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Abstract. Real-world image dehazing remains a challenging problem
due to the significant domain gap between synthetic training data and
natural haze, often leading to poor generalization. While unsupervised
Generative Adversarial Networks (GANs) attempt to bridge this gap,
they frequently suffer from training instability and hallucinatory arti-
facts. Recently, Reinforcement Learning (RL) has emerged as a promising
alternative; however, current RL-based restoration paradigms predomi-
nantly rely on diffusion models, leading to prohibitive computational
costs and ineffective exploration. To address these bottlenecks, we pro-
pose Dehaze-RL, an efficient framework tailored for unpaired real-world
dehazing. Bypassing the expensive iterative sampling of diffusion mod-
els, we design an efficient policy network to predict hybrid actions in
a Physics Hybrid Action Space. By explicitly estimating physical pa-
rameters, enhancement factors, and a gating policy map, we anchor the
agent’s exploration in reliable physical priors, effectively resolving the ex-
ploration dilemma. These components are dynamically integrated via a
gating fusion mechanism. Furthermore, we introduce a Multi-Granularity
Reward Mechanism to provide comprehensive feedback, seamlessly align-
ing the outputs with human perception without structural distortions.
Extensive experiments demonstrate that Dehaze-RL outperforms state-
of-the-art methods in both visual fidelity and quantitative metrics.
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1 Introduction

Image dehazing plays a pivotal role in computer vision, aiming to restore vis-
ibility and color fidelity from degraded observations. It serves as an essential
prerequisite for numerous high-level vision tasks, such as autonomous driving
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Fig. 1: Pipeline comparison and qualitative dehazing results. (a) and (b) contrast tra-
ditional dehazing paradigms with our proposed Dehaze-RL framework. Visual results
in (c) demonstrate that our RL refinement significantly surpasses the warmed-up base-
line in both synthetic and real-world hazy environments.

and video surveillance, where clear visual input is imperative for robust perfor-
mance. Mathematically, the haze degradation process is typically formulated by
the Atmospheric Scattering Model (ASM) [27]:

I(x) = J(x)t(x) +A(1− t(x)), (1)

where I(x) and J(x) denote the observed hazy image and the latent clean scene,
respectively. A represents the global atmospheric light, and t(x) describes the
transmission map. Early prior-based methods [7,12,53] primarily relied on hand-
crafted priors to estimate the unknown parameters (t and A), subsequently ob-
taining the dehazed result J via the ASM. However, they often struggle in com-
plex real-world scenarios, leading to inevitable color distortions and artifacts.

With the advent of deep learning [13–15], data-driven neural networks have
significantly advanced image dehazing. They generally follow two strategies: es-
timating the physical parameters of the ASM (e.g., DCPDN [47]) or learning a
direct mapping to the clear image (e.g., AOD-Net [19], DEANet [4], C2PNet [51],
and HazeFlow [34]). Despite achieving impressive results, these methods predom-
inantly rely on large-scale synthetic datasets for training. Consequently, they
often falter in real-world scenarios due to the significant domain gap between
simplistic synthetic models and the complex degradation.

To break free from the dependence on synthetic paired data and achieve
robust restoration in real-world scenarios, the community has pivoted towards
unpaired training paradigms [21,38,44,50]. Without pixel-wise supervision, these
methods typically employ Generative Adversarial Networks (GANs) [11] to align
generated outputs with the distribution of clear images. However, despite gen-
erating visually plausible results, GAN-based approaches suffer from inherent
drawbacks: (1) Training Instability: The adversarial min-max game is notori-
ously difficult to stabilize and prone to mode collapse; (2) Hallucinations: Gen-
erators often introduce unrealistic artifacts or alter semantic content to fool the
discriminator; (3) Misaligned Objectives: The discriminator optimizes for dis-
tribution matching rather than perceptual quality, often failing to distinguish
between a naturally clear image and a dehazed but distinctively noisy one.
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Reinforcement Learning (RL) has achieved transformative success in align-
ing Large Language Models (LLMs) with human preferences. Algorithms such
as PPO [32] and the recently popularized GRPO [22] have established a robust
paradigm for optimizing non-differentiable rewards, a success now extending to
complex generative tasks (e.g., FlowGRPO [25]). Inspired by this, recent ef-
forts [24,39,41] have attempted to migrate RL to image restoration by treating
the iterative denoising steps of Diffusion Models as a sequential decision-making
process. However, directly transplanting this strategy to image dehazing is inher-
ently problematic: (i) the multi-step sampling incurs prohibitive computational
overhead; (ii) exploration based on abstract latent noise is often inefficient for
conditional restoration where the output is strictly constrained by the hazy input
observation. To bridge this gap, IRPO [40] pioneers the integration of GRPO
into restoration fine-tuning. While efficient, it relies on generic frequency modu-
lation as its action space, which lacks physical interpretability for dehazing and
struggles to disentangle physical parameters. Furthermore, IRPO remains con-
fined to a supervised paradigm requiring paired ground-truth references, severely
limiting its generalization to diverse real-world scenarios.

