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Figure 1: The construction overview of the proposed R-Bench. We model the full-link real-world
corruption and evaluate the performance of LMMs on reference/distorted (left/right) images. Exper-
iments demonstrate that the LMMs solve the original image but hallucinate against corruption.

ABSTRACT

The outstanding performance of Large Multimodal Models (LMMs) has made
them widely applied in vision-related tasks. However, various corruptions in the
real world mean that images will not be as ideal as in simulations, presenting
significant challenges for the practical application of LMMs. To address this is-
sue, we introduce R-Bench, a benchmark focused on the Real-world Robustness
of LMMs. Specifically, we: (a) model the complete link from user capture to
LMMs reception, comprising 33 corruption dimensions, including 7 steps accord-
ing to the corruption sequence, and 7 groups based on low-level attributes; (b)
collect reference/distorted image dataset before/after corruption, including 2,970
question-answer pairs with human labeling; (c) propose comprehensive evalua-
tion for absolute/relative robustness and benchmark 20 mainstream LMMs. Re-
sults show that while LMMs can correctly handle the original reference images,
their performance is not stable when faced with distorted images, and there is a
significant gap in robustness compared to the human visual system. We hope that
R-Bench will inspire improving the robustness of LMMs, extending them from
experimental simulations to the real-world application.

1 INTRODUCTION

Large Multimodal Models (LMMs) have demonstrated outstanding abilities in a wide range of vi-
sual tasks. Due to the cross-modal interaction capabilities brought by instruction tuning, they can

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2025

accurately understand visual information and provide precise feedback based on queries. However,
unlike single-modal Large Language Models (LLMs), which have become the foundation of daily
life for humans, satisfying diverse needs such as writing, searching, and coding, LMMs, despite their
excellent performance, have not yet reached the same status. From the neural perception perspective
(Zhang et al., 2022), the visual cortex accounts for at least 70% of the external information process-
ing; and according to Cisco statistics (Cisco, 2020) from 2018-2023, image/video data accounted
for 82% of network bandwidth. Therefore, if the real-world applications of LMMs can be expanded
from text to images, it will bring tenfold convenience to daily human life.

Why are LMMs excellent in benchmarks but limited in the real-world? Robustness is a crucial
factor. In experiments, LMMs usually receive high-quality images, but in real-world scenarios that
includes numerous corruption, such as object motion, lens blur, etc. Worse still, in embodied AI or
mobile devices (Bai et al., 2024) where agents call LMMs to perform tasks, due to the limitations of
edge computing power, current models are mainly deployed on the cloud. The complex transmission
process is also risky for corruption. Considering the image modality is much larger than text and
encounters more losses in the real-world, LMMs must ensure robust results on distorted content.

Unfortunately, despite the emergence of benchmarks for LMMs in numerous tasks over the past
few years, assessing their robustness in the real-world remains an unexplored challenge. First, the
evaluation of robustness requires images before and after distortion, which presents a significant
challenge in data collection. This involves modeling and categorizing corruptions on one hand, and
maintaining carefully curated reference/distorted image pairs (rather than taking a bunch of distorted
images directly) on the other. In addition, unlike the commonly used benchmark dimensions such
as accuracy/recall, robustness currently lacks a universally accepted metric.

Considering these issues, we have established R-Bench to evaluate the robustness of LMMs in the
real world. R-Bench aims to test the resistance of different LMMs to corruptions and to identify
the most significant corruptions affecting LMMs’ performance, thereby pointing out optimization
directions for future LMMs and helping them adapt to real-world images, as shown in Figure 1. Our
contributions can be summarized as follows:

• A comprehensive modeling of corruption to date. We have considered the entire link from
image capturing to LMMs finally seeing the image based on knowledge in imaging science
and communication engineering, and categorized it into 7 steps, and by underlying features
into 7 groups, totaling 33 corruption dimensions in 3 different strengths.

