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Abstract

Multimodal Large Language Models struggle to maintain re-
liable performance under extreme real-world visual degrada-
tions, which impede their practical robustness. Existing ro-
bust MLLMs predominantly rely on implicit training/adapta-
tion that focuses solely on visual encoder generalization, suf-
fering from limited interpretability and isolated optimization.
To overcome these limitations, we propose Robust—-R1, a
novel framework that explicitly models visual degradations
through structured reasoning chains. Our approach integrates:
(i) supervised fine-tuning for degradation-aware reasoning
foundations, (ii) reward-driven alignment for accurately per-
ceiving degradation parameters, and (iii) dynamic reason-
ing depth scaling adapted to degradation intensity. To facil-
itate this approach, we introduce a specialized 11K dataset
featuring realistic degradations synthesized across four criti-
cal real-world visual processing stages, each annotated with
structured chains connecting degradation parameters, percep-
tual influence, pristine semantic reasoning chain, and conclu-
sion. Comprehensive evaluations demonstrate state-of-the-
art robustness: Robust-R1 outperforms all general and
robust baselines on the real-world degradation benchmark
R-Bench, while maintaining superior anti-degradation per-
formance under multi-intensity adversarial degradations on
MMMB, MMStar, and RealWorldQA.

Code — github.com/jqtangust/Robust-R1

Data — huggingface.co/datasets/Jiaqi-hkust/Robust-R1
Model — huggingface.co/Jiaqi-hkust/Robust-R1

Space — huggingface.co/spaces/Jiaqi-hkust/Robust-R1

1 Introduction

Multimodal Large Language Models (MLLMs) have
demonstrated remarkable capabilities in visual understand-
ing tasks (Liu et al. 2024; Tang et al. 2024a, 2025; Lu
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Figure 1: Comparison with other existing robustness en-
hancement approaches. (A) is based on implicit train-
ing/adaptation, which only considers the visual encoder fea-
ture alignment. (B) is ours, and we explicitly integrate the
degradation-aware reasoning chain into MLLM.

et al. 2024a). However, their performance degrades signif-
icantly under real-world visual degradations (e.g., noise,
blur, occlusion) (Malik et al. 2025; Schlarmann et al. 2024,
Tang et al. 2023, 2024b), compromising reliability in prac-
tical applications. Therefore, enhancing robustness against
such degradations remains a critical challenge for deploying
MLLM:s in uncontrolled environments (Long et al. 2025).
Existing approaches primarily rely on implicit train-
ing/adaptation strategies to integrate robustness, such as
adversarial training (Wang et al. 2024b), robust vision-
language alignment (Hossain and Imteaj 2024; Schlarmann
et al. 2024; Yuan et al. 2024), or large-scale adversarial pre-
training (Malik et al. 2025). These methods focus on fortify-
ing visual encoders against distortions through data-centric
optimization. While effective, they suffer from two funda-
mental limitations (as indicated in Figure 1-A): (i) Limited



Interpretability: They lack explicit mechanisms to diag-
nose degradation impacts on original semantic information.
(ii) Isolated Optimization: They neglect the degradation-
propagation relation between the visual encoder and large
language model.

To overcome these limitations, we propose Robust—R1,
a novel framework that explicitly models visual degra-
dations through structured reasoning. Unlike implicit
paradigms, Robust—-R1 firstly perceives degradation pa-
rameters (type and intensity), then analyzes their semantic
impact on visual content, and finally reconstructs distortion-
free interpretations to derive robust results. This explicit ap-
proach significantly enhances robustness while providing in-
terpretable reasoning traces (as shown in Figure 1-B).

Our implementation comprises three core stages: First,
we perform Supervised Fine-Tuning (SFT) to equip pre-
trained MLLMs with foundational degradation-aware rea-
soning abilities. Second, we design a reward function that
aligns model outputs with accurate degradation parameters.
Finally, we introduce a complementary reward function to
dynamically scale the reasoning chain length according to
degradation severity, ensuring optimal efficiency.

