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Abstract

Visual Language Models (VLMs) have shown strong multimodal inference
capabilities, yet their robustness under real-world degradations remains un-
derexplored. We study VLM performance under common adverse imaging
conditions, including rain, fog, snow, haze, motion blur, low light, turbu-
lence, and adherent raindrops, without prior knowledge of degradation
type. Many of these conditions are critical for autonomous driving safety
and related applications. We show that naive supervised fine-tuning fails
to generalize across degradation types and that existing VLMs suffer sub-
stantial performance drops. A natural solution is to pre-process degraded
images with restoration models before VLM inference; however, we show
that these methods often hallucinate details that mislead the VLM and
further hurt performance. Surprisingly, we found that skipping restora-
tion and directly applying VLM to degraded images sometimes yields
better results. Building on this finding, we propose a multi-stage training
framework that integrates degradation awareness into the VLM reasoning
process. A degradation-aware encoder predicts corruption type and sever-
ity to condition generation through a unified reasoning trace before the
final response. Direct Preference Optimization (DPO) further improves fac-
tual grounding by treating responses from clean images as a more reliable
reference for the scene’s content, while penalizing degradation-induced
errors. In visual question answering (VQA) tasks, our approach yields
~ 10% gains on real-world driving scenes and ~ 4% gains on real-world
camera-degradation benchmarks for generic scenes, while showing that
robustness can be maintained without sacrificing general capability.

1 Introduction

Vision-Language Models (VLMs) (Hurst et al., 2024; Bai et al., 2025; Chen et al., 2024c; Li
et al., 2024; Liu et al., 2023) have emerged as strong general-purpose reasoners, demonstrat-
ing strong zero-shot performance across image captioning, visual question answering, and
multimodal reasoning tasks. However, these capabilities are mostly evaluated on clean,
well-lit, artifact-free images, leaving a gap for real-world deployment. This gap is especially
concerning for autonomous driving, a safety-critical downstream task. Under common
adverse conditions, such as fog, heavy rain, low light, or atmospheric turbulence, structured
visual corruption obscures semantic content and undermines the perceptual grounding
VLMs rely on. Despite the frequency of these scenarios in practice, VLM robustness un-
der such settings remains under-studied relative to the rapid progress on clean-image
benchmarks. The consequences of this gap are concrete: a model that correctly identifies
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Figure 1: Our model enhances robust visual reasoning under severe image degradation.
Standard VLMs are not robust to heavy weather degradation: failing to identify a giraffe in
a rainy image or to read a speed limit through thick haze. Applying an image restoration
model does not solve the problem—instead, restoration hallucinates away critical visual
evidence, effectively removing the giraffe or misrendering a 120 km/h sign as 100 km/h.
Our model instead first reasons about the degradation (type and severity) and then answers
the visual question, enabling more reliable reasoning even under severe degradation.

a pedestrian in clear conditions may misidentify them as a static object in thick fog, or
hallucinate lane markings from a motion-blurred signal.

A natural solution is to preprocess degraded images with an all-in-one restoration
model (Luo et al., 2024; Li et al., 2025b; Guo et al., 2024; Jiang et al., 2024) before infer-
ence. We evaluate this strategy and find it consistently underperforms. While restoration
models produce visually plausible outputs, they often hallucinate textures and structures
from corrupted signals. These artifacts induce greater semantic drift in the downstream
VLM than the original degradations. This finding reframes the problem: rather than attempt-
ing to recover a clean image before reasoning, the model must learn to reason robustly through
degradation.

In this paper, we propose a robust training framework that enables VLMs to accurately
perceive and describe their surroundings even under severe visual interference from adverse
weather conditions (Fig. 1). Naively fine-tuning on synthetically degraded images is not
enough: it delivers only modest robustness improvements and can even degrade the base
model’s performance on clean images due to overspecialization. Instead, we integrate
degradation awareness directly into the model’s reasoning process through a multi-stage
training strategy. Our approach introduces a degradation-aware encoder and a Unified
Chain-of-Thought (CoT) (Wei et al., 2022) mechanism, where the model is trained to identify
the type and severity of visual corruptions within a dedicated reasoning process before
generating a final response. To address hallucination failures that supervised fine-tuning
alone cannot resolve, we apply Direct Preference Optimization (DPO) (Rafailov et al., 2023),
constructing preference pairs from clean and degraded views of the same scene and using
clean-image responses as grounded references. Together, our multi-stage training pipeline
yields a unified degradation-robust reasoning system.

For visual question answering (VQA) tasks, our proposed model yields ~ 10% gains on real-
world driving scenes (Bijelic et al., 2020) and ~ 4% gains on real-world camera-degradation
benchmarks (Li et al., 2025a) for generic images — while largely preserving performance
on clean images, showing that the model maintains scene-level understanding without
sacrificing the integrity of the original visual data or relying on external restoration.