• A large dataset containing 2,970 pairs of corresponding reference/distorted images, metic-
ulously annotated by human experts, covering the three most mainstream tasks of LMMs.
The data characteristics prove that they are suitable as a testing sequence for robustness.

• A comprehensive benchmark experiment that considers the performance of 20 mainstream
LMMs on reference/distorted images, thereby measuring robustness. In particular, we have
proposed the concepts of absolute/relative robustness with a mathematical definition, estab-
lishing a standardized process for future robustness evaluation.

2 RELATED WORKS

For the task of generating text from images, its robustness has been the long-term research topic as
listed in Table 1. However, a series of works, including RobustBench, MSRVTT-P, AttackVLM, and
OpenRedTeaming (Croce et al., 2021; Schiappa et al., 2022; Zhao et al., 2023; Cui et al., 2024), have
treated robustness as a typical adversarial task. The distortions in images come from manual attacks,
such as manually adjusting a part of the image or injecting carefully designed noise to induce the
model to make mistakes. Although they study robustness, these distortions are completely different
from the corruption in the real world. RobustVLM (Schlarmann & Hein, 2023) is the first study on
corruption robustness, but its range of distortions is not rich enough. Subsequently, MMRobustness
(Qiu et al., 2024) and MMC-Bench (Zhang et al., 2024a) considered more detailed distortion scenar-
ios. However, their assessments of robustness are not reasonable enough; the former directly uses
the task score of the distorted images as robustness, while the latter measures the similarity between
the distorted images and the answers to the original images. Both of these evaluation mechanisms
are irrational, which will be analyzed in Section 3.3.
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Table 1: Comparision between previous robustness-related benchmark and R-Bench. R-Bench is
more comprehensive and reliable in real-world evaluations.

Benchmark Mechanism Dimensions Task Robustness

RobustBench Handcraft Attack 15 MCQ Absolute
MSRVTT-P Handcraft Attack 7 CAP Absolute, Similarity
RobustVLM Machine Corruption 2 CAP Absolute, Similarity
AttackVLM Generative Attack 2 CAP Similarity
OpenRedTeaming Handcraft Attack 3 MCQ, VQA, CAP Absolute
MMRobustness Machine Corruption 14 VQA, CAP Absolute
MMC-Bench Machine Corruption 29 CAP Similarity
R-Bench In-the-wild, Machine Corruption 33 MCQ, VQA, CAP Absolute, Relative

In addition, all previous research on robustness has two common issues. First, very few works can
simultaneously consider the three classic LMM tasks, namely Multiple Choice Questions (MCQ),
Visual Question Answering (VQA), and Captioning (CAP). This limits the credibility of the bench-
mark in terms of robustness. Moreover, although some corruption comes from the real-world, they
only include the machine transmission process from the captured image to LMM reception; they
ignore the former process in obtaining the image itself, namely in-the-wild corruption. Therefore,
an objective and reliable benchmark needs to be conducted to analyze robustness across multiple
tasks and dimensions along the entire real-world corruption link.

3 BENCHMARK CONSTRUCTION

3.1 REFERENCEDATA COLLECTION

To comprehensively characterize image data from the real world, we collect high-quality reference
data and then add corruption to obtain distorted images. The selection of references is based on
three principles: (1) Diversity: The data must contain different subjects, backgrounds, styles, etc.,
and the three tasks should be as evenly distributed as possible to avoid affecting the credibility of the
benchmark due to highly consistent data. (2) Reality: The images must come from natural scenes,
such as UGC (user-generated content) taken by average users. Content commonly found in other
benchmarks, such as anime (Li et al., 2022), screen content (Li et al., 2024d), and AI-Generated
Content (AIGC) (Li et al., 2024b;c; 2023) will be �ltered out. (3) Quality: As high-quality reference
information, the images must not already be distorted, as otherwise, they cannot be distinguished
from the corresponding distorted images.

