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Abstract

This position paper argues that the image processing community should broaden1

its focus from purely model-centric development to include agentic system design2

as an essential complementary paradigm. While deep learning has significantly3

advanced capabilities for specific image processing tasks, current approaches face4

critical limitations in generalization, adaptability, and real-world problem-solving5

flexibility. We propose that developing intelligent agentic systems, capable of6

dynamically selecting, combining, and optimizing existing image processing tools,7

represents the next evolutionary step for the field. Such systems would emulate8

human experts’ ability to strategically orchestrate different tools to solve complex9

problems, overcoming the brittleness of monolithic models. The paper analyzes key10

limitations of model-centric paradigms, establishes design principles for agentic11

image processing systems, and outlines different capability levels for such agents.12
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Figure 1: The existing research paradigm focuses on devel-
oping more powerful and multi-functional image processing
models. In contrast, we advocate a new research paradigm
centered on building agentic systems. Our goal is to create an
agent that can integrate and leverage these models to achieve
higher levels of intelligence, automation, and generality.

Image processing is a longstanding re-14

search area in computer vision. We15

have a wide variety of image pro-16

cessing and editing needs, ranging17

from post-photography editing, im-18

age restoration, enhancement, to style19

transfer. These tasks are inherently20

complex due to both the intricate na-21

ture of images and the unique aes-22

thetic standards and nuanced expec-23

tations that humans hold. For a long24

time, image processing has been a spe-25

cialized technical field managed by26

dedicated technicians and artists. Efforts in computer vision have long aimed to provide high-quality27

tools that enhance the efficiency and effectiveness of image processing tasks. The research community28

strives to develop intelligent, adaptable software that maximizes convenience for users at all levels29

and fulfills a wide range of image processing needs.30

Early image processing algorithms were typically designed for specific types of problems, making31

them part of a broader pipeline or a standalone tool [5]. Professionals often need to configure and32

combine multiple processing steps to address particular image processing challenges. In the past33

decade, deep learning has driven a major leap in image processing, significantly improving the34

quality of individual tasks while introducing a more generalized, intelligent paradigm [14, 65]. The35
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industry has gradually shifted from constructing image processing pipelines to training end-to-end36

deep learning models that replace complex pipelines [3]. These deep learning models are now used37

not only to solve isolated problems but also to establish a general, multi-task, and intelligent solution38

that can operate effectively in diverse, real-world conditions [31, 50, 62, 68]. The advent of deep39

learning and artificial intelligence has made the vision of a general, intelligent, software-based “image40

processing assistant” seem closer than ever, though it remains just out of reach. Significant research41

efforts have focused on the current paradigm, which is predominantly centered on developing42

various deep image processing models, as shown in Figure 1 (left).43

Nevertheless, the limitations of deep networks are emerging, and continuing within the existing44

research paradigm makes overcoming these constraints challenging. Firstly, these models face issues45

with generalization, as they perform well on test data similar to their training data but struggle on46

test data that deviates significantly from it [20]. Secondly, deep models capable of handling a wide47

range of degradation scenarios often compromise on quality and generalization [66]. Those that48

excel in specific degradations may lack generalizability, while models that handle a broad spectrum49

of tasks may not deliver peak performance on any single task [31, 67]. These challenges suggest50

that relying on a single model or fixed process for image processing may not effectively address the51

dynamic and complex real-world problems. Interestingly, despite the limitations of current image52

processing models, human artists and image editing professionals can still leverage these models and53

tools – often very simple ones, like basic operations in PhotoShop – to accomplish complex tasks that54

even the most advanced models cannot achieve. Emulating the dynamic and adaptive ways in which55

humans use these image processing tools could be a crucial step toward making image processing56

more intelligent and general. After all, no matter how powerful or multi-functional a tool may be, it57

still requires a capable operator – human or otherwise – to realize its true potential, see Figure 1 right.58

In this position paper, we advocate for a new research paradigm centered on agentic-oriented59

image processing systems, offering a more autonomous, adaptable, and intelligent alternative60

to current methods. We begin by discussing the core capabilities required for intelligent image61

processing systems and the challenges that the current paradigm faces in Sec. 2. We then introduce62

the concept of AI Agents in Sec. 3, exploring their fundamental principles and role in intelligent63

systems. In Sec. 4, we extend this discussion to agentic image processing systems, analyzing how64

existing methods can incorporate varying degrees of agentic features to enhance generality and65

intelligence. We also examine the key characteristics of agentic image processing systems and outline66

different levels of agentic capability. Recognizing that large language models have become pivotal in67

the study of intelligent agents, we also explore how language models and multi-modal techniques68

may shape the future of image processing. Moreover, in Sec. 5, we highlight that there remains69

further room for exploration in certain critical attributes that determine a system’s level of intelligence70

and generalization.71

Alternative Views. The prevailing view holds that continued progress in developing models72

– through scale and improved architectures – could eventually overcome all the limitations and73

subsume the proposed agentic capabilities. While these views have merit, they underestimate the74

fundamental mismatch between static model architectures and the dynamic, compositional nature75

of real-world image processing requirements. Hybrid approaches combining foundation models76

with agentic components may offer a viable middle ground, but system intelligence requires explicit77

architectural support beyond current paradigms.78

2 Backgrounds79

2.1 Intelligent Image Processing80

The core of intelligent image processing lies in developing intelligent and efficient algorithms that81

enable computers to automatically and accurately process images in various conditions to meet visual,82

psychological, or other needs. Ultimately, its goal is to build a “software employee” capable of83

automatically, intelligently, and effectively completing various image processing tasks. This is a84

highly visionary goal, and the community has long been approaching it from different angles in85

an attempt to simplify this challenging problem. Initially, image processing methods were mainly86

extensions of signal processing techniques applied to two-dimensional image signals, focusing on87

specific image processing operations. Entering the 21st century, with advancements in computing88

ability, many methods based on image priors and optimization have emerged but remain limited to89
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specific task scenarios. In the past years, the rise of machine learning and deep learning [32, 14]90

has propelled significant progress in the field of image processing. Particularly, the introduction91

of neural networks has led to breakthrough results in various image processing tasks. Data-driven92

methods not only allow for multiple image tasks to be handled within the same algorithmic framework93

but also make multitask integration and general-purpose image processing possible. Researchers94

have once again embraced the vision of intelligent image processing, and constructing a “software95

employee” capable of handling all tasks by unifying image processing tasks seems to have become a96

feasible direction. This position paper focuses on the core challenges of realizing this vision and the97

approaches to overcome them.98

Specifically, an intelligent image processing system, a “software employee”, needs to possess
at least the following core capabilities:
• Generality: The system should be able to handle a wide range of diverse tasks without

requiring separate models for each one, nor relying on extensive domain-specific training
data or explicit task-specific instructions.

