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Abstract

Vision-Language Models (VLMs) have achieved success in
tasks such as visual question answering, yet their resilience
to distractions remains underexplored. Understanding how
distractions affect VLMs’ performance is crucial for real-
world applications, as input data often contains noisy or
irrelevant content. This paper assesses the robustness of
VLMs—including general-purpose models and those special-
ized for reasoning—against distractions in the context of sci-
ence question answering. We introduce I-ScienceQA, a new
benchmark based on the ScienceQA dataset, which systemati-
cally injects distractions into both visual and textual contexts.
We evaluate how distractions perturb the underlying reasoning
processes of these models by analyzing changes in textual
explanations leading to answers. Our findings show that most
VLMs are vulnerable to distractions, with a noticeable degra-
dation in reasoning when extraneous content is present. In
particular, some models (including GPT-o4 mini) exhibit a
higher degree of robustness. We also observe that textual dis-
tractions generally cause greater performance declines than
visual distractions. Finally, we explore mitigation strategies
such as prompt engineering. Although these strategies improve
resilience modestly, our analysis highlights considerable room
for further improvement in the robustness of VLMs.

Code — https://github.com/pkulium/vlm-robustness

Introduction
Despite the remarkable capabilities of vision language mod-
els (VLMs) in interpreting images and producing text that
resembles human language (Liu et al. 2023a; Dai et al. 2023;
Hu et al. 2023), these models continue to exhibit signifi-
cant vulnerabilities when exposed to irrelevant information.
A recent study (Zhang, Yu, and Yang 2024) indicates that
VLM-based computer agents are highly susceptible to “pop
up attacks”. As VLMs form the backbone of such agents, it
is crucial to understand their robustness in the face of distrac-
tions. In real-world applications, visual and textual inputs are
frequently accompanied by noisy and irrelevant information,
which can diminish model performance and even lead to in-
correct interpretations or hallucinatory responses (Zhou et al.
2024; Chen et al. 2024c).
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Recently, reasoning capabilities in both Large Language
Models (LLMs) such as Deepseek (DeepSeek-AI 2025) and
Multimodal Language Models (MLLMs) such as the MLLM
model mentioned in (OpenAI 2025) have drawn considerable
attention. LLM-based reasoning models have been shown vul-
nerable to input perturbations (Huang et al. 2025). However,
it remains under-explored whether MLLM-based reasoning
models, such as VL-Rethinker (Wang et al. 2025), MM-
EUREKA (Meng et al. 2025), and the GPT-o4 mini (OpenAI
2025), exhibit similar vulnerabilities. This paper addresses
this by evaluating not only general VLMs but also these
specific reasoning-focused MLLMs, investigating how dis-
tractions perturb their reasoning processes and consequently
affect answer accuracy.

In particular, existing VLM benchmarks assume that both
visual and textual inputs are free of distractions, which is
rarely true in practice. Previous work has shown that even
text-only large language models are vulnerable to irrelevant
or misleading context (Shi et al. 2023). VLMs face a com-
pounded challenge: they must cope with noise in images and
text simultaneously, making the robustness problem even
more complex than in unimodal LLMs.

Moreover, many widely-used benchmarks (Lu et al. 2022;
Singh et al. 2019; Lu et al. 2024) use curated inputs that
hardly reflect messy, distraction-filled data of real-world set-
tings. This gap makes it difficult to evaluate and trust the
robustness of VLMs in deployment, where distractions are
inevitable. There is a pressing need for a benchmark that
systematically introduces distractions and evaluates how per-
formance degrades (or withstands) under realistic conditions.

To address this gap, we present I-ScienceQA, a compre-
hensive benchmark designed to investigate the robustness
of VLMs towards distractions. Our benchmark, built upon
the ScienceQA dataset (Lu et al. 2022), incorporates vari-
ous types of distraction to simulate more realistic scenarios.
Specifically, our aim is to answer the following questions:

• Vulnerability: How susceptible are VLMs, including
reasoning-specific MLLMs, to distractions in different
modalities (visual and textual)?

• Modality Impact: Which type of distraction causes
greater degradation in model performance?

