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Abstract

Image restoration is shifting from fixed inference pipelines towards systems that diagnose degrada-
tion, choose tools, assess intermediate results, and revise their actions. However, the term “agentic”
currently spans architectures with different control mechanisms and evaluation assumptions. We
review representative studies published from 2018 to 2026 and offer a controller-centred synthesis
of agentic image restoration (AIR). Our perspective separates four functional components, percep-
tion, decision, action, and reflection or memory, from five controller families: reinforcement learning,
prompt conditioning, multimodal large language model tool use, memory-augmented planning, and
multi-agent coordination. Evidence from photography, autonomous driving, medical reconstruc-
tion, remote sensing, and microscopy shows that controller comparisons are often confounded by
incompatible degradations, tool pools, feedback signals, and budgets. We therefore pair the taxonomy
with protocol-aware reporting priorities for output quality, downstream utility, execution cost, failure
recovery, and provenance. This framework clarifies the boundary between conditioned restoration
and autonomous control, identifies unresolved evaluation gaps, and provides a practical map for
developing reliable and auditable AIR systems.

Keywords: agentic image restoration; Al agents; multimodal large language models; reinforcement
learning; memory-augmented agents; multi-agent systems

1. Introduction

Image restoration supports photography, autonomous perception, medical imaging, remote
sensing, and scientific measurement. It estimates a latent image x from a degraded observation

y =D(x;5) +n, (1)

where D represents acquisition or environmental degradation, # its parameters, and n measurement
noise. We use restoration broadly to include degradation removal, reconstruction, super-resolution,
and quality enhancement.

Classical priors and modern neural networks have substantially improved restoration
quality [1-7]. Most systems nevertheless execute a predetermined inference procedure. Prompt-
conditioned models such as PromptIR and InstructIR adapt internal features, but their standard
implementations do not evaluate external tool sequences or revise failed plans [8,9]. This distinction
matters under composite or changing degradations, where the correct operation and its order may be
unknown.

Agentic image restoration (AIR) adds runtime control to the restoration pipeline. A controller can
diagnose degradation, select and sequence tools, inspect intermediate results, and revise its actions
or memory [10-12]. These capabilities appear in different combinations, and the term “agentic” is
consequently applied to systems with substantially different control structures.
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Figure 1 distinguishes fixed mapping, prompt conditioning, and closed-loop restoration. The
defining feature of AIR is not model size or iterative computation alone. It is an observable decision
process that connects perception, action, feedback, and optional memory.

Image Input

Image Input Image Input
Restoration Model Text Prompt ]—-[ Large Model ]
Image Output Image Output

Re-schedule

Satisfied

Image Output

(A) Conventional model (B) Prompt-conditioned large model (C) Restoration agent

Figure 1. Three control formulations for image restoration. Conventional models apply a fixed mapping. Prompt-
conditioned models adapt a shared backbone to an instruction or learned condition. Restoration agents observe
image conditions, schedule and execute operations, verify quality, and revise unsatisfactory plans.

This narrative review asks three questions. What makes a restoration system agentic at inference
time? Which controller architectures have been reported? How should their outputs and decision
processes be evaluated? We organise the evidence into five controller families: cybernetic reinforce-
ment learning (P1), prompt-conditioned restoration (P2), multimodal large language model (MLLM)
reasoning and tool use (P3), memory-augmented agents (P4), and multi-agent systems (P5). An
orthogonal four-component anatomy describes perception, decision, action, and reflection or memory.

The review covers primary AIR studies published from January 2018 to August 2026. It
includes natural photography, 4K super-resolution [13,14], autonomous driving [15], medical
reconstruction [16-19], microscopy [20], and cultural heritage [21,22]. We synthesise these studies
by controller mechanism rather than chronology. We then identify protocol differences that prevent
pooled rankings and propose evaluation priorities for reliable, auditable AIR.

2. Review Methodology and Unified Taxonomy
2.1. Review Methodology

We searched PubMed, IEEE Xplore, ACM Digital Library, SpringerLink, ScienceDirect, Wiley, IOP,
CVF Open Access, OpenReview, NeurIPS proceedings, arXiv, and Research Square. Queries combined
agent-related terms with restoration, reconstruction, denoising, super-resolution, enhancement, cor-
rection, or sampling. Modality-specific terms covered medical imaging, microscopy, remote sensing,
photography, and cultural heritage. Citation chaining, exact-title searches, DOI checks, and official
project repositories extended and verified the candidate set. The search covered 1 January 2018 to 9
August 2026, with metadata rechecked on 16 August 2026.