To address these challenges, we propose Dehaze-RL, a novel framework that
leverages RL for efficient, unpaired real-world dehazing. Bypassing the com-
putationally expensive iterative sampling of diffusion models, our Dehaze-RL
employs an efficient policy network that acts as an intelligent agent. As illus-
trated in Figs. 1(a) and (b), instead of learning a direct mapping from hazy to
clear images, our agent predicts hybrid actions within a Physics Hybrid Action
Space: estimating physical variables (atmospheric light A, transmission map t)
and Image Signal Processing (ISP) enhancement factors (contrast C, saturation
S), seamlessly fused via a dynamic gating map (g). By explicitly anchoring the
agent’s exploration in reliable physical priors, we effectively resolve the ineffi-
cient exploration dilemma. Furthermore, to guide the agent in the absence of
ground truth, we introduce a Multi-Granularity Reward Mechanism encompass-
ing semantic, perceptual, and structural consistency rewards. This comprehen-
sive system effectively aligns the agent’s policy with human visual perception. As
visually demonstrated in Fig. 1(c), our Dehaze-RL significantly enhances clar-
ity and artifact suppression across both synthetic and real-world scenarios when
compared with the warmed-up baseline. Our main contributions are as follows:

(1) We propose Dehaze-RL, a novel and efficient reinforcement learning
framework tailored for unpaired real-world image dehazing.

(2) We design a Physics Hybrid Action Space that tightly integrates phys-
ical scattering models with ISP enhancement factors, effectively resolving the
ineffective exploration dilemma in conditional dehazing tasks.

(3) We introduce a Multi-Granularity Reward Mechanism to provide com-
prehensive visual quality feedback, achieving robust alignment between the un-
supervised optimization objective and human visual perception.

(4) Extensive experiments demonstrate that Dehaze-RL significantly outper-
forms state-of-the-art methods.
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2 Related Work

2.1 Image Dehazing

Prior-based Dehazing Methods. Early dehazing algorithms primarily rely
on hand-crafted priors to estimate physical parameters. Representative meth-
ods include the Dark Channel Prior (DCP) [12], based on minimum intensity
statistics, and the Color-Line Prior [7], leveraging the RGB collinearity of local
patches. While interpretable, these methods often falter in complex scenarios,
leading to significant color distortion and artifacts.
Supervised Learning-based Methods. Deep learning approaches generally
follow two paradigms. ASM-based networks (e.g., DCPDN [47]) embed the phys-
ical model to regress transmission and atmospheric light independently. Con-
versely, end-to-end networks learn a direct mapping from hazy to clear images.
Representative models range from early CNNs like AOD-Net [19] to recent ad-
vanced designs such as DEANet [4], C2PNet [51], and DehazeFormer [35]. De-
spite their success, these methods rely heavily on synthetic paired data, often
suffering from performance drops when facing real-world degradation.
Unsupervised Dehazing. To tackle the domain gap, unsupervised methods
[17, 18] learn directly from unpaired real-world data. Early methods like Cy-
cleDehaze [5] utilize cycle-consistency. Subsequent works incorporate physical
constraints (e.g., RefineDNet [50]) or latent space regularization via contrastive
learning (UCL [38]) and self-augmented consistency (D4+ [44]). However, these
approaches predominantly rely on Generative Adversarial Networks (GANs).
Consequently, they inherit the inherent flaws of adversarial min-max optimiza-
tion, frequently suffering from training instability, mode collapse, and hallucina-
tory color artifacts. In stark contrast, our Dehaze-RL employs a stable, reward-
driven reinforcement learning framework to achieve visually faithful restoration.