To support this approach, we construct an 11K dataset
from A-OKVQA (Schwenk et al. 2022), comprising 10K
training and 1K validation samples. For each sample, we
synthesize realistic degradations by simulating four key
stages: acquisition — transmission — environment — post-
processing with random intensities. We then generate struc-
tured reasoning chains that link: (i) degradation parameters
(Dy), (ii) their influence (Ay), (iii) the pristine semantic rea-
soning chain (Tx), and (iv) the final conclusion (Y 4). The
complexity of these reasoning chains is dynamically scaled
with the degradation intensity to balance robustness with
computational efficiency.

Comprehensive evaluations demonstrate Robust-R1’s
superior robustness. On the real-world degradation bench-
mark R-Bench (Li et al. 2024), Robust—R1 achieves state-
of-the-art (SOTA) performance across all degradation in-
tensities (low, medium, and high), outperforming existing
general MLLMs and robust MLLMs. Furthermore, when
subjected to adversarial degradation on general visual un-
derstanding benchmarks (MMMB (Sun et al. 2025), MM-
Star (Chen et al. 2024a), and RealWorldQA (xAI 2024)),
Robust-R1 maintains significantly robust performance. It
exhibits a markedly smaller performance drop compared to
all baselines under multi-level degradation intensities (25%,
50%, and 100%). Our contributions are summarized as:

* We propose Robust-R1, a novel approach that explic-
itly mitigates visual degradations in MLLMs through
structured reasoning chains, providing interpretable
degradation diagnostics alongside enhanced robustness.

* We construct a dataset of 11K samples featuring realis-
tic degradations synthesized across four critical stages,
each annotated with structured reasoning chains for
degradation-aware reasoning.

* Robust-R1 achieves SOTA performance on the real-
world robust visual understanding benchmark (R-Bench)
and demonstrates superior robustness under adver-
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sarial degradation on established general benchmarks
(MMMB, MMStar, RealWorldQA), significantly outper-
forming existing general and robust MLLM baselines.

2 Related Work

Robust Visual Understanding Environmental perturba-
tions pose persistent challenges to multimodal large lan-
guage models (MLLMs), often significantly degrading their
perceptual and reasoning capabilities. As a result, enhanc-
ing model robustness has become a critical focus in vi-
sual understanding research. Early efforts primarily fo-
cused on adversarial training through visual encoder fine-
tuning. Approaches like TeCoA (Wang et al. 2024b), Sim-
CLIP (Hossain and Imteaj 2024), and Robust CLIP (Schlar-
mann et al. 2024) optimized model resilience against local-
ized distortions but faced inherent limitations: reliance on
limited adversarial datasets often compromised generaliza-
tion performance. More recent approaches, such as Robust
LLaVA (Malik et al. 2025), have sought to mitigate these
issues through large-scale adversarial pre-training. Despite
some success, these strategies incur substantial computa-
tional and annotation costs, limiting their scalability.

In contrast to these implicit adaptation paradigms,
Robust-R1 introduces a novel degradation-aware rea-
soning mechanism that explicitly enhances interpretability
while improving robustness.

Multimodal Reasoning Multimodal reasoning empowers
MLLMs to solve complex tasks by integrating perception,
contextual understanding, and logical inference (Wei et al.
2022). Prior work has made considerable progress in do-
mains such as mathematical visual reasoning, where mod-
els are required to interpret and reason over problems in-
volving both symbolic notations and visual elements (Wang
et al. 2024a; Lu et al. 2024b). Subsequent research has ex-
panded into broader visual reasoning scenarios, exempli-
fied by frameworks like Visual CoT (Shao et al. 2024a) and
V* (Wu and Xie 2024), which focus on parsing scene ele-
ments and their relational structure.

Robust—R1 builds upon and extends this line of work
by harnessing the MLLM’s intrinsic reasoning capacity,
pioneering its application to explicitly reason about and
overcome visual distortions, thereby establishing a new
paradigm for robust multimodal understanding.