Studies were eligible when a runtime controller affected restoration, reconstruction, enhancement,
acquisition, or correction through an identifiable decision interface, action space, feedback process,
or memory mechanism. Prompt-conditioned systems were retained as a boundary category when
their condition explicitly controlled restoration behaviour. We excluded papers in which “agent”
denoted only an attention representation, or reinforcement learning controlled only architecture
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development. Duplicate preprints and published articles were merged, with the version of record
preferred. Withdrawn or retracted records were excluded.

We extracted publication metadata, domain, controller, perception input, action space, feedback,
memory, and public resources. Numerical results were recorded with their dataset, degradation,
comparator, metric, and protocol, then checked against the primary source. The reference database
contains 89 records. The technical evidence set comprises 49 studies, including 45 controller or
boundary studies, two medical extensions, and two agent-evaluation suites. Supplementary Tables
S1-57 provide detailed evidence matrices and source-traceable numerical examples.

We coded each system by perception, decision, action, and reflection or memory. Controller
classes follow the locus and mechanism of runtime control. Boundary labels identify hybrid designs
or iterative learned controllers without an external MLLM tool loop. Because datasets, degradation
mixtures, tools, stopping rules, and metric implementations differ, quantitative values are interpreted
within their source protocols rather than pooled.

2.2. Four-Component Anatomy

AIR extends feed-forward restoration into a feedback process (Figure 2). Perception translates
images and acquisition information into an actionable observation. A decision component selects
operations from an available tool space. Reflection evaluates intermediate or final outputs and can
stop, retry, or roll back. Memory may retain useful outcomes for later decisions.

° Perception ° Decision Brain o Tool Execution
« Diagnose degradation « Plan restoration « Apply tools / networks :
Image Input Image Candidate
« Assess quality / context « Tool + retry / stop control « Produce candidate

degraded image restored result

f

memory update

1
1
retry / stop 1 assess

o Reflection & Memory

ASSESS | BACKTRACK | LEARN

Memory

Quality gate } { Backtracking } { Experience }

Figure 2. Four-component anatomy of AIR. Perception converts a degraded input into an actionable observation.
The controller selects and executes tools. Reflection uses quality feedback to stop, retry, or roll back, while memory
can retain useful experience.

Perception.

Systems use learned degradation embeddings, MLLM diagnoses, acquisition states, or image-
quality measurements. DA-CLIP learns content and degradation representations [23]. RestoreAgent
and JarvisIR generate semantic diagnoses for planning [11,15]. RAR instead uses learned quality
assessment inside an iterative latent process [14].

Decision.

The controller maps the current observation and history to an action. Implementations range
from reinforcement-learning policies [24] to MLLM planners, memory-augmented planning [12], and
distributed coordination [25,26].

Action.

Available operations may include classical filters, specialised neural models, continuous con-
trols, or sandboxed code. Tool strength and diversity affect both flexibility and planning difficulty.
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Comparisons must therefore disclose exact checkpoints, parameters, permitted order, and execution
budgets.

Reflection and memory.

Feedback may be absent, episode-local, or persistent. RestoreAgent uses execution history to
revise assignments, whereas RAR performs learned assessment and restoration in latent space [11,14].
AgenticIR and SEAR retrieve prior trajectories [12,27]. Causal-AgentIR updates structured relations
among degradations, actions, and outcomes [28].

2.3. Five Controller Families

Figure 3 situates representative systems from 2018 to 2026. The families overlap historically and
describe dominant runtime control, not a strict maturity ladder.

CONCEPTUAL DOMINANCE WINDOWS
2018 2019 2020 2021 2022 2023 2024 2025 2026

Sequential operator selection

Cybernetic / deep RL c. 20182022 ’

RL-Restore | PixelRL

Prompt + condition routing c. 20192024

Unified restoration backbone

AirNet | PromptIR | InstructiR

MLLM reasoning + tools ©.2021-2025
Diagnosis, planning, tool use, rollback

RestoreAgent | JarvisiR

Search, experience reuse, causal context
AgenticIR | SEAR | Causal-AgentiR

Memory-guided search cl2n252126 ’

Dispatch and expert consensus

Multi-agent / fast-slow ¢ 20242026 ’

MAIR | Hybrid Agents

Figure 3. Representative AIR developments from 2018 to 2026. The five families are organised by dominant
controller: reinforcement learning, prompt conditioning, MLLM tool orchestration, memory-augmented planning,
and multi-agent coordination.

