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Figure 1. Our training-free, diffusion-based approach enhances existing HDR reconstruction methods for over-exposed regions.
(Left) Our method improves CEVR [7] by generating natural sky details in the over-exposed area. (Right) Comparisons with different
baseline methods (CEVR, SingleHDR [25], and Multi-Exposure Generation [19]) demonstrate how our approach consistently improves
reconstruction quality across different methods without requiring additional training. Here are the results of the real-world cases captured

by a Fujifilm X-T30 DSLR camera.

Abstract

Single LDR to HDR reconstruction remains challenging for
over-exposed regions where traditional methods often fail
due to complete information loss. We present a training-free
approach that enhances existing indirect and direct HDR
reconstruction methods through diffusion-based inpainting.
Our method combines text-guided diffusion models with
SDEdit refinement to generate plausible content in over-
exposed areas while maintaining consistency across multi-
exposure LDR images. Unlike previous approaches requir-
ing extensive training, our method seamlessly integrates
with existing HDR reconstruction techniques through an
iterative compensation mechanism that ensures luminance
coherence across multiple exposures. We demonstrate sig-
nificant improvements in both perceptual quality and quan-
titative metrics on standard HDR datasets and in-the-wild
captures. Results show that our method effectively recovers
natural details in challenging scenarios while preserving
the advantages of existing HDR reconstruction pipelines.

Project page: here.

1. Introduction

High Dynamic Range (HDR) imaging aims to capture and
reproduce the wide spectrum of luminance levels present in
real-world scenes. This encompasses both extremely bright
and very dark regions, which typically exceed the dynamic
range of conventional imaging sensors and standard dis-
plays. To address this, HDR reconstruction methods have
been developed to recover information lost during the signal
processing pipeline of Low Dynamic Range (LDR) images.
However, as illustrated in Fig. 1, while existing methods
such as CEVR [7] excel at reconstructing correctly exposed
regions, they often struggle with over-exposed areas due to
the limited information in these regions.

Over-exposed regions pose a significant challenge in en-
hancing image quality and realism. These regions, charac-
terized by the complete loss of texture and detail, under-
mine the visual coherence and fidelity of reconstructed im-
ages. Conventional methods, including those based on tone
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mapping curves or learning-based approaches, are often in-
adequate as evidenced by the gamma correction results in
Fig. 1. These regions typically appear as uniform patches
devoid of texture, making accurate reconstruction an ill-
posed problem. Even advanced GAN-based methods, such
as [21, 50], despite their promise, suffer from generalization
issues and inconsistent reconstruction quality, particularly
in severe over-exposed scenarios. Moreover, as illustrated
in Fig. 3, direct application of existing diffusion inpainting
models to independently inpaint different exposures often
leads to artifacts such as ghosting and color inconsistencies
due to misalignment across exposure levels and inadequate
control of inter-texture consistency.

In this work, we propose a generative method that lever-
ages diffusion priors to address the limitations of existing
HDR reconstruction techniques. Our method employs an
image inpainting paradigm to hallucinate plausible content
in over-exposed regions, prioritizing perceptual quality and
natural transitions over strict adherence to ground truth. As
demonstrated in Fig. | (Right), our approach can signif-
icantly enhance existing methods like CEVR and Multi-
Exposure Generation by generating natural and consistent
details in over-exposed areas.

To achieve this, we incorporate HDR reconstruction
through multi-exposure image synthesis. By aligning and
compensating for discrepancies across low dynamic range
(LDR) images with different exposure values(EVs), we en-
sure consistency and luminance accuracy in the generated
HDR image. Our pipeline includes three key components:
(1) a diffusion-based inpainting backbone to ensure high-
quality generation tailored to over-exposed regions, (2) iz-
erative refinement with SDEdit [29] to maintain luminance
consistency and structural coherence and to gradually en-
hance the generated content, and (3) compensation after ev-
ery inpainting step to make the generated content exceed
the expected luminance lower bounds, avoiding unrealistic
brightness or structural artifacts.

