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Abstract

Leveraging its robust linear global modeling capability,
Mamba has notably excelled in computer vision. Despite
its success, existing Mamba-based vision models have over-
looked the nuances of event-driven tasks, especially in video
reconstruction. Event-based video reconstruction (EBVR)
demands spatial translation invariance and close attention
to local event relationships in the spatio-temporal domain.
Unfortunately, conventional Mamba algorithms apply static
window partitions and standard reshape scanning methods,
leading to significant losses in local connectivity. To over-
come these limitations, we introduce EventMamba—a spe-
cialized model designed for EBVR tasks. EventMamba inno-
vates by incorporating random window offset (RWO) in the
spatial domain, moving away from the restrictive fixed par-
titioning. Additionally, it features a new consistent traversal
serialization approach in the spatio-temporal domain, which
maintains the proximity of adjacent events both spatially and
temporally. These enhancements enable EventMamba to re-
tain Mamba’s robust modeling capabilities while significantly
preserving the spatio-temporal locality of event data. Com-
prehensive testing on multiple datasets shows that Event-
Mamba markedly enhances video reconstruction, drastically
improving computation speed while delivering superior vi-
sual quality compared to Transformer-based methods.

Introduction

Event cameras, also known as neuromorphic cameras, draw
inspiration from biological systems and offer substantial ad-
vancements over traditional visual sensors. They provide ex-
ceptional temporal resolution (1 us), superior dynamic range
(140 dB), and ultra-low power consumption (5 mW) (Gal-
lego et al. 2020; Delbriick et al. 2010; Benosman et al.
2013; Fu et al. 2024). Unlike conventional cameras, event
cameras capture data asynchronously and sparsely, which
complicates direct interpretation and integration with stan-
dard computer vision techniques. To address this, converting
event data into more conventional intensity images is essen-
tial for bridging the technological divide in computer vision
applications.

Over the past decades, deep learning has achieved remark-
able progress in computer vision (Ge, Fu, and Zha 2022;
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Ge et al. 2024; Zhang, Yang, and Wang 2023; Zhang et al.
2024; Zhang, Yang, and Hu 2023; Li et al. 2023; Shi et al.
2022; Peng et al. 2024; Wang et al. 2024), especially in
event-based video reconstruction (EBVR) (Zhu et al. 2022;
Rebecq et al. 2019; Cadena et al. 2023; Scheerlinck et al.
2020; Gallego et al. 2020). Despite these strides, EBVR al-
gorithms still have room for improvement. Current methods
typically utilize Convolutional Neural Networks (CNNs) or
Transformers to reconstruct frames from event data. While
CNNs focus on local details, often at the expense of global
context, this can lead to increased susceptibility to noise
and blurring, resulting in unclear visual outputs (Jang, Mc-
Cormack, and Tong 2021). Conversely, Transformers excel
in capturing extensive non-local information through their
self-attention mechanisms (Weng, Zhang, and Xiong 2021;
Xu et al. 2024). However, this approach scales quadratically
with the input size, noted as O(n?). This scaling is prob-
lematic for high-resolution data, such as the 1280x720 out-
put from Prophesee EVK4 cameras, which demands signifi-
cant computational resources and challenges deployment on
resource-limited devices.

Recently, the Mamba module, particularly within the
State Space Model (SSM) framework, has introduced
a groundbreaking approach to address previous chal-
lenges (Gu, Goel, and Ré 2021). As a subset of SSMs,
the advanced Mamba modules (Gu and Dao 2023) have
shown substantial advancements by employing a sophisti-
cated selection mechanism and hardware optimizations (Zhu
et al. 2024; Liu et al. 2024b; Xing et al. 2024; Liu et al.
2024a). However, these vision Mamba modules are not di-
rectly suitable for the EBVR task due to two main reasons.
Firstly, EBVR tasks require translation invariance in the spa-
tial domain, necessitating a location-independent approach
to map events to video frames. Traditional vision Mamba
networks, such as VisionMamba and VmambalR, use fixed
non-overlapping windows that constrain SSM operations to
these local windows, thereby imposing spatial priors inap-
propriate for EBVR tasks, leading to a loss of translation
invariance and incomplete local relationship capture. Sec-
ondly, event data in the spatio-temporal domain is critical,
and the common practice of flattening temporal features into
a one-dimensional sequence processed recursively disrupts
the natural spatio-temporal event relationships, resulting in
a loss of local information.
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Figure 1: (a) Example illustrating the loss of locality in the fixed window strategy (spatial locality loss in the red box), and our
proposed Random Window Offset solution. (b) Demonstration of the loss of spatio-temporal locality in conventional space-
filling curves contrasted with our introduced Hilbert space-filling curve technique.

