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Abstract

Conventional frame-based cameras fundamentally suffer from severe degradations, such as motion blur,
when capturing dynamic environments. While existing restoration methods have achieved remarkable
success on standard benchmarks, they often struggle to generalize to real-world challenges. These lim-
itations primarily stem from severe domain shifts, the inherent temporal inconsistency of independent
image models, and restrictive model designs that fail to account for complex, unknown capturing con-
ditions. To address these challenges, this dissertation proposes a robust event-guided image and video
restoration framework that leverages the high temporal resolution of event cameras. First, we introduce
an event-guided framework for joint video frame interpolation and motion deblurring under dynamic ex-
posures, achieving superior performance by implicitly modeling complex temporal constraints. Second,
to tackle domain shifts in motion deblurring, we propose an event-guided blur synthesis framework. By
decoupling content from motion, it synthesizes diverse target-domain training pairs for robust model
fine-tuning. Lastly, we propose a zero-shot video deblurring framework that mitigates temporal incon-
sistency in pre-trained Image Diffusion Models (IDMs). Using event-guided spatially-adaptive temporal
guidance, we enforce consistency across both dynamic and static regions, exploiting strong IDM priors
without fine-tuning. Extensive experiments demonstrate the effectiveness of our methods, contributing

to the development of event-guided restoration frameworks that are robust under real-world scenarios.

Keywords Computational Photography, Event Camera, Video Frame Interpolation, Motion Deblurring



Contents

Contents . . . . . . . i L i e e e e e e e e e e e e e e e e e e e i
List of Tables . . . . . . . . . . @ i i i e e e e e e e e e e e e e e ii
List of Figures . . . . . . . . . . 0 0 @ i i i e e e e e e e e e e e iii
Chapter 1. Introduction 1
Chapter 2. Learning Event-guided Exposure-agnostic Video Frame Interpo-
lation via Adaptive Feature Blending 3
2.1 Introduction. . . . . ... . . ... . e e 3
2.2 Related Work . . . . . . . . . . . . e e e e 4
2.3 Method ... .. . . . . . @ i i i i e e e e e e e e 5
2.4 Experiments . . . . . . . . . . 0 it e e e e e e e e e e e 8
25 Conclusion. . . .. ... . .. . e e e e e 10
2.6 Appendix . . . . ... e e e e e e e e e e e e e e e e e 11
Chapter 3. EvBS: Event-guided Blur Synthesis for Domain-adaptive Mo-
tion Deblurring 19
3.1 Imtroduction . . . . . . . . . . . . i e e e e 19
3.2 Related Work . . . . . . . . . . . e e e 20
3.3 Method . ... .. . . . . . e e e e e e e e 21
3.4 Experiments. . . ... .. ... 0 e 27
3.5 Conclusion . . . . . . . . . @ i e e e e e e e e e 32
3.6 Appendix . ... ... e e e e e e e 32
Chapter 4. EvZVD: Event-guided Zero-shot Video Debluring Using Pre-
trained Image Deblurring Diffusion Model 37
4.1 Introduction . . . . . . . . . . . . e e e e 37
4.2 Related Work . . . . . . . . . . o e e e e 38
4.3 Method . . . . . . . . . . e e e e e e e e e 38
4.4 Experiments . . . . . . . . ... 00 e e e e e e e e e 42
4.5 Conclusion . . . . . . . . . . e e e e e e e e e e 44
Chapter 5. Conclusion 45
Bibliography 46



2.1

2.2

2.3

2.4

2.5

2.6
2.7

3.1

3.2
3.3

3.4

4.1

4.2

List of Tables

Summary of feature comparisons among different video deblurring methods. Our method
simultaneously satisfies all the key properties. . . . . . . . . .. .. ... ... .......
Quantitative results on GoPro and HighREV (10{). Bold and underlined indicate the
best and second-best scores, respectively. . . . . . ... Lo oL oL
Quantitative results on GoPro and HighREV (16J}). Bold and underlined indicate the
best and second-best scores, respectively. . . . . . ... Lo Lo
Ablation study on GoPro-10] (RandEx). All ablations are retrained from scratch, except
SWaD Wre v v v e e e e e e e e e e e
tOF.| / tLP] evaluations on GoPro and HighREV with RandEX setting. Bold indicates
the best scores. . . . . . . . L
NIQE evaluations on RealBlur-DAVIS. Bold indicates the best score. . . . . .. ... ..
Computational cost on GoPro-10 (RandEx setting). Runtime measured on a TITAN
RTX GPU. Bold and underlined indicate the best and second-best results, respectively. .

Quantitative results across deblurring benchmarks. We compare baseline performance
with results obtained after adaptation via our method (w/ Ours). * indicates event-based
models. . ..o e
Comparison with recent domain-adaptive deblurring methods. Best results in bold.
Effectiveness of motion components. Combining both intrinsic and extrinsic motion yields
the highest PSNR. Conversely, applying random motion offsets severely degrades perfor-
mance, validating the necessity of our motion transfer algorithm. . . . . .. ... ... ..
Computational cost analysis (adapting on EVRB with MAENet, using RTX 2080 Ti). . .

Quantitative evaluation on REVD and EVRB datasets. The best and second-best results
are highlighted in bold and underlined, respectively. Our method significantly improves
the temporal consistency (tOF, tLP, WE) of the pre-trained IDM (DeblurDiff) while
preserving its high spatial restoration quality (PSNR, SSIM). . . . . ... ... ... ...
Ablation study on the effectiveness of different guidance components evaluated on the
REVD dataset. CA: Cross-frame Attention, NCG: Noise Consistency Guidance, PCG:

Prediction Consistency Guidance. . . . . . . . . . . . .. oo

ii

31
34



List of Figures

1.1 Comparison of visual data acquisition. A conventional RGB camera captures discrete
frames with a fixed shutter period (left), whereas an event camera continuously records

the spatiotemporal trajectory of moving objects (right). . . . . . ... .. ... ... ...

2.1 Schematic comparison with a prior event-guided exposure-agnostic VFI method.
(a) EBFI [1] restores sharp frames from a single blurry input via event modulation, but
degrades as the target timestamp deviates due to the lack of temporal constraints. (b) Our
method addresses this by explicitly leveraging temporal constraints via adaptive feature
blending. (¢) PSNR comparison on GoPro [2] shows that our method maintains more
stable performance across varying timestamps. . . . . . . . . . ... ...

2.2 Overview of our framework. Given blurry frames (Iy, ;) with unknown exposures
(Tey, Te, ), stacked events En over 2T, and target timestamp 7, the model reconstructs
the target frame I,. TES samples events around 7 and unknown exposure, which are
fused with frames. TIM generates an importance map w, to adaptively blend the fused
features (Fy, F1) into F;, which is then decoded into fT. Shared encoders are color-coded.

2.3 Architectures of the TES (Sec. 2.3.2) and TIM (Sec. 2.3.3) modules. . . . ... ... ...

2.4 Qualitative results on RealBlur-DAVIS (real blur & events) . . . ... ... .. ... ...

2.5 Channel-wise importance score 887{9%“;“] indicating the sampling contribution of each
time index. TES effectively selects events near the unknown exposure T, (green) and
target timestamp 7 (blue), regardless of whether 7 lies outside the exposure window.

2.6 Visualization of importance maps w, for 7 € 3,7,12,15,25, with symmetric exposure
durations (m =7) for Ipand I;. . . . . .. . ..

2.7 Channel-wise average importance scores (%T(;T[‘;M showing how much each temporal slice
in Ey contributes to the sampled events. (a) Without the sampling process and (b)
without the target timestamp 7. Higher scores indicate stronger selection by the TES
module. . ... e e

2.8 PSNR comparison over time with and without temporal constraints. Our method (red)
maintains stable performance across target timestamps, while the version without tempo-
ral constraints (blue & green) shows degradation. . . . . .. ... ... ... ... ...

2.9 Detailed architecture of the encoder and decoder. Frame and event encoders share the
same structure. The model follows a U-Net design with three encoders and two decoders,
where only the final decoder includes a refinement block. . . . ... ... ... ... ...

2.10 Qualitative results on GoPro (synthetic blur & events). . . . . . ... ... .. ... ...

2.11 Qualitative results on HighREV (synthetic blur & real events). . . . . . . ... ... ...

2.12 More qualitative results on RealBlur-DAVIS (real blur & events) . . . . .. .. ... ...

2.13 (continued) More qualitative results on RealBlur-DAVIS. . . . .. ... ... ... ... ..

iii



3.1

3.2

3.3

3.4

3.5

3.6

3.7

Ilustration of EvBS. In the target domain representation, shapes denote visual content
and colors represent distinct motion patterns. By leveraging events to explicitly decou-
ple motion from content, EvBS enables both intrinsic blur synthesis (applying a content
source’s inherent motion) and extrinsic blur synthesis (transferring motion from a separate
motion source). This strategy generates a diverse set of synthesized training pairs within
the target domain, facilitating enhanced model calibration. . . . . . ... ... ... ...
Overview of the proposed Event-guided Blur Synthesis (EvBS) framework. Given test
frames and their corresponding event streams from the target domain, the Dual Source
Extractor (DSE) extracts pseudo-sharp patches as content sources and blurred patches
as motion sources. The Blur Conditioning Module (BCM) then generates diverse blur
conditions via two pathways: the Intrinsic-blur Condition Generator (InCG) utilizes the
inherent motion of the content sources, while the Extrinsic-blur Condition Generator
(ExCG) transfers motions from the motion sources to different content sources. These
conditions guide a blurring model to synthesize a diverse set of blurred patches. Finally,
these synthesized patches are used to fine-tune a pre-trained deblurring model, with the
original content sources serving as direct supervision (red dashed line). . . ... ... ..
Mlustration of the Dual Source Extractor. The blur score map B is computed from the
event count map Cg and the blur magnitude map M. Based on this map, sliding-
window detection identifies content sources (low scores) and motion source candidates
(high scores). Subsequent non-maximum suppression (NMS) and thresholding steps are
utilized to eliminate overlapping patches and reduce redundancy. Motion sources are
further filtered by the motion source selector based on motion consistency. . . .. .. ..
Intrinsic-blur Condition Generator. Given events E¢ from the temporal window [t—2, t+2]
around a content source at frame ¢, we first estimate bidirectional optical flows. These flows
are aggregated into a flow map and then multiplied by an event mask M to produce the
final intrinsic flow map Fj. Concurrently, E¢ is processed via Flow-Enhanced Deviation
Accumulation (FEDA) to generate the intrinsic event representation £r. Together, the
pair (Fr,&r) serves as the intrinsic-blur conditions. . . . . . ... ... Lo
Extrinsic-blur Condition Generator. Flow maps F¢ and Fj; are first extracted from con-
tent events E¢ and motion events Ejy. If their angular difference falls within [Tjow, Thign],
the motion pattern from E; is transferred to E¢ via Algorithm 1 to produce the warped
events Ec. Finally, E¢ is processed via FEDA to yield the extrinsic flow map Fg and
event representation €g. The resulting condition (Fg,EE) effectively integrates the con-
tent’s spatial structure with external motion patterns. . . . . . .. .. ... ... ... ..
Qualitative results across diverse models and datasets. We compare the blurry input
(blur), pre-trained baseline (baseline), our adapted model (ours), and ground truth (sharp),
with red boxes denoting zoomed-in regions. Our approach consistently restores finer de-
tails across both event-based deblurring models. Additional visual results for the other
models (EBFI, NAFNet, MIMO-UNet) are shown in the supplementary material.

Visual comparison of deblurring results against recent domain-adaptive methods [3,4] Our

29

method consistently yields sharper and more visually pleasing results across diverse scenes. 30

iv



3.8

3.9

3.10

3.11
3.12

3.13

4.1

4.2

Qualitative examples of intrinsic and extrinsic blur synthesis. For each row, we display
the content source and its flow map F¢ (left), followed by the

To demonstrate motion transfer, we show a separate motion source and its flow map Fys
(middle), and the resulting extrinsic synthesized blur with the transferred flow map F¢
(right). All flow maps are masked by event masks to explicitly highlight motion-intensive
TEZIONS. .« o v v o e e e e e e e e e
Ablation study on key hyperparameters. We analyze the impact of (a) the top patches
ratio r, (b) the number of extrinsic pairs n, and (c) the orientation threshold ranges
[Tiow, Thigh)- The best values are marked with red stars. . . . ... ... .. ... ... ..
Visual comparison of blur synthesis under different conditioning. While the baseline using
only flow maps (w/o Events) only captures macro-motions, and DA [5] struggles in motion-
intensive areas, our FEDA successfully synthesizes blur patterns with high fidelity. The
average PSNR scores on the GoPro test set (top) quantitatively show its superior blur
synthesis quality. . . . . . . . . L e
Illustration of the Motion Source Selector . . . . . . . . .. .. ... ... ... ......
Additional qualitative results on EBFI, NAFNet, MIMO-UNet. We compare the blurry
input (blur), pre-trained baseline (baseline), our adapted model (ours), and ground truth
(sharp), with red boxes denoting zoomed-in regions. Our approach consistently restores
finer details across both event-based (a) and frame-only (b, ¢) models. . . .. ... ...
Additional qualitative examples of dual blur synthesis (intrinsic and extrinsic). Similar to
Fig. 3.8 in the main manuscript, each row displays a content source (left), followed by the
intrinsic synthesized blur (green box) which utilizes inherent motion. The middle columns
show the motion source, and lastly, the resulting extrinsic synthesized blur on the right
(blue DOX). . . . .

Overview of our framework. At each denoising step ¢, the noisy latent 2! is processed by the
diffusion UNet with Cross-frame Attention, which injects warped Key/Value features from
the previous frame zz_l to propagate temporal context. The predicted noise €y yields an
intermediate clean latent £, which is refined by Prediction Consistency Guidance toward
the previous frame’s fully denoised latent zéfl. Separately, Noise Consistency Guidance
replaces the stochastic noise with a reliability-weighted blend from the previous frame’s
noise nti_l. The edited latent #} and noise 7j; are combined via posterior mean sampling
t0 Produce 20 1. o o
Cross-frame Attention. The Key/Value features of the previous frame K:™' Vi~ are
warped using event-based optical flow and blended with the current frame’s features K¢, Vi
weighted by the spatial reliability weight r. The resulting blended Keys and Values K, V
are used in the attention computation alongside the current frame’s Query Q¢, propagating

temporally consistent structural context into the denoising process. . . . . . . . . . .. ..