In summary, the key contributions of this work include:
¢ Introducing a diffusion-based inpainting pipeline that ef-

fectively hallucinates over-exposed regions, significantly
enhancing visual quality and aesthetic appeal.

* Proposing a robust iterative compensation and inpainting
strategy using SDEdit to align luminance and maintain
texture consistency across LDR in the brackets.

» Showing the versatility of our approach, which seam-
lessly integrates with existing indirect and direct HDR re-
construction methods without additional training.

2. Related Work

HDR reconstruction. Single-image HDR methods are
either direct or indirect. Direct methods, including HDR-
CNN [11], ExpandNet [28], CNN models [16, 20, 54],
masked features [43], and pipeline reversal [25], predict

HDR directly but struggle with ill-posed over-exposed re-
gions. Indirect methods merge generated multi-exposure
LDR images via inverse response estimation [8, 30, 41].
While methods like CEVR [7], Deep Chain [12, 21], and
Recursive HDRI [22] excel in proper exposures, they of-
ten fail in saturated areas. Recent approaches explore
cycle-consistency [23], exposure control [14], differentiable
learning [17], generative models [58], GANs [50], and de-
composition [10]. Our method improves the indirect ap-
proach using diffusion priors [9, 13] to reconstruct over-
exposed content while retaining exposure bracketing ben-
efits.

Over-exposed region handling for HDR. Reconstruct-
ing over-exposed regions remains challenging due to in-
formation loss [11, 25, 43, 58]. While GAN-based meth-
ods like GlowGAN [50] (using StyleGAN-XL [44]) ex-
ist, they often lack generalization or require scene-specific
training [22, 36, 58]. In contrast, diffusion approaches
like Exposure Diffusion [5], DiffusionLight [37], and LED-
iff [51] generalize well across scenes [9, 34, 42]. Similarly,
LightsOut [48] employs diffusion to reconstruct lost light
sources. Leveraging diffusion’s synthesis [1, 26] and con-
trol capabilities [13, 45], our method achieves diverse gen-
eration without scene-specific training.

Diffusion & image inpainting. Recent diffusion-based
inpainting methods, such as Blended Latent Diffusion [2],
use CLIP guidance [39] and noise blending for smooth tran-
sitions [35, 42]. Several studies explore controlled gen-
eration [9, 13], such as RePaint [26], ControlNet [57],
SDEdit [29], and IP-Adapter [56]. Paint-by-Example [55]
shows effective CLIP-guided inpainting, while others ex-
plore personalization [47] and specialized architectures [38,
49] to enhance inpainting capabilities. To improve genera-
tion fidelity, CorrFill [24] introduces correspondence guid-
ance for reference-based inpainting. Furthermore, recent
works have expanded diffusion priors to traditional regres-
sion tasks, such as matting [53]. Unlike methods requir-
ing scene-specific training [36, 50, 58] or fine-tuning [37],
our training-free approach achieves high-quality results by
controlling pre-trained diffusion models to maintain cross-
exposure consistency.

3. Method

Given an LDR image containing over-exposed regions, our
objective is to reconstruct an HDR image, with particular
emphasis on restoring details within the over-exposed ar-
eas. Using existing indirect HDR reconstruction methods
(Section 3.2), we can generate predicted LDR images with
varying exposure value (EV) offsets (e.g., EV: -1, -2, -3)
and obtain the estimated inverse camera response function
(CRF) using Debevec’s method [8]. After applying inpaint-
ing techniques to these images, we can create low-EV im-
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Figure 2. Overview of our training-free HDR reconstruction pipeline. Given an input LDR image (EV0), we generate bracketed LDR
images using an existing HDR reconstruction method. Our iterative pipeline then enhances these results through (1) an inpainting stage
guided by exposure and condition maps, (2) HDR merging and alignment of the generated content, and (3) a compensation stage to ensure
physical consistency. The top-right inset shows the progressive refinement of the over-exposed regions through our pipeline stages. The
upper sky region in the aligned case shows the clear alignment across EV images. The lower sky region in the compensation and refined
cases demonstrates our algorithm’s ability to hallucinate realistic over-expose regions with plausible intensity and texture. The upper part
of the sky region in the aligned case shows the clear alignment across EV images. The lower parts of the sky region in the compensation
and refined cases show the ability of our algorithm to hallucinate realistic over-expose regions with reasonable intensity and texture.
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Figure 3. Limitations arising from naively combining indi-
rect HDR reconstruction methods and over-exposed regions
inpainting. Independent inpainting of each EV bracket, with-
out cross-EV alignment, can introduce ghosting artifacts in the
merged HDR result. These artifacts stem from inconsistencies in
the generated content, becoming apparent after merging the inde-
pendently inpainted exposures using Debevec’s method.

