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Abstract

Image restoration aims to recover a high-quality image from its degraded counterpart by mitigating
distortions introduced during acquisition, transmission, or environmental interaction. Despite the
remarkable progress of deep learning—based restoration models, most conventional approaches remain
tightly coupled to predefined degradation assumptions and pixel-level supervision, limiting their capa-
bility to handle complex and diverse scenarios or user-dependent restoration targets. Recent advances
in multimodal large language models (MLLMs) and vision-language models (VLMs) have introduced
a new paradigm in which restoration systems incorporate semantic reasoning, language-driven inter-
action, and cross-modal knowledge. By integrating language models, restoration is extended beyond
low-level reconstruction toward degradation interpretation, perceptual alignment, and high-level
controllability. In this survey, we provide a systematic review of language-driven image restora-
tion, organized through an interaction-centric taxonomy that characterizes how language models
are coupled with restoration pipelines. We analyze representative frameworks from the perspectives
of semantic conditioning, perceptual supervision, and execution-level interaction, and discuss how
these mechanisms influence restoration objectives and system design. In addition, we review emerg-
ing language-driven image quality assessment (IQA) approaches, highlighting their complementary
role to conventional fidelity-based metrics. Finally, we identify unresolved challenges and outline
potential research directions toward more robust, efficient, and trustworthy restoration techniques.
https:/ / github.com/MingyuLiul/Language-Driven-IR-and-IQA

CCS Concepts: ® General and reference—Surveys and overviews; ¢ Computing methodolo-
gies—Computer vision.

Keywords: image restoration; vision-language models; multimodal large language models; image
quality assessment

1. Introduction

Image restoration (IR), as a fundamental problem in low-level computer vision, aims to recover
high-quality images from degraded counterparts. Over the past decades, numerous IR methods
have been extensively studied for a wide range of tasks, including denoising [1-3], deraining [4—6],
dehazing [7-9], desnowing [10-12], deblurring [13-15], low-light enhancement (LLIE) [16-18], super-
resolution [19-21]. Beyond these tasks, IR techniques have also been widely applied to domain-specific
scenarios, such as underwater enhancement [22-24], medical IR [25,26].

IR methodologies have evolved from model-driven approaches based on handcrafted priors to
data-driven paradigms powered by deep neural networks, including CNNs [27], Transformers [28], and
more recent architectures [29]. In parallel, restoration frameworks have progressed from task-specific
designs, where each degradation type is modeled independently [5,9,30], to unified frameworks
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such as all-in-one (AiO) restoration, which aim to handle multiple degradation types within a single
model [31-34].

Despite these advances, existing methods remain largely constrained by predefined degradation
assumptions and are typically optimized with pixel-level supervision, limiting their ability to generalize
to complex or user-dependent restoration scenarios. These limitations motivate the exploration of new
paradigms beyond conventional frameworks.

Recent breakthroughs in foundation models (FMs), such as vision-language models (VLMs)
and multimodal large language models (MLLMs), have opened new opportunities to address these
challenges. By encoding rich semantic priors and exhibiting strong reasoning capabilities beyond
conventional visual representations, VLMs and MLLMs have been increasingly introduced into
IR pipelines [34-37]. Rather than directly performing pixel-level reconstruction, these models are
typically employed as auxiliary components to provide high-level information, such as degradation
interpretation, semantic guidance, and adaptive control. This emerging paradigm fundamentally
reshapes IR from a purely visual mapping problem into a multimodal, semantically informed, and
interactive framework.

This paradigm shift introduces a critical challenge in image quality assessment (IQA). Traditional
IQA metrics [38-40] are effective for measuring pixel-level fidelity or perceptual similarity. However,
they are not designed to assess semantic alignment or instruction consistency, leading to a mismatch
between the restoration targets and the evaluation criteria. Recent language-driven IQA methods [41-
47] address this gap by leveraging multimodal representations to assess semantic coherence and
cross-modal consistency.

Although integrating language for IR and IQA has developed rapidly [34,37,48], a comprehensive
survey of this emerging field remains absent, to the best of our knowledge. Existing surveys on IR
primarily focus on architectural designs [49] or task-specific learning strategies [4,31,50], while recent
reviews on multimodal models [51,52] seldom address low-level vision problems in depth.

In this survey, we provide the first systematic review of language-driven image restoration and
language-driven IQA. Figure 1 summarizes the taxonomy of this survey in a hierarchically structured
way. We review advances in language-driven restoration frameworks, summarize representative
model designs and training strategies, and discuss open challenges and potential future research
directions.

The main contributions of this survey are summarized as follows:

¢  Weintroduce a unified conceptual framework that interprets language-driven IR as an interaction-
centric paradigm, revealing how language models affect restoration behavior beyond architectural
modifications, including feature-level, optimization-level, and execution-level coupling.

*  We analyze language-driven IQA, highlighting its conceptual distinctions from conventional
fidelity metrics and clarifying the challenges of evaluation reliability, calibration stability, and
semantic bias.

*  We summarize the restoration datasets used in language-driven frameworks and analyze their
limitations and emerging requirements from a language-driven perspective, emphasizing the
need for semantically enriched, language-aware benchmarks. We also provide comparisons
between conventional frameworks and language-driven methods across different settings.

e  We investigate open challenges posed by language-integrated restoration systems and outline
promising directions for future research that bridge multimodal reasoning, visual perception, and
restoration optimization.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Unified taxonomy and survey structure of language-driven image restoration and image quality

assessment.

The rest of the work is organized as follows. Section 2 introduces the necessary preliminaries,
including IR fundamentals, multimodal language models, and IQA, providing an overview of the
core concepts relevant to this work. Section 3 reviews representative language-driven IR approaches,
and the analysis is guided by the proposed interaction-centric taxonomy with a focus on their model
architectures and key technical innovations. Section 4 summarizes commonly used datasets for
different IR tasks and discusses corresponding evaluation metrics, covering both traditional criteria
and recent language-driven assessment methods. Finally, Section 5 analyzes open challenges in current
studies and outlines potential solutions and future research directions.

2. Background

In this section, we introduce the fundamental concepts and taxonomy of language-driven image
restoration, aiming to provide a structured background for understanding recent language-driven
restoration frameworks.

2.1. Image Restoration

Image restoration aims to recover a clean image Z(x) from its degraded observation D(x) by
mitigating various types of distortions:

D(x) = H(Z(x))+ N, 1)

where H(-) denotes the degradation operator and N represents additive noise.

(a) Noise (c) Haze

L = '!;'lr

(f) Low-Light Image (g) Super-Resolution (h) Underwater (i) Medical Imaging (j) Composite Degradation

Figure 2. Examples of different degradation types and domains. The images correspond to the following open-
source datasets: (a) PolyU [53], (b) LHP [54], (c) NH-HAZE [55], (d) RealSnow10K [56], (¢) DPDblur [14], (f)
LSRW [57], (g) DIV4K50 [58], (h) Squid [59], (i) FastMRI [60], and (j) MiO100 [61].

Existing IR methods can be broadly categorized into task-specific models and unified frameworks.
Task-specific IR methods [8,17] are trained to handle a single degradation type. While such models

s). Distributed under a Creative Commons CC BY license.
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often achieve strong performance within their targeted tasks, their specialization inherently restricts
generalization to unseen or mixed degradations. This limitation motivates the development of general
IR frameworks [62,63], which employ unified architectures capable of addressing multiple restoration
tasks. Nevertheless, these approaches typically still rely on task-wise training or fine-tuning proce-
dures. More recently, AiO restoration frameworks [32,33,64,65] have attracted increasing attention. By
enabling multiple restoration tasks within a single model without explicit retraining, AiO methods
aim to further improve generalization. This is often achieved through degradation-aware representa-
tions, prompt-based mechanisms, or multi-branch architectures that explicitly distinguish different
degradation types.

Despite these advances, conventional deep learning-based restoration paradigms remain largely
constrained by predefined task formulations and limited adaptability to diverse restoration require-
ments. To address these limitations, recent studies have started to explore the use of language
models for IR [34,36,66-68]. Leveraging their strong semantic understanding, reasoning capability, and
cross-modal alignment, language-driven approaches enable more flexible and interactive restoration
pipelines, such as instruction-guided or context-aware restoration. This emerging paradigm marks a
shift from task-centric restoration models toward more general, adaptive, and semantically informed
IR frameworks.