To overcome these challenges, we introduce Event- Our comprehensive experimental results show that Event-
Mamba, a specialized SSM network designed for high-speed Mamba markedly outperforms existing models, enhancing
EBVR tasks. In the spatial domain, EventMamba employs both subjective and objective performance metrics. On the
a novel random window offset (RWO) strategy, which uses IJRR dataset (Mueggler et al. 2017), EventMamba increases
randomly offset windows to encompass the entire feature the SSIM value by 2.9% compared to previous state-of-the-
map, rather than restricting it to fixed partitions (see Fig- art approaches.
ure 1(a)). This RWO strategy ensures preservation of trans-
lation invariance and more comprehensive local relationship Related Works

mapping. In the spatio-temporal domain, EventMamba em-

ploys a unique Hilbert Space Filling Curve (HSFC) scan- Event-based Video Reconstruction

ning mechanism. Compared to other space-filling curves, the Early studies on EVBR tasks were primarily based on phys-
Hilbert curve exhibits superior locality preserving properties ical priors of the event stream, which were significantly lim-
and a lower space-to-linear ratio (Chen et al. 2022; Bauman ited by specific conditions of the photographic scenes (Kim
2006; Wu et al. 2024). This implies that the Hilbert curve et al. 2008; Lagorce et al. 2016; Munda, Reinbacher, and
is more effective at retaining the local characteristics of the Pock.2018; Chen et al. 2020; Gehn.g et al. 2.021§ Schaefer,
original data and offers higher efficiency when mapping Gehrig, and Scaramuzza 2022; Shiba, Aoki, and Gallego
multi-dimensional space to a one-dimensional linear se- 2022; Tulyakov et al. 2022; Freeman, Singh, and Mayer-
quence. EventMamba leverages these inherent advantages of Patel 2023). Kim ez al. developed a method based on the
Hilbert and trans-Hilbert curves to convert spatio-temporal Kalman filter to reconstruct gradient video frames from a
pixels into a one-dimensional sequence along the curve tra- rotating event camera, and used Poisson integration tech-
jectory, enabling a fine-grained and locality-preserving re- niques to recover luminance frames with temporal dimen-
covery of event data (see Figure 1(b)). Through these in- sions (Kim et al. ‘20_08)- Bardow ez al. proposed a varia-
novations, EventMamba maintains the spatial and temporal tional energy minimization framework that allows simul-
locality of event data while leveraging the powerful linear taneous recovery of video frames and dense optical flow
global modeling capabilities of Mamba. from the sliding window of an event camera (Barua, Miy-

In summary, our contributions are as follows: atani, and Veeraraghavan 2016). Zhang et al. formulated the

event-based video frame reconstruction task as an optical
flow-based linear inverse problem, demonstrating that this
approach could generate luminance video frames of qual-
ity comparable to those trained with deep neural networks,
without the need for training deep networks (Zhang, Yezzi,

* We conduct a critical analysis of the limitations of exist-
ing Transformer and CNNs-based methods and introduce
EventMamba, a pioneering model that integrates State
Space Models for event-based video reconstruction.

* We elaborately design a random window offset strategy and Gallego 2021).
for reconstruction tasks to compensate for the loss of In recent years, with the development of deep learning,
translation invariance caused by previous vision Mamba data-driven neural network algorithms have made signifi-
models when using fixed partitioned windows, thereby cant breakthroughs in the field of EBVR. Rebecq et al. de-
better modeling local information in the spatial domain. veloped E2VID, a model for event-based video frame re-

* We design a Hilbert Space Filling Curve mechanism tai- construction that combines the advantages of CNNs and
lored for EBVR tasks to address the disruption of spatio- Recurrent Neural Network (RNNs), improving the quality
temporal locality in previous vision Mamba models, sig- of video frame reconstruction through controlled incremen-
nificantly enhancing the model’s ability to capture spatio- tal updates of event sequences (Rebecq et al. 2019). To
temporal relationships. address the vanishing gradient problem in long sequence
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Figure 2: The EventMamba architecture is U-Net-like, processing event voxels (V) to predict intensity images. It incorporates
two key components: RWOMamba and HSFCMamba, which are designed to maintain the translation invariance and spatio-
temporal locality of event features, respectively. The number of V; is set to 2 in our EventMamba architecture.