P1: cybernetic reinforcement learning.

A policy optimised through reinforcement learning selects tools, parameters, spatial routes, or
acquisition steps. Rewards can combine restoration quality, physical fidelity, or computational cost.

P2: prompt-conditioned restoration.

A learned degradation representation, visual prompt, or instruction modulates a shared backbone.
Most systems perform one conditioned inference without external tool verification, retry, or persistent

memory.

P3: MLLM reasoning and tool use.

An MLLM diagnoses degradation, decomposes the task, and invokes specialised restoration tools.
Some systems inspect intermediate results and replan, while others retain a fixed execution path.

P4: memory-augmented restoration.

The controller retrieves successful trajectories or reasons over structured memory. Memory
changes later decisions across inputs and distinguishes these systems from episode-local execution
history.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202609.1256.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 September 2026 doi:10.20944/preprints202609.1256.v1

50f17

P5: multi-agent restoration.

Control is distributed among specialised roles, such as a scheduler, restoration experts, and a
feedback agent. Coordination and communication become additional sources of cost and failure.

Hybrid attributes do not automatically change the controller class. Generated-code execution, for
example, can expand the action space of a P3, P4, or P5 system. We assign each system by its primary
decision mechanism and treat benchmarks as evaluation resources outside P1-P5.

Tables 1-3 compare representative systems across controller, perception, action, feedback, memory,
domain, and publication status.

Table 1. Representative P1 and P2 systems. P denotes the dominant controller paradigm; B marks a boundary

case.
Venue/ Feedback/
Work year P Perception Action memory Domain
RL-Restore [24] CVPR 2018 P1  CNN features Twelve operators PSNR reward Natural
and stop action
Distort- CVPR 2018 P1  Global state Colour actions Unpaired re- Retouching
Recover [31] ward
PixelRL [29] AAAI2019 P1  Pixel context Pixel actions Multi-step re-  Natural
ward
Path-Restore [30] TPAMI 2022 P1  Patch difficulty Routing paths Efficiency re- Natural
ward
CT-DRL[32]  TMI2018 Pl Iteration state peconstruction pAAMe” Quality reward  CT
MRI-RL [34] Neurocomputing P1 ~ Dual k-space states Sampling actions SSIM reward MRI
2024
AirNet [36] CVPR 2022 P2 dDii%gradatlon embed- Feature modulation Open loop Natural
PromptIR [8] NeurIPS2023 P2  Learned prompts Prompted Transformer Open loop Natural
InstructIR [9] ECCV 2024 P2 Instruction Conditioned network ~ Open loop Natural
DA-CLIP [23] ICLR 2024 P2 CLIP embeddings Feature control Open loop Natural
AutoDIR [39] ECCV 2024 P2/B BIQA or text Latent diffusion Iterative routing Natural
OneRestore [40] ECCV 2024 P2 Scene and degradation ~Composite restorer Open loop Natural
Table 2. Representative P3 systems and learned boundary cases.
Venue/ Feedback/
Work year P Perception Action memory Domain
Clarity [10] Preprint P3  ChatGPT and CLIP Classical and neural User feedback ~ Natural
2023 tools
RestoreAgent [11] NeurIPS P3  MLLM diagnosis Model registry Replan and Natural
2024 rollback
JarvisIR [15] CVPR 2025 P3  Driving VLM Weather pipeline Perception Driving
feedback
4KAgent [13] NeurIPS P3 VLM and IQA Mixture of experts Recursive Super-
2025 reflection resolution
RAR [14] CVPR 2026 P2/B Latent assessor Latent restoration Restore—assess— Natural
repeat
AgentMRI [16] JIIM 2026 P3 Medical VLM Correction paths Consensus gate MRI
EpiAgent [21] CVPR 2026 P3  Iterative observation Restoration tools Reevaluation  Heritage
SIMBA [20] Preprint P3  Language description Tool calls Verification Microscopy
2026
FAPE-IR [51] CVPR 2026 P3  Frequency planner LoRA experts Conditioned Natural
execution
Restore-R1 [52] CVPR Find- P1/B Visual encoder RL tool selector Quality reward Natural
ings 2026

