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Abstract

The demand for computational photography on mobile de-
vices is growing, pushing the development of better image
sensors and algorithms. To support this progress and con-
nect industry with academia, we are launching the forth
MIPI Challenge in conjunction with ICCV 2025, following
successful workshops at CVPR 2024 and CVPR 2023. This
challenge includes three tracks on new image sensors and
imaging methods. This paper reviews the Deblurring Chal-
lenge for Hybrid EVS Cameras at MIPI 2025. With 130
participants from both industry and academia, the chal-
lenge attracted a wide range of innovative solutions and
pushed reconstruction quality to a new level. This paper
presents a detailed overview and analysis of the solutions
developed for this challenge. More information is available
at: https://mipi-challenge.org/MIPI2025

1. Introduction
Motion blur remains a persistent challenge for conven-

tional frame-based cameras when imaging fast-moving

scenes. The usual remedy—shortening the exposure time

to “freeze” motion—inevitably degrades the signal-to-noise

ratio (SNR) and overall image quality, a limitation that be-

comes especially severe in low-light environments. Recent

progress in hybrid visual sensing offers a compelling alter-

native. The hybrid vision sensor, also referred to as the

† These organizers contributed equally.
∗ Both authors contributed equally.
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Figure 1. An introduction to Hybrid-EVS. Sub-figure(a) is Quad

Bayer, where the black positions are event pixels. It is then

processed into sub-figure(b) Bayer RAW and sub-figure(c) Event

Frames during the exposure time.

Hybrid Vision Sensor (HVS) [1] or Hybrid Event-Vision

Sensor (Hybrid-EVS) [9], stands at the forefront of this

progress, as shown in Fig. 1. A key distinguishing feature

of this sensor is its intrinsic capability to simultaneously

acquire high dynamic range (HDR) RGB image informa-

tion alongside high-temporal-resolution, low-latency event

stream data, eliminating the need for additional inter-sensor

calibration.

Notably, the EVS operates asynchronously, registering

micro-second brightness changes at each pixel. By de-

coupling image capture from exposure-time constraints, it

largely suppresses motion blur and delivers sharper imagery

even in fast, low-light scenes. Motivated by the unique ca-

This ICCV Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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pabilities of hybrid event-vision sensing and its promise for

motion-robust imaging, we launch a new benchmark to ac-

celerate algorithmic advances in this area.

We are organising this challenge in conjunction with the

4th Mobile Intelligent Photography and Imaging (MIPI)
Challenge, to be held at ICCV 2025. Building on the suc-

cess of previous editions [6, 19, 23, 24, 30], the 2025 chal-

lenge seeks efficient, high-performance algorithms that re-

cover high-quality RGB frames by jointly exploiting asyn-

chronous event streams and their corresponding blurred im-

ages. To cover complementary yet practical imaging prob-

lems, MIPI 2025 is divided into three competition tracks:

• Track 1 - Detailed Image Quality Assessment Achieve

detailed image quality assessment (IQA) with three sub-

tasks: fine-grained quality grounding, detailed quality

perception, and descriptive quality reasoning.

• Track 2 - Deblurring for HVS/HybridEVS Camera is

to restore high-quality RGB frames by jointly leveraging

captured event data and blurred RGB images.

• Track 3 - Aberration Correction for Mobile Camera
is to restore high-quality RAW images by correcting spa-

tially varying optical aberrations introduced during lens

manufacturing.

2. MIPI 2025 Deblurring for HVS/HybridEVS
Camera

To foster the development of accurate and efficient deblur-

ring algorithms, we release a high-quality dataset for train-

ing and testing, along with standard evaluation metrics.

This challenge focuses on deblurring for Hybrid-EVS cam-

eras and aims to push the state of the art in event-guided

restoration.

2.1. Problem Definition

Figure 2. Illustrations of Hybrid-EVS deblurring track.