• Autonomous: The system should minimize reliance on user operations and supervision. It
demonstrates proactivity by leveraging prior experience to explore new strategies without
requiring explicit instructions.

• Intelligence: The system can adaptively adjust its processing strategies based on the semantic
content and quality of the input, and user instructions. The system should demonstrate its
intelligence and complexity in the processing workflow or in the final outcomes.

• User Interaction and Feedback: The system should facilitate clear, continuous, and user-
friendly communication.

• Self-Evolution and Creativity: The system should generate meaningful and innovative
solutions, going beyond straightforward problem-solving to provide novel approaches,
insights, or outputs that showcase originality. Additionally, the system can continuously
evolve and learn from new data, experiences, and user interactions.

99

2.2 Why Intelligent Image Processing is Challenging?100

However, the current mainstream research paradigm, which centers around the development of deep101

learning models, struggles to align with the aforementioned vision.102

The Challenge of Achieving Generality. Unlike high-level image understanding tasks, image103

processing tasks have both input and output as images that require precise pixel-level correspondence.104

The information needed for image processing tasks is not as specific as in image understanding. In105

image understanding, the model abstracts the image, extracts main features, and aligns them with106

semantics expressible in human terms. Although we hope that advanced deep networks for image107

processing can also learn the “semantics” of images, it is challenging to accurately describe local108

image details semantically. In fact, image processing networks do not learn semantics [19, 37, 22]109

but instead learn certain image transformations and overfit to training degradations [20, 39]. This is110

determined by the training paradigm of deep image processing models. Therefore, essentially, current111

image processing networks are not intelligent.112

This leads to the next issue: the differences between various image processing tasks are also distinct113

from other types of tasks. Generally speaking, a specific image transformation or degradation can114

define an entirely new task. The differences between image transformations or degradations can be115

very subtle, and they can also be compounded to create almost unlimited types of transformations or116

degradations, resulting in virtually infinite image processing tasks. Due to deep models overfitting117

to the training set [8], tasks beyond the training scope cannot be well addressed [38]. This greatly118

limits the ability of current image processing methods to solve general problems. Worse yet, because119

collecting training images in the real world is extremely difficult, most research can only train on120

synthetic data, which further leads to generalization issues in practical applications.121

Some methods attempt to include as many tasks as possible in the training set and train a sufficiently122

large model to achieve generality for common tasks [31, 11], even hoping that increasing the number123

of tasks will enable the network to generalize. However, these models have been proven to have a124

trade-off between the range of tasks and processing performance [66]. It’s challenging to expand125
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the task range while keeping image processing performance from significantly declining. All these126

issues make constructing image processing systems with general capabilities highly challenging.127

The Challenge of Developing Intelligence. Beyond the requirements of generality, we are increas-128

ingly emphasizing the intelligence these image processing systems exhibit. Firstly, we hope that129

image processing systems can explicitly perceive image content and perform targeted processing130

based on that content. For example, generating corresponding fur on animals or inferring and com-131

pleting blurry or missing objects. Existing research indicates that end-to-end supervised deep image132

processing models do not possess this characteristic [37], but methods based on pre-trained generative133

models have demonstrated related capabilities and have thus achieved good results [62]. Secondly,134

we expect intelligent image processing systems to adaptively adjust processing strategies based on135

different input types or qualities, and even have the ability to make complex decisions based on136

specific image content. For instance, the system can automatically select the optimal denoising,137

enhancement, or restoration methods according to the image’s resolution, lighting conditions, or138

noise levels. Additionally, we hope that image processing systems can dynamically understand users’139

complex needs. Currently, users need to select tools and set parameters based on their own expertise140

before obtaining results; this process does not reflect the system’s intelligence. An intelligent system141

can accept user feedback or instructions to make dynamic adjustments in subsequent processing.142

These requirements have been mentioned to varying degrees in image processing research, but none143

have been explored in depth.144

The Challenge of Balancing Autonomy, User Interaction, and Creativity. Existing approaches145

often fall into two extremes. On one hand, fully autonomous methods – such as end-to-end models146

– can quickly complete tasks but tend to overlook subtle user preferences, resulting in a rigid,147

one-size-fits-all automation. Automatic denoising may eliminate intentionally added artistic grain,148

and style transfer algorithms can homogenize diverse creative visions. Given the broad range and149

complex demands of image processing tasks, achieving consistently high-quality results proves150

challenging with these models. The end result is that people still need to pick and combine the results151

of different models, thus losing this automaticity. On the other hand, heavily manual interfaces152

impose a significant technical burden on users. Professional software like Photoshop requires153

extensive manual intervention and expert knowledge, which conflicts with the goals of ease of use154

and accessibility. Moreover, many existing approaches rely on single-model solutions with limited155

interactivity; more semantic, higher-level, and varied interaction mechanisms are needed to facilitate156

seamless communication between the user and the system.157

Furthermore, existing methods also struggle to foster genuine creativity. Here, “creativity” goes158

beyond generating novel content via generative models [62]; it also involves discovering innovative159

ways to repurpose existing tools and deepening our understanding of them. As image processing160

evolves from mere technical correction into a creative medium, bridging this gap demands systems161

that not only “see” the pixels but also interpret the cultural, emotional, and contextual layers – a162

frontier that remains largely unexplored in current technology.163

3 What is AI Agent?164

An agent is a program designed to achieve its goals by perceiving the environment and interacting165

with it through available tools. These agents can operate autonomously without human intervention166

and proactively work towards their objectives [17, 34, 56]. From a design perspective, agent-167

based systems naturally fulfill our demand for automation. The various image processing models168

we develop can be regarded as tools of different scales and purposes, while the agent acts as169

the “coordinator” that actively orchestrates these tools, as shown in Figure 1 left. Early agent170

programs largely relied on symbolic methods [17] and reinforcement learning [24, 46, 63]. In171

recent years, however, agent systems powered by Large Language Models (LLMs) have achieved172

transformative progress [58, 7]. By training on massive text corpora through next-token prediction,173

LLMs demonstrate powerful knowledge transfer and logical reasoning abilities [4, 41, 1, 47, 25, 15],174

showcasing considerable potential in complex reasoning [51, 30], step-by-step planning [57, 58], and175

domain-specific knowledge applications [40, 21]. Compared to traditional reinforcement learning176

agents, LLM-based agents maintain long-term planning and simultaneously leverage broad general177

knowledge, thereby exhibiting more human-like cognitive characteristics [1]. From a cognitive178

standpoint, the fundamental responses of an LLM can be likened to “System 1,” characterized by179

rapid, automatic thinking, whereas more advanced composite agent systems emulate “System 2,”180
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which involves deliberate, reflective reasoning [57, 35, 28]. Recent research has explored diverse181

agent architectures that enhance LLM-based problem-solving through structured mechanisms [43, 49]182