• Reasoning Perturbation: How do distractions quanti-
tatively and qualitatively alter the reasoning of VLMs,
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Figure 1: Left: Distractions are inserted into samples from the ScienceQA dataset across both textual and visual dimensions;
Right: When input are inserted with distraction, the variation in reasoning influence the final answer.

and how does this relate to changes in answer accuracy?
• Mitigation: What techniques can help mitigate the im-

pact of distractions and improve the robustness of VLM?
To build I-ScienceQA, we leveraged various models, in-

cluding GPT-3.5-turbo (OpenAI 2024) and Stable Diffusion
models (Rombach et al. 2021). Our benchmark comprises
8,100 samples with four scenarios of distractions in both vi-
sual and textual domains (details in extended version). Specif-
ically, we used Stable Diffusion models to generate visual
distractions, such as neutral backgrounds, generic landscapes,
abstract art, and everyday objects. For textual distractions,
we employed GPT-3.5-turbo to produce textual distractions
such as contradictory information and irrelevant details. This
approach simulates a broad range of real-world noisy con-
ditions that VLMs may encounter. The definition and exam-
ples of each distraction type are provided in the extended
version. Our methodology for analyzing the impact on rea-
soning involved comparing the model outputs from clean
versus distracted inputs, extracting both the textual expla-
nation (reasoning Ri, R

′
i) and the final answer (Ai, A

′
i). We

then employed lexical (Jaccard Similarity, ROUGE, Normal-
ized Levenshtein Similarity) and semantic (Cosine Similarity
of Sentence Embeddings) metrics to quantify the reasoning
perturbation.

Through an extensive evaluation of the various state-of-
the-art VLMs, our key findings include the following.

• Vulnerability: Most VLMs show some performance
degradation under distractions, although the severity

varies by model and scenario. Reasoning models such
as VL-Rethinker also exhibit this vulnerability; for in-
stance, under “Add Hint” distractions, while maintaining
correct answers in many cases, VL-Rethinker exhibits
performance degradation (correct → incorrect) in 2.87%
of instances, which is associated with more substantial
perturbations in its reasoning process.

• Text vs. Visual Impact: Textual distractions generally
cause greater performance drops than visual ones.

• Model Size: Larger models tend to be more robust to
distractions. For example, InternVL2 (26B) exhibits
minimal performance drops.

• Mitigation Strategies: Simple defense approaches (e.g.,
prompt engineering or using a more robust vision en-
coder) provide only limited improvements, and their
effectiveness varies between models and tasks. How-
ever, fine-tuning models on datasets with distractions
appears to be an effective strategy for enhancing model
robustness.

• Bimodal Noise: When visual and textual distractions oc-
cur simultaneously, the impact is mixed — some models
remain stable, while others show minor fluctuations.

In summary, this study provides insight into the existing
limitations of VLMs, particularly those designed for reason-
ing, and points to promising directions for future improve-
ment in model design and training. Addressing these chal-
lenges will pave the way for more robust and reliable VLMs
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in real-world applications.

Related Work
Model Evaluations VLMs have traditionally been evaluated
using standard Visual Question Answering (VQA) tasks such
as TextVQA (Singh et al. 2019), VQAv2 (Antol et al. 2015),
and GQA (Hudson and Manning 2019). Currently, studies
such as MM-Vet (Yu et al. 2023), POPE (Li et al. 2023),
and MM-Bench (Liu et al. 2023b) have emerged to evaluate
VLMs, in key challenges such as hallucination and reasoning.
These efforts have shown that multimodal LLMs encounter
significant issues, such as hallucination (Guan et al. 2023)
and insufficient robustness (Fu et al. 2023). In this paper, we
introduce the I-ScienceQA benchmark, which highlights that
even advanced VLMs, such as GPT-4o (OpenAI 2023), strug-
gle with basic visual questions when irrelevant distractions
are present in the input.
Robustness of VLM To test the robustness of the model
reasoning, researchers have constructed benchmarks of arith-
metic reasoning by paraphrasing or rewriting sentences from
clean datasets (Patel, Bhattamishra, and Goyal 2021; Kumar,
Maheshwary, and Pudi 2021; Shi et al. 2023). Recent studies
have increasingly concentrated on the adversarial robustness
of VLMs (Qi et al. 2024; Carlini et al. 2024; Schlarmann and
Hein 2023; Zhao et al. 2023; Dong et al. 2023). (Schlarmann
and Hein 2023) demonstrate that imperceptible perturbations
in input images can enable attackers to manipulate VLMs to
generate specific outputs. Visual adversarial attacks designed
to jailbreak VLMs are introduced in works such as (Car-
lini et al. 2024) and (Qi et al. 2024). Recently, studies have
focused on training adversary-robust vision encoders (Schlar-
mann et al. 2024; Mao et al. 2023).

