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Abstract

Blurry video super-resolution (BVSR) remains fundamen-
tally ill-posed due to the simultaneous loss of high-frequency
spatial details and reliable motion cues in blurry low-
resolution frames. While cascade-based and joint BVSR
methods struggle under severe blur, existing event-guided
VSR approaches essentially assume clean inputs and are inef-
fective against complex motion degradation. These methods
fail to model blurry representations or leverage event signals
for blur-aware motion cues, leading to sub-optimal perfor-
mance. We propose BluR-EVSR, a unified framework that im-
plicitly models Blurry Representations and leverages Event
cameras to jointly address both blur and resolution degrada-
tion for VSR. The framework begins with a self-supervised
degradation learning strategy guided by event streams and
neighboring frames, enabling adaptive blur representation
without explicit supervision. A dynamic routing mecha-
nism encodes spatially varying degradations, while a motion-
saliency degradation-aware attention module injects motion
saliency priors to facilitate efficient RGB-event fusion. Inte-
grated into a bidirectional recurrent framework, BluR-EVSR
enables temporally consistent and detail-preserving restora-
tion with low computational cost. Extensive experiments
across multiple benchmarks show that our method signifi-
cantly outperforms prior BVSR and event-based approaches.

1 Introduction

Video super-resolution (VSR) aims to reconstruct high-
resolution (HR) video frames from low-resolution (LR) in-
puts and has broad applications in areas such as medical
imaging (Peng et al. 2020), remote sensing (Xiao et al.
2021a), and surveillance (Farooq et al. 2021; Zhang et al.
2024). In real-world scenarios such as sports broadcasting,
aerial surveillance, and autonomous driving, video frames
often suffer from both resolution degradation and motion
blur due to rapid motion or camera shake. To better charac-
terize such degradations, the formation of the j-th blurry and
LR observation frame y; (j = i—N,i—N+1,...,i+N), that
is, the degraded measurement from its underlying HR refer-
ence x;, can be described by a physics-based model (Liu and
Sun 2013; Lee, Choi, and Lee 2021; Pan et al. 2021; Jeelani
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et al. 2023; Xiao et al. 2023; Bai and Pan 2024)

y; =SK;Fi jx; +n, (1)

where F;_,; denotes motion warping function from refer-
ence frame x; to target j-th frame frame, K; is a blurring
matrix (w.r.t K;), S is the downsampling operator (w.r.t S),
and m is additive noise. This formulation jointly accounts
for resolution loss and motion-induced blur. It reflects the
inherent ill-posedness of blurry VSR (BVSR), where the la-
tent HR frame x;, blur kernel K, and motion field F;_,;
are unknown and entangled in the degradation process.

Existing VSR approaches typically focus on spatial up-
sampling under simplified assumptions, namely clean inputs
without noise 7, no explicit modeling of the blur kernel K ;,
and a fixed downsampling operator S’ typically assumed to
be bicubic (Chan et al. 2021; Wang et al. 2019). In blurry
scenarios, cascade pipelines, whether performing deblurring
before super-resolution or vice versa, tend to propagate and
amplify artifacts across stages and fail to leverage temporal
redundancy effectively. Joint frameworks (Fang and Zhan
2022; Youk, Oh, and Kim 2024) that estimate motion and
blur in an end-to-end manner have shown promise but still
struggle with residual blur and jitter, particularly under com-
plex motion. A core limitation of these methods lies in the
use of RGB-only inputs, which lack the temporal granular-
ity necessary for reliable motion modeling and ambiguity
resolution. When both spatial detail and motion cues are de-
graded, RGB-only models are prone to produce temporally
inconsistent and visually blurred results. To overcome these
challenges, integrating neuromorphic sensors (Zhao et al.
2021; Dong et al. 2024; Zhao et al. 2023b, 2024b, 2023a;
Xiao et al. 2022; Xiao, Lu, and Wang 2024) such as event
cameras into VSR has recently attracted growing interest,
owing to their inherent robustness to motion blur and high
temporal resolution.