– such as tree- or graph-based search strategies [2, 57], external tool integration [44, 52], memory183

retrieval systems [70, 42], and error-driven learning processes [45, 58]. By combining an LLM’s184

reasoning capabilities with structured problem-solving frameworks, these approaches show strong185

potential for tackling complex tasks [16].186

Notably, pioneering efforts have employed LLM agents across various domains, all striving to create187

automated systems capable of proactively tackling a broad spectrum of challenges, aligning with188

the vision outlined in this position paper. For instance, frameworks like HuggingGPT [44] and189

Visual ChatGPT [44] leverage LLMs as multi-modal task controllers, integrating them with model190

libraries to decompose and solve diverse tasks; frameworks like OctoPack integrate LLMs with191

specialized toolsets, achieving significant performance gains in fields like medical image processing192

[40]. Advancements have also highlighted the effectiveness of LLM agents in tackling complex image193

processing tasks, achieving remarkable results [69, 9]. These advancements collectively highlight the194

transformative potential of LLM-based agents in addressing complex multi-modal challenges.195

4 Agentic Image Processing System196

The initial step toward agentic image processing involves acknowledging the fundamental reality that,197

regardless of how advanced your image processing model is, carefully chosen preprocessing,198

postprocessing, or application-specific techniques/tricks can often enhance its performance.199

For instance, certain severe degradations cannot be fully restored by a single pass through an image200

restoration model; applying the model iteratively to its own outputs can yield further improvements.201

Additionally, some degradations may lie beyond the training scope of the model, and introducing202

deliberate additional blurring before restoration can significantly mitigate these challenging cases.203

There exist numerous possibilities for such operations, and in practical applications, users frequently204

leverage these techniques to maximize performance.205

4.1 Paradigms of Current Image Processing System206

While this paper is the first to advocate for the construction of an agentic system to address challenges207

in intelligent image processing, traces of agentic thinking have already emerged, to varying degrees,208

in previous studies. We begin by examining the embodiment of agentic concepts behind the design of209

existing methods, adopting a perspective that progresses from simple to complex. Figure 3 provides a210

schematic illustration of these paradigms, offering a visual aid for better understanding.211

End-to-End models are the most common paradigm in image processing research. Given an input, an212

end-to-end model produces a corresponding output. This category encompasses optimization-based,213

filter-based, and deep network models, with a focus on end-to-end deep network models for intelligent214

models. The standard approach involves collecting images that need processing along with their215

corresponding target images to form training image pairs, and then training the image processing216

model on this basis. This paradigm is the least agentic, and due to the following reasons, it has217

limitations in terms of generality and intelligence: Due to the limitations discussed in Sec. 2, no218

single model can simultaneously achieve both broad image processing capabilities and outstanding219

results. If a model is designed to be sufficiently “general,” it will inevitably come at the cost of220

reduced performance on specific tasks.221

Pipeline paradigm typically decomposes complex and difficult-to-model-at-once image processing222

problems into multiple independent processing steps. The main advantage of this approach is that it223

can effectively break down complex tasks into more manageable subtasks, allowing for the creation224

of new tasks through the combination of a limited number of image processing/operations [5, 3].225

The modular design also equips the pipeline paradigm with high flexibility and scalability, enabling226

the system to be adjusted and updated according to specific needs. This makes it convenient to227

integrate new technologies or algorithms into the existing framework. For example, users can directly228

replace the denoising step with the latest denoising algorithm without redesigning the entire pipeline.229

Pipeline design is a typical idea of people to solve complex problems by combining simple tools.230

Although pipeline models have advantages in handling complex tasks, their agentic level is still231

relatively low because each step is pre-defined based on practical applications and is difficult to adjust232
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Figure 2: How image processing systems can embody different levels of agentic to enhance their
generality and intelligence.

according to the diversity of inputs. Moreover, pipeline models often rely heavily on manual design,233

as the task decomposition and execution order within the pipeline significantly impact the results234

[63, 9, 69]. Therefore, they are used for specialized solutions to specific real-world problems rather235

than aiming for pursuing generality or higher levels of intelligence. However, by integrating different236

steps, the pipeline approach expands the application boundaries of image processing algorithms. This237

characteristic is a core advantage that agentic image processing systems can leverage.238

Mixture-of-Experts (MoE) is another paradigm that broadens the task range of image processing239

systems and enhances performance by integrating the capabilities of multiple models. A single240

model is constrained by the trade-off between task coverage and processing effectiveness, making it241

difficult to efficiently handle each individual task while covering a large number of tasks. Similar242

phenomena have been observed in other large-scale model practices [6, 13, 12, 26]. To overcome243

these limitations, MoE typically introduces multiple expert models, each focusing on a specific244

task. The system dynamically selects the most suitable expert based on the input data or the task245

requirements, or combines the outputs of multiple expert models to optimize processing performance.246

This approach not only achieves a balance between task coverage and processing effectiveness but247

also allows for flexible adaptation to new tasks or improvement of performance on specific tasks by248

adjusting and replacing expert models. Therefore, MoE becomes an effective means to achieve task249

breadth while ensuring processing depth. Although MoE achieves a certain degree of agentic through250

proactive model selection, its generality and intelligence still depend on the performance of each251

expert model within the system. Since we cannot infinitely expand the number of expert systems, and252

there still exist problems that individual models cannot effectively solve, the generality of the MoE253

paradigm remains quite limited.254

Routing is a combination of the Pipeline and MoE paradigms, potentially integrating the advantages255

of both. Similar to the MoE paradigm, the routing paradigm selects corresponding processing paths256

for input images to achieve targeted processing. However, unlike MoE, the routing paradigm selects257

a Pipeline composed of multiple models to maximally expand the range of feasible tasks. In essence,258

the routing paradigm automatically devises dedicated pipelines for different input image tasks and259

invokes the corresponding models. In other words, routing makes a “plan” for each input and executes260

it [23, 63]. The routing paradigm further enhances the system’s agentic; when the decision-making261

methods are sufficiently accurate and robust, this paradigm can greatly expand the potential task262

coverage, thereby improving its generality. Since the decision-making process requires a deeper263

understanding of the images, the routing paradigm also possesses higher intelligence. However, once264

the path is determined, the outcome is already fixed. If an issue arises in an intermediate step, the265

routing approach cannot backtrack to address the problem at that specific step.266

State Machine. Building on the foundation of the routing paradigm, state machines further expand to267

allow more fine-grained control over the processing flow. Similar to routing, a state machine produces268

a complex execution plan to conduct multiple image processing steps. However, due to the complexity269

of images and the variety of image processing operations, it is often not feasible to directly determine270

an optimal plan or parameter set in one run. In contrast to routing, the most notable feature of a271

state machine is its intelligent flow control: the system can reason and autonomously decide whether272

to proceed to the next step, adopt the current result or plan, or even undo the previous operation.273

6



Deep, 
Intelligent 
Models

!