3 Methodology

Problem Definition Multimodal Large Language Models
(MLLMs) frequently exhibit performance degradation when
processing visually corrupted inputs in real-world scenar-
ios (Xu et al. 2025b,a), which undermines their interpreta-
tion accuracy. This challenge can be represented as Eq. (1),

Yi = Mmm(Xa @ P), (1)

where X, is the degraded visual input, derived as X,
D(X), with X as the original input and D(-) representing the
degradation function. P denotes the text prompt. My pm(+)
denotes the original MLLM framework. Y ;4 is the generated
output under current conditions. & indicates the multimodal
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Figure 2: Overview of Robust—-R1. (A) Supervised Fine-Tuning (SFT): we train the model using reasoning data to equip it
with basic degradation-aware reasoning capability; (B) Reinforcement Learning (RL): we propose two reward functions to (i)
align precise degradation-aware space while (ii) adaptively scaling to suitable reasoning lengths based on degradation intensity.

combination operator. To tackle this issue, we aim to develop
a robust MLLM framework that satisfies:

approx

MEEE (% 6 P) PN Myum(X @ P), ()

where MEPU (1) denotes our enhanced model, and the ap-

. . approx . . . .
proximation operator —— signifies the objective of ap-
proximating the output under pristine visual conditions.

Overview of Degradation-Aware Reasoning To address
the above problem, Robust—R1 incorporates an explicit
degradation-aware reasoning process that perceives degra-
dation parameters (type and intensity), analyzes their impact
on visual content, and reconstructs high-fidelity interpreta-
tions. This process is formulated as:

Miiw (Xa @ P) &
{M;(Da, Aa | Xa) = M (Tx | Da, Mg, Xa, P)
— Mumrm (Yd | (Tx,Dgq,Aq) & Xq @ P)},

(€))

where M, (-) is degradation parameters perception process,
to perceive Dg = {7.", 5%V (types 74 and intensi-
ties sq4) and their impact Ay; M, (-) reconstructs the pris-
tine semantic representation Tx of original X; and original
Murim(+) can generate the robust output Y, conditioned

on degradation-aware reasoning chain.

Workflow Firstly, to integrate degradation-aware reason-
ing capabilities, We first fine-tune the pretrained vision-
language model to establish foundational degradation-aware
reasoning capabilities (Section 3.1). Subsequently, We em-
ploy reinforcement learning with a dedicated reward func-
tion to align the model’s perception with accurate degrada-
tion parameters (Dy) (Section 3.2). Finally, we dynamically
adjust the reasoning chain length based on degradation in-
tensity to optimize the trade-off between robustness and ef-
ficiency (Section 3.3).
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3.1 Acquiring Basic Reasoning Ability

Tokenization of Reasoning Chain To enable structured
degradation-aware reasoning, we formalize the reasoning
chain using special tokens (enclosed in“<” and “>”) that
segment distinct reasoning phases:

<TYPE>Dy<TYPE_END>,
<INFLUENCE>A <INFLUENCE_END>,
<REASONING>Tx <REASONING_END>,
<CONCLUSION>Y 3<CONCLUSION_END>,

@

<ANSWER>Y {™"*) <ANSWER_END> (Optional),

where Y™V denotes the task-specific answer output dur-
ing benchmark evaluation. This tokenization enforces a se-
quential reasoning flow to maintain structured output.

Supervised Fine-Tuning (SFT) We optimize model pa-
rameters 6 through next-token prediction (as shown in Fig-
ure 2-A) on the structured reasoning chain:

N
Lsrr = —Ex,.p,v)~Pr Z log Po (wn, | w<n,Xa,P), (5)

n=1

where C = (wn,...,wN) ~ {Dd,Ad — Tx — Yd}
represents the output reasoning chain. N denotes the se-
quence length, Py is the model’s conditional probability
distribution, Pr denotes the distribution of training data.
This optimization enables the model to acquire foundational
degradation-aware reasoning ability by sequentially gener-
ating the structured reasoning chain.

