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Abstract However, despite their impressive performance on stan-
dard, uncorrupted data, these models exhibit notable limita-
Multimodal Large Language Models (MLLMs) have made tions in robustness when confronted with corrupted images
significant strides in visual and language tasks. However, [8, 24, 33, 40]. This issue raises concerns regarding their
despite their impressive performance on standard datasets, reliability in safety-critical applications. For instance, mon-
these models encounter considerable robustness challenges itoring systems could be compromised by adverse weather
when processing corrupted images, raising concerns about conditions such as rain or snow, while autonomous driv-
their reliability in safety-critical applications. To address ing systems could struggle with challenges like motion blur.
this issue, we introduce the MLLM-IC benchmark, specifi- Therefore, it is essential to evaluate the performance and
cally designed to assess the performance of MLLMs under analyze the robustness of MLLMs under image corruption
image corruption scenarios. MLLM-IC offers a more com- scenarios from both theoretical and practical perspectives.
prehensive evaluation of corruption robustness, enabling a In this paper, we introduce the MLLM-IC (Multi-
multi-dimensional assessment of various MLLM capabili- modal Large Language Model-Image Corruption) bench-
ties across a broad range of corruption types. It includes 40 mark, specifically designed to address the challenges as-
distinct corruption types and 34 low-level multimodal capa- sociated with image corruption. MLLM-IC features care-
bilities, each organized into a three-level hierarchical struc- fully structured three-level hierarchies for both MLLM
ture. Notably, it is the first corruption robustness bench- capabilities and image corruption types, enabling multi-
mark designed to facilitate the evaluation of fine-grained dimensional assessments of robustness and facilitating a
MLILM capabilities. We further evaluate several prominent more granular evaluation of model performance.
MLIMs and derive valuable insights into their characteris- We then evaluate the corruption robustness of MLLMs
tics. We believe the MLLM-IC benchmark will provide cru- using the MLLM-IC benchmark, leading to four key find-
cial insights into the robustness of MLLMs in handling cor- ings: (1) MLLMs are significantly affected by image cor-
rupted images and contribute to the development of more ruption; (2) Under image corruption, MLLMs exhibit lower
resilient MLLMs. Dataset and evaluation code are avail- absolute performance in capabilities such as spatial percep-
able at https://github.com/EdyQiu/MLLM-IC/ tion and knowledge reasoning, whereas demonstrate rel-

atively higher performance in tasks like instance recog-
nition, global context sensing, and logical reasoning; (3)
MLLMs perform excellently in handling geometric trans-
1. Introduction formations, color perturbations, occlusion, and weather ef-
fects, but struggle with blur and compression corruptions;

3 e O (4) MLLMs exhibit varying sensitivity to increased cor-
(MLLMs) have achieved significant progress in visual and ruption severity across corruption dimensions, whereas this

language tasks, such as image captioning, visual question trend is not observed across capability dimensions.

answering and cross-modal retrieval, demonstrating broad To the best of our knowledge, MLLM-IC is the most
applicability across various domains [15, 27, 34, 35, 37]. )

In recent years, Multimodal Large Language Models

comprehensive benchmark for evaluating image corrup-
*“This work was carried out during Xinkuan Qiu’s visiting period at tion robustness. We hope that this benchmark, along with
Institute of Computing Technology, Chinese Academy of Sciences. our findings, will contribute to a deeper understanding of
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Table 1. Comparison between existing image corruption robustness benchmarks and MLLM-IC. MLLM-IC demonstrates its superiority in
terms of the number of question-answer pairs, model capability dimensions, corruption type dimensions, and severity levels.

Benchmark #QA  # Capability # Corruption # Severity
pairs  dimensions dimensions levels
CIFAR10-C (2019) [9] 750k 1 (Classification) 15 5
ImageNet-C (2019) [9] 3750k 1 (Classification) 15 5
ImageNet-C-bar (2021) [26] 500k 1 (Classification) 10 1
Pascal-C (2019) [25] 369k 1 (Detection) 15 5
Cityscapes-C (2019) [25] 37.5k 1 (Detection) 15 5
COCO-C (2024) [18] 400k 1 (Detection) 16 5
BDD100k-C (2024) [18] 800k 1 (Detection) 16 5
Kamann2020 (2020) [11] 400k 1 (Segmentation) 19 5
Delva2024 (2024) [4] 400k 1 (Segmentation) 16 1
MSRVTT-P (2022) [30] 2770k 1 (Text-to-video retrieval) 18 5
MMC-Bench (2024) [39] 29k 1 (Image captioning) 29 1
R-Bench(2024) [14] 48.1k 3 (Multiple choice questions, 33 3
visual question answering and captioning)
MMRobustness (2024) [28] 2380k 5 (Visual entailment, image captioning, 17 5
visual reasoning, image-text retrieval)
and text-to-image generation)
MLLM-IC (ours) 4270k 34 (19 perception and 15 reasoning tasks) 40 5