Method: Analyzing the Impact of Distractions
on Reasoning

Our methodology is designed to quantitatively and qualita-
tively assess how distractions, introduced into multimodal
inputs, perturb the reasoning process of reasoning VLMs and
consequently affect the accuracy of their final answers. We
analyze pairs of model outputs: one derived from a clean,
distraction-free input and another from an input augmented
with a controlled distraction. For a detailed overview of the
distraction types in our dataset, see the extended version.

Dataset and Output Processing
Let D = {(Ii, Qi, Ti)}Ni=1 be the original dataset of N sam-
ples, where Ii is the image, Qi is the question, and Ti is
the target (ground truth) answer. Let D′ = {(I ′i, Q′

i, Ti)}Ni=1
be the corresponding dataset where distractions have been
introduced into image (I ′i) or question-context (Q′

i).
For each sample i in D and its counterpart in D′, we pro-

cess the model’s generated output. The VLM produces a
textual response from which we extract two components as
shown in Figure 1:

• Reasoning (Ri, R
′
i): The textual explanation or chain-of-

thought leading to the answer. Ri is the reasoning from
the clean input, and R′

i is the reasoning from the distracted

input. This is extracted by taking all text preceding the
final answer delimiter.

• Answer (Ai, A
′
i): The model’s predicted answer. Ai is

the answer from the clean input, and A′
i is the answer

from the distracted input. This is extracted using a regular
expression to find text within a predefined delimiter.

Quantifying Reasoning Perturbation
To measure the extent to which distractions alter the model’s
reasoning, we employ lexical and semantic similarity metrics.

Lexical metrics assess the surface-level similarity between
the original reasoning Ri and the distracted reasoning R′

i.

• Jaccard Similarity (SJ ): Measures the similarity be-
tween the sets of tokens in Ri and R′

i. Let Tok(R) be
the set of unique tokens in reasoning R.

SJ(Ri, R
′
i) =

|Tok(Ri) ∩ Tok(R′
i)|

|Tok(Ri) ∪ Tok(R′
i)|

• ROUGE Scores: We use ROUGE-N (specifically
ROUGE-1, ROUGE-2) and ROUGE-L to compare Ri

and R′
i based on n-gram overlap and longest common

subsequence, respectively. We report the F1-scores for
these metrics.

• Normalized Levenshtein Similarity (SL): Measures the
edit distance between Ri and R′

i, normalized by the length
of the longer reasoning string.

SL(Ri, R
′
i) = 1− LevenshteinDist(Ri, R

′
i)

max(len(Ri), len(R′
i))

where LevenshteinDist is the minimum number of single-
character edits (insertions, deletions, or substitutions) re-
quired to change Ri into R′

i.

Semantic similarity captures changes in meaning, even if
the wording differs significantly.

• Cosine Similarity of Sentence Embeddings (SC): We
first obtain sentence embeddings for Ri and R′

i using a
pre-trained SentenceTransformer model. Let E(R) be the
embedding vector of reasoning R.

SC(Ri, R
′
i) =

E(Ri) · E(R′
i)

||E(Ri)|| · ||E(R′
i)||

Categorization of Answer Outcome
We evaluate the model’s answer correctness using Exact
Match (EM) against the target answer Ti. Based on this,
we categorize the outcome for each sample pair (i, i′) into
one of four categories:

• Correct → Correct (C→C): Ai = Ti and A′
i = Ti.

• Correct → Incorrect (C→I): Ai = Ti and A′
i ̸= Ti.

• Incorrect → Correct (I→C): Ai ̸= Ti and A′
i = Ti.

• Incorrect → Incorrect (I→I): Ai ̸= Ti and A′
i ̸= Ti.
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Linking Reasoning Perturbation to Answer
Accuracy
The core of our analysis is to understand how the quanti-
fied changes in reasoning relate to changes in answer accu-
racy. We analyze the correlation between reasoning similarity
scores (SJ , SL, SC , ROUGE) and the likelihood that an an-
swer changes its correctness status, particularly focusing on
C→I transitions. We also correlate these reasoning changes
with the overall degradation of Exact Match (∆Accuracy)
observed in the presence of distractions. This analysis is
performed on different types of distraction.