We summarize the contributions of our paper as follows:

* We evaluate VLMs’ VQA performance under 8 common image degradations (e.g.,
rain, snow, motion blur, and low light) and observe a significant performance drop.
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* We show that a naive restoration-first pipeline (restore, then VLM) is ineffective
and can even hurt downstream visual understanding due to hallucinated artifacts.

e We propose a unified multi-stage training pipeline with DPO to improve
degradation-aware reasoning and robust visual understanding.

* We evaluate on both real-world autonomous driving scenes (Tab. 1 and Fig. 3) and
real-world camera-degradation benchmarks for generic images (Tab. 2), where our
model achieves 10% and 4% performance gains over the base model respectively.

2 Related Work

2.1 Vision Language Models

Vision language models (VLMs) extend large language models to perceive and reason
over multiple modalities (e.g., text and images). Early works focus on representation-
centric pretraining, where models learn general-purpose, aligned image-text embeddings
at scale (Schuhmann et al., 2022; Li et al., 2022; 2023a; Zhai et al., 2023). Building on these
foundational representations, the rise of LLMs shifts the focus from learning transferable
embeddings to enabling general-purpose multimodal reasoning and instruction following.
This motivates LLM-centric designs that couple a pretrained vision encoder with an LLM
via lightweight, token-efficient connectors that preserve fine-grained visual detail without
overwhelming context length (Alayrac et al., 2022; Liu et al., 2023; Bai et al., 2025; Xiong et al.,
2025b). A complementary line of work focuses on post-training to elicit stronger reasoning
and better alignment: chain-of-thought-style supervision (Kojima et al., 2022; Wei et al., 2022;
Shao et al., 2024; Qin et al., 2025) encourages multi-step inference, while preference- and
RL-based methods (e.g., DPO/GRPO-style training) (Guo et al., 2025; Rafailov et al., 2023;
Xiong et al., 2025a; 2026) further shape outputs toward human preferences and more reliable
long-horizon reasoning on complex tasks. In this paper, we improve adverse-weather
robustness by using a degradation-aware encoder with unified CoT and DPO to align
degraded and clean representations.

2.2 Adding robustness to Vision Language Models

Despite their impressive generative capabilities, vision-language models still exhibit fragility
across the full perception-to-reasoning pipeline. Previous studies have highlighted the preva-
lence of hallucinations stemming from text-image misalignment, leading to methods (Sun
et al.,, 2024) that ground generations more strictly in visual evidence. Models also show
contextual fragility, where irrelevant or misleading surrounding context distracts the model
and degrades predictions; Qi et al. (2024) mitigate this by training with explicit distractors.
A separate line of research studies robustness and safety under adversarially perturbed
image inputs (Xu et al., 2024; Malik et al., 2025). In contrast, our work targets intrinsic
visual robustness: we incorporate degradation awareness into internal LLM reasoning while
aligning clean and degraded image representations.

2.3 Vision Language Models under Adverse Imaging Conditions

Real-world deployments expose VLMs to diverse corruptions like motion blur and adverse
weather, revealing a robustness gap even when clean-image performance is strong. While
recent benchmarks evaluate this vulnerability under simulated conditions (Hendrycks
& Dietterich, 2019; Qiu et al., 2025; Liao et al., 2025; Xie et al., 2025), efforts to directly
address it remain limited. Recent works tackle robustness against camera-induced sensor
degradations (Li et al., 2025a; Tang et al., 2026); however, native visual understanding
of more complex and severe adverse weather environments directly from raw inputs
remains largely unexplored. Other works incorporate VLMs in downstream restoration
pipelines (Cai et al., 2025; Shao et al., 2025; Yang et al., 2024; Luo et al., 2024; Zhang et al.,
2025; Chen et al., 2024a), but they use VLMs for auxiliary prompt generation or degradation
evaluation. In contrast, our approach trains the VLM to explicitly perceive and reason
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Figure 2: Multistep training to a unified degradation-robust VLM. We transform a pre-
trained VLM into a single-pass degradation-robust reasoning pipeline through sequential
fine-tuning. (a) Degradation encoder: we fine-tune the vision encoder to predict degradation
type and severity from the degraded image. (b) Degradation-conditioned VLM: we fine-tune
the language model to perform captioning/QA conditioned on the explicit degradation
tokens, yielding robustness but requiring two-step inference (predict degradation, then
answer). (c) Unified degradation CoT: we unify the pipeline into one forward pass by
training the model to first verbalize degradation type/severity within <think> tags and
then produce the final answer, using the generated reasoning trace as implicit conditioning.

through severe degradation, enabling robust multimodal understanding without relying on
external restoration or preprocessing.

