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Generative Model Empowers Realistic Haze Generation, Driving Real-World Dehazing to Peak!

Figure 1. We propose GenHaze, a controllable one-step haze generation model. The core principle of GenHaze is to use the existing
latent diffusion models (LDM) [67], and adapt it to the haze generation task via our clean-to-haze generation protocol. Based on GenHaze,
we can significantly unleash the real-world dehazing potential of existing baselines in a simple way!

Abstract

Real-world image dehazing is crucial for enhancing visual
quality in computer vision applications. However, existing
physics-based haze generation paradigms struggle to model
the complexities of real-world haze and lack controllability,
limiting the performance of existing baselines on real-world
images. In this paper, we introduce GenHaze, a pioneering
haze generation framework that enables the one-step gen-
eration of high-quality, reference-controllable hazy images.
GenHaze leverages the pre-trained latent diffusion model
(LDM) with a carefully designed clean-to-haze generation
protocol to produce realistic hazy images. Additionally, by
leveraging its fast, controllable generation of paired high-
quality hazy images, we illustrate that existing dehazing

baselines can be unleashed in a simple and efficient manner.
Extensive experiments indicate that GenHaze achieves visu-
ally convincing and quantitatively superior hazy images. It
also significantly improves multiple existing dehazing mod-
els across 7 non-reference metrics with minimal fine-tuning
epochs. Our work demonstrates that LDM possesses the
potential to generate realistic degradations, providing an
effective alternative to prior generation pipelines.

1. Introduction
Image dehazing aims to restore a clean image from a
haze image, ultimately enhancing real-world visual quality.
However, acquiring paired real-world haze and clear images
is virtually impossible. Consequently, existing methods
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rely heavily on synthetic datasets constructed using physics-
based haze imaging models [38, 56]. Despite achiev-
ing state-of-the-art performance on these synthetic datasets,
many advanced methods [19, 22, 63, 72] cannot generalize
effectively to real-world hazy due to the inability to pre-
cisely control the parameters within these imaging models.

To address this issue, some works have attempted man-
ual fine-tuning [79] or incorporated additional factors [21]
to develop novel generation pipelines. Nevertheless, they
remain constrained by the limitations of the physical imag-
ing formulas. Existing pipelines struggle to encompass the
diverse factors contributing to haze, and synthetic methods
based on physical models are difficult to control due to the
difficulty in precisely manipulating all the involved param-
eters. Meanwhile, complicated model designs and training
strategies [14, 21, 79] have been proposed to enhance real-
world dehazing performance, yet challenges remain.

To address these challenges, we propose a novel assump-
tion: real hazy images can serve as references to generate
high-quality, similar hazy images from clean backgrounds.
Based on it, using these hazy images to fine-tune exist-
ing baseline models should significantly improve dehazing
performance in a simple (i.e., without modifying architec-
tures) and efficient (i.e., requiring only 1–2 epochs) manner.
Therefore, this paper explores how to achieve high-quality,
controllable haze generation and effectively enhance the
performance of existing dehazing models.

We are inspired by the observation that current pre-
trained diffusion models [62, 67] are trained on vast and
diverse natural images, and are designed to generate high-
quality visual images. Therefore, we raise a question: If
clean images can be derived from haze images, conversely,
can the high-quality image generation capabilities of dif-
fusion models be extended to generate haze degradation?
If so, we should be able to obtain a broadly applicable and
controllable haze generator from pre-trained diffusion mod-
els, which can replace existing synthetic methods. In this
work, we explore this possibility and develop GenHaze,
an LDM [67] based method, which utilizes our clean-to-
haze generation protocol to produce high-quality, control-
lable hazy images in a single step. Moreover, GenHaze
can enhance the dehazing performance of existing baseline
models in a straightforward and rapid manner (see Tab.1).

Our experiments demonstrate that the hazy images gen-
erated by GenHaze achieve highly realistic visual compar-
isons and quantitative results. Furthermore, a small number
of fine-tuning epochs for existing baseline models with our
generated hazy images leads to considerable improvements
across 7 common non-reference metrics. This also vali-
dates our above assumptions that existing dehazing base-
lines have sufficient potential to be unlocked. In summary,
our contributions are as follows:

• By using the clean-to-haze generation protocol, we pro-

pose GenHaze, a pioneering haze generation pipeline
based on pre-trained LDM, which is capable of produc-
ing high-quality, controllable hazy images in one step.

• We show that simply fine-tuning dehazing baseline mod-
els in 1-2 epochs with our generated hazy images sig-
nificantly improves their performance, without modifying
their architectures.

• GenHaze attains SOTA performance in generating realis-
tic haze, while assisting existing baselines to achieve sig-
nificant gains in 7 non-reference metrics, highlighting its
practical value.