Experimental Setup
Models We evaluated a total of 14 vision-language mod-
els on machine with A100(80GB) GPUs. Our selection in-
cludes both open-source models and one proprietary model,
to provide a broad perspective on robustness. In particu-
lar, we tested LLaVA-1.5 (7B, 13B) (Liu et al. 2023a), In-
structBLIP (7B, 13B) (Dai et al. 2023), Phi3-V (4B) (Ab-
din et al. 2024), InternVL2 (1B, 2B, 8B, 26B) (Chen et al.
2024b), CogVLM2 (19B) (Hong et al. 2024), Qwen2-VL (2B,
8B) (Wang et al. 2024), Qwen2.5-VL(7B) (Qwen Team, Al-
ibaba Group 2025), Phi-4-multimodal-instruct(6B) (Aboue-
lenin et al. 2025) and GPT-4o models. For reasoning model,
we include VL-Rethinker(7B) (Wang et al. 2025), MM-
EUREKA(7B) (Meng et al. 2025) and GPT-o4 mini. These
models represent the state of the art, and by including mul-
tiple size variants for several architectures, we can analyze
how model scale and design affect robustness to distractions.

Evaluation Metrics We quantify performance using ex-
act match accuracy and measure robustness via the drop in
accuracy due to distractions:
• Exact Match This is the percentage of questions the model

answers correctly. Formally, for a model F evaluated on a
set of test instances D, we define

Accuracy(F ;D) =

∑
d∈D 1 [F(d) = yd]

|D|

where yd is the correct answer for instance d and 1[·] is an
indicator that equals 1 if the model’s answer F (d) is exactly
correct and 0 otherwise. An accuracy of 100% means the
model got every question correct.

• Exact Match Degradation To assess the impact of dis-
tractions, we compute the change in accuracy when dis-
tractions are present. Let AF,D be the model’s accuracy on
the original (distraction-free) test set D, and let AF,D′ be
the accuracy on the corresponding distracted test set D′

(each instance in D′ is a distracted version of one in D).
We define the degradation as

∆Accuracy(F) = AF,D′ −AF,D,

By definition, ∆Accuracy(F ) could be zero or negative,
since adding distractions is not expected to improve perfor-
mance. A value of 0 indicates the model’s accuracy was
unchanged despite the distractions (perfect robustness),
whereas a more negative value indicates a larger drop in
accuracy (greater vulnerability to distractions).

Experimental results
Overall Results
Table 1 summarizes the exact match accuracy of each model
on the original dataset and under each distraction scenario,
with the degradation (drop in accuracy) due to distractions
indicated in parentheses. We note that certain models (Phi-
3V and InstructBLIP) are only applicable to scenarios where
both image and text inputs are present (they cannot handle
solely textual or solely visual inputs), so their entries for the
other scenarios are empty in the table.

Add Image: In this scenario (an unrelated image is added),
the best-performing models barely lose any accuracy. For
example, InternVL2 (8B) achieves an exact match of 94.45%
with the added image, only a 1.00 point drop from its 95.45%
on distraction-free data. GPT-4o is similarly robust, scor-
ing 93.00% (down just 0.50 from 93.50%). Notably, the
reasoning models GPT-o4 mini and VL-Rethinker actually
improve slightly (+0.60% and +0.30% respectively). In con-
trast, smaller models see larger impacts: LLaVA (7B) drops
to 68.05% (from 71.30%, a drop of 3.25%) and InternVL2
(1B) falls to 79.70% (from 85.60%, a drop of 5.90%). These
results suggest that larger models tend to handle an extra un-
related image better than smaller ones, possibly due to more
powerful vision-processing or attention mechanisms.

Insert Image: When a distracting image is inserted along-
side an original image, we observe similar trends. InternVL2
(8B) remains highly robust with an accuracy of 94.23%
(down only 2.67% from 96.90%). Remarkably, VL-Rethinker
and MM-EUREKA show substantial improvements (+6.15%
and +6.62% respectively), while GPT-o4 mini also improves
slightly (+1.04%). Interestingly, the smaller Qwen2-VL mod-
els exhibit almost no performance drop in this scenario: the
2B model goes from 63.80% to 63.26% (-0.54%), and the
7B variant from 68.40% to 68.08% (-0.32%). However, it
is important to note that their overall accuracy is relatively
low to begin with; so a tiny drop on an already modest score
still means these models perform worse in absolute terms
compared to larger models. In summary, most models’ re-
sults in Insert Image mirror those in Add Image: large models
like InternVL2 (8B) handle the visual distraction well, while
smaller ones either were not adept at the task or only main-
tained their low performance.

