
JarvisIR: Elevating Autonomous Driving Perception
with Intelligent Image Restoration

Supplementary Material

This is the supplementary material for the paper:
“JarvisIR: Elevating Autonomous Driving Perception with
Intelligent Image Restoration.” We provide the following
materials in this manuscript:
• Sec.1 More implementation details.

– Restoration tool settings.
– Details of Model Setups.

• Sec.2 CleanBench dataset details.
– Dataset statistics.
– Details of degradation library.

• Sec.3 More ablation.
– MRRHF vs. vanilla RRHF.
– Sample generation strategy and entropy regularization.
– Effectiveness of differentiated contrast weights.
– Impact of reasoning for decision-making.
– Impact of reward model.

• Sec.4 More visual results.
• Sec.5 Limitations, broader impacts and future work.

1. More implementation details
1.1. Restoration tool settings
Table 1 lists the task-specific restoration tools used in our
implementation. Notably, some models lack weights cor-
responding to certain tasks but are inherently adaptable;
we collect appropriate data to retrain them. For exam-
ple, Img2img-turbo [18] is an image-to-image translation
method based on SD-turbo that provides night-to-day and
rainy-to-day weights but not snow-to-day weights. To en-
able Img2img-turbo to adapt to snow scenes, we retrain it
using the CycleGAN paradigm on the snow subset of the
ACDC dataset [22]. Additionally, it is important to note
that we are not utilizing the latest state-of-the-art tools, sug-
gesting considerable potential for enhancing our models.

1.2. Details of Model Setups
Model Architecture. In this study, JarvisIR primarily
adopts the architecture from Llava-Llama3-8B [16]. Specif-
ically, the input images and instruction texts are first to-
kenized, then fused, and finally processed by the Large
Language Model (LLM) for response generation. (a) To-
kenization of input images and instruction texts: We use
a frozen CLIP pre-trained ViT-L/14 [21] as the image en-
coder to convert input images into visual tokens. The in-
struction texts are tokenized into textual tokens using the
SentencePiece tokenizer [13]. To bridge the different em-

bedding spaces of visual and textual tokens, we implement
a trainable image projector to map visual tokens into the
textual space, following [23, 44]. (b) Token Fusion: We
integrate the visual tokens into predefined positions within
the textual tokens to achieve token fusion. (c) Response
Generation Using LLM: The fused tokens are fed into the
LLM to generate the final response. In our experiments, we
primarily use Llama3-8B [23]. Even with their advanced
features, pre-trained LLMs lack the ability to furnish accu-
rate responses, thorough reasoning regarding degradation,
and precise restoration plans without dataset-specific fine-
tuning. Therefore, we employ a full parameter fine-tuning
technique that efficiently unleashes the potential of LLM to
the maximum extent.
Model setup. Since the CLIP pre-trained ViT-L/14 [21] en-
codes each 14 × 14 image patch into a visual token, the
input image dimensions must be integer multiples of 14.
Therefore, we zero-pad the input images to meet this re-
quirement. We encode the image patches into visual tokens
using the CLIP pre-trained ViT-L/14 [21], where each token
is a 1024-dimensional vector. These visual tokens are sub-
sequently projected by the image projection layer into the
LLM’s hidden dimension of 4096.
Training setup. Both the SFT and MRRHF tuning phases
utilize the Adam optimizer with learning rate 1e-5 with
cosine decay. The warmup ratio is set to 0.03, the max-
imum sequence length is 2048, and the weight decay is
4. JarvisIR-SFT undergoes training for three epochs with
a batch size of 128, while JarvisIR-MRRHF is trained for
three epochs using a batch size of 2. During the MRRHF
tuning phase, the diverse beam search settings include a size
of 3, 5 beam groups, a diversity penalty of 2.0, and a sam-
pling temperature of 0.8. Training is conducted on 8 GPUs
(NVIDIA A100 80G).

