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Abstract

In this supplementary material, we provide extended tech-
nical details and additional results supporting the BluRef
framework. We first present implementation information and
training-time analysis, clarifying how the full pipeline is
executed in practice. We then describe the training proce-
dure of the Dense Matching (DM) module in greater depth,
including the construction of synthetic training pairs, the
degradation strategies used, and the role of augmentation
in enabling robust correspondence learning. Additional ab-
lation studies are included to further validate the design
choices of BluRef, particularly regarding DM training con-
figurations, reference aggregation strategies, and alternative
deblurring backbones. We also report quantitative results for
the Restormer backbone and provide extensive qualitative
visualizations on GoPro, RB2V, and PhoneCraft, illustrating
the improvements achieved by BluRef under diverse real-
world blur conditions. Finally, we visualize the evolution of
pseudo-sharp images and confidence masks across training
iterations to highlight how the model progressively refines
its supervision signals. All code and resources used in our
experiments are included for reference.

1. Extra System Details

1.1. Extra Implementation Detail

During BluRef’s pipeline training, each iteration processes
an input image alongside a list of reference images, embed-
ded into the deblurring model’s backbone as data preprocess-
ing. We utilize a batch size of 8, with code details provided
in the supplementary materials.

1.2. Training time

Embedding an iterative refinement technique by Truong et al.
[5], our training period lasts 4 days on 1 NVIDIA A100 GPU.
This duration is approximately 1.2 times longer than that of
supervised models, a difference we consider negligible given
the ability to train on an unpaired dataset and subsequently
achieve pseudo-sharp images.
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from Iref to Itarget, and Mconf is a binary confidence mask that255
specifies the certainty of each transformation applied.256

To train the DM model to effectively bridge the feature257
gap between blurred and sharp domains, we adopt a self-258
supervised scheme inspired by prior works [19, 22–24]. This259
approach generates training pairs, denoted as (Iwarped, Igt),260
by applying artificial warping to an initial set of sharp images261
from any domain. Specifically, we create each synthetic pair262
by sampling a base sharp image and applying random geo-263
metric transformations, such as Homography or Thin-Plate264
Spline, to produce a deformed version. For producing each265
synthetic image pair, we first resize a given original sharp266
image to a larger resolution, H →→W →, and apply a dense267
flow field of the same dimensions using random geometric268
transformations to create a deformed image. The warped269
image, Iwarped, is then produced by centrally cropping this270
deformed image to the desired resolution, H→W , while the271
ground-truth image, Igt, is obtained by similarly cropping272
the original sharp image to the same H→W size. To en-273
hance the model’s adaptability to match detail between sharp274
and blurry domains, we further augment the warped images275
Iwarped by blur augmentation with random blur and noise,276
inspired by BSRGAN [31], ensuring the model trained on277
such data can effectively learn to match features across di-278
verse visual conditions (more detail in Supplementary). In279
the context of our BluRef framework, Iwarped serves as the280
target image Itarget, while Igt from training corresponds to281
the reference image Iref.282

3.3. Pseudo-sharp Image Generation283

After acquiring a robust DM model that can identify pixel284
correspondences between sharp and blur images, we em-285
ploy it within a pseudo-sharp generation process, denoted286
by G. This process produces a pseudo-sharp image Ipseudo287
for each blur image Iblur, given the set of reference sharp288
images {In

ref}N
n=1. When the number of reference images N289

is greater than one, G aggregates multiple reference matches290
to form a single pseudo-sharp image. We consider three291
aggregation strategies: Weighted Average, Sequential Accu-292
mulation, and Progressive Reference Averaging.293

Weighted Average. This strategy applies the DM model294
independently to each pair {Iblur, I

n
ref}, generating a series of295

pseudo-sharp images In
pseudo and corresponding confidence296

masks Mn
pseudo. The final Ipseudo and Mpseudo are obtained by297

averaging these intermediate results:298

Ipseudo, Mpseudo =
1

N

N∑

n=1

In
pseudo ↑ Mn

pseudo,
1

N

N∑

n=1

Mn
pseudo.299

Sequential Accumulation. This strategy iteratively refines300
Ipseudo by using the output from the previous iteration as301
input for the next, ensuring the continuity of sharp details:302