2.2. Foundation Models

Recent studies on FMs encompass multiple closely related model families, including large lan-
guage models (LLMs), VLMs, and MLLMs. These models differ in their input modalities and output
objectives, yet collectively serve as the primary computational backbone of language-driven IR meth-
ods reviewed in this survey. While capability boundaries between VLMs and MLLMs continue to
develop, we adopt a functional distinction based on their dominant usage patterns in restoration
frameworks.

Large Language Models. LLMs are FMs trained on large-scale text datasets and operate ex-
clusively on language inputs and outputs. Representative models include GPT [69], LLaMA [70],
Qwen [71], and DeepSeek [72]. These models have achieved remarkable progress in natural language
understanding, reasoning, and generation, demonstrating strong generalization across a wide range of
language-centric tasks. LLMs primarily operate on textual inputs and outputs and do not natively
process raw visual data.

Vision-Language Models. In a broad sense, VLMs refer to models that jointly process visual and
textual signals for cross-modal understanding. This includes both contrastive representation learning
frameworks (e.g., CLIP-like [73,74] and ALIGN-like [75]) and more recent architectures that integrate
visual encoders with language modeling components. VLMs primarily enable tasks such as semantic
grounding, cross-modal retrieval, and image understanding. In language-driven IR, VLMs often serve
as semantic extractors or conditioning providers that bridge visual content and high-level language
descriptions.

Multimodal Large Language Models. MLLMs extend LLMs by incorporating modality-specific
perception modules, allowing them to process visual and other non-textual inputs (e.g., audio and
video) while maintaining a language-centric interface. Representative models include GPT-4o [76],
Gemini [77], and Qwen-VL [78,79]. In restoration pipelines, MLLMs are particularly suitable for tasks
that require high-level reasoning, such as degradation analysis, restoration planning, and adaptive
strategy selection.

In this survey, we emphasize functional roles of VLMs and MLLMs in language-driven IR systems.
When referring to methods that leverage language as a high-level interaction signal, regardless of the
specific model architecture, we adopt the umbrella term language-driven image restoration.

2.3. Image Quality Assessment

IQA plays a critical role in image processing by enabling the evaluation and optimization of visual
content quality [80]. Although subjective assessment based on the human visual system (HVS) is

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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generally regarded as the most reliable criterion, it is costly and time-consuming, motivating extensive
research into objective metrics.

Depending on the availability of reference images, IQA methods are broadly categorized into full-
reference (FR-IQA) and no-reference (NR-IQA). FR-IQA methods compare distorted images with their
high-quality references using metrics such as PSNR [39], SSIM [38], and MSE, as well as learning-based
perceptual metrics [40,81-84]. In contrast, NR-IQA predicts image quality directly from distorted
inputs without reference images. Early methods rely on handcrafted natural scene statistics, such
as BRISQUE [85], NIQE [86], and PIQE [87], while recent approaches adopt deep learning to model
complex perceptual patterns [88-92].

Most recently, language-driven IQA methods [41,42,45-47,93-95] have emerged as a new
paradigm. By leveraging multimodal reasoning capabilities and foundational knowledge, these
approaches aim to narrow the gap between objective metrics and subjective human assessment.
Some methods evaluate image quality using natural languages [95-97], while others directly produce
quantitative quality scores [45,94,98].

2.4. Relevant Surveys

A number of surveys have reviewed IR from different perspectives. Many of these works organize
the literature according to specific degradation types or application domains [1,4,7,13,16,19,22,31,50].
Along the recent trend of AiO restoration, Jiang et al. [31] provided a systematic overview of AiO
restoration frameworks. Beyond task-oriented surveys, several studies have examined IR from a
model-centric perspective. For example, Su et al. [49] reviewed deep learning architectures widely
adopted in IR, while Li et al. [102] offered an in-depth review of diffusion-based IR methods. Despite
these efforts, the rapid emergence of language-driven IR methodologies has not yet been systematically
reviewed. In contrast, in this work, we present a comprehensive review of language-driven IR from the
following three aspects: 1) recent advances in language-driven IR methods, 2) datasets and language-
driven evaluation protocols, and 3) benchmarking and comparative evaluation of language-driven
approaches. The comparison between previous surveys and our work is summarized in Table 1.

Table 1. Comparison with representative surveys on image restoration. Tasks: DR (deraining), DH (dehazing),
DB (deblurring), DN (denoising), DS (desnowing), LLIE (low-light image enhancement), SR (super-resolution),
AiO (all-in-one). Domains: Nat (natural), UW (underwater), Med (medical), HS (hyperspectral). M: multi-task; L:
language-guided; A: in-depth analysis; IQA: language-driven image quality assessment.

Survey ‘ Year ‘ Tasks Domains M L A IQA Key contributions

Jiang et al. [1] | 2025 DN Nat x x v x Reviews deep denoising methods

Su et al. [99] 2023 DR Nat X X X X Reviews deraining architectures and benchmarks
Guietal. [7] ‘ 2023 DH Nat X X X X Categorizes dehazing (CNN/GAN/Transformer)
Xiang et al. [13] 2025 DB Nat x x v x Organizes CNN-based deblurring frameworks
Lietal [16] ‘ 2021 LLIE Nat x x v X Organizes LLIE by illumination modeling

Zhang etal. [100] 2022 SR Nat X X v X Taxonomy of SR (architecture/loss/training)

Zhu et al. [101] ‘ 2026 DH/DN/Enhancement Uw v v v X Reviews underwater enhancement and restoration methods
Wang et al. [50] 2025 DR/DH/DB/DS/LLIE/SR/AiO Nat (UHD) v x v X UHD restoration across degradations

Lietal. [102] \ 2025 DN/DR/DH/DB/LLIE/SR/AiO Nat v o ox v X Diffusion-based restoration across tasks

Jiang et al. [31] 2025 AiO Nat/UW/Med/HS v x V X AiQ restoration across domains

Ours ‘ 2026 ‘ DN/DR/DH/DB/DS/LLIE/SR/AIO Nat/UW/Med/HS v v V v Systematizes language-driven IR and IQA with unified taxonomy

3. Methodology

This section first categorizes language-driven method prototypes and then analyzes each category
in detail through representative approaches. Figure 3 summarizes the representative paradigms of
existing language-driven IR methods.

3.1. Overview of Language-Driven Restoration and Taxonomy Definition

Recent advances in FMs have significantly influenced the design of IR systems. Rather than
solely improving restoration architectures, an increasing number of approaches leverage language-
driven semantic priors, cross-modal reasoning, and high-level decision-making to enhance restoration
robustness, flexibility, and controllability. As a result, clarifying the roles of language models and how

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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they interact with restoration pipelines becomes critical for understanding existing frameworks and
guiding future research.

*  Feature-Level Coupling: FM outputs are injected into the forward process to modulate inter-
mediate representations without altering the optimization objective or execution structure. This
includes pretrained feature conditioning, degradation-aware conditioning, semantic conditioning,
and global context conditioning.

*  Optimization-Level Coupling: FM outputs define or reshape the optimization objective by
introducing differentiable loss terms or scalar reward functions, thereby altering optimization
dynamics.

¢  Execution-Level Coupling: FM outputs determine the execution logic of the restoration pipeline
by generating high-level plans or control signals, enabling dynamic selection, composition, or
scheduling of restoration modules beyond a fixed computational graph.

Existing surveys on IR mainly organize the literature from architecture-driven (e.g., CNN or trans-
former) [49] or task-driven [4,31] perspectives. From the perspective of model architectures, existing
approaches involve different types of foundation models, including VLMs and MLLMs. However,
these categorizations become insufficient for language-driven restoration systems, where the pri-
mary methodological distinctions arise from interaction mechanisms between language models and
restoration networks. Specifically, language-driven restoration systems reshape restoration behavior
by modifying information flow structures, supervision signals, control mechanisms, and optimization
objectives. Therefore, to provide a structured understanding of this rapidly growing body of work,
we adopt an interaction-centric taxonomy that categorizes methods according to the functional role
of language models within restoration pipelines, while model families are treated as an orthogonal
dimension. The interaction-centric taxonomy is described below:

Definition 1: Interaction Interface of Foundation Models in Restoration

We characterize the involvement of FMs in IR through an interaction interface tuple:
T = (I/ O/ g)/

where 7 represents the interaction interface between the FM and the restoration pipeline.