ages containing reconstructed over-exposed details, which
are utilized to synthesize the final HDR image.

However, as shown in Fig. 4, if the generated details vi-
olate the lower-bound constraint, i.e., the minimum lumi-
nance level in over-exposed regions, the inverse CRF pre-
dicted by reconstruction methods can be disrupted. This
disruption leads to color shifts and other artifacts, causing
the reconstructed HDR image to deviate from the original
LDR input. Furthermore, while diffusion models can pro-
duce consistent textures with varying brightness levels un-
der a fixed random seed, the iterative nature of inpainting
may result in a loss of cross-EV consistency. This leads to
chaotic results in the final HDR image, as shown in Fig. 3.

To address the challenges of lower-bound adherence
and cross-EV alignment, we propose a novel inpainting

framework comprising two key components: the Inpainting
Pipeline (Section 3.3) and the Compensation Pipeline (Sec-
tion 3.4). An overview of our algorithm is shown in Fig. 2.
Our method employs an iterative inpainting algorithm with
asingle LDR image as input. At each iteration, we refine the
saturated areas using a corresponding text prompt, ensuring
that the inpainted pixels satisfy the lower-bound constraint
and remain consistent across different EV levels.

3.1. Preliminaries

ControlNet [57]. It provides a mechanism to condition
the generation process on additional structural guidance,
such as edges or depth maps. A standard latent diffu-
sion model (LDM) operates through a denoising process:
ze1 = fo(zt,t,y), where z; is the noisy latent variable at
timestep ¢, and y is the text prompt. The function fy rep-
resents the U-Net denoiser parameterized by €. ControlNet
introduces an external conditioning signal ¢, modifying the
generation process to 2.1 = fy(z¢,t,y, c), where ¢ ensures
that the generated image preserves structural consistency.
Using ControlNet prevents the model from generating un-
realistic textures in over-exposed regions, making the gen-
erated content align with the physical scene structure.

Inpainting Models. To combine ControlNet with the in-
painting diffusion process [ 1], we use a conditioning mech-
anism to ensure that the inpainted region adheres to both
structural constraints and textual guidelines. The modified
denoising function is

Zt—l:f9(zt7tay7c)®(17M)+XKQM7 (1)

where M is the saturation mask, X is the target image at
timestep ¢ in the forward process, c is the ControlNet guid-
ance (depth map), and © is the element-wise multiplication.
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below the lower bound of over-exposed regions may lead to unreasonable inverse CRF estimation and misaligned results. The bottom
row demonstrates our intensity compensation approach, which ensures bounded intensities, resulting in proper inverse CRF estimation and

exposure-aligned reconstruction that matches the input LDR.

3.2. LDR Preprocess

Given an LDR image, our objective at this stage is to esti-
mate its appearance under different exposure values, which
is essential to CRF estimation. To this end, we utilize an ex-
isting indirect or direct HDR reconstruction method to gen-
erate LDR images across varying exposure values (EVs).