3 Method

3.1 Problem Setting

We study robust visual understanding under adverse imaging conditions. Let x¢ denote
a clean image and x? = T (x%;t,s) its degraded counterpart, where t and s denote the

degradation type and severity. At inference time, the model is given only x¥ and a query g,
without access to the clean image or degradation type.

Our goal is to train a vision-language model fy that produces a response y that remains
semantically faithful to the underlying clean scene despite severe visual corruption: y =
fo(x?,q). A robust model should meet two goals: it should make grounded, informative
predictions even when the image is partially corrupted, and it should still perform strongly
on clean, standard inputs.

Restoration-first approaches do not work. A natural baseline is to apply restoration before
visual reasoning, but we have found that this restoration-first strategy does not reliably
help due to hallucination from the restoration itself. As we show in Fig. 1, even using
strong closed-source image models, restoration can hallucinate away or distort critical
visual evidence, misleading the downstream VLM further away from the correct semantic
interpretation rather than closer to it. We later test state-of-the-art all-in-one restoration
pipelines explicitly in the ablation study in Tab. 3, and they do not outperform directly
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feeding the degraded image to the base model. This motivates a training pipeline in which
degradation awareness and reasoning are built directly into the model internally, rather
than handled by a separate restoration front-end.

Our approach converts a pretrained vision-language model into a degradation-aware rea-
soner. Our method has three components: (1) a degradation simulation library for generating
large-scale paired clean/degraded training data, (2) supervised fine-tuning for injecting
explicit degradation awareness into the model, and (3) Direct Preference Optimization
(DPO) for reducing degradation-induced hallucinations.

3.2 Dataset curation - Degradation Simulation Library

The success of our training pipeline depends on a massive paired dataset of clean and
degraded images, but diverse, accurately captioned degradation pairs at scale are scarce. To
address this, we built a Python simulation library that parametrically synthesizes a range of
degradations with light to severe intensities. Our library is designed to model real-world
physical and optical phenomena in multiple categories to promote robust generalization,
including adverse weather (fog, haze, procedural snow, motion-blurred rain streaks, ad-
herent fisheye raindrops), low light, trajectory-based motion blur, and atmospheric optical
turbulence. All degradation operators are parametric and support a range of intensities
from light to severe. For dataset construction, we scale severity from 1 to 10, creating a
smooth visual corruption curriculum and providing explicit degradation-type and severity
labels required for subsequent training stages.

3.3 Degradation-Aware Visual Reasoning Pipeline

Our training recipe begins by establishing explicit degradation awareness through a sequen-
tial, two-stage evaluation and captioning framework. The primary objective of the first stage
is to train a degradation-aware vision encoder, while the second stage uses degradation
information from the first stage for robust general image understanding. Specifically, in
the first stage, we directly fine-tune the VLM's vision encoder so that it predicts the correct
degradation type and severity of the input image. Following this perceptual alignment, the
second stage introduces a conditional generation paradigm. In this phase, the language
model is fine-tuned to ingest the explicit degradation tokens produced by the first stage
alongside the standard visual embeddings and textual query tokens. By grounding the
generative process in the image’s specific degradation state, the model gains a contextual
prior that conditions downstream semantic tasks. This allows the system to dynamically
adjust its interpretation of ambiguous visual boundaries and calibrate its confidence based
on the identified interference.

While this sequential pipeline successfully establishes foundational degradation aware-
ness, it inherently introduces a computationally inefficient, disjointed inference process.
To resolve this limitation, we transition into a Unified Chain-of-Thought (CoT) pipeline,
effectively collapsing the two-step inference into a single, cohesive forward pass. In this
step, the VLM is instructed to generate a structured internal reasoning trail within explicit
<think> tags immediately prior to answering the user’s primary query. During this think
phase, the model explicitly verbalizes the degradation type and a numerical severity rating.
For clean inputs, the degradation taxonomy includes an explicit no degradation category, so
the model is trained to generate this label with minimal severity in its Unified CoT trace
rather than forcing an adverse degradation type. This explicitly verbalized Unified CoT
serves as a vital cognitive anchor for the language model. Rather than passing degradation
parameters as isolated control signals from a separate stage, the autoregressive generation
of the reasoning trail effectively conditions the subsequent downstream text generation on
the recognized degradation profile. By forcing the language model to sequentially articulate
its understanding of the visual noise before attempting to extract semantic meaning, the
network learns to dynamically adjust its semantic confidence and recalibrate its understand-
ing of the scene, allowing the VLM to achieve robust understanding directly from the raw,
degraded input.
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GPT-40 LLaVA-OneVision-1.5-8B InternVL-2.5-8B Qwen2.5-VL
(Hurst et al., 2024) (Lietal., 2024) (Chen et al., 2024c) (Bai et al., 2025)

61.9 58.7 55.6 63.5 73.0

Ours

Table 1: Performance on the curated real-world autonomous driving benchmark from
Bijelic et al. (2020) (accuracy, %). We construct a question-answering benchmark from
real-world adverse-weather autonomous-driving video data containing snow, fog, low il-
lumination, and mixed conditions with multiple co-occurring degradations. Our method
outperforms all compared baselines.