r(s). Distributed under a Creative Commons CC BY license.
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Table 3. Representative P4 and P5 systems.
Venue/ Feedback/
Work year P Perception Action memory Domain
AgenticIR [12] ICLR 2025 P4  Multimodal diagnosis Tool registry Rollback and Natural
experience
SEAR [27] Preprint P4  Episodic fingerprint Dual-process planner P-MCTS and Natural
2026 memory
Causal- Preprint P4  Quality and history Causal graph Persistent up- Natural
AgentIR [28] 2026 dates
MAIR [25] IJCV 2026 P5 Scheduler Seven experts Candidate com- Natural
parison
Hybrid CVPR 2026 P5 Fast, slow, feedback Conditional restoration  Feedback selec- Natural
Agents [26] tion
MAPGR [22] npj Her- P5  Specialised roles Residual diffusion Evidence and Heritage
itage Sci. abstention
2026

3. Cybernetic Reinforcement Learning
3.1. Foundational MDP Formulation of Cybernetic RL Agents

Early reinforcement-learning (RL) restoration systems introduced explicit states, actions, rewards,
and termination decisions. They formulate image recovery as a Markov Decision Process (MDP)
governed by the tuple (S, A, T, R, v) instead of a static mapping fy(y) = X. A policy 7ty observes the
degraded image state s; € S, selects an action 4; € A, and receives the updated image x;.1 = T (x¢, a).
Systems with a learned stop action terminate when the policy predicts that further processing is
unnecessary.

The main design variables are the structure and spatial granularity of the action space A. In a
discrete MDP, the agent selects an index from a predefined catalogue of lightweight operators. In
a continuous MDP, the action specifies numerical parameters such as colour-curve control points,
regularisation weights A(x) in iterative CT reconstruction, or smoothing coefficients (s, 0;) in bilateral
filtering. Spatial scope also varies. Some policies apply global actions, while PixelRL operates at pixel
level and Path-Restore routes image patches through branches of different depth.

Policy learning is driven by a stepwise quality reward r; = R(s¢, at, St41), which can quantify
incremental gains in restoration metrics or physical fidelity. Some systems also include computational
cost or acquisition constraints. This closed-loop evaluation allows the policy to adapt its trajectory to
the observed state and establishes the control formulation used by the systems discussed in Section 3.2.

3.2. Representative Systems and Methodological Evolution

We compare representative RL systems through four control designs. These are global discrete tool
selection, spatially adaptive routing, continuous parameter tuning, and dual-state active acquisition.

RL-Restore [24] treats restoration as a discrete multi-step decision problem. A Q-learning agent
observes global image features, selects from a fixed toolbox of lightweight CNNs for blur, noise, and
compression, and may emit a stop action. The reward is based on stepwise PSNR gain. Its action
selection operates at image level and therefore applies uniform control within each image.

PixelRL [29] assigns an agent to each pixel in a fully convolutional A3C architecture. Reward Map
Convolution incorporates neighbouring future states into the reward calculation to coordinate local
decisions. Path-Restore [30] uses a Pathfinder module trained with a difficulty-regulated reward. It
routes easier patches through shallow paths and harder patches through deeper residual paths, trading
restoration quality against computation.

Discrete action spaces can still support fine-grained sequential adjustment. Distort-and-
Recover [31] uses discrete global colour-editing actions and learns from synthetically distorted high-
quality images, avoiding paired input and retouched-target training data. Medical inverse problems
instead expose reconstruction or filtering parameters as the action interface. Shen et al. [32] use a
parameter-tuning policy for iterative CT reconstruction. Patwari ef al. [33] apply reinforcement learning

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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to joint bilateral filtering parameters under an image-quality reward. These systems retain an explicit
processing interface while adapting parameters to the observed reconstruction state.

Online reconstruction can make active sampling expensive when a deep reconstructor is evaluated
at every decision. DUAL [34] separates a hidden DNN state used to compute training rewards from a
visible state used by the online phase-selection policy. The source reports 9 ms decision time, compared
with 1363 ms and 1333 ms for two reference methods, corresponding to an approximately 150-fold
speed-up in that experimental setting.