MLLM behavior in corrupted image scenarios and inspire
further research in this area.

2. Related Work

Benchmarks for Multimodal Large Language Models
Early evaluations were performed on well-established mul-
timodal datasets, such as COCO Caption [3] and Science
QA [23]. However, these benchmarks focus predominantly
on basic model capabilities, failing to capture the full range
of progress in MLLM capabilities. To address these issues,
LAMM [38] and LLaVA-Bench [17] incorporate a broader
spectrum of evaluation dimensions, encompassing a diverse
range of tasks that better reflect the multifaceted nature of
model performance. Building on these efforts, MME [6]
and MMBench [19] introduce hierarchical frameworks to
assess model capabilities, arranging evaluations into three
levels: two high-level tasks, multiple mid-level tasks, and
around 20 fine-grained low-level tasks. SeedBench [13]
broadens the evaluation scope to cover more complex tasks,
including the processing of interleaved image-text content.
Collectively, these efforts underscore the growing demand
for more nuanced frameworks that can effectively capture
MLLMs’ advanced capabilities.

Benchmarks for Image Corruption Robustness Re-
search on the robustness of visual perception models against
image corruption originates from studying the response of
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traditional machine learning models to noisy data [21, 31].
This field gained substantial attention with the introduc-
tion of the ImageNet-Corruption (ImageNet-C) dataset [9],
which applies 15 artificial corruptions to ImageNet im-
ages [5] and becomes a widely adopted image corrup-
tion benchmark. Building upon this, subsequent datasets
have enabled the assessment of image corruption robustness
within the domains of object detection [7] and segmenta-
tion [20] by applying similar corruptions to existing bench-
marks, such as Pascal-C [25], Cityscapes-C [25], COCO-C
[18], BDD100k-C [18], Kamann2020 [11], and Delva2024
[4]. In addition to these classic computer vision domains,
MSRVTT-P [30] facilitates the evaluation of text-to-video
retrieval tasks, while MMC-Bench [39] supports the assess-
ment of image captioning tasks. R-Bench [14] incorporates
three distinct task formats, while MMRobustness [28] eval-
uates five model capabilities.

Through a review of the literature on MLLM bench-
marks and image corruption benchmarks, we observed that
the former have progressively evaluated a broader range of
model capabilities, but have largely overlooked the assess-
ment of model robustness. Conversely, the latter have in-
troduced a more diverse set of corruption types but remain
limited in their evaluation of model capabilities. These lim-
itations motivate the development of the MLLM-IC dataset.
As shown in Table |, our dataset surpasses existing image
corruption benchmarks in terms of dataset size, number of
model capability dimensions, number of corruption type di-
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Global Context Sensing — Scene Understanding
Which of these phrases describes
the room's decor?

A. Elegant and minimalistic

B. Traditional and classic

C. Bright and colorful

D. Rustic and farmhouse

Instance & Part Recognition — Celebrity Recognition

Who is the actor inside the red
bounding box?

A. Tom Hanks B. Johnny Depp
C. Rowan Atkinson D. Brad Pitt

Spatial Perception — Physical Relation

Where is the sheep?

A. The sheep is behind the car

B. The sheep is in the front of the car
C. The sheep is on the right of the car
D. The sheep is on the left of the car

Knowledge Reasoning — Science Knowledge

Which of the following organisms is
the omnivore in this food web?

A. Black bear  B. Black racer

C. Gray fox D. Silver maple

Logical Reasoning — Future Prediction
| What will happen next?

B. The wave is gonna go back to the sea

Visual Referring Expression, OCR

‘ A. The wave is gonna hit the two girls

C. Two girls are gonna swim in the wave
D.BothAB, and C

Figure 1. The three-level hierarchical structure of capability dimensions: 2 high-level tasks (Perception and Reasoning), 5 mid-level tasks
(such as Global Context Sensing and Instance & Part Recognition), and 34 low-level tasks (such as Image Topic, Image Quality, and Image
Scene). The images on the right illustrate one representative capability from each mid-level task, with correct answers highlighted in bold.

mensions, and number of corruption severity levels.