2. CleanBench dataset details

2.1. Dataset statistics

CleanBench. In constructing the CleanBench process,
we collected large-scale raw daytime images from vari-
ous sources, including autonomous driving datasets [2, 2,
22, 38] and natural datasets [3, 10, 14, 15, 37, 43] .The
CleanBench dataset contains a total of 150K degraded-clean
image pairs. For the construction of CleanBench-Real,
we gathered 80K real degraded images consisting of night
scenes, fog scenes, snow scenes and rain scenes. These data



Table 1. Task-specific restoration tools with descriptions.

Task Tools Model Description

Super-resolution StableSR-turbo [26]
Utilizes pre-trained diffusion models with a time-aware encoder
for high-quality super-resolution, deblurring, and artifact re-
moval.

Real-ESRGAN [27] Fast GAN for super-resolution, deblurring, and artifact removal,
handling complex real-world degradations efficiently.

Denoising SCUnet [40]
Hybrid UNet-based model combining convolution and trans-
former blocks, designed for robust denoising under diverse real-
world noise conditions.

Compression artifact removal
StableSR-turbo [26]

Utilizes pre-trained diffusion models with a time-aware encoder
for high-quality super-resolution, deblurring, and artifact re-
moval.

Real-ESRGAN [27] Fast GAN for super-resolution, deblurring, and artifact removal,
handling complex real-world degradations efficiently.

Deblurring
StableSR-turbo [26]

Utilizes pre-trained diffusion models with a time-aware encoder
for high-quality super-resolution, deblurring, and artifact re-
moval.

Real-ESRGAN [27] Fast GAN for super-resolution, deblurring, and artifact removal,
handling complex real-world degradations efficiently..

Deraining

IDT [33] Transformer-based model for de-raining and raindrop removal.
UDR-S2Former [4] An uncertainty-aware transformer model for rain streak removal.

Img2img-turbo-rain [18] Efficient model based on SD-turbo, designed for fast and effec-
tive rain removal in real-world images.

Raindrop removal IDT [33] Transformer-based model for de-raining and raindrop removal.

Dehazing
RIDCP [32] Efficient dehazing model utilizing high-quality codebook priors

to handle complex real-world haze.

KANet [8] Efficient dehazing network using a localization-and-removal
pipeline to handle complex real-world hazy.

Desnowing
Img2img-turbo-snow [18] Efficient model for removing snow artifacts while preserving

natural scene details.

Snowformer [5] Transormer-based model for removing snowflakes while pre-
serving natural scene details.

Low-light enhancement

Img2img-turbo-night [18] Fast and efficient model based on SD-turbo, designed for low-
light enhancement in real-world scenarios.

HVI-CIDNet [34]
Lightweight transformer for low-light and exposure correction,
enhancing both image quality and downstream vision tasks effi-
ciently.

LightenDiff [9]
Diffusion-based framework for low-light enhancement, lever-
aging Retinex theory and latent-space decomposition for high-
quality unsupervised restoration.

come from diverse sources, including the aforementioned
autonomous driving datasets. Additionally, to enhance the
generalizability of JarvisIR in natural contexts, we incor-
porated natural adverse weather scenes from internet and
public datasets [3, 10, 14, 15, 17, 20, 37, 43].

2.2. Details of degradation library

As described in Sec 3.1 of the manuscript, we simulate re-
alistic adverse weather scenarios—rainy, nighttime, snowy,
and foggy conditions—by customizing a degradation li-
brary developed with physical models and image transfor-
mation techniques to synthesize degraded images. In this
section, we detail our degradation implementations, cov-
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Figure 1. Adverse weather scene simulator. To simulate realistic adverse weather scenarios, including rainy, nighttime, snowy, and foggy,
we customized the degradation library developed using physical models and image transformation techniques to synthesize degraded
images.

ering the principles, formulas, and severity setups for the
Night Scene Simulator, Fog Scene Simulator, Rain Scene
Simulator, and Snow Scene Simulator. Examples for each
implementation are provided in Figure 4.