Add Hint: This scenario (adding an irrelevant text hint)
proves to be more challenging for the models. Almost ev-
ery model experiences a larger accuracy drop with textual
distractions than extra images. For example, InternVL2 (2B)
plummets from 91.40% without distractions to 82.35% with
a distracting hint (a drop of 9.05%). The reasoning models
also struggle here: VL-Rethinker and MM-EUREKA drop
by 5.75% and 6.65% respectively. Even the strongest models
are affected: InternVL2 (8B) goes from 94.80% to 93.60%
(-1.20%) and InternVL2 (26B) from 95.20% to 92.80% (-
2.40%). While those particular drops are small in absolute
terms, many other models show substantial declines (e.g.,
CogVLM2 (19B) falls by 8.10% to 70.50%). These results
indicate that adding distracting text tends to confuse the mod-
els more than adding unrelated images, likely because mis-
leading linguistic information interferes with the models’
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Model Add Image Insert Image Add Hints Insert Hint
Original Distraction Original Distraction Original Distraction Original Distraction

Phi3v (4B) – 91.15 – 83.52 – - – -
InstructBLIP (7B) – 41.05 – 35.45 – – – –
InstructBLIP (13B) – 47.26 – 47.80 – – – -
Phi4-MM (6B) – 90.50 – 94.95 – – – -

Qwen2-VL-Instruct (2B) 63.30 63.30 (→0.00) 63.80 63.26 (↓0.54) 60.80 54.45 (↓6.35) 72.45 64.20 (↓8.25)
Qwen2-VL-Instruct (7B) 83.10 83.10 (→0.00) 68.40 68.08 (↓0.32) 75.65 68.00 (↓7.65) 77.40 74.10 (↓3.30)
Qwen2.5-VL-Instruct (7B) 85.20 82.90 (↓2.30) 78.15 84.75 (↑6.60) 85.90 78.95 (↓6.95) 87.15 84.10 (↓3.05)
LLaVA (7B) 71.30 68.05 (↓3.25) 68.75 66.36 (↓2.39) 69.70 63.80 (↓5.90) 70.55 69.30 (↓1.25)
LLaVA (13B) 72.90 72.00 (↓0.90) 72.10 69.60 (↓2.50) 72.15 67.45 (↓4.70) 73.10 71.80 (↓1.30)
LLaVA (34B) 88.05 87.50 (↓0.55) 81.55 79.51 (↓2.04) 84.65 82.65 (↓2.00) 85.50 83.00 (↓2.50)
InternVL2 (1B) 85.60 79.70 (↓5.90) 88.10 83.47 (↓4.63) 87.80 80.55 (↓7.25) 85.90 82.85 (↓3.05)
InternVL2 (2B) 91.35 86.75 (↓4.60) 93.50 90.23 (↓3.27) 91.40 82.35 (↓9.05) 93.65 91.50 (↓2.15)
InternVL2 (8B) 95.45 94.45 (↓1.00) 96.90 94.23 (↓2.67) 94.80 93.60 (↓1.20) 97.60 95.90 (↓1.70)
InternVL2 (26B) 95.35 93.40 (↓1.95) 97.40 95.14 (↓2.26) 95.20 92.80 (↓2.40) 97.55 96.55 (↓1.00)
CogVLM2 (19B) 73.30 71.70 (↓1.60) 89.35 87.47 (↓1.88) 78.60 70.50 (↓8.10) 84.15 80.85 (↓3.30)
GPT-4o (NA) 93.50 93.00 (↓0.50) 80.70 78.56 (↓2.14) 89.50 87.50 (↓2.00) 86.00 84.05 (↓1.95)

VL-Rethinker (7B) 87.65 87.95 (↑0.30) 82.75 88.90 (↑6.15) 88.05 82.30 (↓5.75) 90.30 89.05 (↓1.25)
MM-EUREKA (7B) 89.15 88.10 (↓1.05) 81.85 88.47 (↑6.62) 87.00 80.35 (↓6.65) 90.15 88.50 (↓1.65)
GPT-4o mini (NA) 98.15 98.75 (↑0.60) 94.20 95.24 (↑1.04) 96.90 96.50 (↓0.40) 98.00 96.10 (↓1.90)