For cases where a direct HDR reconstruction method,
such as [25], is preferred, we can generate the baseline LDR
stacks using the following gamma function:

Xpy = (H x 2%V)7, (2

where X gy represents the EV-adjusted image of the nor-
malized HDR input H at the exposure level 0 (EV0). We
set v to 2.2 in our implementation and apply this gamma
function to all direct methods in the experiments.

Using the generated LDR stacks, we estimate the inverse
CRF via Debevec’s method [8]. This estimated function
serves as the reference for both tone-mapping and HDR
merging, and is also used within our compensation pipeline
(Section 3.4).

Additionally, we identify saturated regions in the image
by using the soft mask formula [11]:

m, — max(0, max.(X; . — T))’ 3)
255 — 1

where X is the input image with pixel index ¢ and channel
index ¢, and X, . € [0, 255]. In our implementation, we set
the threshold 7 to 245. To mitigate edge side effects caused
by iterative inpainting, we apply this soft mask, marking
saturated areas for the first iteration, to reduce edge artifacts.

3.3. Inpainting Pipeline

A primary challenge during inpainting is that blended dif-
fusion inpainting models [2] often disregard the pixel val-
ues generated by baseline methods in over-exposed regions.
They tend to produce visually appealing but brightness-
inconsistent results.
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Figure 5. Inpainting pipeline in our method. The depth-
conditioned inpainting pipeline with scheduled strength is able to
generate reasonable and consistent content across different EVs
and iterations. The scheduled SDEdit strength enables us to bal-
ance detail preservation with creative generation. In the early iter-
ations, we allow the model to explore a broader range of plausible
scene details, while in later iterations, we retain the refined details
from previous steps and only update pixels that do not meet the
physical constraints.

To address this issue, we employ SDEdit [29]. Un-
like the standard forward process, which adds noise up to
the full timestep 7', we stop at a partial timestep ¢, where
t < T. Inspired by the observation that brightness infor-
mation is primarily determined in early timesteps, we set
t to the range [0.857,0.957] in our implementation. Fur-
thermore, we find that smaller values of ¢ typically result
in closer alignment with the results in the previous itera-
tion. Therefore, we develop a scheduler that starts at 0.957
and then gradually reduces the value of ¢ throughout the it-
erative inpainting process. This mechanism helps balance
the diversity of generated results while maintaining texture
consistency across iterations.

As depicted in Fig. 5, we use the standard diffusion in-
painting model as the backbone model. The proposed in-
painting pipeline takes a prompt, the soft mask, and the
depth map as the extra guidance, and can generate more
plausible LDR images for HDR reconstruction.



Tone Mapping

Luminance Residuals
against Baseline LDRs

W P 4 " 4

Inpainted LDRs Comp. LDRs

N
Inpainted LDRs

Baseline

Residual

- Mask

# of Iteration
Figure 6. Compensation pipeline in our method. Our pipeline
ensures proper exposure relationships through iterative refine-
ment. (Top) Overview of how inpainted LDRs are combined with
luminance residuals to produce compensated results after tone-
mapping. (Bottom) Visualization over four iterations shows in-
painted results, decreasing residuals, and shrinking mask regions.
The process maintains proper luminance lower bounds while fo-
cusing refinement on problematic areas through selective masking,
preventing CRF estimation issues.

1 2 3 4 ——>

3.4. Compensation Pipeline

As shown in Fig. 4, inpainting with intensities below the
input’s lower bound leads to inaccurate inverse CRF esti-
mation and misaligned results. When the generated content
fails to maintain consistent luminance relationships across
different exposures, it disrupts the inverse CRF predicted
by reconstruction methods and causes artifacts in the final
output. To address this issue, we introduce a compensation
pipeline that ensures cross-EV consistency and proper in-
tensity lower bounds.

To maintain cross-EV consistency among LDR images
throughout the iterative process, we utilize the inverse CRF
estimated by baseline methods: The LDR stacks are first
merged into an HDR image [4], which is then converted
back into LDR stacks with matching EV levels, using the
same CRF.

