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Abstract

Super-Resolution from a Blurry low-resolution image
(SRB) constitutes a severely ill-posed inverse problem.
Current learning-based SRB approaches primarily rely
on synthetic, well-labeled paired datasets to regularize
solution spaces, yet they exhibit limited generalizabil-
ity in practical applications due to significant domain
discrepancies between simulated degradations and real-
world imaging conditions. To bridge this synthetic-to-
real gap, we propose a novel Self-supervised Event-
based SRB (SE-SRB) framework that leverages neu-
romorphic event streams as physical priors and adopts
a lightweight neural architecture tailored for effective
domain adaptation. Specifically, the proposed SE-SRB
introduces a self-supervised learning paradigm based
on asymmetric integral driven consistency, which en-
forces temporal coherence between predictions derived
from RGB and asynchronous event streams at different
time points. Extensive experiments validate that SE-
SRB consistently outperforms state-of-the-art methods
on both synthetic and real-world datasets. Built upon a
lightweight parallel two-stream architecture, SE-SRB
achieves high computational efficiency, featuring re-
duced parameter count, lower FLOPs, and real-time
inference capability (40 FPS).

Code — https://github.com/bestrivenzc/SE-SRB

Introduction

Image Super-Resolution (SR) aims to reconstruct High-
Resolution (HR) images from Low-Resolution (LR) inputs
and has been widely adopted in video restoration, photogra-
phy, and efficient data transmission (Liang et al. 2024; Gong
et al. 2024). However, motion blur in dynamic scenes often
introduces ambiguities and texture loss, significantly impair-
ing SR performance and downstream tasks like autonomous
driving (Wang et al. 2022), object tracking (Xin et al. 2024;
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Wu et al. 2024b), and SLAM (Wu et al. 2023; Ge et al. 2024).
While image SR (Chen et al. 2022, 2023; Zhang, Zhang, and
Yu 2024) and motion deblurring (MD) (Han et al. 2023; Jung
et al. 2021) have achieved significant advancements, naively
cascading deblurring modules with SR architectures often
amplifies artifacts due to error propagation (Zhang, Zuo, and
Zhang 2018). Recent single-image approaches reveal that
addressing motion ambiguities during SR enhances recon-
struction quality (Fang and Zhan 2022; Niu et al. 2021), but
existing approaches often struggle in real-world scenarios
with complex motions. For instance, although kernel-based
methods show promising performance by utilizing uniform
motion assumptions (Yun et al. 2024), their effectiveness usu-
ally diminishes in real-world scenes involving non-uniform
motions or non-rigid objects. Alternative strategies leverage
video motion flow (Bai and Pan 2024) or end-to-end net-
works (Li, Zuo, and Loy 2023; Barman and Deka 2024), yet
current solutions remain domain-specific (e.g., faces (Li, Zuo,
and Loy 2023; Zhou et al. 2025) or texts (Li et al. 2022;
Noguchi, Fukuda, and Yamanaka 2024)) or overly dependent
on the performance of deblurring submodules (Barman and
Deka 2024), limiting their generalizability to natural scenes
with complex motions.

Recent studies have underscored the benefits of Event-
based Super-Resolving Blurry images (E-SRB) in scenarios
characterized by complex motion dynamics (Han et al. 2021;
Yu et al. 2023). These results demonstrate that event data
with microsecond latency enables accurate reconstruction
of fine details under non-linear motion, while maintaining
temporal precision. Nonetheless, two primary challenges re-
main in practical applications: (i) Generalization: Most prior
works rely on well-labeled synthetic datasets for supervised
training (Han et al. 2021; Yu et al. 2023; Zhang, Liang, and
Shao 2020), which often result in performance degradation
in real-world scenarios due to the discrepancy between syn-
thetic LR blurry images and their real-world counterparts,
as illustrated by the synthetic (top) and real-world (bottom)
examples in Fig. 1 (a); (ii) Efficiency: To improve recon-
struction performance, existing MD and SR methods often
rely on large model sizes and complex network architectures.
However, the resulting computational overhead significantly
slows inference, making real-time applications impractical
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(a) Visual comparison results of different method

(b) Performance and efficiency comparisons

Figure 1: SE-SRB achieves superior reconstruction and efficiency over state-of-the-art methods. In (a), top and bottom examples
are from synthetic and real-world datasets, respectively. In (b), the top-left model shows the best trade-off among quality, speed,

and complexity (indicated by blob size).

