hope RIO-Bench serves as a standard-
ized testbed to align future defenses with real-world requirements, where models
must read relevant scene text while remaining robust to inserted distractor text.

Limitations. RIO-Bench is scoped to LVLMxVQA and does not cover the
full space of real-world typography or adversarial threat models. Our training
study is limited to supervised fine-tuning on the provided split with a fixed
recipe and budget; broader generalization across domains, attack strategies, and
downstream tasks remains future work.
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