As illustrated in Figure 2, deblurring for Hybrid-EVS

seeks to reconstruct a sharp image from a blurred Bayer

Raw frame and the asynchronous events recorded during

the same exposure interval. Given a blurred Bayer Raw

frame Iin ∈ R
H×W and its corresponding N -frame event

stack Ein ∈R
N×H×W , the deblurring network F produces

a restored sharp Bayer Raw frame Iout ∈R
H×W . We define

the reconstruction task using the following formula:

Iout = F(Iin,Ein

)
. (1)

Blur Bayer
RAW Frame

N-Frames
Event Stack

GT Bayer
RAW Frame

Figure 3. Some sample images from training dataset.
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Figure 4. Some sample images from test dataset.

2.2. Datasets
For this competition, we introduce a new dataset comprising

1,100 data pairs, which are partitioned into training (1,000

pairs), validation (50 pairs), and testing (50 pairs) sets. Each

pair consists of three components: (i) a 10-bit blurry Bayer

RAW frame with a resolution of 720 × 1280; (ii) a corre-

sponding N -frame, 2-bit event stack of size 360× 640 cap-

tured during the exposure period; and (iii) the ground-truth

10-bit sharp Bayer RAW frame at the same 720× 1280 res-

olution. To ensure a robust and comprehensive evaluation,

the test set is specifically designed to feature a wide array of

challenging scenarios. As illustrated in Fig. 4, these include

high-speed wildlife, chaotic fluid dynamics, and complex

urban landscapes under both bright daylight and low-light

night conditions. This diversity guarantees that algorithms

are benchmarked under varied and demanding situations.

2.3. Evaluation
The performance of submitted models is evaluated by quan-

titatively comparing the recovered images against their cor-

responding ground-truth counterparts. For this purpose, we

employ two widely-adopted metrics: the Peak Signal-to-

Noise Ratio (PSNR) and the Structural Similarity (SSIM)
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Table 1. Final test results of MIPI 2025 challenge on the Deblur-

ring for HVS/HybridEVS Camera. PSNR and SSIM are computed

between the test results and ground truth. The running time of in-

put of 720× 1280 was measured. The measurement was taken on

an NVIDIA Geforce GTX 3090.

Rank Team PSNR SSIM Time (s)

1 NoahTCV 33.076(1) 0.9260(1) 5.275(6)

2 vivo Camera Research 33.068(2) 0.9253(2) 7.823(7)

3 MiVideoDeblur 33.017(3) 0.9247(3) 5.023(5)

4 404NotFound 32.897(4) 0.9229(4) 1.832(4)

5 IVISLAB 32.324(5) 0.9171(5) 1.640(3)

6 Yunfan Lu 31.954(6) 0.9093(7) 0.816(2)

7 suospring 31.941(7) 0.9105(6) 0.312(1)

8 Attempt++ 16.668(8) 0.5613(8) /

index [21]. Participants can use the scores from these met-

rics on their submissions to guide the optimization of their

models.

2.4. Challenge Phases
The challenge was structured into the following three

phases:

1. Development Phase: Participants were provided with

the training data and baseline code. This allowed them

to develop and train their models and locally evaluate

computational performance (e.g., runtime).

2. Validation Phase: Participants could submit their

trained models to an online evaluation server. The server

automatically evaluated submissions on the validation

set and refreshed a public leaderboard, allowing teams

to benchmark their methods and track their progress.

3. Final Testing Phase: For the final evaluation, partic-

ipants submitted their source code, final model, and a

methodology factsheet. The final ranking was then de-

termined by the performance of these solutions on a se-

questered test set.

3. Challenge Results

Among 130 registered participants, 8 teams successfully

submitted their results, code, and factsheets in the final test

phase. Table 1 reports the final test results and rankings of

the teams. Only one team employed extra datasets to aug-

ment training procedures. The methods evaluated in Table 1

are briefly described in Section 4 and the team members are

listed in Appendix. Finally, the NoahTCV team is the first

place winner of this challenge, while vivo Camera Research

team win the second place and MiVideoDeblur team is the

third place, respectively.