3.2 Aligning Accurate Degradation Parameters

Although SFT equips the MLLM with foundational
degradation-aware reasoning ability, it still lacks an accu-
rate perception of degradation parameters (types and inten-
sities). As quantitatively demonstrated in Figure 6-A (w/o
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Figure 3: Correlation between degradation intensity and rea-
soning chain length on Seed-1.5-VL (Guo et al. 2025).
Higher degradation intensities require longer chains to main-
tain accuracy, even multi-step reasoning.

Dy), lacking precise alignment exhibits significant devia-
tion from practical degradation parameters, leading to lim-
ited degradation perception ability.

Reward for Accurate Degradation Parameters To
achieve high-fidelity alignment, we design a reward func-
tion that directly operates in the degradation parameter
space (as shown in Figure 2-B (left)). The reward function
raeg (Y, Ygr) explicitly evaluates degradation parameter de-
viation:

I J
7":15;> Y YGT ZZ (J) (1 _ ‘S((il) o S(G]T) )
= o # ),

(6)
where §(-) denotes the Kronecker delta function (web 2025).
This formulation specifically: (1) penalizes type mismatches
with —1 reward; (2) rewards type matches proportionally to
intensity accuracy (1 — |As|); and (3) aggregates rewards
across all instances (4 = 1,...,Tand j = 1,...,J).

3.3 Scaling to Suitable Reasoning Length

Although we achieve accurate Dy alignment, longer rea-
soning chains may introduce computational redundancy. As
identified in (Sui et al. 2025), such “overthinking” reduces
inference efficiency without improving output quality.

Observation Through empirical analysis in Figure 3, we
observe a strong correlation between degradation intensity
and required reasoning length, as:

len(Y) x E [Z s(di):| ,

@)
where len(Y) denotes the length of the generated rea-
soning chain. Higher degradation levels necessitate longer
reasoning chains, while simpler degradations only require
shorter responses.

Reward for Suitable Reasoning Length To optimize
computational efficiency while maintaining robustness, we
introduce a length-modulation reward (Figure 2-B (right)):

_ [Len(Y) — 1en(Yar)|

len(YGT) (8)

Ten(Y, Ygr) =1
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where len(Ygr) is the optimal length from ground
truth. This reward equals 1 when lengths match exactly
len(Y) = len(Ygr), and decreases linearly with relative
length discrepancy.

Reinforcement Learning (RL) We integrate these two re-
wards into a unified optimization framework:

R(Y,Ygr) = 7dee (Y, Yi1) + 7100 (Y, Y1), )

where R(-) represents the comprehensive reward function.

This composite reward drives Group Relative Preference

Optimization (GRPO) (Shao et al. 2024b), and for each input

pair X4 & P, we sample G candidate responses {Y (9 }G

The group-relative advantage is computed as:
R R _ UR

AW —
oR ’

(10)

where R(9)

G G
:ézn(w’ UR_J Z RO —ur)®, (11
g=1 g=1

Through GRPO optimization (Shao et al. 2024b), we maxi-
mize the expected composite reward:

= R(YW, Ygr), with:

(12)

This optimization strategy achieves dual objectives: (1)
accurate alignment with degradation parameters through
Tdeg» and (2) suitable allocation of computational efficiency
through 7j,. The combined approach ensures robust visual
understanding while maintaining efficiency across diverse
real-world degradation scenarios.

0" = arg mga.XIE(xd,p)NpT [R(Y,Ygr)] -

4 Data Construction

Existing visual understanding datasets (e.g., LLaVA (Liu
et al. 2024), R-Bench (Li et al. 2024), A-OKVQA (Schwenk
et al. 2022), Conceptual Captions (Sharma et al. 2018)) lack
explicit annotations for degradation parameters (Dg), their
impacts (A,), and pristine semantic reasoning chains (Tx).
This gap hinders training degradation-aware MLLMs. To
bridge this gap, we construct a specialized dataset featur-
ing synthetically generated degradations and structured rea-
soning annotations. Our dataset is built upon a subset of A-
OKVQA (Schwenk et al. 2022), comprising 10K samples
for training and 1K for validation.