(1) Input space: Z denotes the modalities consumed by the FM, including degraded images,
textual instructions, intermediate features, or auxiliary evaluation signals.

(2) Output space: O denotes the signals produced by the FM that influence the restoration
pipeline, such as semantic embeddings, conditioning signals, differentiable loss terms, restora-
tion plans, or scalar rewards.

(3) Coupling function: G specifies how O is integrated into the restoration process, including
feature-level conditioning, optimization-level supervision, and execution-level control.

Based on this interface formulation, we distinguish different paradigms according to the dominant
interaction type as follows:

In practice, certain tendencies can be observed: VLMs are often used for representation-level
conditioning, whereas MLLMs are more frequently involved in higher-level decision-making, such
as planning and control. Nevertheless, these associations are not strict, and the same interaction
paradigm can be realized with different types of foundation models. To maintain clarity, each method
is categorized according to its primary functional influence, although practical systems may exhibit
hybrid characteristics across multiple interaction levels.

Figure 4 illustrates the evolution of representative language-driven IR approaches from 2023 to
Jan. 2026. In the following subsections, we review each interaction category in detail, summarizing
representative methods, core design strategies, as well as their respective strengths and limitations.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Categories of language-driven image restoration paradigms. We categorize existing language-driven
image restoration frameworks into seven representative prototypes. Specifically, feature-level coupling paradigms
include: (a) representation reuse, (b) degradation-aware conditioning, (c) semantic conditioning, and (d) global
context conditioning. Optimization-level coupling paradigms are categorized into two types: (e) loss-driven
optimization and (f) reward-driven optimization. Finally, execution-level coupling paradigms include (g) planning-
based execution.
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Figure 4. Timeline of representative language-driven IR approaches from 2023 to Jan. 2026. Marker colors
denote different interaction paradigms defined in our taxonomy, including feature-level, optimization-level, and
execution-level coupling, while marker shapes further distinguish specific interaction types within each category.

3.2. Feature-Level Coupling

Representation Reuse. Representation reuse directly integrates representations from pretrained
FMs into restoration backbones, typically by replacing the visual encoding stage. In this paradigm, the
pretrained model acts as a fixed feature extractor that provides robust and semantically aligned priors
to guide downstream reconstruction. A representative example is CLIP-based feature reuse. During
CLIP pretraining, visual representations are optimized to align with text semantics that inherently lack
high-frequency details. As a result, these representations tend to overlook noise and are less affected
by degradation perturbations, providing more robust guidance for restoration.

For instance, CLIPDenoising [103] incorporates a frozen CLIP [104] visual encoder together with
a learnable denoising decoder. By leveraging the distortion-invariant and content-aware properties of
CLIP’s dense visual features, the method demonstrates promising out-of-distribution generalization
under unseen conditions.

Degradation-Aware Conditioning. Degradation-aware conditioning introduces degradation-
specific signals, such as type, severity, or mixture, derived from FMs into the restoration pipeline to
guide feature modulation. These signals are projected as conditioning inputs to adapt the restoration
process to diverse and potentially unseen degradations.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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LDP [105] utilizes text-aligned embeddings to describe blur attributes, allowing restoration mod-
els to adjust internal feature representations. GPP-LLIE [106] introduces a generative perceptual prior
by extracting high-level attributes from LLaVA [44]. In AiO multi-degradation restoration, UniPro-
cessor [107], VLU-Net [67], and AllRestorer [108] exploit textual priors to identify and handle mixed
degradations. Furthermore, InstructIR [34] employs natural-language instructions to unify multiple
restoration tasks into a single model. DiffRes [109] leverages BLIP-2 [110] to encode degradation
information through feature difference instructions. RectiWeather [111] models degradation conditions
by estimating weather-related attributes from images and uses these signals to modulate the restoration
process. In hyperspectral restoration, MP-HSIR [112] integrates spectral prompts with language—visual
prompts, where spectral representations provide low-rank priors and language signals encode degra-
dation characteristics. PromptHSI [113] further represents degradation factors through prompts to
support a universal hyperspectral restoration model.

Beyond feed-forward architectures, degradation-aware conditioning has also been widely adopted
in diffusion-based frameworks. DA-CLIP [114] explores controllable adaptation of VLM representa-
tions for multi-task restoration. Methods such as AutoDIR [115], SPIRE [116], and MPerceiver [117]
encode degradation descriptors into language-aligned embeddings for diffusion conditioning. VLM-
SSR [118] introduces CLIP-derived features to guide real-world super-resolution.

Semantic Conditioning. Semantic conditioning incorporates high-level semantic signals gen-
erated from FMs into the restoration process to guide content-aware feature modulation. Un-
like degradation-aware conditioning, which focuses on characterizing degradation attributes, this
paradigm emphasizes the extraction and utilization of semantic information, such as structural layouts,
textures, and scene descriptions, to improve perceptual fidelity and detail reconstruction.

CLIP-SR [119] couples linguistic guidance with image feature processing to refine structure
and textures for super-resolution. VLM-IMI [120] further explores instruction-based guidance by
generating textural descriptions from the input images and user prompts. Additionally, TPGDiff [121]
extends this idea by incorporating VLM-generated degradation priors into a hierarchical multi-prior
formulation, constraining the diffusion trajectory at multiple stages. Semantic conditioning has also
been explored in more structured learning frameworks. LLMRA [68] employs an MLLM [122] to
perform a high-level description of image content, which is then mapped into a language-aligned
embedding space via a pretrained CLIP text encoder to guide restoration. PromptFix [123] utilizes
a combination of LLaVA [44] together with a pretrained CLIP visual encoder to extract semantic
cues, which are used as auxiliary prompts to guide an instruction-driven diffusion restoration model.
While both LLMRA and PromptFix adopt similar language-guided pipelines, they differ in the role of
semantic signals. In LLMRA, language-derived representations are integral to the restoration process,
whereas in PromptFix, they act as an auxiliary enhancement that complements a generative prior.

Global Context Conditioning. Global context conditioning introduces high-level signals that
summarize the overall state of the input and provide holistic guidance for restoration. These signals
are derived from aggregated information, such as degradation categories, scene-level descriptions, or
perceptual quality assessments. In practice, these global signals are encoded into embeddings and
fused into the restoration network, where they act as conditioning features that guide the recovery
process.

ClearAlR [66] exemplifies this paradigm by integrating multiple language-driven modules to con-
struct complementary global guidance signals. A VLM-based task identifier [114] encodes degradation
categories into prompt-like embeddings, while an MLLM-based IQA module [45] produces perceptual
quality scores that are further transformed into conditioning features. Together with semantic guidance
modules, these signals are injected into the restoration backbone to refine features.

3.3. Optimization-Level Coupling

Loss-Driven Optimization. Loss-driven optimization incorporates language-derived signals into
the training objective by formulating them as auxiliary loss terms. In this paradigm, FMs provide
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high-level perceptual or semantic supervision, complementing conventional reconstruction losses and
optimizing the restoration process.

In structured medical imaging, LEDA [124] enforces consistency between perceptual representa-
tions and semantic tokens through a language-informed codebook, while LangMamba [125] integrates
language-aligned features into a Mamba-based backbone for efficient CT denoising. In adversarial
settings, methods such as NeRCo [126] and SeD [127] condition discriminators on VLM-derived
representations, introducing semantic-aware discriminative signals that complement adversarial ob-
jectives. This paradigm is particularly effective in scenarios where paired ground-truth data are
limited or unavailable. For instance, in underwater image enhancement [128], a FLIP [129]-pretrained
text encoder encodes high-level quality concepts via textual prompts, and the resulting similarity
scores are incorporated as perceptual loss terms alongside reconstruction objectives. Furthermore,
Perceive-IR [130] enables fine-grained quality control through CLIP-aligned prompt learning and
difficulty-adaptive supervision.

Despite these advantages, the supervision provided by FMs is often global, which may limit
sensitivity to localized artifacts and make performance dependent on prompt design and model
expressiveness. Closely related but conceptually distinct from loss-driven optimization, some recent
works employ MLLMs as perceptual evaluators to generate pseudo-label supervision for restoration
training, rather than directly incorporating language-derived signals into the optimization objective.
For example, SnowMaster [56] leverages MLLM-derived perceptual preference feedback to rank
candidate desnowing results and uses the selected outputs as pseudo-labels to support semi-supervised
training on real-world snowy images.