2.2 Reinforcement Learning in Vision

Early RL for Image Restoration. Early RL-based restoration treated the
task as a sequential decision-making process using discrete actions. For instance,
PixelRL [10] employs a multi-agent strategy where each pixel selects filters from a
predefined bank, while RL-Restore [46] learns to dynamically choose lightweight
CNNs from a toolbox. While effective for optimizing non-differentiable metrics,
these methods rely on discrete selections or simple adjustments, lacking the capa-
bility to explicitly model the complex physical degradation inherent in dehazing.
RL for Generation and Restoration. Recent advancements have integrated
RL to align deep models with human preferences. Generative RL algorithms,
such as FlowGRPO [25] and DanceGRPO [42], optimize the iterative genera-
tive process (e.g., flow trajectories or diffusion chains) by fine-tuning the policy
network. Inspired by this, several works [39, 41] adapt these paradigms to im-
age restoration. However, noise-based exploration in conditional tasks is often
ineffective and computationally expensive due to iterative sampling. To improve
efficiency, IRPO [40] introduces Group Relative Policy Optimization (GRPO) to
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Fig. 2: Architectural framework of Dehaze-RL. The GRPO-optimized Policy Network
utilizes multi-scale features to predict explicit parameters (t, A, S, C, g) within a Physics
Hybrid Action Space. These actions are dynamically integrated via Gating Fusion.
Finally, a Multi-Granularity Reward Mechanism guides the policy update to seamlessly
align the unsupervised restoration with human visual perception.

fine-tune backbones via adaptive frequency modulation. However, IRPO remains
limited by its supervised nature (requiring paired ground truth) and an abstract,
non-physical action space. In contrast, our Dehaze-RL predicts hybrid actions
(t, A, S, C, g) within a Physics Hybrid Action Space. By operating in an unpaired
manner guided by a Multi-Granularity Reward Mechanism, Dehaze-RL enables
efficient optimization tailored for real-world dehazing.

3 Method

3.1 Overview and Problem Formulation

We propose Dehaze-RL, a hybrid reinforcement learning framework tailored for
real-world unpaired image dehazing. As illustrated in Fig. 2, we formulate the
dehazing task as a Contextual Bandit problem. Our complete RL formulation is
characterized by four core components, denoted as ⟨S,A, π,R⟩:
One-Shot Decision Process. Distinct from traditional sequential RL tasks
(e.g., robotics or diffusion denoising) that require trajectory optimization over
a horizon T > 1, our framework treats dehazing as a one-shot decision process.
The agent observes the hazy input (State), executes an instantaneous action
(Parameter Prediction), and receives an immediate reward. This formulation
eliminates the complexity of estimating future returns, allowing us to leverage
the efficient GRPO algorithm for policy optimization.
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State Space (S). The state s ∈ S represents the context of the current instance.
In our formulation, the state is strictly the observed hazy image I ∈ RH×W×3.
Action Space (A). We define a Physics Hybrid Action Space to ensure physical
interpretability. The action a ∈ A is a composite vector a = [t, A, S, C, g] com-
prising three facets: (1) Physical Parameters (t, A): the transmission map and
global atmospheric light; (2) ISP Enhancement Factors (S,C): global saturation
and contrast for visual refinement; (3) Gating Policy Map (g): a spatially vari-
ant map that dynamically fuses the physics-based restoration and the learned
residual to achieve optimal visual quality.
Policy (π). Initialized by a warmed-up baseline, the policy πθ(a|s) parameter-
ized by our policy network with learnable weights θ, maps the hazy context to
the probability distributions of these optimal parameters. During training, the
agent samples actions to explore diverse restoration strategies; during inference,
it employs the deterministic means to ensure stable outputs.
Reward (R). The optimization objective is to maximize the immediate reward
R(s, a). We design a Multi-Granularity Reward Mechanism comprising three dis-
tinct components: (1) Semantic Reward (CLIP) for text-driven optimization di-
rection; (2) Perceptual Reward combining high-level naturalness feedback from a
Vision-Language Model (Qwen2.5-VL-7B [3]) with no-reference perceptual met-
rics (MUSIQ [16], NIQE [26]); and (3) Structural Reward to enforce content
consistency. This composite reward completely replaces paired ground truth,
directly guiding the GRPO policy update toward human-aligned visual realism.

3.2 Physics Hybrid Action Space

Unlike standard generative RL methods that explore within an abstract latent
noise space, we design a continuous Physics Hybrid Action Space to ensure phys-
ical interpretability and efficient exploration. The agent predicts a composite ac-
tion a = [t, A, S, C, g]. To enable effective exploration during training, we model
these parameters as stochastic distributions rather than deterministic scalars.
Network Architecture. The policy network πθ employs a U-Net-like back-
bone [31]. Specifically, multi-scale features extracted from the encoder are fused
and routed into two specialized action heads: a local branch utilizing lightweight
convolutions to predict spatially-variant maps (t, g), and a global branch leverag-
ing pooling and Multi-Layer Perceptrons (MLPs) to regress scene-level scalar pa-
rameters (A,S,C). Concurrently, the decoder of the backbone outputs a learned
residual feature map Jres, which compensates for complex high-frequency details
during the final gating fusion. Detailed network architectures are deferred
to the supplementary material.