After obtaining the aligned LDR stacks, we ensure that
the generated regions meet the desired lower-bound con-
straints. To achieve this, we transform both the generated
image and the baseline image into the YUV space to extract
luminance. By calculating the residual between the baseline
and the generated image and multiplying it by a compensa-
tion scale, we derive the values to adjust the generated im-
age. These adjusted values are passed to the next iteration
for refinement.

To prevent abrupt brightness increases that could cause

Algorithm 1 Inpainting Pipeline

Input: Baseline LDR images X = {Xo, X_1,X_2, X_3},
text prompt p, total step number 7, condition image ¢, SDEdit
strength K, compensation scale S, saturation mask m, total in-
painting iterations NN, estimated inverse CRF inv.-CRF, expo-
sure times times
Output: HDR image H
XX
fort:=1,2,...,Ndo
for EV = —1,—-2,—-3do
ZEV,I = I’lOZLSe()E—EV7 t)
for all  from 7" x K to I do
Zgv,e1,1e = noise(Xgv,t — 1)
Zgv, 11,0y = denoise(Zgv,, ¢, p)
Zgv, i1 = Zev,ife O M+ Zev,ybg © (1 —m))
end for

XEV,inpaint = ZEV,0
end for
H = merge(f(inpaim, inv.-CRF, times)
Xiign = tonemap(H, inv.-CRF, times)
residual = X — Xaugn
chmp = Aa]ign + residual x m x S;
m < m x (residual > 0)
X — Xecomp
end for
return H

artifacts and disrupt smooth transitions between adjacent re-
gions, the compensation scale is initially set to a low value
and gradually increases with each iteration.

To ensure that valid generated regions remain unchanged
in subsequent iterations, as shown in Fig. 6, we create a
mask during the residual calculation. Valid pixels are as-
signed a mask value of 0, while invalid pixels are set to 1.
This shrinks the inpainting region, allowing the model to
focus specifically on areas that do not meet the standard.
As illustrated in the figure, the compensation pipeline ef-
fectively reduces the residual, ultimately ensuring that all
pixels meet the expected criteria. Alg. | summarizes the
process from the LDR stacks to the final HDR results.

4. Experiments

4.1. Experimental Setup

Implementation Details. We use SDXL-basel.0 with an
off-the-shelf depth-conditioned ControlNet [57] as the dif-
fusion inpainting backbone model. In this work, we use a
fixed and generic set of parameters and input prompts for
evaluating all the cases. During inference, we use 50 sam-
pling steps, a 5.0 guide scale, and a 0.5 ControlNet condi-
tioning scale. Additionally, we set the saturation threshold
to 245. For SDEdit strength scheduling, we use a linear de-
cay schedule, starting at 0.95 and decreasing by 0.05 per
iteration, i.e., [0.95, 0.90, 0.85, 0.80, ...]. The compensation



Table 1. Quantitative comparisons.
datasets without additional training.

Our algorithm consistently improves state-of-the-art methods on both VDS [21] and HDR-Eye [33]

Non reference

Ref.-based (vs. GT)