4.3

44

4.5

Noise and Prediction Consistency Guidance. At each denoising step, the UNet takes
noisy latent z{ and outputs predicted noise €y, from which an intermediate clean latent
2} is estimated. Prediction Consistency Guidance refines 2} toward the previous frame’s
clean latent zé_l, spatially weighted by the reliability score. Noise Consistency Guidance
replaces the stochastic noise with a reliability-weighted blend from the previous frame’s

noise ntifl. The edited } and 7j; are combined via posterior mean sampling to produce

1
T T T

Qualitative comparison across consecutive frames. MAENet produces overly smoothed
results, and DeblurDiff suffers from severe temporal inconsistency. In contrast, our method
generates both temporally consistent while preserving its deblurring quality. . . . . . . . .

Additional qualitative comparison. . . . . . . . ... oL oo

vi



Chapter 1. Introduction

Visual perception is fundamental to numerous computer vision applications, including autonomous
driving and robotics [6]. However, conventional frame-based cameras are fundamentally constrained by
their discrete image acquisition process. As illustrated on the left of Fig. 1.1, a standard RGB camera
captures a dynamic scene as a series of discrete snapshots separated by a fixed shutter period. During
this integration time, any abrupt movement or sudden illumination change results in severe degradations
such as motion blur, motion aliasing, and exposure artifacts. Consequently, existing image and video
restoration models [7,8] relying solely on these conventional frames often struggle to restore high-quality

visuals in highly dynamic and unpredictable real-world environments.

Time Time

RGB Camera Event Camera

ba
O >> e

Figure 1.1: Comparison of visual data acquisition. A conventional RGB camera captures discrete
frames with a fixed shutter period (left), whereas an event camera continuously records the spatiotem-

poral trajectory of moving objects (right).

To address these limitations, event cameras have emerged as novel vision sensors [9,10]. Unlike con-
ventional cameras that measure absolute intensity synchronously, event cameras respond asynchronously
only to pixel-level brightness changes. As shown on the right of Fig. 1.1, this mechanism allows the event
camera to record the continuous spatiotemporal trajectory of the moving object without the blind spots
caused by a shutter period. Benefiting from microsecond-level temporal resolution and a remarkably
high dynamic range, event cameras provide rich, continuous intra- and inter-frame cues, opening a new
paradigm for overcoming the inherent degradation of frame-based cameras.

Despite the potential of the event modality, utilizing it as a reliable guide for real-world image
and video restoration poses inherent challenges. Temporally, it is highly ambiguous to determine the
proper amount of events required to restore a specific frame, especially in practical scenarios where the
exposure time of the frame-based camera is unknown. Spatially, events are inherently sparse in static or
texture-less regions, which limits their effectiveness and reliability as spatial guidance.

Acknowledging these inherent challenges, this dissertation aims to tackle the following core aspects
of real-world frame restoration. To ensure that events serve as a robust guide, we carefully integrate
techniques to mitigate the aforementioned challenges throughout our studies. Specifically, to address

the temporal ambiguity, we leverage frame features to adaptively determine the optimal event usage



for unknown exposures. Furthermore, to handle the spatial sparsity, we apply a simple yet effective
masking strategy that restricts event guidance only to regions with active occurrences, thereby preventing
unreliable information from degrading the restoration.

The specific real-world aspects addressed in this dissertation, along with our event-guided solutions,

are as follows:

e Blind and Dynamic Exposures: Real-world cameras continuously adjust their exposure times
to accommodate varying lighting conditions. Because existing restoration methods typically assume
fixed or predefined exposure times during training, their generalization performance may be limited

when encountering unknown and dynamic exposure scenarios.

e Domain Shift: Since acquiring large-scale, perfectly aligned real-world deblurring datasets is
highly challenging, training deblurring models largely relies on synthetic data. However, the domain
shift between synthetic and real-world motions can restrict the restoration quality when these

models are applied to practical scenarios.

e Computational Feasibility in Generative Models: The massive spatial-temporal attention
costs of Video Diffusion Models often restrict their practical deployment. As a more feasible
alternative, pre-trained Image Diffusion Models (IDMs) are frequently adopted to achieve high-
quality spatial restoration without the training burden of VDMs. Nevertheless, this frame-by-frame

generation process inevitably suffers from temporal inconsistency.

Building upon this motivation, this dissertation proposes three event-guided frameworks that achieve
robust image and video restoration by carefully managing the inherent limitations of event cameras. The

primary contributions of this dissertation are threefold:

e Chapter 2. Learning Event-guided Exposure-agnostic Video Frame Interpolation via
Adaptive Feature Blending': We introduce an exposure-agnostic framework for joint video
frame interpolation and motion deblurring. To overcome the temporal ambiguity of unknown
exposures, we implicitly model temporal constraints from continuous event streams and adaptively

blend cross-modal features, ensuring robust generalization across dynamic lighting conditions.

e Chapter 3. EvBS: Event-guided Blur Synthesis for Domain-adaptive Motion Deblur-
ring?: We present an event-guided blur synthesis pipeline to mitigate the domain shift problem.
By exploiting the spatiotemporal precision of events, we explicitly decouple motion from spatial
content. This allows for the synthesis of realistic training pairs with diverse motions, effectively

calibrating pre-trained models to target real-world distributions.

e Chapter 4. FvZVD: Event-guided Zero-shot Video Deblurring Using Pre-trained I'm-
age Deblurring Diffusion Models: We propose a training-free, zero-shot framework that en-
hances the temporal consistency of pre-trained image diffusion models. To prevent artifacts caused
by the spatial sparsity of events, we employ event density as a reliability metric. This adaptively
modulates the generative process, achieving a balance between high-fidelity spatial restoration and

temporal stability without massive computational costs.

Finally, Chapter 5 concludes this dissertation with a summary of the core findings and a brief

discussion of future research directions toward robust neuromorphic vision.

IThis chapter is based on the work published in the British Machine Vision Conference (BMVC) 2025.
2This chapter is based on the work currently under review at ACM Multimedia (ACM MM) 2026.



Chapter 2. Learning Event-guided Exposure-agnostic Video
Frame Interpolation via Adaptive Feature Blending

2.1 Introduction

Video frame interpolation (VFI) aims to generate intermediate frames between consecutive inputs,
converting low-frame-rate videos into high-frame-rate ones [7]. Recent advances in event cameras [9],
which asynchronously capture per-pixel brightness changes with high temporal resolution, have signif-
icantly improved VFI performance [11-16], particularly in exposure-specific settings where the camera
exposure time is fixed and known. However, in real-world scenarios, exposure time often varies and is
blind due to auto-exposure mechanisms [17], resulting in inputs with inconsistent motion blur. This
variability poses challenges for conventional VFI models, which are typically designed for either consis-
tently sharp or blurry inputs. Consequently, there is a growing need for exposure-agnostic VFI, which
can handle unknown and dynamic exposure conditions and is thus essential for practicality.

Recently, a few event-guided methods [1,18] have been proposed for exposure-agnostic video restora-
tion. UEVD [18] introduced an event-guided method for video deblurring under blind exposure condi-
tions. However, it is limited to restoring a single sharp frame within the exposure window corresponding
to the blurry input, and requires a separate VFI step to generate high-frame-rate outputs. EBFI [1]
later proposed a unified framework that restores arbitrary target frames under blind exposure from a
single blurry frame by modulating events (see Fig. 2.1a). Yet, the lack of temporal constraints — that is,
leveraging the temporal relationships between neighboring frames for consistent and accurate guidance
— leads to performance degradation, especially when input videos are captured at very low frame rates.

To address this limitation, a promising direction is to introduce temporal constraints across con-
secutive frames since frames closer to the target timestamp often offer more relevant cues. Flow-based
methods [11-13, 19, 20] offer a natural way to model such constraints by aligning frame-to-frame cor-
respondences. However, their effectiveness is limited under blind exposure, where severe motion blur
degrades both frame quality and flow estimation [7,9]. An alternative is to leverage the mutual rela-
tionship between frames and events [21], which introduces two key challenges: (1) how to sample events
between the target timestamp and the unknown exposure period in a way that reflects the mutual re-
lationship between frames and events, and (2) how to impose temporal constraints across consecutive
features while jointly considering temporal proximity and spatial relevance.

In this paper, we address the aforementioned challenges through a simple yet effective adaptive fea-
ture blending strategy (see Fig. 2.1b). To this end, we introduce a novel learning framework that consists
of two key modules: the Target-adaptive Event Sampling (TES) and the Target-adaptive Importance
Mapping (TIM). TES samples events around the target timestamp and the unknown exposure period,
which are fused with the corresponding blurry frames to guide target sharp frame synthesis. TIM is
designed to generate an importance map that adaptively weights features from consecutive frames based
on their temporal proximity and spatial relevance to the target. This allows our model to incorporate
temporal constraints and maintain performance even as the target timestamp deviates (see Fig.2.1¢c). Ex-
periments on synthetic and real-world datasets show that our method consistently outperforms existing
approaches under blind exposure, achieving at least a 2dB PSNR, improvement.

In summary, our contributions are threefold: 1) We propose a simple yet effective feature blending
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Figure 2.1: Schematic comparison with a prior event-guided exposure-agnostic VFI method.
(a) EBFT [1] restores sharp frames from a single blurry input via event modulation, but degrades as the
target timestamp deviates due to the lack of temporal constraints. (b) Our method addresses this
by explicitly leveraging temporal constraints via adaptive feature blending. (c) PSNR comparison on

GoPro [2] shows that our method maintains more stable performance across varying timestamps.

strategy that, for the first time, incorporates temporal constraints into event-guided VFI under unknown
and dynamic exposure conditions. 2) We design a novel unified framework with two synergistic mod-
ules: TES, which samples events around the target timestamp and unknown exposure; and TIM, which
generates an importance map to adaptively weight features based on temporal and spatial relevance. 3)
We validate our approach through extensive experiments on synthetic and real-world datasets, showing

its effectiveness across diverse blind exposure scenarios.

2.2 Related Work

Exposure-specific Video Restoration. Most prior work assumes a known and fixed exposure time
when restoring sharp, high-frame-rate videos. For video frame interpolation (VFI), existing methods
are broadly categorized into flow-based [19,20,22-25], kernel-based [26,27], architecture-based [28-31],
and event-guided [11-13] approaches. Motion deblurring has also been studied independently to restore
one sharp frame from each blurry input [21,32-37]. Rather than treating VFI and motion deblurring as
separate tasks, recent studies have explored unified frameworks that address both jointly, using either
RGB-only [38,39] or event-guided settings [14-16]. However, their reliance on fixed exposure limits their
applicability to real-world scenarios where exposure is unknown and dynamically changing.

Exposure-agnostic Video Restoration. A few RGB-only methods [40,41] have been proposed for
video restoration under unknown exposure conditions. However, due to the lack of precise motion cues,
these approaches suffer from motion ambiguity [1, 16], making it difficult to accurately recover sharp
frames. To overcome this, event cameras offer a promising alternative by providing temporally dense
and precise motion information. Building on this idea, Kim et al. [18] proposed an event-guided motion
deblurring method under blind exposure. However, their approach is limited to reconstructing a single

sharp frame within the exposure window and requires an additional VFI step to generate high-frame-rate
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Figure 2.2: Overview of our framework. Given blurry frames (Iy, I;) with unknown exposures
(Tey, Te, ), stacked events En over 27", and target timestamp 7, the model reconstructs the target frame
I.. TES samples events around 7 and unknown exposure, which are fused with frames. TIM generates
an importance map w, to adaptively blend the fused features (Fp, F1) into F;, which is then decoded

into fT. Shared encoders are color-coded.

output. Weng et al. [1] presented a framework for interpolating arbitrary frames by modulating a blurry
frame with events, but the lack of temporal constraints leads to degraded performance under severe
blur and sparse temporal sampling. We address this limitation with a unified framework that explicitly

incorporates temporal constraints into event-guided, exposure-agnostic VFI.

2.3 Method

In this section, we first formulate the problem based on the mutual relationship between frames and
events using the Event-based Double Integral (EDI) model [21]. We then present an overview of our
framework (Sec.2.3.1), followed by details of the proposed TES and TIM modules (Sec.2.3.2, 2.3.3).
Problem Formulation. Event cameras capture events, denoted as e(7), at timestamp 7 across the
pixel space asynchronously [9]. These events are recorded when the logarithmic change in intensity
exceeds a contrast threshold c¢. During the exposure time T, the captured frame [ is derived by averaging
latent frames L(t) present in T, as: )

1 e
1= T . L(t)dt, (2.1)
where L, t,, and t. denote the latent frame, the starting timestamp of 7., and the end timestamp of T,
respectively.
Given latent frames L(7) and L(t) at different timestamps 7 and ¢ during the exposure time, and the

events spanning the interval [7,t], we can establish the following relationship between the latent frames:
L(t) = L(r)exp (¢ Ert) (2.2)
where &,_,; = f: e(z)dx denotes a 2D tensor obtained by stacking events from 7 to t. Combining Egs.

(2.1) and (2.2), the following Event-based Double Integral (EDI) model [21] can be derived:

T, -1
L(r) = — . (2.3)
_];55 exp (C : gT—Mﬁ) dt
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Figure 2.3: Architectures of the TES (Sec. 2.3.2) and TIM (Sec. 2.3.3) modules.

The EDI model describes how the latent frame L(7) can be reconstructed by combining the captured
frame I with stacked events over the exposure duration T,. In VFT scenarios where the target timestamp
7 lies beyond T, EVDI [15] extended such mutual relationship by using events from 7 to T, to restore
sharp frames outside the exposure window. However, this approach requires precise knowledge of T,
limiting its practicality. Nonetheless, this suggests that if we can approximate events centered around 7
and T, without knowing T, it is still possible to recover L(7) based on Eq. (2.3). We denote this event

set as Er Ly, 4.

2.3.1 Overview

We adopt a UNet-based encoder-decoder model [42], comprising three encoders and two decoders,
with a refinement block [15] appended at the final decoder stage. The model takes as input two consec-
utive captured frames (Iy, ;) — each recorded under unknown exposure durations (Te,,Te,) — along
with the corresponding events recorded during their shutter periods 27". These events are converted into

RNXEXW wwhere N denotes

event frames [43] by pixel-wise accumulation over N bins, yielding Ey €
the number of temporal slices.