(see Fig. 1 (b)).

In this paper, we propose a novel Self-supervised E-SRB
(SE-SRB) framework to recover HR sharp frames from LR
blurry images and concurrent event streams. Unlike existing
methods that rely on well-labeled paired data, SE-SRB lever-
ages the consistency of fused non-homogeneous data at any
given time to construct a self-supervised learning algorithm,
achieving superior performance with high computational
efficiency (see Fig. 1) and making it well-suited for real-
world applications without the need for well-labeled paired
data. In detail, SE-SRB consists of several key modules:
the Learnable Double Integral (LDI) for event integration,
the Learnable Division Reconstruction (LDR) for refining
coarse results and enabling re-blurring, and the Up-Scaling
Reconstruction (USR) for spatial detail enhancement. Such a
self-supervised learning paradigm is driven by asymmetric
integral consistency, i.e., temporal coherence between pre-
dictions from RGB and asynchronous event streams, which
enables the model to learn modality fusion and reconstruct
sharp HR images based on underlying physical patterns. The
main contributions of this work are three-fold:

e We present a fully self-supervised SE-SRB framework
that trains directly on real data without well-labeled paired
data, effectively matching real data distributions and im-
proving generalization by reducing domain gaps.

* We propose a simple yet effective architecture that lever-
ages asymmetric integral consistency to simultaneously
address motion deblurring and super-resolution efficiently,
making the proposed SE-SRB suited for real-time appli-
cations.

* We validate our proposed SE-SRB on a new E-SRB
dataset containing real LR blurry images and events with
various scenarios. Extensive experiments demonstrate the
superiority of SE-SRB in terms of reconstruction quality
and computational efficiency (Fig. 1).

Related Work

Frame-based Super-Resolving Blurry Image. Frame-based
Super-Resolving Blurry images (F-SRB) aims to reconstruct
high-resolution, sharp images from low-resolution, blurry
inputs, which is a highly ill-posed task due to the limited
information in texture and motion. Previous straightforward
cascading methods (Zamir et al. 2021; Liang et al. 2021a;
Chen et al. 2022, 2023), which perform deblurring followed
by super-resolution, often amplify artifacts and yield sub-
optimal results due to error propagation. Decoupling mo-
tion ambiguities is essential to tackle SRB in an integrated
manner. To address this, early attempts often assume uni-
form motion and represent blur with a unified degradation
model parameterized by a blurring kernel (Yun et al. 2024;
Zhang et al. 2021). Jointly optimizing the blurring kernel
and image super-resolution can substantially improve perfor-
mance in both non-blind (Zhang, Zuo, and Zhang 2019) and
blind (Nah et al. 2019; Wang et al. 2021) approaches. Gu et
al. (Gu et al. 2019) introduced an iterative kernel correction
method to refine the blur kernel based on prior SR results.
Recently, domain-specific priors (Li, Zuo, and Loy 2023;
Noguchi, Fukuda, and Yamanaka 2024; Zhou et al. 2025) are
employed to mitigate the ill-posedness, but these methods are
mainly designed for face and text images. Despite significant
progress being achieved, existing F-SRB methods mainly
depend on kernel estimation or specific assumptions, and
thus often suffer from performance degradation in real-world
scenarios with complex and non-uniform motions.

Event-based Super-Resolving Blurry Image. Thanks to the
low latency and high temporal resolution, event cameras (Gal-
lego et al. 2020) can effectively capture high-contrast tex-
tures and fine motion details in dynamic scenes, making
them well-suited for reconstructing sharp images under com-
plex, non-uniform motion. While E-SRB can be achieved by
applying event-based deblurring (Zhang and Yu 2022; Sun
et al. 2022; Xu et al. 2025) followed by conventional super-
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resolution methods (Chen et al. 2023; Zhang, Zhang, and Yu
2024; Wu et al. 2024a), such cascaded pipelines are prone
to error accumulation (Zhang, Zuo, and Zhang 2018), often
resulting in suboptimal performance. To address this, recent
works (Wang et al. 2020; Han et al. 2021) have proposed uni-
fied E-SRB frameworks that jointly optimize deblurring and
super-resolution in an end-to-end manner, benefiting from
well-annotated paired datasets. However, these supervised
approaches suffer from domain gaps between synthetic and
real-world low-resolution blurry inputs, leading to perfor-
mance degradation in practical scenarios. To this end, we
propose SE-SRB, a unified self-supervised framework to fit
real-world data distributions and enable efficient training
without relying on well-labeled data.