2. Related Works
Image Generation. Text-to-image diffusion models [1, 11,
23, 24, 39, 40, 80] became central to generating high-quality
images from prompts. Among them, Stable Diffusion [67]
excelled by performing diffusion in latent space (LDM).
Recent works further extended its capabilities: Dream-
Booth [68] and Custom-Diffusion [36] fine-tuned models
for specific content, while T2I-Adapter [57] and Control-
Net [87] improved precise image control. For other tasks,
InstructPix2Pix [4] adapted Stable Diffusion for image edit-
ing, and CycleGAN-Turbo [59] integrated GANs for di-
verse image translation. GenDeg [65] leveraged Instruct-
Pix2Pix to construct large-scale degradation datasets. In
this paper, we focus on the one-step generation of realistic
haze images with controllable references . We further show
that our carefully designed pipeline effectively supports a
simple and efficient paradigm for baseline fine-tuning.
Diffusion Acceleration. Recent advances in diffusion
model acceleration focus on two strategies: fast samplers
and diffusion distillation. Fast samplers [35, 52, 53, 71] re-
duced sampling steps from thousands to 10-50. Diffusion
distillation methods [2, 54, 69] trained student models to
replicate teacher outputs within 1-4 steps. Early methods
like [54] required pre-computed trajectories, while Progres-
sive Distillation [69] and Consistency Distillation [55, 73]
improved efficiency via step reduction and consistency con-
straints. Adversarial Distillation [70, 81] and Variational
Distillation [86] further enhanced quality by reducing arti-
facts through discriminators and probabilistic frameworks.
Single Image Dehazing. Similar to other image restora-
tion methods [7–9, 31, 32, 37, 41, 43–46, 84], single-
image dehazing aims to restore clear images from hazy
ones. Learning-based methods have dominated this field [5,
16, 19, 30, 47, 48, 51, 84]. For example, MSBDN [19]
leveraged boosting and error feedback for iterative refine-
ment. Recently, transformer and diffusion models fur-
ther advanced this task [12, 22, 63, 72, 82], while adverse
weather restoration methods also demonstrated dehazing
capabilities [12, 13, 75, 76, 85, 89]. However, recent re-
search has shifted toward real-world haze, typically requir-
ing specialized designs and training yet still facing perfor-
mance limitations.
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Figure 2. Overview of the proposed GenHaze and dehazing baseline fine-tuning. (a) and (b) illustrate our targeted fine-tuning strategy
based on LDM [67], the clean-to-haze generation protocol (from text embedding and reference-based control perspectives). It converts SD
to enable fast, controllable, and high-quality haze generation with a one-step strategy.

While many models excelled on synthetic datasets, their
effectiveness often failed in real scenarios, also posing a
huge challenge for the plug-and-play approach [15]. In this
work, we aim to significantly enhance real-world perfor-
mance of existing dehazing models without structural mod-
ifications. By leveraging the power of LDM, we bridge this
gap and unlock their potential for real-world tasks.

3. GenHaze Pipeline
Generative Model Formulation: Diffusion models gen-
erate high-quality samples by gradually refining noise into
structured data. DDPM [27] maps a simple noise distribu-
tion pT to a complex data distribution p0. In the forward
process, Gaussian noise is incrementally added over T time
steps, gradually corrupting the initial data x0 to produce a
noisy sample xt at each step t, defined as:

xt =
√
ᾱtx0 +

√
1− ᾱt ϵ, (1)

where ϵ ∼ N (0, I) is Gaussian noise, and ᾱt =
∏t

τ=1 ατ

with αt = 1 − βt. The reverse process, executed by a de-
noising network, progressively refines xt to reconstruct the
original data by predicting xt−1 from noisy inputs.

The training objective minimizes the discrepancy be-
tween actual noise ϵ and predicted noise ϵ̂θ(xt, t):

L = Ex0,ϵ∼N (0,I),t∼U(T )

[
∥ϵ− ϵ̂θ(xt, t)∥2

]
. (2)

Latent Diffusion Model (LDM) operate in the latent
space of a Variational Autoencoder (VAE), which consists
of an encoder E and a decoder D that map data to a lower-
dimensional latent space and back, where D(E(x)) ≈ x. In
LDM, noise is added to the latent representation rather than
the data itself, reducing computational complexity:

zlt =
√
ᾱtz

l +
√
1− ᾱt ϵ, (3)

where zl = E(x) is the latent representation of x.
Effective One-Step Strategy: This paper aims to adapt
the SD model as an efficient haze generator, which can be
utilized to enhance the generalization of existing dehazing
models. By efficiently generating controllable realistic haze
images, we can improve downstream dehazing performance
without adding significant computational cost. However,
traditional SD models [62, 67] employ multi-step sampling,
which introduces significant computational overhead. Thus,
we target a reduction to a single inference step to achieve
optimal efficiency.