Night Scene Simulator. Inspired by the work of [6], we
employ a low-light degradation transform to synthesize re-
alistic low-light images, denoted as Tnight, as illustrated in
Figure 1. Specifically, we first convert the daytime image
Iday into RAW data using the sRGB→ RAW process [1].
Next, we linearly attenuate the RAW image and introduce
Shot and Read (S&R) noise, which is commonly observed
in camera imaging systems [1]. Finally, we apply the Image
Signal Processing (ISP) pipeline to convert the low-light
sensor data back into sRGB format. Additionally, we in-
corporate flare degradation using flare templates from the
Flare7K++ [7] dataset. The complete low-light degradation

transform Tnight is given by:

Tnight (Iday) = TISP (TsRGB→RAW (Iday) + Inoise)+Iflare,
(1)

which generates a degraded image Iday that closely resem-
bles a dark nighttime scene. Furthermore, we use an online
dynamic degradation process. It applies randomized param-
eter combinations, as defined in Equation 1, to simulate di-
verse nighttime driving conditions.
Fog Scene Simulator. Inspired by RIDCP [32], we de-
sign a foggy image degradation transform, denoted as
Tfog , to synthesize realistic hazy images, as shown in Fig-
ure 1. Specifically, we simulate fog by introducing trans-
mission maps t(x) using depth estimation algorithms (e.g.,
Depth anything V2 [35]), combined with exponential at-
tenuation eβd(x), where β controls haze density within the
range [0.3, 1.5]. Additionally, poor lighting conditions are



modeled by applying a brightness adjustment factor γ ∈
[1.5, 3.0], Gaussian noise N , and atmospheric light varia-
tion A+∆A, where ∆A is sampled from [−0.025, 0.025].
To further enhance realism, JPEG compression artifacts are
introduced by applying JPEG (·) to the degraded image.
The complete foggy image synthesis process is defined as:

Tfog (Iday ) = JPEG
(
P
(
Iγday +N , eβd(x), A+∆A

))
,

(2)
where P represents the hazy image formation process, Iday
is the clean image, and d(x) is the estimated depth map.
The variable x refers to the spatial coordinates of the im-
age. This dynamic degradation process is designed to oper-
ate online with randomized parameters, simulating diverse
real-world foggy conditions.
Rain Scene Simulator. Inspired by PGDGN [19], we in-
troduce a rain degradation transform, denoted as Train, to
generate realistic rainy images (Figure 1). This transform
synthesizes rainy images by combining a disentangled clean
image with a physics-based rain rendering model. The
degradation process is formulated as:

Train (Iday) = WMod(G(Iday), ŵ, z), (3)

where Iday is the clean image, G(Iday) represents the disen-
tangled base image, and WMod is the rain rendering model.
WMod incorporates parameters ŵ = {ŵd, ŵnd}, with ŵd

controlling differentiable aspects such as raindrop size and
streak density, and ŵnd addressing nondifferentiable prop-
erties. The term z introduces stochastic noise for variability
in rain effects. This process applies WMod to add realistic
raindrop occlusions, rain streaks, and scene wetness to the
disentangled image. G(Iday), generating a visually plausi-
ble rainy image Train (Iday) with controlled and diverse ef-
fects.
Snow Scene Simulator. Building on the img2img-turbo
model [18], we introduce a snow transformation, denoted
as Tsnow, to generate realistic snowy images from daytime
inputs. This process uses the SD-Turbo model with textual
conditioning. It synthesizes snowy scenes by combining the
input image with a latent diffusion-based generator and a
textual prompt. The snow transformation is formulated as:

Tsnow (Iday , Csnow ) = Gsnow (Iday , Csnow ) , (4)

where Iday is the daytime input image, Csnow is the textual
condition (e.g., “driving in the heavy snow”), and Gsnow rep-
resents the generator. By employing LoRA adapters and
skip connections, the generator enables precise control over
scene characteristics while maintaining the structural in-
tegrity of the input image. This process applies Gsnow to
infuse the daytime image Iday with snowy features, guided
by the contextual information in Csnow. The resulting syn-
thetic image aligns closely with the visual expectations of a
snowy environment while maintaining consistency with the
original scene’s structure.

3. More ablation

To thoroughly investigate the proposed JarvisIR, we con-
ducted an extensive array of ablation studies on the
CleanBench-Real dataset. Four non-reference metrics are
used for assessment: MUSIQ [11], MANIQA [36], CLIP-
IQA+ [25], LIQE [41]. The specific elements of these stud-
ies are further expounded in the sections that follow.