While event-guided VSR has attracted increasing atten-
tion due to the inherent advantages of event cameras, works
specifically targeting the BVSR setting remain scarce. To
the best of our knowledge, only one recent work (Kai et al.
2025) explicitly addresses this scenario. However, it suf-
fers from two key limitations: (1) it lacks explicit model-
ing of blur and instead relies on implicit exposure informa-
tion, which may not capture the spatio-temporal variation
of blur severity; and (2) it adopts a parallel fusion strategy



that processes frames and event streams independently be-
fore fusing them at the feature level. This design limits the
model’s ability to exploit blur-aware motion cues, making
it less effective at disambiguating motion and restoring fine
details. Motivated by these limitations, we adopt a princi-
pled degradation modeling strategy that directly integrates
event data into the observation formation process, enabling
accurate and flexible blur representation learning. To allevi-
ate the need for explicit motion estimation, we reformulate
the degradation process into an event-aware model

y; = SK;x; + n,where K; = U(E;, {yr}rer;), ()

E; denotes the event stream captured during the exposure of
the j-th frame, and 7; denotes a temporal neighborhood of
frame j, typically definedas 7; = {i — N,i — N +1,...,i+
N}. The set {yx}re7; contains neighboring blurry frames
that provide additional context to guide blur kernel estima-
tion. The function ¥(-) is implemented via deep networks
that implicitly model blur kernels by fusing event-guided
motion cues and degradation context, without requiring ex-
plicit motion or blur supervision. In doing so, it enables spa-
tially adaptive and temporally consistent restoration without
relying on rigid fusion schemes, offering improved model-
ing flexibility and interpretability compared to previous de-
signs (Chen et al. 2019; Zhang, Gool, and Timofte 2020;
Tang et al. 2023).

To operationalize this event-aware formulation, we
propose BluR-EVSR, an end-to-end Event-guided VSR
framework tailored for blurry LR inputs via Blurry
Representations. BluR-EVSR begins by estimating im-
plicit blur representations between blurry LR frames and
their latent HR counterparts, guided by the high-temporal-
resolution cues from event streams. A dynamic routing
mechanism adaptively regulates the generation of degra-
dation features across multiple spatial scales, enabling the
model to account for spatially varying blur patterns un-
der diverse motion conditions. These features are then used
in a degradation regularization process to modulate recon-
struction, effectively bridging the gap between degraded
and clean representations in a fully self-supervised manner,
without requiring explicit blur annotations. To further en-
hance the modeling of fine-grained spatial structures and
temporally coherent motion cues, we propose a Motion-
Saliency Degradation-aware Attention (MoSDA) module.
MoSDA leverages the event stream and the learned blur rep-
resentations as motion-aware priors to dynamically mod-
ulate attention weights, allowing the network to focus on
motion-relevant regions with degraded structures. By in-
tegrating these components into a bidirectional recurrent
framework (Chan et al. 2021, 2022a), BluR-EVSR achieves
temporally consistent and detail-preserving reconstruction
under severe motion blur, while maintaining high efficiency
and interpretability.

Extensive experiments conducted on three benchmark
datasets demonstrate that BluR-EVSR consistently outper-
forms state-of-the-art approaches, achieving superior spa-
tial reconstruction quality and temporal consistency. Our
contributions can be summarized as follows: (1) We intro-
duce a physics-based formulation of BVSR and extend it
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to the event-guided setting, where blur is explicitly mod-
eled as an event-guided degradation process. (2) We pro-
pose BIuR-EVSR, a unified framework that combines the
dynamic degradation routing and the MoSDA module to
jointly model blur and motion. (3) Our method achieves ad-
vanced performance in spatial detail recovery and temporal
consistency, validated across multiple benchmarks.

2 Related Work

Video super-resolution. VSR enhances LR frames by ex-
ploiting temporal information via sliding-window or recur-
rent structures. Deep learning-based methods (Mao et al.
2025; Xiao, Li, and Jia 2025; Xiao and Wang 2025b; Xiao
and Xiong 2025; Xiao et al. 2024b; Bai et al. 2024, 2025;
Zhao et al. 2023c; Xiao et al. 2020; Li et al. 2024a, 2025a,
2024b, 2025e,d; Zhang et al. 2025a,b, 2023; Li et al. 2023a,
2025b,c) have become the dominant approach. Sliding-
window approaches align neighboring frames to a refer-
ence using optical flow (Caballero et al. 2017; Tao et al.
2017; Xiao et al. 2021b; Lu et al. 2023b; Hu et al. 2022;
Zhao et al. 2022, 2024a; Ding et al. 2022), dynamic fil-
ters (Jo et al. 2018), deformable convolutions (Tian et al.
2020; Wang et al. 2019), or attention (Isobe et al. 2020; Li
et al. 2020; Cao et al. 2021; Liang et al. 2024), but often
fail to capture long-range dependencies. Recurrent methods
such as BasicVSR (Chan et al. 2021), BasicVSR++ (Chan
et al. 2022a), and PSRT (Shi et al. 2022) improve fea-
ture propagation yet degrade under severe blur (Kai et al.
2025). Joint deblurring and SR frameworks (Fang and Zhan
2022; Youk, Oh, and Kim 2024) address motion degrada-
tion but remain vulnerable to large displacements and tem-
poral artifacts, motivating BVSR. To overcome these limita-
tions, we introduce event cameras into BVSR. By leveraging
their microsecond-level temporal resolution and robustness
to motion blur, our method effectively complements RGB
inputs with fine-grained motion cues, enabling sharper and
more temporally consistent VSR.