Our whole automated annotation pipeline, illustrated in
Figure 4. The procedure consists of the following five steps:

Step (1): Synthesizing Real-World Degradations We
construct a comprehensive degradation model D(-) that sim-
ulates degradations introduced across four real-world im-
age processing stages: 1. Acquisition (Lens Blur, Lens
Flare, Motion Blur, Dirty Lens, Saturation), 2. Trans-
mission (Compression, Block Change, Shifting, Scan
Lines), 3. Environment (Darkness, Atmospheric Turbu-
lence, Noise, Color Diffusion), and 4. Postprocessing
(Sharpness Change, Graffiti, Watermark Damage).

For each pristine image X, we generate a degraded ver-
sion by:

X,=D (X {780 sy 1), (13)
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Figure 4: Data generation pipeline. The original images undergo various real-world processing stages, where multiple degra-
dations are randomly added to obtain degraded images and their corresponding degradation <TYPE>s. Based on these and
the original question-answering pairs (QAs), the pipeline progressively generates <INFLUENCE>, <REASONING>, and
<CONCLUSION>. Finally, the reasoning chain is scaling according to different intensities to achieve optimal efficiency.

where the degradation function D(-) is parameterized by
()

randomly sampled types 7, and intensities sff) ~ U[0, 1].

Step (2): Generating Degradation Influence We employ
GPT-40 (Hurst et al. 2024) with a fixed prompt template
W NFLUENCE to produce a textual description A4 of the degra-
dation’s semantic impact:

Ad = Gopr40(X, Xa,Da, Yg1 3 ViNFLUENCE).  (14)

This narrative establishes a causal link between the visual
degradation and its effect on content interpretation, provid-
ing the necessary supervision for training the perception
module M (-).

Step (3): Generating Pristine Semantic Reasoning Us-
ing a distinct prompt template Wrgasoning, We instruct GPT-
4o to infer the original semantic reasoning chain Tx by com-
pensating for the degradation influence:

15)
This step recovers the underlying reasoning process as if per-

formed on the undistorted image, which is crucial for train-
ing the reconstruction module Mr(+).

Tx = Gpr40(Xa; D, Ad, YT ; WREASONING),

Step (4): Generating Reasoning Conclusion The final
reasoning conclusion Y, is generated by conditioning on
the pristine semantic reasoning and the ground-truth answer,
using a prompt template W concLUsION:

(16)
Step (5): Scaling Reasoning Chain Length To enable
adaptive computational allocation, we dynamically adjust

the length of the complete reasoning chain C based on the
total degradation intensity:

I
C = G6pTao (C ; ULen(D 8,&”)) ;

i=1

Y = Gprao(Tx, Yot ;5 YcONCLUSION)-

an
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where C denotes the scaled reasoning chain, and W, () is a
set of intensity-calibrated prompt templates. This procedure
ensures reasoning efficiency and is instrumental for optimiz-
ing the length reward riey.

Quality and Robustness The resulting dataset, structured
according to the reasoning process defined in Eq. (3), sup-
ports both the SFT and the subsequent GRPO optimization
of our robust model MEP4(+). Besides, the inverse rela-
tion between image quality and degradation intensity vali-
dates that the distribution of corruptions in our dataset mir-
rors real-world conditions. The lexical diversity of the rea-
soning corpus, demonstrates its inherent capacity to model
complex logical relationships. This establishes a foundation
for achieving robust performance. More details in the sup-
plementary material.

5 Experiments

Training Configuration Our model is built upon
Qwen2.5-VL-3B (Bai et al. 2025), which employs a re-
designed Vision Transformer (ViT) as its vision encoder.
We adopt a dual-stage optimization strategy:

* Supervised Fine-Tuning (SFT): 25% training data used
to establish basic instruction-following ability.