Firstly, we choose SD-Turbo as our backbone, which
condenses the multi-step sampling process to 1 − 4 steps
via adversarial distillation [70], forming a solid basis for
single-step inference. For haze generation, it is essential
to generate haze while preserving background consistency
with the input clean image, whose core is similar to In-
structPix2Pix [4]. However, this task is challenging due to
the distributional discrepancy between pure Gaussian noise
and clean images. Fortunately, in the sampling phase, we
can apply the trailing setting [42, 52] by fixing the timestep
t = T . Rather than decrementing t step-by-step, we set t
directly to its maximum value, T , enabling one-step gener-
ation. To maintain consistency and simulate this one-step
sampling condition during training, we replace traditional
Gaussian noise with the clean image x as input. Notably,
both the clean image and Gaussian noise share a mean of
zero, making this substitution logically sense to some ex-
tent. This setup is defined as follows:

zlT = E(x), (4)

in a standard LDM, the denoising target ϵθ(zlt, t) approx-
imates the noise ϵ added at timestep t. In our single-step
setting, we simplify this by training the model to predict
the latent representation of the hazy image, zl0 = E(xhazy),
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directly from zlT . The predicted distribution is:

p(x0|E(x),Fd, etext) = N (µθ(E(x),Fd, etext, T ), σ2
θI),

(5)
where µθ(E(x),Fd, etext, T ) is the model’s output, approx-
imating zl0, and Fd and etext are inputs for haze control and
prompt embeddings, respectively (see Sec.3.1).

To supervise one-step forward pass, we measure the dif-
ference between the decoded image and the target image:

Lsingle-step = Ex

[∥∥D (
µθ

(
E(xclean),Fd, etext, T

))
− xhazy

∥∥
1

]
,

(6)
this formulation enables to learn a direct mapping from the
clean image to the hazy image in a single inference step. By
bypassing multi-step denoising, we achieve computational
efficiency while retaining background details and ensuring
consistency with the clean image.

3.1. Clean-to-Haze Generation Protocol
In this section, we introduce generation protocol to adapt
SD-Turbo to haze generation. Fig.2 outlines this procedure.
Text Embedding with Offline Haze Database: For con-
trollable haze generation, i) manually annotating captions
for each image is impractical, and using identical fixed text
reduces generation quality. ii) Real-world haze character-
istics are complex and hard to explicitly describe through
text, while generating embeddings from individual captions
online also slows generation. Considering these limitations,
we ask: Could we initially provide a general embedding
that encompasses most haze-related attributes, and allow-
ing the network to adaptively adjust to obtain a suitable
final embedding?

To address this challenge, we observe that SOTA
MLLMs, such as GPT-4o [28], can effectively provide com-
prehensive descriptions for real-world haze images of vary-
ing degrees, as illustrated in Fig.3. Therefore, we utilize
real haze images {Ii}Ni=1, where N = 4000, and employ
GPT-4o as a captioning function f cap(·) to generate cap-
tions {Ci} offline, where Ci = f cap(Ii), i = 1, 2, . . . ,N .
This allows us to construct a text database that contains gen-
eral descriptions of different attributes related to many real
haze images. Furthermore, we use CLIP [64] to map these
captions to embeddings, which can be expressed as follows:
ei = f emb(Ci). Notably, leveraging the linear space prop-
erties of CLIP embeddings [3], we can average these multi-
ple haze embeddings to obtain a single embedding enriched
with prior knowledge of real-world haze:

egeneral =
1

N

N∑
i=1

ei, (7)

where egeneral encapsulates the diverse and complicated fea-
tures found under various haze conditions. For different

GPT-4o Response: The haze in thi
s image is thick and pale, with a mut
ed beige color that diffuses light softl
y across the scene. It creates a low co
ntrast, reducing visibility of distant b
uildings and softening their edges. Th
e ambient mood feels subdued, with a 
cool color temperature and layered 
depth gradient, emphasizing atmosph
eric layering.

User Question: Please use 50 words to describe the haze or fog characteristics in this image, covering aspects such as
thickness, color, light diffusion, texture, distance effects, contrast reduction, ambient mood, color temperature influ
ence, edge softness, depth gradient, and atmospheric layering. Focus exclusively on haze-related details.

GPT-4o Response: The haze in thi
s image is moderate with a yellowis
h tint, giving a warm color temperat
ure. Light diffusion is mild, allowing s
ome details in foreground while di
minishing visibility in the distance. Co
ntrast is subtly reduced, with soften
ing around edges. Atmospheric layeri
ng is present, creating gradual depth g
radient toward the horizon.