Deep, 
Intelligent 
Models

!

Deep, 
Intelligent 
Models

!

Level 0 Level 1

Level 2

Level 3

Level 4

Fixed operation/
function

AI-augmented 
operation/
function

Adaptive 
Selection

Self-evolutionReflection

Level 5

Autonomous

Deep, 
Intelligent 
Models

Adaptive  
Selecting
models / 
Planing

Reflecting/ 
Modifying 

Plans

Update 
knowledge
/ Evolving 

tasks 

Creativity

< / > Deep, 
Intelligent 
Models

! "# $%

Deep, 
Intelligent 
Models

!

Adaptive  
Selecting
models / 
Planing

#

Adaptive  
Selecting
models / 
Planing

#

Adaptive  
Selecting
models / 
Planing

#

Reflecting/ 
Modifying 

Plans

%

Reflecting/ 
Modifying 

Plans

%
Update 

knowledge
/ Evolving 

tasks 
"

Image Filters

Rule-based 
methods

End-to-end 
Deep Models

Mixture-of-
Experts

Routing

State Machine

Considered as “Agentic”

Figure 3: Levels of agentic capability in image processing systems, illustrating the progression from
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Essentially, the process by which humans solve problems can also be viewed as a highly flexible274

state machine. Some pioneering studies have already adopted this paradigm to build intelligent agent275

systems, demonstrating their remarkable intelligence and potential [69, 9, 36].276

4.2 Characteristics of an Agentic System277

Based on the above analysis, several core design principles of agentic thinking are already present in278

prior works to varying degrees. To further advance this approach, we summarize below the potential279

features of an agentic system – features that can significantly improve the system’s intelligence,280

generality, and ease of use:281

• Proactive and Autonomous Problem-Solving: An agentic system autonomously senses challenges,282

explores different models and methods, and dynamically adjusts strategies without relying on283

further human instructions. This allows for flexible and efficient image processing even in complex284

scenarios.285

• Integration of Multiple Models/Tools: Rather than depending on a single model for complex image286

processing tasks, an agentic system can strategically combine multiple models or tools according287

to the specific task requirements or image characteristics. Even “all-in-one” large models can be288

combined with other operations or models to broaden coverage and improve performance.289

• Adaptive, Context-Aware Strategies: An agentic system tailors its processing strategy based on the290

specific content or characteristics of the input image instead of applying a fixed pipeline. In other291

words, the system reasons about the image to make informed decisions.292

• Modular Architecture: An agentic system often consist of multiple functional modules that work293

together – commonly including Perception, Reasoning, Action, and Reflection. Data and results294

flow through these modules, forming a coherent and synergistic workflow.295

• Easy Extensibility: An agentic system should be readily extensible, allowing new features, tools296

or modules to be added without large-scale retraining or constructing massive new datasets. This297

flexibility enables the system to adapt to evolving requirements more effectively.298

• Continuous Reflection and Improvement: An agentic system incorporates reflection mechanisms299

to evaluate and refine their performance. This iterative learning process ensures the system can300

leverage real-world usage data for sustained improvement over time.301
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4.3 Levels of Agentic in Image Processing302

It is clear that “agentic” is not a binary concept but rather exists on a continuum. Drawing inspiration303

from the levels of autonomous driving [29], we propose a reference framework for classifying the304

agentic levels of image processing systems into six tiers, as shown in Figure 2. These levels reflect305

different characteristics that such systems may exhibit:306

• Level 0 (Fixed operation/function). Methods at this level only provide basic, fixed trans-307

formations and processes. Regardless of the input image, they perform operations strictly308

according to predefined rules, such as filter-based or rule-based transformations. This stage309

exhibits almost no intelligence or generality.310

• Level 1 (AI-augmented operation/function). While still focused on specific tasks, systems311

at this level go beyond simple rules by incorporating complex patterns learned through deep312

learning or other data-driven approaches. Although their performance surpasses Level 0, they313

remain limited in generalization.314

• Level 2 (Adaptive Selection). Starting from this level, image processing systems no longer315

rely on a single model or tool. Instead, they can adaptively select and integrate different316

models, thus expanding the range of tasks they can handle. The ability to choose different317

processing strategies based on the input image demonstrates a certain degree of intelligence.318

• Level 3 (Reflection). This level introduces more freedom in workflow control and the ability319

to reflect on output results, allowing systems to flexibly adjust strategies and processes.320

Through reflection and iterative adjustments, systems at this level can tackle a wider variety of321

problems.322

• Level 4 (Self-evolution). At this level, agentic surpasses what fixed architectures can achieve.323

Systems can continuously learn and evolve from large amounts of data and experience,324

distilling new knowledge to solve previously unsolvable problems. They may even modify or325

advance their own workflows.326

• Level 5 (Fully Autonomous). At the highest level, agents can execute image processing327

tasks autonomously without user intervention. In addition to incorporating all capabilities of328

the previous levels, they possess a degree of creativity, enabling innovative problem-solving329

approaches (e.g. discovering new tricks that the people who created the agent don’t know330

about.). As a result, they can potentially replace human experts and approach a form of331

artificial general intelligence (AGI).332

4.4 The Role of LLMs333

Incorporating agentic design enables greater autonomy and adaptability. Current image processing334

paradigms can partially fulfill these objectives if designed with sufficient complexity (e.g., approaches335

based on reinforcement learning [23] or expert systems [64]). However, due to the inherent complexity336

of image processing tasks and the ambiguity of their descriptions, existing paradigms struggle to337

further develop and leverage agentic capabilities. LLMs have demonstrated strong adaptability when338

dealing with open-domain problems.339

When an agent autonomously tackles complex tasks, it often faces numerous scenarios arising340

from the interplay of diverse factors. Given the complexity of image processing systems, these341

scenarios cannot be easily summarized or handled with simple rules. Traditional methods rely on342

predefined rules and features, which become insufficient in the face of combinatorial explosions.343