PaAgent [35] combines an RL tool-selection policy with subjective and objective feedback. Its
name refers to a portrait-aware bank of restoration tools. The reported action space contains 14
restoration tools and covers 14 degradation scenarios. Group Relative Policy Optimisation trains the
policy using MLLM semantic assessment together with no-reference image-quality signals. The MLLM
therefore contributes reward information while the learned policy remains the action selector.

4. Prompt-Modulated and Condition-Routing Systems

P2 systems broaden restoration coverage by conditioning a shared network on a learned degra-
dation representation, a prompt, or a natural-language instruction. They expose an explicit control
signal that adapts the restoration network. In most cases, this signal modulates the backbone within
one inference procedure, without a verified sequence of external tool calls.

4.1. Implicit and Learned Degradation Prompts

AirNet [36] learns a degradation representation contrastively and uses it to support all-in-one
restoration. PromptIR [8] introduces learned prompts into a Transformer restoration backbone, allow-
ing degradation-dependent feature modulation. MPerceiver [37] extends multi-task restoration with a
multi-modal prompt-perception design. These models may adapt computation inside the network
through model-internal routing and conditioning.

4.2. Language and Vision-Language Conditioning

InstructIR [9] conditions restoration on human instructions, making the requested operation ex-
plicit. DA-CLIP [23] learns degradation-aware representations in the representation space of CLIP [38]
for restoration. AutoDIR [39] uses BIQA to identify a predominant degradation and can apply its
structural-corrected latent-diffusion restorer iteratively, while OneRestore [40] represents scenes and
degradations for composite restoration. Their conditioning mechanisms differ and are therefore
described separately.

Language-driven adverse-weather restoration (LDR) [41] uses a pre-trained vision-language
model to generate description-based priors for degradation occurrence, type, and severity, then
sparsely selects restoration experts in a mixture-of-experts network. SPIRE [42] uses content prompts
and language-specified restoration strength to control a generative restoration model. UniRes [43]
addresses complex degradations by combining specialised models during diffusion sampling and
exposing a fidelity—quality trade-off. These systems use model-internal routing or conditioning
mechanisms.

SUPIR [44] and DreamClear [45] use generative priors for real-world restoration and can use
semantic conditions. Their perceptual-quality objectives differ from full-reference PSNR-oriented
restoration. Numerical comparison therefore requires a common dataset and metric implementation.

4.3. P2—-P3 Boundary

The classification criterion is the locus of control. When a prompt is encoded once and the
restoration backbone produces an output without explicit observe-act-verify decisions, the system is
P2. AutoDIR is treated as P2/B because its closed-set BIQA module can repeatedly select a dominant
degradation within a fixed routing space. If an MLLM diagnoses the image, invokes external tools,
examines results, and can revise the plan, it is P3 or above. RAR [14] is an iterative learned boundary
case based on internal latent control.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Supplementary Table S1 provides the mechanism-level comparison of representative prompt-
conditioned systems. Pooled PSNR is not reported because the sources use different tasks and
protocols.

P2 establishes that a single backbone can be controlled by an interpretable or learned condition.
Runtime tool orchestration, auditable retry, and persistent experience define the transition to higher-
level agentic controllers.

5. Single-MLLM Reasoning and Tool-Orchestrating Agents

Multimodal large language models (MLLMSs) enable restoration systems to express a degradation
diagnosis, select specialised tools, and interpret intermediate outputs. We use P3 for systems in
which one language or vision-language controller is the principal runtime decision maker. Prompt-
conditioned single-pass networks remain P2. Learned iterative models such as RAR [14] form a
boundary group because their assessment and restoration occur end-to-end in latent space.

5.1. Explicit Diagnosis and Task-Coupled Perception

RestoreAgent [11] made degradation identification and restoration-model assignment explicit,
selecting an ordered sequence of degradation types and corresponding models under a scoring
function. JarvisIR [15] extends this idea to autonomous driving, where restoration is evaluated through
downstream perception utility. On its CleanBench-Real evaluation, the paper reports a 50% average
improvement across the perception metrics relative to using the degraded input.