In
pseudo, M

n
pseudo = (4)303

DM(In↑1
pseudo ↑ Mn↑1

pseudo + Iblur ↑ (1 ↓ Mn↑1
pseudo), I

n
ref),304

Ipseudo, Mpseudo = IN
pseudo, M

N
pseudo.305

By employing this method, we maintain consistency in pixel 306
quality between iterations as In

pseudo builds upon the sharp- 307

ness from In↑1
pseudo, creating a continuity of detail. 308

Progressive Reference Averaging. This strategy combines 309
the advantages of previous strategies by retaining sharp 310
details from prior iterations and selectively enhancing un- 311
matched areas in In

pseudo: 312

In
pseudo, M

n
pseudo = DM(Iblur ↑ (1 ↓ Mn↑1

pseudo), I
n
ref), (5) 313

Ipseudo, Mpseudo =
1

N
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n=1

Mn
pseudo ↑ In

pseudo,
1

N

N∑

n=1

Mn
pseudo. 314

This strategy ensures that with each iteration, newly matched 315
details are integrated without discarding the sharpness 316
achieved from previous matches, culminating in a high- 317
quality pseudo-sharp image. 318

3.4. Loss Function 319

At each epoch, our deblurring network is trained using the 320
common image deblurring training objectives, with the main 321
component being a reconstruction loss. However, since not 322
all regions in the pseudo-sharp image are predicted with high 323
certainty, we use the confidence map Mpseudo to weigh the 324
contribution of each image region in the loss computation: 325

ω(k+1) := argmin
ω

L
(
D(Iblur;ω) → M̄

(k)
pseudo, I

(k)
pseudo → M̄

(k)
pseudo

)
. 326

Here, L is any suitable loss metric, including L1, L2, or 327
PSNR. It can be chosen based on the specific requirements 328

for the deblurring model. M̄
(k)
pseudo is the binary confidence 329

mask, obtained by binarizing the confidence map M
(k)
pseudo 330

(using a threshold of 0.7 in our experiments). 331

3.5. Inference 332

At test time, BluRef operates as a direct deblurring model. 333
Both the dense matching module and the pseudo-sharp gen- 334
eration process are discarded after training. Given a trained 335
deblurring network with parameters ωω, the final sharp im- 336
age is produced by a single forward pass: 337

Îsharp = D(Iblur;ω
ω). 338

This means BluRef requires only a single blurry input at 339
inference and runs with the same computational cost as a 340
standard deblurring backbone. Despite its powerful training 341
framework, the inference pipeline remains simple and effi- 342
cient—no extra components, no multi-stage processing, just 343
fast and direct deblurring. 344

4. Experiments 345

4.1. Experimental Setups 346

Datasets. We use three datasets in our experiments, namely 347
GoPro [15], RB2V [16], and PhoneCraft [17]. GoPro is 348
a common image debluring dataset that consists of paired 349
sharp and synthetic blur images. It contains 2103 training 350
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from Iref to Itarget, and Mconf is a binary confidence mask that255
specifies the certainty of each transformation applied.256
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gap between blurred and sharp domains, we adopt a self-258
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(using a threshold of 0.7 in our experiments). 331
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age is produced by a single forward pass: 337
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the task into single-image deblurring and reference transfer,169
but their method falls behind current single-image deblur-170
ring approaches. Zou et al. [35] introduced another solution171
building on previous work, yet it still struggles to effectively172
extract similarities between blurry and sharp domains.173

Most notably, previous research has used reference im-174
ages primarily to enhance supervised models, which still175
require paired ground truth data for training. In contrast,176
our work pioneers the use of reference images within a fully177
unsupervised framework, eliminating the need for paired178
datasets. By effectively leveraging reference inputs, we179
introduce a novel module that outperforms existing unsu-180
pervised single-image deblurring methods, enabling high-181
quality restoration without relying on paired data.182