Video deblurring. Video deblurring leverages spatio-
temporal cues to improve quality (Xiao and Wang 2025a;
Pan, Bai, and Tang 2020; Li et al. 2021; Zhou et al. 2022;
Zhong et al. 2022; Zhang, Xie, and Yao 2022; Wang et al.
2022; Suin and Rajagopalan 2021; Chao et al. 2022; Ji and
Yao 2022; Jiang et al. 2022; Nah, Son, and Lee 2019; Su
et al. 2017; Liang et al. 2024; Rao et al. 2024; Zhang,
Xie, and Yao 2024). Recurrent models (Kim et al. 2017;
Wieschollek et al. 2017; Nah, Son, and Lee 2019; Zhong
et al. 2022; Wang et al. 2022; Chao et al. 2022; Liang
et al. 2022b; Li et al. 2023b) propagate features sequen-
tially, while others adopt dynamic filters (Zhou et al. 2019)
or blur-invariant flow (Son et al. 2021). Bidirectional prop-
agation (Chan et al. 2022b; Zhu et al. 2022; Ji and Yao
2022; Lin et al. 2022; Zhang, Xie, and Yao 2022) and trans-
formers (Liang et al. 2024, 2022b,a) capture long-range de-
pendencies, with sparse transformer designs improving ef-
ficiency (Zhang, Xie, and Yao 2024). In this paper, we
propose a unified event-guided framework for BVSR that
jointly addresses motion blur and resolution degradation in
an end-to-end manner.

Event-guided video super-resolution. Event-guided VSR



leverages event streams for high-temporal-resolution guid-
ance. Early work (Jing et al. 2021) uses events for LR
frame interpolation, while bidirectional (Kai, Zhang, and
Sun 2023) and implicit representation methods (Lu et al.
2023a) jointly model RGB and events. EvTexture (Kai et al.
2024) exploits high-frequency priors, and asymmetric fu-
sion (Xiao et al. 2024a,b) improves efficiency. Kai et al. (Kai
et al. 2025) first explore BVSR with events. Building on this,
we propose BluR-EVSR, an event-guided BVSR framework.

3 Method

3.1 Overview

Given a blurry LR input sequence {y;}!=it% (y; €

RI*Wx3) and the corresponding forward and backward

event streams {E }!I=FN and {EP}ZHN, the goal of
BluR-EVSR is to reconstruct the corresponding HR output
sequence {9;}'= N (g, € R *2Wx3) that closely ap-
proximates the ground-truth HR sequence {z;}!='" . H,
W, and « are the frame height, frame width, and the up-
scaling factor respectively. Because event streams are not
directly convenient for observation and processing by con-
volutional neural networks, we follow the common practice

of converting event streams into voxel grids {V,/ =N
(‘/;f c RHXWXbin) and {‘/tb}zzzi-% (‘/tb c RHXWXbin)
for subsequent processing (Kai et al. 2024; Xiao et al.
2024a). bin is the number of time bins, and is set to 5 in
this paper. For simplicity, we omit the time subscript and

express the BluR-EVSR in its compact form as

9 = BIuR-EVSR(y, V', V). ©))

Figure 1 illustrates the architecture of BluR-EVSR. We
take two adjacent blurry frames y;, y;+1 and their corre-
sponding event voxel grids V;f , V,? as an example. Frame
and event features are first extracted using dedicated en-
coders Encp(-) and Encg(-) with nq residual blocks

FPER F31" = Encr(yi),

F} = Ence(Vy).