» Reinforcement Learning (RL): 75% data for align ac-
curate degradation parameters and suitable chain length.

Notably, we freeze both the vision encoder and visual pro-
jection layers while performing full-parameter fine-tuning
on the language model. This design preserves visual fea-
ture stability while empowering the MLLM to develop ro-
bust degradation-aware reasoning mechanisms.

Baselines We compare against two categories SOTA base-
lines: (i) General MLLMs, including Qwen2.5-VL-3B (Bai



\ \ MCQ \ VQA \ CAP \
Category = Method - - - - - - Overall
\ | low mid high | low mid high | low mid high |
General Qwen2.5-VL-3B (Bai et al. 2025) 0.6411 0.6022 0.5732 | 0.4872 0.4854 0.4904 | 0.3778 0.3704 0.3330 | 0.4845
MLLM Gemma3-4B (Team et al. 2025) 0.5823 0.5776 0.5060 | 0.4865 0.4630 0.4419 | 0.4048 0.3746 0.3480 | 0.4649
InternVL-4B (Chen et al. 2024b) 0.6235 0.6024 0.5914 | 0.4982 0.4539 0.5108 | 0.3667 0.3041 0.2851 | 0.4706
Robust TeCoA (Wang et al. 2024b) 0.4647 0.4223 0.4024 | 0.4687 0.3994 0.4461 | 0.2111 0.2195 0.1937 | 0.3586
MLLM Robust CLIP (Schlarmann et al. 2024) | 0.4705 0.4658 0.4024 | 0.4503 0.4339 0.4743 | 0.2290 0.2219 0.1983 | 0.3718
Robust LLaVA (Malik et al. 2025) 0.3352  0.2608 0.3048 | 0.2607 0.2212 0.2443 | 0.0068 0.0065 0.0067 | 0.1830
Ours SFT 0.6176  0.6087 0.5610 | 0.4804 0.4836 0.5012 | 0.4080 0.3858 0.3518 | 0.4886
u SFT and RL 0.6529 0.6391 0.6097 | 0.4914 0.4909 0.4980 | 0.4068 0.3781 0.3484 | 0.5017

Table 1: Quantitative performance on R-Bench (Li et al. 2024) on MCQ/VQA/CAP tasks with three degradation strength levels
(from low to high). The best/second best results are shown in Red/Blue respectively.

| | MMMB (Sunetal 2025) | MMStar (Chenetal 2024a) | RealWorldQA (xAI 2024)
Category | Method clean Intensity clean Intensity clean Intensity

25% 50%  100% 25% 50%  100% 25% 50%  100%
General Qwen2.5-VL-3B (Bai et al. 2025) 80.60 79.19 78.68 74.50 | 54.73 5290 51.86 48.66 | 6522 64.96 63.39 60.65
NIGLEISI Gemma3-4B (Team et al. 2025) 71.01 7030 70.20 69.14 | 43.93 4320 42.60 4133 | 5542 5477 5372 52.81
InternVL-4B (Chen et al. 2024b) 7797 7747 76.66 7459 | 51.53 50.26 49.60 4693 | 57.38 58.16 57.64 54.90
Robust TeCoA (Wang et al. 2024b) 57.17 65771 56.11 51.76 | 30.46 30.60 30.73 28.06 | 40.00 39.73 39.47 38.69
MLLM | Robust CLIP (Schlarmann et al. 2024) | 58.83 58.28 57.97 53.33 | 33.00 3226 31.80 29.46 | 43.26 4248 42.61 4143
Ours SFT 80.85 79.45 78.68 7494 | 5520 53.00 51.86 49.53 | 6823 67.58 67.32 6392
SFT and RL 81.41 7949 79.04 7535 | 56.86 5440 53.60 49.53 | 67.71 66.40 67.05 63.26

Table 2: Quantitative performance for anti-degradation on three visual understanding benchmarks (MMMB (Sun et al.

