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Abstract

Vision-centric perception systems struggle with unpre-
dictable and coupled weather degradations in the wild.
Current solutions are often limited, as they either de-
pend on specific degradation priors or suffer from signif-
icant domain gaps. To enable robust and autonomous
operation in real-world conditions, we propose JarvisIR,
a VLM-powered agent that leverages the VLM as a con-
troller to manage multiple expert restoration models. To
further enhance system robustness, reduce hallucinations,
and improve generalizability in real-world adverse weather,
JarvisIR employs a novel two-stage framework consisting
of supervised fine-tuning and human feedback alignment.
Specifically, to address the lack of paired data in real-world
scenarios, the human feedback alignment enables the VLM
to be fine-tuned effectively on large-scale real-world data in
an unsupervised manner. To support the training and eval-
uation of JarvisIR, we introduce CleanBench, a compre-
hensive dataset consisting of high-quality and large-scale
instruction-responses pairs, including 150K synthetic en-
tries and 80K real entries. Extensive experiments demon-
strate that JarvisIR exhibits superior decision-making and
restoration capabilities. Compared with existing methods,
it achieves a 50% improvement in the average of all percep-
tion metrics on CleanBench-Real. Project page: https:
//cvpr2025-jarvisir.github.io/.

1. Introduction

Vision-centric perception systems often struggle in ad-
verse weather, where images captured in real-world sce-
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narios exhibit multiple and coupled degradations. Current
adverse weather image restoration methods are primarily
categorized into task-specific methods and all-in-one ap-
proaches. Both categories struggle with real-world cou-
pled degradations, as shown in Figure 1. Task-specific
methods [24, 31, 32, 45, 89] often require prior knowl-
edge of specific degradation types, while real-world degra-
dations are often unknown and coupled. All-in-one meth-
ods [13, 18, 30, 37, 49] trained on synthetic datasets in a su-
pervised manner, suffer from a significant domain gap when
applied to real-world data. One promising strategy to tackle
multiple degradations in the wild is to integrate specialized
models that excel in their domains. However, this strategy
is highly sensitive to task order, and even minor changes
in execution sequence can lead to significant performance
degradation. Therefore, autonomously and efficiently coor-
dinating expert models in real-world scenarios is essential
for perceptual restoration.

Recently, large language models (LLMs) have exhib-
ited remarkable proficiency in reasoning, decision-making
and interaction with environments [26, 29, 53, 85, 98].
These advancements raise an important question: Could
vision-language models (VLMs) act as controllers, manag-
ing publicly available specialized restoration models, au-
tonomously planning tasks, and selecting models to facili-
tate the development of comprehensive restoration systems?
The answer is affirmative, however, constructing such sys-
tems is non-trivial and typically requires extensive paired
data. In real-world scenarios, while there exists exten-
sive real degraded data, the lack of corresponding labels
prevents the implementation of supervised fine-tuning ap-
proaches. To tackle this issue and harness large-scale un-
labeled data, we design a fine-tuning framework based on
human feedback, allowing the VLM to be trained in an un-
supervised manner. With this approach, we could create a
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Figure 1. Limitations of single-task methods, all-in-one methods, and inaccurate task order(a) Single-task speci ¢ and all-in-one
methods fail to address coupled degradation in real-world scenarios. (b) Collaboration among multi-expert models effectively mitigates
complex degradation, but is sensitive to the order of tasks. Unlike these approaches, JarvisIR can dynamically schedule different expert
models in response to the rapidly changing scenarios and coupled degradation in the wild.

system that performs robustly and reliably in the wild. » We introduce JarvisIR, a VLM-powered agent that au-
tonomously manages and coordinates multiple expert
restoration models to address coupled weather degrada-
tions in real-world environments.

We present CleanBench, the rst high-quality instruction-
following dataset speci cally curated for developing in-
telligent restoration systems, containing 150K synthetic
and 80K real instruction-response pairs.

We propose a novel two-stage framework combining su-
pervised ne-tuning and human feedback alignment to
enhance system robustness, reduce hallucinations and im-
prove generalizability in the wild.

Our experiments demonstrate that JarvisIR outperforms
strong baselines in terms of decision-making and percep-
tion restoration.

In this work, we introduce JarvisIR, a VLM-powered
agent integrating VLM (i.e., Llava-Llama3 [46]) with ex-
pert restoration models sourced from GitHub and Hug- .
ging Face. The development of this system involved two
key components: 1) CleanBench, an instruction-following
dataset constructed using the self-instruct strategy [73],
which includes 150K synthetic and 80K real instruction-
response pairs (CleanBench-Real), designed to support both
training and evaluation. 2) A supervised ne-tuning (SFT)
and human feedback alignment framework for training a
VLM as an agent to be reliable and autonomous. Specif-
ically, to enable the VLM to follow user instructions and )
perceive image degradation, we train it using the synthetic
portion of CleanBench via SFT [50]. To enhance system
robustness, reduce hallucinations, and improve generaliz-
ability in real-world adverse weather, we ne-tune JarvisiR 2. Related Work
o_n_CIeanBench-Real W'th human feedback. To ensure Sta'TooI—Augmented LLMs. Recent studies [6, 53, 56, 60—
bility during training and improve overall performance, we 62, 97] highlight th ) tential of | |

; . , ghlig e growing potential of large language
propose the MRRHF algorithm, an extension of the rank- models (LLMs) for pro cient tool usage and decision-
ing responses with human feedback (RRHF) approach [93].