Reward-Driven Optimization. Reward-driven optimization treats foundation models as per-
ceptual evaluators that provide feedback signals to guide restoration behavior. Rather than defin-
ing explicit reconstruction losses, this paradigm leverages reward signals, scoring mechanisms, or
evaluator-based feedback to shape optimization or decision policies, shifting the objective from pixel-
level fidelity toward perceptual quality.

MOERL [131] formulates image restoration as a reinforcement learning problem, where a Mixture-
of-Experts (MoE) model is optimized using perceptual rewards to adaptively handle complex and
mixed degradations without requiring explicit labels. In contrast, SimpleCall [132] employs a
lightweight agent that sequentially invokes restoration tools based on MLLM-derived feedback,
enabling policy learning in a label-free setting without relying on ground-truth supervision.

3.4. Execution-Level Coupling

Planning-Based Execution. Planning-based execution assigns foundation models the role of
high-level controllers that organize the restoration process. Instead of providing auxiliary conditioning
signals, FMs structure restoration as a sequential decision procedure, where degradations are identified,
tasks are decomposed, and restoration operations are scheduled. In this setting, FMs orchestrate the
execution logic, while task-specific restoration networks are responsible for pixel-level reconstruction.

Early works such as RestoreAgent [133] and AgenticIR [37] demonstrate this paradigm by en-
abling MLLMs to determine restoration tasks and execution sequences. Subsequent studies improve
planning stability and efficiency. Q-Agent [134] employs chain-of-thought reasoning [135] to decom-
pose multi-degradation perception and adopts quality-driven greedy planning based on NR-IQA,
effectively mitigating unnecessary rollbacks. To enhance scalability and robustness, later works extend
this paradigm to multi-agent systems. MAIR [136] introduces a scheduler—expert hierarchy that
separates degradation perception from restoration execution, while Hybrid Agent [137] employs col-
laborative agents to balance planning accuracy and computational cost. Specialized frameworks such
as 4KAgent [58] adapt planning-based execution to ultra-high-definition restoration scenarios. System-
level approaches, including Clarity ChatGPT [138] and JarvisIR [36], further emphasize interactive
refinement and robustness in real-world settings.
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4. Experiments

In this section, we summarize representative datasets widely used in language-driven IR frame-
works across different tasks. We then review commonly adopted IQA metrics, covering both classical
and recent language-driven evaluation paradigms. Together, these datasets and metrics provide a
comprehensive view of current benchmarks and evaluation practices for language-driven IR.

4.1. Datasets

Existing language-driven IR studies commonly adopt subsets of established restoration bench-
marks, as summarized in Table 2 and Table 3. These datasets vary substantially in scale, spatial
resolution, scene diversity, and data-acquisition protocols, spanning both real-world captures and
synthetically generated degradations. While synthetic datasets offer controllability and scalability,
they may inadequately capture the ambiguity, complexity, and stochastic characteristics of real-world
degradations. This discrepancy becomes particularly critical in language-driven frameworks, where
degraded understanding relies on semantic representations that are inherently sensitive to contextual
variations.

On the other hand, recent language-driven restoration frameworks increasingly require datasets
that explicitly model image-language interactions. However, as shown in Figure 5, most datasets con-
sist primarily of degraded-clean image pairs while rarely providing structured linguistic annotations
describing degradation characteristics or perceptual attributes. The absence of structured language
annotations may introduce inconsistencies when training or evaluating language-driven restoration
models. To bridge this gap, PromptFix [123] constructs a large-scale instruction-following dataset
that contains approximately 1.01 million input-goal-instruction triplets across diverse low-level tasks.
Furthermore, in safety-critical applications such as autonomous driving, CleanBench [36] defines an
instruction sample as a triplet, consisting of a user instruction, a degraded image, and a response. Such
datasets reflect a paradigm shift in which restoration is formulated not only as pixel reconstruction
but also as a language-conditioned generation problem. Despite these initial explorations, restoration
datasets with captions are still underexplored.

[ Real [ Synthetic
Real (Caption/Text) Synthetic (Caption/Text)
Denoising{______[]
Deraining I T
Dehazing{ [ ]
Desnowing 1]
Deblurring {_[_]
LLIE{_ ]
1

SR {
Underwater 1
Medical-IR{_]

Composite{ V4 VA
0 10 20 30 40
#Datasets

Figure 5. Distribution of datasets across restoration tasks. Bars indicate the number of datasets per task,
distinguishing real-world and synthetic datasets. Hatched segments denote datasets accompanied by textual or
caption annotations. SR denotes super-resolution.
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Table 2. Summary of datasets used in VLM- and MLLM-based image restoration.  and s denote real and synthetic

7

data, respectively; indicates unavailable train/test splits. LR and HR refer to low- and high-resolution.

Task Dataset Year Type Domain Training/Testing Description

Kodak24 [139] 1999 T Natural -/24 Clean color images
McMaster [140] 2011 r Natural -/18 18 high-quality color images
CBSD68 [141] 2001 r Natural -/68 68 clean natural images with different noise levels
Urban100 [142] 2015 r Natural -/100 100 high-resolution urban scenes with repetitive structures

Denoisin DIV2K [143] 2017 r Natural 800/100 1000 high-resolution images

& SIDD [144] 2018 r Natural -/160 Real-noise image pairs with clean ground truth

PolyU [53] 2018 r Natural -/40 Real-noise paired dataset with 40 scenes
WED [145] 2016 r&s  Natural 4744 /- Waterloo Exploration Database
BSD400 [146] 2010 r Natural 400/- Training subset from BSD500
Mayo-2016 [26] 2016 r Medical 4800/1136 Paired normal-dose and simulated quarter-dose abdominal CT
Rain100L [147] 2017 s Natural 200/100 Images with light rain effect
Rain100H [147] 2017 s Natural 1800/100 Images with heavy rain conditions
Rain800 [148] 2019 s Natural 700/100 Images with diverse rain patterns
Rain1400 [149] 2017 s Natural 12600/1400 14 rain streak types

Deraining Raindrop [150] 2018 T Natural 1069/58 A paired raindrop dataset captured using dual identical glass setups
Outdoor-Rain [151] 2019 r&s  Natural 9000/1500 A synthetic outdoor rain dataset with streak and accumulation effects
RainDS [152] 2021 r&s  Natural -/5800 Paired deraining dataset organized as a 4-image set
SSID [153] 2022 r&s  Natural 47600/200 Semi-supervised image deraining sets
LHP [54] 2023 r Natural 2100/300 Largest paired real rain dataset with 1920 x 1080 image resolution
FoggyCityscapes [154] 2018 s Natural 2975/1525 Paired foggy and clear images
ACDC [155] 2021 r Natural 1600/2400 Real-world images captured under adverse conditions

Dehazing RESIDE [156] 2018 T Natural 86125/4842 Real and synthetic data across indoor and outdoor scenarios

NH-HAZE [55] 2020 r Natural 45/5 A real paired outdoor dehazing set with non-homogeneous haze
Dense-Haze [157] 2019 r Natural 45/5 A real paired dehazing dataset for dense, homogeneous haze

Desnowing RealSnow10K [56] 2025 r Natural 6406/1047 Real-world snow removal dataset
Snow100K-L [12] 2018 s Natural 1872/601 A single-image snow removal benchmark
DPD-blur [14] 2020 r Natural 350/150 500 real defocus blur image pairs
DPD-disp [158] 2020 r Natural -/350 Reuse the checkpoints trained on the DPD-blur dataset

Deblurring DDD-syn [159] 2021 s Natural 10000/1000 Synthetic deblurring dataset with paired blurry and sharp images
RDPD [160] 2021 s Natural 18000/1000 Images captured using a dual-pixel camera
GoPro [15] 2017 r&s  Natural 2103/1111 Paired images generated from real high-frame-rate GoPro videos
LOL-v1 [17] 2018 r Natural 485/15 Paired low-light and normal-light under controlled conditions
LSRW [57] 2023 r Natural 445/50 Paired low-light LR with normal-light HR
DICM [161] 2013 r Natural -/64 Low light images without ground truth for visual comparison
NPE [162] 2013 T Natural -/85 Unpaired low light images

