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Why Agentic Image Processing?

➢Limitation of end-to-end paradigm
• Generality-performance dilemma: Different from 

image understanding models, image restoration 
models do not learn “semantics” but overfit to 
pixel-level transformations. Training on more tasks 
for generality inevitably compromises performance.

• Intelligence manifestation: Human users may anti-
cipate explicit stages like perceiving image content, 
reasoning about the strategy, and interaction with 
tools. Such dynamic and adaptive processes can be 
recognized as intelligence. Monolithic models do 
not leave room for this.

➢Promise of agentic paradigm
• By invoking various external single-task tools, we 

can address a wide range of tasks with state-of-the-
art performance.

• It is possible to establish architectures that exhibits 
human-like cognitive characteristics. A proactive 
agent with this architecture could flexibly processes 
images in a way appreciated by human users, thus 
demonstrating intelligence in a certain aspect.

Introduction

➢ Inspired by human problem-solving, we propose 
AgenticIR, an agentic system that mimics humans for 
complex image restoration.

➢ AgenticIR leverages large language models (LLMs) and 
vision-language models (VLMs) that interact via text 
generation to dynamically operate a toolbox of IR 
models. We fine-tune VLMs for image quality analysis 
and employ LLMs for reasoning. 

➢ To compensate for LLMs' lack of specific IR knowledge 
and experience, we introduce a self-exploration 
method, allowing the LLM to observe and summarize 
restoration results into referenceable documents. 

➢ Experiments demonstrate AgenticIR's potential in 
handling complex IR tasks, representing a promising 
path toward general intelligence in visual processing.

Key Agentic Patterns

We abstract how human 
users use tools to process 
images. First one needs to 
analyze the image content. 
Based on the assessment, 
a plan is scheduled and 
then executed. During 
execution, one would 
reflect on the tool output. 
If unsatisfactory, the step 
should be rolled back and 
the plan is accordingly 
adjusted. These stages 
can be summarized as 
Perception, Scheduling, 
Execution, Reflection, 
and Rescheduling.
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➢LLM for scheduling image restoration operations
• The order of restoration operations often significantly impacts the result. Different operations may have distinct requirements 

or side effects on images, forming complex interference.

• LLMs alone suffer from hallucination and thus cannot address the interference to give a reliable plan.
• We propose a self-exploration and experience summarization method, allowing the LLM to observe and summarize restoration 

results, organizing the experiment knowledge into referenceable document. During inference, the experience is retrieved as a 
concrete ground to help the LLM make informed decision.

Taming LLM and VLM for Low-Level Vision

➢VLM for image quality assessment
• The VLM can describe the image content in natural language to provide necessary information for our agent. Specifically, we 

need it to analyze the image content and categorize the quality issue that should be addressed.
• DepictQA-Wild is a VLM dedicated to image quality assessment. We fine-tune it by LoRA to further adapt it to the specific 

requirement of evaluating severities of various degradations.
• The fine-tuning is quite efficient courtesy of the extensive knowledge acquired in pre-training.
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Effectiveness of Designs

                                     

                  

                                          

                 

     

➢ Self-exploration and experience summarization

➢ Inference workflow
• Reflection mechanism

• Rollback mechanism

Real-World Application

(a) taken in heavy rain, restored by 
deraining and dehazing; (b) taken by 
under-display camera, restored by 
motion deblurring, defocus deblurring, 
and brightening; (c) taken underwater, 
restored by defocus deblurring, 
dehazing, and motion deblurring;

(a) (b) (c)

Experimental Setup Comparison with All-in-one Models

➢ Consider 8 types of single degradations
• Low resolution, noise, motion blur, defocus blur, 

rain, haze, JPEG compression artifact, low light

➢ Design 16 combinations of degradations
➢ Divide the combinations into group A, B, C

• Group A/B/C contains 8/4/4 combinations
• Each one in group A and B contain 2 degradations
• Each one in group C contain 3 degradations

➢ Apply each combination on 100 images
➢ Allocate 160 images in group A for self-

exploration and experience summarization
➢ Allocate the remaining 1,440 images for test
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