Cam-MCQ Env-MCQ Wild-MCQ Cam-VQA Env-VQA Wild-VQA Cam-CAP Env-CAP Wild-CAP Overall

Qwen2.5-VL-7B 733 75.6 74.7 48.9 57.8 543 30.0 24.0 27.6 522
Ours 76.7 83.3 80.0 56.7 61.1 59.3 30.3 27.3 29.1 56.1

Table 2: Robustness on real-world in-the-wild images in R-Bench (Li et al., 2025a) wild
group. We evaluate performance under real-world camera degradations (e.g., lens blur,
camera shake, occlusions) and environmental interferences (e.g., motion blur, low-light/dark
illumination) across all task categories—multiple-choice (MCQ), visual question answering
(VQA), and captioning (CAP)—reported on Cam/Env/Wild splits. Our method consistently
outperforms the Qwen2.5-VL-7B baseline, with ~4% overall performance gains.

3.4 Facilitating Robustness via Direct Preference Optimization

While Supervised Fine-Tuning effectively teaches the model to adopt the unified CoT format,
it does not explicitly penalize the model for hallucinating non-existent objects obscured
by severe degradation. To actively steer the model toward robust and reliable output, we
introduce an additional reinforcement learning stage (Fig. 2d) utilizing Direct Preference
Optimization (DPO) (Rafailov et al., 2023). DPO provides a mechanism to directly reward
factual accuracy while penalizing generative hallucinations commonly triggered by visual
noise. To construct the preference dataset, we generate paired responses for both clean
and degraded versions of the same image using an identical, open-ended prompt (e.g.,
“Describe what is in the image”). Rather than relying on narrow, task-specific questions that
might mask errors, this generic prompt allows us to fully probe the model’s comprehensive
scene understanding and explicitly expose any degradation-induced hallucinations. The
preferred response (V) is generated from the clean image, providing a hallucination-free
baseline. The rejected response (y;) is generated from the degraded image, capturing the
base model’s tendency to hallucinate. Crucially, during training, the visual input x provided
to the model is always the degraded image. We optimize the language model using the
standard DPO objective,

o (Ywlx) 709 (y1]%)
77/'ref(yw|x) plo nref(ylx)>],

where 71y is the active training policy, 7, is the reference unified CoT policy, and g is a
hyperparameter controlling the deviation from the reference. Because each preference pair
is constructed by applying the same generic, open-ended prompt to clean and degraded
versions of the same image, the preferred response provides a holistic, comprehensive
description of the scene, while the rejected response captures degradation-induced errors
(semantic drift, or hallucination). Optimizing this objective therefore increases the likelihood
of behavior that remains consistent with the clean image while suppressing failure modes
introduced by visual noise. In this way, DPO directly reinforces factual accuracy and
mitigates degradation-triggered hallucinations beyond what SFT alone can achieve.

Lppo = _]E(x,yw,y,)wD |}Og0’ (ﬁ log

4 Experiments

4.1 Experiment setup

We use Qwen-2.5-VL-7B (Bai et al., 2025) as the base model and study whether a general-
purpose VLM can be made robust to adverse imaging conditions without sacrificing its
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Figure 3: Qualitative examples on real-world autonomous driving data from Bijelic et al.
(2020). We compare model performance on complex real-world autonomous driving sce-
narios captured under adverse weather conditions. Many of the examples are especially
challenging as they exhibit multiple mixed degradations (snow + low light, haze + motion
blur). For each manually annotated test case, we contrast the predicted outputs from the
baseline Qwen-2.5-7B (red) against our proposed model (green). The comparisons demon-
strate our model’s robustness when processing severe environmental visual degradations.

fog  haze low light motionblur rain raindrop snow turbulence

Qwen-2.5-VL-7B 61.7 58.7 59.7 57.4 55.8 55.7 51.2 55.4

+ Degradation Label 60.8 584 57.8 56.5 56.1 52.3 50.6 56.5

Restoration first

+ DAClip (Luo et al., 2024) 58.7 58.8 60.8 57.1 52.8 494 52.8 56.1

+ OneRestore (Guo et al., 2024) N/A 58.1 60.9 57.3 59.0 54.3 50.2 N/A
+ AutoDIR (Jiang et al., 2024) N/A 593 61.3 58.5 57.5 54.1 51.6 N/A
+ FoundIR (Li et al., 2025b) N/A 59.2 60.9 56.7 59.6 56.0 50.8 N/A
Ours CoT + DPO 664  62.9 64.3 60.3 60.8 59.9 53.9 59.6