4KAgent [13] combines a profiling module, a VLM-and-IQA perception agent, and a restoration
agent that uses quality-driven mixture-of-experts selection in a recursive execution—reflection process.
Domain-specific systems adapt the observation interface to acquisition physics or scientific semantics:
AgentMRI [16] targets accelerated MRI, EpiAgent [21] cultural-inscription restoration, and SIMBA [20]
natural-language control of single-molecule imaging workflows. The Research Square preprint describ-
ing FMIRAgent [46] reports an MLLM-based microscopy assistant that identifies degradation, selects
or adapts restoration algorithms, explains its choices, and refines decisions using user or simulated
feedback. RIR-Agent [47] applies MLLM perception, LLM planning, and a predefined specialist
toolbox for composite remote-sensing degradation. Its executor supports adaptation and rollback,
and a separate manual mode provides user-customised workflows with real-time MLLM feedback.
Their inputs, feedback signals, and success criteria differ, so quantitative results are reported within
the setting defined by each source.

5.2. Planning and Tool Selection

RestoreAgent expresses tool selection as

c*=arg max S(Io), 2

g, max o) 2)

where S(D, M) is the set of valid degradation-model sequences and S is the chosen scoring func-

tion [11]. Subsequent systems modify the planning space or the coupling between planning and
execution.

e (QQ-Agent [48] combines robust multimodal degradation perception with quality-driven greedy
restoration.

e DiTTo [49] models degradation order and uses a simulator to reduce the cost of constructing
order-aware action trajectories.

*  OPERA [50] jointly optimises the restoration plan and the specialised executors, addressing the
mismatch between an independently trained planner and tool pool.

e  FAPE-IR [51] combines a frozen MLLM planner with a frequency-aware LoRA mixture-of-experts
diffusion executor.
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e  Restore-R1 [52] is an adjacent RL boundary case. Its lightweight actor—critic policy is trained with
DeQA-Score improvement using PPO-style optimisation, with GRPO evaluated as an alternative,
as detailed in Section 3.

Creative enhancement has related but distinct objectives. PhotoArtAgent [53] uses language-
model artist agents for iterative photo retouching. PhotoAgent [54] plans long-horizon aesthetic edits
by tree search with memory and visual feedback and introduces UGC-Edit. RetouchIQ [55] controls
Lightroom for instruction-based retouching and trains MLLM agents with a generalist reward. These
systems optimise instruction adherence and aesthetic preference, requiring evaluation separate from
full-reference restoration fidelity.

5.3. Verification, Iteration, and Boundary Cases

P3 feedback ranges from execution-history-based retry in RestoreAgent to downstream perception
feedback in JarvisIR and task-specific review in EpiAgent. The methods use different assessors,
stopping rules, and revision procedures. An iterative architecture is also distinct from an MLLM tool
controller. RAR [14] is a fully trainable restore-assess—repeat framework operating in latent space and
is included as a learned boundary case.

Supplementary Table S2 compares the general restoration and editing controllers, including their
controller, execution, and feedback mechanisms.

Supplementary Table S3 provides the corresponding source-traceable comparison for application-
specific restoration controllers.

The main synthesis is architectural. Explicit diagnosis can make tool choice interpretable. Task-
coupled feedback can align restoration with downstream utility. Joint planner—executor training can
improve coordination. The literature uses different tools, test mixtures, stopping rules, and quality
metrics. Quantitative conclusions are therefore reported within each source-defined evaluation setting.

6. Memory-Augmented and Search-Guided Evolving Agents

P4 systems retain information beyond the current action and use it to guide later restoration
decisions. The retained state may be an execution trace, a reusable experience document, a search
tree, or a causal memory. The following discussion separates these mechanisms because the sources
implement different search and memory procedures.

6.1. Experience and Episodic Memory

AgenticIR [12] divides its workflow into perception, scheduling, execution, reflection, and
rescheduling. It constructs referenceable documentation through self-exploration and can retrieve that
experience for later inputs. The tool pool covers eight degradation types, with three to six specialised
models per type. The paper describes rollback and rescheduling as depth-first tree search, a procedure
distinct from Monte Carlo Tree Search and UCT-style rollouts.

SEAR [27] combines an Intuitive Executor with a Deliberate Planner. It uses episodic state
fingerprints for memory retrieval and P-MCTS for planning. In the paper’s Group B ablation, the full
system averages 8.15 tool calls compared with 16.75 without memory.