Speci cally, to expand the exploration space while main- making in complex settings. For example, Gorilla [53] fa-
pe Y, P P pac . cilitates LLMs' response to Tool calls through dataset con-
taining a performance lower bound for JarvisIR, we intro-

duce a hybrid sample generation strategy and regularizationStrUCtlon and ne-tuning. ToolLLM [56] extends this con-

: cept to enable interaction with a large number of tools.
term. Furthermore, to comprehensively feedback the qual- L
. : L ) ToolAlpaca [65] demonstrates the feasibility of general-
ity of system responses during training, we incorporate mul-

: ] ized tool-use capabilities in smaller LLMs. Toolformer [60]
tiple VL_M-based Image Quality Assessment (IQA) models constructs tool-use augmented data to train LLMs to select
as a uni ed reward model.

tools. In the realm of visual tools, various approaches have
Our contributions can be summarized as follows: been proposed to enhance the capabilities of large language



models in handling visual tasks [78, 88], augmented with
Hugging Face models [61], Azure models [88], visual foun-
dation models [78].

Alignment of LLMs. Reinforcement Learning from Hu-

man Feedback (RLHF) [1, 2, 28, 66] has emerged as a

groundbreaking technique for aligning LLMs. The core

idea is learning a reward function to re ect human prefer-

ences with human annotations and optimize LLMs by RL

methods like proximal policy optimization (PPO). During

PPO-based optimization, updating LLMs requires the like-

lihood of an entire generation. However, for LLM agents,

human feedback is usually obtained only after the tool re-

sponse is completed and the function is successfully in-

voked. Moreover, unlike typical LLM training, our two-

stage ne-tuning process integrates both visual and linguis-

tic modalities. Rank Responses to Align Human Feedback

(RRHF) [93] has shown promise by using reward models

to rank multiple responses, aligning LLMs effectively. This Figure 2. The datgset constructio_n work ow consists qf three main
technique allows easy extension to ne-grained tool agents,StepS: 1) Synthesis of degraded images. 2) Generation of Assess-

thereby maximizing the utility of existing reward models ment reasoning and the optimal task sequence. 3) Generation of
" instruction-response pairs for the system.

Image Restoration. Single-task image restoration has 3 Methodology

achieved signi cant progress in addressing speci ¢ degra-

dation types, such as dehazing [31, 42, 81], low-light en- In this section, we rst describe CleanBench, a comprehen-
hancement [27, 33, 44], desnowing [8, 14, 17], deraining Siveé benchmark consisting of extensive instruction-response
[12, 16, 82], denoising [7, 94] super-resolution [10, 64, 70, pairs used for the training and evaluation of JarvisIR
72], image fusion [22, 23, 43, 74]. However, these task- (Sec. 3.1). We then introduce JarvisIR, a VLM agent to
speci ¢ approaches often lack generalizability and adapt- call expert restoration models in response to intricate mul-
ability to complex, coupled degradations. To overcome this tiple degraded environments in the wild (Sec. 3.2). Finally,
limitation, adverse weather restoration research aims to dewe describe the two-stage training framework for JarvisIR,
velop a uni ed framework capable of addressing multiple comprising supervised ne-tuning and human feedback
degradation types simultaneously [15, 25, 41, 51]. Another alignment.

prevailing research line is dedicated to building more intelli-

gent restoration systems. Clarity ChatGPT [77], integratedg'l' CleanBench
with advanced visual models, allows users to perform so- High-quality and large-scale datasets are crucial for un-
phisticated image manipulation and enhancement throughleashing the full potential of VLMs. A multimodal instruc-
natural language interactions. RestoreAgent [9] and Agen-tion sample can be formally represented as a triglaser
ticlR [101] are contemporaneous independent works thatinstruction, degraded image, respogsevhere ‘User in-
utiize MLLM as a task planner to coordinate multiple structior’ speci es the task and describes the restoration
restoration tools. Speci cally, RestoreAgent [9] involves tools, “degraded imadgeserves as the visual input to be
ne-tuning a vision-language model (VLM) using synthetic processed, and thegsponséprovides the ground truth an-
datasets to directly produce an execution plan. Agenti- swer. In Figure 2, we outline the construction of our dataset,
clR [101] leverages two off-the-shelf LLMs and VLMs focusing on the generation of degraded images and the col-
to achieve the scheduling of restoration tools on the syn-lection of task-speci ¢ instructions and responses.