Table 3: Comparison between inference with degradation labels, restoration first methods,
and our method on RealWorldQA (XAI, 2024) (accuracy, %). For restoration first baselines,
we only evaluate degradations that the restoration models are trained on. None of the
restoration first methods outperforms the baseline across all degradation types. In contrast,
our method vastly outperforms these preprocessing baselines.

clean-image capability. We use LoRA fine-tuning on both the vision encoder and the
language model, with rank 256 and alpha 128. For the degradation encoder, degradation-
conditioned VLM, and unified degradation CoT, we perform synthetic fine-tuning on the
LoRA layers for 20,000 iterations with a batch size of 16 and learning rate of le-6. For
DPO training, we first generate 20,000 caption pairs with image/question pairs from the
LLaVA-NeXT dataset (Liu et al., 2024b) and randomly sampled degradations. We then
perform DPO training with a batch size of 4, a learning rate of 1le-6, and = 0.3. All of our
experiments are conducted on a 4xA6000 compute node.

4.2 Restoration first does not work

We first show in Tab. 3 that preprocessing without fine-tuning the base model is ineffective.
Simply appending degradation labels does not reliably improve performance, as the model
is not trained to meaningfully exploit such signals. We also evaluate several state-of-the-art
all-in-one restoration pipelines as a preprocessing step to the degraded image, but none
delivers consistent and significant gains over the base model across all degradation types.

4.3 Real-world VQA Results

Adverse weather autonomous driving scenes. We test robustness to adverse weather
on the dataset of Bijelic et al. (2020), a real-world video driving dataset collected under
adverse weather and low-visibility conditions. Since the dataset does not provide target QA
annotations, we manually construct questions to probe scene understanding under degrada-
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clean fog haze lowlight motionblur rain raindrop snow turbulence Avg Deg

gptdo (Hurst et al., 2024) 680 596 595 625 59.5 552 559 52.9 498 56.9
InternVL2-8B (Chen et al., 2024d) 653 59.6 550 615 543 532 529 50.7 51.7 549
InternVL2.5-8B (Chen et al., 2024c) 698 636 592 635 58.3 572 558 53.3 55.7 583
LLaVA-1.5-7B (Liu et al., 2024a) 561 521 531 57.8 51.9 455 481 50.6 52.9 515
LLaVa-OneVision-1.5-8B (Lietal,, 2024) 680 631 567 629 57.3 561 557 53.3 55.2 575
QWEN2-VL-7B (Wang et al., 2024) 668 548 588 593 59.0 576 553 52.8 55.8 56.7
QWEN?2-5-VL-7B (Bai et al., 2025) 690 617 587 597 57.4 558 557 51.2 55.4 57.0
Ours CoT + DPO 707 664 62.9 64.3 60.3 60.8  59.9 53.9 59.6 61.0

Table 4: RealWorldQA (XAI, 2024) performance under degradations (accuracy, %). We
report accuracy on clean images and across multiple degradation types (fog, haze, low
light, motion blur, rain, raindrop, snow, turbulence). Avg Deg is the mean accuracy over
all degraded conditions (excluding clean). Best and second-best results in each column are
highlighted with bold and underline, respectively (ties share the same marking).

Benchmark Method clean fog haze lowlight motionblur rain raindrop snow turbulence Avg Deg
Pope Qwen2.5-VL-7B 874 799 803 81.1 76.1 76.0 79.0 73.7 80.5 78.3
(Li et al., 2023b) Ours 885 819 825 83.0 779 782 81.0 75.8 82.0 80.3

v Improvement 11 2.0 22 1.9 1.8 22 20 21 1.5 2.0

MMStar Qwen2.5-VL-7B  62.7 523 532 524 40.7 52.1 50.2 47.3 53.1 50.2

(Chen et al., 2024b) Ours 625 537 558 54.6 44.0 54.7 52.1 495 55.9 52.5
i Improvement -0.2 14 2.6 2.2 33 2.6 1.9 22 2.8 24

-~ Qwen2.5-VL-7B 3.63 231 3.15 291 3.05 2.10 2.80 2.45 2.59 2.67
?g&lﬁfﬂz‘&) Ours 358 251 321 304 325 227 297 263 272 281
i Improvement -0.05 020 0.06 0.14 0.20 0.17 0.17 0.18 0.13 0.14