3. MLLM Image Corruption Dataset

To systematically and comprehensively evaluate the robust-
ness of MLLMs in handling corrupted images, we pro-
pose the MLLM Image Corruption Benchmark (MLLM-
IC). This benchmark employs carefully structured three-
level hierarchies for both model capabilities and image cor-
ruption types, as shown in Figures | and 2. These design
choices enable multi-dimensional robustness assessments
and facilitate fine-grained performance evaluations. Addi-
tionally, to enable faster evaluation, we provide MLLM-IC-
mini, a smaller evaluation subset, with details shown in Ap-
pendix Al. Dataset construction steps are described below.

3.1. Design of MLLLLM Capability Dimension

In line with the evolving trends of MLLM benchmarks,
we have incorporated a diverse range of tasks to compre-
hensively capture the capabilities of MLLMs. To achieve
this, we selected low-level tasks from two well-established
MLLM benchmarks, namely MMBench and SeedBench.
We then consolidated redundant tasks and reorganized the
mid-level structure to better align with the capabilities re-
quired for MLLMs. The definitions of these mid-level tasks
are listed in Appendix A2. Consequently, we propose a
three-level hierarchy for capability dimensions, as shown
in Figure 1. The high-level capability involves perception
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and reasoning; the mid-level capability includes global con-
text sensing, instance & part recognition, spatial perception,
knowledge reasoning, and logical reasoning; and the low-
level involves 34 fine-grained capabilities.

3.2. Design of the Image Corruption Hierarchy

We begin by defining three operational levels of image cor-
ruption—global, regional, and pixel—based on transforma-
tion functions. Subsequently, nine general corruption types
are assigned to these levels according to their shared for-
mation mechanisms. Finally, we extend these general cor-
ruption types into specific variants using evidence from the
imgaug library [1], resulting in a total of 40 specific corrup-
tion types. These 40 corruption types are further extended
across five severity levels, yielding a total of 200 distinct
corruption scenarios. Consequently, we propose a three-
level hierarchy of corruption dimensions, as shown in Fig-
ure 2. The effectiveness of this hierarchy is further validated
through feature visualization experiments. It is important to
note that all corruptions in MLLM-IC are synthetic and we
discuss the gap to real-world corruptions in Appendix A3.

To the best of our knowledge, MLLM-IC is the first
image corruption benchmark to incorporate a meticulously
structured hierarchy of corruption types, whereas previous
studies typically enumerate these types without offering de-
tailed explanations of their hierarchical relationships.
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Figure 2. The three-level hierarchical structure of corruption dimensions: 3 operational levels (Global, Region, and Pixel levels), 9 general
categories (such as Color Channel, Geometric Transformation and Blur) and 40 specific types (such as Brightness, Contrast and Saturation).
The images on the right illustrate one representative corruption from each general category.

Operational Levels of Image Corruption Types Cor-
ruption can be conceptualized as a process in which specific
transformation functions are applied to different regions of
an image. Each region Ry, consists of square blocks or ir-
regular areas formed by adjacent pixels, and is associated
with a transformation function F}, that is uniformly applied
to all pixels within the region. Consequently, for a given in-
put image I, the value of the corrupted image I’ at a specific
coordinate (z,y) is defined as:

Based on this formula, the corruption process can be cat-
egorized into three levels, determined by the total number
of regions K. For global-level corruption, the entire im-
age is treated as a single region (K = 1), where all pixels
are processed uniformly by function Fgjopa. E.g., scale-x is
defined by Fioba (I(2,y)) = I(sx,y), with s being a scal-
ing. For regional-level corruption, the image is divided into
K > 1 regions. Each region Ry, is associated with a trans-
formation function Fregion, » Which may be specific to indi-
vidual regions or shared among multiple regions. E.g., aver-
age pooling is defined by Fregion, = —= ?:_01 z;:ol I(z+
i,y + j), with n representing the size of region Rj. For
pixel-level corruption, each pixel is treated as an indepen-
dent region (K = the number of pixels). Each pixel has its
own transformation function Fpixi(x, y), €nabling completely
independent operations. E.g., Gaussian noise is defined by
Frixeix,y) = I(x,y) + ¢(x,y) , with ¢ being a constant sam-
pled from Gaussian distribution N (0, 02).

if (l’, y) € Ry.
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General and Specific Corruption Types Based on their
formation mechanisms, the 40 specific corruption types, se-
lected from the imgaug library, are grouped into nine gen-
eral categories within the proposed three-level framework,
as illustrated in Figure 2. For each of the 40 specific cor-
ruption types, we define five severity levels, resulting in a
total of 200 distinct corruption scenarios. Detailed design
for this part is shown in Appendix A4.

