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Supplementary Material

The content of the appendix involves:

– Presence of sharp frames in Appendix A.

– More details of GoProShake and HVD in Appendix B.

– Effectiveness on object motion blur in Appendix C.

– More ablation studies in Appendix D.

– More evaluation details and results in Appendix E.

A. Presence of Sharp Frames
Modern smartphones from almost all major manufacturers,
such as Huawei, Xiaomi and Apple, are equipped with im-
age stabilization technologies like OIS as standard features.
In typical handheld scenarios, such as walking or jogging
while recording, the shake frequency commonly falls within
the effective compensation range of these stabilization sys-
tems. As a result, sharp frames consistently appear in hand-
held video recordings, as illustrated in Fig. A and further
supported by the sharp frame ratios reported in Table A,
which are typically around 30% across different models
from various manufacturers. This observation forms the
foundation for our self-supervised approach.

Table A. Recent smartphone models (2022–2024) with OIS sup-
port and sharp frame ratio in captured videos

Brand Model Release Year OIS Sharp Frame Ratio

Huawei
Mate 50 2022 33.33%
Mate 60 2023 32.50%
Mate 70 2024 38.85%

Xiaomi
Xiaomi 13 2022 34.34%
Xiaomi 14 2023 31.91%
Xiaomi 15 2024 33.68%

Apple
iPhone 14 2022 30.00%
iPhone 15 2023 32.55%
iPhone 16 2024 33.11%

B. More Details of GoProShake and HVD
B.1. Synthetic Dataset GoProShake
GoPro [6] chooses to record the sharp information to be in-
tegrated over time for blur image generation, which can be
formulated as:
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where T represent the exposure time and S(t) denote the
sensor signal of a sharp image at time t. Similarly, K de-
notes the number of sampled frames and S[i] represents the

signal of the i-th sharp frame captured during the exposure.
The function g is the camera response function (CRF) that
maps the latent sharp signal S(t) to an observed image and
is approximated with a gamma curve:

g(x) = x1/γ (2)

where γ is commonly set to 2.2.
Different from GoPro [6], the synthesis process of Go-

ProShake considers the OIS technology in the mobile
phone. According to Characteristic of Handheld Video
in Sec ??, the blur degree is often proportional to the mo-
tion speed of the shooting device. Therefore, unlike GoPro
[6], whose number of sampled frames K in Eq. (1) remains
odd constant within the same video, in GoProShake, it is
proportional to the motion speed between frames. Specif-
ically, we first use MonST3R [14] to roughly estimate the
3D motion trajectory of the mobile phone, and then calcu-
late the movement distance between frames based on the
motion trajectory:

di =

∫
(vr + vs)dt (3)

where vr and vs represent the rotational and translational
velocity vector of the mobile phone, respectively. From the
pose obtained by MonST3R [14], we can calculate the ro-
tational and translational distances vector between frames,
then we can get the rotational velocity vector vr and trans-
lational velocity vector vs from the distances vector.

Our synthesis process also uses a sliding window ap-
proach, with the window size and step size set to the same
value as GoPro [6], which is the number of sampled frames
K. Therefore, the sequence number mj of the middle frame
of the j-th sliding window is:

mj = j ∗K +K/2 (4)

where j = 0, 1, 2... and we can calculate the average move-
ment distance in the j-th sliding window as:

d̄j =
1

K

mj+K/2∑
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di (5)

Then the number of sampled frames for each sliding win-
dow is:

kj = min

(
1,K ∗ d̄j

D

)
(6)

where D is a normalization constant. The number of sam-
pled frames kj is proportional to the movement distance d̄j .
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Figure A. Illustration of sharp and blurry frames coexisting in videos captured by different smartphones (Huawei, Apple, and Xiaomi)
during handheld walking. Each row corresponds to a different device. Green boxes highlight sharp frames, while red boxes indicate blurry
frames.