= EncF(yt)7

@
F/ = Bncp(V/),

The features are fused via a multi-level fusion module

Feet = MLF(FPY? F] L FY), (5)

and processed through a residual block stack ®(-) to obtain
the blur representation ;¥ via

FtB _ (b(FtFused). (6)

This blur representation F;Z? serves as both a prior for

degradation-aware routing and a guidance feature in bidi-

rectional propagation. In the backward propagation branch,

the concatenated features of v, FZ%, and FEL® yield in-

termediate representation Fb,, which is further fused with
the event information to generate an event-aware degrada-

. Deg.b
tion feature F, %

BLR

Deg,b
7Ft+1 y Yt F

Ftb/ :@([FtBLR ,F :(I)([Ftbl,Ftbyme~ @)

)
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These are passed through ne MoSDA blocks to yield the
final backward branch feature F2**. The forward coun-
terpart F/'°" is obtained symmetrically. Finally, the fused
temporal features F22* and FF°" are decoded using n3
residual blocks and a pixel-shuffle layer to reconstruct the
clear HR output y;. A residual connection incorporating the
bicubic-upsampled input y;+ is introduced to stabilize the
training process and further enhance the performance. The
detailed encoder and decoder architectures are provided in
the supplementary material.

3.2 Blurry Representations Generation and
Degradation Regularization

Multi-level fusion. In BVSR, degraded frames often ex-
hibit scale-dependent blur patterns, where motion or defocus
affects coarse structures and fine textures differently. This
indicates the presence of intrinsic structural dependencies
across scales. We propose a multi-scale fusion strategy to ef-
fectively capture these complementary cues that aligns and
integrates RGB and event features at multiple resolutions,
enabling finer texture recovery and robust motion perception
across scales.

To capture scale-dependent blur and motion patterns in
degraded frames, we construct multi-scale features from
the fused blurry frame FPEE and the event representa-

tion [F/, F?], denoted as FELR and [FF, , FP, ] for s; €

t,5;
{1,2,3}. At each scale, features are fused via

BLR
)

F,, = ®(Conv([F2ER F/

t,557

Fpo Fy), ®)
where Fsi denotes the upsampled output from the previous
scale (omitted when ¢ = 1). The final enhanced representa-
tion is computed by aggregating all scales

(C)]

where 19 and 14 denote upsampling by a factor of 2
and 4, respectively. This progressive fusion strategy fa-
cilitates coarse-to-fine restoration by adaptively injecting
event-guided priors at multiple spatial resolutions, enabling
the blurry representation generator to better resolve motion
ambiguity and recover fine-grained textures under severe
degradation. The detailed architecture of the multi-level fu-
sion module is provided in the supplementary material.
Blurry representations generation. Inspired by the self-
supervised degradation learning framework (Cao et al.
2023), we incorporate a lightweight degradation represen-
tation branch to model the blur and noise characteristics of
the current frame, which facilitates adaptive modulation of
restoration features. Given the initial blur representation F}%
(aggregated from blurry frames and event voxel features),
we adopt a blurry degradation encoder Encg to extract la-
tent degradation representation D, where D = Encg (FP).
Next, inspired by the mixture-of-experts
paradigm (Shazeer et al. 2017; Wang et al. 2025), we
construct a lightweight router to dynamically allocate the
fused blurry representation F} to scale-aware degradation
kernel generators. The routing mechanism adaptively mod-
ulates the restoration process by capturing the underlying

Fset = B 4 Conv([Fy, , Fuy 12, Fuy 14)),
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Figure 1: Overview of our proposed BluR-EVSR. Given blurry LR frames and their neighbors with event voxels, BluR-EVSR
extracts spatio-temporal features, estimates event-guided degradation representations, and performs bi-directional reconstruc-

tion to generate high-quality HR outputs.

degradation characteristics, such as motion blur, at different
resolutions. The learned router R is defined as

R = o(topK (Encr(FP))), (10)

where o denotes the softmax operation and Encp is the
routing encoder that transforms F}” into a latent relevance
vector. Based on the routing scores, the top/ operation se-
lects the k£ most relevant degradation kernel generators out of
g candidates. This adaptive routing strategy effectively han-
dles scale-dependent blur and motion by activating kernel
experts with varying receptive fields. It enables the network
to disentangle structural and textural degradation, support-
ing fine-grained, content-aware restoration with improved
efficiency and interpretability.