To apply Eq. (2.3), we sample a subset of events £ _,; ;] from the stacked input Ey, centered
around the target timestamp 7 and unknown exposure T,. To this end, we introduce the Target-adaptive
Event Sampling (TES) module (Sec. 2.3.2), samples (ST_,[tWteO],ET_>[t517tel]) accordingly. Frame and
event features from (I, I;) and sampled events are fused via a cross-modal technique [35] to produce
(Fo, F1).

To leverage temporal constraints, we introduce the Target-adaptive Importance Mapping (TIM)
module (Sec. 2.3.3), which generates an importance map w, based on the temporal proximity and
spatial relevance of (Fp, Fy) to 7. This map guides adaptive blending: temporally closer features are
emphasized, while spatially relevant cues complement them. The resulting fused feature F, is decoded

to reconstruct the target frame 1.

2.3.2 Target-adaptive Event Sampling

Recalling Eq. (2.3), the frames (Iy, I;) should be combined with events centered around the target
timestamp 7 and the unknown exposure durations (7e,, ¢, ). To achieve this, we follow prior methods [1,
18] by using the captured frames as references under blind exposure. However, unlike previous approaches

that focus solely on the unknown exposure period, our module is additionally designed to account for



the target timestamp 7.
A detailed illustration of the TES module is shown in Fig. 2.3a. For clarity, we describe the process
of sampling the stacked events for I, denoted as 5rﬁ[tso,tco}- Given Ey, Iy, and 7 as inputs, the TES

module is formulated as:
Eriltagtes) = TES(En, Lo, 7). (2.4)

We first extract features from Ey and Iy. To incorporate the target timestamp 7, we add its
positional encoding to the event features channel-wise, yielding fg,. We then compute the correlation

score S, between the normalized features of fr, and fg, as:
‘Slo = GAP(O’(]’T]O (24 ﬁEN)), (2.5)

where ®, o, and GAP denote element-wise multiplication, the sigmoid function, and global average
pooling, respectively. Using Sy,, we perform element-wise multiplication with fg, to sample the event
features centered around 7 and 7T,,. A convolution is then applied to produce the final representation
57—_>[tsovteo]' The counterpart 5T_>[t51,t€1] is derived analogously using I, and both event representations
are fused with (Iy, I;) using the fusion method from [35] (denoted as ‘F’ in Fig. 2.2).

2.3.3 Target-adaptive Importance Mapping

Although TES provides relevant events, restoration degrades as 7 shifts from the exposure due to
event sensor noise [9]. When 7 nears T,,, relying only on I becomes suboptimal, making features from
I; more informative and underscoring the need for temporal constraints.

To address this, we introduce the TIM module, which estimates an importance map w, to adaptively
weight fused features (Fp, F7) based on their temporal proximity and spatial relevance to the target.
Given the sampled events (gra[tso,teola é}ﬁ[t” ﬂfn])’ the 7-centered event stack E,, and the timestamp T,
TIM estimates w;, as:

Wr = TIM(‘%’—)[tSO stegls 57'—)[1551 Jtey ] ET, T)' (26)

A detailed illustration of the TIM module is shown in Fig.2.3b. We first extract features from the
sampled events (ST_>[tSO tegl> 57_>[t51 7t61]) and the 7-centered event stack [E.. To estimate spatial relevance
efficiently, we apply channel-wise attention [44]: features from the sampled events are used as queries,
and those from E, serve as keys and values. After flattening the spatial dimensions, the attended feature

Ao is computed as:

Vi

where dj, denotes the key dimension. A ; is computed analogously. The two attended features are con-

QgT*} tsn st T ° K]ET
Ao = Vg, osoftmax ( Begrteol , (2.7

catenated and combined with the positional encoding of 7 via channel-wise addition to encode temporal
information. The result is passed through convolutional layers and a sigmoid activation to produce the
importance map w,, which encodes both temporal proximity and spatial relevance.

The target feature F’, is obtained via an adaptive blending strategy that applies temporal constraints:
Fr=(w, @ Fp) @ ((1-w,)® F). (2.8)

A decoder then transforms F into the target sharp frame I,. This blending strategy enables the model
to effectively leverage temporal constraints between consecutive features. The entire framework is trained

end-to-end using the Charbonnier loss [45]:

L£=\/||I£" — .|| + €2, with € =1e-6. (2.9)



Table 2.1: Summary of feature comparisons among different video deblurring methods. Our method

simultaneously satisfies all the key properties.

Method ‘ Frame Events Agnostic Unified T-Constraint
NAFNet [37] + RIFE [19] v X X X v/ (via RIFE)
UTT [40] v X v v v
VIDUE [41] v X v v v
UEVD [18] + TL [11] v v v/ (via UEVD) X v (via TL)
EVDI [15] v v X v v
REFID [16] v v X v v
EBFI [1] v v v v X

Ours v v v v v

2.4 Experiments

2.4.1 Experimental Setups

Datasets. We evaluate on GoPro [2] (with synthetic events from ESIM [46]), HighREV [16] (real events,
1632 x 1224), and RealBlur-DAVIS [1] (real blurry videos and events). To simulate motion blur in GoPro
and HighREV, we average m consecutive frames within the exposure duration and downsample them to
shutter periods of 10 and 16 frames, denoted as 10{} and 16{.

Implementation Details. Our framework is trained end-to-end without pre-training. We train on
GoPro for 300 epochs using AdamW [47] with a learning rate of 5e-4, scheduled by cosine annealing [48],
and fine-tune on HighREV for 20 epochs with a learning rate of 1e-4. We follow the official data splits.
During training, m is randomly sampled within the shutter period (e.g., m € [1,9] for 10{), and inputs
are cropped to 128x128 (GoPro) or 256x256 (HighREV). Target timestamps are randomly selected from
available indices.

Evaluation Protocols. We evaluate under two settings: (1) Symmetric exposure with fixed m values
([1,5,9] for 10J, [1,5,11,15] for 16}), and (2) RandEz, where m is randomly sampled as in training.
Metrics include PSNR (dB), SSIM [49], and LPIPS [50]. We additionally report temporal consistency
metrics (tOF, tLP [51]) and NIQE [52] for RealBlur-DAVIS, which lacks ground-truth frames.

2.4.2 Comparison to the State-of-the-arts

Table 2.1 shows the summary of each compared method. All methods are retrained for fair compar-
ison, except TimeLens (TL), which is evaluated using its pre-trained model due to unavailable training
code. Exposure-specific baselines are provided with ground-truth exposure information. All results are
averaged across the restored frames.

Quantitative Evaluation. Tables 2.2 and 2.3 show results on GoPro and HighREV under 10} and
16| settings. As expected, RGB-only and cascaded methods tend to yield lower performance, likely due
to motion ambiguity and error propagation, respectively. Exposure-specific models (REFID, EVDI),
trained with known exposure times, benefit from temporal alignment and produce comparable results.
EBFI, despite being exposure-agnostic, performs competitively on GoPro, but its performance declines
on HighREV, where larger pixel displacement highlights the importance of temporal constraints. Our
method achieves the highest PSNR, SSIM, and LPIPS on both GoPro and HighREV, with margins up
to 2.85dB over the second-best. Temporal consistency (tOF, tLP) and NIQE results on RealBlur-DAVIS



Table 2.2: Quantitative results on GoPro and HighREV (10{}). Bold and underlined indicate the best

and second-best scores, respectively.

Method

PSNR{ / SSIM{ / LPIPS|

9+1

5+5

1+9

RandEx

GoPro-10| Dataset

NAFNet [37]4+RIFE [19]
UTT [40]

VIDUE [41]

UEVD [18]+TL [11]
EVDI [15]

REFID [16]

EBFI [1]

23.15 / 0.736 / 0.164
23.84 / 0.805 / 0.205
25.37 / 0.818 / 0.181
23.40 / 0.720 / 0.194
28.18 / 0.898 / 0.052
31.08 / 0.939 / 0.077
31.06 / 0.942 / 0.072

21.82 / 0.665 / 0.188
23.25 / 0.771 / 0.166
26.24 / 0.835 / 0.145
23.31 / 0.755 / 0.161
27.73 / 0.884 / 0.067
31.28 / 0.941 / 0.071
31.08 / 0.940 / 0.071

18.78 / 0.520 / 0.282
20.95 / 0.640 / 0.170
24.76 / 0.764 / 0.146
26.33 / 0.866 / 0.103
26.07 / 0.834 / 0.084
30.27 / 0.927 / 0.078
30.32 / 0.921 / 0.087

21.05 / 0.633 / 0.219
22.17 / 0.714 / 0.189
25.86 / 0.819 / 0.152
23.51 / 0.757 / 0.164
27.51 / 0.877 / 0.071
31.03 / 0.938 / 0.074
30.89 / 0.936 / 0.075

Ours

33.22 / 0.960 / 0.050

33.61 / 0.963 / 0.042

32.87 / 0.954 / 0.048

33.39 / 0.961 / 0.045

HighREV-10| Dataset

NAFNet [37]+RIFE [19]
UTI [40]

VIDUE [41]

UEVD [18]+TL [11]
EVDI [15]

25.09 / 0.805 / 0.446
26.22 / 0.834 / 0.371
26.65 / 0.847 / 0.375
26.02 / 0.844 / 0.399
30.26 / 0.910 / 0.278

24.90 / 0.874 / 0.401
26.15 / 0.821 / 0.395
27.43 / 0.860 / 0.367
27.41 / 0.854 / 0.378
29.75 / 0.896 / 0.277

26.07 / 0.897 / 0.361
26.51 / 0.851 / 0.395
25.31 / 0.841 / 0.387
27.77 / 0.861 / 0.337
27.01 / 0.839 / 0.292

25.20 / 0.844 / 0.402
26.19 / 0.831 / 0.398
26.76 / 0.850 / 0.373
27.43 / 0.854 / 0.373
29.25 / 0.887 / 0.273

REFID [16] 33.60 / 0.937 / 0.306 34.18 / 0.938 / 0.296 33.38 / 0.928 / 0.260 33.91 / 0.936 / 0.292
EBFI [1] 28.23 / 0.898 / 0.362 27.84 / 0.887 / 0.342 26.25 / 0.855 / 0.279 27.55 / 0.882 / 0.333
Ours 35.73 / 0.948 / 0.263  36.27 / 0.949 / 0.250  35.45 / 0.942 / 0.248  36.02 / 0.947 / 0.253

are provided in the supplementary material (Sec. 2.6.1).

Qualitative Evaluation. We present qualitative results on RealBlur-DAVIS (real captured video) in
Fig. 2.4, where our method produces temporally consistent frames with minimal artifacts. Additional
comparisons on GoPro, HighREV (with synthetic events), and RealBlur-DAVIS, along with supplemen-
tary video clips demonstrating qualitative results and arbitrary temporal upscaling, are provided in

supplementary material (Sec. 2.6.2).

2.4.3 Analysis

Analysis of the TES Module. We analyze whether TES effectively samples events around the target

timestamp 7 and the unknown exposure T,.. To this end, we apply a gradient-based interpretation [53]

657~>TC

OEn
output. Given that input events are divided into N temporal bins and stacked channel-wise, we report

and compute importance scores as , indicating the contribution of each event to the sampled
the average importance score per channel on GoPro-10{}. As shown in Fig. 2.5, TES consistently focuses
on events near both T, and 7, even when 7 lies outside the exposure window.

We present ablation results on GoPro-10{} (RandEx) in the ‘TES’ section of Table 2.4. We evaluate
the impact of removing key components from the TES module: (1) the sampling process in Eq. (2.5)
and (2) the positional encoding (PE) of the target timestamp 7. Removing the sampling process hinders
the TES module from focusing on events near 7 and the blind exposure T,, while excluding PE causes
the module to ignore 7 and focus only on 7,. These degradations confirm that both components are
essential for effective event sampling. Further qualitative ablations are included in the supplementary
(Sec. 2.6.3).
Analysis of the TIM Module. We visualize the importance map w, in Fig. 2.6 using GoPro-16J}
data with m = 7, where the exposure ranges are [1,7] for Iy and [17,23] for I;. As 7 approaches the

exposure of Iy, w, assigns greater weights to features from Iy, and likewise shifts toward I; as 7 nears its



Table 2.3: Quantitative results on GoPro and HighREV (16{}). Bold and underlined indicate the best

and second-best scores, respectively.

PSNR SSIM LPIPS
Method 1/ 1/ v

1541

11+5

5411

1415

RandEx

GoPro-16|| Dataset

NAFNet [37]+RIFE [19]
UTI [40]

VIDUE [41]

UEVD [18]+TL [11]
EVDI [15]

REFID [16]

EBFI [1]

21.37 / 0.645 / 0.297
21.43 / 0.672 / 0.286
22.44 / 0.686 / 0.298
17.04 / 0.316 / 0.472
27.38 / 0.881 / 0.083
28.98 / 0.912 / 0.118
28.78 / 0.913 / 0.108

21.10 / 0.627 / 0.284
21.19 / 0.659 / 0.273
23.27 / 0.721 / 0.270
17.26 / 0.334 / 0.459
27.16 / 0.874 / 0.084
29.11 / 0.913 / 0.115
28.92 / 0.914 / 0.106

19.75 / 0.551 / 0.270
20.23 / 0.591 / 0.272
23.10 / 0.697 / 0.231
17.92 / 0.376 / 0.444
26.36 / 0.847 / 0.092
28.84 / 0.909 / 0.115
28.48 / 0.903 / 0.116

17.32 / 0.430 / 0.322
19.64 / 0.534 / 0.298
21.58 / 0.623 / 0.220
18.41 / 0.401 / 0.438
24.15 / 0.774 / 0.115
28.16 / 0.896 / 0.123
27.64 / 0.883 / 0.134

20.03 / 0.569 / 0.233
20.74 / 0.609 / 0.234
22.89 / 0.695 / 0.253
17.64 / 0.357 / 0.453
26.52 / 0.853 / 0.088
28.87 / 0.909 / 0.116
28.59 / 0.906 / 0.113

Ours

30.97 / 0.937 / 0.081

31.39 / 0.941 / 0.074

31.18 / 0.938 / 0.075

30.07 / 0.925 / 0.085

31.14 / 0.938 / 0.076

HighREV-16| Dataset

NAFNet [37]+RIFE [19]
UTI [40]

VIDUE [41]

UEVD [18]+TL [11]
EVDI [15]

19.85 / 0.336 / 0.744
21.02 / 0.333 / 0.717
21.63 / 0.356 / 0.721
24.26 / 0.813 / 0.433
28.75 / 0.893 / 0.324

19.70 / 0.285 / 0.770
21.83 / 0.369 / 0.685
21.82 / 0.364 / 0.718
24.94 / 0.818 / 0.425
28.62 / 0.887 / 0.323

19.91 / 0.312 / 0.764
20.68 / 0.350 / 0.756
21.63 / 0.370 / 0.713
26.13 / 0.827 / 0.407
27.09 / 0.870 / 0.339

20.35 / 0.332 / 0.734
20.74 / 0.359 / 0.743
21.21 / 0.372 / 0.704
26.92 / 0.828 / 0.379
24.16 / 0.786 / 0.386

19.53 / 0.287 / 0.765
21.16 / 0.347 / 0.712
21.64 / 0.366 / 0.715
25.58 / 0.822 / 0.414
27.33 / 0.875 / 0.336

REFID [16] 30.51 / 0.921 / 0.349 30.91 / 0.922 / 0.346 30.68 / 0.918 / 0.346 29.59 / 0.907 / 0.342 30.60 / 0.919 / 0.346
EBFI 1] 26.28 / 0.883 / 0.380 26.18 / 0.878 / 0.370 25.24 / 0.860 / 0.350 23.95 / 0.829 / 0.382 25.54 / 0.866 / 0.355
Ours 33.36 / 0.937 / 0.312  33.93 / 0.938 / 0.307  33.85 / 0.937 / 0.303  32.70 / 0.929 / 0.282  33.69 / 0.937 / 0.303

exposure. These results show that TIM adaptively emphasizes features that are temporally closer and
spatially relevant to the target timestamp.