The smaller the movement distance, the fewer frames are
sampled. The final synthetic frame Bj in the j-th sliding
window is:

Bj = g

 1

kj

mj+kj/2∑
i=mj−kj/2

S[i]

 (7)

where interpolation processing is applied before averaging
and g is the estimated CRF in [7]. It is noted that the j-th
frame is sharp when kj = 1. Our GoProShake dataset con-
tains 22 training videos and 11 test videos, consistent with
GoPro [6]. The visualization of the video from GoProShake
as shown in Fig. B

B.2. Real-World Dataset HVD
The videos of HVD are captured by walking normally in
various scenes, such as night scenes of commercial streets,
campuses, underground parking lots and subway stations,
using HUAWEI P40, Xiaomi 15 and iPhone 16. All videos
are recorded at a frame rate of 30fps with an exposure time
of 16ms. HVD contains a total of 180 videos, with 120 used
for training and 60 (20 Huawei P40, 20 Xiaomi 15, and 20
iPhone 16) for testing. The visualization of the video from
HVD as shown in Fig. 1(a) and Fig. C.

C. Deblurring Effects on Object Motion Blur
Our method is capable of handling not only camera motion
blur but also object motion blur. As described in the main
paper, due to object motion is typically non-uniform, rel-
atively sharp content is retained when the object is still or
moves slowly. Video deblurring models can aggregate in-
formation across multiple frames, allowing these sharp con-
tents to provide crucial clues for dealing with blur when the

object moves fast. Compared to deblurring results from the
blurry video without sharp clues, those from the original
blurry video perform better on object motion, as illustrated
in the middle row of Fig. ?? in the main paper and Fig. E.
The high-quality training pairs constructed by SEVD also
offer more reliable supervision for object motion deblur-
ring. As a result, our method achieves better than DaDe-
blur [4] on the object motion blur. Some visualizations on
HVD can be seen in Fig. F.

D. More Ablation Studies

D.1. Effect of the Masks
Table C shows the ablation results of the Muncer and the
Mocc. Both masks individually bring performance gains,
indicating their effectiveness in handling uncertain or oc-
cluded regions. And combining both yields the best results,
highlighting their complementary roles in enhancing recon-
struction quality. Fig. I and Fig. J visualize the proposed
masks on the synthetic dataset GoProShake and the real-
world dataset HVD, respectively. As shown in the figures,
the masks effectively identify and suppresses misaligned re-
gions that result from inaccurate optical flow or large con-
tent discrepancies between frames. This prevents erroneous
supervision and ensures that only reliable regions contribute
to the learning process.

D.2. Effect of SEVD and SCSCM
Table B presents the ablation results of SEVD and SC-
SCM on two backbones (RVRT [5] and BasicVSR++ [1])
across both the synthetic dataset GoProShake and the real-
world dataset HVD. Individually introducing SEVD or SC-
SCM improves performance across most metrics, validat-



Figure B. Visualization of GoProShake dataset. The top and bottom are training and test videos, respectively. GoProShake takes into
account the OIS technology on handheld video capture, synthesizing blurry videos (red boxes) that contain sharp frames (green boxes).

Figure C. Visualization of HVD dataset. Sharp frames (green boxes) are present and reliable in most cases of handheld shooting scenarios.

Table B. SEVD and SCSCM ablation across backbones (RVRT [5] and BasicVSR++ [1]) and datasets (GoProShake and HVD).

SEVD SCSCM
RVRT

on GoProShake
PSNR / SSIM

RVRT
on HVD

MUSIQ / MANIQA

BasicVSR++
on GoProShake

PSNR / SSIM

BasicVSR++
on HVD

MUSIQ / MANIQA

34.34 / 0.9155 26.9798 / 0.2098 35.61 / 0.9263 26.9677 / 0.2060
36.11 / 0.9288 27.6052 / 0.2189 37.09 / 0.9342 27.7905 / 0.2103
35.89 / 0.9210 27.2834 / 0.2149 36.67 / 0.9290 27.2445 / 0.2061
36.31 / 0.9300 28.4142 / 0.2627 37.44 / 0.9359 28.0040 / 0.2175

Table C. Effect of Muncer and Mocc.

Muncer Mocc PSNR↑ SSIM↑
36.13 0.9157
37.25 0.9334
37.00 0.9343
37.44 0.9359

ing their respective contributions. Notably, the combination
of SEVD and SCSCM consistently achieves the best per-
formance in all settings, highlighting their complementary
effectiveness across different backbones and datasets.