LLIE VV [163] 2018 r Natural -/24 24 real-world unpaired low light images
LOL-v2-real [18] 2021 r Natural 689/100 Real paired low-light sets
LOL-v2-syn [18] 2021 s Natural 900/100 Synthetic paired low-light sets
MEEF [164] 2015 r Natural -/17 Multiple images with different exposure levels for the same scene
SICE [165] 2018 r Natural 360/229 Multiple reference images of different enhancement levels
LIME [166] 2016 T Natural -/10 10 images without ground truth
Set5 [167] 2021 T Natural -/5 5 real-world natural images
Set14 [168] 2010 r Natural -/14 14 real-world natural images
Mangal09 [169] 2017 r Natural -/109 109 real-world manga images
CelebA [170] 2015 T Natural 162770/19867 Images with 40 binary attributes
RealSR [171] 2019 r Natural -/35 Real-world low-and high-resolution image pairs
DrealSR [172] 2020 r Natural =/93 93 aligned LR-HR image pairs
DIV2K-Val [173] 2024 r Natural -/100 3K patches from the DIV2K validation set
Super Resolution  RealSRSet [174] 2021 r Natural -/20 Contains images captured in practical scenarios

DIV4K-50 [58] 2024 r Natural -/50 256 x 256 distorted images paired with 4096 x 4096 counterparts
DiffusionDB [175] 2023 s Natural -/100 Text-to-image prompt gallery sets
AID [176] 2017 r Natural -/135 Aerial image dataset
DIOR [177] 2019 r Natural -/154 Object detection in optical remote sensing images
DOTA [178] 2018 r Natural -/183 Dataset for object detection in aerial images
bcSR [179] 2023 r Medical -/200 Pathology images patches from breast cancer whole slide images
US-Case [180] 2025 r Medical -/111 Ultrasound cases

Table 3. Summary of datasets used in VLM- and MLLM-based image restoration. r and s denote real and synthetic

V7R

data, respectively; indicates unavailable train/test splits. LR and HR refer to low- and high-resolution.

Task Dataset Year Type Domain Training/Testing Description
UIEB [23] 2019 r Underwater 800/90 Underwater image enhancement benchmark
Underwater EUVP [24] 2019 r Underwater 20000/- Include both paired and unpaired samples
RUIE [181] 2020 r Underwater -/4230 Real-world underwater image enhancement
PromptFix [123] 2024 r&s Natural 101320/- Paired input-goal-instruction triplets spanning 7 tasks
MiO100 [61] 2024  r&s Natural -/700 Each image is degraded with 7 single degradation types
AgenticIR [37] 2025 r&s Natural -/1440 16 mixed-degradation combinations (2-3 types)
CleanBench [36] 2025 r&s Natural 150000/80000 A large-scale, high-quality instruction-response
Composite MSRS [182] 2022 r Natural 1163/361 A multi-spectral IR-VIS paired set
FMB [183] 2023 r Natural 1220/280 1500 aligned pairs
CDD-11 [184] 2024 r&s Natural 13013/2200 1080 x 720 images selected from the RAISE dataset
TOLED [185] 2021 r Natural 240/30 A real paired under-display camera restoration set
AVIRIS [186] 2024 r HSI 1678/200 Airborne visible/infrared imaging spectrometer
ARAD [187] 2022 r HSI 1000/- A large natural spectral image set
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4.2. Evaluation Metrics

Existing IQA methods and evaluation protocols are summarized in Table 4 and Table 5, covering
both conventional and language-driven assessment paradigms.

Table 4. Taxonomy of Image Quality Assessment Methods. Language-driven NR-IQA methods are categorized
based on the functional role of language, including alignment, reasoning, and scoring paradigms. GT indicates
whether references are required.

Category Sub-category Representative Methods GT Usage

PSNR, SSIM [38], FSIM [188], MAE, MSE,
RMSE, ERGAS [189]

Full-Reference ¢ oo pced LPIPS [40], DISTS [81], CKDN [82], AHIQ [83],

Non-Learning-Based V' Pixel-level fidelity or structural consistency

V' Feature-based perceptual similarity

TOPIQ-FR [84]
Distribution-based FID [190] v Feature-space distribution alignment
Hand-Crafted BIRIEOIIE (161, NIQIE 13, IR0k ) X Blind perceptual quality estimation

LOE [162], PI[191]

MUSIQ [88], MANIQA [90], NIMA [89], Hy-
Learning-Based perlQA [91], PAQ2-PIQ [192], DBCNN [193], x  Learning-based NR-IQA
TOPIQ-NR [84], CNNIQA [92]
CLIP-IQA [41], QualiCLIP [43], LIQE [194],
SCUIA [195], PromptIQA [196], GRMP-
IQA [197], ATTIQA [198], CAP-IQA [199],

Alignment-Based x  Language as representation for perceptual alignment

No-Reference SFD [200], UniQA [201], RALI [202]
DepictQA  [95], DepictQA-Wild [203], Language-driven quality understanding, expla-
Reasoning-Based IQAGPT [204], Co-Instruct [205], Q- x  nation, grounding, and decision-making

Ground [97], SEAGULL [96], AgenticIQA [48]
Q-Align [46], DeQA-Score [45], Dog-

Scoring-Based IQA [206], Q-Scorer [98], Compare2Score [94], x  Language-guided quality scoring and calibration
Q-Insight  [207], Q-Ponder [208], Q-
Hawkeye [209], LEAF [210]

Resources / Benchmarks Q-Bench [211], Q-Bench®™ [212], Q- x Benchmark datasets and instruction resources for
Instruct [93] IQA

Table 5. Evaluation protocols for IQA, including human-aligned, task-oriented, and text-based evaluation criteria.

Category Sub-category Representative Methods GT Usage

PLCC, SRCC, KRCC [213], Weighted

Kappa [214], Percent Agreement

Task-Oriented Precision, Recall, F1, mIoU, Accuracy [95] V' Downstream task performance

Protocols Text-Based BLEU-N [215], ROUGE-L [216], ME-
TEOR [217], CIDEr [218]

Human-Aligned Correlation with human subjective perception

Evaluation

v Textual or semantic fidelity evaluation

Conventional IQA metrics. Image restoration performance is traditionally evaluated using
IQA metrics that measure fidelity or perceptual similarity between restored images and references.
Full-reference IQA metrics, such as PSNR [39], SSIM [38], FSIM [188], and MAE, quantify pixel-level or
structural consistency with ground-truth images. Learning-based metrics (e.g., LPIPS [40], DISTS [81],
CKDN [82], and AHIQ [83]) assess perceptual similarity in deep feature spaces and exhibit improved
correlation with human judgments. When reference images are unavailable, no-reference IQA met-
rics are commonly adopted, ranging from hand-crafted statistical measures (e.g., BRISQUE [85],
NIQE [86], and PIQE [87]) to learning-based models such as MUSIQ [88] and MANIQA [90]. In
addition, distribution-based metrics like FID [190] are often used to evaluate feature distribution
alignment between restored and real images, particularly in generative restoration scenarios.

Compared with conventional IQA metrics, recent studies have explored language-driven evalu-
ation paradigms that leverage VLMs and MLLMs. These approaches introduce language as a new
modality for modeling perceptual quality, enabling assessment through various mechanisms. Based
on the functional role of language, existing methods can be broadly categorized into alignment-based,
reasoning-based, and scoring-based IQA.

Alignment-Based IQA. This type of IQA maps images into a language-informed representation
space. In this paradigm, textual descriptions, prompts, or attribute embeddings serve as anchors to
encode quality semantics, and image quality is inferred through similarity, ranking, or conditional
modeling within this shared space.
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Early studies, such as CLIP-IQA [41], demonstrate that quality perception can be formulated as a
prompt-driven similarity-comparison problem using antonym prompt pairs (e.g., good vs. bad). Sub-
sequent works extend this principle in various directions. QualiClip [43] proposes a self-supervised,
opinion-unaware approach via quality-aware image—text ranking to learn distortion-sensitive rep-
resentations. PromptIQA [196] further enables requirement-adaptive assessment by incorporating
a small set of image-score pairs as prompts. In addition, GRMP-IQA [197] improves data efficiency
through meta-prompt learning with gradient regularization, and ATTIQA [198] addresses annotation
scarcity through attribute-aware pretraining using pseudo-labels generated by VLMs.