3.1. MRRHF vs. vanilla RRHF
We evaluate the effectiveness of our proposed MRRHF by
comparing it with vanilla RRHF [39]. The reward and
diversity metrics over training iterations are illustrated in
Table 2. Fine-tuning JarvisIR with MRRHF significantly
improves the average values of both reward and diversity
by 0.19 and 3.43, respectively, compared to using RRHF.
The degradation in diversity and reward when using vanilla
RRHF results from its offline sample generation strategy.
As discussed in Sec. 5 in the manuscript, this strategy con-
fines its generated samples to the finite sample space cre-
ated by the SFT model using diverse beam search [24].
In contrast, our MRRHF employs a hybrid sample gener-
ation strategy and entropy regularization, providing suffi-
cient sample exploration space to achieve globally optimal
results.

3.2. Sample generation strategy and entropy regu-
larization

In our manuscript, we examine the effects of the sample
generation strategy and entropy regularization on the MR-
RHF tuning process, focusing on reward scores and re-
sponse diversity. This section provides further evidence
of the effectiveness of our hybrid sample generation strat-
egy and entropy regularization. Specifically, as shown in
Table 2, we assess their impact on performance using the
CleanBench-Real validation set. The results demonstrate
that our hybrid sampling approach and entropy regulariza-
tion not only enhance training stability and facilitate high-
quality exploration of the optimization space but also sig-
nificantly improve testing performance.

3.3. Effectiveness of differentiated contrast weights
In Equation 4 of our manuscript, we refine the original rank-
ing loss [39] by introducing differentiated contrast weights,
expressed as Lrank =

∑
si<sj

(sj − si)max (0, pi − pj).
The term (sj − si) represents the differentiated contrast
weights. We compare this with the original ranking loss
L̂rank =

∑
si<sj

max (0, pi − pj). Table 2 presents the re-
ward and diversity metrics over training iterations. When
the ranking loss is applied without differentiated contrast
weights L̂rank the average values of both reward and di-
versity decrease by 0.14 and 3.93, respectively, compared
to using Lrank. We attribute this to the differentiated con-



Table 2. Ablation studies on tuning paradigm, differentiated contrast weights, different sample generation strategies, and entropy regular-
ization. The “Reward” represents the average reward scores obtained during alignment tuning, spanning from -1 to 1. A negative score
indicates a penalty, while a positive score represents a reward. The “Diversity” reflects the average number of unique responses produced
during the training process. Additionally, we evaluate performance on the CleanBench-Real validation set using four non-reference met-
rics: MUSIQ, MANIQA, CLIP-IQA+, and LIQE. The reported values represent the average performance across all tested scenes.

Strategy Reward Diversity MUSIQ ↑ MANIQA ↑ CLIP-IQA+ ↑ LIQE ↑
Vanilla RRHF 0.40 3.12 63.89 0.5090 0.5388 3.589

MRRHF (Ours) 0.67 6.55 71.43 0.7099 0.7296 4.411

w/o. differentiated contrast weights 0.53 2.62 63.22 0.5871 0.6130 3.597
w. differentiated contrast weights (Ours) 0.67 6.55 71.43 0.7099 0.7296 4.411

offline sample generation 0.43 3.63 64.12 0.5323 0.6012 3.620
online sample generation -0.87 1.27 - - - -

hybrid sample generation (Ours) 0.67 6.55 71.43 0.7099 0.7296 4.411

w/o. entropy regularization 0.50 4.56 65.06 0.6207 0.6915 3.867
w. entropy regularization (Ours) 0.67 6.55 71.43 0.7099 0.7296 4.411

trast weights enabling the VLM to recognize that some neg-
ative examples are neutral (with reward scores close to pos-
itive examples) and thus should not be excessively penal-
ized, which helps prevent confusion during VLM training.
Specifically, assuming the system uses diverse beam search
to obtain multiple responses r1, . . . , ri, rk, rn the original
RRHF algorithm treats the best response rk as positive and
the remaining responses ri < rk as negative examples of
rk and applies the same penalty to them. However, this
approach may not be reasonable, especially when the pref-
erence scores of different ri are similar. For instance, when
the preference of rk+1 is only slightly worse than rk, while
rn is significantly worse than rk, the model should differ-
entiate and apply different penalty strengths, slightly penal-
izing rk+1 and heavily penalizing rn compared to rk. To
address this, we propose using the score S (ri) from a re-
ward model S (·) to indicate the numerical preference of ri,
i.e., the differentiated contrast weights (sj − si).