GPT-4o Response: The haze in thi
s image is light, with a warm glow th
at diffuses sunlight across the scene. T
he haze softens edges and reduces co
ntrast slightly, creating a gentle, sere
ne mood. The color temperature is
warm, enhancing natural tones. Atmo
spheric layering is minimal, focusing
on close-range diffusion around the s
un's rays.

Light HazeModerate HazeThick Haze

Figure 3. Example descriptions generated by GPT-4o. It is ca-
pable of providing targeted captions for different characteristics of
real haze, including thickness, color, light diffusion, atmospheric
layering, and other related attributes.

haze images that we need to generate, each haze image pos-
sesses numerous commom characteristics, such as density,
color, depth gradients, and light scattering, thus making it
reasonable to have an embedding that reflects this diversity.

In our pipeline, we remove the CLIP encoder [64] and
directly initialize a learnable prompt embedding eprompt. We
then add this learnable embedding to the previously ob-
tained general embedding to enable instance-specific adap-
tation. Also, we include positional encoding [74] P(·) to
consolidate semantic position:

etext = egeneral + P(eprompt), (8)

this approach enables the network to freely adjust apposite
embeddings for each image, while the rich prior knowledge
from the database guides the learning direction of the learn-
able embedding. By integrating etext into the model, the
generated images effectively represent the right attributes
of different haze scenarios without hand-craft writing.
Degradation Encoder and Haze Control: Controllability
is key in haze image generation. Using a real haze image as
a reference to generate similar haze effects for model fine-
tuning can intuitively boost performance in downstream de-
hazing tasks. This outperforms uncontrolled haze gener-
ation through arbitrary parameter adjustments, which may
introduce distribution mismatches and misguide model op-
timization. By referencing real haze images, we maintain
consistency in haze characteristics, promoting more effec-
tive learning and enhancing model performance.

Leveraging real haze images as generation references is
thus crucial. ControlNet [87] offers a straightforward way
to guide generation, but it has notable limits: i). It repli-
cates the UNet encoder, significantly reducing speed and
increasing parameters; ii). It requires multi-step genera-
tion for high quality, which impairs performance in single-
step strategies. In this work, we argue that haze genera-
tion does not demand such extensive parameters, given that

9197



clean images serve as a foundation. Instead, we propose a
lightweight degradation encoder with residual blocks to ef-
ficiently extract instance-level haze features, Fd, from large
training sets. The degradation encoder is formulated as:

Fd = Ed(Ihaze; θd), (9)

where Ihaze is the haze image and θd represents the encoder
parameters.

The next challenge is effectively integrating extracted
haze features into SD-Turbo’s UNet, as these features of-
ten contain background information. Specifically, our un-
paired generation hinders direct learning (e.g., via addi-
tion like ControlNet [87]) to isolate haze features from
background interference. Inspired by style-transfer meth-
ods [17, 33, 34], we claim that using their technology to
further transfer the characteristics of haze is a better choice.
Thus, we apply the modulation-demodulation convolution
from StyleGANv2 [34] as haze modulation, injecting haze-
related features while reducing background interference.
However, unlike most approaches [60, 61, 66] that tie mod-
ulation to the decoder, certain blocks at various SD stages
influence generated style [77]. Therefore, we insert haze
modulation after each stage, enabling real-time adjustment
during generation. To be precise, given a degradation fea-
ture Fd

i , we transform it into an embedding edi and compute
a style vector s to modulate each input feature map in the
convolution layer. For each convolutional weight wi, the
modulated weight ŵi is defined as:

ŵi = si · wi, (10)

where si is the modulation factor derived from the feature
map after the i-th stage. To ensure stability and normalize
the feature representations, we apply a demodulation step,
rescaling the modulated weights for unit standard deviation:

ŵ′
i =

ŵi√∑
i(ŵi)2 + ϵ

, (11)

where ϵ is a small constant for numerical stability. Finally,
these demodulated weights ŵ′

i are used in the conv. layer,
embedding haze-specific features into the network. This
haze modulation enables dynamic adjustment at each stage,
aligning the generated haze with target real-world style.

4. Advance Dehazing Baselines with GenHaze
Most existing dehazing models achieve state-of-the-art re-
sults on synthetic datasets [19, 63, 72], showing strong po-
tential. However, the domain gap between synthetic and
real-world haze limits their effectiveness. One approach to
bridging this gap is synthesizing a large-scale dataset using
more realistic physical models and training a new model
from scratch [21, 79], but this is costly and cannot fully
capture natural haze complexity. Another strategy is test-
time adaptation (TTA) [15], adjusting network parameters

Baseline

… …

… …

…

Baseline*

…

(b) Dehazing (Baseline)

(c) Dehazing (Baseline+GenHaze)

Real Haze Images
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Baseline Baseline*
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Why?
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(a) GenHaze Inference & Finetuning Baselines

Paired

Figure 4. The process of advancing dehazing baselines. Lever-
aging the strengths of GenHaze, (a), (b) and (c) demonstrate a
simple yet effective approach to unlock the potential of existing
baselines in real-world scenarios.

per image, but this often proves ineffective when baselines
entirely fail on real-world samples.