Table 5: Robustness evaluation on three highly challenging benchmarks POPE (Li et al.,
2023b), MMStar (Chen et al., 2024b), and MMHal-Bench (Sun et al., 2024). These bench-
marks are difficult even on clean images. Our method consistently improves performance
over the base model Qwen2.5-VL-7B, across degradation types.

tion. Specifically, we manually inspect video sequences captured under strong degradation
conditions (i.e., low light, snow, fog, rain), select one image per scene, and manually label
question sets consisting of multiple choice questions and short visual questions. Overall,
our model outperforms the Qwen base model by ~10% in this evaluation set (Tab. 1). As
we show in Fig. 3, compared with the baseline, our model produces more reliable answers
in these real-world degraded scenes, including more accurate object counting and better
understanding of road structure. This setting shows that our robustness gains transfer to
practical conditions where reliable perception matters most.

Camera-induced degradations. We further evaluate our method on R-Bench (Li et al.,
2025a), which contains real in-the-wild corrupted images. This setting includes both en-
vironmental degradations, such as motion blur and low light, and camera degradations,
such as lens blur, occlusion, and camera shake. Our method achieves ~4% improvements
compared to the baseline overall (Tab. 2).

4.4 Evaluation on Images with Synthetic Degradations

In Tab. 4 we evaluate current vision-language models on RealWorldQA (XAlI, 2024) under
multiple synthetically added degradation types and find that robustness to degraded visual
inputs remains a clear weakness of existing models. We evaluate our data using images
with degradations higher than moderate severity (level 4 and above), since mild corruptions
often do not sufficiently stress current VLMs and therefore understate the robustness gap.
While strong baselines degrade substantially under adverse conditions, our final model
achieves the best overall performance on degraded images while also improving clean-
image accuracy. In Tab. 5 we evaluate the model on POPE (Li et al., 2023b), MMStar (Chen
et al., 2024b), and MMHal-Bench (Sun et al., 2024) under synthetic degradation. These
benchmarks are already challenging even in their clean form, as they are designed to stress
hallucination robustness, grounding, and fine-grained reasoning. Under added degradation,
the difficulty increases further, yet our method consistently improves robustness without
materially hurting clean-image performance.
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How many bicycles are there in the image?

Base Model:
There are three bicycles in the image. _~ N

Our Model: <think>1. Degradation: low light. 2. Severity: 5 out

of 10.</think>There are four bicycles in the image.

Clear Referenc: i Clear Reference Motion Blur Input
g Out of the four animals, how many giraffes are there
in the image?

Which company owns the airplane displayed
in the back of the image?

Base Model: The airplane in the background has
the logo and livery of United Airlines.

Our Model: <think>1. Degradation: haze.n2. Severity: 6 out
of 10.</think> The airplane in the background is owned by
Virgin Atlantic Airways.

What is being washed in the sink?

Base Model: There seems to be a biue object

Base Model: near the sink, which could be a towel or a cloth.

‘There are no giraffes in the image.

Our Model: <think>1. Degradation: motion blur.|n2. Severity:
7 out of 10.</think> There is no object being washed in the
sink.

Our Model: <think>1. Degradation: rain. 2. Severity: 6 out of
10.</think> There is one giraffe in the image.

Clear Reference

Clear Reference Fog Input

What is the name of the book? Is the toilet paper used?

Base Model: The toilet paper appears to be partially
Base Model: o used, as there is less of it than what would typically be
Provengal Philosophy. ‘expected in a new roll.

Our Model: <think>1. Degradation: snow.|n2. Severity: 5 out b Our Model: <think>1. Degradation: fog.\n2. Severity: 4 out of
of 10.</think> Proverbial Philosophy - ‘ 10.</think> The toilet paper has not been used"

Figure 4: Qualitative examples on MMHalBench (Sun et al., 2024) with synthetically
added degradations. The models only receive degraded images as inputs. The clean images
here are shown only as a reference and are not provided to the models. The colored text
boxes report responses from the base model (red) and our model (green), both evaluated
on the same degraded input, and show that our model is more robust against image
degradations.

clean fog haze lowlight motionblur rain raindrop snow turbulence Avg Deg

Qwen-2.5-VL-7B 69.0 61.7 587 59.7 57.4 55.8 55.7 51.2 55.4 57.0
Simple SFT 68.6 63.0 595 61.2 58.6 57.0 56.3 51.7 56.3 58.0
Ours 2 Stage Eval 701 649 622 62.6 60.1 59.1 58.4 53.3 58.3 60.0
Improvement 11 32 3.5 29 27 33 2.7 21 29 31
Ours Unified CoT (Skip Stage2) 693 652 609 62.3 58.5 59.3 58.0 51.8 575 59.2
Improvement 0.3 35 22 2.6 1.1 3.5 2.3 0.6 2.1 22
Ours CoT + DPO (Skip Stage2) 700 65.0 61.8 62.7 57.9 60.1 58.3 53.5 58.3 59.7
Improvement 1.0 33 31 3.0 0.5 43 2.6 2.3 29 2.7
Ours Unified CoT 69.5 665 61.8 634 59.1 60.9 58.8 52.3 57.8 60.1
Improvement 0.5 4.8 3.1 3.7 1.7 5.1 3.1 1.1 24 32
Ours CoT + DPO 70.7 664 629 64.3 60.3 60.8 59.9 53.9 59.6 61.0
Improvement 1.7 47 42 4.6 29 5.0 42 2.7 42 4.0