Beyond prompt-based modeling, LIQE [194] establishes a unified vision-language correspon-
dence framework to jointly model semantics, distortions, and quality, while UniQA [201] proposes
a multimodal pretraining strategy bridging quality assessment and aesthetic evaluation. SFD [200]
further explores semantic feature discrimination as a proxy for quality estimation. In domain-specific
settings, SCUIA [195] incorporates semantic-aware contrastive learning for underwater IQA. CAP-
IQA [199] integrates text priors with image-specific context for task-aware scoring. Finally, RALI [202]
aligns images with quality-aware textual representations distilled from RL-based IQA models, and pre-
dicts image quality by similarity matching in the learned text space, thereby preserving generalization
without requiring LLM reasoning during inference.

Reasoning-Based IQA. Reasoning-based IQA methods formulate quality assessment as an in-
ference process, where perceptual quality is derived through language-driven analysis, explanation,
or decision-making. Instead of directly predicting scores, these methods leverage MLLMs to per-
form structured reasoning, such as descriptive assessment, comparative judgment, or region-level
grounding, to approximate human-like evaluation.

Representative frameworks such as DepictQA [95] and DepictQA-Wild [203] formulate IQA as de-
scriptive and comparative language-based reasoning, enabling human-like assessment. IQAGPT [204]
adopts a caption-driven pipeline to jointly produce quality scores and natural-language explanations.
Beyond global reasoning, SEAGULL [96] introduces region-aware quality reasoning via SAM-guided
feature modeling, while Q-Ground [97] enables fine-grained visual grounding for quality analysis.
Co-Instruct [205] further explores open-ended comparative reasoning, allowing MLLMs to generate
detailed quality comparisons. Moreover, AgenticIQA [48] advances this paradigm by modeling IQA
as a structured decision-making process with planning, execution, and aggregation stages, moving
beyond single-pass inference toward agent-based evaluation.

Scoring-Based IQA. Scoring-based IQA methods aim to predict scalar quality scores through
direct or learned mappings from images to quality ratings, often enhanced by preference learning,
distribution modeling, or distillation strategies.

In particular, Q-Align [46] discretizes subjective scores to a one-hot label to emulate the human
judgment process. In contrast, DeQA-Score [45] improves quality prediction by modeling score
distributions as soft labels, and Q-Scorer [98] explicitly adapts multimodal representations for direct
scalar quality prediction. In addition, Dog-IQA [206] introduces a standard-guided discrete scoring
mechanism combined with mix-grained global-local quality aggregation. To address label efficiency,
LEAF [210] decouples perceptual knowledge from MOS calibration via distillation.

On the other hand, the comparison-derived scoring framework Compare2Score [94] derives con-
tinuous scores from adaptive pairwise comparisons. Q-Insight [207] integrates reinforcement learning
with preference modeling, while Q-Ponder [208] introduces explicit joint optimization objectives for
both scoring and reasoning. Q-Hawkeye [209] further improves robustness through uncertainty-aware
policy optimization.

Resources and Benchmarks. In addition to standalone IQA methods, recent efforts have focused
on constructing benchmarks and instruction datasets to evaluate and enhance the perceptual reasoning
capabilities of multimodal models. These resources provide standardized evaluation protocols and
training signals for language-driven IQA.
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For instance, Q-Instruct [93] and Q-Bench [211,212] focus on improving and evaluating low-level
perceptual reasoning capabilities of FMs, underscoring the importance of instruction tuning and
benchmarking.

Comparison: Conventional vs. Language-Driven Evaluation. Conventional IQA metrics and
language-driven evaluation reflect different yet complementary assessment paradigms. Classical
full-reference measures (e.g., PSNR, SSIM) quantify pixel fidelity and structural consistency, pro-
viding deterministic and reproducible criteria. These metrics remain essential for benchmarking
reconstruction accuracy and optimization stability.

By contrast, language-driven evaluation estimates quality through multimodal similarity model-
ing, preference reasoning, and language-conditioned quality interpretation. Instead of directly mea-
suring pixel fidelity, these approaches estimate quality through mechanisms such as prompt-driven
image-text alignment, pairwise comparison, distribution-aware score modeling, and reasoning-guided
scoring. Such evaluation strategies are particularly relevant for generative restoration, mixed degra-
dations, and no-reference scenarios. Unlike conventional metrics, language-driven approaches may
favor semantic plausibility or contextual consistency.

Importantly, language-driven evaluation should not be interpreted as a direct replacement for
conventional IQA metrics, but rather as a complementary perceptual assessment mechanism. Con-
ventional metrics ensure numerical stability and comparability, whereas language-driven evaluators
capture complementary perceptual and semantic cues. Recent studies [37,116,132] increasingly adopt
hybrid evaluation protocols that combine deterministic fidelity measures with language-driven per-
ceptual assessment to achieve more comprehensive performance evaluation.

However, despite the growing interest in language-driven IQA, a unified evaluation benchmark
is still lacking. Existing methods are typically evaluated under task-specific settings, with varying
datasets and scoring strategies, making direct quantitative comparison across different works difficult.
For instance, recent studies [111,132] demonstrate the effectiveness of language-driven evaluation met-
rics within their customized experimental setups. However, such results are not directly comparable
due to differences in evaluation configurations. Overall, current evidence suggests that language-
driven metrics provide complementary insights to conventional measures. Nevertheless, establishing
standardized benchmarks for language-driven IQA remains an important open problem.

Evaluation Protocols and Criteria. In addition to direct quality prediction metrics, as shown
in Table 5, correlation-based criteria such as PLCC, SRCC, and KRCC [213] are widely adopted to
measure the consistency between model-generated assessments and human subjective ratings. These
statistics do not evaluate image quality directly but instead quantify the reliability of IQA models with
respect to human perception. Additionally, text-based metrics [215,216] are often used to evaluate the
semantic fidelity of generated descriptions and reference captions, especially in instruction-following
or explanation-based restoration frameworks.

Furthermore, several studies adopt task-oriented evaluation paradigms that assess image qual-
ity indirectly through downstream performance [97]. In this setting, restored images are treated as
inputs to high-level vision systems, such as detection, segmentation, or recognition models, where
improvements in task performance serve as proxies for quality enhancement. The underlying assump-
tion is that degradations often impair feature extraction and perception reliability, and thus, higher
downstream accuracy may indicate improved visual quality. Nevertheless, this assumption is not
universally valid. Sun et al. [219] have shown that perceptual quality and downstream performance
are not strictly causally linked. Despite these limitations, task-driven evaluation remains relevant in
application-critical domains, including medical imaging and autonomous driving, where restoration
quality is ultimately defined by its functional impact on subsequent perception or decision-making
processes.

Metrics for Language-Driven IQA Ability. While the above criteria are commonly used to
evaluate IQA outputs, they are still insufficient for systematically assessing the intrinsic IQA capa-
bilities of language-driven models. Leveraging the strong semantic understanding capabilities of
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MLLMs and VLMs for IQA has emerged as a promising and rapidly evolving research direction.
2AFC [220] provides an initial attempt by proposing consistency, accuracy, and correlation metrics to
analyze judgment robustness and alignment with human opinion scores. Despite this initial effort,
the evaluation of language-driven IQA remains largely underexplored, leaving substantial room for
further investigation.

4.3. Experimental Results

To better understand the effectiveness of different design choices, we report experimental results of
several language-driven all-in-one restoration frameworks under three commonly used experimental
settings. Table 6 presents results on three degradations: deraining, denoising (¢ = 15,25, 50), and
dehazing. Meanwhile, Table 7 extends the evaluation to five degradations by additionally including
deblurring and LLIE. Table 8 further reports performance on the single LLIE task. All results are
obtained from the corresponding original works and reported in terms of PSNR and SSIM.

Table 6. Comparison with state-of-the-art methods on three image restoration tasks. The top rows correspond to
non-language-driven approaches, while the bottom rows represent VLM-/MLLM-based methods. Performance is
reported in terms of PSNR and SSIM for each dataset.