In contrast, LLMs can perform language-based reasoning and planning for each situation, offering344

remarkable generalization capabilities. Through this reasoning mechanism, abstract and unstructured345

demands can be mapped to specific image processing models or tools and translated into executable346

steps. Moreover, the workflow can be dynamically adjusted based on real-time feedback – for347

instance, rolling back or modifying the previous step. LLMs may even derive innovative new model348

combinations.349

In a multi-modal setting, LLMs further provide the system with an “intelligent eye,” enabling it to350

extract semantic information at multiple levels from abstract visual signals, far beyond what non-LLM351

approaches can achieve [61, 60, 53, 59]. Finally, natural language dialogue has proven to be an352

efficient and user-friendly channel for interaction. By employing LLMs, the system can engage in353

more flexible conversations with users, offer feedback, and accept instructions, thereby significantly354

enhancing both usability and extensibility.355
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5 Core Problems Demanding Further Study356

Building intelligent agentic systems is a novel direction with many core challenges that require357

in-depth exploration. We analyze key issues that warrant attention in future research. Due to space358

constraints, we focus on two potential directions here and discuss additional topics in the appendix.359

5.1 Cognitive Architecture of Image Processing360

!
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Figure 4: Cognitive architecture for image
processing systems, illustrating the iterative
process of perception, scheduling, execution,
reflection, and rescheduling to achieve satis-
factory results.

The foundation for building more complex agentic361

systems lies in designing their overall cognitive ar-362

chitecture1. A cognitive architecture refers to how363

the system “thinks” – in other words, the flow of code,364

prompts, and LLM calls that accept user input and ex-365

ecute operations or generate responses. Designing a366

cognitive architecture involves contemplating the ab-367

stract processes by which an intelligent agent solves368

problems at different levels. It’s the methodology an369

agent uses to address a certain class of problems.370

To facilitate understanding, we can start with the371

abstracted process of humans performing image pro-372

cessing or PhotoShop editing tasks. Figure 4 illus-373

trates an example of a personified cognitive architec-374

ture for an image processing system, which is also375

the architecture used by Zhu et al. [69] and Chen et376

al. [9]. In this architecture, the interaction between the system and tools is abstracted into five stages:377

Perception, Scheduling, Execution, Reflection, and Rescheduling. Specifically, the Perception378

stage acts as the agent’s “eyes,” extracting necessary information from the input image. The Schedul-379

ing stage functions like the “brain,” making judgments and formulating plans based on the acquired380

information and existing knowledge. The Execution stage represents “action,” carrying out specific381

operations according to the plan. The Reflection stage evaluates whether the intermediate results382

meet expectations. If they do, the agent proceeds with subsequent plans; if not, the Rescheduling383

stage considers the failed results and modifies the original plan.384

However, this intuitive cognitive architecture still leaves much room for improvement in the archi-385

tectural research of image processing agent systems. For instance, for more specific problems, how386

should we design their cognitive architectures to meet the need for more refined control? For tasks387

requiring higher generality, how can we abstract a sufficiently general process to encompass a wider388

range of possible tasks? How can we systematically explore, distill, and abstract human problem-389

solving strategies into foundational principles for designing cognitive architectures? Furthermore,390

how can we create a cognitive architecture that surpasses human limitations, optimized specifically391

for intelligent image processing agent systems?392

5.2 More Problems Demanding Further Study393

Due to space limitations, we discuss four additional topics in the appendix: Image Quality Assessment394

and Content Analysis, Knowledge Acquisition and Infusion, Human-Computer Interaction in Agentic395

Systems, and Exploitative Learning, Self-Evolution & Creativity.396

6 Conclusion397

The evolution from task-specific models to agentic image processing systems marks a fundamental398

shift in addressing real-world complexity through dynamic tool orchestration rather than monolithic399

architectures. By embedding human-like adaptive reasoning into operational frameworks, such400

systems transcend current generalization limits while preserving specialized model strengths.401

1The term “cognitive architecture” has a rich history in neuroscience and computational cognitive science.
It refers both to theories about the structure of human thought and to computational implementations of these
theories. Here, we borrow this concept but do not specifically refer to its original meaning.
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Appendix595

A More Problems Demanding Further Study596

A.1 Image Quality Assessment and Content Analysis597

Regardless of how we design our cognitive architecture, certain fundamental capabilities are in-598

dispensable. Among these, the recognition, analysis, and evaluation of image content and quality599

are essential. In Figure 4, the Perception and Reflection stages are related to this capability; they600
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serve as the “eyes” of the image processing agentic system. Historically, image content recognition601

[48] and image quality assessment [27, 18] have been independent research fields, separate from602

image processing models, each with its own methods and objectives. However, from the research603

perspective of agentic systems, we impose higher demands on them.604

For image content recognition, we need to consider its robustness under different image qualities605

and special circumstances. The recognized content must be designed with finer granularity to meet606

the specific needs of image processing, rather than being overly abstract like high-level vision tasks.607

Regarding image quality assessment, we cannot limit ourselves to evaluating a single “score.” Models608

need to be more intelligent, performing fine-grained image quality analysis, determining types of609

distortion, and assessing the quality of intermediate results. The decisions of the entire agentic system610

largely depend on the accuracy and intelligence of this pair of “eyes.”611

Thanks to the development of multi-modal language models, a number of tools have now begun612

to demonstrate this capability [61, 60, 53, 54, 55]. Utilizing language models, these methods can613

describe image content, analyze image quality, evaluate the pros and cons of different image qualities,614

and provide judgments based on quality. These methods have already been applied in early research615

on agent-based image processing systems, showcasing their potential. However, the intelligence and616

accuracy of these methods still have a significant gap compared to large-scale practical applications.617

A.2 Knowledge Acquisition and Infusion618

After discussing the “eyes,” let’s turn to the “brain.” As previously analyzed, the planning and619

decision-making abilities in intelligent agentic systems mainly stem from language models, which620

base their decisions on general knowledge learned from large volumes of text training data. Only621

when a language model has encountered problems and knowledge related to image processing during622

training can it be expected to make accurate judgments in the system; otherwise, the language model623

may struggle to provide reliable predictions. However, pre-trained language models usually contain624

only the most basic knowledge. If we want an image processing system to perform more specific and625

precise tasks, we need to supply the language model with the necessary knowledge. This involves626

two issues: the acquisition of knowledge and the injection of knowledge.627

Firstly, acquiring such knowledge is non-trivial, and the method of injecting this knowledge into628

the system depends heavily on how it is represented. Image processing involves not only a large629

amount of conceptual and systematic knowledge but also a wealth of experience-based and case-based630

knowledge. This kind of knowledge is difficult to abstract into rules and usually exists in the form of631

case studies. Early attempts mainly employed two methods. Chen et al. [9] collected a series of input632

images along with corresponding instruction-output training data to implicitly carry a large amount633

of knowledge and information. The trained model then has the ability to handle similar problems.634