To obtain reference images, we have implemented the following mechanisms: First, we considered
samples from today's mainstream benchmarks, including seven LMM benchmark datasets for MCQ,
VQA, and CAP tasks. (Lin et al., 2014; Liu et al., 2023c; Wu et al., 2023a; XAI, 2024; Liu et al.,
2023a; Yu et al., 2024; Marino et al., 2019) Moreover, considering the needs of cloud-side LMMs
in the embodied AI, we collected data by operating robots in various indoor, architectural, and street
environments. Secondly, we recruited human experts to inspect the images and only retained those
marked as in-the-wild. Finally, we used the most accurate Image Quality Assessment (IQA) models
Q-Align, TOPIQ, and LIQE (Wu et al., 2023b; Chen et al., 2024a; Zhang et al., 2023) as quality
controllers, representing the quality from semantic to pixel levels. If any of the indicators is below a
certain threshold, the image is deemed to be distorted and removed. The speci�c image proportions
and processing details are included in the Appendix. Finally, we add question-answer pairs to these
images. For samples from other datasets that already included question-answer pairs, we retain
them if our human experts could correctly answer. Otherwise, we re-annotate them. We also set
new question-answer pairs for all samples we collected ourselves. As a result, we obtained 1,485
question-answer pairs, with 495 samples each for MCQ, VQA, and CAP as ground truth.

3.2 DISTORTEDDATA COLLECTION

To comprehensively characterize the corruption that images encounter in the real world, we divide
the process from image capture to large model reception into seven steps: Environment Interference
(EI), Camera Interference (CI), Analog-to-Digital (AD), Source Encoding (SE), Channel Transmis-
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Figure 2: Data collection process ofR-Bench. We collect and annotate reference image data with 3
different tasks, then construct distorted images withIn-the-wild corruptionby changing the environ-
ment before imaging, andMachine corruptionby adding distortions. All 33 corruption dimensions
belong to 7steps(in time order) and 7groups (in low-level), each having three levels of strength.

Table 2: All 33 corruption dimensions of R-Bench, listed by 7 distortion steps. Different icons
denote 7 low-level group Blur(� ), Luminance(� ), Chrominance(4 ), Spatial(� ), Noise(?), Com-
pression(+) , and Wild(� ).

Step Explanation Dimensions

Environment
Interfere (EI,1)

Interference with the sub
-ject to be photographed

1.Motion blur� ; 2.Bright illumination� ;
3.Dark illumination� ; 4.Blocking obstacle�

Camera
Interfere (CI,2)

Interference with the
photographing equipment

5.Lens blur� ; 6.Resolution limit� ;
7.Lens obstacle� ; 8.Lens shaking�

Analog-to
-Digital (AD.3)

Analog-to-Digital conversion
mistake by electronic devices

9.White Noise?; 10.Color Noise?; 11.Impulse Noise?;
12.Multiplicative noise?; 13.Clock jittering�

Source
Encoding (SE.4)

Information discarded in
the source encoding

14.Color quantization4 ; 15.JPEG2000 codec4 ; 16.JPEG
codec4 ; 17.WEBP codec4 ; 18.Grayscale quantization�

Channel
Transimssion (CT.5)

Information lost in
channel transmission

19.Block exchange� ; 20.Block repeat� ;
21.Block lost� ; 22.Block interpolation�

Receiver
Decoding (RD.6)

Information misinterpreted
in the receiver decoding

23.HSV saturation4 ; 24.LAB saturation4 ; 25.Maximum
brighten� ; 26.Minimum darken� ; 27.Mean shift�

Enhancement
Postprocess (EP.7)