Crucially, to stabilize early exploration, we incorporate the Dark Channel
Prior (DCP) [12] as a physical anchor. Rather than predicting physical param-
eters from scratch, the network learns residual corrections (∆t, ∆A) relative to
the DCP estimates: µt = logit(tdcp) + ∆t and µA = logit(Adcp) + ∆A. This
strong physical inductive bias initializes the agent in a scientifically plausible
state, significantly accelerating RL convergence.



Physics Meets Perception 7

Stochastic Action Sampling. To ensure physical validity and stable explo-
ration, we employ specific probability distributions to enforce mathematical con-
straints on our continuous actions:

(1) Gaussian Distributions (t, A, S, C): We predict the mean µ and standard
deviation σ to model these parameters as N (µ, σ2). Following the reparameter-
ization trick, we sample latent variables and apply custom activations to bound
their ranges: t ∈ [0.1, 1.0] and A ∈ [0.25, 1.0] via scaled Sigmoid functions (pre-
venting division-by-zero and matching illumination priors), while S and C are
constrained via Tanh functions to enable bidirectional relative enhancements.

(2) Beta Distribution (g): Since the fusion weight g must be strictly bounded
within (0, 1), simple clipping would introduce severe gradient truncation. In-
stead, we predict concentration parameters α, β to model g ∼ Beta(α, β). Cru-
cially, we enforce α, β > 1.1 via a shifted Softplus activation. This guarantees
a unimodal distribution, preventing the spatial gating map from collapsing to
binary extremes and ensuring stable gradient flow.
Restoration Process. The sampled actions reconstruct the final clear image J
through a unified sequential pipeline. Initially, we invert the atmospheric scat-
tering model to obtain the physically dehazed base Jphy = (I − A)/t + A. To
correct potential color shifts and elevate perceptual realism, we subsequently ap-
ply a differentiable ISP function Jisp = H(Jphy;S,C), where the contrast factor
C scales pixel deviations from the grayscale mean, and saturation S interpo-
lates between the image and its luminance. Finally, the gating map g acts as
a spatial confidence mask to dynamically fuse the enhanced image Jisp with a
learned residual feature Jres extracted from the backbone, yielding the ultimate
restoration Jfinal = Jisp + g ⊙ Jres.

3.3 Optimization via GRPO

To circumvent the training instability of GANs and the prohibitive computa-
tional overhead, we adopt Group Relative Policy Optimization (GRPO) [22].
GRPO perfectly fits our one-shot Bandit formulation by leveraging group-based
feedback. However, naively applying it to image dehazing is highly non-trivial.
Standard RL exploration in an unconstrained pixel or latent space exacerbates
the ill-posed nature of dehazing, inevitably leading to color shifts and physical
artifacts. To overcome this challenge, rather than using GRPO out-of-the-box,
we structurally ground its exploration within our Physics Hybrid Action Space
and steer its updates via the Multi-Granularity Reward Mechanism, ensuring
the optimization remains both physically plausible and visually faithful.
Group Sampling and Advantage. For each hazy input I, the policy πθ gener-
ates a group of G candidate actions {a1, . . . , aG} by sampling from the predicted
action distributions. These actions are executed to produce G restored images,
which are then evaluated to obtain a reward set R = {r1, . . . , rG}. The advantage
Ai for the i-th action is estimated relative to its peers via Eq. 2:

Ai =
ri − mean(R)

std(R) + ϵ
, (2)
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where ϵ is a small constant ensuring numerical stability.
Optimization Objective. The policy is optimized to maximize the expected
advantage. While standard GRPO typically employs a KL-divergence term to
prevent large policy shifts, we empirically observed that such generic constraints
can dominate gradients and suppress reward-driven optimization in dehazing
tasks. Consequently, we replace the KL loss with our Action Regularization
Lreg. The total loss LG is defined as:

LG = − 1

G

G∑
i=1

(Ai · log πθ(ai|I)) + Lreg. (3)

Action Regularization (Lreg). To prevent the predicted actions from severely
deviating from valid initializations and to restrict trivial solutions, we introduce
a composite regularization term:

Lreg = λanc ·E [ReLU(|t− tref | − δ)]︸ ︷︷ ︸
Anchor Loss

+λres ·
(
∥∆t∥22 + ∥∆A∥22

)︸ ︷︷ ︸
Residual Norm

+λg · ∥g∥22︸︷︷︸
Gating Penalty

,

(4)
where t is the transmission, tref is the reference from the warmed-up baseline,
and λanc, λres, λg are balancing weights. Specifically, the Anchor Loss (margin
δ = 0.1) permits local exploration of the transmission t while strictly penalizing
severe deviations from the warm-up priors. The Residual Norm minimizes the
L2 norm of parameter residuals (∆t, ∆A), enforcing a minimal action principle
that prioritizes the strong physical prior (DCP). Crucially, the Gating Penalty
restricts the gating map g to prevent the network from trivially bypassing the
physical scattering model and over-relying on the residual compensator.

3.4 Multi-Granularity Reward Mechanism

In the absence of ground-truth references for real-world scenarios, we design a
Multi-Granularity Reward Mechanism (as illustrated in Fig. 2) to guide pol-
icy optimization. This mechanism evaluates the restoration quality across three
explicit visual dimensions: semantic, perceptual, and structural.
Semantic Reward (Rsem). To ensure the dehazed output accurately reflects a
haze-free scene without semantic ambiguity, we utilize a CLIP-based relative sim-
ilarity reward. Leveraging a pre-trained CLIP [30] (ViT-B/32), Rsem computes
the cosine similarity between the restored image J and two opposing sets of text
prompts: positive prompts Tpos (e.g., “clear photo”, “sharp details”) and negative
prompts Tneg (e.g., “foggy photo”, “haze”). Specifically, the reward is defined as
the margin between these similarities: Rsem = cos(ϕ(J), ēpos)− cos(ϕ(J), ēneg),
where ϕ(·) is the visual encoder and ē denotes the averaged text embeddings.
This contrastive formulation directs the exploration toward semantically plausi-
ble regions to prevent unnatural color shifts.
Perceptual Reward (Rper). This component aligns the restoration with hu-
man visual preferences by combining Vision-Language Models (VLMs) with sta-
tistical metrics: (1) VLM Feedback: We leverage Qwen2.5-VL-7B [3] as a high-
level visual quality critic. By prompting the model to evaluate clarity, color
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vividness, and naturalness, we extract a normalized numerical score RV LM from
its reasoning. (2) No-Reference (NR) Metrics: To provide fine-grained supervi-
sion, we incorporate MUSIQ [16] and NIQE [26]. These metrics reward sharp
textures while penalizing unnatural noise, forming the combined perceptual re-
ward: Rper = λvRV LM + λmRMUSIQ − λnRNIQE .
Structural Reward (Rstr). To preserve the essential details and prevent con-
tent distortion, we enforce a dual-level consistency constraint: (1) Feature-level
Consistency: Implemented via PatchNCE [28], we maximize the mutual informa-
tion between corresponding patches of the hazy input I and the restored output J
in a projected feature space. (2) Pixel-level Physical Reversibility: To ensure the
dehazing process remains faithful to the original scene, we re-synthesize the hazy
observation using the predicted parameters via the ASM: Irec = J⊙ t+A(1− t).
By penalizing the reconstruction error Rphy = −∥Irec−I∥1, we force the agent to
find a physically reversible solution that strictly preserves the input’s structural
identity.
Summary of Reward Function. The total reward for GRPO training is for-
mulated as a weighted sum: R = ω1Rsem + ω2Rper + ω3Rstr. This compos-
ite objective enables the agent to balance semantic clarity, perceptual quality,
and structural fidelity in an entirely unsupervised manner. The training pro-
cess is further stabilized by the action regularization Lreg. Notably, our frame-
work replaces unstable adversarial gaming with these rewards, achieving signifi-
cantly more stable convergence for real-world dehazing. Further details of the
Qwen2.5-VL prompts and reward design are provided in the supple-
mentary material.