However, the drawbacks of this method are evident: firstly, collecting a large amount of high-quality635

training data requires substantial resources and is both costly and difficult. Secondly, the model636

lacks scalability; adding new knowledge requires retraining the model. Additionally, fine-tuning the637

language model may compromise its general capabilities.638

In contrast, Zhu et al. [69] rely on the reasoning ability of an unmodified language model and provide639

a reference “manual.” This method of supplying knowledge is known as Retrieval-Augmented640

Generation [33]. They first use the language model to summarize a large amount of scattered case641

information into knowledge that can be described linguistically. When solving actual problems,642

they provide the relevant content together. The language model utilizes its zero-shot learning and643

contextual inference capabilities to complete tasks based on the provided information. The advantage644

of this method is that it does not fine-tune the model, avoiding the loss of general performance, and645

the model still possesses strong reasoning and understanding abilities. However, its drawbacks lie646

in the difficulty of accurately describing professional knowledge in language. Moreover, quickly647

retrieving relevant information from a vast amount of knowledge is not easy, and it also places high648

demands on the design of the cognitive architecture.649

In this area, we currently have only very preliminary results. The exploration, acquisition, representa-650

tion, and injection of prior knowledge in image processing will become the core research topics of651

image processing agent systems.652
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A.3 Human-Computer Interaction in Agentic System653

Agentic systems’ multi-step operational paradigms, randomness, and natural language interfaces654

introduce new challenges in human-computer interaction. Currently, the primary way to interact655

with intelligent agent systems is through “chatting,” where the system communicates its thoughts656

and actions in a conversational manner. However, we need new interaction methods to meet higher657

demands.658

We must provide users with visibility into what the agent is doing by displaying all the steps it takes,659

allowing users to observe and understand the ongoing processes. Simultaneously, users should be660

able to give the agent more fine-grained and explicit instructions to control its behavior more precisely.661

Moreover, users should not only see what is happening but also have the ability to correct the agent.662

If they discover that the agent made an incorrect choice at step four (out of ten), they should be able663

to return to that step, correct the agent in some manner, and then proceed with the execution. The664

ultimate goal is to achieve collaboration between the agent and the user, enabling them to complete665

tasks together effectively.666

A.4 Exploitative Learning, Self-Evolution & Creativity667

The development of agentic systems has opened up new horizons in the fields of exploitative learning,668

self-evolution, and creativity. These concepts are crucial for advancing intelligent systems, enabling669

them to autonomously adapt, improve, and innovate over time without explicit human intervention,670

achieving higher levels of automation and agency as depicted in Figure 3.671

Exploitative learning refers to the agent itself taking the initiative to determine the methods and672

content of knowledge acquisition within certain limits. The work of Chen et al. [10] embodies the673

prototype of this idea: they presented many experimental results to the agent, and the agent selected674

valuable content from them to learn. In some cases, the agent could even take some unconventional675

actions to acquire new knowledge through interaction with the world.676

Self-evolution is the agent’s ability to develop its own algorithms and strategies over time. This not677

only involves learning from data but also enables the agent to continuously improve itself based on678

its processing results, learning from past cases. Through iterative self-assessment and refinement, the679

agent gradually enhances its performance and may even modify its underlying processes to better680

adapt to changing environments or objectives.681

Creativity in agent systems goes beyond mere problem-solving; it includes generating new ideas,682

methods, or outputs that are both original and valuable. This involves not only developing unique683

approaches to tackle complex image processing challenges that standard algorithms cannot handle,684

but also creatively generating content such as artistic transformations, stylizations, or entirely new685

visual effects.686

These are grand visions under higher levels of agency and autonomy. At this stage, exploration of687

these issues is still quite limited. This paper serves only as an introduction to envisioning these higher688

levels of intelligence.689
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NeurIPS Paper Checklist690

The checklist is designed to encourage best practices for responsible machine learning research,691

addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove692

the checklist: The papers not including the checklist will be desk rejected. The checklist should693

follow the references and follow the (optional) supplemental material. The checklist does NOT count694

towards the page limit.695

Please read the checklist guidelines carefully for information on how to answer these questions. For696

each question in the checklist:697

• You should answer [Yes] , [No] , or [NA] .698

• [NA] means either that the question is Not Applicable for that particular paper or the699

relevant information is Not Available.700

• Please provide a short (1–2 sentence) justification right after your answer (even for NA).701

The checklist answers are an integral part of your paper submission. They are visible to the702

reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it703

(after eventual revisions) with the final version of your paper, and its final version will be published704

with the paper.705

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.706

While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a707

proper justification is given (e.g., "error bars are not reported because it would be too computationally708

expensive" or "we were unable to find the license for the dataset we used"). In general, answering709

"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we710

acknowledge that the true answer is often more nuanced, so please just use your best judgment and711

write a justification to elaborate. All supporting evidence can appear either in the main paper or the712

supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification713

please point to the section(s) where related material for the question can be found.714

IMPORTANT, please:715

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",716

• Keep the checklist subsection headings, questions/answers and guidelines below.717

• Do not modify the questions and only use the provided macros for your answers.718

1. Claims719

Question: Do the main claims made in the abstract and introduction accurately reflect the720

paper’s contributions and scope?721

Answer: [Yes]722

Justification: The main claims made in the abstract and introduction accurately reflect the723

paper’s contributions and scope.724

Guidelines:725

• The answer NA means that the abstract and introduction do not include the claims726

made in the paper.727

• The abstract and/or introduction should clearly state the claims made, including the728

contributions made in the paper and important assumptions and limitations. A No or729

NA answer to this question will not be perceived well by the reviewers.730

• The claims made should match theoretical and experimental results, and reflect how731

much the results can be expected to generalize to other settings.732

• It is fine to include aspirational goals as motivation as long as it is clear that these goals733

are not attained by the paper.734

2. Limitations735

Question: Does the paper discuss the limitations of the work performed by the authors?736

Answer: [Yes]737
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Justification: The paper discusses the limitations of the work.738

Guidelines:739

• The answer NA means that the paper has no limitation while the answer No means that740

the paper has limitations, but those are not discussed in the paper.741

• The authors are encouraged to create a separate "Limitations" section in their paper.742

• The paper should point out any strong assumptions and how robust the results are to743

violations of these assumptions (e.g., independence assumptions, noiseless settings,744

model well-specification, asymptotic approximations only holding locally). The authors745

should reflect on how these assumptions might be violated in practice and what the746

implications would be.747

• The authors should reflect on the scope of the claims made, e.g., if the approach was748

only tested on a few datasets or with a few runs. In general, empirical results often749

depend on implicit assumptions, which should be articulated.750

• The authors should reflect on the factors that influence the performance of the approach.751