Table 1: Exact match scores (%) of various models under different scenarios of distractions. Original columns are evaluated
on the corresponding clean subset (same instances as the distracted set, without distractions. The Distraction columns present
corresponding results on the I-ScienceQA benchmark, including both exact match scores and exact match degradation (shown in
parentheses). Degradations are color-coded arrows: ↓ for decreases, ↑ for increases, and → for no change. Values marked as −
indicate that the model requires both text and image inputs and are therefore excluded from evaluation under that section.

reasoning processes more strongly.
Insert Hint: When an irrelevant text is inserted into an

already existing hint (mixing distractions into otherwise use-
ful context), the models generally handle it a bit better than
the wholly added hints, but performance still dips. InternVL2
(8B) maintains a high accuracy of 95.90% (down only 1.70%
from 97.60%), and GPT-4o scores 84.05% (a drop of 1.95%).
The reasoning models show modest drops (VL-Rethinker: -
1.25%; MM-EUREKA: -1.65%; GPT-o4 mini: -1.90%). How-
ever, some smaller models are clearly disrupted by the in-
serted text: for instance, Qwen2-VL (2B) drops from 72.45%
to 64.20% (-8.25%). These mixed outcomes suggest that,
while certain models can manage to ignore or overcome an
inserted textual distraction, others struggle significantly. The
disparities might stem from differences in how models allo-
cate attention or the breadth of training data they have seen
(models trained on more diverse data may be more resilient
to extraneous information).

Reasoning Model under Distractions
Impact of add hint distractions on VL-Rethinker For
the VL-Rethinker model subjected to “Add Hint” distractions,
our analysis (related outcome distributions can be seen in
extended version) revealed that the model maintained cor-
rect answers in 89.67% of cases (C→C outcome). Perfor-
mance degradation, where a correct answer became incorrect
(C→I), occurred in 2.87% of cases. The quality of reason-
ing, as measured by the similarity between original and dis-
tracted reasoning, showed noticeable differences based on
outcome and is presented in extended version. For C→C
cases, the average semantic similarity was 0.9242, the Jac-

card similarity was 0.6668, and ROUGE-L was 0.6860. In
contrast, for C→I cases, these similarities dropped to 0.8909
(semantic), 0.5635 (Jaccard), and 0.5436 (ROUGE-L), in-
dicating that incorrect answers under distraction are asso-
ciated with more substantial perturbations in the reasoning
process. Examining the accuracy changes by specific hint
distraction types, “non sequitur” hints had no negative im-
pact (∆ = 0.0000) , while “contradictory” hints caused the
largest accuracy drop (∆ = −0.0301), followed by “mis-
leading” hints (∆ = −0.0292). “Ambiguous” and “irrele-
vant” hints had milder negative impacts (∆ = −0.0137 and
∆ = −0.0131, respectively). For other types of distraction,
see our extended version.

Experimental analysis
Model Size
Figure 2 illustrates that performance generally improves in
all distraction scenarios as the size of the model increases.
For the InternVL2 family (1B, 2B, 8B, 26B): moving from
1B to 8B yields a substantial boost in exact match accuracy
in every scenario (for example, from 79.7% at 1B to 94.5%
at 8B in Add Image). However, the 26B model shows little
to no further gain over the 8B model-in fact, we observe a
slight plateau or even a minor dip in some scenarios (e.g.,
93.40% at 26B vs 94.45% at 8B in Add Image). A similar pat-
tern holds for LLaVA models (7B, 13B, 34B): performance
climbs markedly from 7B to 34B (e.g., 68.05% to 87.50%
in Add Image; 63.80% to 82.65% in Add Hint), indicating
that larger models cope with distractions more effectively.
The improvements are the most pronounced between the
smallest and the largest variants, suggesting that scaling up
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model parameters strengthens the model’s ability to ignore
noise. That said, the diminishing returns beyond a certain size
(for InternVL2, somewhere between 8B and 26B) imply that
simply adding parameters is not enough–beyond that point,
factors like training technique or architecture may become
the limiting factor for robustness.
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Figure 2: Comparison of Exact Match Score for In-
ternVL2(left) and LLaVA Models(right).