Leveraging GenHaze, we can generate realistic, control-
lable haze images from real references. We claim that de-
hazing baselines are capable of handling real haze with only
minor adjustments. Fine-tuning baselines for 1-2 epochs
on GenHaze-generated images resembling target real haze
significantly could boost their performance (Tab. 2). No-
tably, our method allows processing of any number of im-
ages simultaneously, unlike TTA, which processes images
individually. Moreover, generating multiple haze images
from a single reference enhances model robustness and en-
ables scalable dataset creation, highlighting GenHaze’s ver-
satility. Mathematically, given j real haze images {rj}, we
generate i haze images {yi} from {xi} for each real image
using GenHaze. For a baseline model fθ, the fine-tuning
process is defined as:

θ′ = argmin
θ

∑
j

∑
i

L(fθ(yij), xi
j), (12)

where L represents the dehazing loss, and xi
j is the ground

truth clean image corresponding to the generated haze im-
age yij . This fine-tuning process adjusts model parameters
θ over a limited number of epochs to improve handling of
real-world haze. The dehazing results transition from the
original model output x̂base = fθ({rj}) to the fine-tuned
output x̂base∗ = fθ′({rj}), achieving significantly better
adaptation to real-world haze samples. Please see the suppl.
for more theoretical explanations on better fine-tuning.

5. Experiments
Implementation: In GenHaze, we construct a haze
database using diverse real haze images (specific settings
in supp.). For the degradation encoder, we use a 4-residual
block backbone to extract relevant features. To better adapt
natural image generation to haze scenarios, we fine-tune
UNet and VAE using LoRA (r = 8 and r = 4, respec-
tively) on 512 × 512 images. Additionally, we incorporate
skip connections [59] within the VAE’s encoder-decoder to
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Table 1. Quantitative comparison of GenHaze with existing degradation generation baselines on paired synthetic and unpaired real
benchmarks. Red triangle △ indicates the degradation generation pipeline adopted from the referenced work. Bold numbers denote the
best performance, while underlined values indicate the second best.

Method Type Controllable Haze4K [50] RTTS [38]

PSNR [29] ↑ SSIM [78] ↑ LPIPS [88] ↓ FID [25] ↓ sFID [58] ↓ FID [25] ↓ sFID [58] ↓

RIDCP△ [CVPR’23] [79] Physics-based N - - - - - 59.21 108.81
UWNR [CVPRW’22] [83] Regression Y 20.04 0.6115 0.3082 94.79 180.83 75.07 114.59
Low-Res△ [CVPR’24] [6] Regression Y 20.87 0.9338 0.0555 22.94 57.33 60.65 111.76
InstructPix2Pix [CVPR’23] [4] Diffusion (20 steps) N 14.38 0.6283 0.4989 180.09 308.10 115.70 173.33
CycleGAN-Turbo [Arxiv’24] [59] GAN N 18.64 0.8536 0.1687 22.80 56.34 60.14 108.73

GenHaze (Ours) Diffusion (1 step) Y 27.06 0.9662 0.0309 15.92 47.76 57.12 105.43

(a) Clean Image (b) Real Haze (f) Low-Res*(d) RIDCP* (e) UWNR (g) Instrutcpix2Pix (h) CycleGAN-Turbo(c) GenHaze

Figure 5. Visual comparisons of haze generation based on RTTS [38] and Fattal’s [20] datasets. Please zoom in for a better view. Our
generated haze more closely matches the intensity and color of (b) real-world haze.

preserve finer details. Training runs on two A800 GPUs for
200K steps with Adam optimizer [18], using a batch size
of 10 and a learning rate of 0.00008. For inference, we use
the EulerDiscreteScheduler sampler [35] in trailing mode
for single-step inference. For downstream fine-tuning, we
only fine-tune dehazing baselines for 1-2 epochs. Due to
our reference controllable design and speed pursuit, Gen-
Haze generates 512×512 images without CFG [26], which
are then resized to 256 × 256 for dehazing fine-tuning. No
modifications are made to baselines, we only use generated
paired images for direct fine-tuning to demonstrate the ef-
fectiveness of our approach. Further details are in the supp..