The top-performing teams achieved significantly higher

PSNR and SSIM values, demonstrating superior reconstruc-

tion quality. Furthermore, our empirical validation of par-

ticipant results revealed that enhanced performance consis-

tently corresponds to increased model runtime. Future com-

petitions will evaluate both inference efficiency (e.g., la-

tency, model size) and image quality (e.g., PSNR, SSIM)

to enable smartphone deployment of hybrid EVS - deblur

image enhancement functions on smartphones.

We found many exciting and innovative solutions from

the participating teams. Notably, all teams designed their

network architectures through the fusion of APS and EVS

modalities, fully leveraging information from both modal-

ities to address the deblurring task. Approximately two-

thirds of participating teams adopted the Transformer Block

or its variants as their foundational architecture, while the

remaining teams utilized traditional CNN architectures, re-

flecting the coexistence of emerging Transformer-based ar-

chitectures and established CNN-based approaches in the

field. Furthermore, two teams employed an ensemble strat-

egy, which involved either integrating outputs from multiple

models or aggregating results generated by the same model

with different patch sizes, both of which contributed to their

favorable rankings. Additionally, one team first trained

models from on traditional RGB image deblurring datasets

and subsequently switched to fine-tuning on Hybrid EVS

data. This approach not only enhanced deblurring perfor-

mance for the EVS component but also improved sharp-

ness in non-motion event regions, presenting a valuable

technical insight. Interestingly, one team stood out with

an innovative approach: it adopted a unified image degra-

dation model optimized via the proximal gradient method,

which learns task-specific degradation matrices for differ-

ent tasks while demonstrating exceptionally fast inference

performance. These diverse and creative approaches will

effectively facilitate the development of Hybrid EVS appli-

cations.

4. Methods

4.1. NoahTCV

This team proposes a hybrid ensemble framework named

Noah-HEF, as shown in Figure 5. The proposed frame-

work consists of several base models, where each model

focuses on different levels and types of motion blur. Specif-

ically, this team incorporates base models including: TEI-

DNet [18], XRestormer [5], and NAFNet [2] to process

different levels of blur. The overall pipeline includes self-

ensemble operation for each base model, and a cross ensem-

ble operation that merges the output of each base model to

achieve the final sharp results.

Framework This team applies a 2-stage training strategy

to optimize the base models. The first stage is for pretrain-

ing. During the first stage, since the dataset of blurry-sharp

image pairs are easier to obtain compared to event-based
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Figure 5. The pipeline of Hybrid Ensemble Framework: Noah-

HEF. The final sharp results are achieved by a cross ensemble op-

eration of different base models.

deblurring dataset, this team uses blurry-sharp image pairs

without event data as input. This team collects blurry-sharp

image pairs from LSDIR dataset [10], GoPro dataset [14],

Adobe240 dataset [16], and RBI dataset [28] for the first

stage pretraining. The event stacks are set to zero-tensors

during at this stage. For the second stage, this team fine-

tunes the pretrained base models using the official train-

ing dataset from the HybridEVS Camera MIPI-challenge.

During the second finetuning stage, the base models learn

to merge the sharp temporal information from event stacks

into the blurry raw images for effective deblurring. For

event stacks, this team applies the multi-scale stacking strat-

egy. Specifically, for each event stream, this team slices the

long-term, mid-term, and short-term to form 3 event stacks

with different numbers of channels, which focus on differ-

ent levels of motion perception and high-frequency textures.

The proposed Noah-HEF framework capitalizes on both

self-ensemble and cross-ensemble techniques to enhance

robustness and accuracy. Within each base model, this

team implements a self-ensemble strategy, which involves

aggregating predictions from 4 inference-time augmenta-

tions (original, 180◦ rotation, 90◦ rotation+flip, and 270◦

rotation + flip), thereby stabilizing its output and reduc-

ing variance. Following this intra-model ensemble, a cross-

ensemble mechanism is employed. The predictions from

different base models potentially specialized or trained un-

der distinct configurations, which are fused to form the fi-

nal sharp results. Specifically, this team refer to the non-

reference evaluation metrics like MUSIQ and DACLIP [13]

as a filter to select the best reconstruction images for ensem-

ble. This two-tiered ensemble approach allows the system

to benefit not only from the diversity within each model’s

prediction space but also from the heterogeneity across

models. Compared to relying on a single sub-network, the

ensemble strategy significantly improves performance.