Defending Distractions
Defense via Prompt Engineering We first tried to mitigate
distractions by augmenting the prompt with explicit instruc-
tions to ignore irrelevant information (see the extended ver-
sion). This strategy yielded partial success on certain models.
For example, Qwen2-VL (2B) saw its accuracy on Add Im-
age rise from 63.30% to 73.80% when a guiding instruction
was added - a substantial improvement. The same model
also improved in Insert Hint from 64.20% to 70.35% with
the defensive prompt. However, this was not universal: the
larger Qwen2-VL (7B) model dropped slightly on Add Im-
age (from 83.10% down to 81.35% when instructions were
added). Similarly, the large CogVLM2 (19B) model showed
inconsistent results, even decreasing in some cases (e.g., In-
sert Image fell from 87.47% to 85.18% despite the prompt
telling it to ignore distractions). These mixed outcomes sug-
gest that prompt engineering helps smaller or certain models
focus on relevant content, but it is not a reliably effective
solution for all. In some cases, adding instructions can even
introduce a slight distraction on its own or conflict with the
model’s learned attention patterns. Notably, a larger model
does not necessarily ensure better robustness to distractions.

The effectiveness of prompt engineering appears to depend
on model-specific factors.

Defense via Robust Vision Encoder. We also evaluated
whether using a more noise-resistant vision encoder could
improve robustness (see our extended version). Specifically,
we tested the LLaVA-7B model with a robust-clip (Schlar-
mann et al. 2024) (one trained with adversarial robustness) in
place of the standard clip (Radford et al. 2021). We then com-
pared their performance with our distraction scenarios. The
robust-CLIP variant showed only a marginal benefit in one
case: in Add Image, it achieved a score 0.85% higher than the
standard encoder. In all other scenarios (Insert Image, Add
Hint, Insert Hint), the model with the robust encoder actually
performed slightly worse than the original LLaVA-7B. For
instance, its accuracy with Insert Image was lower than the
baseline, indicating no advantage from the supposedly more
resilient vision backbone. This suggests that the robust-CLIP
encoder, at least as integrated into this VLM, offers minimal
gains in ignoring visual distractions.

Neither prompt-based defense nor robust encoder provided
significant protection against distractions. These defenses
yielded at best modest improvements and at worst small
regressions. It highlights the need for more effective strate-
gies—such as better training regimes or architectural inno-
vations—to truly bolster VLMs against distractions. In the
following section, we investigate fine-tuning approach aimed
specifically at enhancing distraction robustness.

Finetuning on Dataset with distractions
We investigate whether exposing models to distracting data
during training improves their robustness. To do this, we split
our I-ScienceQA benchmark into a training set and a (held-
out) test set. We then use LoRA (Hu et al. 2022) to fine-tune
two representative models (LLaVA-7B and Qwen2-VL-7B)
on the training portion, which included distracted examples.
(Due to their training pipeline constraints that required both
image and text inputs, we only used the Add Image and Insert
Image scenarios for fine-tuning.) A table in the extended
version summarizes the impact of this fine-tuning.

LLaVA-7B saw a significant jump in performance after
fine-tuning: on Add Image, its accuracy rose from 51.50%
(before) to 64.64%, and on Insert Image from 53.88% to
59.00%. Qwen2-VL-7B also improved, albeit it started from
a higher base: Add Image went from 81.37% to 86.50% and
Insert Image from 79.25% to 81.88%. These boosts demon-
strate that targeted fine-tuning with distracted data can help
models learn to ignore or overcome distractions. In particular,
LLaVA-7B’s relative gains are large, indicating that a model
that initially struggled with distractions can greatly benefit
from additional training on such examples. This experiment
underlines the value of incorporating challenging, noisy data
during training: doing so can potentially mitigate the nega-
tive effects of distractions and yield more robust and accurate
multimodal models.

Generalization
To test whether the vulnerability to distractions is specific
to ScienceQA, we constructed a similar benchmark called
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I-RealWorldQA based on the RealWorldQA dataset. We ap-
plied the same approach of injecting distractions (additional
text or images) into RealWorldQA samples. The results, sum-
marized in the extended version, show a consistent pattern:
every model’s performance declined when distractions were
introduced, confirming that the challenge extends beyond
the ScienceQA domain. For instance, Qwen2-VL achieved
67.19% accuracy on the original RealWorldQA questions,
but this dropped to 62.09% when extra text was inserted,
and down to 56.99% when an unrelated image was added.
Similarly, LLaVA dropped from 56.47% originally to 54.38%
with text distractions and 47.84% with image distractions.
Even the powerful GPT-4o model dropped from 61.31% to
about 58% under both types of distraction. These across-the-
board declines on a different dataset reinforce that the sus-
ceptibility of multimodal models to distractions is a general
phenomenon. Any robust VLM design will need to address
this vulnerability in a variety of contexts.