Dense matching models. Dense flow regression methods,183
typically used for predicting correspondence maps in op-184
tical flow tasks, have recently been adapted for geometric185
matching to accommodate substantial variations in geome-186
try and appearance. Notable among these is DGC-Net [14],187
which employs a coarse-to-fine CNN framework, and GLU-188
Net [23], which overcomes the resolution constraints of189
previous models by using global and local correlation lay-190
ers, complemented by the GOCor module [22] for enhanced191
matching precision. Our method innovates within this land-192
scape by being the first to apply Dense Matching for match-193
ing across domains based on the semantic similarity of ob-194
jects, breaking new ground in the field of domain-specific195
dense correspondence.196

3. BluRef – Reference-based Deblurring197

We approach the problem of image deblurring through an198
iterative enhancement process. Our goal is to estimate a199
sharp image from a blurry image Iblur of a scene by utilizing200
a set of N reference sharp images {In

ref}N
n=1. None of the201

sharp reference images needs to be the exact sharp version202
of the blurry input Iblur. While the reference images should203
come from scenes similar to that of the blurry image, they204
do not need to match precisely and can be captured from205
different temporal and spatial perspectives. In this section,206
we first describe the iterative training procedure, then pro-207
vide details about the self-supervised training of a dense208
matching model, and finally explain the pseudo-sharp image209
generation method.210

3.1. Iterative Target Refinement and Training211

Our iterative process comprises multiple epochs, each with212
two main procedures: (1) pseudo-sharp image generation,213
in which we find matching details between the blurry input214
and the reference sharp images to create a temporary pseudo-215
sharp image; and (2) deblurring network optimization,216
where we use the current pseudo-sharp image as ground217
truth to optimize the deblurring network backbone. This is218
illustrated in Fig. 2 and mathematically expressed as follows:219

I
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Figure 2. Iterative approach for generating a pseudo-sharp image
and using it to train the deblurring model. In each epoch, the refer-
ence images {In

ref}N
n=1 are matched with the deblurred result I

(k)
deblur

to produce the updated pseudo-sharp image and the corresponding
confidence mask, which serve as the supervision targets for training
the deblurring model.

In the equations above, D denotes the deblurring network 223
parameterized by ω(k) at the k-th epoch, which produces 224

a deblurred estimate I
(k)
deblur from the blurry input Iblur. The 225

function G represents a process that takes this deblurred im- 226
age and matches it with the set of unpaired sharp references 227
{In

ref}N
n=1 using a trained Dense Matching (DM) model 228

to generate a pseudo-sharp image I
(k)
pseudo and a confidence 229

mask M
(k)
pseudo that suppresses unreliable correspondences 230

(more details in Sec. 3.3). We initialize the process with 231

I
(0)
deblur = Iblur to provide a stable starting point for matching, 232

before the deblurring network learns meaningful features. 233
The pseudo-sharp image serves as the target, and the de- 234
blurring network parameters are updated by minimizing the 235

masked reconstruction loss Ldeblur, where the mask M
(k)
pseudo 236

weights the valid regions during optimization. This iterative 237
refinement leverages the progressively enhanced deblurring 238
model to incrementally improve the pseudo-sharp target, en- 239
suring that, after each epoch, it more closely approximates 240
the true sharp image. 241

3.2. Dense Matching – Self-supervised Training 242

To bridge the gap between blurred and sharp images, our 243
strategy is to extract corresponding regions across both do- 244
mains. This involves training a DM model to recognize 245
patterns and similarities between blurred and sharp images, 246
which is crucial for generating what will be referred to as a 247
‘pseudo-sharp’ image. In this work, the DM model is de- 248
fined as a function that establishes correspondences between 249
a target image, which can be blurry or of low resolution, and 250
a series of sharp reference images. This function is formu- 251
lated as follows: DM : (Itarget, Iref) → (Itrans, Mconf). Here, 252
Itarget is the image we want to deblur, Iref is a sharp reference, 253
Itrans is the result of applying the inferred correspondences 254
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3
Augment

Figure 1. Training pipeline of the dense matching module DM.
A sharp image is resized and randomly warped to create a deformed
view. Center crops from the original and deformed images form a
synthetic pair (Iwarped, Igt), where Iwarped is further degraded using
BSRGAN Augmentation which is fixed to add blur augmentation.
The DM learns to map (Iwarped, Igt) to a transformed image Itrans

and a confidence mask Mconf.