We report ablation results for the TIM module in the ‘TIM’ section of Table 2.4. Removing the
target timestamp 7 causes convergence failure, underscoring its importance for generating w,. Disabling
the attention mechanism in Eq. 2.7 also degrades performance, confirming the benefit of spatial relevance.
We also evaluate two variants: replacing w, with a constant value (0.5) and swapping its order during
feature blending in Eq. (2.8). Both degrade performance, with the swapped version performing notably
worse, validating the importance and learned structure of w,. Qualitative ablations are provided in the

supplementary (Sec. 2.6.3).

2.5 Conclusion

In this work, we proposed a simple yet effective framework for event-guided, exposure-agnostic
video frame interpolation that explicitly incorporates temporal constraints via adaptive feature blending.
Our method integrates two synergistic modules: the Target-adaptive Event Sampling module for event
sampling around the target timestamp and unknown exposure, and the Target-adaptive Importance
Mapping module for weighting features based on temporal and spatial relevance. Extensive experiments
validate its effectiveness across synthetic and real-world datasets.

In this supplementary material, we first present additional results in Sec. 2.6. Next, we provide

network details in Sec. 2.6.4. Finally, Sec. 2.6.5 discusses the limitations of our approach.
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Figure 2.4: Qualitative results on RealBlur-DAVIS (real blur & events)

2.6 Appendix

2.6.1 More Quantitative Results

We additionally report temporal consistency metrics (tOF, tLP [51]) and the no-reference quality
metric NIQE [52] for RealBlur-DAVIS, which lacks ground-truth frames. As shown in Table 2.5, our
method achieves the most temporally coherent results on both GoPro and HighREV datasets. Further-
more, Table 2.6 shows that our method also achieves the best NIQE scores, indicating superior perceptual

quality on real-world blurry videos.

2.6.2 More Qualitative Results

We present additional visual comparisons on GoPro, HighREV, and RealBlur-DAVIS in Fig.2.10,
Fig.2.11, Fig.2.12, and Fig.2.13. On the synthetic GoPro dataset (Fig.2.10), our method consistently
produces the most faithful results across diverse scenes. For HighREV (Fig.2.11), visualizations across
various target timestamps show that our method maintains high-quality reconstructions with minimal

artifacts.
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Figure 2.5: Channel-wise importance score Tﬁj’tel indicating the sampling contribution of each time

index. TES effectively selects events near the unknown exposure T, (green) and target timestamp 7

(blue), regardless of whether 7 lies outside the exposure window.
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Figure 2.6: Visualization of importance maps w, for 7 € 3,7,12,15,25, with symmetric exposure

durations (m = 7) for Iy and I;.

On the RealBlur-DAVIS dataset (Figs.2.12 and2.13), two-stage methods (UEVD + TL) yield the
least effective results, while event-guided approaches (Ours, EBFI, REFID) outperform the RGB-only
baseline (VIDUE) by leveraging precise motion cues from events. Notably, as seen in Fig. 2.12, event-
guided methods can even recover objects missing from RGB frames thanks to the high dynamic range of
event sensors. Among them, our method delivers the most reliable results across all target timestamps.

We also provide two types of supplementary MP4 video clips: (1) comparisons with strong baselines
(EBFI [1] and REFID [16]), and (2) demonstrations showing our method upscaling low-frame-rate blurry
inputs into sharp, high-frame-rate outputs at arbitrary temporal scales. These videos further highlight

the temporal coherence and scalability of our approach.

2.6.3 More Analysis

We qualitatively ablate the TES module by removing the sampling step and the positional encoding
of the target timestamp 7. Figure 2.7 illustrates the resulting changes in channel-wise importance scores.
Without sampling (Fig.2.7(a)), TES fails to focus on events around 7 and T.; without 7 (Fig.2.7(b)),
it only attends to T.. These results highlight the critical role of both components in effective event
sampling.

To further evaluate the effectiveness of the TIM module, Fig. 2.8 compares the PSNR over time
between our full model and a variant that uses only a single frame and its corresponding events. The
results underscore the role of TIM in enhancing temporal consistency across frames.

Computational Cost. Table 2.7 compares model parameters, FLOPs, and runtime. EVDI [15] has the

lowest cost due to its lightweight design, but shows limited performance under unknown and dynamic
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Table 2.4: Ablation study on GoPro-10| (RandEx). All ablations are retrained from scratch, except

Swap w,.

Ablation PSNR1 SSIM T LPIPS|
TES (Fig. 2.8a)
Remove Sampling 32.05 0.948 0.058
Remove 7 31.12 0.937 0.073

TIM (Fig. 2.5b)

Remove 7 X

Remove Eq. 2.7 32.24 0.945 0.051

Fixed w; = 0.5 31.51 0.939 0.068

Swap wr 20.43 0.588 0.194
Ours 33.39 0.961 0.045

Table 2.5: tOF] / tLP] evaluations on GoPro and HighREV with RandEX setting. Bold indicates

the best scores.

tOF tLP
Dataset v/ v

Ours EBFI REFID EVDI UEVD+TL VIDUE UTI NAFNet+RIFE
GoPro-10{ 0.0067 / 0.6366  0.0082 / 0.8873  0.0078 / 0.7618  0.0104 / 0.8324  0.0206 / 1.4478  0.0232 / 1.5676  0.0410 / 3.9124 0.0495 / 4.6272
GoPro-16|} 0.0867 / 0.7618  0.1064 / 0.9227  0.1073 / 0.9827  0.1270 / 1.0581  0.4690 / 6.2587  0.3370 / 2.8956  0.3980 / 4.9081 0.4040 / 5.0532
HighREV-10}  0.0048 / 4.2120  0.0064 / 6.5220  0.0052 / 5.6910  0.0052 / 5.7520  0.0094 / 7.2310  0.0157 / 8.0780  0.0162 / 11.814 0.0158 / 10.584

HighREV-16}  0.0053 / 4.5560  0.0083 / 7.1450  0.0059 / 6.1700 ~ 0.0060 / 6.1320  0.0114 / 7.5430  0.0158 / 9.0720  0.0173 / 11.648 0.0177 / 10.329

exposures. EBFT [1] is more efficient than ours in parameters and FLOPs, but lacks temporal modeling,
leading to lower performance. Our method, while relatively heavier in parameters and FLOPs, achieves

substantially better performance with comparable runtime by leveraging temporal constraints.

2.6.4 Network Details

Fig. 2.9 illustrates the detailed architectures of the encoder and decoder, which are not fully described
in the main paper. The frame encoder processes the consecutive captured frames, while the event encoder
extracts features from the stacked events produced by the TES module. These features are then fused
via a channel-wise attention mechanism [35]. The fused representations are adaptively blended by the
TIM module to produce the target feature E.. The decoder takes F along with the positional encoding
of the target timestamp 7 to reconstruct the sharp target frame I,. A final refinement step is applied

using the fusion network adopted from [15].

2.6.5 Limitation

Although we have shown the effectiveness of our method, it has certain limitations that are worth
further exploration. Specifically, the current framework assumes that frames and events share the same
spatial resolution. In real-world scenarios, however, frame-based cameras and event sensors often operate
at different resolutions [9]. To enhance the practicality of our approach, future work could explore
strategies for fusing frame and event data with mismatched resolutions. One promising direction is to
incorporate implicit neural representations for resolution-agnostic fusion [54, 55], which we leave as a

potential avenue for future research.
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Table 2.6: NIQE evaluations on RealBlur-DAVIS. Bold indicates the best score.

NIQE
Dataset QE/
QOurs EBFI REFID EVDI UEVD+TL VIDUE UTI NAFNet+RIFE
RealBlur-DAVIS 26.55 28.62 29.48 38.97 37.79 36.72 40.67 41.14

Table 2.7: Computational cost on GoPro-10{} (RandEx setting). Runtime measured on a TITAN RTX
GPU. Bold and underlined indicate the best and second-best results, respectively.

Metric Ours REFID EBFI EVDI UEVD+TL VIDUE UTI NAFNet+RIFE
# Params (M){ 10.58 15.76 4.23 0.396 107.09 62.46 49.02 70.07
FLOPs (G){ 166.83 182.04 70.08  53.08 671.83 285.93 221.09 189.66
Runtime (ms)]. 90.93 164.60 96.23  69.20 420.40 195.40 192.30 152.40
PSNR+ 33.39 31.03 30.89  27.51 23.51 25.86 22.17 21.05
T, T T, T
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Figure 2.7: Channel-wise average importance scores
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Figure 2.9: Detailed architecture of the encoder and decoder. Frame and event encoders share the same
structure. The model follows a U-Net design with three encoders and two decoders, where only the final

decoder includes a refinement block.
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Figure 2.10: Qualitative results on GoPro (synthetic blur & events).
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Figure 2.11: Qualitative results on HighREV (synthetic blur & real events).

16

dNdIA

1aad

[CIEER:

smQ

1D



Frame 7 Frame 11 Frame 15

Frame 3

UEVD+TL

Figure 2.12: More qualitative results on RealBlur-DAVIS (real blur & events)
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Figure 2.13: (continued) More qualitative results on RealBlur-DAVIS.
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Chapter 3. EvBS: Event-guided Blur Synthesis for
Domain-adaptive Motion Deblurring

3.1 Introduction

Motion deblurring, the task of restoring a sharp image from a blurry input caused by camera
or object movement, is a fundamental challenge in computational photography. While learning-based
methods have driven significant progress [8,56,57], their reliance on standard RGB frames inherently
limits their performance in highly dynamic scenes. In conventional cameras, motion and visual content
are inextricably entangled within a single exposure, causing a significant loss of motion information that
makes it difficult to handle severe blur. To overcome this limitation, recent research has increasingly
adopted event cameras [58]. Thanks to their microsecond-level temporal resolution and high dynamic
range, event streams provide highly reliable motion cues, leading to a new paradigm of event-guided
deblurring architectures [1, 35, 59].

Despite these advances, a critical challenge persists: the domain shift. Pre-trained deblurring models
often exhibit significant performance degradation when applied to real-world test scenes that differ from
their training distribution [60]. This discrepancy, typically arising from variations in camera environments
and motion blur distributions, poses a significant risk to applications requiring reliable perception, such
as autonomous driving and robotics [6]. To address this, several studies [61,62] have introduced test-time
adaptation approaches that derive supervision signals by reconstructing the input blurry image during
inference. However, such indirect supervision often provides insufficient guidance for robust adaptation,
restricting the model to limited update steps and yielding only marginal performance gains.

Moving a step further, recent domain-adaptive schemes [3, 4] synthesize training pairs for fine-
tuning the pre-trained models by identifying pseudo-sharp patches in the test data and blurring them
with their estimated motions. While promising, these methods face the following limitations: (1) They
are constrained by the inherent entanglement between motion and visual content in RGB frames —
meaning motion trajectories are baked into captured consecutive frames and are highly challenging to
disentangle. Consequently, these methods can only re-apply a motion pattern back to its original pseudo-
sharp counterpart. This inability to mix-and-match diverse motions with different contents restricts the
diversity of the synthesized data, hindering robust adaptation to various real-world blurs. (2) They
are designed exclusively for frame-based architectures, making them incompatible with recent event-
based deblurring models [1,5,35,59]. In light of the increasing adoption of events for robust multimedia
perception [9], establishing adaptation frameworks for event-based architectures is highly necessary.

To overcome these challenges, we propose EvBS, an Event-guided Blur Synthesis framework that
effectively generates diverse blurred patches within the target domain (See Fig. 3.1). By decoupling
motion from content via the high temporal resolution of event cameras, our method not only performs
intrinsic blur synthesis, which re-applies motion to its original content, but also enables extrinsic blur
synthesis—transferring motion patterns from various blurred patches to given sharp contents. Specifi-
cally, EvBS comprises three main components: (1) A Dual Source Extractor that scans the target
domain to locate sharp content sources and motion-consistent blur sources. (2) Operating directly on
these detected sources, a Blur Conditioning Module generates blur conditions via two generators:

Intrinsic-blur Condition Generator that extracts a sharp content source’s inherent motion, and Fztrinsic-
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Figure 3.1: Illustration of EvBS. In the target domain representation, shapes denote visual content
and colors represent distinct motion patterns. By leveraging events to explicitly decouple motion from
content, EvBS enables both intrinsic blur synthesis (applying a content source’s inherent motion) and
extrinsic blur synthesis (transferring motion from a separate motion source). This strategy generates a

diverse set of synthesized training pairs within the target domain, facilitating enhanced model calibration.

blur Condition Generator that applies motion pattern from the blur sources onto another sharp content.
(3) These conditions guide a diffusion-based model [63] to synthesize diverse training pairs for fine-
tuning. By utilizing diverse motion patterns inherent in the target domain, we enable a much broader
spectrum of training data synthesis. Moreover, our method is broadly applicable to both event-based
and frame-based deblurring models.