Blurry representations regularization. Each selected

degradation kernel generator fg(%“) generates a convolu-
tional kernel k; € R(2+1Dx(2i+1) conditioned on the blurry
degradation representation D and routing weights R

ki = fPT(R, D), ie{1,2,3). (11)

The resulting kernel set K = {k1, k2, k3} is used to con-

volve the fused input features F/"“**? in a residual path,
yielding the degradation-aware representation

3
Fe9 =" A(ks, F{*eY), (12)
1=1

where A(-) denotes depthwise convolution. This branch en-
ables adaptive modulation based on estimated blur repre-
sentations and encourages the model to become aware of
degradation characteristics during restoration. To supervise
the learning of degradation representations, we apply an L
loss between the synthesized degraded frame y; 4 and the
upsampled reference ;¢

(13)

Liecg = lyer — Ye,all; -
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This constraint guides the network to approximate realistic
degradation patterns without requiring explicit degradation
labels. This component is used only during training and does
not introduce any additional computational overhead during
the inference stage.

3.3 Motion-Saliency Degradation-aware
Attention

To address the challenges of VSR under severe motion
blur and complex degradations, it is essential to enhance
motion-affected regions with fine granularity. Traditional at-
tention mechanisms often fail to distinguish spatially variant
degradation, leading to sub-optimal restoration. With their
high temporal resolution and motion sensitivity, event cam-
eras provide valuable cues for identifying motion-salient
and blur-prone areas. We propose MoSDA, which mod-
ulates feature interactions using fused event-blurry repre-
sentations to exploit this. Structured as stackable blocks,
MoSDA forms a modular backbone that progressively re-
fines spatio-temporal features across propagation stages.
Motion saliency prior generation. To guide the atten-
tion toward blurry degraded regions, we introduce a mo-
tion saliency prior derived from both spatial layout and the
fused blurry-event representation. Given an input frame of
size h X w, it is divided into HW patches indexed by (3, j),
where [ and W denote the number of patches along height
and width, respectively.

We compute a degradation-aware map by fusing event
and blurry features, followed by average pooling within
each patch to obtain degradation scores z;;. Based on these
scores, we define a motion-sensitive distance matrix

i1il =

Dijirjr = l2ij — zirjrs (14)

where D € RHWXHW quantifies degradation incon-
sistency, highlighting motion-salient and blur-heavy patch
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Figure 2: Detailed illustration of the proposed motion-
saliency degradation-aware attention mechanism.

pairs. To complement this with structural locality, we com-
pute the Manhattan distance between patch positions

Sijary =li—i'l+1i =4I, (15)
yielding a spatial matrix S € R¥WXHW that models layout
proximity.

We fuse D and S into a unified motion saliency prior M €
RHWxHW

M=0-D+(1-0)-5, 0¢€]0,1], (16)

where 0 is a learnable weight. This fusion encodes both
degradation contrast and spatial structure, offering rich geo-
metric guidance for attention.

Motion-saliency degradation-aware attention mecha-
nism. Given a feature map x € RW*C the standard self-
attention in each head is formulated as:

SelfAtt(Q, K, V) = Softmax(QK ")V, a”n

where (), K, and V are the query, key, and value matri-
ces derived from linear projections of z. While effective
for content-based interaction, this formulation lacks spatial
or degradation-awareness, limiting its ability to focus on
motion-degraded regions.

To address this, we incorporate a motion-saliency prior
M € REWXHW 'derived from both spatial layout and fused
event-blurry features. This prior encodes relative degrada-
tion sensitivity and spatial proximity between patch pairs.
Inspired by decay-based positional encoding strategies (Fan
et al. 2024), we modulate the attention weights using a learn-
able exponential decay:

MoSDAttn(Q, K, V, M) = (Softmax(QK ") ® M)V, (18)

where 3 € (0,1) is a learnable scalar and M = [3™]
applies suppression based on motion discrepancy m;; be-
tween patch (¢, j) pairs. This selectively enhances attention
to motion-salient regions while suppressing irrelevant or am-
biguous patches, thus improving feature propagation.