Datasets, Baselines and Metrics: For the training dataset,
we use clean images from the Allweather dataset [76] to
construct a paired haze dataset of 18,069 images via the
RIDCP pipeline [79]. Clean images are fed into the SD-
Turbo backbone to generate high-quality haze results, while
haze images serve as references for controlling haze gen-
eration. For evaluation, we use the paired Haze4k [49]
dataset and real-world haze dataset. For the latter, clean im-
ages are randomly selected to form an unpaired generation
dataset. Haze4k enables us to assess pixel-level metrics,
including PSNR [29], SSIM [78], and LPIPS [88], evalu-
ating GenHaze’s generation capabilities. For haze gener-
ation, FID [25] and sFID [58] scores applied to unpaired
real haze images measure the effectiveness and generaliza-
tion. Baselines included available degradation generation
methods [4, 6, 59, 79, 83], retrained on our dataset (ex-

cept Instructpix2pix [4], which requires text pairing) for
fair comparison. In addition, we select 8 SOTA dehaz-
ing baselines, including CNN-based [16, 19], Transformer-
based [22, 63, 72], Diffusion-based [12], and real-world de-
hazing methods [21, 79]. Evaluation is conducted using
7 common non-reference metrics on two well-known real
haze datasets [20, 38], with before-and-after gains reported
to thoroughly assess the improvements achieved by Gen-
Haze. Additional details are provided in the supp..

5.1. Comparison with State-of-the-Arts
Haze Generation: We compare GenHaze against SOTA
methods. As shown in Tab. 1, GenHaze outperforms
other methods on the Haze4K dataset [49] regarding all
metrics, highlighting its robust haze generation capabil-
ity. On the RTTS dataset [38], GenHaze surpasses other
baselines in FID (57.12) and sFID (105.43) scores, con-
firming its effectiveness in generating realistic haze that
matches the distribution of real haze while demonstrating
superior controllability. Notably, GenHaze is a diffusion-
based, reference-controllable pipeline, contrasting with
RIDCP [79] which relies on parameter adjustments, and
non-controllable methods like CycleGAN-Turbo [59]. Vi-
sually, as shown in Fig. 7, GenHaze produces haze ef-
fects that resemble real haze in color, density, and other
attributes. Compared to other pipelines (e.g., RIDCP [79]
and Low-Res [6]), GenHaze avoids unnatural color shifts
and artifacts. While approaches like UWNR [83] enable
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Table 2. Performance gains of various baselines after fine-tuning for 1-2 epochs on controllable haze images generated by GenHaze.
CNN-based Transformer-based

Dataset Metrics MSBDN
[CVPR’2020] [19]

+ GenHaze Gain
FocalNet

[ICCV’2023] [16]
+ GenHaze Gain

Dehamer
[CVPR’2022] [22]

+ GenHaze Gain
Dehazeformer

[TIP’2023] [72]
+ GenHaze Gain

FADE ↓ 1.5818 0.6881 -0.8937 2.0583 1.4770 -0.5813 1.8926 0.8263 -1.0663 1.8817 0.9099 -0.9717
BRISQUE ↓ 28.51 20.23 -8.28 35.92 24.31 -11.61 33.07 25.12 -4.95 32.25 24.40 -7.85
NIQE ↓ 4.66 3.65 -1.01 5.11 4.25 -0.86 4.82 3.97 -0.85 4.81 4.02 -0.79
PIQE ↓ 44.96 28.26 -16.70 49.78 38.75 -11.03 45.34 37.02 -8.32 48.05 35.75 -12.30
PaQ-2-PiQ ↑ 66.83 69.74 +2.89 66.56 68.00 +1.44 66.75 70.68 +3.93 66.68 69.42 +2.74

Transformer-based Diffusion-based Real-world Method

Metrics TaylorFormer
[ICCV’2023] [63]

+ GenHaze Gain
T3-DiffWeather

[ECCV’2024] [10]
+ GenHaze Gain

PSD
[CVPR’2021] [14]

+ GenHaze Gain
KANet

[TPAMI’2024] [21]
+ GenHaze Gain

FADE ↓ 1.9827 1.0156 -0.9671 2.3771 0.9771 -1.4000 1.0174 0.6533 -0.3641 0.8705 0.8505 -0.0200
BRISQUE ↓ 33.21 21.37 -11.84 30.14 22.01 -8.13 22.54 20.37 -2.17 18.82 17.87 -0.95
NIQE ↓ 4.89 3.84 -1.05 5.20 3.88 -1.32 3.81 3.51 -0.30 4.33 3.96 -0.37
PIQE ↓ 47.36 36.68 -10.68 41.36 28.56 -12.80 30.15 25.19 -4.96 20.71 19.12 -1.59

RTTS [38]

PaQ-2-PiQ ↑ 66.66 68.76 +2.10 65.82 66.94 +1.12 71.06 70.45 -0.61 68.79 69.14 +0.35

CNN-based Transformer-based

Dataset Metrics MSBDN
[CVPR’2020] [19]

+ GenHaze Gain
FocalNet

[ICCV’2023] [16]
+ GenHaze Gain

Dehamer
[CVPR’2022] [22]