Our main contributions are summarized as follows:

e We propose EvBS, a novel event-guided blur synthesis framework for domain-adaptive motion
deblurring. By leveraging events to explicitly decouple motion from visual content, EvBS generates
a diverse set of training pairs, breaking the inherent constraints of naturally coupled motion and

content.

e We introduce a framework featuring a Dual Source Extractor and a Blur Conditioning Module to
enable two complementary strategies: Intrinsic-Blur Synthesis for applying inherent motion, and

Extrinsic-Blur Synthesis for transferring motion across distinct sources.

o FExtensive experiments demonstrate that EvBS effectively enhances the robustness of both pre-

trained image- and event-based deblurring models on unseen real-world datasets.

3.2 Related Work

3.2.1 Motion Deblurring

Early foundational works on motion deblurring have predominantly focused on CNN-based archi-
tectures [8]. These methods aim to learn a direct mapping from a blurry input to its corresponding sharp
image. To enhance performance, the field has seen a variety of innovations, including the integration of
attention mechanisms [64-66], coarse-to-fine strategies [56,67], and diffusion-based approaches [57, 68].
These advancements have significantly improved the accuracy and robustness of deblurring models on
established benchmarks. However, image-based approaches inherently face limitations when dealing with
severe motion blur, as they struggle to leverage the rich temporal information embedded within the blur
itself.
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To overcome the limitations of image-based methods, recent research has shifted towards using
novel sensors, most notably the event camera [58], whose high temporal resolution is particularly advan-
tageous for motion deblurring. These approaches are generally built upon event-based image formation
models [21] and integrate them with deep learning techniques to achieve remarkable efficiency and ac-
curacy. Seminal works in this area have introduced sophisticated event representation and attention
mechanisms to effectively fuse image and event features [5,35,59]. Furthermore, the field has progressed
towards addressing more realistic and challenging constraints, such as deblurring under blind exposure
times [1,18].

Despite these advancements in both image-based and event-based methods, a common challenge
persists across the field: many of these methods exhibit a significant performance drop when applied to
unseen domains, particularly on real-world blurry images that differ from their training distributions.

This domain gap issue motivates the need for domain adaptation techniques in motion deblurring.

3.2.2 Blur-driven Domain Adaptation

While numerous domain adaptation works have been studied for other vision tasks [69-77], their
application to motion deblurring has been relatively underexplored. Among existing domain-adaptive
deblurring methods, generating self-supervision signals from the test data has emerged as a dominant
strategy. These methods generally fall into two categories: reconstruction-based and synthesis-based
approaches.

Reconstruction-based approaches train models to reproduce the original blur during inference.
Specifically, Chi et al. [61] and Nah et al. [62] proposed test-time adaptation schemes that derive supervi-
sion signals by reconstructing the input blurry images. However, this indirect supervision often provides
insufficient guidance, restricting the model to a few update steps and yielding marginal performance
gains. Synthesis-based approaches provide more direct supervision by generating pseudo-training pairs.
Recent works [3,4] identify pseudo-sharp patches within the target domain and synthesize training pairs
by blurring them with their inherent motion patterns. While effective for fine-tuning, these methods
face the following limitations. First, they are constrained by the inherent entanglement of motion and
content. Because motion is naturally embedded within consecutive frames, these methods can only re-
apply motion to its original pseudo-sharp counterpart, limiting the combinatorial diversity required for
adapting to various blurs in the target domain. Second, relying on frame-based blurring makes them
inapplicable to the well-developed event-based deblurring models [1,5,35,59].

To overcome these bottlenecks, we propose leveraging the high temporal resolution of events to
explicitly decouple motion from visual content. This decoupling enables both intrinsic motion synthesis
(using inherent motion) and extrinsic motion transfer across different sources, generating a diverse set of
training pairs beyond naturally coupled combinations, while natively supporting event-based deblurring

models.

3.3 Method

Due to the inherent entanglement between motion and content, existing blur-synthesis methods
are limited to generating training pairs using only the motion patterns inherent to the sharp patches
themselves. To overcome this, we propose leveraging events to explicitly decouple motion from visual

content. This strategy allows us to synthesize diverse training pairs by utilizing both intrinsic motion (a
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Figure 3.2: Overview of the proposed Event-guided Blur Synthesis (EvBS) framework. Given test
frames and their corresponding event streams from the target domain, the Dual Source Extractor (DSE)
extracts pseudo-sharp patches as content sources and blurred patches as motion sources. The Blur
Conditioning Module (BCM) then generates diverse blur conditions via two pathways: the Intrinsic-blur
Condition Generator (InCG) utilizes the inherent motion of the content sources, while the Extrinsic-blur
Condition Generator (ExCG) transfers motions from the motion sources to different content sources.
These conditions guide a blurring model to synthesize a diverse set of blurred patches. Finally, these
synthesized patches are used to fine-tune a pre-trained deblurring model, with the original content sources

serving as direct supervision (red dashed line).

content’s own pattern) and extrinsic motion (patterns transferred from different sources).

As illustrated in Fig. 3.2, our framework operates through two main components. First, the Dual
Source Extractor (DSE) identifies and extracts pseudo-sharp content sources and distinct motion
sources from the test data. Next, the Blur Conditioning Module (BCM) constructs diverse synthesis
conditions through two pathways: the Intrinsic-blur Condition Generator (InCG) applies a content
source’s own motion, whereas the Extrinsic-blur Condition Generator (ExCG) transfers motion patterns
from the motion sources to different content sources. These conditioning signals then guide a diffusion-
based reblurring model [63] to synthesize the diverse training pairs required to fine-tune the pre-trained

deblurring network on the target domain. The following subsections detail each framework component.
3.3.1 Dual Source Extractor (DSE)

To synthesize diverse training pairs for target domain adaptation, we first extract suitable content
sources (pseudo-sharp patches) and motion sources (patches with clear motion patterns) from the given
test frames. As shown in Fig. 3.3, our DSE achieves this through a blur-aware patch detection approach.
Blur score estimation. We leverage the observation that regions with high event activity typically
correspond to areas with significant motion. From the input event stream, we generate an event count
map Cg that accumulates the number of events at each pixel location. To complement this, we employ
a Blur Magnitude Estimator (BME) [4], which predicts the spatial distribution of blur intensity and
produces a blur magnitude map M. Unlike the original BME that uses only RGB images, we enhance
its estimation capability by retraining it with both the input image and the corresponding Cg. This
multi-modal integration allows the model to better capture motion-intensive regions. We then compute

a comprehensive Blur Score Map B by combining these two complementary cues:
B=a-Cg+p8-M, (3.1)
where o and (8 are weighting parameters. Higher values in B indicate blurrier regions (motion source

candidates), while lower values suggest sharper regions (content source candidates).
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Figure 3.3: Ilustration of the Dual Source Extractor. The blur score map B is computed from the
event count map Cgp and the blur magnitude map M. Based on this map, sliding-window detection
identifies content sources (low scores) and motion source candidates (high scores). Subsequent non-
maximum suppression (NMS) and thresholding steps are utilized to eliminate overlapping patches and
reduce redundancy. Motion sources are further filtered by the motion source selector based on motion

consistency.

Patch detection and refinement. Using the blur score map B, we extract content and motion source
candidates from regions where B < 7 and B > 1 — 7, respectively. The threshold 7 is adaptively
adjusted [4] so that each source type constitutes approximately r% of the total frames (ablated in
Sec. 3.4.3). Following sliding-window detection and non-maximum suppression to remove overlapping
patches, we further refine the motion source candidates. To ensure reliable motion transfer, we introduce a
Motion Source (MS) Selector that evaluates the directional coherence of candidate patches. It explicitly
filters out patches with chaotic or conflicting trajectories, retaining only those with highly coherent

motions as the final sources.

3.3.2 Blur Conditioning Module (BCM)

Once content and motion sources are extracted, the Blur Conditioning Module (BCM) generates
multi-modal motion conditions to guide the subsequent blur synthesis. For the synthesis process, we
build upon ID-Blau [63]. Let Dy, denote this conditional diffusion model parameterized by ¢, which
was originally designed to generate a blurred image B given a sharp content image C and a flow map

F = [;9;m] € R¥>*H*W (encoding unit orientation (@, 7) and magnitude m):
B =Dy(F,0). (3.2)

While the flow map F effectively captures macro-level motion trajectories, it lacks the temporal
granularity required to model local micro-motion dynamics. To overcome this, our BCM leverages
event data as an auxiliary conditioning signal. Specifically, we introduce Flow-Enhanced Deviation
Accumulation (FEDA) to supplement the macro motion of F with the fine-grained, high-frequency
dynamics embedded in events

The deviation accumulation representation [5] effectively captures pure motion contours by aggregat-
ing the temporal variations of event streams. Building upon this, FEDA advances the representation by
weighting the events with the magnitude derived from the corresponding motion vector. This approach

preserves the overall motion trajectory while emphasizing regions with high motion intensity (detailed

23



{t}

Content Source

(cs) Events Mask M Flow Map F

J

uoneinsqg
peouUBYUS-MO|4

{t=2,,t+2}

74 Jo smo|4-Ig
uone|INWNooY

paseq-lusAg

|

(I31£) suonipuod Jn|g-oisuly|

Jojewns3 moj4

! Egs’:& i

S Evenlts E;

Figure 3.4: Intrinsic-blur Condition Generator. Given events E¢ from the temporal window [t — 2, ¢ +
2] around a content source at frame ¢, we first estimate bidirectional optical flows. These flows are
aggregated into a flow map and then multiplied by an event mask M to produce the final intrinsic flow
map Fr. Concurrently, E¢ is processed via Flow-Enhanced Deviation Accumulation (FEDA) to generate

the intrinsic event representation £;. Together, the pair (Fy, Er) serves as the intrinsic-blur conditions.

in the Supplementary Material). Given this event-guided FEDA representation & € R¥*W  we train a

modified Dy from scratch to synthesize the final blurred image B:
B =1Dy(F,E,C). (3.3)

This refined, event-guided conditioning improves the domain-specific blur synthesis, ultimately boosting
the efficacy of the fine-tuning process (see Sec. 3.4.3).

To formulate the synthesis conditions (F and &), the BCM comprises two complementary generators:

the Intrinsic-blur Condition Generator (InCG) and the Extrinsic-blur Condition Generator (ExCG).
Both generators operate on the shared principle of explicitly decoupling motion from visual content
by extracting motion cues exclusively from event streams. Building upon this decoupled cues, InCG
constructs conditioning signals using the content source’s own motion patterns. In contrast, ExCG
formulates conditions by transferring the motion patterns of an external motion source to a distinct
content source.
Intrinsic-blur Condition Generator (InCG). InCG generates conditions for blurring each content
source using its own motion pattern, as illustrated in Fig. 3.4. Given a content source from the ¢-th
frame, we utilize the corresponding events E¢ from the temporal window [t — 2,t + 2] to capture the
local motion dynamics. These events are fed into an event-based optical flow estimator [78] to extract
forward flows {Fi_2,t—1,...,Fi114412} and backward flows {Fi_1,1-9,..., Fiio 411}

We then compute a flow map by aggregating these bidirectional flows [63]:

t+1
]_- _ Z Fn%n-ﬁ-l - Fn+l~>n

2 )

n=t—2
where F = [u;v] € R2*HXW represents the horizontal and vertical motion components. For condition-
ing, we reformulate this into a 3-channel tensor F = [i;¥;7m] € R¥?>*T*W  where @ and © encode the

normalized motion orientation, and /m encodes the normalized magnitude:

U v Vu? +v?

= —————) = ——) m=——— (3.4)

VuZ + 02’ VuZ + 02’ M
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Figure 3.5: Extrinsic-blur Condition Generator. Flow maps F¢ and Fj; are first extracted from
content events E¢ and motion events Ejs. If their angular difference falls within [7jo., Thign], the motion
pattern from Ej; is transferred to E¢ via Algorithm 1 to produce the warped events Ec. Finally, E¢
is processed via FEDA to yield the extrinsic flow map Fg and event representation £g. The resulting

condition (Fg,Eg) effectively integrates the content’s spatial structure with external motion patterns.

where M denotes the maximum magnitude within the current map. To focus exclusively on motion-active
regions, we create a binary mask M € {0, 1}7*W  where M(z,y) = 1 if at least one event occurred at
(z,y), and 0 otherwise. We apply this mask to obtain the final intrinsic flow map F; = F © M, where ®
denotes element-wise multiplication. Concurrently, we process E¢ via the FEDA algorithm to generate
the intrinsic event representation & € RT*W,

Consequently, the pair (Fr, r) serves as the intrinsic-blur condition, effectively guiding the blurring
model to synthesize blur that is governed by the content source’s inherent motion.
Extrinsic-blur Condition Generator (ExCG). As illustrated in Fig. 3.5, the ExCG formulates
conditioning signals by transferring extrinsic motion patterns from distinct motion sources to a target
content source. Given a content source from the ¢-th frame, we extract corresponding events from the
narrower temporal window [t—1,t+1] to minimize misalignment during motion transfer. Using an event-
based flow estimator [78], we compute the bidirectional flows and aggregate them into a content flow map
Fo = Z;:t—l(Fn—Wl-‘rl — F11-4)/2. Concurrently, for a given motion source spanning the temporal
interval [ts,t.], we divide its continuous event stream into three consecutive temporal segments. We
then extract the bidirectional flows between these sequential segments and aggregate them to construct
a motion flow map Fy; = Z?ﬂ(FiﬁiH —F;11.:)/2, where i denotes the segment indices. Here, both

flow maps F¢, Far € R2XH*W encode the pixel-wise motion vectors [u;v].
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Algorithm 1 Motion Transfer via Event Warping

1: Input:
Content source events E¢,
Bi-Flows of Ec: {Fi—154, Feep1}, {Fiot—1, Fep1e ).
Bi-Flows of Eps: {Fi—154, Fisir1}, {Fimi—1, Fiv154}-

Similarity check result spass € {true, false}

2. Output: Warped events E¢

3: if spass = false then

4: return ()

5: end if

6: Get median time t,eq from E¢ at ¢

7: for each direction k € {1,—1} do

8 // Get directional flows

9: }-ICC* — (Fiotqr —Fiyre)/2

100 Fr — (Fisirr — Firri)/2

11:  // Eatract local & global motion (Eq. 3.6)
122 FE = VE, Fri = vk,

13:  // Compute offset field

14: Ty« vh, —VE

5. // Split events Ec

16:  Ep < E¢ in [tmed,t + 1] if k =1, else [t — 1, timed]
7. // Set bounds

18:  [tmins tmax) < [tmed, ¢+ 1] if &k =1, else [t — 1, tmed]
19:  for each event (z,y,7) € E; do

20: w(r)%%—l—k‘-hg&:tﬁ

21: (@) < (z,y) +w(r) - Tr(z,y)

22: Add (/,y/,7) to B¢

23:  end for
24: end for

25: return Warped events E¢

To identify motion sources that offer sufficient diversity while remaining transferable, we evaluate
their orientation similarity with the target content source. First, we compute the average orientation

vectors 8¢, 0y € R? from F and Fyy. For a given flow map, the average components are calculated as:

ﬂ—i U @:i v = [1:9]
“FLt USRI T o

where the summation is computed over all valid pixels in the flow map, and /N denotes the total number of

such pixels. We then compute the angular difference ¢ = arccos(0¢ - 0,s) between the content orientation
and motion orientation. We proceed with the motion transfer only if this angle falls within a specific
range, Tiow < @ < Thign (ablated in Sec. 3.4.3). This filtering excludes redundant motion sources that
may limit diversity and highly disparate ones that cause unrealistic synthesized blur.