2025),

MMStar (Chen et al. 2024a), and RealWorldQA (xAI 2024)) with three degradation intensity levels (from 25% to 100%). The
best/second best results are showed in Red/Blue respectively.

et al. 2025), Gemma3-4B (Team et al. 2025), and InternVL-
4B (Chen et al. 2024b); (ii) Robust MLLMs, comprising
TeCoA (Wang et al. 2024b), Robust CLIP (Schlarmann et al.
2024), and Robust LLaVA (Malik et al. 2025).

Benchmarks We conduct rigorous evaluation across two
dimensions: (i) Real-World Robustness: Directly assess-
ing robust visual understanding ability on R-Bench (Li
et al. 2024); (ii) Adversarial Robustness: Evaluation un-
der synthetic degradation attacks by applying multi-type,
multi-level real-world degradations to visual content in
MMMB (Sun et al. 2025), MMStar (Chen et al. 2024a), and
RealWorldQA (xAI 2024). This dual-strategy comprehen-
sively measures both intrinsic degradation comprehension
and performance preservation under visual corruption.

5.1 Performance on R-Bench

R-Bench (Li et al. 2024) is a benchmark designed to di-
rectly evaluate image understanding capabilities under real-
world degradation conditions. It incorporates three distinct
task types (Multiple Choice Questions (MCQ), Visual Ques-
tion Answering (VQA), and Image Captioning (CAP)) with
three degradation intensity levels (low, mid, and high) to sys-
tematically assess the robustness of visual comprehension.
As shown in Table 1, Robust-R1 (Ours) demonstrates
significant improvements in image understanding capabili-
ties following both Supervised Fine-Tuning (SFT) and sub-
sequent Reinforcement Learning optimization (SFT and
RL). Experimental results indicate that our model surpasses
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I What is fake in I
: - 1 this photo? :
| lens flare (0 05) 0. bears 1. plants |
Qwen2.5-VL
The fake elements in the photo include:
0. bears | All of these elements are artificial

Ipted, not real.

°E>lens blur(0.47),|jpeg compression(0.58)f
<INFLUENCE>The lens blur at 0.47 can cause a general
softening effect across the entire image, making it difficult
to discern fine details such as <INFLUENCE_END>
<REASONING>The image depicts a garden scene with bear
statues and surrounding elements like rocks, trees, and grass.
The bear statues appear to be made of stone or metal, which
is typically used for <REASONING_END>
The bear statues in the image are fake, as
they are made from materials that are not natural and are
designed for decorative purposes.
<ANSWER>0<ANSWER_END>

Ours (SFT and RLg
=>lens blur(0.31), lens flare(0.05)<TY
<INFLUENCE>The lens blur affects the clarity of the image,
making it slightly less detailed <INFLUENCE_END>
<REASONING>The image depicts three bear statues placed in
a garden setting. <REASONING_END>
The bears in the image are fake, as they are
made of stone or a similar material.
<ANSWER>0<ANSWER_END>

Figure 5: Qualitative evaluation for anti-degradation. Ours
(SFT and RL) can provide robust and efficient result.



| MCQ | VQA | CAP |
Method - - - - - - Overall

| low mid high | low mid high | low mid high |
Qwen2.5-VL-3B (Bai et al. 2025) ‘ 0.6411 0.6022 0.5732 ‘ 0.4872 0.4854 0.4904 ‘ 0.3778 0.3704 0.3330 ‘ 0.4845
Ours (w/o Reasoning) 0.6588 0.5901 0.4756 | 0.4905 0.4900 0.4862 | 0.2901 0.2673 0.2758 | 0.4471
Ours (W/0 7deg) 0.6647 0.6398 0.5505 | 0.4912 0.4894 0.5056 | 0.3684 0.3578 0.3248 | 0.4880
Ours (W/0 T1en) 0.6647 0.6354 0.5975 | 0.4904 0.4887 0.4877 | 0.3656 0.3678 0.3189 | 0.4907
Ours ‘ 0.6529 0.6391 0.6097 ‘ 0.4914  0.4909 0.4980 ‘ 0.4068 0.3781 0.3484 ‘ 0.5017

Table 3: Ablation study on R-Bench (Li et al. 2024) on MCQ/VQA/CAP tasks with three degradation strength levels (from low
to high). The best/second best results are showed in Red/Blue respectively.

existing general and robust MLLMs baselines in overall per-
formance on this benchmark.