New corruptions introduced
to recover above corruptions

28.Gaussian �lter� ; 29.Color diffusion4 ; 30.Color shift4 ;
31.CNN denoise?; 32.Shapness change4 ; 33.Contrast change4

sion (CT), Receiver Decoding (RD), and Enhancement Postprocess (EP). Unlike traditional robust-
ness tests, we are the �rst to focus on the �rst two steps, EI and CI, which refer to the in-the-wild
corruption encountered during the image capture process. We are not only concerned with the cor-
ruption that occurs after the image is captured, due to machine signal processing, transmission, and
other issues. Note that in-the-wild corruption is more dif�cult to obtain than machine corruption. It
requires changing environmental conditions and camera parameters in reality after capturing high-
quality reference images, rather than applying perturbation strategies directly to the reference images
as is done with the last �ve steps. Speci�cally, we considered 33 common corruption scenarios in
the real world as dimensions for our benchmark. These dimensions can be divided into seven steps
as mentioned; or, like past IQA work, they can also be categorized by low-level attributes into seven
groups: Blur, Luminance, Chrominance, Spatial, Noise, Compression, and the in-the-wild corrup-
tion that R-Bench introduced for the �rst time. Table 2 shows the steps and groups to which each
dimension belongs, as well as the de�nitions of each step. The de�nitions of each group are based
on KADID-10K. (Lin et al., 2019) As space limits, the speci�c de�nitions of the 33 dimensions, as
well as visualization examples, are provided in the Appendix.

Note that we also controlled the intensity of corruption, which is bene�cial for detecting the ro-
bustness of LMMs under different corruption levels, as shown in Figure 2. Based on the perceptual
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Figure 3: A comprehensive robustness evaluation example. The combination of absolute and relative
robustness avoids misjudgment of chance examples, ensuring the reliability of the R-Bench.

mechanism of the HVS, the corruption is divided into three levels: low: humans can detect the
difference between the distorted and reference images, which corresponds to the Just-Noticeable
Difference (JND) in signal processing; mid: there is a noticeable semantic difference between the
two images, but it does not affect human cognition; High: the corruption is severe enough to mis-
lead humans, such as giving incorrect answers to questions like the number of people or the back-
ground objects in the image. Within R-Bench, we strictly controlled the intensity of the corruption
when capturing distorted images and manually adding distortion, ensuring an average distribution
of low/mid/high samples.

3.3 ROBUSTNESSDEFINITION

This section de�nes robustness mathematically to enable a comprehensive robustness assessment.
Robustness can be categorized into absolute and relative aspects. Absolute robustness refers to the
performance that LMMs exhibit only on distorted images, while relative robustness is whether the
outputs of LMMs are stable between reference/distorted images. Thus, absolute robustnessRa can
be simply de�ned as:

Ra = Score(GT; LMM( I dis )) ; (1)

where functionScore(�) compute the similarity between ground truth answerGT and theLMM( �)
result when viewing the distorted imageI dis . However, this metric is not comprehensive; for a pow-
erful LMM, its performance on distorted images may signi�cantly decline compared to reference
images, but since the baseline of the reference is already high, this does not necessarily lower the
appearance ofRa . Thus, it can be termed a powerful model but not robust. Therefore, it is nec-
essary to add a relative concept above absolute robustness. Some robustness studies (Zhao et al.,
2023; Zhang et al., 2024a) attempt to directly express robustness through the output discrepancy
between reference and distorted images. Unfortunately, this evaluation is even more unreasonable
and can only be referred to as similarity, rather than robustness. For instance, if an LMM produces
incorrect outputs, regardless of viewing the reference or distorted image, if these errors happen to be
consistent, then this poor model will receive a perfect similarity score. Thus, we have initially de-
�ned relative robustnessRr as follows:Provided that an LMM can correctly process reference
images, if the distorted output is still consistent with the reference, namely:

Rr = Score(GT; LMM( I ref )) � Score(LMM(I ref ); LMM( I dis )) ; (2)

whereI ref denotes the reference image. R-Bench will calculate the performance of all LMMs indi-
vidually based on the above two metrics and use the average value for the �nal robustness ranking.

4 EXPERIMENT

4.1 BENCHMARK CANDIDATES

R-Bench uses 20 mainstream LMMs for testing. All chosen models have demonstrated excellent
performance in past multi-modality understanding benchmarks (Liu et al., 2023c; Wu et al., 2023a;
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