Dataset | Method BRISQUE | NIQE | NIMA 1 MUSIQT  CLIPIQAT PU21J KID | HDR- 1
PIQE VDP-3
\ TMO RH's KK's RH's KK's RHs KKs RHs KK's RHs KK's -  RHs KKs -
SingleHDR [25] 7573 73.08 1449 1425 4021 4352 2032 0295 2063 0318 90.16 1839 2051 7.5610
SingleHDR + Ours 64.82 6034 12.17 1117 4056 4419 2151 0301 2.159 0324 7835 1862 202.8 8.8604
GlowGAN [50] 7902 7749 1454 1425 4008 4209 1890 0342 1900 0346 9379 2567 2754 6.0815
GlowGAN + Ours 69.19 6679 11.82 1147 4.021 4248 2.020 0363 2.027 0394 7841 2317 2580 6.8441
VDS Deep Recursive HDRI [22 6829 6645 1430 1340 4207 4594 2161 0307 2.199 0305 8827 1117 1190 9.3884
Deep Recursive HDRI + Ours 6424  64.24 13.96 1275 4280 4.673 2250 0320 2309 0393 8551 1011 1103 9.0358
Multi-Exp. Gen. [19] 7151 6540 1389 1271 3900 4410 2013 0209 1964 0262 6612 2283 2758 7.8906
Multi-Exp. Gen. + Ours 6247 5612 1108 10.01 3.984 4445 2154 0216 2.117 0421 63.40 3002 3190 8.0233
CEVR [7] 7242 7021 1433 1348 4044 4421 2043 0299 2093 0299 9044 1234 1353 9.2704
CEVR + Ours 7117 6890 1371 1297 4100 4456 2072 0322 2.123 0369 86.12 1268 1380 9.0358
SingleHDR [25] 7327 7119 1429 14.18 4033 4375 1736 1820 0250 0235 9106 221.6 2276 7.1277
SingleHDR + Ours 62.50 5772 1202 1112 4.087 4446 1875 1955 0251 0235 7839 213.6 2270 6.8385
GlowGAN [50] 7007 7051 1414 1392 4211 4346 1873 1.886 0259 0259 8948 2265 2452 6.4705
GlowGAN + Ours 6100 6167 1198 1175 4277 4460 1972 2011 0260 0260 7929 1813 2251 64286
HDR-Eye | oy Recursive HDRI [22 6561 6498 1321 1170 4225 4620 1900 1933 0.185 0.176 87.68 199.1 200.5 7.2791
Deep Recursive HDRI + Ours  65.04 6295 1221 1094 4260 4.674 1950 2.019 0.90 0.180 84.55 2048 192.6 7.0809
Multi-Exp. Gen. [19] 6671 61.07 1338 1153 4000 4539 1791 1859 0.158 0.158 67.98 229.0 2289 6.1145
Multi-Exp. Gen. + Ours 6274 5614 1106 9.80 4113 4559 2075 2106 0.186 0.199 67.44 3388 3020 5.8216
CEVR [7] 6931 68.04 14.69 1357 4082 4447 1792 1823 0.197 0.174 89.64 2028 2012 7.2253
CEVR + Ours 68.25 66.16 1246 1129 4.100 4478 1792 1.851 0205 0183 83.80 2199 2086 7.0871

scale has a linear increasing schedule, starting at 0.2 and
increasing by 0.1 per iteration, i.e., [0.2, 0.3, 0.4, 0.5, ...].

To avoid a single specially chosen prompt from dispro-
portionately boosting performance, we use a fixed, generic
text prompt “A beautiful photo with bright background.
High-resolution image with a lot of details and sharpness.
4K, Ultra Quality. Good photo.” to minimize the sensitivity
of generative models to prompt variations.

Baseline Methods. We use four indirect HDR reconstruc-
tion methods: One is the simple gamma 2.2 tone mapping
curve, and the others are existing indirect HDR reconstruc-
tion methods, including CEVR [7], Multi-Exposure Gener-
ation [19], and Deep Recursive HDRI [21]. We also use
two direct methods, including GlowGAN [50] and single-
HDR [25], for comprehensive evaluations.

Datasets. We conduct the experiments on two public
HDR datasets, including the VDS [21] and HDR-Eye [33]
datasets. Both of them cover outdoor and indoor scenes.

Evaluation Metrics. To comprehensively evaluate the
performance of our method, we use the full-reference met-
rics HDR-VDP-3 [27] and KID score [6], which assess the
fidelity of generation. In addition, we use the non-reference
metrics BRISQUE [31], NIQE [32], NIMA [46], MUSIQ
[15], CLIP-IQA [52], and PU21-PIQE [3] for the overall
image quality evaluation.

Tone Mapping Operators. The majority of image qual-
ity metrics are not compatible with HDR file inputs. There-
fore, we perform tone mapping to convert the HDR results

to LDR prior to comparison, ensuring that they share the
same dynamic range.