3.4. Impact of reasoning for decision-making
As the pioneering work [29] points out, Chain-of-Thought
(CoT) is “a series of intermediate reasoning steps” that has
proven effective in complex reasoning tasks [12, 29, 42].
The main idea of CoT is to prompt large language models
(LLMs) to output not only the final answer but also the rea-
soning process leading to it, resembling human cognitive
processes. Inspired by this approach, we enable JarvisIR to
provide detailed degradation and reasoning insights about
the degraded image before making decisions, specifically
before producing the task sequence with model selection.
To assess the impact of reasoning on final decision-making,
we perform ablation experiments on the CleanBench-Real
validation set by comparing two variants: (1) directly re-
questing JarvisIR to output the task sequences, and (2) pro-
viding detailed degradation and reasoning insights before
outputting the task sequences. As shown in Table 3, provid-

Table 3. Ablation studies on the impact of reasoning for decision-
making. We evaluate performance on the CleanBench-Real vali-
dation set using four non-reference metrics: MUSIQ, MANIQA,
CLIP-IQA+, and LIQE. The reported values represent the average
performance across all tested scenes.

Configurations MUSIQ ↑ MANIQA ↑ CLIP-IQA+ ↑ LIQE ↑
w/o. reasoning 71.17 0.6942 0.7156 4.394
(Ours) w reasoning 71.43 0.7099 0.7296 4.411

ing detailed degradation and reasoning insights significantly
enhances JarvisIR’s decision-making, leading to notable
improvements in the four non-reference metrics. By ex-
plicitly describing degradations and reasoning insights, the
model can use in-context learning to align selected tasks and
restoration experts with the specific degradations present.
This strategy not only enhances interpretability but also in-
troduces constraints that make the model’s decisions more
reliable in real-world scenarios.

3.5. Impact of reward model

To analyze how various reward model configurations af-
fect model optimization, we conducted an ablation ex-
periment exploring three distinct settings: (I) multiple
VLM-based IQA models as a unifined reward model (e.g.,
Q-instruct [31] and Q-align [30]). (II) using a sin-
gle VLM-based IQA model (e.g., Q-Instruct [31] or Q-
align [30]) or a traditional IQA model (e.g., MUSIQ [11]
or MANIQA [36]). (III) multiple traditional IQA models as
a unifined model (e.g., MUSIQ [11] and MANIQA [36]).
The results of JarvisIR-MRRHF trained with different re-
ward models are summarized in Table 4. Based on the re-
sults, we make the following observations: (1) Using mul-
tiple VLM-based IQA models as the reward model signif-
icantly improves perception metrics, although it increases
resource consumption during training. (2) Training with a
single IQA model improves the corresponding metric sig-



Table 4. Ablation studies on the impact of different reward model configurations. We evaluate performance on the CleanBench-Real
validation set using four non-reference metrics: MUSIQ, MANIQA, CLIP-IQA+, and LIQE. The reported values represent the average
performance across all tested scenes.

Configurations MUSIQ ↑ MANIQA ↑ CLIP-IQA+ ↑ LIQE ↑
(I) Q-align [30] + Q-Instruct [31] 71.41 0.7094 0.7308 4.419

(II) Q-align 71.35 0.7086 0.7288 4.409
(II) Q-Instruct [31] 71.37 0.7093 0.7257 4.402
(II) MUSIQ [11] 71.64 0.6932 0.6977 3.955
(II) MANIQA [36] 68.49 0.7126 0.6805 3.981

(III) MUSIQ [11] + MANIQA [36] 71.52 0.7118 0.7068 4.127

(Ours) Q-Instruct [31]+ MUSIQ [11] + MANIQA [36] 71.43 0.7099 0.7296 4.411

nificantly, but other metrics may experience some degrada-
tion. (3) Combining multiple traditional IQA models as the
reward model enhances performance on certain metrics, but
the improvements are asymmetrical—some traditional met-
rics exhibit very high performance while perception met-
rics are relatively low. Consequently, we opt to create
the unified reward model by combining both VLM-based
and non-VLM-based IQA models, such as Q-instruct [31],
MUSIQ [11], and MANIQA [36]. This combination allows
for a comprehensive evaluation of system responses while
preserving training efficiency.