Validation of the Corruption Dimension Hierarchy To
validate the hierarchy presented in Figure 2, we conduct
a feature visualization experiment to examine the relation-
ships among different corruption types in feature space.
First, we select a subset of 1,000 images from the
CIFAR-10 dataset as the base dataset and apply all 200
corruption scenarios to generate 200 corrupted datasets.
Next, we extract features from all images and compute
the mean feature representation for each of the 200 cor-
rupted datasets. Following the methodology of Mintun et
al. [26], we use WideResNet as the feature extractor, which
is trained on the respective datasets to ensure effective fea-
ture representation. Subsequently, we perform dimension-
ality reduction on these 200 mean features using t-SNE to
explore the structural relationships among corruption types.
Figure 3 presents the t-SNE visualization results for the
CIFAR-10 dataset. Each point represents one of the 200
corruption scenarios, with lines connecting the five severity
levels within the same specific corruption type. Each color
corresponds to one of nine general corruption categories de-
fined in Figure 2. “Weather Condition” are excluded due to



Figure 3. t-SNE visualization of the mean feature representations
for 200 corruption types.

their inherent complexity from non-synthetic nature.

Figure 3 illustrates our findings: (1) Corruptions within
the same operational levels are generally clustered together,
as highlighted by the red circles. (2) Corruptions within the
same general category tend to group together (indicated by
the points of the same color), reflecting their shared charac-
teristics. (3) Corruptions with higher severity levels are typ-
ically positioned farther from the central point, which rep-
resents the uncorrupted case. This experiment is repeated
using a subset from ImageNet, detailed in Appendix AS.
These observations provide strong support for the rationale
behind the hierarchical organization of corruption types in
the proposed benchmark.

3.3. Corrupted Image Generation

Corresponding to the task design described in Section 3.1,
a total of 4,329 question-answer pairs were selected from
MMBench and 17,023 from SeedBench. All 40 corrup-
tion types with five severity levels introduced in Section 3.2
were applied to these data sources, forming the MLLM-IC
benchmark. The 40 corruption types are implemented us-
ing the imgaug library, which provides a systematic way
to simulate real-world distortions. The parameters for each
severity level are determined based on range discretization
for bounded values and human perceptual thresholding for
unbounded ones. Visual illustrations are provided in Figure
5 and more details are provided in Appendix A6.

4. Evaluating and Analyzing the Robustness of
MLLMs under Image Corruption

This section presents a systematic evaluation of contempo-
rary MLLMs through our hierarchical benchmark. Based
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Figure 4. Performance of eleven MLLMs on clean and corrupted
images in MLLM-IC benchmark.

Figure 5. Visualization of images corrupted with five severity lev-
els: motion blur (top), snow (mid), and Gaussian noise (bottom).

on the experimental results, we analyze the performance
characteristics of these models and offer detailed insights
into their strengths and limitations in different scenarios.
Our investigation is structured along three analytical axes:
severity, capability, and corruption dimension. These inves-
tigations highlight the advantages of our hierarchical eval-
uation design for comprehensive robustness assessment,
serving as a practical guide for benchmark utilization.