4 Experiments and Discussion

4.1 Experimental Setup

Datasets. Following the unpaired training paradigm, our framework utilizes the
RESIDE dataset [20], sampling 7,000 real-world hazy images from the URHI
and RTTS subsets as the hazy domain, and 10,000 high-quality unpaired im-
ages from SOTS and ADE20K [52] as the clear domain. To evaluate real-world
performance, we test on real-world benchmarks including URHI (over 4,000 im-
ages), RTTS (over 4,000 images), Haze2020 (over 1,000 images) [33], and Fattal’s
dataset (over 30 images) [7]. Moreover, we evaluate on the O-HAZE [1] (45 pairs)
and I-HAZE [2] (35 pairs) datasets without retraining. These datasets are gen-
erated by professional haze machines, serving as robust proxies to validate our
method’s content preservation.
Implementation Details. Dehaze-RL is implemented in PyTorch. Our training
pipeline consists of two phases: (1) Warmup Pre-training: To establish a stable
physical mapping and avoid cold-start instability in RL, we first pre-train the
policy network using standard unpaired translation constraints (e.g., PatchNCE
[28], adversarial loss, and identity loss) to learn a robust initialization. (2) RL
Fine-tuning: Initialized with the warmup weights, we perform full-parameter
optimization of the entire policy network using the GRPO algorithm.
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Fig. 3: Comparison on Fattal, RTTS, URHI, and Haze2020 benchmarks. From top to
bottom, every two rows show representative results from each dataset. Compared to
SOTA methods, Dehaze-RL achieves superior visual fidelity in real-world scenarios.

During the RL phase, the policy network (group size G = 6) is optimized
via Adam (lr=1 × 10−5). Training spans three RTX 3090 GPUs: two for pol-
icy updates and one hosting Qwen2.5-VL-7B [3] as a dedicated reward server.
The hyperparameters are set as follows: total reward weights (ω1, ω2, ω3) =
(1.0, 1.0, 1.0), perceptual coefficients (λv, λm, λn) = (1.0, 0.5, 0.5), and action
regularization (λanc, λres, λg) = (1.0, 0.1, 0.5).

For real-world unpaired data, we evaluate the dehazed outputs using no-
reference metrics: CLIPIQA [36], MUSIQ [16], MANIQA [43], and NIQE [26].
Conversely, for datasets with paired ground truth, we measure using full-reference
metrics: PSNR, SSIM, LPIPS [49], and VSI [48].

4.2 Comparisons with State-of-the-Arts

We compare Dehaze-RL against state-of-the-art methods, categorized into three
groups: (1) Prior-based method: DCP [12]; (2) Paired (Supervised) methods:
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Table 1: Quantitative comparison on real-world RTTS and URHI datasets. Best re-
sults are bold, and second-best are underlined. For NIQE, lower is better; for CLIPIQA,
MUSIQ, and MANIQA, higher is better.

RTTS URHI

Method NIQE CLIPIQA MUSIQ MANIQA NIQE CLIPIQA MUSIQ MANIQA

DCP [12] 4.271 0.276 52.935 0.119 4.129 0.396 55.996 0.143
AODNet [19] 4.697 0.358 55.205 0.145 4.359 0.463 56.678 0.162
MBFormer [29] 4.874 0.383 53.576 0.139 4.174 0.454 57.293 0.163
C2PNet [51] 5.037 0.390 53.960 0.142 4.368 0.464 56.542 0.161
KANet [8] 4.339 0.285 54.513 0.110 3.839 0.404 57.774 0.144
DEANet [4] 4.805 0.379 53.628 0.132 4.233 0.446 56.306 0.155
SGDN [6] 5.716 0.297 44.858 0.081 5.225 0.328 46.817 0.100
IPCDehaze [9] 4.122 0.422 59.424 0.167 3.729 0.451 62.941 0.178
HazeFlow [34] 4.745 0.431 63.057 0.160 4.295 0.469 63.428 0.181
YOLY [21] 4.553 0.375 51.847 0.129 4.289 0.429 54.896 0.147
RefineD [50] 4.012 0.257 56.117 0.108 3.668 0.384 58.540 0.138
D4 [45] 4.637 0.351 58.445 0.139 4.372 0.454 55.958 0.160
D4+ [44] 4.274 0.346 53.599 0.131 3.942 0.387 55.807 0.147
PBD [37] 4.043 0.252 53.194 0.101 3.565 0.366 56.954 0.139
FrDiff [23] 6.088 0.325 46.935 0.106 5.639 0.340 47.901 0.121