Table 6: Ablation study on RealWorldQA (XAlI, 2024) performance across training stages
(accuracy, %). We compare the base Qwen-2.5-VL-7B model, Simple SFT (directly training
on degraded image/text pairs without degradation reasoning), and our training variants
with and without Stage 2. Improvement is measured relative to the base Qwen-2.5-VL-7B
model. Avg Deg is the mean accuracy over all degraded conditions. Best and second-best
results in each column are highlighted with bold and underline, respectively; ties receive
the same highlighting.

We provide further qualitative examples in Fig. 4 on MMHal-Bench (Sun et al., 2024).
Compared with the baseline, our model remains better grounded and is less likely to drift
toward plausible but incorrect interpretations. Additionally, we improve robustness across
diverse tasks, including scene understanding, spatial reasoning, fine-grained recognition,
and OCR.

4.5 Ablation on Training Strategy

We ablate the key components of our method in Tab. 6. Explicitly incorporating degradation
reasoning into training already improves over simple SFT. The unified CoT formulation
yields additional gains by merging degradation identification and semantic interpretation
into a single reasoning process, enabling the model to solve both jointly rather than in
isolation. Additionally, skipping Stage 2 reduces model robustness even after preference
optimization, suggesting that the degradation-conditioned Stage 2 remains useful. Finally,
RL/DPO achieves the best overall performance, despite being trained only on open-ended
prompts without task-specific QA data. This highlights that preference optimization is
crucial for anchoring the model to robust image semantics.
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4.6 Discussion

Across all experiments, three findings emerge consistently. First, our method improves
robustness across a broad range of real-world and synthetic degradations, not just a narrow
subset. Second, these gains come with little to no penalty on clean images, and in several
cases even improve clean performance. Third, our method translates well to real-world
data and degradations, showing that the benefits observed in controlled settings carry over
beyond synthetic benchmarks. Together, the results indicate that robustness under adverse
imaging conditions is best achieved not by external restoration, but by teaching the VLM to
explicitly recognize degradation and reason through it in a grounded way.

5 Conclusion

We study robust visual reasoning for VLMs under adverse imaging conditions, where
existing models often fail. We show that naive restoration-first inference is unreliable and
can worsen downstream understanding by introducing hallucination-induced semantic drift.
We therefore propose a unified multi-stage framework that combines degradation-aware
reasoning with DPO. Across real-world autonomous-driving settings and generic camera-
degradation benchmarks, our model consistently improves degraded-image performance
while largely preserving clean-image capability.
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Input Image Zoom-in Input Image Zoom-in

How many workers are visible? How many cars are coming from the opposite direction?
A.1B.2C.3D. 4 A.0B.1C.2D.3
Base Model: B Our Model: C
Base Model: B Our Model: C

How many pedestrians are visible?
A.1B.2C.3D. 4

Base Model: B Our Model: A

Input Image Reference Input Image Reference

What is placed on the chair? Is the scroll on the chair standing or lying down?
Base Model: Our Model: Base Model: Our Model:
roll of yellow tape A yellow book. Lying down. Standing

Figure 5: Additional real-world qualitative examples from Bijelic et al. (2020) and Li et al.
(2025a). For each test case, we contrast the predicted outputs from the baseline Qwen-2.5
model (red) against our model (green). The comparisons demonstrate our model’s enhanced
robustness and accuracy when processing severe environmental visual degradations.

A Additional real world evaluation examples

In Fig. 5, we present additional qualitative examples from real-world degraded images from
Li et al. (2025a) and Bijelic et al. (2020). Our method correctly identifies and counts objects
under severe fog, rain, and motion blur, whereas the base model struggles under these
conditions.

B More details on unified chain-of-thought

To encourage degradation-aware reasoning, we use a unified chain-of-thought format
during training and inference. Concretely, we modify the system prompt to require the
model to first identify the degradation category and estimate its severity before generating
the final response. The system prompt is:

You are an expert in analyzing degraded images. Upon receiving a new
image, you must first reason inside <think> tags:

1. Identify degradation type.

2. Rate severity (1-10 from light to severe).

Output your response after </think>.