Once a motion source passes the similarity check, we transfer its motion pattern to the content
source via event warping, as detailed in Algorithm 1. The core idea is to compute an offset field T (x,y)

that represents the difference between the target motion source’s global motion and the original content
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source’s local motion.

Specifically, for each temporal direction (k € {1,—1}), we first compute the bidirectionally aggre-
gated flow maps FE = [uc;v.] and F¥, = [um;v,] € RZHXW For the content source, we directly use
the flow map FZ as the local motion map V%. To extract the global motion vector vk, from F¥;, we
spatially average its components across N valid pixels: @, = % > U, U = % > U, and m = % > m,
where m = Vun? + v 2. Then, the local motion map V’é € R2XHXW and the global motion vector
vk, € R? are formally defined as:

U U]
VE = [ugve], vE :[,’”’7}”.771. 3.6
[ c (‘] M H[umyvm]” ( )
We then compute the offset field Tj € RZ2*HXW by subtracting the local motion map from the

spatially broadcasted global motion vector:
Ty =vh, — VE. (3.7)

Finally, each event in E¢ at timestamp 7 is warped using T}, scaled by a temporal weight w(7) propor-
tional to its distance from the Ec’s median time ¢,,0q. This operation effectively neutralizes the original
inherent motion pattern in E¢ while injecting the target extrinsic pattern, resulting in the warped events
Ec.

Using the warped events E¢, we extract new bidirectional flows F and a corresponding event mask
M to compute the extrinsic flow map Fp = ( Efl:tfl(f‘nﬁnﬂ — f‘n+1_m)/2) ®M. Concurrently, E¢ is
processed via FEDA to yield the extrinsic event representation £g. Ultimately, the pair (Fg,Eg) serves

as the extrinsic-blur condition, guiding the model to synthesize blur with the transferred motion pattern.

3.3.3 Blur Synthesis

The generated intrinsic and extrinsic conditions are fed into the modified ID-Blau Dy, to synthesize

the final blurred images Bf and BF for a given content source Cj:
BtI:Dw(FIvSI,Ct)a BtE:DdJ(]:EagEvct) (3.8)

This process yields diverse blur-sharp training pairs tailored for target domain adaptation. Specifically,
when fine-tuning an event-based deblurring model, it takes the synthesized blurred patch (either B} or
BFE) alongside its corresponding events (either E¢ or Ec) as inputs to restore the original pseudo-sharp
content Cj.

Extrinsic pair selection. When multiple motion sources satisfy the orientation criterion, we prioritize
the top-n pairs that best preserve motion consistency. To quantify this, we compute a motion consistency
score MCS = (B¢ - 057+ 1)/2 between the average orientation vectors 8¢, 8y € R? derived from Fg and
Fur via Eq. 3.5. We then select the top-n motion sources with the highest MCS, where n is determined
through ablation studies (Sec. 3.4.3).

3.4 Experiments

3.4.1 Experimental Setups

Datasets. We retrain the Blur Magnitude Estimator (BME) [4] and ID-Blau [63] on the GoPro [2]
training set with synthetic events [46]. For evaluation, we employ benchmarks covering both real and

synthesized event-based deblurring datasets. Real-world performance is assessed on EVRB [79] and
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Table 3.1: Quantitative results across deblurring benchmarks. We compare baseline performance with

results obtained after adaptation via our method (w/ Ours). * indicates event-based models.

Model EVRB REVD HighREV-3 HighREV-7 HighREV-11
odels

PSNRf SSIMt LPIPS| | PSNRt SSIMt LPIPS| | PSNRT SSIMt LPIPS] | PSNRt SSIM? LPIPS| | PSNRt SSIMt LPIPS|
MAENet* 25.46 0.791 0.428 25.41 0.813 0.421 36.35 0.939 0.303 31.79 0.859 0.366 27.24 0.771 0.447

w/ Ours 27.93 0.851 0.386 28.64 0.858 0.372 39.66 0.965 0.245 33.91 0.929 0.309 29.92 0.832 0.391

EFNet* 25.77 0.797 0.419 26.39 0.827 0.394 37.34 0.942 0.293 32.35 0.873 0.359 27.77 0.791 0.432
w/ Ours 28.17 0.859 0.375 28.96 0.865 0.363 40.23 0.977 0.212 34.51 0.942 0.305 30.01 0.844 0.379

EBFI* 25.31 0.785 0.435 26.14 0.829 0.402 38.22 0.943 0.299 31.93 0.860 0.377 27.33 0.778 0.442
w/ Ours 27.51 0.845 0.389 28.46 0.862 0.357 40.67 0.970 0.242 34.65 0.941 0.309 29.85 0.835 0.397

NAFNet 24.13 0.746 0.473 24.74 0.794 0.452 36.16 0.917 0.322 29.76 0.828 0.415 25.57 0.738 0.486
w/ Ours 26.24 0.817 0.419 26.55 0.838 0.399 38.53 0.961 0.268 31.95 0.861 0.358 27.63 0.784 0.426

MIMO-UNet | 23.97 0.732 0.487 24.34 0.789 0.459 36.69 0.922 0.326 29.79 0.835 0.406 25.01 0.727 0.491
w/ Ours 26.01 0.807 0.423 26.18 0.825 0.401 38.11 0.959 0.277 32.03 0.871 0.349 27.23 0.772 0.431

Table 3.2: Comparison with recent domain-adaptive deblurring methods. Best results in bold.

ool EVRB REVD HighREV-3 | HighREV-7 | HighREV-11
odems PSNR SSIM | PSNR SSIM | PSNR SSIM | PSNR  SSIM | PSNR  SSIM
NAFNet 2413 746 | 2474 794 | 3616 917 | 29076 828 | 2557 738

+ MetaDeblur | 24.22 753 | 24.81  .797 | 36.54 929 | 29.97  .832 | 25.60 .739
+ DADeblur 25.23  .781 25.87 819 | 37.71 946 | 31.28  .849 | 27.19 767
+ Ours 26.24 .817 | 26.55 .838 | 38.53 .961 | 31.95 .861 | 27.63 .784

MIMO-UNet 23.97 732 | 2434 .789 | 36.69  .922 | 29.79  .835 25.01 727
+ MetaDeblur | 24.05 736 | 2443 795 | 36.87 935 | 29.92  .842 25.02  .727
+ DADeblur 25.18 774 | 2563 811 3777 943 | 31.09  .856 26.87  .755
+ Ours 26.01 .807 | 26.18 .825 | 38.11 .959 | 32.03 .871 | 27.23 .772

REVD [80], which provide real motion blur and events from hybrid cameras. To overcome the limited
availability of real-world event-based deblurring datasets, we utilize HighREV [16]. Using the realistic
blur synthesis pipeline in [81], we generate three variants — HighREV-3, HighREV-7, and HighREV-11
— by aggregating 3, 7, and 11 consecutive frames, respectively, to represent a comprehensive spectrum
of blur intensities.
Implementation Details. We employ E-RAFT [78] for event-based flow estimation. For BME [4]
and ID-Blau [63], we follow their original training settings while modifying their input spaces: BME is
adapted to accept both RGB images and event count maps Cg, and ID-Blau is updated to take the flow
map F, FEDA representation £, and content image C as conditions.

We evaluate our framework by fine-tuning five recent GoPro-pretrained deblurring models, includ-
ing event-based (EFNet [35], MAENet [5], EBFI [1]) and frame-only (NAFNet [37], MIMO-UNet [56])
architectures. All models are fine-tuned for 10 epochs on our synthesized pairs using the Charbonnier
loss [45] and Adam optimizer [82], with the learning rate cosine-annealed [48] from 1075 to 10~7. We
report PSNR, SSIM [49], and LPIPS [50]. Key hyperparameters (ablated in Sec. 3.4.3) include the
source selection ratio » = 0.15, the number of extrinsic pairs n = 2, and orientation angle thresholds
[Tiow, Thigh] = [15°,30°]. Empirical settings include: a patch size of 256 x 256 with a stride of 64 for
sliding window-based patch detection, initial patch threshold 7 = 0.05, NMS IoU threshold of 0.3, and
blur score weights @ = 8 = 0.5 (Eq. 3.1).
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Figure 3.6: Qualitative results across diverse models and datasets. We compare the blurry input (blur),
pre-trained baseline (baseline), our adapted model (ours), and ground truth (sharp), with red boxes
denoting zoomed-in regions. Our approach consistently restores finer details across both event-based
deblurring models. Additional visual results for the other models (EBFI, NAFNet, MIMO-UNet) are

shown in the supplementary material.

3.4.2 Experimental Results

Quantitative Results. Table 3.1 presents the quantitative evaluation on various deblurring bench-
marks. Our method consistently boosts performance across diverse architectures, including event-based
(MAENet, EFNet, EBFI) and frame-only models (NAFNet, MIMO-UNet). Specifically, we achieve sub-
stantial average gains of 2.24 dB on EVRB, 2.35 dB on REVD, and up to 2.63 dB on HighREV datasets.
These results validate the generalizability of our approach, demonstrating its capability to effectively
adapt pre-trained models to diverse target domains.

Table 3.2 compares our method with recent domain-adaptive blur synthesis approaches [3,4]. As
these existing methods cannot process event streams, we conduct the comparison using frame-only back-
bones (NAFNet and MIMO-UNet). Our method consistently yields superior results across diverse models
and datasets. On NAFNet, we achieve notable gains over the best baseline: 1.01 dB on EVRB, 0.68
dB on REVD, and up to 0.82 dB on the HighREV datasets. MIMO-UNet shows similar improvements
of 0.83 dB (EVRB), 0.55 dB (REVD), and up to 0.94 dB on HighREV. These findings validate that
leveraging both intrinsic and extrinsic motion cues effectively enhances domain-adaptive deblurring.
Qualtitative Results. Fig. 3.6 provides qualitative comparisons on the EVRB, REVD, and High-
REV datasets using two event-based models (MAENet, EFNet). Due to space constraints, additional
visual results for the other architectures (EBFI, NAFNet, MIMO-UNet) are shown in the supplementary
material. Compared to the pre-trained baselines, our adapted models consistently reconstruct sharper
images with superior detail preservation. As highlighted in the magnified crops, our method effectively
restores challenging high-frequency structures—such as legible text and sharp object edges—that remain
blurred in the baseline outputs. These improvements validate the efficacy of our approach, demonstrating
that synthesizing diverse training pairs via intrinsic and extrinsic motion transfer leads to robust tar-
get domain adaptation. Furthermore, Fig. 3.7 compares our framework against recent domain-adaptive
methods (MetaDeblur [3], DADeblur [4]) using NAFNet [37] as the baseline. The results demonstrate
that our method consistently achieves better restoration of fine details on unseen domains compared to
the recent domain-adaptive approaches.

Fig. 3.8 demonstrates the qualitative results of our dual-pathway blur synthesis framework. For a
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Figure 3.7: Visual comparison of deblurring results against recent domain-adaptive methods [3,4] Our

method consistently yields sharper and more visually pleasing results across diverse scenes.

given content source, our approach comprehensively generates training pairs by leveraging both intrinsic
and extrinsic motion sources. Specifically, while it utilizes the content’s inherent flow map F¢ for intrinsic
blur synthesis (green box), it expands the diversity by generating extrinsic blur utilizing the transferred
flow map Fc (blue box, derived from a separate motion source Fjs). By unlocking this dual generation
capability via motion decoupling, we can synthesize a wide spectrum of distinct blurred patches from a
single sharp content source, expanding the target domain’s data diversity. Notably, the transferred flow
Fe structurally aligns with the motion source pattern Fy; rather than the content source F¢, validating

our effective transfer mechanism.

3.4.3 Ablation Studies

We conduct ablation studies on the REVD [80] using MAENet [5].

Effects of r, n, and [Tjow, Thign]. Fig. 3.9 analyzes the impact of key hyperparameters. First, the
source selection ratio peaks at r = 0.15; lower values yield insufficient training pairs, while higher ratios
introduce label noise by selecting patches with residual blur. Second, n = 2 extrinsic pairs yields the best
performance. Increasing n incorporates lower-ranked (low MCS) candidates with weaker alignment to
the target motion pattern, thereby compromising adaptation efficacy. Lastly, evaluating the orientation
threshold reveals that the [Tjow, Thign] = [15°, 30°] range provides an effective balance between directional
consistency and motion diversity. A narrower range may restrict diversity by filtering out valid motion
sources, while a broader range introduces disparate motions that induce unrealistic transfer artifacts.
Effectiveness of Motion Components. Table 3.3 summarizes the contributions of our Blur Condi-
tioning Module (BCM). Compared to the pre-trained baseline (25.41 dB), fine-tuning with solely InCG
(intrinsic) or ExCG (extrinsic) pairs improves PSNR to 28.03 dB and 28.14 dB, respectively. Combining
both yields the best performance of 28.64 dB, demonstrating the synergistic effect of utilizing diverse
motion priors in the target domain.