For example, a facial recognition algorithm may perform poorly when image resolution752

is low or images are taken in low lighting. Or a speech-to-text system might not be753

used reliably to provide closed captions for online lectures because it fails to handle754

technical jargon.755

• The authors should discuss the computational efficiency of the proposed algorithms756

and how they scale with dataset size.757

• If applicable, the authors should discuss possible limitations of their approach to758

address problems of privacy and fairness.759

• While the authors might fear that complete honesty about limitations might be used by760

reviewers as grounds for rejection, a worse outcome might be that reviewers discover761

limitations that aren’t acknowledged in the paper. The authors should use their best762

judgment and recognize that individual actions in favor of transparency play an impor-763

tant role in developing norms that preserve the integrity of the community. Reviewers764

will be specifically instructed to not penalize honesty concerning limitations.765

3. Theory assumptions and proofs766

Question: For each theoretical result, does the paper provide the full set of assumptions and767

a complete (and correct) proof?768

Answer: [NA]769

Justification: No theory.770

Guidelines:771

• The answer NA means that the paper does not include theoretical results.772

• All the theorems, formulas, and proofs in the paper should be numbered and cross-773

referenced.774

• All assumptions should be clearly stated or referenced in the statement of any theorems.775

• The proofs can either appear in the main paper or the supplemental material, but if776

they appear in the supplemental material, the authors are encouraged to provide a short777

proof sketch to provide intuition.778

• Inversely, any informal proof provided in the core of the paper should be complemented779

by formal proofs provided in appendix or supplemental material.780

• Theorems and Lemmas that the proof relies upon should be properly referenced.781

4. Experimental result reproducibility782

Question: Does the paper fully disclose all the information needed to reproduce the main ex-783

perimental results of the paper to the extent that it affects the main claims and/or conclusions784

of the paper (regardless of whether the code and data are provided or not)?785

Answer: [NA]786

Justification: No experiments787

Guidelines:788

• The answer NA means that the paper does not include experiments.789
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• If the paper includes experiments, a No answer to this question will not be perceived790

well by the reviewers: Making the paper reproducible is important, regardless of791

whether the code and data are provided or not.792

• If the contribution is a dataset and/or model, the authors should describe the steps taken793

to make their results reproducible or verifiable.794

• Depending on the contribution, reproducibility can be accomplished in various ways.795

For example, if the contribution is a novel architecture, describing the architecture fully796

might suffice, or if the contribution is a specific model and empirical evaluation, it may797

be necessary to either make it possible for others to replicate the model with the same798

dataset, or provide access to the model. In general. releasing code and data is often799

one good way to accomplish this, but reproducibility can also be provided via detailed800

instructions for how to replicate the results, access to a hosted model (e.g., in the case801

of a large language model), releasing of a model checkpoint, or other means that are802

appropriate to the research performed.803

• While NeurIPS does not require releasing code, the conference does require all submis-804

sions to provide some reasonable avenue for reproducibility, which may depend on the805

nature of the contribution. For example806

(a) If the contribution is primarily a new algorithm, the paper should make it clear how807

to reproduce that algorithm.808

(b) If the contribution is primarily a new model architecture, the paper should describe809

the architecture clearly and fully.810

(c) If the contribution is a new model (e.g., a large language model), then there should811

either be a way to access this model for reproducing the results or a way to reproduce812

the model (e.g., with an open-source dataset or instructions for how to construct813

the dataset).814

(d) We recognize that reproducibility may be tricky in some cases, in which case815

authors are welcome to describe the particular way they provide for reproducibility.816

In the case of closed-source models, it may be that access to the model is limited in817

some way (e.g., to registered users), but it should be possible for other researchers818

to have some path to reproducing or verifying the results.819

5. Open access to data and code820

Question: Does the paper provide open access to the data and code, with sufficient instruc-821

tions to faithfully reproduce the main experimental results, as described in supplemental822

material?823

Answer: [NA]824

Justification: No experiments.825

Guidelines:826

• The answer NA means that paper does not include experiments requiring code.827

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/828

public/guides/CodeSubmissionPolicy) for more details.829

• While we encourage the release of code and data, we understand that this might not be830

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not831

including code, unless this is central to the contribution (e.g., for a new open-source832

benchmark).833

• The instructions should contain the exact command and environment needed to run to834

reproduce the results. See the NeurIPS code and data submission guidelines (https:835

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.836

• The authors should provide instructions on data access and preparation, including how837

to access the raw data, preprocessed data, intermediate data, and generated data, etc.838

• The authors should provide scripts to reproduce all experimental results for the new839

proposed method and baselines. If only a subset of experiments are reproducible, they840

should state which ones are omitted from the script and why.841

• At submission time, to preserve anonymity, the authors should release anonymized842

versions (if applicable).843
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• Providing as much information as possible in supplemental material (appended to the844

paper) is recommended, but including URLs to data and code is permitted.845

6. Experimental setting/details846

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-847

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the848

results?849

Answer: [NA]850

Justification: No experiments851

Guidelines:852

• The answer NA means that the paper does not include experiments.853

• The experimental setting should be presented in the core of the paper to a level of detail854

that is necessary to appreciate the results and make sense of them.855

• The full details can be provided either with the code, in appendix, or as supplemental856

material.857

7. Experiment statistical significance858

Question: Does the paper report error bars suitably and correctly defined or other appropriate859

information about the statistical significance of the experiments?860

Answer: [NA]861

Justification: No experiments862

Guidelines:863

• The answer NA means that the paper does not include experiments.864

• The authors should answer "Yes" if the results are accompanied by error bars, confi-865

dence intervals, or statistical significance tests, at least for the experiments that support866

the main claims of the paper.867

• The factors of variability that the error bars are capturing should be clearly stated (for868

example, train/test split, initialization, random drawing of some parameter, or overall869

run with given experimental conditions).870

• The method for calculating the error bars should be explained (closed form formula,871

call to a library function, bootstrap, etc.)872

• The assumptions made should be given (e.g., Normally distributed errors).873

• It should be clear whether the error bar is the standard deviation or the standard error874

of the mean.875

• It is OK to report 1-sigma error bars, but one should state it. The authors should876

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis877

of Normality of errors is not verified.878

• For asymmetric distributions, the authors should be careful not to show in tables or879

figures symmetric error bars that would yield results that are out of range (e.g. negative880

error rates).881

• If error bars are reported in tables or plots, The authors should explain in the text how882

they were calculated and reference the corresponding figures or tables in the text.883