1.3. Augmentation in DenseMatching Model
As described in Sec. 3.2 of the main paper and illustrated in
our synthetic-pair generation pipeline (Fig. 1), we adopt the
BSRGAN degradation pipeline [6] to augment the synthetic
training pairs (Iwarped, Igt) for the Dense Matching (DM)
model. This augmentation is essential for enabling the DM
module to learn reliable correspondences across blurred and
sharp domains.

While BSRGAN was originally developed for blind im-
age super-resolution, its diverse degradation space makes it
well suited for our setting. We adapt the pipeline for blind im-
age deblurring by expanding it with additional blur-oriented
degradations. Concretely, our augmentation includes:
• Gaussian blur: kernel sizes sampled from {7, 9, 11} with

random variance
• Anisotropic and isotropic blur following the standard

BSRGAN blocks
• Synthetic motion blur implemented using direc-

tional/diagonal averaging kernels and a simple frame-
averaging strategy to mimic real motion smear

• Gaussian noise with random variance
• JPEG compression noise with quality factor q ∼
U(30, 60)



Models PSNR↑ SSIM↑
BluRef + PDC-Net+ 27.72 0.820
BluRef + GLU-Net 26.63 0.798
Upperbound (NAFNet) 28.54 0.824

Table 1. Comparison of BluRef training between with PDC-Net+
and GLU-Net.

• Random downsampling/upsampling (bicubic or bilin-
ear)

• Degradation shuffle, where all degradation operations are
applied in a randomized order.
These augmentations generate a wide spectrum of blur

and noise patterns, including realistic motion smear pro-
duced by averaging, enabling the DM model to learn dense
correspondences under heterogeneous and challenging blur
conditions. Importantly, keeping the degradation shuffle
ensures the model is trained on a richly varied distribution
of warped images, improving its robustness when matching
real-world blurry inputs.

2. Restormer’s Quantitative Result
As mentioned in the main paper, we provide the quantitative
results of Restormer using the Weighted Average (Avg.)
and Sequential Accumulation (Seq.) strategies. Additional
details are available in Table 5.

3. Additional Ablation Studies
In the main paper, we conducted extensive ablation experi-
ments to assess the effects of the number of reference frames,
the pseudo-ground truth generation module, varying ∆ val-
ues, different deblurring backbones, and diverse refinement
strategies. This supplementary material presents additional
ablation studies detailed below.

3.1. BluRef with Different DenseMatching Models
In the main paper, we employ PDC-Net+ as the DM to
train BluRef, leveraging its state-of-the-art performance over
other baselines. To assess the impact of different DM models,
we substitute PDC-Net+ with a pre-trained GLU-Net [4],
trained on the same paired (Iwarped, Igt) set as PDC-Net+, and
follow the identical BluRef training pipeline. Using NAFNet
on RB2V (∆ = 10) with the Progressive (Prog.) strategy.
Tab. 1 shows that PSNR↑/SSIM↑ reaches 26.43/0.792, which
is comparable to PDC-Net+ and approaches the upperbound
model. This result highlights the robustness of our BluRef
pipeline.

3.2. BluRef with GAN-Based Deblurring Back-
bones

To validate BluRef’s effectiveness with other GAN-based
deblurring backbones, we integrate UID-GAN—an unsu-

Models PSNR↑ SSIM↑
UID-GAN 22.01 0.551
UID-GAN + BluRef 24.56 0.698

Table 2. Ablation studies with UID-GAN deblurring backbone.

DM Training Setting PSNR↑ SSIM↑
No augmentation 27.52 0.802
Gaussian blur only 29.05 0.861
Gaussian + Noise 29.21 0.868
Motion blur only 29.44 0.874
Down/Up sampling only 28.93 0.855
BSRGAN (original) 30.58 0.892
BSRGAN + Motion Blur (Ours) 31.87 0.955

Table 3. Ablation study of the Dense Matching (DM) training
pipeline. We compare different degradation configurations used to
synthesize (Iwarped, Igt) training pairs. Results are reported on the
GoPro validation set.

pervised deblurring backbone benchmarked in the main pa-
per—into our BluRef framework, employing the Progressive
(Prog.) strategy with the same DM model (PDC-Net+) and
settings on RB2V (∆ = 10). To adapt its unsupervised
training to BluRef, we apply the same reconstruction loss as
used with NAFNet. As can be seen in Tab. 2, this boosted
PSNR↑/SSIM↑ to 24.56/0.698, compared to 22.29/0.581 for
the original UID-GAN, confirming BluRef’s robust perfor-
mance across diverse deblurring backbones.