Self-supervised Event-based SRB
Problem Formulation

Due to the imperfection of image sensors, the captured image
B may suffer from motion blur and low spatial resolution,

Le.,
1
B=—- I(t)dt, 1
= /M (1) 0
I(t) = DY(L(t)), )

where L indicates High-Resolution (HR) sharp images, 7 £
[0, T'] denotes the exposure interval of B, and I is the Low-
Resolution (LR) version of L downscaled via a spatial degra-
dation model D*(-). Taking into account event data, the goal
of E-SRB is to restore the HR sharp image L(t) at arbitrary
timestamps ¢ € T, i.e.,

L(t)=Go (t,B,E7) ,Vt €T, 3
where Gy denotes E-SRB models with parameters 6. £, =
{(Xn,Pn,tn) }t, 7 are the events triggered within 7, where
t, and x,, respectively represent the timestamps and the
pixel locations of the n-th event, and p,, € {+1,—1} is the
polarity.

Supervised schema: Given a dataset Dsy,
{(B, &7, L);}; containing synthetic LR blurry images, event
streams, and ground-truth HR sharp images, the parameters
0 of the model Gy can be optimized by minimizing the
following objective:

arg;nin Epg, 1£(Ga(t, B,E7), L(t))},

A

“

where L is a loss function, e.g., £; loss, that quantifies the

discrepancy between the reconstructed output f)(t) and the
ground-truth image L(t). Most existing F-SRB (excluding
&7 as input) and E-SRB methods (Zhang, Zuo, and Zhang
2018, 2019; Park and Mu Lee 2017; Han et al. 2021) rely
on Dsy, for supervised learning. However, this often leads
to a performance drop in real-world scenarios due to the
domain gap between synthetic and real data. Additionally, as
illustrated in Fig.1 (b), previous approaches usually employ
complex architectures with a large number of parameters 6,
which hinders their suitability for real-time applications.
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Self-supervised schema: Our objective is to design a self-
supervised framework that addresses the limitations inherent
in existing supervised learning approaches. Given a dataset
collected in real-world scenarios Dgea = {(B, E7)i}i with-
out ground-truth images, we aim to design an objective func-
tion to utilize only LR blurry images B and the corresponding
events &7 for supervision, i.e.,

arggnin Epe {£(Go(t, B,E7), B,ET)} . Q)
However, achieving superior real-world performance while
ensuring computational efficiency presents significant chal-
lenges in both model architecture and self-supervision strat-
egy:

* Complex Models. E-SRB relies on effectively leverag-
ing complementary information from events and images.
However, existing fusion methods are overly complex and
impractical for real-time use, underscoring the need for
architectures that ensure both accuracy and efficiency.

Reliance on Synthetic Paired Data. Real-world blurry
frames B suffer from texture loss and motion ambiguity
due to long exposure and dynamic scenes (Eq. 1). While
event streams £ provide fine-grained motion cues, both
modalities lack high-resolution detail, making their fusion
difficult without ground-truth supervision.

Framework

Unlike existing methods that rely on complex transformer-
based models, our approach introduces a novel self-
supervised dual-branch paradigm based on asymmetric
integral-driven consistency, which enforces temporal coher-
ence between RGB and event-based predictions across time.
By effectively fusing both modalities under this constraint,
the SE-SRB framework adopts a lightweight design (Fig. 2)
built on streamlined convolutional modules and residual
dense blocks, achieving high efficiency with low computa-
tional cost. Each branch comprises three key modules: Learn-
able Double Integral (LDI), Learnable Division Reconstruc-
tion (LDR), and Up-Scaling Reconstruction (USR).