data processing, Rebecq et al. later introduced E2VID+,
which incorporates multi-layer ConvLSTM units to sta-
bilize gradients during backpropagation (Stoffregen et al.
2020). Cadena et al. used spatially-adaptive denormalization
(SPADE) layers in the E2VID framework and proposed that
the SPADE module enhanced the quality of reconstructed
frames in the video (Scheerlinck et al. 2020). Wen et al.
were among the first to apply the Transformer architecture
to the field of event-based video reconstruction, combining
the local feature extraction capabilities of CNNs with the
global information processing advantages of Transformer to
further enhance the quality of event-based video reconstruc-
tion (Weng, Zhang, and Xiong 2021). Zhu et al. proposed
a novel EBVR network based on spiking neural networks,
their meet the comparable performance with ANN methods
while saves the energy consumption (Zhu et al. 2022). Ca-
dena et al. considered the sparsity of the event stream in
event-based video reconstruction and were the first to em-
ploy stacked sparse convolutional modules in the reconstruc-
tion network, effectively reducing the network’s complex-
ity (Cadena et al. 2023).

State Space Model

State Space Models (SSMs), first introduced in the S4
model (Gu, Goel, and Ré 2021), model global information
more efficiently than CNNs or Transformers. S5 (Smith,
Warrington, and Linderman 2022) reduced the complexity
to linear levels using MIMO SSMs and parallel scanning.
H3 (Mehta et al. 2022) added gating units to enhance expres-
siveness, enabling it to compete with Transformers in lan-
guage modeling. Mamba (Gu and Dao 2023) introduced an
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input-adaptive mechanism, outperforming similarly-scaled
Transformers in inference speed, throughput, and overall
performance.

Motivated by the success of Mamba in language model-
ing, various Mamba-based models have been proposed for
vision tasks (Zhu et al. 2024; Liu et al. 2024b; Xing et al.
2024; Shi et al. 2024; Li et al. 2024; Wu et al. 2024). How-
ever, these models often directly apply fixed partitioned win-
dows to vision tasks without fully considering the unique
characteristics of event-based tasks. EBVR tasks require
higher translation invariance and spatio-temporal locality
compared to classification and segmentation tasks, as pre-
viously discussed. This is because EBVR tasks necessi-
tate feature integration across both temporal and spatial di-
mensions for pixel-level regression. To effectively address
EBVR tasks, it is crucial to develop a mechanism that over-
comes the limitations of current vision Mamba models in
terms of translation invariance and spatio-temporal locality.

Methodology

In this section, we introduce the fundamental concepts of
SSMs. We then provide a detailed explanation of how we
integrate SSMs with the EBVR task. This includes a de-
scription of the model framework, modular design, training
strategies, and the loss functions employed.

Preliminaries

State Space Sequence Models and the Mamba framework
are based on linear dynamics principles, transforming a one-
dimensional sequence z(t) € R through a hidden state



space h(t) € RY to produce an output y(¢). The trans-
formation involves matrices A € RY*¥ (state evolution),
B ¢ RMX! (input-to-state), and C € R (state-to-
output). The system dynamics are described by:

h'(t) = Ah(t) + Bz(t), (1)

y(t) = CI'(t). (@)

The S4 and Mamba modules adapt these models to dis-

crete time, using a time scale A to convert A and B to their

discrete counterparts A and B, employing the Zero-Order
Hold (ZOH) method (Karafyllis and Krstic 2011) :

A =exp(AA), (3)

B = (AA) !(exp(AA —1))- AB. )

Finally, the output is obtained through global convolution:

hy = Ah;—1 + By, 6)
ys = Chy. (6)

The output is generated by a structured convolution:
K = (CB,CAB,...,CAM™'B), (7
y=zxK, ®)

wherein M represents the length of the sequence x, and K €
RM denotes a structured convolutional kernel.

Event Representation

We consider an event stream e; containing N events over a
duration of T" seconds, where each event e; = (z;, yi, t;, D;)
encodes the position (;, y; ), timestamp ¢;, and polarity p; of
the ¢-th brightness change detected by the sensor. The goal
is to generate a stream of video frames I}, from the same
T-second interval, where each video frame I, € [0, 1]V >xH
represents a 2D grayscale representation of the scene’s ab-
solute brightness. H and W represent the height and width.
The proposed method limits each generated video frame to
rely solely on past events.