11036

To ensure scalability for high-resolution inputs, we follow
sparse attention principles and adopt a decomposed formu-
lation that computes attention along vertical and horizon-
tal axes independently. Specifically, we decompose M into
M® ¢ REWXW and MY € RHWXH representing hor-
izontal and vertical motion-aware priors, respectively. The
directional attention is then computed as:

MoSDAttn? = (Softmax(Qy(Ky)T) © 5My) . (19)
MoSDAttn® — (softmax(Qw(Km)T) © ﬂM") . (20)

MoSDAttn = MoSDAttn? (MoSDAttnV)T.  (21)

Unlike conventional attention that treats all patch interac-
tions equally, MoSDA leverages motion-saliency priors to
enhance attention focus on regions affected by motion blur
and degradation. By integrating fused event-blurry cues into
the attention weights, it enables localized reasoning over
dynamic scenes. The decomposed formulation ensures ef-
ficient computation while preserving the ability to capture
structural alignment and blur-sensitive details.
Motion-saliency degradation-aware attention block. We
integrate the proposed MoSDA into a standard Transformer-
style backbone to construct a stackable attention unit, re-
ferred to as the MoSDA Block, as shown in the figure.

Specifically, given the fused backward frame feature Ftb/ and

the degradation-guided feature F;°°Y, we first apply layer
normalization and feed the features into the MoSDAttn mod-
ule. Motion-saliency priors guide the attention to empha-
size blur-sensitive and motion-dominant regions. A residual
connection is applied to retain the original context. Follow-
ing this, another normalization layer and a lightweight MLP
are used for further transformation, accompanied by a sec-
ond skip connection. This design enables effective spatio-
temporal modulation under severe motion blur and degrada-
tion, while maintaining high efficiency and modularity. By
stacking multiple MoSDA blocks, we construct a powerful
backbone capable of progressive feature refinement across
propagation stages.

4 Experiments
4.1 Experimental Settings

Dataset setup. We follow the dataset protocol established
by Kai et al. (Kai et al. 2025) to ensure consistency and fair
comparisons. Our study utilizes three datasets encompass-
ing both synthetic and real-world scenarios. We adopt two
widely used datasets for training: GoPro (Nah, Hyun Kim,
and Mu Lee 2017) and BSD (Zhong et al. 2020). Following
standard VSR practices, we generate blurry LR and sharp
HR pairs by applying the bicubic downsampling operation
to video frames. The GoPro dataset is captured at 240 fps
with a resolution of 1280 x 720, containing 22 sequences
for training and 11 for testing. Blurry frames are synthe-
sized by averaging consecutive sharp frames to simulate mo-
tion blur. BSD provides real blurry-sharp video pairs cap-
tured using a beam splitter system, recorded at 15 fps and
640 x 480 resolution. It includes 60 training and 20 testing
sequences and features naturally occurring motion blur. As



GoPro #Params FLOPs Runtime
Method Type Method PSNRT S SIMT LPIPS J/ (M) (G / frame) (1’1’15 / frame)
DSTNet + BasicVSR++ 2443 07471 03816  7.45+7.32 44.9 + 405.6 70+ 644
Deblur  pgTNet + TART 2443 07467 03842 745+ 1341  449+19727 7.0+ 13212
+ BSSTNet + MIA-VSR 2640 08192 03161  48.18+16.60 3147+ 1267.5  67.8 +831.0
Frame-onl VSR BSSTNet + IART 2640 08189 03148  48.18+ 1341 3147+ 19727 67.8+ 13212
Y BasicVSR++" 3079 09077  0.2287 732 405.6 64.4
MIA-VSR* 2791 08481 02901 16.60 12675 831.0
BVSR  ART" 2769  0.8372 03050 13.41 1972.7 1321.2
FMA-Net 2924 08720 02682 9.62 1365.0 579.8
EFNet + EGVSR 2353 07276 04155  847+2.58 949+ 159.6 117+ 118.1
Deblur  ppner + EGVSR 2380 07422 03963  9.91+2.58 1145+159.6 154+ 118.1
V’gR REFID + EvTexture 2372 07448 04019  1592+890  89.1 + 805.4 16.2 + 100.8
REFID' + EvTexture 2428 07738 03402  17.36+890  108.7+8054  19.9+100.8
Event-based eSL-Net++ 2629 07959 03377 1.41 4344 59.4
eSL-Net4-+1 2643 0.8293 03052 2.85 454.0 63.1
sysg  EGVSR' 2779 0.8331 03037 2.58 159.6 118.1
EvTexture” 3100 09065  0.2355 8.90 805.4 100.8
Ev-DeblurVSR 3251 09314  0.2041 8.28 459.5 79.6
BIuR-EVSR (Ours) 3263 09393  0.0967 8.76 597.9 125.0