Learnable Double Integral. We first revisit the physical
model of event generation. In event-based vision, an event is
triggered when the logarithmic change in brightness intensity
surpasses a predefined threshold ¢ > 0, i.e.,

log(I(tn,%n)) = log(I(tn + At, X)) = pn - ¢, (6)

where I(t,,x,) and I(t,, + At, x,,) denote the instantaneous
intensity at time ¢,, and t,, + At at the pixel position x,.
Combining Eq. 1, Eq. 6, and the EDI model (Pan et al. 2019),
one can obtain

B .
t
E(m,T) = % /tgexp(c / e(s)ds)dt (8

that converts blurry frames B to latent sharp images I(m) at
arbitrary time m € T with events £7-. Moreover, we omit the
pixel position in Eqs. 7 and 8 for better readability. In Eq. 8,
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Figure 2: Data flow of the proposed SE-SRB: Given two consecutive LR blurry frames B;, B; 1 and their events, the Learnable
Double Integral (LDI) and Learnable Division Reconstruction (LDR) modules predict LR sharp images I;(m) and I;1(m) at
time m, then upsampled by the Up-Sampling Reconstruction (USR) module to produce HR outputs L;(m) and L;1(m).

e(t) £, pn - 6(t —t,) denotes the continuous represen-
tation of events with §(-) indicating the Dirac function. Due
to inherent non-idealities in physical event sensors (Gallego
et al. 2020), the event threshold c in Eq. 8 is spatially and
temporally unstable, leading to inaccuracies in E(-), espe-
cially under long-term integration where noise accumulates
significantly(Zhang and Yu 2022). Following (Zhang and Yu
2022), we adopt a Learnable Double Integral (LDI) mod-
ule composed of cascaded 3 x 3 convolutions with ReLLU
activations to statistically model real-world event data. For
each target timestamp m, two separate double integrals are
computed over 7; and 7; 1 as follows:

E(m,T;) = LDI(P(Er,)),
E(m> 7;+1) = LDI(,P(ETiH ))a

where P(-) denotes the event pre-processing and spatiotem-
poral representation described in (Zhang and Yu 2022).
Learnable Division Reconstruction. The latent sharp LR
image can be theoretically restored from LR blurry inputs
B and corresponding event integrals E(m, T') through the
physical model in Eq. 7. However, directly applying this for-
mulation faces practical challenges due to the instability of
the threshold c. To this end, we further develop an Learnable
Division Reconstruction (LDR) module that learns to approx-
imate the ideal division mapping of Eq. 7, generating refined
latent sharp LR images I;(m) and I;1(m) through adaptive
feature compensation, which can be formulated as:
I;(m) = LDR(B;, E(m, T)),
Iiy1(m) = LDR(Bi1, E(m, Tiy1)).
The latent frame I;,1(m) is estimated by computing
E(m, T;+1) and applying the LDR to approximate Eq. 7,
despite m € 7; falling outside the interval 7T, 1.
Up-Scaling Reconstruction. To maintain architectural
simplicity, we design a lightweight Up-Scaling Reconstruc-
tion (USR) module composed of two convolutional layers
followed by two upsampling layers. This compact structure
progressively recovers spatial details with minimal computa-
tional cost. Given I;(m) and I;,1(m) as inputs, the USR

€))

(10)
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modules reconstruct latent HR sharp images L;(m) and
L;+1(m) with improved texture and structural fidelity.

Inference Procedure. At an arbitrary timestamp m € 7;,
the proposed SE-SRB generates an HR sharp result L;(mn)
from a single LR image B; and corresponding events. This
design enables fair comparison with existing image deblur-
ring and super-resolution methods.

Self-Supervised Learning

Leveraging the intermediate representations introduced in
Section Framework, we establish temporal deblurring and
spatial super-resolution constraints, which facilitate the train-
ing of our SE-SRB model under real-world scenarios without
relying on ground-truth data.

Temporal Deblurring Constraints. Under the assump-
tion that images captured at the same timestamp m should
maintain consistent in both texture and brightness, we define
a LR sharp image I (m) consistency loss L. as follows:

Lic = |Li(m) = Iiz1(m)|1, (11

where I;(m) and I;11(m) are generated by Eq. 10. Further-
more, since Eq. 7 can be rewrittenas B = I(m)/E~1(m, T),
LDR modules can also be applied to estimate the reblurred
LR images B; and B;4, i.e.,

B; = LDR(I;41(m), E"Y(m, T;)),

. - (12)