Implementation Details The overall framework is imple-

mented using PyTorch and trained on HUAWEI Ascend

910B. During the first pretraining stage, a batch size of 16

is utilized. The base models are optimized for 250k itera-

...

Motion
Embed

Motion
Embed

Semantic
embed

Semantic
embed

Image Encoder Event Encoder Image-Event Alternation Encoder Flexible FusionImage-Event Alternation Decoder

APS

Evs

Deblur Image

Figure 6. Framework of MotionDissolve proposed by vivo Camera

Research.

tions using AdamW optimizer with a learning of 1e-4. For

the input images, this team applies a degradation pipeline to

get raw images from the sRGB images. For the second fine-

tuning stage, all of the base models are optimized for 200k

iterations with a learning rate of 5e-4. This team crops the

images and event stacks into patch size of 256×256. The

Raw images are unshuffled into a 4-channel RGGB input.

The event stacks are binned into 4, 8, and 16 channels to

get the multi-scale event stacks. This team uses L1 loss in

the raw domain during the first pretraining stage. For fine-

tuning stage, they combines the Raw domain L1 loss and

sRGB domain L1 loss to optimize the base models. Data

augmentation strategy including flip, rotation, and reverse

events is applied during the finetuning stage.

4.2. vivo Camera Research
This team proposes MotionDissolve, an Image-Event Al-

ternation Deblurring Network specifically designed for de-

blurring in HVS/Hybrid-EVS cameras. The core objective

is to fully exploit the complementary characteristics of APS

images and EVS event streams for improved deblurring per-

formance.

Network Architecture As illustrated in Figure 6, Mo-

tionDissolve introduces a cross-modality fusion strategy

that leverages both early- and late-stage interactions, in-

spired by the asymmetric fusion mechanism proposed in

[25]. The network employs two dedicated encoder branches

to process APS and EVS inputs independently: 1) The APS

branch begins with a hierarchical image encoder, followed

by two image-event alternation encoders, and ends with a fi-

nal image encoder, producing four levels of multi-scale fea-

tures. 2) The EVS branch consists of three event-specific

encoders, interleaved with two image-event alternation en-

coders, enabling hierarchical feature extraction tailored to

the event domain.

Instead of using cross-attention, MotionDissolve designs

two modality-specific self-attention mechanisms: motion-

aware and image-aware self-attention, aiming to capture

motion semantics while promoting mutual guidance be-

tween modalities. These mechanisms are designed to re-

spect the distinct characteristics of APS and EVS data, en-

abling the extraction of complementary information and

their progressive alignment in the decoder via hierarchi-

cal fusion. Moreover, a dual-path embedding strategy is
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adopted to enhance both low-level motion and high-level

semantic representation learning: 1) Motion Embedding

(ME): Enhances the APS stream by injecting motion pri-

ors derived from the EVS branch. 2) Semantic Embedding

(SE): Enhances the EVS stream with semantic context from

the APS branch. In detail, giving the middle representation

from APS and EVS branches, Faps and Fevs, a spatial at-

tention and a channel-wise attention are performed on Faps

to obtain the spatial-wise content Fspa
aps and the motion-wise

correlation Fmot
aps . Then, the semantic prior Fsem

aps can be ob-

tained by Fspa
aps·Fmot

aps . To achieve an injection to Fevs, Fsem
aps

is concatenated with Fevs, followed by a spatial-motion

joint learning as a spatial-spectral domain learning (SDL) in

[8]. Subsequently, multi-scale features from both branches

are decoded through separate image-event alternation de-

coders, which refine representations at each scale. Finally,

the deblurred output is generated via an adaptive fusion of

the decoded features from both modalities.