Experimental Settings To evaluate the robustness of
MLLMs against image corruption, we test eleven high-
performance models from well-established MLLM bench-
marks [6, 13, 17, 19, 38]: LLaVA-1.5 [16], Honey-
Bee [2], Inf-MLLM [41], Transcore-M [29], MiniGPT-4
[42], mPLUG-OwI2 [36], Otter [12], DeepSeek-VL [22],
Qwen2.5-VL [32], GPT-40 [10] and Gemini 2.0 using the
MLLM-IC benchmark. Details of model configurations are
provided in Appendix B1. To support efficient evaluation,
results on the MLLM-IC-mini are reported in Appendix B2.
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4.1. Performance in Severity Dimensions

Figure 4 presents the overall results for eleven MLLMs on
the MLLM-IC benchmark across five severity levels. The
results are averaged over 40 corruption dimensions and 34
capability dimensions. As shown, the accuracy of MLLMs
experiences notable degradation relative to the uncorrupted
baseline. For example, DeepSeek-VL exhibits an average
accuracy drop of 5.8%, and becomes 9.8% under the most
severe corruption; Gemini 2.0 outperforms all other models
on average, achieving the highest accuracy of 73.9%, fol-
lowed by Qwen2.5-VL with an accuracy of 71.6%. This
superiority is consistent across all severity levels; GPT-40
shows the highest degradation, with accuracy declining by
14.3% in the most challenging conditions. Additionally, the
gradual and linear decline in accuracy further supports the
effectiveness of the severity level design in the proposed
benchmark. MiniGPT-4 deviates from this trend by main-
taining a consistently low performance (also reported by
MMBench) regardless of corruption severity, since its near-
random baseline limits the degradation under corruption.

Figure 6 illustrates the performance profiles across five
mid-level capability dimensions under varying severity lev-
els. MiniGPT-4 and Otter were excluded due to low accu-
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racies to avoid scale compression and visual clutter. The
three radar charts exhibit similar configurations with pro-
gressively decreasing scale magnitudes, indicating consis-
tent relative superiority of MLLMs under corruption con-
ditions. Figure 7 presents the performance profiles across
nine general corruption types under varying severity lev-
els. In contrast to the charts in capability dimension, these
charts reveal significant structural divergence as severity in-
creases. At level 1, the near-circular configurations suggest
uniform performance across corruption types. However,
higher severity levels expose model-specific sensitivity pat-
terns, revealing that models have different sensitivities for
various corruption dimensions: GPT-4o is clearly vulnera-
ble to blur, while mPLUG-OwI shows pronounced degrada-
tion under noise; although Qwen2.5-VL initially performs
comparably to Gemini 2.0, it becomes increasingly suscep-
tible to multiple corruptions as severity increases.

4.2. Performance in Capability Dimensions

We provide a detailed analysis of the performance charac-
teristics of MLLMs across various capability dimensions,
averaged over 40 corruption types and five severity levels.
As shown in Table 2, MLLMs generally exhibit robust per-
formance in tasks related to global context sensing, instance



Table 2. Accuracies of eleven MLLMs in capability dimensions.

The best result is highlighted and the second-best result is underlined.

Capability LLa Honey Inf Trans Mini Owl Otter Deep GPT Qwen Gem | Avg
VA Bee mllm coreM GPT Seek ini
Spatial Perception 504 536 55.1 54.5 23.6 48.0 31.7 553 547 643 628 | 504
Knowledge Reasoning  47.0  52.6 49.8 49.5 252 476 375 540 632 663 68.1 | 51.0
Logical Reasoning 66.1 65.8 66.4 68.1 288 633 447 709 623 71.1 744 | 62.0
Instance Recognition 705 715 70.8 73.8 264 65.1 417 720 593 729 751 | 63.6
Global Context Sensing 72.0  74.5 74.0 74.9 332 698 442 780 744 732 795 | 68.0
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Figure 8. Radar charts showing the performance of nine MLLMs across hierarchical capability dimensions. From left to right: (a)
performance across five mid-level capabilities, (b) performance across 19 low-level perceptual capabilities, and (c) performance across 15

low-level reasoning capabilities.

recognition, and logical reasoning under image corruption.
In contrast, MLLM performances are much inferior in tasks
requiring spatial perception and knowledge reasoning. Re-
garding the performance of individual models, none of the
evaluated models demonstrate superior performance across
all tasks. Gemini 2.0 achieves the best results in global con-
text sensing, instance recognition, and two reasoning tasks,
while Qwen2.5-VL exhibits the highest robustness in spa-
tial perception. Notably, GPT-40 exhibits distinct robust-
ness characteristics, particularly showing reduced accuracy
in instance recognition tasks. This can be attributed to its
conservative fallback behavior (e.g., defaulting to “don’t
know”) in scenarios such as celebrity identification.