D.3. Effect of the Optical Flow Model

We investigate the impact of different optical flow mod-
els on our deblurring performance. As shown in Ta-

ble D, replacing SEA-RAFT [12] with RAFT [11] or
FlowFormer++[10] results in PSNR drops of 0.66dB and
0.20dB, respectively, and slight SSIM declines. This
demonstrates that SEA-RAFT provides more accurate op-
tical flow estimation, enabling better frame alignment and
enhanced restoration quality. Furthermore, Fig.D illustrates
the robustness of SEA-RAFT under varying degrees of blur,
where it consistently yields reliable flow predictions even in
severely degraded regions.

D.4. Effect of Sharp Frame Selection Interval

Table E investigates how different sharp frame selection
intervals affect selection accuracy and deblurring perfor-
mance on GoProShake. The accuracy is computed by com-
paring our selected sharp frames with manually labeled



Table D. Effect of the optical flow method.

Optical Flow Method PSNR↑ SSIM↑
RAFT 36.78 0.9353
FlowFormer++ 37.24 0.9327
SEA-RAFT 37.44 0.9359

Table E. Selection accuracy and deblurring performance under dif-
ferent sharp frame selection intervals on GoProShake. An interval
of k means one sharp frame is selected for every k frames.

Selection
Interval

Selection
Accuracy PSNR↑/SSIM↑

5 71.03% 37.33 / 0.9305
10 88.51% 37.36 / 0.9342
20 96.77% 37.44 / 0.9359
30 98.28% 37.03 / 0.9326

ones. A smaller interval 5 yields denser supervision but
lower accuracy 71.03%. Increasing the interval enhances
selection accuracy, reaching 98.28% at interval 30, but this
comes at the cost of sparsity in supervision. Among all set-
tings, an interval of 20 achieves the best deblurring perfor-
mance, striking a good balance between selection reliability
and coverage. Therefore, we adopt this interval in all main
experiments. We also apply the same sharp frame selection
strategy to the real-world HVD dataset, and observe rea-
sonable accuracy 91.88%, confirming that real videos also
contain sharp frames that can serve as reliable supervision.

D.5. Effect of Supervised Pre-training.
To assess the effect of supervised pre-training, we first eval-
uate the performance of the fully supervised BasicVSR++
trained on different datasets, as shown in the upper part
of Table F. These results serve as baselines. We then ap-
ply our self-supervised method, SelfHVDBasicVSR++, to fine-
tune these pre-trained models on our real-world dataset
HVD. The lower part of the table presents the results after
self-supervised adaptation. Regardless of the pre-training
dataset, SelfHVDBasicVSR++ consistently improves quality
over the original supervised models. And better supervised
pre-training generally results in better performance after
self-supervised fine-tuning. These results demonstrate that
our self-supervised method effectively enhances the perfor-
mance of different pre-trained models on real-world hand-
held blurry videos.

E. More Evaluation Details and Results
E.1. More Evaluation Details
Under full-supervision, the GoProShake training set (w/
GT) is used for training, while the GoProShake and HVD-
Huawei test sets, as well as the HVD-Xiaomi and HVD-

Table F. Quantitative comparison on real-world HVD dataset.
‘Pre-training’ denotes the dataset used for pre-training models.
The best results in each category are bolded, and the second-best
results are underlined.

Methods Pre-training MUSIQ↑ MANIQA↑
Fully-
Super-
vised

BasicVSR++
BSD-2-16 26.5821 0.2303

GoPro 25.9927 0.2014
GoProShake 25.2488 0.2006

Self-
Super-
vised

SelfHVDBasicV SR++

- 28.0040 0.2175
BSD-2-16 28.1463 0.2135

GoPro 27.7622 0.2189
GoProShake 28.2212 0.2231

Table G. Model complexity and average inference time compari-
son of different video deblurring backbones.