Implementation Details The MotionDissolve network is

trained using a progressive two-stage strategy on NVIDIA

L40 (48GB) and H20 (96GB) GPUs. The dataset is parti-

tioned into 950 self-training samples and 50 self-validation

samples. Each training sample consists of an APS im-

age and its corresponding event representation, cropped

into spatial patches of size 256 × 256 × 1 (APS) and

128× 128× 17 (EVS), respectively. In the first stage, only

the self-training set is utilized. The initial learning rate is

set to 2 × 10−4 and gradually decayed to 2 × 10−6 using

the Cosine Annealing strategy. In the second stage, this

team incorporate both the self-training and self-validation

samples, along with additional training pairs derived from

the GoPro dataset for enhanced generalization. The initial

learning rate is set to 5 × 10−6 and decayed to 1 × 10−8

following the same cosine scheduling.

4.3. MiVideoDeblur

MiVideoDeblur This team proposes EFSwinIRAttn for

event-based image deblurring. Unlike general Swin Trans-

former methods that only use blurred images for deblur-

ring, this method efficiently incorporates event information

to more accurately capture moving-object features in blur

images. EFSwinIRAttn’s architecture is shown in Fig 7.

The RAW and the event image are concatenated and then

input into the network.

Network Architecture Different from the original

SwinIR[12], EFSwinIRAttn introduces an FFM (Feature

Fusion Module) that uses learnable weights to effec-

tively combine the features from six RSTB (Residual

Swin Transformer Block) modules of SwinIR. For each

STL (Swin Transformer Layer) within each RSTB, the

MDTA (Multi-Dconv Transpose Attention)[3] module

and the CAB (Channel Attention Block)[4] module are

added in parallel to the original Window Attention, to

Figure 7. The architecture of EFSwinIRAttn proposed by

MiVideoDeblur.

capture more spatial and channel features. Additionally,

a CBAM (Convolutional Block Attention Module)[22] is

introduced after the first convolutional layer and before

the last convolutional layer of the SwinIR to enhance the

robustness and accuracy of feature representation in both

the channel and spatial dimensions. Finally, new attention

modules are gradually added to the SwinIR model using

zero convolution, ensuring that the network’s performance

is efficiently and steadily improved while maintaining its

current level of performance.

Implementation Details This team’s code is based on

BasicSR[20]. Before training, the event data is transformed

using the SCER method in EFNet[17] to improve the effi-

ciency of model training. The model is trained in 4 stages.

In each stage, EMA (Exponential Moving Average) tech-

nology is used to smooth the weight updates. The optimizer

used for training is AdamW, with an input size of 128x128.

The input is randomly flipped horizontally or vertically dur-

ing training, and the model is gradually optimized in each

stage. A detailed description of the staged training is as fol-

lows:

Firstly, this team introduces the FFM (Feature Fusion

module) on top of SwinIR to aggregate features from each

RSTB module. The model contains 6 RSTB modules, each

with a window size of 8. The model is trained for a total

of 400K steps with a batch size of 8. The loss function is

L1 loss, and the feature representation channel number is

6. The initial learning rate is 2E-4, and the learning rate de-

cay strategy is MultiStepLR, with a 50% reduction at 100K,

200K, 250K, and 275K steps.

Secondly, building on the model from stage one, this

team introduces the CAB into the STL modules using zero

convolution. The batch size for this stage is 4. We train the
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model for 120K steps using PSNR loss. The initial learning

rate is 2E-4, and the learning rate decay strategy is Multi-

StepLR, with a 50% reduction at 50K and 100K steps. The

other training configurations are the same as in stage one.

Thirdly, building on the model from stage two, this team

introduces the CBAM module before the first and last con-

volutional layers and the MDTA module into the STL mod-

ules using zero convolution. The event representation chan-

nel number is changed to 8. The model is trained for 180K

steps with an initial learning rate of 3E-5. The training loss

is a combination of PSNR loss, Outlier-Aware[7] loss, and

Cosine Similarity loss. The learning rate decay strategy

is MultiStepLR, with a 50% reduction at 100K and 150K

steps.