Biy1 = LDR(L;(m), E~Y(m, Tiz1)).
It is worth noting that I;(m) and I, (m) are used to recon-
struct Bi+1 and B;, respectively. This cross-supervision strat-
egy exploits the similarity between I;(m) and I; 1 (m) while
avoiding identity mapping, effectively leveraging the com-
plementary sharpness information in adjacent blurry frames.
The reblurred B; and B, are then used to define the blurry
consistency loss £p.¢, enforcing alignment with real blur
characteristics:

Lp.c = ||Bi — Bill1 + | Bis1 — Bita|1- (13)
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Methods Events SSL GoPro REDS GoPro REDS #Params. FLOPs Runtime
PSNRT SSIMT PSNR?T SSIMT PSNRT SSIMT PSNRT SSIMT
MANet X X 2042 05868 18.76 04680 22.68 0.6694 19.55 0.4861 9.89 607.6 88.5
DASR X V' 2655 08108 19.56 0.5287 27.62 0.8554 20.18 0.5451 5.97 208.8 54.1
MPR+DAT X X 2686 0.8236 19.48 05336 27.99 0.8784 20.04 0.5471 34.93 19832 1038.5
MPR+CAT X X 2697 0.8253 19.50 05347 28.07 0.8792 20.06 0.5480 36.73 2068.1 2239.2
MPR+SwWIR X X 2687 08216 1946 05319 28.03 0.8783 20.05 0.5464 27.83 18153 101.4
RED+DAT v/ X 2289 0.7983 2031 0.5885 23.30 0.8483 20.87 0.6636 24.59 4367 977.09
RED+CAT v/ X 2294 0.7985 2026 0.5879 23.32 0.8484 20.90 0.6647 2639 521.6 2177.8
RED+SWIR v/ X 2292 07955 2028 0.5882 23.34 0.8486 20.84 0.6601 21.64 969.6 487.4
EF+DAT vV X 2643 08182 2221 0.6254 2739 0.8701 23.05 0.6890 22.50 383.7 9705
EF+CAT vV X 2650 08193 2223 0.6259 27.44 0.8708 23.07 0.6900 243  468.6 2171.2
EF+SwIR vV X 2637 08158 22.18 0.6226 2741 0.8697 23.03 0.6878 1955 916.6 480.8
EVDI+DASR v/ v/ 2370 0.8183 2190 0.6511 24.19 0.8657 22.75 0.7293 636 2223 722
SE-SRB (Ours) v/ v/ 2742 0.8209 24.04 0.6776 28.60 0.8734 2521 07355 0.72 61.6 249

Table 1: Quantitative comparisons of the proposed method to the state-of-the-art deblurring and super-resolving approaches on
GoPro (Nah, Hyun Kim, and Mu Lee 2017) and REDS (Nah et al. 2019) datasets. The column SSL indicates the self-supervised
lerning. The best and second-best results are highlighted and underlined.
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Figure 3: Qualitative comparison results on the GoPro (left) and REDS (right) datasets.

Additionally, the refined LR sharp images I;(m) and I (m)
preserve photometric consistency with the input blurry
frames B; and B;4; in static regions, as dictated by the
image formation model. Leveraging motion cues from event
data to distinguish static from dynamic regions, we introduce
a sharp-to-blurry consistency loss Lg.¢ to enforce brightness
consistency between I (m) and their blurry counterparts:

Ls.c = ||(Ii(m) — By) « M(E7.) |1
+ [(Zis1(m) = Biga) * M(E7,,,)Ih,

where M(-) is a binary mask identifying static pixels (1, no
events) versus dynamic pixels (0, with events).

Spatial Super-Resolution Constrains. Similar to L;.¢,
the reconstructed HR sharp images are expected to exhibit
consistency in both structural details and photometric proper-
ties. Accordingly, we define an HR sharp image consistency
loss L,.¢ as follows:

Lic=||Li(m) = Liz1(m)]|x.

Moreover, the reconstructed HR image L(m) should main-
tain photometric consistency with the corresponding input
blurry frame B, despite the difference in spatial resolution.
To achieve this end, we first downsample i(m) to match the

14

5)

resolution of B, and then formulate a HR sharp-to-blurry
consistency loss L. based on Eq. 14, thereby enforcing
accurate brightness reconstruction in i(m) The Ly.c is
formulated as:

Ly.c = |[(D*(Li(m)) — By) « M(E7,) |11
+ (D (Lig1(m)) — Big1) * M(E7,) |-

Additionally, inspired by the identity loss introduced in (Zhu
et al. 2017), which aims to preserve color composition be-
tween input and output images, we design a Super-resolution
Identity loss Ls to simultaneously constrain color fidelity
and enhance the reconstruction of spatial details. The loss is
defined as follows:

Ls.r = ||USR(D*(Y)) — Y],

where Y is a sharp HR image randomly drawn from publicly
available natural image datasets.