We sort events into groups corresponding to the times-
tamps of the video frames. Given N; frames, each identified
by a timestamp sy, we define the k-th event group as:

Gr={e; | sk—1 < t; <sp}, fork=1,....,N;r. (9)
To input these organized events into CNNs, the events are
amassed into a voxel grid Vj, € RW*H*XB where W and H
correspond to the grid’s dimensions, and B is the number of
distinct bins. The timestamp ¢; of each event is normalized
to the range [0, B — 1], yielding the normalized timestamp
5
o (B=1)(ti—T0) 00
! AT )
We then use an interpolation method to distribute the polar-
ity contribution of each event across the nearest two voxels
in the temporal dimension:

Vk(m?yvt) = sz maX(O, 1- |t - tﬂ)&(.’t — T Y — yl)

(11)
In the experiments, B = 5 is selected as the count of dis-
crete intervals for the time dimension, resulting in each event
cluster being represented by a voxel grid with dimensions
W x H x 5, which can then be fed into DNNs for further
processing and analysis.

3107

Network Structures

Random Window Offset Mamba. In previous iterations
of the vision Mamba model, image features were divided
into non-overlapping windows and processed through the
Mamba module for experimental purposes. However, for re-
construction tasks, all window partitions contain equally im-
portant information. Therefore, the use of fixed window par-
titions results in a loss of translation invariance. To address
this issue, we propose the Random Window Offset (RWO)
strategy to endow the EventMamba model with translation
invariance and to fully utilize the local relationships in the
spatial domain as shown in Figure 2. The vision mamba
block (VMB) is a residual structure that combines a dual-
mamba layer, inspired by the VisionMamba (Zhu et al.
2024), with a depth-wise convolution (DWConv) (Chollet
2017) layer. The computation is defined as follows:

z = MLP(RWO(E,_1;s,&;,,£,,)), (&,&,) ~ U(R,),
E;, = VMB(Z[),
(12)

where F,,_; represents the input event feature from the pre-
vious stage, s is the spatial size of local window, z; denotes
the output sequence after the MLP layer, and F; denotes the
output sequence after the VMB layer. R includes all possi-
ble offsets within the uniform distribution U(f3;). The rep-
resentation of R can be simplified as:

R, :=100,...,s—1] x[0,...,s —1]. (13)
In the training process, the symbol x denotes the Cartesian
product. The parameters (¢}, &l) are considered as inde-
pendently and identically distributed random variables sam-
pled from the uniform distribution U(93,). Assuming the
total number of Mamba layers is IV, the random displace-
ments {(&},¢L)}Y," are intentionally designed to be inde-
pendent to ensure the maintenance of faithful locality and
translation invariance at the layer level. Through this ap-
proach, although each individual layer considers all possi-
ble displacements, only one set of sampled displacements
{(€h,€L) 15t is required for each forward propagation,
thus the training time remains consistent with that of fixed
window partitioning. Following the RWO strategy, the event
features are input into the VMB module and reshape to its
original shape F,,.

Regarding the testing process, the conventional strategy
is to use layer-wise expectation inspired by Dropout (Sri-
vastava et al. 2014) to approximate the overall output of the
model, which is expressed as:

EM'!(z) = E[EM(zis. €, &)l (14)

S
where EM stands for our EventMamba network for simplic-
ity. However, for our task, using layer-wise expectation re-
quires traversing all combinations of random windows, this
computation method will greatly increase the computational
burden, which contradicts our original intention of introduc-
ing the Mamba model. Therefore, we use another Monte
Carlo approximation to estimate the output of the model,



which is expressed as:

1

M
EM'™(z) ~ Z[EM(x, Si,{;lagi)]' (15)
i=1

=l

It may seem that the testing time would scale linearly with
M, the number of averaged forward passes. However, mod-
ern accelerators can perform multiple forward passes con-
currently, significantly reducing the testing time. This accel-
eration is achieved by transferring an input to the GPU(s)
and creating a mini-batch that consists of the same input
repeated multiple times. EventMamba performs RWO op-
erations independently along the batch dimension, allowing
for parallel processing. After a single forward pass through
EventMamba, the Monte Carlo estimate is obtained by aver-
aging over the mini-batch. For readability, we omit the stan-
dard deviations in the testing results presented in the main
text. In our experiments, we set M equal to 8. Detailed test-
ing results, including standard deviations, will be provided
in the supplementary materials '.