8. Experiments compute resources884

Question: For each experiment, does the paper provide sufficient information on the com-885

puter resources (type of compute workers, memory, time of execution) needed to reproduce886

the experiments?887

Answer: [NA]888

Justification: No experiments.889

Guidelines:890

• The answer NA means that the paper does not include experiments.891

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,892

or cloud provider, including relevant memory and storage.893
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• The paper should provide the amount of compute required for each of the individual894

experimental runs as well as estimate the total compute.895

• The paper should disclose whether the full research project required more compute896

than the experiments reported in the paper (e.g., preliminary or failed experiments that897

didn’t make it into the paper).898

9. Code of ethics899

Question: Does the research conducted in the paper conform, in every respect, with the900

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?901

Answer: [Yes]902

Justification: tThe research conducted in the paper conform, in every respect, with the903

NeurIPS Code of Ethics.904

Guidelines:905

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.906

• If the authors answer No, they should explain the special circumstances that require a907

deviation from the Code of Ethics.908

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-909

eration due to laws or regulations in their jurisdiction).910

10. Broader impacts911

Question: Does the paper discuss both potential positive societal impacts and negative912

societal impacts of the work performed?913

Answer: [NA]914

Justification: tThere is no societal impact of the work performed.915

Guidelines:916

• The answer NA means that there is no societal impact of the work performed.917

• If the authors answer NA or No, they should explain why their work has no societal918

impact or why the paper does not address societal impact.919

• Examples of negative societal impacts include potential malicious or unintended uses920

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations921

(e.g., deployment of technologies that could make decisions that unfairly impact specific922

groups), privacy considerations, and security considerations.923

• The conference expects that many papers will be foundational research and not tied924

to particular applications, let alone deployments. However, if there is a direct path to925

any negative applications, the authors should point it out. For example, it is legitimate926

to point out that an improvement in the quality of generative models could be used to927

generate deepfakes for disinformation. On the other hand, it is not needed to point out928

that a generic algorithm for optimizing neural networks could enable people to train929

models that generate Deepfakes faster.930

• The authors should consider possible harms that could arise when the technology is931

being used as intended and functioning correctly, harms that could arise when the932

technology is being used as intended but gives incorrect results, and harms following933

from (intentional or unintentional) misuse of the technology.934

• If there are negative societal impacts, the authors could also discuss possible mitigation935

strategies (e.g., gated release of models, providing defenses in addition to attacks,936

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from937

feedback over time, improving the efficiency and accessibility of ML).938

11. Safeguards939

Question: Does the paper describe safeguards that have been put in place for responsible940

release of data or models that have a high risk for misuse (e.g., pretrained language models,941

image generators, or scraped datasets)?942

Answer: [NA]943

Justification: tThe paper poses no such risks.944

Guidelines:945
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• The answer NA means that the paper poses no such risks.946

• Released models that have a high risk for misuse or dual-use should be released with947

necessary safeguards to allow for controlled use of the model, for example by requiring948

that users adhere to usage guidelines or restrictions to access the model or implementing949

safety filters.950

• Datasets that have been scraped from the Internet could pose safety risks. The authors951

should describe how they avoided releasing unsafe images.952

• We recognize that providing effective safeguards is challenging, and many papers do953

not require this, but we encourage authors to take this into account and make a best954

faith effort.955

12. Licenses for existing assets956

Question: Are the creators or original owners of assets (e.g., code, data, models), used in957

the paper, properly credited and are the license and terms of use explicitly mentioned and958

properly respected?959

Answer: [NA]960

Justification: The paper does not use existing assets.961

Guidelines:962

• The answer NA means that the paper does not use existing assets.963

• The authors should cite the original paper that produced the code package or dataset.964

• The authors should state which version of the asset is used and, if possible, include a965

URL.966

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.967

• For scraped data from a particular source (e.g., website), the copyright and terms of968

service of that source should be provided.969

• If assets are released, the license, copyright information, and terms of use in the970

package should be provided. For popular datasets, paperswithcode.com/datasets971

has curated licenses for some datasets. Their licensing guide can help determine the972

license of a dataset.973

• For existing datasets that are re-packaged, both the original license and the license of974

the derived asset (if it has changed) should be provided.975

• If this information is not available online, the authors are encouraged to reach out to976

the asset’s creators.977

13. New assets978

Question: Are new assets introduced in the paper well documented and is the documentation979

provided alongside the assets?980

Answer: [NA]981

Justification: The paper does not release new assets.982

Guidelines:983

• The answer NA means that the paper does not release new assets.984

• Researchers should communicate the details of the dataset/code/model as part of their985

submissions via structured templates. This includes details about training, license,986

limitations, etc.987

• The paper should discuss whether and how consent was obtained from people whose988

asset is used.989

• At submission time, remember to anonymize your assets (if applicable). You can either990

create an anonymized URL or include an anonymized zip file.991

14. Crowdsourcing and research with human subjects992

Question: For crowdsourcing experiments and research with human subjects, does the paper993

include the full text of instructions given to participants and screenshots, if applicable, as994

well as details about compensation (if any)?995

Answer: [NA]996
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Justification: The paper does not involve crowdsourcing nor research with human subjects.997

Guidelines:998

• The answer NA means that the paper does not involve crowdsourcing nor research with999

human subjects.1000

• Including this information in the supplemental material is fine, but if the main contribu-1001

tion of the paper involves human subjects, then as much detail as possible should be1002

included in the main paper.1003

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,1004

or other labor should be paid at least the minimum wage in the country of the data1005

collector.1006

15. Institutional review board (IRB) approvals or equivalent for research with human1007

subjects1008

Question: Does the paper describe potential risks incurred by study participants, whether1009

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1010

approvals (or an equivalent approval/review based on the requirements of your country or1011

institution) were obtained?1012

Answer: [NA]1013

Justification: The paper does not involve crowdsourcing nor research with human subjects.1014

Guidelines:1015

• The answer NA means that the paper does not involve crowdsourcing nor research with1016

human subjects.1017

• Depending on the country in which research is conducted, IRB approval (or equivalent)1018

may be required for any human subjects research. If you obtained IRB approval, you1019

should clearly state this in the paper.1020

• We recognize that the procedures for this may vary significantly between institutions1021

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the1022

guidelines for their institution.1023

• For initial submissions, do not include any information that would break anonymity (if1024

applicable), such as the institution conducting the review.1025

16. Declaration of LLM usage1026

Question: Does the paper describe the usage of LLMs if it is an important, original, or1027

non-standard component of the core methods in this research? Note that if the LLM is used1028

only for writing, editing, or formatting purposes and does not impact the core methodology,1029

scientific rigorousness, or originality of the research, declaration is not required.1030

Answer: [Yes]1031

Justification: We use LLM to proofreading.1032

Guidelines:1033

• The answer NA means that the core method development in this research does not1034

involve LLMs as any important, original, or non-standard components.1035

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)1036

for what should or should not be described.1037
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