To validate the ExCG design, we test a random offset baseline by randomly sampling T (Algo-
rithm 1). This drops the PSNR to 24.58 dB, even underperforming the baseline. This degradation
highlights that our motion-aware transfer is crucial for synthesizing pairs aligned with the target domain
distribution.

Effectiveness of Event-guided Blurring. We validate our FEDA representation against two condi-
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Figure 3.8: Qualitative examples of intrinsic and extrinsic blur synthesis. For each row, we display the
content source and its flow map F¢ (left), followed by the . To demonstrate
motion transfer, we show a separate motion source and its flow map Fp; (middle), and the resulting
extrinsic synthesized blur with the transferred flow map Fe (right). All flow maps are masked by event

masks to explicitly highlight motion-intensive regions.

tioning baselines: using only flow maps (w/o Events, as in ID-Blau [63]), and with original deviation
accumulation (w/ DA [5]) on GoPro test set. As shown in Fig. 3.10, flow-only conditioning fails to
accurately capture motion trajectories, whereas the DA captures motion trajectories but lacks capturing
motion intensity. Conversely, our FEDA accurately models both trajectory and intensity, yielding the
best blur-synthesizing quality (36.82 dB in PSNR across GoPro test set) that closely matches the ground
truth.

Lastly, when these synthesized pairs are used for domain-adaptive motion deburring, our FEDA-
guided model achieves the highest performance (28.64 dB), compared to the adapted models trained
with DA (28.53 dB) and flow-only (28.16 dB) conditionings. This confirms that FEDA provides richer

motion cues, producing more effective training pairs for fine-tuning.

Table 3.3: Effectiveness of motion components. Combining both intrinsic and extrinsic motion yields
the highest PSNR. Conversely, applying random motion offsets severely degrades performance, validating

the necessity of our motion transfer algorithm.

Intrinsic  Extrinsic Random ‘ PSNR (dB)

25.41

v 28.03
v 28.14

v 24.58

v v 28.64
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Figure 3.9: Ablation study on key hyperparameters. We analyze the impact of (a) the top patches
ratio r, (b) the number of extrinsic pairs n, and (c) the orientation threshold ranges [Tiow, Thign]. The

best values are marked with red stars.

Average PSNR (GoPro test set): 32.16 dB 35.23dB 36.82 dB

Sharp w/o Events w/ DA w/ FEDA (Ours)  GT Blur
Figure 3.10: Visual comparison of blur synthesis under different conditioning. While the baseline using
only flow maps (w/o Events) only captures macro-motions, and DA [5] struggles in motion-intensive

areas, our FEDA successfully synthesizes blur patterns with high fidelity. The average PSNR scores on
the GoPro test set (top) quantitatively show its superior blur synthesis quality.

3.5 Conclusion

In this paper, we propose EvBS, a novel event-guided diverse blur synthesis framework, to address
the domain gap in motion deblurring. By leveraging events to decouple motion information from visual
content, our framework synthesizes diverse training pairs through intrinsic and extrinsic motion synthesis
strategies. These strategies produce richer training data that break the inherent constraints of naturally
coupled motion and content. Comprehensive experimental results demonstrate that EvBS effectively
enhances adaptation performance, significantly improving the robustness of state-of-the-art deblurring

models on unseen domains.

3.6 Appendix

3.6.1 Flow-Enhanced Deviation Accumulation (FEDA)

Deviation Accumulation (DA) [5] effectively encodes motion trajectory but accumulates events uni-
formly, disregarding motion intensity. To generate richer event-based conditioning signals, we propose
FEDA, which enhances DA with quadratic flow [83] magnitude information to better capture fine-grained
motion dynamics.

Algorithm 2 details the FEDA process. Unlike standard deviation accumulation, FEDA weights

each event by its corresponding motion magnitude. Specifically, for each event at (x,y), we estimate
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Algorithm 2 Flow-Enhanced Deviation Accumulation

0: Input: Taking a pixel at (z,y) as a specific example, N Events stream {Eg,Eq,--- ,Ex_1}, Bidi-
rectional flows {Fo_1,F152, -« ,Fn_15~8}, {Fos—1,F150, - ,Fno1on—_2}.

0: Output: FEDA event representation V.

: R=0,D=0,C=0

2: fori=0to N —-1do

3:  Counting the number of events C; at (z,y)

4: fork=0to(C;—1do

5 Event E; = (z,y,tk, pk)

6

Normalize timestamps: dt; = tcﬁ%
Compute vy = Fivinr—Finioy
8: Compute a =F; ;41 +F; ;1
9: Quadratic flow: Q;_¢, = vo - dtx +0.5-a - dt2
10: Extract flow magnitude |M, | from Q;_+,

11 D = py, - [ My, |

12: R=R+D

13:  end for

4. C=C+¢;

15: end for

16: Compute final FEDA representation: V = R/C

the motion vector using quadratic flow, which explicitly models acceleration. The event polarity is then
scaled by this computed motion magnitude (|M;, |) and accumulated. Finally, the sum is normalized by
the total event count to yield a robust event representation V. This magnitude-weighted accumulation

emphasizes motion-intensive regions more effectively, producing discriminative event representations.

3.6.2 Motion Source Selector (MS Selector)

To ensure directional coherence in motion transfer, we introduce a Motion Source (MS) Selector
(Fig. 3.11) that evaluates the consistency of motion patterns present in the given motion source. Specif-
ically, we partition the event stream into two consecutive temporal segments and estimate the optical
flow F = [u;v] € RZXXW ysing event-based flow estimator [78].

Using the horizontal and vertical components u,v, we compute the average orientation @,., € R?

following the formulation in Eq. 3.5:

TR o R .
SN TTR LY P g )

where N is the number of pixels. Concurrently, we identify the dominant orientation @p,ax = [u; v]x+ € R?
at the location x* with the maximum flow magnitude (||Fx||2). Finally, we calculate the cosine similarity
S = Oavg - Omax. We accept candidates only if S > 7 (with 7 = 0.9), ensuring that the selected source

exhibits a coherent trajectory suitable for transfer.

3.6.3 More Qualitative Results

We provide additional qualitative comparisons on EBFI [1], NAFNet [37], and MIMO-UNet [56]
in Fig. 3.12. While the baseline model struggles with residual blur and artifacts due to domain shift,
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Figure 3.11: Hlustration of the Motion Source Selector

Table 3.4: Computational cost analysis (adapting on EVRB with MAENet, using RTX 2080 Ti).

Component Time (s)

Dual Source Extractor 270.3

Blur Conditioning Module
Intrinsic Condition Generator 61.5

Extrinsic Condition Generator 428.8

Blurring 288.7
Fine-tuning 264.3

our adapted version consistently produces sharper images with better-preserved fine details. This visual
evidence further validates the robustness of our event-guided domain adaptation framework across diverse
real-world datasets.

Furthermore, in Fig. 3.13, we present additional visual examples of our blur synthesis process. These
results illustrate our framework’s ability to consistently generate diverse blurred patches across various
scenes. As shown, our method successfully synthesizes both intrinsic blur, utilizing the content’s inherent
motion, and extrinsic blur, driven by motion patterns transferred from separate motion sources. This
further confirms that our motion decoupling mechanism effectively expands the diversity of training

pairs, which ultimately drives the enhanced adaptation performance.

3.6.4 Computational Cost

Table 3.4 details the computational cost of our framework on the EVRB dataset (894 images)
using MAENet [5] with a single NVIDIA RTX 2080 Ti. The Dual Source Extractor takes 270.3s, while
the Motion Conditioning Module requires 490.3s in total. Notably, the Extrinsic Condition Generator
(ExCG) dominates the cost (428.8s) due to the computational complexity of motion pattern matching
and transfer. The blurring and fine-tuning stages take 288.7s and 264.3s, respectively. Finally, it is worth
noting that our adaptation process is conducted offline; thus, it does not affect the run-time efficiency of

the deblurring model during inference.

3.6.5 Limitation

One consideration in our framework is the choice of the source selection ratio r. Increasing r raises

the likelihood of including content sources with residual blur. Transferring extrinsic motion to such
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Figure 3.12: Additional qualitative results on EBFI, NAFNet, MIMO-UNet. We compare the blurry
input (blur), pre-trained baseline (baseline), our adapted model (ours), and ground truth (sharp), with
red boxes denoting zoomed-in regions. Our approach consistently restores finer details across both event-

based (a) and frame-only (b, ¢) models.

inputs may generate unnatural blur patterns, potentially acting as noisy labels that can lower adaptation
performance (Fig. 3.9a). Therefore, when applying our method to unseen datasets, we recommend setting

r to a conservative range (e.g., 10-15%) to ensure the sharpness of content sources.
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Figure 3.13: Additional qualitative examples of dual blur synthesis (intrinsic and extrinsic). Similar
to Fig. 3.8 in the main manuscript, each row displays a content source (left), followed by the intrinsic
synthesized blur (green box) which utilizes inherent motion. The middle columns show the motion

source, and lastly, the resulting extrinsic synthesized blur on the right (blue box).
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Chapter 4. EvZVD: Event-guided Zero-shot Video Debluring
Using Pre-trained Image Deblurring Diffusion Model

4.1 Introduction

Diffusion models have recently revolutionized the field of image restoration, demonstrating its capa-
bilities in generating high-fidelity, realistic textures. Driven by strong priors learned from large datasets,
pre-trained Image Diffusion Models (IDMs) excel at recovering sharp details from severely blurred im-
ages [84,85]. Along this line, extending these powerful generative capabilities to video deblurring has
become a objective in computational photography [86].

However, training dedicated Video Diffusion Models (VDMs) requires massive video datasets and
substantial computational resources [86-88]. As an alternative, applying pre-trained IDMs to video
frames in a zero-shot manner offers an efficient, training-free solution [87]. Yet, because IDMs process
each frame independently, their inherent stochasticity often causes identical blurred regions to be rendered
into different sharp textures across frames. This independent generation leads to temporal inconsistency,
degrading the overall perceptual quality. While recent work [89] addressed temporal flickering by injecting
cross-frame attention guided by optical flow, estimating accurate flow directly from blurred frames is
challenging, limiting its effectiveness for deblurring tasks.

To address this limitation, we leverage the unique physical properties of event cameras. Unlike
standard frame-based cameras, event cameras asynchronously capture pixel-level brightness changes,
enabling relatively reliable motion estimation directly from event streams [78] even under motion blur
where frame-based estimation frequently fails. Our key insight is that the spatial density of these events
can serve as a continuous reliability score for this motion estimation.

Building on this insight, we propose a simple yet effective plug-and-play, zero-shot video deblurring
framework that enhances the temporal consistency of IDMs without any additional training. Our ap-
proach begins with a globally applied initial latent warping. Subsequently, we introduce Event Reliability-
Aware Spatially Adaptive Guidance, which operates at three complementary levels of the diffusion pro-
cess: Cross-frame Attention propagates temporally consistent visual features, Noise Consistency Guid-
ance (NCG) aligns the per-step stochastic noise trajectory, and Prediction Consistency Guidance (PCG)
anchors the clean image prediction via gradient-based optimization. Notably, all three mechanisms are
spatially modulated by the reliability score. In motion-reliable dynamic regions, we enforce consistency
using warped representations from the previous frame. In static or flow-unreliable regions, we directly
apply the unwarped previous representations. This spatially adaptive modulation effectively enhancing
temporal consistency of pre-trained IDMs.

QOur main contributions are summarized as follows:

o We propose a simple yet effective, training-free video deblurring framework that leverages event
cameras to extend pre-trained IDMs to the video domain, without compromising their robust

restoration capabilities.

e We introduce Event Reliability-Aware Spatially Adaptive Guidance, which leverages event density
as a continuous reliability score to adaptively modulate warp-based temporal transfer in event-dense

regions and flow-free consistency constraints in event-sparse regions.
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e Experiments demonstrate that our method effectively improves temporal consistency without any

fine-tuning.

4.2 Related Work

Diffusion Models for Image Restoration. Diffusion models [90] have demonstrated remarkable
success in image restoration. Early methods [91,92] tackled deblurring as a linear inverse problem
assuming a known blur kernel. Because acquiring accurate motion trajectories is difficult in practice,
recent works [84, 93] have advanced to real-world blind deblurring, directly recovering sharp details
without predefined kernels. Despite their success in single-image restoration, these IDMs process frames
independently. Consequently, their direct application to video sequences inevitably causes temporal
inconsistency due to the stochastic nature of diffusion, bottlenecking their use in video applications.
Video Diffusion Models for Video Restoration. To address temporal inconsistency, recent works [94,
95] train dedicated Video Diffusion Models (VDMs) by integrating temporal modules into base diffusion
architectures. While explicitly modeling temporal dynamics effectively mitigates flickering, training these
VDMs demands prohibitive computational resources, massive video datasets, and extensive optimization
time. This extreme computational bottleneck severely restricts their practical adoption, underscoring
the critical need for an efficient, training-free alternative that guarantees temporal consistency while fully
exploiting pre-trained diffusion priors.

Zero-Shot Video Adaptation with Image Diffusion Models. To bypass the heavy training burden
of VDMs, recent studies explore zero-shot adaptation, leveraging cross-frame attention to extend IDMs to
temporally coherent video generation [87,88] and restoration [89]. Notably, ZVRD [89] enforces temporal
consistency via optical flow-guided attention without additional training. However, they rely on optical
flow estimated directly from blurry frames, making its temporal guidance inherently unreliable under
real-world blur. In contrast, we leverage event cameras — which capture per-pixel brightness changes
independent of exposure — to obtain blur-robust flow, enabling spatially-adaptive temporal guidance

via event density as a continuous reliability weight.

4.3 Method

We present a zero-shot video deblurring framework that extends pre-trained Image Diffusion Models
(IDMs) to video without fine-tuning. Leveraging event cameras for blur-robust flow estimation, we
propose Event Reliability-Aware Spatially Adaptive Guidance, which uses event density as a continuous
spatial reliability weight to modulate three complementary temporal constraints across each denoising
step: cross-frame attention for structural coherence, noise consistency guidance for step-level alignment,
and prediction consistency guidance for coarse-level correction. By spatially adapting all constraints via
event reliability rather than imposing them uniformly, our framework effectively suppresses temporal

flickering without compromising the generative capacity of the underlying IDM.