4. More visual results.

4.1. Perception restoration

Additional visual comparisons highlight the effectiveness
of the proposed JarvisIR framework in real-world adverse
weather conditions. Figure 2 illustrates the comprehensive
workflow of JarvisIR, which begins by receiving user com-
mands and degraded images. JarvisIR evaluates the im-
age quality, identifies degradation factors, and formulates
task sequences. It then selects appropriate models for tasks
such as denoising, dehazing, and super-resolution. The out-
puts include evaluated inference insights, detailed restora-
tion plans, and enhanced images, effectively bridging user
instructions with image restoration plans.

Figure 3 illustrates the decision-making processes of
both JarvisIR-MRRHF and JarvisIR-SFT. Experimental
results indicate that the decision-making capability of
JarvisIR-MRRHF surpasses that of JarvisIR-SFT. Specif-
ically, JarvisIR-MRRHF makes correct decisions in cases
where JarvisIR-SFT previously failed. For example,
in coupled degraded real rain scenarios (the first row),
JarvisIR-SFT yields a mediocre decision—“Enhancement
(Img2img-turbo) → Dehaze (RIDCP) → DeRaindrop
(IDT)”—which does not remove raindrops and blur the
background. However, JarvisIR-MRRHF accurately iden-
tifies the appropriate restoration tasks and selects the opti-
mal models to solve them: “Denoise (SCUNet) → DeRain-

drop (IDT) → Deblur (StableSR-turbo)”. This improve-
ment confirms that MRRHF fine-tuning significantly en-
hances JarvisIR’s decision-making ability under real-world
conditions, reduces hallucination errors, and improves gen-
eralization performance.

Figures 5, 6, 7, and 8 illustrate visual comparisons of
our method and the baseline methods across four different
scenes on the CleanBench-Real test set. Our results demon-
strate that JarvisIR outperforms the comparative methods
in terms of color enhancement, detail preservation, and the
elimination of degradations, achieving a superior balance
among these aspects. Conversely, the baseline methods per-
form poorly in real-world environments. They struggle to
handle coupled degradations that occur simultaneously in
natural settings, such as low light combined with fog or a
mixture of rain and fog. These limitations may arise from
their heavy dependence on specific degradation priors and
significant domain gaps due to mismatches between syn-
thetic training data distributions and real-world data. Con-
sequently, they often produce subpar recovery results fea-
turing artifacts, overexposure, underexposure, and ampli-
fied noise.

5. Limitations, broader impacts and future
work

The primary limitation of our research is that JarvisIR is un-
able to address all real-world restoration scenarios. While
it demonstrates effectiveness in handling most degradation
scenarios relevant to autonomous driving, it does not ex-
tend to tasks such as underwater image restoration, old
photo enhancement, or blind face restoration. By incor-
porating appropriate data and tools, rapid adaptation could
be achieved through the proposed training paradigm. Fur-
thermore, the tools currently employed are limited in scope
and capability. In our future work, we will incorporate
more advanced and robust restoration tools that might fur-
ther enhance JarvisIR’s ability to address real-world cou-
pled degradation challenges.

Another future work could focus on retaining the origi-



Figure 2. More examples of JarvisIR’s perception restoration are presented. Initially, JarvisIR assesses the degradation of the input images
and parses user instructions to formulate a task plan, selecting appropriate expert models for each subtask. The selected experts perform
their designated tasks and return the results to JarvisIR, which integrates the outcomes and provides the final answer to the user.