Ours 3.641 0.427 63.921 0.168 3.505 0.462 64.987 0.182

AODNet [19], MBFormer [29], C2PNet [51], KANet [8], DEANet [4], SGDN
[6], IPCDehaze [9], and HazeFlow [34]; (3) Unpaired (Unsupervised) methods:
YOLY [21], RefineDNet [50], D4 [45], D4+ [44], PBD [37], and FrDiff [23].
Comparison Results on Real-World Datasets. Fig. 3 presents visual com-
parisons across diverse real-world scenarios. Fully supervised methods (e.g.,
C2PNet, DEANet) struggle with domain shifts, often leaving dense residual haze
in distant backgrounds such as cityscapes and highways. Conversely, unpaired
baselines aggressively remove haze but severely compromise color fidelity due to
a lack of physical constraints; RefineD introduces unnatural shifts, while D4+
hallucinates over-saturated sky artifacts. In stark contrast, guided by our Physics
Hybrid Action Space and multi-granularity rewards, Dehaze-RL effectively clears
thick, non-homogeneous haze while flawlessly preserving natural lighting, accu-
rate colors, and crisp structural details.

Table 1 reports comprehensive comparisons on the RTTS and URHI datasets.
Dehaze-RL establishes a new state-of-the-art, outperforming competitive un-
paired baselines and rivaling recent fully supervised models. Specifically, it achieves
the best NIQE scores (3.641 on RTTS / 3.505 on URHI), proving that our
physics-grounded RL introduces far fewer statistical distortions than traditional
adversarial training. Furthermore, Dehaze-RL dominates perceptual metrics with
the highest MUSIQ (63.921 / 64.987) and MANIQA (0.168 / 0.182), validating
that our rewards generate visually faithful results. Notably, despite being un-
paired, our method achieves highly competitive CLIPIQA scores (0.427 / 0.462),
comparable to HazeFlow and C2PNet. This confirms our framework successfully
preserves the underlying semantic and structural integrity.
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Fig. 4: Qualitative comparison on haze machine-generated datasets. The first row dis-
plays visual results from the I-HAZE dataset, while the second row showcases an ex-
ample from the O-HAZE dataset.

Comparison Results on Machine-Generated Haze. Fig. 4 presents visual
comparisons on the I-HAZE and O-HAZE datasets, where haze is simulated us-
ing professional haze machines. As observed, prior methods struggle to balance
thorough dehazing with structural and color fidelity. DEANet introduces se-
vere structural artifacts, while HazeFlow suffers from prominent unnatural color
shifts (e.g., a purple/pink tint). Other baselines, such as RefineD and PBD,
tend to leave persistent residual haze. In contrast, our method effectively han-
dles the dense, machine-generated haze while faithfully restoring crisp structural
details. Detailed quantitative evaluations and complexity analysis are
provided in the supplementary material.

4.3 Ablation Study

We conduct extensive ablation studies to validate the effect of our core compo-
nents: the RL Optimization Strategy, the Physics Hybrid Action Space, and the
Multi-Granularity Reward Mechanism.
Ablation on RL Optimization. To isolate the performance gains introduced
by our RL fine-tuning, we conduct a cross-paradigm validation across two dis-
tinct initialization strategies:

(1) Gain over Supervised Baseline (Synthetic): Standard L1 regression typi-
cally yields overly smooth outputs. Our RL stage effectively breaks this bottle-
neck (Table 2), boosting MUSIQ (from 53.667 to 55.994) and CLIPIQA (from
0.304 to 0.355). As shown in Fig. 1(c), the rewards guide the agent to restore
sharper and more vibrant details.

(2) Gain over Unsupervised Baseline (Real-world): When warmed-up via un-
paired adversarial learning (PatchNCE + GAN), RL fine-tuning yields a massive
perceptual leap. It boosts MUSIQ (58.927 to 63.921), reduces NIQE (4.226 to
3.641), and effectively corrects baseline color deviations while enhancing high-
frequency details (Fig. 1(c)).

These consistent gains demonstrate the universality of our framework. It acts
as a paradigm-agnostic booster, enabling the policy network to transcend the
inherent perceptual limits of its pre-training objectives.
Ablation on Action Space and Gating Mechanism. We analyze the con-
tribution of the components within our Physics Hybrid Action Space and the
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Table 2: Cross-paradigm validation of our RL optimization framework. Whether
initialized via supervised regression (Synthetic) or unsupervised adversarial learning
(Real-world), our RL fine-tuning consistently improves all perceptual metrics. Notably,
real-world warm-up outperforms the synthetic one by bridging the domain gap, pro-
viding a superior initial policy that elevates the perceptual ceiling.