Under this format, the model is required to begin its response with a structured reasoning
prefix of the form

14



Published as a conference paper at COLM 2026

a) Diverse Degradation Types b) Tuneable Degradation Severities
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Figure 6: Degradation Simulation Library. We employ a physics-based simulation engine
to generate a comprehensive set of weather conditions and degradations with adjustable
severities. (a) Examples synthesized by our library across diverse degradation families,
including adverse weather (fog, haze, rain streaks, adherent raindrops, snow), low light,
motion blur, and atmospheric turbulence. (b) Each operator supports a set of severity
parameters, which we discretize into 10 levels for dataset construction (examples shown
ats € {1,5,9}). This enables large-scale generation of degraded images with explicit
supervision of degradation type t and severity s.

Raindrop Turbulence
i

<think>Degradation type: <degradation_type>, Severity: <1-10></think>

before producing the final answer.

C More details on degradation simulation library

We provide more details on the physics-based simulation engine used to curate our training
dataset (Fig. 6). Our library implements a diverse set of parametric degradations that model
real-world optical and environmental phenomena. Each operator supports ten discretized
severity levels, providing a smooth visual corruption curriculum for the model. Haze is gen-
erated by adding a procedural plasma-fractal overlay to the image, similar to Hendrycks &
Dietterich (2019), followed by intensity renormalization. In practice, the simulator samples
a fractal field and applies it as a veiling layer whose strength increases with severity. Fog
is implemented as a depth-aware atmospheric scattering model. The code first estimates
monocular relative depth using MiDaS (Birkl et al., 2023) and then forms a transmission
map t = exp(—pd), where farther regions receive stronger attenuation. The degraded image
is synthesized by blending the clean image with a fixed atmospheric light color, and then
applying an additional depth-weighted Gaussian blur so that distant regions become both
lower contrast and less sharp. For low-light conditions, we apply a multi-stage degradation
process involving brightness scaling, non-linear gamma adjustment, and additive Gaussian
noise. Rain is simulated with a noise-to-streak rendering pipeline. The simulator first
samples sparse noise, thresholds it so only a subset of pixels survive, and then transforms
that noise into elongated rain streaks using a rotated diagonal motion-blur kernel. The
resulting streak map is alpha-composited back onto the image, while the background is
slightly desaturated and attenuated to mimic reduced visibility under rainfall. Raindrops
are treated separately from rain streaks. Instead of adding falling streaks, the simulator
places discrete adherent water droplets directly on the lens/image plane (Soboleva & Ship-
itko, 2021). Each droplet is sampled with a random position and radius, an alpha map
is generated for the droplet body and its darker boundary, and overlapping droplets are
resolved with an explicit collision-handling step before compositing. As severity increases,
both the droplet count and droplet size increase. We generate snow by sampling a random
snow layer, enlarging it with zoom, thresholding it into visible flakes, and then applying
motion blur to produce streaked or wind-swept snow particles. The snow layer is compos-
ited onto a partially desaturated /brightened image background, and a rotated copy is also
added to increase particle diversity. As a result, snow combines both additive flakes and
visibility reduction, rather than acting as pure white noise. Finally, for turbulence, we use
the Phase-to-Space turbulence simulator of Mao et al. (2021). In this model, turbulence is
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generated from turbulence-strength parameters and correlation statistics, producing both
spatially varying blur and geometric warping.

All degradation operators are parametric and span a continuous range of intensities. For
training, we discretize each degradation into 10 manually designed severity levels, from
weak but visible corruption at level 1 to severe perceptual degradation at level 10. Impor-
tantly, severity is not implemented as a fixed template: within each level, the simulator
remains stochastic, so sampled corruptions still vary in their precise spatial patterns. This
design ensures that severity increases degradation strength on average while preserving
randomness, reducing simulator overfitting and providing explicit degradation-type and
severity labels for downstream training.

During supervised fine-tuning, we randomly sample a clean image/question pair and apply
a randomly selected degradation with a randomly sampled severity level. For unified CoT
training, we additionally provide the degradation type and severity in the prescribed output
format, so the model learns to explicitly reason about both the corruption source and its
strength. For the paired preference dataset in DPO, we feed both the clean and degraded
images into the unified CoT model to construct preferred/rejected response pairs. The
rejected response is obtained directly from the model’s generated reasoning trace. For the
preferred response, we edit the reasoning trace so that it correctly reflects the degradation
type and severity associated with the degraded image.

D LLM disclosure

Our paper benchmarks and enhances the robustness of multimodal LLMs under degraded
and adverse weather conditions. We use LLM-based models as baselines for evaluation and
comparison. We also use closed-source GPT models as judges for more complex benchmarks,
such as captioning. We additionally use LLMs to polish writing and brainstorm figure
layouts.
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