Figure 3. Comparison of the decision-making processes of JarvisIR-MRRHF and JarvisIR-SFT. The results indicate that the MRRHF
version accurately predicts the correct task sequence and selects appropriate restoration models. Conversely, the SFT version often fails to
make suitable decisions in real-world scenarios due to the domain gap between training and real data distributions.

nal image resolution during training. Most current vision-
language models (VLMs) resize input images to a fixed
resolution, such as 336 × 336, which may degrade perfor-
mance, as resolution variation may affect the model’s per-
ception of degradation. To mitigate this, future research
could explore techniques to maintain original image resolu-
tions. One approach involves adapting the position embed-
dings in CLIP [21] using bicubic interpolation to accommo-
date varying image dimensions.

This work focuses on building an autonomous, robust,
intelligent restoration system tailored for real-world chal-

lenges. To enhance system robustness, reduce hallucina-
tions, and improve generalizability, we introduce a novel
two-stage framework that integrates supervised fine-tuning
with human feedback alignment. By utilizing human feed-
back and large-scale real unlabeled data, our method allows
the VLM to be fine-tuned in an unsupervised manner. We
believe that this paradigm can inspire future work to build
more powerful and versatile intelligent systems.
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Figure 4. Examples of synthetic adverse weather scenarios in autonomous driving from the CleanBench dataset.
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Figure 5. Visual comparisons among various methods on CleanBench-Real’s night scene validation set.
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Figure 6. Visual comparisons among various methods on CleanBench-Real’s rain scene validation set.
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Figure 7. Visual comparisons among various methods on CleanBench-Real’s fog scene validation set.

DA-CLIP Input PromptIR MiOIR InstructIR T3-DiffWeather JarvisIR-SFT JarvisIR-MRRHF 

Figure 8. Visual comparisons among various methods on CleanBench-Real’s snow scene validation set.



Table 5. Instruction generated by GPT-4V using the self-instruct strategy [28]

# Instruction
1 Please evaluate the image’s quality comprehensively and provide your insights. Additionally, outline

a step-by-step restoration strategy, specifying the sequence of tasks and model choices for each step.
The available tasks are super-resolution, denoising, dehazing,..., low-light enhancement. The avail-
able restoration models are StableSR-turbo: (model description), SCUnet: (model description),...,
RIDCP: (model description).

2 Analyze the quality of the image comprehensively and provide your insights. Furthermore, propose
a restoration strategy by detailing each task and model choice sequentially. The available tasks
include super-resolution, denoising, dehazing,..., low-light enhancement. The restoration models are
StableSR-turbo: (model description), SCUnet: (model description),..., RIDCP: (model description).

3 Assess the overall quality of the image and provide a detailed evaluation. Then, design a step-by-
step restoration process, specifying tasks and model choices. Tasks available are super-resolution,
denoising, dehazing,..., low-light enhancement, and models include StableSR-turbo: (model descrip-
tion), SCUnet: (model description),..., RIDCP: (model description).

4 Perform a comprehensive evaluation of the image quality and explain your observations. Addition-
ally, develop a step-by-step restoration plan, identifying tasks and model choices. Available tasks
are super-resolution, denoising, dehazing,..., low-light enhancement, and models include StableSR-
turbo: (model description), SCUnet: (model description),..., RIDCP: (model description).

5 Conduct a thorough analysis of the image’s quality and provide your insights. Subsequently, create
a restoration strategy step by step, specifying the tasks and model choices. The tasks available are
super-resolution, denoising, dehazing,..., low-light enhancement, and models are StableSR-turbo:
(model description), SCUnet: (model description),..., RIDCP: (model description).

6 Evaluate the quality of the image comprehensively and outline your findings. Moreover, formulate
a sequential restoration plan, detailing tasks and model selections. Available tasks include super-
resolution, denoising, dehazing,..., low-light enhancement, and models are StableSR-turbo: (model
description), SCUnet: (model description),..., RIDCP: (model description).

7 Provide a detailed assessment of the image’s quality and share your observations. Then, create
a restoration strategy in a step-by-step manner, specifying tasks and models. Available tasks are
super-resolution, denoising, dehazing,..., low-light enhancement, and models include StableSR-
turbo: (model description), SCUnet: (model description),..., RIDCP: (model description).