thetic experiment platform. Essentially, both studies focus Image Collection. We rst collect raw daytime im-

on building intelligent restoration systems tailored for syn- ages from various sources, including autonomous driving
thetic degradation conditiongConversely, our study aims datasets [4, 59, 92, 102] and natural scenes [5, 34, 39, 42,
to develop a robust system for real-world applications, in- 47,87, 99]. Then, Q-instruct [80] serves as a quality Iter to
corporating human feedback to enhance robustness, reducextract high-quality samples. To simulate realistic adverse
hallucinations and improve generalizability. Furthermore, weather scenarios, including rainy, nighttime, snowy, and
our system is built in an unsupervised manner using large- foggy, we customized the degradation library developed us-
scale, unlabeled real-world data. ing physical models and image transformation techniques to



Figure 4. The work ow of JarvisIR. To address real-world cou-
pled weather degradation, we develop JarvisIR, a VLM-powered
Figure 3. Examples of CleanBench-Real dataset. intelligent system that dynamically schedules expert models for

. . o restoration. Initially, JarvisIR assesses the degradation of the in-
synthesize degraded images. More detail in supplementary,  images and parses user instructions to formulate a task plan,

material. selecting the appropriate expert models for each subtask. The se-
Response Generation.The response from JarvisIR con- lected experts perform their designated tasks and return the results
sists of two components: “chain-of-thought” (COT) ra- to JarvisIR, which integrates the outcomes and provides the nal
tionales and the optimal task sequence with model se-answer to the user. The design of the gure is inspired by [61].

lection. (a) For COT rationales, we distill DepictQA- . L -
Wild's [91] knowledge, which excels in low-level quality plementary material). For the division of the training and

reasoning assessment. Speci cally, given a degraded im-Evaluation sets, we selected 500 images from each of the

age pair, we prompt DepictQA-Wild [91] to assess the qual- four CIegnBench-Re_a_I scenarios to fom? the evaIL_latlon set
ity of the degraded image in terms of clarity, colorfulness, (ZK.)’ while the remaining Images are utilized for qllgnment
and sharpness, generating detailed degradation and reasoH—mmg' Instructhn—response pairs are generated in the same
ing insights. (b) To determine the optimal task sequenceWay as outlined in CleanBench.

with restoration model selection, we employ an exhaustive 3 5 j5rvisIR

search strategy [9] to explore various task permutations and

model combinations, scoring each sequence to identify theJarvisIR is a VLM-powered agent that coordinates multiple
optimal restoration path. expert restoration models to address complex degradation.

Task-model Assignment. User instructions include de- AS illustrated in Figure 4, the work ow of JarvisIR consists
scriptions of available tasks and models, sourced from Of four steps: Task Planning, Model Selection, Task Exe-
GitHub or Hugging Face, to formulate task-model assign- cution, and Response Generation. To enhance the agent's
ment as a single-choice problem. Presenting tasks and moddecision-making and perception restoration capabilities in
els as options within a context allows JarvisIR to more ef- real-world scenarios, as depicted in Figure 5, we initially
fectively identify the appropriate model for each sub-task. Perform supervised ne-tuning (SFT) on CleanBench to ob-
Instruction Generation. Motivated by the self-instruct ~ t&in an initial version, termed JarvisIR-SFT. Subsequently,
strategy [73], for each initial user instruction and response, the JarvisIR-SFT is further ne-tuned utilizing the MR-
GPT-4V is prompted to generate 20 candidate pairs. we RHF algorithm on CleanBench-Real, yielding the JarvisIR-
then manually review these candidates to eliminate ambi-MRRHF model.

guity, rt_apetition, and in_accuracies, uItim_ater selecting 5 3.2.1. JarvisIR-SET

instruction-response pairs per degraded image (see supple- )

mentary material for details). Ultimately, CleanBench in- Ve employ the standard SFT to get the JarvisIR-SFT model.

cludes a total oL 50K instruction-response pairs, which are Formally, the multimoda.l infstruction sample can be de-
used in the initial instruction-tuning phase. noted in a triplet form( ;M ;R), wherel, M, R rep-

CleanBench-Real To align and evaluate JarvisIR's perfor- '€Sent the user instruction, the degraded image, and the
mance in real-world scenarios, we introduce CIeanBench-ground truth response, resp.ect|vely. The VLM pred_lcts an
Real, comprisin@0K unlabeled real degraded images from 2nNSWerA given the instruction and the degraded image:
internet and diverse sources [4, 33, 34, 47, 57, 71, 87, 92]A = f(I;M ). The training objective is the original
CleanBench-Real is categorized into four adverse weathe2Ut0-regressive objective used to train LLMs [48, 90]:
scenarios: rainy, night, snowy, and foggy. The degrada-
tion in each scenario is complex and interwined. For ex-
ample, as presented in Figure 3, an image captured in rain
may experience multiple degradations concurrently, includ-
ing rain, raindrops, defocus blur, and noise (more in sup- whereN is the length of the ground-truth response.

b\
Lstt = logP (Rijfl ;Mig;R«; ); (1)
i=1
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