+ GenHaze Gain
Dehazeformer

[TIP’2023] [72]
+ GenHaze Gain

FADE ↓ 0.5428 0.3362 -0.2066 0.6137 0.5211 -0.0926 0.6372 0.5098 -0.1274 0.6296 0.5070 -0.1226
BRISQUE ↓ 16.94 15.31 -1.63 17.03 16.89 -0.14 17.68 14.61 -3.07 16.12 16.69 +0.57
NIMA ↑ 5.28 5.33 +0.05 5.26 5.28 +0.02 5.25 5.35 +0.10 5.26 5.28 +0.02
MUSIQ ↑ 63.01 63.47 +0.46 63.51 63.32 -0.19 63.60 63.40 -0.20 62.45 62.93 +0.48
PIQE ↓ 28.85 26.55 -2.30 32.25 30.81 -1.44 31.80 30.44 -1.36 30.52 29.07 -1.45

Transformer-based Diffusion-based Real-world Method

Metrics TaylorFormer
[ICCV’2023] [63]

+ GenHaze Gain
T3-DiffWeather

[ECCV’2024] [10]
+ GenHaze Gain

PSD
[CVPR’2021] [14]

+ GenHaze Gain
KANet

[TPAMI’2024] [21]
+ GenHaze Gain

FADE ↓ 0.6242 0.5307 -0.0935 1.0555 0.4284 -0.6271 0.3627 0.3363 -0.0263 0.3759 0.3821 -0.0062
BRISQUE ↓ 16.36 16.28 -0.08 17.65 16.32 -1.33 18.98 17.83 -1.15 15.17 15.04 -0.13
NIMA ↑ 4.96 5.00 +0.04 5.20 5.36 +0.16 4.91 5.20 +0.29 5.04 5.11 +0.07
MUSIQ ↑ 62.59 61.83 -0.76 62.46 63.75 +1.29 64.57 65.91 +1.34 63.85 63.59 -0.026

Fattal’s [20]

PIQE ↓ 30.16 28.76 -1.40 31.70 25.06 -6.64 28.77 28.20 -0.56 23.94 23.72 -0.22

Table 3. Com. of the gains of different baselines using physical
generation [79] and using GenHaze.
Method MSBDN [CVPR’2020] [19] Dehazformer [TIP’2023] [72] T3-Diff [ECCV’2024] [10] KANet [TPAMI’2024] [21]

FA. ↓ BRI. ↓ PI. ↓ FA. ↓ BRI. ↓ PI. ↓ FA. ↓ BRI. ↓ PI. ↓ FA. ↓ BRI. ↓ PI. ↓
baseline 1.5818 28.51 44.96 1.8817 32.25 48.05 2.3771 30.14 41.36 0.8705 18.82 20.71
+Physical [79] 0.8532 24.14 35.42 1.0132 27.91 38.84 1.1975 26.52 36.94 0.8746 19.21 20.51
+GenHaze 0.6881 20.23 28.26 0.9099 24.40 35.75 0.9771 22.01 28.56 0.8505 17.87 19.12

(a) Input (b) Baseline (c) Baseline + Physical (d) Baseline + GenHaze

Figure 6. Visual Com. of fine-tuning using haze generated with
physical method versus haze generated by GenHaze. The latter
demonstrates significantly superior performance in dehazing.

controllable haze generation, they may introduce unwanted
oversaturation or background interference.

Additionally, Tab.3 demonstrates that using a more ad-
vanced physics-based haze synthesis pipeline to generate
training data improves baseline performance compared to
training on data produced by inferior pipelines, though it
still negatively impacts certain real-world baselines (e.g.,
KANet). In contrast, Tab.3 and Fig.6 show that GenHaze’s
targeted and controllable high-quality haze generation sub-
stantially boosts real-world dehazing. For comparisons with
training-from-scratch, please see the supp..
Dehazing Performance: For quantitative comparison, as

Table 4. Comparison of generation speed to other baselines at
512×512 resolution on an A800 graphics card.

Method InstructP2P [4] CycleGAN-Turbo [59] TaylorFormer [63] GenHaze

# Inference Speed 0.812s 0.211s 0.167s 0.169s

shown in Tab. 2, GenHaze consistently boosts the per-
formance of various dehazing baselines across datasets
(RTTS [38] and Fattal’s Dataset [20]) and metrics. In partic-
ular, GenHaze yields significant gains across CNN-based,
Transformer-based, Diffusion-based, and real-world dehaz-
ing models. For example, integrating GenHaze with MS-
BDN [19] on the RTTS dataset achieves a substantial im-
provement, reducing the FADE metric by 0.89 (approxi-
mately 55%) and lowering BRISQUE by 8.28. Addition-
ally, several baselines enhanced with GenHaze surpass the
SOTA real-world dehazing model KANet [21], showcas-
ing GenHaze’s ability to unlock the potential of baselines.
For qualitative comparison, Fig. 5 shows the visual en-
hancements achieved with GenHaze. In each example, the
”+GenHaze” images exhibit more natural and realistic de-
hazing. In the top row, GenHaze-enhanced versions signifi-
cantly outperform baseline versions, including KANet [21].
The bottom row further illustrates that GenHaze consis-
tently produces cleaner dehazing results, enhancing overall
performance across different scenes.