Lastly, Building on the model from stage three, this team

changes the event representation channel number to 10 and

set the STL window size to 16. The model is trained for

a total of 285K steps with an initial learning rate of 2E-

4. The learning rate decay strategy is MultiStepLR, with a

50% reduction at 100K, 150K, 200K and 250K steps.The

loss function is the same as in stage three.

All models need to be trained on a single A100 80GB

GPU. After four stages of training and model structure op-

timization, the final model training is completed. this team

randomly selected 50 pairs of data as the local validation

set. The model with the highest PSNR on the validation set

is finally selected for testing.

4.4. 404NotFound

To address the deblurring problem, this team employed

Restormer[26] ,which adopts an efficient Transformer-

based encoder–decoder architecture combined with a U-

Net-style design for high-resolution image restoration. The

overall design balances global modeling capability and

computational efficiency, making it suitable for various im-

age restoration tasks.Their method leverages both blurry

RAW images and stacked voxel-grid event data as in-

puts. The two are concatenated to form a 28-channel

input (4 channels for RAW image and 24 channels for

events).During training, this team use a combination of L1

loss and Focal Frequency Loss. The learning rate sched-

uler is CosineAnnealingRestartCyclicLR, and the optimizer

is AdamW. The model is trained from scratch for approx-

imately 500,000 iterations. In the early epochs, the net-

work is trained on small image patches (crop size of 160)

with a large batch size (batch size:4), and gradually shifts to

larger patches with smaller batch sizes in later epochs. This

training strategy helps Restormer learn contextual informa-

tion from larger images, leading to improved performance

during testing.During testing, Inference is performed using

crop sizes of 184 and 360 respectively, and the results are

then ensembled (see Figure 8).

Blur Raw

Events

Concatenate

Restormer
(crop 360)

Restormer
(crop 184)

Ensemble

Deblur Raw

Figure 8. Overview of the method: This method feeds the blurry

RAW image and corresponding event map into a Restormer net-

work, employing dual-scale inference with crop sizes of 184 and

360 respectively. The results are then ensembled to generate the

final sharp image.

Sharp Image

Dual Event-
stream Voxels

Blur Image

Figure 9. The architecture of DEDNet.

4.5. IVISLAB

To address image deblurring, team IVISLAB introduces the

Dual Event-stream Image Deblurring Network (DEDNet).

As illustrated in Figure 9, DEDNet converts consecutive

events into event voxels at two temporal scales, enabling

it to extract motion information from blurred images and

capture fine edges for reconstructing clear images.

Network Architecture DEDNet utilizes an encoder-

decoder architecture designed to process both images and

dual-stream event voxels, aiming to estimate a deblurred

raw image. Specifically, when deblurring the raw image

at frame t, DEDNet considers the long-term event stream

around frame t to aid in motion perception. As such, it

voxelizes event data from frame t − Tl to frame t + Tl

into a b-bin event voxel, Vl,t. Simultaneously, the short-

term event stream around frame t is used to help reconstruct

high-frequency textures, and event data from frame t − Ts

to frame t + Ts is voxelized into a b-bin event voxel, Vs,t.

The event voxels Vl,t, Vs,t, and Vm,t, along with the blurred

raw image Ib, are concatenated and passed through the net-

work. To fuse features from the raw image and event voxels,

DEDNet employs convolutional layers and residual blocks

to generate the fused feature representations. Finally, con-

volutional layers are used to predict the deblurred raw im-

age It.