Domain Warmup Paradigm Method NIQE ↓ CLIPIQA ↑ MUSIQ ↑ MANIQA ↑

Synthetic Supervised (L1)
Warmup Baseline 4.694 0.304 53.667 0.114
After RL (Ours) 4.583 0.355 55.994 0.128

Real-world Unpaired (GAN) Warmup Baseline 4.226 0.382 58.927 0.144
After RL (Ours) 3.641 0.427 63.921 0.168

Fig. 5: Visual ablation on the action space and gating mechanism. The top row illus-
trates the impact of specific action components (t, A, S,C, and g). The bottom row
presents a sensitivity analysis of the gating penalty coefficient λg, demonstrating that
our method (λg = 0.5) achieves the best visual balance.

gating fusion mechanism by constructing three variants: (1) w/o Physical Pa-
rameters (t, A), removing the transmission map and atmospheric light; (2) w/o
Enhancement Actions (S,C), removing the saturation and contrast adjustments;
and (3) w/o Gating Policy Map (g), disabling the spatially adaptive fusion.

As shown in the top row of Fig. 5, without the physical parameters, the
model struggles to handle thick haze layers. Without the enhancement actions,
the results appear dim and lack visual vibrancy. Without the gating map g, the
network fails to adaptively balance the physical and residual branches.

Furthermore, we investigate the impact of the gating penalty coefficient
λg, which is crucial for preventing the agent from trivially over-relying on the
residual branch. As shown in the bottom row of Fig. 5, a relaxed penalty
(λg ∈ {0.1, 0.3}) provides insufficient regularization, resulting in severe noise
and over-exposure artifacts on the road surface. Conversely, an excessively strict
penalty (λg = 1.0) overly suppresses the residual compensator, leading to sub-
optimal dehazing with residual haze. Our default setting (λg = 0.5) strikes the
optimal balance, yielding visually realistic results.
Ablation on Multi-Granularity Reward. To verify the necessity of our
multi-granularity reward mechanism, we construct four variants: (1) w/o Seman-
tic Reward, removing the text-image similarity guidance; (2) w/o NR Perceptual
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Table 3: Quantitative ablation study of the Multi-Granularity Reward Mechanism.

RTTS

Method NIQE ↓ CLIPIQA ↑ MUSIQ ↑ MANIQA ↑

w/o Semantic Reward (CLIP Score) 3.925 0.406 62.212 0.162
w/o NR Perceptual Metrics (MUSIQ, NIQE) 3.977 0.393 61.575 0.165
w/o VLM Feedback (Qwen2.5-VL) 3.776 0.422 62.680 0.161
w/o Structural Reward (Content Consistency) 3.789 0.425 63.129 0.159

Full Reward (Ours) 3.641 0.427 63.921 0.168

Metrics, disabling no-reference image quality feedback; (3) w/o VLM Feedback,
removing the high-level evaluation; and (4) w/o Structural Reward, removing
the dual-level feature consistency and physical reversibility constraints.

As shown in Table 3, removing any individual component degrades perfor-
mance. Without the Semantic Reward, the agent lacks text-driven direction,
yielding universally suboptimal scores. Disabling the NR Perceptual Metrics
causes the most severe drop in basic image quality (e.g., the lowest MUSIQ
score). Furthermore, removing the VLM Feedback deprives the model of high-
level naturalness guidance, preventing top-tier perceptual restoration.

Notably, ablating the Structural Reward triggers a severe reward hacking
phenomenon: the policy overfits to perceptual scores—maintaining deceptively
high CLIPIQA and MUSIQ metrics—but suffers from catastrophic generative
hallucinations and structural collapse. This collapse is captured by the MANIQA
metric, which drops to a minimum (0.159). Ultimately, our full reward strikes
the optimal balance across all perceptual and structural dimensions. Sensitivity
analyses for reward hyperparameters are provided in the supplemen-
tary material.

5 Conclusion

We propose Dehaze-RL, a novel framework reformulating real-world dehazing as
a Contextual Bandit problem. By leveraging a Physics Hybrid Action Space and
GRPO with Multi-Granularity Rewards, our method overcomes the instability of
adversarial training and the dependency on paired data. Extensive experiments
demonstrate that Dehaze-RL achieves state-of-the-art perceptual quality and
robust generalization across diverse real-world scenarios.
Limitations and Future Work. Despite its efficacy, Dehaze-RL faces two
challenges. First, in extreme haze where structural information is almost entirely
lost, current rewards may provide insufficient guidance. Future work will explore
more comprehensive reward functions and advanced exploration strategies to
handle such severe degradations. Second, the optimization remains sensitive to
warmup initialization. We plan to investigate more robust paradigms, such as
progressive warm-up, to further enhance the framework’s stability.
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