Combined Visual+Text Distractions
We examine whether adding a visual distraction on top of
a textual distraction further degrades performance. For the
Qwen2-VL models, the extra image had no effect on accuracy
when a text distraction was already present. Both the 2B and
7B Qwen2-VL models scored exactly the same with a text-
only distraction as they did with both text+image distractions,
in both the Add Hint and Insert Hint scenarios. This sug-
gests that the performance of these models was completely
bottlenecked by textual distraction; the irrelevant image was
essentially ignored (or it was already failing due to text, so
an image could not make it worse). Overall, the effect of
dual-modal distractions appears nuanced: some models are
robust to an additional distraction in the second modality
if one modality is already challenging them, while others
exhibit minor fluctuations (either slight further harm or even
slight help). These results highlight that the interplay between
visual and textual distractions is complex. Ideally, a robust
VLM should handle the noise of each modality without let-
ting it interfere with the other, maintaining focus on the truly
relevant parts of both image and text.

Pre-Training Dataset and Model Architecture
The robustness of VLMs is influenced by their training
datasets and architectural designs. A figure in the extended
version summarizes the models’ training datasets, vision en-
coders, and language model component. Notably, some mod-
els, such as InternVL2, are trained on the ScienceQA dataset,
raising concerns about potential data contamination. Since
the evaluation tasks may overlap with their training data, their
performance metrics might be artificially inflated.

The InternVL2 models combine the InternViT vision en-
coder with the InternLM2 language model and are trained on
a diverse set of datasets, including COCO, VQAv2, OKVQA,
Visual Dialog, and ScienceQA. Similarly, LLaVA models
utilize the CLIP ViT-L/14 vision encoder and Vicuna lan-
guage models, trained on COCO and ScienceQA. In contrast,
models such as InstructBLIP do not include ScienceQA in
their training data. They use datasets such as COCO, VQAv2,
OKVQA, and Visual Dialog, leveraging the CLIP ViT-G/14

vision encoder and Vicuna language models. Their perfor-
mance is less likely to be influenced by data contamination,
providing a better reflection of their capabilities.

Overall, while diverse training data and sophisticated ar-
chitectures contribute to model’s robustness, the inclusion
of evaluation datasets in training can artificially inflate re-
sults (Chen et al. 2024a). It is crucial to consider potential
data contamination when interpreting performance metrics to
ensure fair and accurate assessments of model capabilities.

Conclusion
This paper introduces I-ScienceQA, a comprehensive bench-
mark designed to evaluate how VLMs withstand distractions.
By augmenting the ScienceQA dataset with various types of
irrelevant or misleading information, we simulated real-world
noisy conditions. We then assessed how these distractions
impact the performance and underlying reasoning processes
of state-of-the-art VLMs. Our evaluation yielded several key
findings: (1) most VLMs are vulnerable to distractions, partic-
ularly textual ones; (2) larger models generally exhibit greater
robustness, especially against combined visual and textual
noise, though size alone does not guarantee immunity; and
(3) simple mitigation strategies like prompt engineering or
robust encoders offer only partial improvements, highlighting
significant room for advancement. Although our study pro-
vides valuable insights, it has limitations, which are detailed
in following section. In summary, this work underscores the
challenges distractions pose to current VLMs and offers a
path towards developing more resilient models.

Limitations
Our study has several limitations. (1) We consider a diverse
set of distractions (extra images, irrelevant text, etc.), but they
do not span the full range of real-world noise; other forms of
noise and knowledge irrelevance remain unexplored. (2) We
evaluate pre-trained models and basic fine-tuning only, and
do not train models or perform adversarial robustness train-
ing on noisy data from scratch; such training may improve
robustness. (3) While we test combined vision–language dis-
tractions, we do not fully characterize cross-modal interaction
effects (e.g., noise in one modality amplifying the other). (4)
We examine only two defenses (instruction prompting and
a robust vision encoder); other approaches, such as visual
segmentation to remove irrelevant regions (Lai et al. 2023)
or stronger noise-robust attention mechanisms, are left for fu-
ture work. Despite these limitations, I-ScienceQA provides a
practical testbed for robustness evaluation. We hope this work
motivates broader distraction types, more robust training, and
stronger defenses for reliable VLMs in noisy settings.
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