Loss Function To train DEDNet, a reconstruction loss

function Lr is defined for the estimated deblurred raw im-
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Figure 10. A blurry RAW image and the corresponding event map

are input to a joint deblurring and denoising network. The network

outputs a sharp RAW image, which is then processed by the ISP

to generate the final sharp RGB result.

age It as follows:

Lr = λ1 L1(It, I
gt
t ) + λ2 L2(It, I

gt
t ) (2)

Here, λ1 = 1 and λ2 = 4 are the coefficients that balance

the loss terms. L1(·, ·) represents the mean absolute error,

and L2(·, ·) denotes the mean squared error. Igtt refers to

the ground truth raw image at frame t.
Implementation Details DEDNet is implemented using

PyTorch on four Nvidia A100 GPUs. During training, a

batch size of 16 is used with input data dimensions of

320 × 320 pixels. The network weights are optimized over

2000 epochs using the AdamW optimizer, with an initial

learning rate of 2 × 10−5. A cosine annealing scheduler

is applied to gradually decay the learning rate. To prevent

overfitting, data augmentation techniques, such as random

flipping and rotation, are applied.

4.6. Yunfan Lu
As illustrated in Fig. 10, their method is designed to jointly

remove both blur and noise in the RAW domain. Moti-
vation: The input consists of a blurry RAW image Ri ∈
R

H×W and an event map E ∈ R
B×H×W , and the output

is a clean RAW image Ro. It is important to note that the

ISP stage does not perform denoising; therefore, their net-

work try to address both denoising and deblurring simul-

taneously. This joint approach is necessary, since blur and

noise often interact, and optimizing for only one will often

hurt the other [11, 29]. Therefore, this team design a unified

training method that learns both tasks together.

Method: To implement this, they use a well-established

deblurring backbone (EFNet) [17]. The network takes

both the blurry RAW image and the event map as in-

put. The event stream is processed by a feature extraction

sub-network and fused with the RAW branch at multiple

Figure 11. Overview of the method, an hierarchical DUN for

Event-based deblurring. The IR process involves a K-stage DUN

with l levels, projection and back projection. Each stage utilizes a

Event-based GDM (E-GDM) and PMM to adaptively handle de-

graded inputs and maintain multi-level information across stages.

stages, which improves spatio-temporal information inte-

gration. The network is trained to map (Ri, E) to Ro as

Ro = fd2(Ri, E; θ), where fd2 denotes the joint deblurring

and denoising network and θ are its trainable parameters.

To improve robustness to real sensor noise, this team syn-

thesize a variety of physical noise types during training. The

overall RAW image degradation is modeled as:

Ri = Q(Nrow(Nread(P(Rgt) +Ndc))
)
,

where P(Rgt) is photon shot noise modeled by a Poisson

process; Nread is read noise, Ndc is dark current bias, Nrow is

row noise, and Q is quantization noise. This augmentation

strategy allows the network to learn not only deblurring but

also the removal of real sensor noise, which is especially

important for RAW data. They optimize the network using

the loss L = |Ro − Rgt|1. The final output Ro is passed

to the ISP function fisp to produce the RGB image Io =
fisp(Ro). Since the ISP does not remove noise, our network

must generate a clean RAW output.

Implementation Details: All experiments are conducted

on an NVIDIA A40 GPU. During training, this team divide

each image into 256 × 256 patches with a batch size of 1.

They use the Adam optimizer with an initial learning rate

of 0.0005 and train the model for 200 epochs. To improve

generalization, they apply data augmentation methods such

as random cropping, flipping, and rotation. As a result, the

total training time is about 18 hours.

4.7. suospring
The architecture of the team suospring is based on the

VLUNet [27] and HCDNet [15]. Figure 11 shows the main

framework of the method.

Network Architecture: This method adopts optimization

in feature space and preserves multi-level degraded infor-

mation by downsampling and upsampling y across levels,

with residual connections to transfer original degraded fea-

tures. For the k-th stage within the l-th level, its hierarchical
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degradation unfolding procedure is:

ẑ
(k)
(l) = x̂

(k−1)
(l) − ρΦT(Φ̃(x̂

(k−1)
(l) , E)− ŷ(l)), (3)

x̂
(k)
(l) = argmin

x̂(l)

1

2
‖x̂(l) − ẑ

(k)
(l) ‖22 + ρλΨ(x̂(l)). (4)

For the specific modules in the gradient descent module

(GDM) in Eq. 3 and the proximal mapping module (PMM)

in Eq. 4, this method adopts the Kernel Deformable Block

(KDB) as the Φ operator, which receives the event informa-

tion (E) and the blurry input to estimate the blurry kernel of

the target image, which is called as E-GDM (Event-based

GDM). There it should be noted that the E is inited as the

shape of 25 ×H/2 ×W/2 using interpolation algorithms.