Hilbert Space-Filling Curve Mamba. In terms of tempo-
ral modeling, although some methods have attempted to fa-
cilitate channel-wise modeling by applying the same oper-
ations as in the spatial domain to the channel dimension of
feature maps or using the reshape function in PyTorch to se-
rialize event features, these methods inevitably lead to the
loss of spatio-temporal correlation among adjacent pixels.
To overcome this challenge, drawing inspiration from (Wu
et al. 2024), we introduce the Hilbert Space-Filling Curve
Mamba (HSFCMamba), which utilizes space-filling curves
to convert unstructured event features into regular sequences
as shown in Figure 2. Specifically, we select two represen-
tative space-filling curves, the Hilbert curve and its trans-
posed variant Trans-Hilbert curve, to scan event features.
Compared to ordinary reshape function scanning curves,
space-filling curves like the Hilbert curve exhibits superior
locality preserving properties and a lower space-to-linear ra-
tio (Chen et al. 2022), meaning that adjacent keypoints in the
scanned one-dimensional sequence typically have geometri-
cally close positions in the three-dimensional space. We be-
lieve this property can largely retain the spatial relationships
among points, which is essential for accurate feature repre-
sentation and analysis in event data. As a complement, the
Trans-Hilbert curve exhibits similar characteristics but scans
from a different perspective, providing a diversified view of
spatial locality. Concretely, we use the following expression
for serialization:

2n, Zn, = MLP(HSFC(E,_1) + pos-embedding),

7 (16)
E; = VMB(concat(zp, z1)),

where HSFC represents the Hilbert scan and Trans-Hilbert
scan methods, z;, and Zj, is the serialized output respectively.
Subsequently, we concatenate the sequences zj and Zj ob-
tained from the two different scanning methods, each with a
shape of (B, & x ¥ x 8C), into a total sequence ; with a
shape of (B, % X % x 8C x 2). The sequence Z; is then fed

!Supplementary materials are available at https://github.com
/ndwsftkba/EventMamba
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into the VMB module and reshaped through Hilbert/Trans-
Hilbert index to obtain its original shape, constructing the
enhanced spatio-temporal event features E;. Through our
HSFCMamba, our network better preserves spatio-temporal
correlations among event data.

Experiments
Settings
Implementation Details. The network is trained for 400
epochs on an NVIDIA 3090 GPU using the AdamW opti-
mizer (Kingma and Ba 2014) with a batch size of 4, a patch
size of 128 x 128, an initial learning rate of le-4, and an
exponential decay strategy with a gamma of 0.99.
Loss Functions. Our loss function over ¢-times can be writ-
ten as:

Ny No
L= Z‘CEPIPS + )‘TC Z ‘Cztfem,p’

t=0 t=Lo

a7

where Lrprps represents the LPIPS loss(Zhang et al.
2018), and Lymp represents the temporal consistency
loss (Li et al. 2021; Zhang et al. 2021). A comprehensive
description of these loss functions will be provided in the
supplementary materials. The hyperparameters Ny, Lo, and
Arc are set to 20, 2, and 0.5, respectively.

Training Datasets. We utilize the ESIM (Rebecq, Gehrig,
and Scaramuzza 2018) multi-object 2D renderer option to
generate a synthetic training dataset. This renderer captured
multiple moving objects within the 2D motion range of the
camera. The dataset consists of 280 sequences, each with
a duration of 10 seconds. The contrast threshold for event
generation ranged from 0.1 to 1.5. Each sequence includes
generated event streams, ground truth video frames, and
optical flow maps, with an average frequency of 51 Hz. The
resolution of both the event camera and frame camera is
256 x 256. These sequences encompass up to 30 foreground
objects with varying velocities and trajectories, randomly
selected from the MS-COCO dataset (Lin et al. 2014).
Testing Datasets. We compare the video quality of event
stream reconstruction on three publicly available training
datasets: HQF (Stoffregen et al. 2020), IJRR (Mueggler
et al. 2017), and MVSEC (Zhu et al. 2018).

Evaluation Metrics. In order to quantitatively evaluate the
structural quality of video reconstruction, we follow the
approach of E2VID and use the following commonly used
metrics: Mean Squared Error (MSE), Structural Similarity
Index (SSIM) (Hore and Ziou 2010), and Learned Percep-
tual Image Patch Similarity (LPIPS) (Zhang et al. 2018).
Evaluation Methods. In our comparative analysis,
we evaluate the performance of EventMamba against
multiple cutting-edge techniques in the field, namely
FireNet+ (Scheerlinck et al. 2020), E2VID+ (Stoffregen
et al. 2020), ET-Net (Weng, Zhang, and Xiong 2021),
SPADE-E2VID (Cadena et al. 2021), EVSNN (Zhu et al.
2022), and HyperE2VID (Ercan et al. 2024).