Table 1: Quantitative comparison on the GoPro dataset for 4x BVSR. All methods are retrained on the same dataset, and
evaluation is performed on the RGB channel. Bold and underlined values indicate the best and second-best performance,
respectively. FLOPs and runtime are measured per 320 x 180 LR frame. * denotes models originally designed for standard
VSR, retrained here on blurry LR inputs. T indicates single-image models enhanced with optical flow refinement via SpyNet.

neither GoPro nor BSD includes real event data, we employ
the Vid2E simulator (Gehrig et al. 2020) to generate syn-
thetic event streams by converting temporal intensity vari-
ations into asynchronous event sequences. To evaluate our
method under real-world settings, we further use the NCER
dataset (Cho et al. 2023), which offers event-based motion
deblurring data. NCER contains 27 training videos (2,583
frames) and 16 testing videos (1,454 frames), recorded with
a high-speed RGB camera (522 fps) and a 640 x 480 DVX-
plorer event camera. It covers diverse scenes and challeng-
ing motion patterns, making it well-suited for benchmarking
event-guided BVSR models.

Implementation details. Following (Chan et al. 2022a; Kai
et al. 2025), we use 15 input frames per clip, a batch size
of 8, and center-crop all input frames and event voxels to
64 x 64. We set n; = 5, no = 5 and nz = 50. « is set to
4. Supervision is provided by two loss functions (Lai et al.
2017) via L = Edeg + Erec = »Cdeg + ||gt - th2 + 52s
where ¢ is set to 1 x 1072 in our experiments. Data aug-
mentation includes random horizontal and vertical flips. We
first train the model on GoPro for 300K iterations using the
Adam optimizer with a cosine annealing learning rate sched-
ule. We fine-tune the GoPro-pretrained model for 200K iter-
ations with an initial learning rate of 1 x 10~* for BSD. The
model is then further fine-tuned on NCER using the same
settings. Experiments are conducted on two NVIDIA RTX
4090 GPUgs, requiring approximately ten days to converge.

4.2 Quantitative and Qualitative Results

We compare our method against several typical ad-
vanced approaches across both RGB-based and event-based
paradigms. Each paradigm includes two typical strate-
gies: (1) a cascaded pipeline (i.e., deblurring followed by
VSR), and (2) an end-to-end BVSR approach. For RGB-
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BSD NCER

Method

PSNRT SSIM?T LPIPS| PSNR?T SSIM?1 LPIPS|
BasicVSR++* 31.12  0.9050 0.2580 27.05 0.8255 0.1975
MIA-VSR* 29.24 0.8643 0.3074 24.55 0.7307 0.3251
TIART* 29.47 0.8689 0.2977 25.16 0.7499 0.2908
FMA-Net 30.14 0.8805 0.2887 26.01 0.7779 0.2538
EGVSR* 29.32 0.8665 0.3145 2426 0.7218 0.3276
EvTexture* 31.06 0.8956 0.2746 27.23 0.8136 0.2241
Ev-DeblurVSR 33.02 0.9304 0.2281 28.60 0.8516 0.1712
BluR-EVSR (Ours) 33.30 0.9307 0.0876 28.85 0.8613 0.1104

Table 2: Quantitative comparison on the BSD and NCER
datasets for 4 x BVSR. x denotes models originally designed
for standard VSR, retrained on blurry LR inputs. All meth-
ods are retrained and evaluated under consistent settings.

based VSR, we include three recent advanced models: Ba-
sicVSR++ (Chan et al. 2022a), MIA-VSR (Zhou et al.
2024), and IART (Xu et al. 2024). We evaluate event-based
VSR against two representative methods: EGVSR (Lu et al.
2023a) and EvTexture (Kai et al. 2024). To assess cascaded
baselines, we further incorporate two recent leading video
deblurring methods: DSTNet (Pan et al. 2023) and BSST-
Net (Zhang, Xie, and Yao 2024), along with two event-
guided deblurring approaches: EFNet (Sun et al. 2022) and
REFID (Sun et al. 2023). Moreover, we compare against two
recent BVSR methods that integrate restoration and super-
resolution jointly: FMA-Net (Youk, Oh, and Kim 2024)
and eSL-Net++ (Yu et al. 2023). Since our implementation
strictly follows the protocol and evaluation setting of Kai et
al. (Kai et al. 2025), we regard Ev-DeblurVSR as the most
relevant and competitive baseline for direct comparison.