5.2. Generation Speed
To demonstrate GenHaze’s efficiency, we compare its per-
formance in Tab.4. Our one-step method is faster than
InstructPix2Pix [4] and CycleGAN-Turbo [59], thanks to
its well-motivated design (e.g., removing the CLIP en-
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(a) Input (b) MSBDN (c) FocalNet (f) T3-DiffWeather(e) TaylorFormer (g) KANet

+G
enH

aze

(a) Input (b) FocalNet (c)Dehamer (e) TaylorFormer(d) Dehazeformer (f) T3-DiffWeather (g) KANet

+G
enH

aze
Baselines

Baselines

(d) Dehazeformer
Figure 7. Visual com. of multiple baselines on real haze samples, before and after integrating GenHaze. Please zoom in to view details.

Method FID ↓ sFID ↓
Hand-craft Prompt 58.58 107.24
GenHaze w/o. Haze Database 58.05 106.81
GenHaze w/o. Larnable Prompt 57.99 106.53
GenHaze w/o. PE. 57.76 106.21
GenHaze (ours) 57.12 105.43

Table 5. Abl. of offline haze
database and prompt embeddding.

Method FID ↓ sFID ↓
ControlNet [87] 58.29 107.06
HM as Decoder [34] 58.01 106.75
GenHaze w/o. HM 58.79 107.62
GenHaze (ours) 57.12 105.43

Table 6. Abl. on deg. en-
coder and haze modulation.

coder and using a lightweight degradation encoder). It also
matches the speed of the latest dehazing baseline, Taylor-
Former [63], highlighting its practicality for downstream
tasks. Additional analysis is in the supp..

5.3. Ablation Studies
For ablation experiments related to GenHaze, we select real
haze RTTS [38] as the test set, as our ultimate goal is to
generate results for unpaired images in the real world.
One-step generation strategy. We validate our one-step
strategy through ablation experiments. Unlike the con-
catenation approach in methods like InstructPix2Pix [4],
our derivation shows that clean images can replace
noise as input, eliminating the need for added noise.
Table 7. Abl. of one-step strategy.

Method FID ↓ sFID ↓

Noise cat Clean 59.04 108.52
GenHaze (ours) 57.12 105.43

As shown in Tab. 7,
the one-step genera-
tion strategy signif-
icantly enhances fi-
nal output quality and

avoids the computational overhead of multi-step inference.
In contrast, traditional denoising paradigms suffer consider-
able performance drops in single-step inference, likely be-
cause the excessive input noise deviates from the gradual
denoising assumption expected by the network.
Offline Haze Database and Prompt embedding. We
compare different text embedding strategies of protocol in
Tab. 5. A fixed prompt (e.g., “a natural image with haze”)
restricts SD’s extraction of relevant haze features, limiting
performance. In contrast, guidance from the database helps

(a) Input (b) Real Haze (c) GenHaze (d) ControlNet

Figure 8. Com. of the quality and controllability of generated
haze. GenHaze generate high-quality images that are more consis-
tent with the properties of real haze, compared to ControlNet [87].

the model capture general haze characteristics effectively.
Additionally, using a learnable prompt embedding increases
optimization flexibility, enabling the model to better adapt
to specific haze conditions.
Degredation Encoder and Haze Modulation. In this sec-
tion, we explore the effectiveness of the degradation en-
coder and haze modulation. As shown in Tab. 6 and Fig. 8,
combining degradation encoder and modulation approach
achieves superior haze controllability and quality compared
to ControlNet [87], yielding images that more closely match
real-world distributions. Unlike previous methods [33, 34]
that apply modulation only at the decoder stage, we incor-
porate it after each stage to dynamically control the gener-
ated style, enhancing generative performance overall. More
ablation experiments can be found in the supp..

6. Conclusion
In this paper, we introduce GenHaze, a novel haze gener-
ation pipeline. It transforms the LDM into a framework
capable of efficiently generating high-quality, controllable
haze through a one-step strategy and clean-to-haze gener-
ation protocol. GenHaze also effectively unlocks the po-
tential of existing dehazing baselines, leading to substan-
tial gains in real-world dehazing tasks. Our work further
demonstrates the potential of current LDM to be adapted as
robust frameworks for controllabel degradation generation.
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