3.3. Effect of DenseMatching training setting on
BluRef Performance

This ablation examines how different degradation settings
used to train the Dense Matching (DM) model influence the
final BluRef performance. For each degradation configura-
tion, we train a separate DM model on synthetic (Iwarped, Igt)
pairs generated by geometric warping , followed by one of
the following degradation pipelines: (i) No blur or noise
(identity), (ii) Gaussian blur only, (iii) Gaussian blur +
noise, (iv) Motion blur only, (v) Downsampling/upsampling,
(vi) BSRGAN degradations, and (vii) BSRGAN degrada-
tions with additional motion blur (Ours). We then keep the
entire BluRef framework fixed (NAFNet backbone, ∆=10,
N=6 , Progressive Reference Strategy) and plug in each
DM model to generate pseudo-sharp targets and train the
deblurring network. Thus, the PSNR/SSIM values in Tab. 3
directly reflect how each DM training variant affects the final
BluRef performance on the GoPro dataset.

The results indicate that training DM without blur aug-
mentation leads to a significant drop in BluRef performance,
showing that the matching module fails to generalize to real
blurry inputs. Simple degradations (Gaussian, noise, motion
blur, or downsampling) offer only moderate improvements
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Figure 3. Visualization of the Dense Matching output Itrans at the first iteration. The top row shows the blurry input and three sharp
reference frames. The middle row displays the ground-truth sharp image and the DM output Itrans ∗ M̄conf, where M̄conf is the binary
confidence mask. The bottom row shows the pixel-wise error map between Itrans and the sharp image. Despite being generated at the first
iteration and without any refinement, Itrans already captures high-frequency scene structures from the references, demonstrating that the
Dense Matching module successfully transfers sharp details before the pseudo-sharp aggregation stage (Zoom in for best view).

and remain insufficient to bridge the synthetic–real gap. The
original BSRGAN pipeline already yields a strong gain,
thanks to its randomized degradation shuffle that exposes
the DM model to diverse distortions. Finally, BSRGAN +
Motion Blur (Ours) achieves the best PSNR/SSIM, as the
additional motion-averaging blur improves robustness to
camera shake and produces more stable correspondences.
This confirms that a rich combination of geometric warps and
different degradations is essential for training a DM model
that can generalize to the diverse, unconstrained distortions
present in real-world blurry images.

3.4. Impact of Pseduo ground truth generation

To study the necessity of pseudo-ground truth aggregation,
we compare the performance of BluRef with and without
aggregation strategies for generating pseudo-ground truth
Ipseudo. Specifically, we train BluRef on RB2V and GoPro
(∆ = 10) using NAFNet as the backbone, but without aggre-
gation strategies, forcing the model to learn from individual
supervision signals Inpseudo instead of the aggregated supervi-
sion signal Ipseudo as proposed. As shown in Tab. 4, this leads
to a significant performance drop due to inconsistent super-
vision signal during deblurring model training, underscoring
the crucial role of our iterative refinement with reference
images.



Dataset GoPro RB2V
BluRef (Prog.) 31.87 / 0.955 27.72 / 0.820
BluRef w/o aggregation strategy 18.89 / 0.323 18.73 / 0.325

Table 4. Comparison of BluRef training with and without the
aggregation strategy. For each test, we report PSNR↑/SSIM↑ scores
as evaluation metrics.

4. Additional Visualization
4.1. Qualitative Results in GoPro and RB2V dataset
In this section, we provide additional qualitative figures com-
paring the image deblurring results of our BluRef and other
baselines. Figures 5 and 6 provide samples on GoPro[1] and
RB2V[2], respectively.