Overall Loss. Finally, the total self-supervised framework
can be summarized as

Lay=Li—c+oalp_c+als c
+azly_c+asly_c+asls_g,

(16)

a7

(18)

where a; to a5 are weighting coefficients.
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Figure 4: Qualitative comparison results on the real-world RLBE dataset.

Experiments and Analysis
Experimental Settings

Our SE-SRB model is implemented in PyTorch and trained
on NVIDIA RTX 3090 GPUs with a batch size of 4. We use
the Adam (Kingma and Ba 2015) and SGDR (Loshchilov
and Hutter 2017) with Ti,,x=200. During training, images
are randomly cropped to 128 x 128. The loss weights a;—as
in Eq. 18 are set to 1, 1, 0.1, 0.1, and 4. For evaluation, we
report PSNR and SSIM(Wang, Simoncelli, and Bovik 2003).
We evaluate the proposed method on three datasets cov-
ering both synthetic and real-world scenarios. Two syn-
thetic datasets are constructed from REDS (Nah et al. 2019)
and GoPro (Nah, Hyun Kim, and Mu Lee 2017), widely
used for SRB and recently adapted for E-SRB (Wang et al.
2020; Han et al. 2021). Original frames are downsampled
to 180 x 320, and 7 intermediate frames are interpolated be-
tween each frame pair using RIFE (Huang et al. 2022). LR
blurry frames are synthesized by averaging 11 (GoPro) or 7
(REDS) sharp frames, while event streams are generated us-
ing vid2e (Gehrig et al. 2020). Unlike synthetic datasets, we
present the Real-world LR Blurry image and Events (RLBE)
dataset, captured by a DAVIS346 camera, featuring diverse
real-world scenes with complex real-world motions.

Experimental Results

SRB is a compound task that simultaneously addresses image
super-resolution and motion deblurring. To comprehensively
evaluate our SE-SRB framework, we compare it against state-
of-the-art (SOTA) SRB approaches, including end-to-end so-
Iutions such as DASR (Wang et al. 2021) and MANet (Liang
et al. 2021b), as well as two-stage pipelines that sequentially
apply motion deblurring followed by super-resolution. For
the deblurring stage, we consider both frame-based methods
(e.g., MPR (Zamir et al. 2021)) and event-based approaches
(e.g., RED (Xu et al. 2021), EF (Sun et al. 2022), and self-
supervised EVDI (Zhang and Yu 2022)). The super-resolution
component is implemented using representative methods in-
cluding SwinIR (Liang et al. 2021a), DAT (Chen et al. 2023),
and CAT (Chen et al. 2022). For a fair comparison, we retrain
the self-supervised methods EVDI (Zhang and Yu 2022) and
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DASR (Wang et al. 2021) on each synthetic and real-world
dataset using their official code and default parameters.
Evaluation on Synthetic Dataset. Quantitative and qual-
itative comparisons on the GoPro and REDS datasets are
shown in Tab. 1 and Fig. 3, respectively. Tab. 1 reports PSNR
and SSIM results, where our SE-SRB consistently outper-
forms prior methods across nearly all settings. In particular,
SE-SRB achieves superior reconstruction quality for both
2x and 4x HR sharp images on synthetic REDS datasets,
validating its ability to jointly address motion deblurring and
super-resolution in a self-supervised manner. Fig. 3 further
highlights visual improvements, where the 4x HR results
produced by SE-SRB exhibit clearer textures and sharper
structures compared to SOTA methods. The right case partic-
ularly showcase its advantages: the proposed SE-SRB recov-
ers fine structural details (e.g., the top-right corners) lost in
other methods and reconstructs continuous sharp lines (e.g.,
the bottom-left corners) with reduced aliasing and blur.
Evaluation on Real Dataset. To assess the real-world
performance of SE-SRB, we test it on the RLBE dataset,
which contains real-world LR blurry frames paired with
event data. As shown in Fig. 4, the retrained self-supervised
EVDI+DASR exceeds prior supervised frame- or event-based
methods, though its results are still affected by artifacts from
the decoupled MD and SR pipeline. In contrast, SE-SRB
produces sharper edges and more coherent textures, demon-
strating stronger generalization in real-world scenes.