Method Venue Params Deraining Denoising (BSD68 [141]) Dehazing Average
Rain100L [147] =15 =25 o =150 SOTS [156]

AirNet [221] CVPR'22 M 3490 0967 3392 0933 3126 0.888 28.00 0.797 2794 0962 3120 0910
IDR [222] CVPR'23 15M 3603 0971 33.89 0931 31.32 0.884 28.04 0.798 29.87 0970 3183 0911
PromptIR [33] NeurIPS'23 33M 3637 0972 3398 0933 3131 088 2806 0799 3058 0974 32.06 0913
AdalR [223] ICLR’25 29M 3864 0983 3412 0934 3145 0.892 2819 0.802 31.06 0980 32.69 0918
DSwinlR [224] T-PAMI'25 24M 3773 0983 3412 0933 3159 0890 2831 0803 31.86 0980 32.72 0917
VIVNet [225] T-PAMI26  742M 3847 0983 3416 0936 3150 0.893 2824 0806 3219 0982 3291 0.920
InstructIR-3D [34] ECCV’24 16M 3798 0978 3415 0933 31.52 0.890 2830 0.803 3022 0.959 3243 0913
VLU-Net [67] CVPR'25 35M 3893 0984 3413 0935 3148 0.892 2823 0.804 30.71 0980 3270 0.919
Perceive-IR [130] ~ T-IP'25 42M 3829 0980 3413 0934 3153 0.890 2831 0.804 30.87 0975 32.63 0917
ClearAlIR [66] AAATI'26 31IM 3861 0984 3418 0935 3150 0.891 2831 0.804 31.08 0981 3274 0919

Table 7. Comparison with state-of-the-art methods on five image restoration tasks. The top rows correspond to
non-language-driven approaches, while the bottom rows represent VLM-/MLLM-based methods. Performance is
reported in terms of PSNR and SSIM for each dataset.

Method Venue Params Dehazing Deraining Denoising Deblurring LLIE Average
SOTS [156]  Rainl00L [147] BSD68,—_»5 [141] ~ GoPro [15] LOL [17]

AirNet [221] CVPR'22 M 21.04 0.884 3298 0951 3091 0.882 2435 0781 1818 0.735 2549 0.847
IDR [222] CVPR’23 15M 2524 0943 3563 0965 31.60 0.887 2787 0846 2134 0.826 2834 0.893
PromptIR [33] NeurIPS'23 33M 2654 0949 3637 0970 3147 0.886 2871 0.881 2268 0.832 29.15 0.904
AdalR [223] ICLR25 29M 30.53 0978 3802 0981 3135 0.888 28.12 0.858 23.00 0.845 30.20 0.910
DSwinlR [224] T-PAMI'25 24M 30.09 0975 3777 0982 3134 0.885 29.17 0879 2264 0843 3020 0913
VIVNet [225] T-PAMI'26  742M 31.85 0982 38.67 0984 31.46 0.892 2850 0.866 23.03 0.857 30.70 0.916
DA-CLIP [114] ICLR24 125M 2628 0939 3591 0972 2577 0.653 2881 0.882 2257 0.832 29.23 0.898
DiffRes [109] CVPR25 45M 2723 0958 3725 0979 3207 0.890 29.33 0.883 2313 0.843 2978 0911
InstructIR-5D [34] ECCV’24 16M 2710 0956 36.84 0973 3140 0.887 2940 0.886 23.00 0.836 29.55 0.907
VLU-Net [67] CVPR25 35M 30.84 0980 3854 0982 3143 0.891 2746 0.840 2229 0.833 30.11 0.905
Perceive-IR [130]  T-IP'25 92M 2819 0964 3725 0977 3144 0.887 2946 0.886 22.88 0.833 29.84 0.909
ClearAlR [66] AAAT'26 31M 30.12 0978 3820 0982 3153 0.888 29.67 0.887 2283 0.846 3045 0916
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Table 8. Performance comparison with state-of-the-art approaches on the LOL-v1 [17] dataset.

Method Venue PSNR SSIM
RetinexFormer [30] ICCV’23 25.16  0.845
LLFormer [226] AAAT'23 23.65 0.8163
CWNet [227] ICCV"25 23.60  0.8496
RetinexDiff++ [228] T-PAMI'25 24.67 0.867
LLMRA [68] ECCV24 23.30  0.846
DA-CLIP [114] ICLR"24 23.40 0.811
DiffRes [109] CVPR’25 2455  0.839
Perceive-IR [130] T-IP’25 23.79  0.841

Under the three-degradation setting (Table 6), language-driven restoration frameworks exhibit
comparable overall performance. For instance, VLU-Net [67] achieves the highest deraining PSNR
(38.93 dB), whereas ClearAIR [66] exhibits more consistent cross-task behavior, maintaining stable
performance across deraining, denoising, and dehazing. A similar trend is observed in the five-
degradation setting (Table 7), where ClearAIR achieves the best average performance compared to
other language-driven approaches. In contrast, on the single-task LLIE benchmark (Table 8), task-
specific non-language-driven methods such as RetinexFormer [30] (25.16 dB) and RetinexDiff++ [228]
(24.67 dB) outperform most language-driven models in terms of PSNR.

These observations suggest that, although language-driven frameworks enhance flexibility and
generalization in multi-degradation scenarios, their advantages in specialized tasks remain limited.
Moreover, gains in pixel-level fidelity (e.g., PSNR) remain limited. This is because language-driven
methods focus more on semantic alignment and user intent than on distortion minimization. This
leads to a mismatch between current evaluation protocols and the goals of language-driven restoration.
Moreover, language-driven IQA metrics are rarely included in existing benchmarks, highlighting the
need for evaluation frameworks that jointly consider fidelity, semantic correctness, and user-oriented
restoration quality.

5. Discussion and Open Challenges

Although the integration of VLMs and MLLMs has driven the development of IR frameworks,
it has introduced new capabilities while simultaneously giving rise to additional challenges. In this
section, we analyze key open challenges in language-driven methods, focusing on generalization, com-
putational efficiency, cross-paradigm trade-offs, evaluation reliability, dataset design, high-dimensional
representations, and trustworthiness. We further discuss potential research directions that may help
address these challenges and inform future developments in language-driven restoration systems.

5.1. Generalization and Robustness

In real-world scenarios, degradations are often complex, mixed, or poorly defined, making gener-
alization and robustness persistent challenges for IR, even when incorporating semantic priors and
degradation-aware guidance via VLMs and MLLMs. Specifically, while VLM- or MLLM-derived
representations provide high-level semantic context, they do not fully eliminate sensitivity to degrada-
tion variations. Second, language-driven frameworks frequently rely on textual descriptions, prompt
formulations, or semantic interpretations to characterize degradation types [68,120,123]. Such de-
pendencies may lead to inconsistent restoration behaviors due to linguistic variability and prompt
sensitivity. Moreover, language models themselves may exhibit hallucinations and domain biases
inherited from large-scale pretraining, which can affect degradation understanding and guidance
reliability.

One potential solution involves prompt-invariant modeling, such as template-based or struc-
tured prompts, to reduce instability caused by diverse linguistic formulations. Another direction is
uncertainty-aware restoration, where degradation cues are accompanied by confidence estimates to im-
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prove robustness against hallucination-induced errors. Despite these emerging strategies, developing
principled mechanisms for handling degradation ambiguity, prompt variability, and language-model
uncertainty remains an important challenge for future research.

5.2. Computational Efficiency

While language-driven IR frameworks introduce enhanced semantic awareness and perceptual
reasoning capabilities, computational efficiency remains a central challenge. The computational burden
arises from multiple sources. First, pretrained VLMs and MLLMs typically contain a large number
of parameters, making semantic feature extraction and cross-modal reasoning inherently expensive.
Additional conditioning and reasoning mechanisms further increase memory consumption. Moreover,
agentic paradigms often require multiple reasoning iterations, candidate evaluations, or tool invocation
loops, leading to high latency and inference cost.

Recent studies have explored several strategies to mitigate these efficiency bottlenecks. For
example, policy optimization [132] and dynamic routing mechanisms [134] have been applied to
reduce unnecessary reasoning and model invocation steps. Hybrid designs [137] further improve
efficiency by restricting expensive language-driven computation to critical stages. Despite these
advances, computational efficiency remains a key challenge for practical deployment. Future research
may focus on developing compact multimodal models tailored for restoration tasks as well as reducing
redundancy in cross-modal representations through mechanisms such as knowledge distillation or
token reduction. In addition, resolution-adaptive architectures present a promising direction, enabling
language-driven reasoning to operate at coarse semantic scales while preserving high-resolution
reconstruction within lightweight visual backbones.