8 Examine the image comprehensively and describe its quality in detail. Additionally, outline a step-
wise restoration process, specifying the tasks and models for each stage. Tasks available are super-
resolution, denoising, dehazing,..., low-light enhancement, and models are StableSR-turbo: (model
description), SCUnet: (model description),..., RIDCP: (model description).

9 Review the image quality comprehensively and present your findings. Furthermore, propose a
restoration plan step by step, detailing the tasks and models used. Available tasks are super-
resolution, denoising, dehazing,..., low-light enhancement, and restoration models are StableSR-
turbo: (model description), SCUnet: (model description),..., RIDCP: (model description).

10 Perform a detailed evaluation of the image and provide your insights. Then, construct a step-by-step
restoration strategy, specifying the sequence of tasks and the corresponding models. The avail-
able tasks include super-resolution, denoising, dehazing,..., low-light enhancement, and models are
StableSR-turbo: (model description), SCUnet: (model description),..., RIDCP: (model description).



Table 6. Responses generated by GPT-4V using the self-instruct strategy [28]

# Response
1 The image depicts an outdoor scene viewed through a wet windshield, with water droplets signif-

icantly obscuring the view. The evaluated image exhibits severe distortion caused by the water
droplets, resulting in a loss of sharpness and clarity. Details of the background, such as the car ahead
and surrounding structures, are blurred and difficult to discern. The image also suffers from uneven
focus and lacks proper visibility.

2 This image portrays an outdoor scene as seen through a wet windshield, where water droplets heav-
ily obstruct the view. The distortion caused by these droplets leads to a noticeable reduction in
sharpness and clarity. Background elements, like the car in front and nearby structures, appear heav-
ily blurred and challenging to distinguish. The image further suffers from uneven focus, reducing
overall visibility.

3 An outdoor setting is captured in this image, viewed through a wet windshield. The water droplets
significantly obscure the scene, causing severe distortion. Sharpness and clarity are greatly reduced,
and background features, such as the car ahead and surrounding buildings, are blurred and hard to
recognize. Uneven focus further detracts from the image’s overall visibility.

4 This image showcases an outdoor scene as observed through a wet windshield, with water droplets
causing significant obstruction. The distortion leads to substantial clarity and sharpness loss. Details
in the background, including the car ahead and nearby structures, are blurred and hard to identify.
Additionally, the image has uneven focus, which impairs its overall visibility.

5 The image illustrates an outdoor view observed through a wet windshield, where water droplets
obscure much of the scene. The distortion caused by the droplets results in a notable reduction in
sharpness and clarity. Background details, such as the car ahead and surrounding structures, appear
blurry and indistinct. Uneven focus further degrades the visibility of the image.

6 In this image, an outdoor setting is depicted as seen through a wet windshield, with water droplets
heavily obscuring the view. The distortion from the droplets results in a considerable loss of sharp-
ness and clarity. Background elements, like the car ahead and nearby buildings, are blurred and hard
to discern. The uneven focus of the image adds to its overall lack of visibility.

7 This image shows an outdoor scene viewed through a wet windshield, with water droplets creating
significant visual obstruction. The distortion caused by the droplets reduces the sharpness and clarity
of the image. Background features, including the car ahead and the surrounding structures, are
blurred and difficult to distinguish. The image also suffers from uneven focus, limiting its visibility.

8 An outdoor view is displayed in this image, captured through a wet windshield with water droplets
blocking much of the scene. The distortion caused by the droplets results in reduced clarity and
sharpness. Background details, such as the car in front and nearby structures, are blurred and indis-
tinct. Uneven focus further compromises the visibility of the image.

9 The image depicts an outdoor scene seen through a wet windshield, where water droplets obscure
much of the view. This distortion leads to a significant loss of sharpness and clarity. Background
elements like the car ahead and nearby structures are blurred and challenging to distinguish. Uneven
focus further contributes to the poor visibility of the image.

10 This image represents an outdoor scene viewed through a wet windshield, with water droplets ob-
scuring the visual field. The distortion caused by the droplets significantly affects sharpness and
clarity, making background features like the car ahead and surrounding structures appear blurred
and indistinct. The uneven focus further reduces the overall visibility of the image.
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