4.2. Qualitative Results in PhoneCraft dataset
As discussed in Sec. 4.4 - Evaluating on ‘BluRef dataset’
of the main manuscript, we validate our generated pseudo-
sharp images by pairing them with corresponding blurry
images to form the paired version of PhoneCraft[3] dataset.
We train a compact NAFNet on this dataset for performance
benchmarking against generalized deblurring models BSR-
GAN and RSBlur, both utilizing NAFNet64. We report the
qualitative results of these comparisons in Fig. 4. As shown
in Fig. 4, training on our pseudo-sharp images facilitates
the lightweight version of NAFNet to achieve sufficient and
superior performance compared to BSRGAN and RSBlur,
which use the default version of NAFNet. These examples
demonstrate that our ‘BluRef dataset’ effectively enables
the supervised network capture the blur kernel of real-world
blur, reconstruct sharp details accurately, and avoid artifacts
or excessive smoothing.

4.3. Visualization of Pseudo-sharp images
In this section, we present the evolution of pseudo-sharp
images generated by our model through training iterations
with a given blurry input. This experiment was conducted
using the GoPro dataset, with ∆ = 10 and 6 reference
frames utilized for training. As illustrated in Fig. 2, the
quality of the pseudo-sharp images is enhanced progressively
with increased iterations. Notably, at the final iteration of
400K, the pseudo-sharp image exhibits a high degree of
similarity to the actual ground truth image, confirming the
effectiveness of our model in synthesizing sharp images from
blurred inputs.

Despite the high fidelity of the generated images, there
is a residual impact from the confidence masks applied dur-
ing the image restoration process. As can be seen in the
Fig. 2, the black regions in confidence mask identify re-
gions with lower reliability, have a limited influence on the
learning of the blur kernel space. However, this influence is
marginal and does not substantially degrade the deblurring
performance, as evidenced by the minimal deviation from
the ground truth in the final iteration. This underscores the

robustness of our approach in handling artifacts by efficient
iterative refinement process.
Visualization of DM results before aggregation.To ana-
lyze the behavior of the DM module, we visualize its trans-
formed output Itrans at the very first iteration of BluRef train-
ing. As shown in Fig. 3, the DM output, when masked by
its confidence map, already reconstructs meaningful edges,
building contours, and scene geometry that closely resemble
the ground-truth sharp image. While the reconstruction is
still imperfect and contains notable mismatches, the corre-
sponding error map shows that a substantial portion of the
scene already exhibits relatively low error with respect to the
sharp image.

This indicates that the DM module is able to transfer a
meaningful amount of sharp structural information from the
reference frames even before any refinement or aggregation
takes place. However, the incomplete and spatially incon-
sistent regions also highlight the necessity of our iterative
pseudo–ground-truth aggregation strategy, which progres-
sively stabilizes and improves the supervision signals used to
train the deblurring network (see the gradual improvements
across iterations in Fig. 2).
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GoPro RB2V
Delta (∆) 1 frame 10 frames 20 frames 1 frame 10 frames 20 frames

BluRef (Ours)
Restormer - BluRef (Avg.) 27.12 / 0.905 27.04 / 0.895 26.98 / 0.893 25.41 / 0.816 25.38 / 0.812 24.78 / 0.801
Restormer - BluRef (Seq.) 28.46 / 0.923 28.37 / 0.920 28.31 / 0.912 25.22 / 0.810 25.20 / 0.811 24.73 / 0.792

Supervised - Upperbound
NAFNet 33.32 / 0.962 28.54 / 0.824
Restormer 32.92 / 0.961 27.43 / 0.849

Table 5. Comparison of our proposed BluRef (Restormer backbone) on GoPro and RB2V datasets. For each test, we report PSNR↑/SSIM↑
scores as evaluation metrics.

Blur BluRef+NAFNet(light) RSBlur+NAFNet64 BSRGAN+NAFNet64

Example 1

Example 2

Figure 4. The Qualitative Results in PhoneCraft dataset.
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Figure 5. Addtional Qualitative Results in RB2V Dataset.
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Figure 6. Addtional Qualitative Results in GoPro Dataset.
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