5.2 Anti-Degradation Performance

To rigorously evaluate our model’s robustness against
image degradation, we conduct comprehensive experi-
ments on three established visual understanding benchmarks
(MMMB (Sun et al. 2025), MMStar (Chen et al. 2024a), and
RealWorldQA (xAI 2024)). We introduce random degrada-
tions at varying intensity levels (25%, 50%, and 100%) to
the original images, creating challenging test conditions that
assess the model’s anti-degradation capability.

Quantitative Results As demonstrated in Table 2, our
model achieves SOTA performance across all degradation
levels compared to existing baselines. This evidence con-
firms our model’s exceptional robustness to diverse image
degradations under adversarial conditions.

Qualitative Result Figure 5 presents qualitative compar-
isons of our outputs. Compared to the original baseline,
Robust-R1 significantly reduces hallucinations and er-
rors in visual understanding through reasoning. Further-
more, after preference optimization, Robust—R1 achieves
a optimal balance between inference efficiency and accurate
degradation parameters perception.

5.3 Ablation Study

Reasoning vs. Adaptation To validate the effectiveness
of explicit reasoning versus implicit adaptation, we con-
duct an ablation study by removing degradation reasoning
chains from our training data, relying solely on fine-tuning
for adaptation (Table 3, w/o Reasoning). The experimental
results reveal two critical findings: (i) Adaptation provides
only marginal performance gains in specific intensity ranges
compared to the base model, and fails catastrophically in
high-intensity degradation scenarios; (ii) Explicit reasoning
demonstrates significantly improved robustness over both
the adaptation-only model and the original baseline. These
results conclusively demonstrate that explicit reasoning ca-
pability is essential for robust visual understanding, enabling
systematic analysis and compensation for visual degrada-
tions rather than mere adaptation.

Effectiveness of rge To validate the critical role of the
degradation reward r4e, we conduct an ablation study com-
paring model performance with and without this component.
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Figure 6: Statistics analysis for (A) rgeg and (B) 7ep.

As shown in Table 3, incorporating 74, Substantially im-
proves visual understanding performance on R-Bench com-
pared to the ablated variant. This improvement stems from
Tdeg s ability to enhance precise alignment with degradation
parameters. Furthermore, statistical analysis on our out-of-
domain testset (Section 4) in Figure 6-A reveals that rge
significantly reduces two key error types: (i) degradation-
type misclassification and (ii) degradation-intensity esti-
mation bias. These results demonstrate that rqe, increases
model precision in identifying degradation parameters, di-
rectly contributing to superior robustness.

Efficiency of re, To evaluate the effectiveness of the
length-modulation reward 7}, we conduct an ablation study
by removing this component. As shown in Figure 6-B, in-
corporating e, reduces the average reasoning chain length
while maintaining performance, demonstrating its ability
to improve computational efficiency. Notably, the model
adaptively adjusts reasoning depth based on degradation
intensity: longer chains are allocated for severe degrada-
tion, while simpler cases require less inference. This task-
adaptive allocation not only optimizes resource usage but
also enhances overall performance, as evidenced by the
quantitative improvements in Table 3 (W/0 7).

6 Conclusion

We propose Robust—R1, a novel paradigm that incorpo-
rates explicit degradation reasoning chains to enhance multi-
modal understanding robustness. We believe this work opens
new avenues for building more robust, interpretable, and ef-
ficient multimodal systems capable of operating reliably in
visually challenging environments.
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