Figure 8 presents the radar charts corresponding to the
data in Table 2. The leftmost chart directly reflects the
data from Table 2, while the remaining two charts show
the performance breakdown for low-level tasks in percep-
tion and reasoning dimensions respectively. These figures
provide additional insights and further validate our conclu-
sions. Furthermore, different models show strengths in dis-
tinct low-level capability dimensions, in contrast to the re-
sults in Table 2, where Gemini 2.0 consistently dominates
across all mid-level capability dimensions. This observation
underscores the importance of incorporating fine-grained
capability dimensions into robustness benchmarks.

4.3. Performance Across Corruption Dimensions

We provide a comprehensive analysis of MLLMs’ per-
formance across various corruption dimensions, averaged
over five severity levels. As shown in Table 3, MLLMs
demonstrate strong performance when exposed to image
corruptions such as geometric transformations, color per-
turbations, weather effects, and occlusions. However, per-
formance deteriorates notably under corruptions involving
blur and compression. When evaluating individual models,
Gemini 2.0 consistently outperforms all other models across
almost every corruption type.

Figure 9 presents the corresponding radar charts for the
results in Table 3. The leftmost chart is directly derived
from Table 3, while the remaining three charts break down
performance for specific corruption types at the global, re-
gional, and pixel levels. These figures provide further in-
sights and reinforce the conclusions drawn from the data.

4.4. Multi-dimensional Performance Heatmap

The proposed benchmark facilitates a thorough evaluation
of model robustness across various dimensions, including
severity, capability, and corruption. For instance, the 3D
heatmap presented in Figure 10 illustrates DeepSeek-VL’s
performance across these three dimensions, serving as a di-
agnostic assessment of its robustness to image corruption.
Further information is provided in Appendix B3.
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Table 3. Accuracies of eleven MLLMs in corruption dimensions. The best result is highlighted and the second-best result is underlined.

Corruption LLa Honey Inf Trans Mini Owl Otter Deep GPT Qwen Gem | Avg
VA Bee mllm coreM GPT Seek ini
Blur 577 593 59.1 60.7 264 543 391 61.0 53.0 63.6 643 | 546
Compression 58.5  60.5 57.6 615 263 535 401 629 578 64.1 663 | 555
Texture Changing 58.5  60.5 59.3 614 269 546 388 631 605 64.6 67.8 | 56.1
Noise 593 61.6 61.5 62.5 282 533 402 629 628 648 69.6 | 57.2
Shape Changing  61.2  62.8 62.8 63.6 27.1 599 386 656 59.7 692 702 | 584
Occlusion 63.3  65.2 64.9 66.1 27.0 619 388 67.7 61.8 73.0 729 | 60.5
Weather 62.7 654 65.4 657 28.0 61.0 397 680 658 73.1 74.0 | 609
Color 63.6  66.7 66.8 66.8 278 633 413 701 673 746 762 | 624
Geometric 642 674 67.7 67.0 28.1 642 408 701 68.6 750 772 | 629
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Figure 9. Radar charts depicting the performance of nine MLLMs across hierarchical corruption dimensions. From left to right: (a)
performance in nine general corruption types, (b) performance in 20 specific global-level corruptions, (c) performance in 15 specific
regional-level corruptions, and (d) performance in five specific pixel-level corruptions.
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4.5. Discussion

We evaluate the robustness of eleven MLLMs under image
corruption and identify three patterns.

Performance in Capability Dimensions Under image
corruption, MLLMs exhibit lower absolute robustness in

Accuracy
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capabilities such as spatial perception and knowledge rea-
soning, whereas demonstrate relatively higher robustness in
tasks like instance recognition, global context sensing, and
logical reasoning;

Performance in Corruption Dimensions MLLMs show
excellent performance in handling geometric transforma-
tions, color perturbations, occlusions, and weather ef-
fects. In contrast, they exhibit more substantial performance
degradation under blur and compression corruptions.

Sensitivity to Corruption Severity Different MLLMs
display varying levels of sensitivity to increasing corruption
severity within corruption dimensions. However, this trend
is not observed within capability dimensions.

5. Conclusions

In this study, we introduce a comprehensive benchmark to
assess the performance of MLLMs and analyze their behav-
ior under various image corruption scenarios. Using this
benchmark, we evaluate eleven SOTA MLLMs, providing
a multi-dimensional analysis of their strengths and limita-
tions. MLLM-IC is presented as a valuable tool for robust-
ness evaluation and hope our findings provide meaningful
insights into how MLLMs respond to image corruption.
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