6.2. Search-Guided Decision Making

Search is useful when restoration order is non-commutative and a locally attractive operation can
harm later recovery. The sources implement three distinct forms.

e AgenticIR performs rollback-guided depth-first exploration and records successful experi-
ence [12].

*  SEAR uses Pruning-Aware Monte Carlo Tree Search (P-MCTS) in its deliberate pathway and can
accept retrieved shortcuts in its intuitive pathway [27].

¢ PhotoAgent applies tree search to long-horizon aesthetic editing, a different objective from
degradation-removal tool routing [54].
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Each algorithm is described using the search formulation reported by its source.

6.3. Causal Memory

Causal-AgentIR [28] uses multiple roles to update and reason over a causal memory. Its docu-
mented memory operations include add, update, merge, reinforce, ignore, and discard. This structure
is intended to retain relations among degradations, restoration actions, and outcomes in addition to
retrieving similar past trajectories. The paper reports a 35.55-dB average PSNR for its own all-in-one
evaluation protocol. This number uses a different setting from the MiO100-derived group protocols
used by AgenticIR and SEAR.

Supplementary Table S4 compares the verified search and memory mechanisms while retaining
each source-defined quantitative protocol.

The evidence supports two conclusions. First, reusable experience reduces redundant planning in
the SEAR ablation setting. Second, causal memory broadens the representation of prior experience
beyond nearest-neighbour retrieval. Common data, tools, budgets, and evaluation code are still needed
to measure cold-start behaviour and cross-system quality.

7. Multi-Agent and Heterogeneous Collaborative Systems

P5 distributes control across agents with distinct roles. The sources describe scheduler and
specialist designs, fast and slow routing, and domain-specific coordination.

7.1. Scheduler and Specialist Agents

MAIR [25] contains a scheduler and seven expert agents. They are DeJPEG, DeBlur, DeNoise,
SuperRes, DeRain, DeHaze, and LightEnh. The scheduler diagnoses the input and activates relevant
experts in sequence. Within an expert, candidate restoration models can be tried, reflected on, and
compared pairwise when necessary. Thus MAIR has one scheduler and seven listed experts. Candidate
evaluation occurs within the expert workflow.

The paper reports 35.42 seconds and 1.82 model invocations for MAIR, compared with 63.04
seconds and 5.15 invocations for AgenticIR in its efficiency comparison. These figures are tied to the
authors’ environment and test protocol. Its paired real-world evaluation reports 21.67 dB PSNR.

7.2. Fast=Slow Collaboration

Hybrid Agents [26] uses three roles, FastAgent, SlowAgent, and FeedbackAgent. FastAgent is
a lightweight language model (Llama-3.2-1B-Instruct) used through in-context learning. FastAgent
is distinct from a fixed look-up table. FastAgent handles direct restoration instructions, whereas
SlowAgent reasons about vague requests and FeedbackAgent evaluates the result. For direct prompts,
the reported fast route uses approximately 12% of SlowAgent’s runtime. Table 1 of the source reports
task-specific average agent inference times of 0.08-0.13 seconds for this route and 0.75-1.05 seconds
when it is disabled. A reported 72.9% FastAgent success rate concerns the denoising condition.

7.3. Domain-Specific Coordination

MAPGR [22] applies multi-agent prompt guidance with residual diffusion to mural restoration.
Its prompts, damage representation, and evaluation are specific to cultural-heritage restoration.

CLEAR [56] is an adjacent dual-process remote-sensing system that decides whether restoration is
needed before maritime object detection. The verified paper reports 86.92% mAP50, an improvement
of 7.74 percentage points over its stated baseline, and an overall F1 improvement of 9.15 percentage
points. Its 11.8 FPS practical estimate assumes a 5% trigger rate. These performance and efficiency
quantities come from distinct source-defined settings.

Supplementary Table S5 compares the roles, coordination mechanisms, and source-reported
examples of representative multi-agent systems.

Evaluation of multi-agent systems requires reporting the number and size of controllers, expert-
model executions, communication rounds, and the downstream metric. In particular, MAIR’s
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scheduler—expert design, Hybrid Agents’ request-routing design, and CLEAR’s conditional prepro-
cessing solve different control problems and require separate quality and latency interpretations.