5.3. Cross-Paradigm Trade-offs

Existing language-driven approaches are built upon fundamentally different interaction paradigms,
leading to inherent trade-offs in system design. A fundamental distinction lies in how VLMs and
MLLMs participate in the restoration process, ranging from static guidance to iterative involvement.
In static paradigms, language information is incorporated once through fixed embeddings, prompts,
or auxiliary objectives, resulting in stable and computationally efficient pipelines. However, such
limited involvement restricts adaptability, as the restoration process cannot revise its behavior during
inference. In contrast, interactive paradigms repeatedly engage language models during restoration,
enabling dynamic reasoning, planning, and execution. This allows better handling of complex or mixed
degradations and supports more flexible restoration strategies. Nevertheless, increased interaction
also introduces higher computational cost and the risk of error accumulation across multiple steps,
potentially leading to unstable outcomes.

These interaction patterns are further reflected in how language influences restoration, either
through implicit guidance (e.g., feature modulation or loss design) or explicit decision-making (e.g.,
planning, tool invocation, or agent-based control). While implicit mechanisms provide stability and
end-to-end optimization, explicit interaction offers greater interpretability and controllability at the
cost of increased system complexity.

Overall, rather than converging to a single unified framework, future research may benefit from
hybrid strategies that balance static and interactive involvement while combining implicit and explicit
forms of language guidance.

5.4. Evaluation Reliability

In contrast to traditional evaluation metrics, language-driven IQA models do not always produce
numerically stable or strictly consistent scores. Instead, they often operate in a semantic assessment
space, where quality judgments are expressed through preferences, rankings, or linguistic interpreta-
tions [95,203]. Recently, several studies [45,98] have explored MLLMs as quantitative quality scorers.
While such models demonstrate promising alighment with human perception in many scenarios, their
evaluation behavior may exhibit variability and uncertainty. In particular, assessment results can be

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


https://doi.org/10.20944/preprints202603.2366.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 April 2026 d0i:10.20944/preprints202603.2366.v2

18 of 30

sensitive to prompt formulations, where small variations in phrasing or textual context may lead to
inconsistent quality predictions. This prompt sensitivity introduces challenges for reproducibility and
comparability across evaluation settings. Moreover, score calibration remains a nontrivial challenge,
as language models are not explicitly optimized for metric-level numerical stability. This variability
becomes particularly critical when language-based IQA outputs are directly used for model selection
or benchmark comparisons.

The coexistence of conventional and language-driven IQA metrics introduces new considera-
tions regarding evaluation reliability. Future research may explore standardized prompting protocols,
confidence-aware evaluation mechanisms, and hybrid assessment frameworks that combine determin-
istic metrics with language-driven quality reasoning. Nevertheless, ensuring stable and comparable
evaluation remains an open problem.

5.5. Dataset Design for Language-Driven IR

Numerous datasets have been proposed for various restoration tasks. However, several limitations
still remain in existing datasets. Current restoration benchmarks rarely incorporate structured linguistic
annotations describing degradation characteristics or perceptual attributes. While VLMs and MLLMs
benefit from large-scale pretraining and strong semantic understanding, they may still exhibit failure
modes in complex or ambiguous scenarios. Consequently, language-driven restoration frameworks
often rely on synthetic prompts [112] or automatically generated descriptions [56,68], which can
introduce semantic inconsistencies. This highlights the importance of reliable textual supervision for
improving model stability and performance. Moreover, most restoration datasets are constructed under
predefined degradation models, which may not adequately capture the complexity or compositional
nature of real-world degradations. Such limitations may restrict the robustness and generalization
capability of language-integrated restoration systems.

Future dataset construction may benefit from multi-level annotations beyond pixel-level ground
truth, including degradation semantics, perceptual quality descriptions, and task-oriented linguistic
guidance. Furthermore, developing standardized degradation annotation protocols represents a
critical research direction for improving cross-modal consistency while reducing annotation ambiguity.
Furthermore, incorporating diverse, composed, and open-world degradations may enhance model
robustness under realistic conditions.

5.6. Leveraging Multimodal Data and High-dimensional Representations

VLMs and MLLMs enable IR frameworks to incorporate textual priors and cross-modal semantics,
opening new opportunities to exploit richer data modalities. However, existing studies mainly focus
on RGB images, while other sensing modalities remain largely underexplored, including infrared
imagery, event-based data, and depth measurements [229,230]. Integrating heterogeneous sensory
inputs may improve the interpretation of degradation, structural reasoning, and contextual consistency.
Therefore, extending language-driven restoration frameworks to these modalities presents a promising
research direction.

Beyond static images, applying language-driven restoration paradigms to high-dimensional data,
such as videos, represents another important direction for future research. Video restoration inherently
requires not only accurate frame-level reconstruction but also temporal consistency across frames. In
this context, language-driven reasoning mechanisms may provide complementary benefits by scene-
level coherence. For example, MLLMs may assist in interpreting dynamic degradation patterns [231]
or evaluating video quality to support invoking tools.

5.7. Ethics and Trustworthiness

Ethical considerations and trustworthiness have become increasingly relevant in language-driven
IR frameworks. Certain approaches rely on online inference services, which require transmitting
visual data for non-local processing [138]. Such designs may raise privacy and data security concerns,
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particularly in sensitive scenarios including medical imaging, unmanned aerial vehicle (UAV), and
autonomous driving.

Beyond data privacy, the reliability of language-driven components introduces additional chal-
lenges. MLLMs are known to exhibit hallucinations, reasoning inconsistencies, and biases inherited
from large-scale training data. When integrated into restoration pipelines, these factors may result in
incorrect degradation interpretation, unstable guidance signals, or semantically inconsistent restoration
outcomes. Unlike conventional restoration errors, failures caused by MLLMs or VLMs may be less
predictable and more difficult to attribute.

Future research may investigate privacy-preserving multimodal restoration frameworks and
robustness against hallucination-induced errors. In addition, the development of locally deployable
multimodal models [72] represents a promising direction for mitigating privacy concerns while
preserving semantic reasoning capabilities.

6. Conclusions

This survey presents a unified view of language-driven IR by systematically analyzing how VLMs
and MLLMs are integrated into restoration pipelines. Instead of categorizing methods solely by model
architecture, we introduced an interaction-centric taxonomy that characterizes the role of language
across feature-level, optimization-level, and execution-level paradigms. This perspective reveals that
recent advances in IR are not merely driven by architectural modifications, but by fundamentally new
ways of incorporating language priors into low-level vision tasks. Building on this taxonomy, we
reviewed representative language-driven IR frameworks and highlighted how language information
enables more flexible, controllable, and semantically aware restoration. We further summarized
emerging language-driven IQA methods, emphasizing their differences from conventional metrics,
particularly in capturing perceptual and contextual quality. In addition, we provided a comprehensive
overview of commonly used datasets and compared recent methods across multiple restoration tasks.

Despite these advances, language-driven IR still faces several fundamental challenges. These
include the trade-off between semantic guidance and pixel-level fidelity, limited generalization under
complex and unseen degradations, high computational cost, and the lack of reliable and standardized
evaluation protocols. Moreover, the construction of high-quality image—text paired datasets remains
underexplored, and the implementation of online MLLMs raises concerns about robustness and
trustworthiness in real-world applications. These challenges suggest that language-driven restoration
should be viewed not only as an extension of existing pipelines but as a paradigm shift that requires
rethinking both system-level model design and evaluation strategies. We further anticipate future
research directions: exploring uncertainty-aware restoration mechanisms, more efficient semantic-
guided architectures, and scalable annotation strategies for image—text paired datasets. Extending
language-driven restoration paradigms to heterogeneous modalities and high-dimensional data also
presents promising opportunities.

In summary, as language and vision models continue to develop, their integration is expected to
play an increasingly important role in bridging low-level visual restoration with high-level semantic
understanding. We hope this survey provides a clear and structured foundation for understanding
the evolving design principles of language-driven IR and encourages further investigation into this
rapidly developing research direction.s
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