For this process, we employ two different tone-mapping
operators (TMOs): Reinhard’s (RH’s) method [40] and Kim
and Kautz’s (KK’s) method [18]. These operators compress
the full HDR dynamic range into a more limited range while
preserving details without clipping.

4.2. Results

Quantitative Comparisons. Our method demonstrates
notably superior performance in non-reference metrics and
consistently outperforms the baseline methods across both
VDS and HDR-Eye datasets, as reported in Tab. 1. While
we observe slightly lower scores in reference-based met-
rics like KID and HDR-VDP-3, this is expected since our
method focuses on plausible reconstruction of over-exposed
regions rather than strict adherence to the ground truth.
Standard reference-based metrics inherently penalize cre-
ative reconstruction of lost information, even when the re-
sults are perceptually compelling. These results substantiate
the effectiveness of our inpainting pipeline in reconstructing
challenging areas where traditional methods struggle.

Qualitative Comparisons. With our diffusion inpainting
pipeline, we can generate natural and diverse over-exposed
scenes for the HDR images. Qualitative results, as dis-
played in Fig. 7, illustrate the differences between the base-
line methods and the boosted baseline results one by one.
In addition, we compare our results to those by GlowGAN.
Our method leverages the diffusion prior and can produce
more feasible HDR scenes than GlowGAN. We also explore
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Figure 7. Qualitative comparisons of HDR reconstruction methods. Our approach enhances various baseline methods (indicated by “+
Ours”) across diverse scenes, including outdoor architecture, indoor lighting, and urban landscapes. While existing methods often produce
unrealistic content or artifacts in over-exposed regions, our method generates more natural details and lighting patterns while maintaining
structural consistency without training. Results show improved reconstruction of sky details, cloud patterns, and lighting effects across
different baseline methods. The top row shows the main difference between the baseline results and hallucinated results. Though we can
generate a similar texture and color tone, the generated content and ground truth might not be considered the same by the KID score and

HDR-VDP-3.

Input LDR
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Figure 8. Inpainting diversity results. By leveraging the dif-
fusion prior, our inpainting pipeline gains the ability to generate
diverse scenes with different lighting conditions and sky appear-
ances from the same input LDR image.

Table 2. Ablation study on diffusion backbones. Our algorithm
improves state-of-the-art methods on the VDS dataset [21] with
different diffusion backbones without additional training.

Method NIQE | NIMA 1 PU21-PIQE |
TMO RHs KK's RHs KK’s -
CEVR [7] 1433 1348 4044 4421 90.44
CEVR + Ours (SDXL) 1371 1297 4100  4.456 86.12
CEVR + Ours (SD turbo)  12.36  11.60  4.150  4.482 78.46

the impact of different text prompts. As visualized in Fig. 8,
our method exhibits adaptability to all the text prompts and
hallucinates plausible results. More examples of in-the-wild
or extreme cases can be found in supplementary materials.

4.3. Ablation Studies

SDEdit Strength Scheduling. In the inpainting pipeline,
we use varying SDEdit strengths to control the balance

SDEdit
strength

0.6

Our
scheduling

# of Iteration 1

Inference Time(Min) — 1.1 1.9 2.7

4

35—

Figure 9. SDEdit strength scheduling ablation study. Low
strength, e.g., 0.6, limits content generation in over-exposed re-
gions, while high strength, e.g., 1.0, causes inconsistency between
iterations. Our scheduling gradually decreases noise strength to
balance content generation with detail refinement and consistency
across all the four iterations.

of creativity and consistency of texture between iterations.
Fig. 9 shows the results by using different SDEdit strengths.
When the strength is fixed to a lower value, e.g., 0.6, the
results of the next iteration would lose the generative diver-
sity and be the same as those in the previous iteration. In
contrast, a fixed high strength of 1.0 prevents the inpaint-
ing model from taking the results of the previous iteration
into consideration, resulting in the production of infeasible
images.
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Inpainted result
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luminance compensation

Residual

Baseline
Inpainted result

With

luminance compensation

Mask
Residual

# of Iteration
Figure 10. Luminance compensation ablation study. (7op)
Without compensation, the inpainted content may be unrealisti-
cally dark. (Bottom) Our compensation adjusts pixel values to
maintain physically plausible brightness levels, as shown by de-
creasing residuals across iterations.