4.3.1 Preliminary

Diffusion Models for Blind Deblurring. Recent IDM-based methods address real-world blind de-
blurring by operating in a VAE-compressed latent space [84,93]. Given a clean image z, the encoder

maps it to zg = &(xg), and the forward process progressively corrupts it with Gaussian noise to yield
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Figure 4.1: Overview of our framework. At each denoising step t, the noisy latent z¢ is processed by the
diffusion UNet with Cross-frame Attention, which injects warped Key/Value features from the previous
frame 22_1 to propagate temporal context. The predicted noise €5 yields an intermediate clean latent 2,
which is refined by Prediction Consistency Guidance toward the previous frame’s fully denoised latent

~!. Separately, Noise Consistency Guidance replaces the stochastic noise with a reliability-weighted

2
blend from the previous frame’s noise 77271. The edited latent } and noise 7j; are combined via posterior

mean sampling to produce z}_;.

z¢. During the reverse process, a denoising network €y recovers the sharp latent, heavily conditioned by
specialized modules that inject estimated blur priors—such as spatially adaptive kernels or kernel-aware
control networks—directly into the IDM. To handle highly complex, spatially varying motion blur, some
methods further reformulate the forward process as progressive blurring and enforce cross-time consis-
tency:

minE, ., || fo(2e, 1) — zoll3 (4.1)

enabling robust blind deblurring in as few as a single step. Despite their strong per-frame performance,
these models process each frame independently, inevitably causing temporal flickering when applied to
videos. Our method addresses this without any architectural modification. By formulating event density
as a continuous spatial weight, we adaptively modulate complementary temporal constraints in both the

attention mechanisms and the latent space.

4.3.2 Event Reliability-Aware Spatially Adaptive Guidance

Overview. Figure 4.1 illustrates an overview of our framework, which extends pre-trained IDMs for
video deblurring without retraining. We leverage event cameras to obtain blur-robust optical flow, from
which we derive event density r € [0,1] as a continuous spatial reliability score and an occlusion mask
Myc.. We first warp the initial noisy latent zp to establish global temporal correlation. Building on
this, we apply three complementary guidance mechanisms, each spatially modulated by r and Mg
throughout the reverse diffusion process: Cross-frame Attention blends attention features with warped
counterparts from the previous frame for structural coherence; Noise Consistency Guidance (NCG)
replaces per-step stochastic noise with a reliability-weighted blend of the warped previous noise for step-
level alignment; and Prediction Consistency Guidance (PCG) applies gradient-based correction toward
the warped previous clean prediction &g to suppress low-frequency temporal drift.

Event-guided Spatial Reliability Estimation. We design two complementary spatial signals to

modulate temporal guidance during denoising: a continuous reliability weight and a binary occlusion
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Figure 4.2: Cross-frame Attention. The Key/Value features of the previous frame K:™' Vi~! are
warped using event-based optical flow and blended with the current frame’s features K¢, Vi weighted by
the spatial reliability weight r. The resulting blended Keys and Values K,V are used in the attention
computation alongside the current frame’s Query Q¢, propagating temporally consistent structural con-

text into the denoising process.

mask. Given raw events between frames ¢ — 1 and ¢, we first accumulate per-pixel event counts. Since

events fire primarily at moving intensity boundaries, we dilate the count map via max-pooling to propa-

gate the motion prior to object interiors. The dilated count map C(p) is then normalized into a density
weight:

D(p) = mafp(lé)’(p) € [0,1]. (4.2)

We exclude occluded pixels from temporal guidance since they lack reliable historical correspon-

dences. Using optical flow F from an event-based estimator [78], we detect occlusions via forward-

backward cycle-consistency [96] at pixel p:

Mocc(p) =1 [‘Ftﬁtfl(p) + thlﬁt(Ftﬂtfl(p)N > 5(]9)] ) (4‘3)

where d(p) = 0.01 (|Fi—1-¢(p)| + |Fit—1(p)|) + 7 is an adaptive threshold.

Finally, we combine both signals into a unified spatial reliability weight:
T(p) = D(p) : (1 - Mocc(p)) € [07 1]- (44)

Note that all masks are computed at the image resolution and bilinearly interpolated to the latent spatial
resolution (H/8 x W/8) prior to application.
Cross-frame Attention. The pipline of cross-frame attention is shown in Fig. 4.2. Given i*" frame,
we inject warped Key/Value (K/V) features from the previous frame into the current frame’s attention
layers throughout the denoising process to propagate temporal information while preserving the model’s
deblurring capacity. At each denoising step t € {0,...,T—1}, the keys (and similarly values V) are
updated as:

Ki=1-m) K +m WK F,_1.) (4.5)

where W(-, F) denotes the flow-based warping operator, and Ki_l denotes the key features of the previous
frame at the corresponding denoising step, cached during its inference. The blending weight m =
r - s(t) combines the spatial reliability weight and a step scalar s(t). We adopt a linearly decreasing
schedule s(t) =1 —1t/(T—1), assigning stronger temporal injection early on and decaying it as denoising
progresses [97]. Soft blending avoids full feature replacement, preserving the blur-conditioned features

(K%, Vi) to maintain the model’s inherent deblurring capacity.
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Figure 4.3: Noise and Prediction Consistency Guidance. At each denoising step, the UNet takes noisy
latent 2} and outputs predicted noise €y, from which an intermediate clean latent & is estimated. Predic-
tion Consistency Guidance refines #} toward the previous frame’s clean latent Z(Z‘fl, spatially weighted by
the reliability score. Noise Consistency Guidance replaces the stochastic noise with a reliability-weighted
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blend from the previous frame’s noise 7, The edited # and 7j; are combined via posterior mean

sampling to produce 2! ;.

Noise and Prediction Consistency Guidance. The pipline of cross-frame attention is shown in
Fig. 4.3. To further enhance consistency, we apply per-step noise and prediction consistency guidance [89],
both spatially modulated by the reliability weight r. First, at each denoising step ¢ € {0,...,T—1}, we

compute a reliability-weighted reference noise from the previous frame:
nig' =DOWm L FiiL)+(1-D)on (4.6)
and replace the current stochastic noise as:
7l = (1 = Moce) © Mg + Moce © Nrand, (4.7)

where non-occluded regions adopt the reference noise weighted by event density, and occluded regions
are filled with fresh random noise 7anq. Second, at each denoising step t € {T/2,...,T—1}, we impose
gradient-based consistency on the intermediate clean latent % estimated by diffusion UNet toward the

fully denoised latent of the previous frame zé‘l by minimizing:
Lrca = (1~ Moce) © (5 - 21)],. (4.
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Table 4.1: Quantitative evaluation on REVD and EVRB datasets. The best and second-best results
are highlighted in bold and underlined, respectively. Our method significantly improves the tempo-
ral consistency (tOF, tLP, WE) of the pre-trained IDM (DeblurDiff) while preserving its high spatial
restoration quality (PSNR, SSIM).

\ REVD Dataset \ EVRB Dataset
Method

| PSNRT  SSIM?  tOF,  tLPL  WE| | PSNRf SSIM{ tOF, tLP,  WE|
MAENet 92541  0.813 1.043 0.0233 0.0459 | 2546  0.791 1.657 0.0249 0.0413
DeblurDiff 2653  0.822 1213 0.0273 00531 | 27.34 0.814 1702  0.0293  0.0437

DeblurDiff + Ours | 26.58 0.825 1.122 0.0235 0.0476 27.28 0.812 1.689  0.0264 0.0412

where ') = D@ W(z) ', Fi_1.:) + (1 — D) ©@ 25 *. Next, we update via gradient descent:
1
p(t)

where pu(t) is a step-dependent normalization factor [92]. This guidance is applied only for t > T/2, as

Xg ¢ Xp — A VLpca, (4.9)

early-step estimates are unreliably noisy [89].

4.4 Experiments

4.4.1 Experimental Setups

Baseline. To demonstrate the effectiveness of our zero-shot plug-and-play framework, we adopt the
state-of-the-art pre-trained Image Diffusion Model (IDM), DeblurDiff [84], as our primary baseline.
Consistent with our zero-shot setting, all weights of the pre-trained IDM remain strictly frozen during
the inference. We also include SOTA regression-based method MAENet [5] for comparion.

Datasets. We evaluateon two real-world event-based video deblurring benchmarks: EVRB [79] and
REVD [80]. These datasets provide real-world motion blur paired with high-temporal-resolution event
streams, which aligns with our motivation to validate event-guided motion reliability under dynamic
scenes.

Evaluation Metrics. We measure spatial restoration quality using PSNR and SSIM [49]. To assess
our primary objective—temporal consistency—we employ tOF, tLP [51], and Warping Error (WE) [89].

4.4.2 Experimental Results

Quantitative Results. Table 4.1 shows that our method effectively balances spatial quality and tem-
poral consistency. Compared to the zero-shot IDM baseline (DeblurDiff), our approach reduces temporal
artifacts, leading to lower tOF, tLP, and WE scores across both the REVD and EVRB datasets. Concur-
rently, it maintains the spatial fidelity (PSNR and SSIM) of the pre-trained diffusion model. As a result,
our framework achieves temporal stability comparable to the regression-based MAENet while preserving
the visual quality provided by generative priors.

Qualitative Results. Visual comparisons on consecutive frames (See Fig. 4.4, 4.5) demonstrate
the effectiveness of our approach in reducing temporal artifacts. As shown in the visual examples,
the regression-based MAENet yields temporally stable outputs but tends to produce overly smooth
results, losing fine structural details. The zero-shot IDM baseline, DeblurDiff, generates sharp and

realistic textures. However, it exhibits noticeable temporal inconsistency; the generated background
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Figure 4.4: Qualitative comparison across consecutive frames. MAENet produces overly smoothed
results, and DeblurDiff suffers from severe temporal inconsistency. In contrast, our method generates

both temporally consistent while preserving its deblurring quality.
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Figure 4.5: Additional qualitative comparison.

patterns—such as the tactile paving on the ground and the texture of the rocks—shift or change between
adjacent frames. By incorporating our spatially adaptive guidance, our method preserves the high spatial
quality of the generative prior while ensuring consistent structural generation across frames, effectively
mitigating flickering.

Ablation Studies. Table 4.2 investigates the individual contributions of our proposed spatial guid-
ance components: Cross-frame Attention (CA), Noise Consistency Guidance (NCG), and Prediction
Consistency Guidance (PCG). Starting from the zero-shot IDM baseline, applying any single component
independently reduces the Warping Error (WE), indicating improved temporal consistency. CA provides
the most notable individual improvement by effectively propagating structural context. Furthermore,
integrating all three mechanisms yields the lowest WE score, demonstrating that modulating these con-
straints at complementary levels of the diffusion process minimizes temporal artifacts more effectively

than using any single component.



Table 4.2: Ablation study on the effectiveness of different guidance components evaluated on the REVD
dataset. CA: Cross-frame Attention, NCG: Noise Consistency Guidance, PCG: Prediction Consistency

Guidance.

CA NCG PCG | WE/

0.0531

v 0.0488
v 0.0523

v 0.0517

v v v 0.0476

4.5 Conclusion

In this study, we presented a plug-and-play, zero-shot video deblurring framework that enhances the
temporal consistency of pre-trained image diffusion models using event cameras. Recognizing the unre-
liability of explicit motion estimation under severe blur, we utilized event density as a spatial reliability
score. This allowed us to adaptively modulate cross-frame attention, noise consistency, and prediction
consistency based on local motion confidence. Experimental results indicate that our spatially adaptive
guidance effectively balances temporal stability and spatial restoration quality without requiring any
fine-tuning. We hope our approach offers a practical and efficient step toward reliable, training-free

video restoration in dynamic real-world scenarios.
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Chapter 5. Conclusion

This dissertation has explored how to achieve robust image and video restoration by carefully man-
aging the inherent physical limitations of event cameras. Rather than treating the event modality as a
flawless guide, we proposed practical frameworks for real-world frame restoration. Specifically, we demon-
strated how events can serve as reliable guidance when their temporal ambiguity and spatial sparsity are

properly controlled. The primary contributions are summarized as follows:

o Robust Restoration under Blind and Dynamic Exposures (Chapter 2): We introduced
a joint video frame interpolation and motion deblurring framework designed to handle blind expo-
sure scenarios. By modeling temporal constraints through an adaptive feature blending strategy,
the proposed method reconstructs sharp target frames even when the target timestamp deviates

significantly from the exposure period, demonstrating improved generalization over prior methods.

e Overcoming Domain Shifts via Motion-Content Decoupling (Chapter 3): We tackled the
domain shift problem in motion deblurring by presenting an event-guided blur synthesis pipeline.
By utilizing the spatiotemporal precision of events to decouple spatial content from motion, our
approach addresses the limitations of existing self-reblurring methods that rely solely on intrinsic
motion. By transferring both intrinsic and extrinsic motions, we synthesized diverse and realistic

training pairs, enabling the effective calibration of pre-trained models to target domains.

o Zero-shot Temporal Consistency in Generative Models (Chapter 4): We proposed a
training-free framework to mitigate the temporal inconsistency of pre-trained image diffusion mod-
els when applied to video processing. By employing event density as a spatial reliability metric,
our method adaptively modulates the generative prior. This approach balances high-quality spatial
restoration with temporal stability, effectively enhancing temporal consistency without the need

for computationally expensive video diffusion models.

While this dissertation establishes a robust foundation for real-world low-level image and video
restoration, the unique spatiotemporal properties of event cameras present immense opportunities for
broader high-level vision and multi-modal AI. One promising direction for future research is the inte-
gration of the event modality into large-scale Vision-Language Models (VLMs) and foundation models.
Since current VLMs predominantly rely on discrete RGB frames, they often struggle with fine-grained
temporal reasoning in highly dynamic or extreme lighting scenarios. Introducing events as a complemen-
tary modality could provide these models with continuous, high-dynamic-range motion cues, significantly
enhancing complex video understanding and dynamic scene reasoning.

Furthermore, fully exploiting the sparse, asynchronous nature of events can drive the development
of highly efficient, event-aware perception systems for resource-constrained edge devices and embodied
robotics. Ultimately, expanding event-guided frameworks from low-level restoration to high-level multi-
modal reasoning will pave the way for next-generation Al systems capable of robustly perceiving and

interacting with the unpredictable real world.
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