Networks #Params(M) #FLOPs(G) Time(ms)
IFIRNN [8] 1.64 29.55 16.53
ESTRNN [15] 2.47 146.96 79.31
RVRT [5] 10.78 1379.84 472.50
BasicVSR++ [1] 9.76 72.53 27.38

Table H. Temporal consistency comparison of self-supervised
methods on the synthetic dataset GoProShake. The best results
in each category are bolded, and the second-best results are
underlined.

Methods tOF↓ tLP↓ FVD↓ VBench↑
Ren et al. [13] 4.9773 3.8688 112.60 0.8978
DaDeblur [4] 2.0680 2.2800 31.40 0.9018
SelfHVDIFIRNN 1.5423 1.5953 6.18 0.9064
SelfHVDESTRNN 1.7895 1.8452 7.24 0.9044
SelfHVDRV RT 1.7451 1.4712 6.85 0.9065
SelfHVDBasicV SR++ 1.5911 1.1539 6.71 0.9069

iPhone, are used for evaluation. Under self-supervision,
for synthetic data, the GoProShake training set (w/o GT)
is used for training and the GoProShake test set is used for
evaluation; for real-world data, the HVD-Huawei training
set is used for training and the HVD-Huawei test set, HVD-
Xiaomi, and HVD-iPhone are used for evaluation.

E.2. More Visual Results
To further validate the visual effectiveness of our method,
we present additional qualitative comparisons in Figs.G and
H. As shown in Fig.G, SelfHVDBasicVSR++ consistently gen-
erates sharper results on our synthetic dataset GoProShake,
outperforming previous self-supervised approaches, and il-
lustrates the robustness of our method on the real-world
dataset HVD. Lastly, Fig.H demonstrates that under the
same test-time training setting as DaDeblur, SelfHVD
achieves better visual quality on BSD [15], RBVD [2], and
RealBlur [9]. These results further support the quantitative
improvements reported in the main paper and confirm the
generalization capability of SelfHVD across both synthetic



Figure D. Qualitative alignment results under different blur levels. The source sharp and blurry frames are generated by fusing different
numbers of high-frame-rate images, with the sharp frame typically being a single mid-frame and the blurry frame formed by averaging
multiple consecutive frames.

B̃i D(B̃;ΘD)i D(B;ΘD)k

Figure E. From left to right: sharp-clues-less blurry video, deblur-
ring result of sharp-clues-less blurry video, deblurring result of
original input video. SEVD improves object motion blur handling
by constructing higher-quality paired data.

and real-world datasets.

E.3. Running Efficiency

Since our framework can be applied to various video deblur-
ring networks, we select representative backbones with dif-
ferent architectures and model sizes, including IFIRNN [8],
ESTRNN [15], RVRT [5], and BasicVSR++ [1], where ES-
TRNN [15] is also adopted by Ren et al. [13] and DaDe-
blur [4]. The model complexity (numbers of parameters

Blur DaDeblur Ours

Figure F. Visual comparisons on handling object motion blur.
Even for challenging cases involving object motion blur, our
method achieves better performance compared to DaDeblur.

(#Param), FLOPs (#FLOPs)), and the average inference
time (Time) are shown in Tab. G.

E.4. Temporal Consistency
We adopt tOF and tLP [3] as temporal consistency met-
rics. As shown in Tab. H, SelfHVD built on different back-
bones (IFIRNN [8], ESTRNN [15], RVRT [5], and Ba-
sicVSR++ [1]) consistently achieves lower tOF and tLP val-
ues on GoProShake than previous self-supervised methods
Ren et al. [13] and DaDeblur [4]. These results demonstrate
the better temporal consistency of SelfHVD.
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Figure G. More qualitative comparison on our synthetic dataset GoProshake and real-world dataset HVD.
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Figure H. More qualitative comparison on BSD, RVRB and RealBlur.
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Figure I. Visualization of the masks on the synthetic dataset GoProShake. The green box indicates the region where the optical flow is
inaccurate. The uncertainty map will perceive the inaccurate region, and the uncertainty mask is calculated from it to mask the region.
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Figure J. More mask visualization on the real-world dataset HVD, showing the behavior of our masks under varying degrees of content
discrepancy between the predicted output and the sharp frame.
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