Quantitative results. Table 1 and Table 2 present the com-
parison results against the baselines mentioned above. The
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Figure 3: Visual comparisons for 4x BVSR on the BSD dataset and the NCER dataset. Please zoom in to get a better view.
More visual results can be found in the supplementary material.

Core Components GoPro

Method

Deg. Reg. MoSDA PSNR?T SSIMf
(@) X X 31.98  0.9167
(b) v X 3224 0.9281
(@) X v 3232 0.9298
(d) v v 32.63  0.9393

Table 3: Ablation study of two core designs in BluR-EVSR
on GoPro. We replace the removed components with resid-
ual blocks to ensure parameter consistency. “Deg. Reg.” de-
notes degradation regularization.

data shows that our method consistently achieves superior
spatial recovery in terms of PSNR, SSIM, and LPIPS. Our
method, BluR-EVSR, consistently outperforms all baselines
across PSNR, SSIM, and LPIPS metrics. On BSD, BluR-
EVSR achieves the highest PSNR of 33.30 dB, surpassing
the best-performing frame-based baseline (BasicVSR++:
31.12 dB) by a margin of 2.18 dB, and the strongest event-
based competitor (Ev-DeblurVSR: 33.02 dB) by 0.28 dB.
Similarly, it obtains the best SSIM of 0.9307 and the low-
est LPIPS of 0.0876, indicating better perceptual and struc-
tural reconstruction. On NCER, BluR-EVSR again delivers
the highest PSNR (28.85 dB) and SSIM (0.8613), outper-
forming the next-best method (Ev-DeblurVSR) by 0.23 dB
PSNR and 0.0022 SSIM. It also achieves the lowest LPIPS
score of 0.1104, significantly improving perceptual fidelity
over prior works.

Qualitative results. We also show visual comparisons in
Figure 3, where BluR-EVSR produces noticeably sharper
edges and finer textures compared to both frame-based and
event-based baselines. While competing methods struggle
with over-smoothing or residual blur, particularly in regions
with fast motion or fine-grained structures, our method suc-
cessfully restores spatial detail.

4.3 Ablation Study

We conduct experiments on GoPro in terms of PSNR/SSIM.
Main results are in Table 3. Due to the space limitations,
please refer to the supplementary material for detailed ex-
periments and analysis.
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Table 3 reports an ablation on the GoPro dataset to as-
sess the contributions of degradation regularization (Deg.
Reg.) and the MoSDA module. The baseline (a), which lacks
both components, achieves the lowest performance (31.98
dB PSNR, 0.9167 SSIM). Introducing Deg. Reg. alone in
(b) improves PSNR by 0.26 dB and SSIM by 0.0111, indi-
cating its effectiveness in modeling spatially varying degra-
dations. Similarly, incorporating only MoSDA in (c) yields
comparable gains (+0.34 dB PSNR, +0.0131 SSIM), vali-
dating the benefit of motion-aware attention. The full model
(d) with both components achieves the highest performance
(32.63 dB PSNR, 0.9393 SSIM), demonstrating their strong
complementary effect in enhancing both spatial fidelity and
temporal consistency.

5 Conclusion

We propose BluR-EVSR, a unified framework for BVSR that
jointly models blur and motion degradation using event-
guided cues. By reformulating BVSR as an event-aware
degradation process, we introduce a self-supervised strategy
to learn implicit blur representations and a dynamic rout-
ing mechanism to handle spatially varying degradations. Our
MoSDA module further enhances motion-sensitive attention
by fusing event streams and learned degradation priors. Inte-
grated into a recurrent architecture, BluR-EVSR enables tem-
porally consistent, detail-preserving restoration under severe
blur. Extensive experiments demonstrate the proposed BluR-
EVSR can achieve superior performance.

Broader impact. Leveraging blurry representations in
event-guided BVSR effectively turns motion blur into a use-
ful prior, enabling robust reconstruction in challenging fast-
motion and low-light scenarios. This benefits edge applica-
tions such as autonomous driving and surveillance, while
also supporting lightweight deployment. However, potential
misuse for surveillance or synthetic content generation high-
lights the need for transparency, responsible deployment,
and strong privacy safeguards.
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