8. Benchmarks, Evaluation Protocols, and System Metrics

AIR requires evaluation of both the restored image and the process that produced it. Output
assessment uses fidelity, perceptual, scientific, or downstream-task metrics. Process assessment
measures tool calls, planning steps, latency, resource use, and failure recovery. Current mixed-
degradation protocols differ in test images, corruption order, severity, and tool pools. Results must
therefore remain tied to their source protocols.

8.1. Evaluation Suites and Protocol Families

ImagingBench covers 20 computational-imaging tasks in Expert, Planner, and Forward set-
tings [57]. Imaging-101 covers 57 expert-verified tasks and evaluates planning, unit-test validity, and
end-to-end reconstruction [58]. These suites complement output-only benchmarks by testing whether
a plan is executable and physically meaningful. They are evaluation resources rather than P1-P5
controllers.

AIR studies also use natural, medical, remote-sensing, and specialised datasets [59]. Supplemen-
tary Table S6 maps principal datasets to their task and protocol families. Supplementary Table S7
reports checked numerical examples without combining incompatible settings.

8.2. Multi-dimensional Evaluation

Full-reference fidelity commonly uses PSNR and SSIM [60]. Perceptual assessment can use
LPIPS or DISTS [61,62]. Real-world no-reference metrics include BRISQUE, MUSIQ, MANIQA, and
CLIP-IQA [63-66]. Reports should state metric direction, implementation, aggregation, and reference
availability.

Restoration may instead be judged by downstream detection, segmentation, recognition, or
scientific measurement. Such comparisons require a fixed downstream model, test split, and degraded-
input baseline. Visual improvement alone cannot establish task benefit.

Agent evaluation should report model and tool invocations, planning and retry counts, latency,
peak memory, token or API cost, failures, and the fraction of worsened inputs. Code-generating
agents also require compilation, runtime, and physical-validity checks. Repetitions and uncertainty
are essential when controller decisions are stochastic.

Supplementary Tables S8 and S9 consolidate the minimum metric families and disclosure fields.
Cross-system comparison is credible only under a shared harness with fixed inputs, tools, feedback,
stopping rules, and budgets.

9. Open Challenges and Strategic Future Roadmaps

Agentic image restoration remains constrained by distribution shift, acquisition physics, reasoning
cost, and the risk that a generative prior introduces unsupported detail. These limitations define four
closely related research directions.

Many tool-using systems expose restoration models as external functions. OPERA addresses
the coordination gap between a planner and independently trained executors [50]. A physics-aware
controller could additionally test candidate outputs against a known image-formation model [67].
Forward-model residuals and uncertainty estimates would make physical inconsistency measurable.
Clinical or scientific validity still requires domain-specific evaluation.

Acquisition and restoration can also be treated as a joint control problem. JarvisIR links restoration
to downstream driving perception [15], while MRI policies select measurements under reconstruction
feedback [34]. Future systems could choose exposure, gain, sampling, or re-acquisition actions under a
fixed dose, time, energy, or motion budget. Evaluation would require a matched passive acquisition
baseline under the same budget.
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Memory-based systems offer a basis for controlled stress testing. Causal-AgentIR updates a struc-
tured memory through add, update, merge, reinforce, ignore, and discard operations [28]. Adversarial
or curriculum-generated degradations could extend this process by searching for controller failures.
The resulting synthetic corruptions would need validation against real sensor statistics and evaluation
on held-out real degradations.

Auditable restoration requires a record of the source asset, controller, tool versions, parameters,
ordered actions, intermediate outputs, and uncertainty. C2PA Technical Specification 2.4 provides a
current mechanism for signed content credentials and provenance assertions [68]. Such provenance
establishes lineage and reproducibility, while domain experts remain responsible for judging whether
the restored content is scientifically or clinically valid.

10. Conclusions

This review presents agentic image restoration as a transition from fixed restoration mappings to
closed-loop systems that perceive degradation, coordinate restoration actions, evaluate intermediate
outcomes, and refine subsequent decisions. By integrating four functional components with five
controller families, the proposed framework clarifies how reinforcement learning, prompt conditioning,
multimodal reasoning, memory, and multi-agent collaboration contribute to adaptive restoration.
Together, this synthesis offers a common conceptual and evaluative foundation for developing more
adaptive, transparent, and reliable restoration systems across imaging domains.

Supplementary Materials: The following supporting information can be downloaded at the website of this paper
posted on Preprints.org.
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