And the PMM contains several basic NAFNet blocks.

Implementation Details: The training was conducted on

four NVIDIA RTX 4090 GPUs. During training, images

were initially cropped into 256×256 patches, and the crop

resolution was gradually increased as training progressed.

The batch size was set to 4 per GPU. The Adam optimizer

was used with an initial learning rate of 0.0002, and the

model was trained for a total of 400 epochs. The loss func-

tion is L = 0.5 × |X − Xgt|1 + 0.5 × |X − Xgt|2. The

entire training process took approximately one day.

4.8. Attempt++

This team presents a motion deblurring approach leverag-

ing event cameras, using a fine-tuning deblurring Network

pipeline (FTDNet) based on the EFNet [17] architecture.

This method focuses on data processing for training. It

parses the training split of the Hybrid-EVS dataset and ini-

tializes the EFNet model using a checkpoint pretrained on

the GoPro dataset. The model is then fine-tuned to adapt to

real-world blurry data, enabling it to generalize effectively

to real-world motion blur scenarios.

Figure 12. Architecture of FTDNet proposed by Attempt++.

Method: The approach builds upon the EFNet framework,

and consists of two main stages: data preprocessing and

model fine-tuning.

Stage I: Preprocessing. The training split of the Hybrid-

EVS dataset is parsed, where raw .bin files contain Bayer

APS images and event streams. The APS images are de-

mosaiced and replicated across three channels to align with

the RGB input requirements of the model. Event data are

voxelized into six temporal bins to form a (6, H,W ) grid,

effectively capturing spatio-temporal motion cues. The pro-

cessed data are then stored in a structured .h5 format for

training.

Stage II: Fine-tuning. The EFNet model, pretrained on

the GoPro dataset (EFNet GoPro.pth), is fine-tuned us-

ing the processed Hybrid-EVS dataset. During fine-tuning,

only the affine parameters of the normalization layers are

updated, while other weights remain frozen. The objective

is formulated as:

θ∗ = arg min
θ∈Θaffine

Ltotal(θ;DHybrid-EVS) (5)

where Θaffine denotes the set of trainable affine parameters

and DHybrid-EVS represents the input dataset.

The underlying network architecture employs a dual-

encoder U-Net with symmetric branches, consisting of an

APS image encoder and an event voxel encoder. A mid-

level fusion module integrates both modalities, followed by

an event mask-guided attention mechanism that refines key

spatio-temporal features. The training process is supervised

by a composite loss:

Ltotal = αLmir + β(Lp3 + Lp4) (6)

where Lmir denotes the primary mirror loss, and Lp3,Lp4

are auxiliary flipped pixel losses. This loss design, de-

rived from EFNet, encourages symmetric consistency and

improves generalization to real-world motion blur.

Implementation Details The model was trained for 200

epochs on a single NVIDIA RTX 4090 GPU with a

batch size of 16, using the AdamW optimizer (weight de-

cay=0.05). A warm-up learning rate schedule was applied,

starting at 1 × 10−6 and increasing to 2 × 10−4 over two

epochs, before finally decaying to 1× 10−5.

5. Conclusions
This paper reviews the Deblurring Challenge for Hybrid

EVS Cameras, part of the MIPI workshop at ICCV 2025.

The challenge attracts 130 participants from industry and

academia, yielding innovative solutions for restoring high-

quality images from blurred frames and event streams. The

competition advances image reconstruction quality and sets

a new benchmark for mobile computational photography re-

search.
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