Complexity to Performance Analysis

SE-SRB achieves the fastest inference (/~24.9ms) with the
lowest complexity (0.72M parameters, 61.6G FLOPs) on
256 x 256 inputs (NVIDIA RTX 3090), as summarized in
Tab. 1, significantly outperforming prior SRB methods.

Ablation Study

We study the importance of each loss functions and the net-
work module in our self-supervised framework in Tab. 2,
Figs. 5 and 6, and the following conclusion are drawn:
Temporal Deblurring Losses. When trained solely with
the inter-frame consistency loss £;.¢, the model tends to min-
imize the objective by predicting trivial solutions with near-



(b) #0
(6.03, 0.0994)

Figure 5: Qualitative ablations of each self-supervised loss on the REDS dataset.

Models | Lro Lso  Lpe Lsr Lrc Lno 4x UpsfzislillgT/SZSLMlepscaling
#0 v 6.97/0.1013  6.98/0.1014
#1 v v 21.22/0.3556  22.89/0.6119
# v v v 21.78/0.3776  23.66/0.6489
#3 v v v v 23.81/0.6640  24.96/0.7232
#4 v v v v v 7.96/0.3854  8.01/0.3462
#5 v v v v v v 24.04/0.6776  25.21/0.7355

Table 2: Ablation study on the REDS dataset.

E B

Figure 6: Qualitative results of intermediate results including

Bi and Bi+1, Il(m) and ji+1(m), and 31 and Bi+1.

zero intensity values, resulting in artificially high similarity
between I;(m) and I; 1 (m). This leads to suboptimal perfor-
mance, as evidenced by the results in #0 of Tab. 2 and Fig. 5
(b). Introducing the additional intensity constraint Lg_¢ (#1)
significantly improves both quantitative and qualitative out-
comes. Moreover, incorporating the reblurring consistency
loss Ls.¢ (#2) further enhances performance by enforcing
constraints on both structural textures and luminance, as
shown in Tab. 2 and Fig. 5 (d).

Spatial Super-Resolution Losses. While temporal deblur-
ring losses improve LR reconstruction, they often introduce
color shifts and jagged artifacts due to limited supervision
in the HR domain. To address these issues, we introduce
the SR identity loss L£g.;, which significantly enhances vi-
sual quality, as demonstrated in #3 of Tab. 2 and Fig. 5 (e).
Building on this, incorporating the HR-domain consistency
loss L1,.c alone (#4) results in undesirable performance. As
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shown in Fig. 5 (f), £;.c dominates when combined with
Ls.1, leading the network to produce overly uniform (white)
outputs where 7; and T}, become nearly identical. This
minimizes the consistency loss L. but fails to preserve
informative structures. Combined with the HR-domain inten-
sity constraint £ g_c (#5)—which aligns outputs with input
intensities—the network prevents overly uniform results and
achieves better temporal coherence and visual fidelity.
Effectiveness of the proposed LDR module. As shown in
Fig. 6, the latent LR sharp images I;(m) and I;11(m) at arbi-
trary timestamp m € 7, as well as the reblurred LR images
B; and B, 1, are computed using the proposed Learnable
Division Reconstruction (LDR) module via Egs. 10 and 12,
respectively. Compared with the original blurry images B;
and B;1, the recovered I;(m) and I; 1 (m) exhibit sharper
textures and finer details, while the reblurred outputs B; and
Bi+1 closely resemble the input blurs. These results validate
the effectiveness of the proposed LDR module in accurately
approximating the division process described in Eq. 7.

Conclusion

We propose SE-SRB, a self-supervised framework that recon-
structs HR sharp images from LR blurry inputs. It leverages
the intrinsic consistency among blurry frames, latent sharp
images, and event data to jointly enforce temporal deblurring
and spatial super-resolution constraints, enabling effective
training without labels. Extensive experiments on synthetic
and real-world datasets show that SE-SRB matches state-of-
the-art performance while maintaining a lightweight design.
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