Table 3. Quantitative ablation studies. We conducted a quantita-
tive evaluation on the VDS dataset and demonstrated that our ap-
proach yields improvements in non-reference image quality met-
rics.

Components (RH’s TMO) | NIQE | NIMA 1 PU21-PIQE |
Baseline (CEVR) 14.33 4.044 90.44
w/o Merge & Comp. 13.57 4.045 85.15
w/o Merge 13.60 4.021 84.68
w/o Comp. 13.39 4.028 85.07
Ours 13.71 4.100 86.12

Compensation Block. When generating details for over-
exposed regions, we aim to prevent the generation process
from modifying the original input LDR in a way that leads
to an unrealistic inverse CRF. To ensure this, we constrain
the baseline methods by setting their pixel values to the
lower-bound of the overexposed areas. If inpainted pix-
els fall below this lower-bound, we correct them by adding
the absolute difference between the inpainted value and the
lower-bound, scaled by a compensation factor. Addition-
ally, we refine the mask to better align with the adjusted
pixel values. Fig. 10 shows the results with and without the
compensation block. As demonstrated in the second row,
we find that the residual fails to diminish without the com-
pensation block as the iteration progresses. In the fourth
row, it is evident that the residual is significantly reduced
with the aid of this compensation block. The quantitative
evaluation of each component of our approach is reported
in Tab. 3.

Diffusion Backbone. The training-free nature of our
method ensures that the inpainting pipeline exhibits consis-
tent performance across various diffusion backbone mod-
els. To demonstrate this, we conduct experiments using
two distinct diffusion models with depth-conditioned Con-

Unreasonable Inverse CRF Baseline

Input LDR Baseline+Ours

Figure 11. Limitation. Our method is restricted by the estimated
inverse CRF. When the estimated inverse CRF is unreasonable,
our results suffer from color shifting as well.

trolNet, including SDXL, the original model employed in
our method, and SDXL Turbo, a distilled variant of SDXL
characterized by an accelerated inference speed but dimin-
ished image quality and prompt alignment. As presented in
Tab. 2, our method with SDXL turbo still beats the baseline
method in all non-reference-based metrics. Notably, it even
surpasses the performance with SDXL in certain metrics.

Inference Time. We conduct the evaluations with differ-
ent numbers of iterations on the VDS dataset, using the out-
put image size of 1024 x 1024. Fig. 9 shows the compu-
tation time with different numbers of iterations. We con-
ducted this analysis with single RTX 3090.

4.4. Limitation

Although our method effectively boosts the baseline meth-
ods by iteratively inpainting the LDR stacks, its perfor-
mance is still contingent upon the baseline method produc-
ing a reasonable inverse CRF. As shown in Fig. 11, the
baseline method yields a non-monotonic inverse CRF. The
non-monotonic inverse CRF disrupts the assumed one-to-
one relationship between pixel intensity and scene radiance.
Thus, both the baseline and the inpainted results suffer from
color-shifting side effects.

5. Conclusion

We present a training-free, diffusion-based pipeline for
HDR restoration of over-exposed regions. Our method
leverages diffusion priors with SDEdit refinement to gen-
erate plausible content while preserving exposure consis-
tency. Through iterative refinement and compensation
mechanisms, our method consistently and substantially en-
hances existing HDR reconstruction methods, particularly
in over-exposed areas. Comprehensive results demonstrate
significant improvements across metrics and datasets, high-
lighting the effectiveness of our approach across diverse
scenes without the need for additional training. As a
promising direction for future work, we plan to extend our
framework to handle under-exposed regions, aiming for a
unified solution that addresses both extremes of the dy-
namic range.
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