Quantitative Comparison

Table 1 showcases the quantitative comparison results be-
tween our proposed EventMamba network and previous



Method HQF URR MVSEC
MSE] SSIMT  LPIPS] | MSE] SSIMT  LPIPS| | MSE] SSIMT __ LPIPS]

E2VID+ 0.036 0.533 0.252 0.055 0518 0.261 0.132 0.264 0514
FireNet+ 0.041 0.471 0.316 0.062 0.464 0.318 0.218 0.212 0.569
SPADE-E2VID 0.077 0.400 0.486 0.079 0.462 0.422 0.138 0.266 0.589
EVSNN 0.065 0.424 0.502 0.093 0.413 0.531 0.149 0.253 0.576
ET-Net 0.035 0.558 0.274 0.053 0.552 0.296 0.115 0315 0.493
HyperE2VID 0.033 0.563 0.272 0.047 0.569 0.278 0.096 0.319 0.489
EventMamba 0.031 0.575 0.261 0.039 0.586 0.254 0.073 0.328 0.475

Table 1: Comparison on HQF, IJRR and MVSEC Datasets. Best and second best indexs are marked in bold and underline.

Config. (a) (b) (©) (d) (e) Ours Params (M) Times (ms)
RWO X v v v X v FireNet+ (L) 0.04 11.8

HSFC v Hilbert Trans X X v FireNet+ (H) 0.04 47.73
MSE | 0.048  0.041 0.041 0.045 0.049 0.039 E2VID+ (L) 10.71 14.55
SSIMt | 0.562 0582 0.581 0.574 0.559 0.586 E2VID+ (H) 10.71 81.82
SPADE (L) 11.46 24.09
Table 2: Ablation study on network structures on IJRR. SPADE (H) 11.46 210.45
ET-Net (L) 22.18 36.36
ET-Net (H) 22.18 1.85(s)
methods. In terms of MSE and SSIM values, our Mamba HyperE2VID (L) 10.15 16.54
network surpasses all existing event-based video recon- HyperE2VID (H) 10.15 12693
. R . Ours (L) 11.21 18.82
struction networks. Regarding the LPIPS metric, our pro- Ours (H) 1121 136.14

posed method also outperforms the majority of existing ap-
proaches. However, there is a slight decrease compared to
the E2VID+ method in the HQF dataset. Our EventMamba
demonstrates superior performance in MSE, SSIM, and
LPIPS metrics, achieving state-of-the-art results across mul-
tiple datasets. Additionally, our EventMamba model shows
greater computational efficiency than Transformer based
method ET-Net, with detailed findings available in the Ab-
lation Studies and Analysis.

Qualitative Comparison

Figure 3 demonstrates the qualitative reconstruction results
of our EventMamba and all baseline methods on images
from video clips of the HQF, IJRR, and MVSEC datasets.
Ground Truth (GT) video frames are also presented for
comparison. It is observed that the frames reconstructed by
FireNet+ and E2VID+ lack accuracy in brightness, leading
to an inferior overall visual quality of the images. The recon-
struction outcomes of ETNet and HyperE2VID are visually
more appealing than those of FireNet+ and E2VID+, ren-
dering a more lifelike scene. In contrast, our EventMamba
further enriches the final reconstruction with more intricate
details, whilst mitigating common artifacts seen in E2VID+.
Furthermore, the image contrast of our reconstructed frames
closely matches that of the GT images. These qualitative
results corroborate the data presented in Table 1. To fur-
ther support our comparative analysis, we capture a series of
high-definition video sequences using the Prophesee EVK4
camera. Figure 4 showcases a series of comparison images.
EventMamba delivers superior visual outcomes, exhibiting
fewer artifacts than other methods.

Ablation Studies and Analysis

Our ablation experiments are conducted on the IJRR dataset
unless otherwise specified. More ablation studies and analy-
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Table 3: Computational complexity of different networks.

sis are presented in the supplementary materials.
Investigation of RWOMamba and HSFCMamba. To ex-
plore the impact of RWOMamba and HSFCMamba on ex-
perimental outcomes, we design several experimental con-
figurations to validate the efficacy of the proposed meth-
ods, as shown in Table 2. We investigate different config-
urations including changing the window partition strategy
in RWOMamba to fixed window partition (Config. (a)), us-
ing the Hilbert curve scan alone (Config. (b)), using the
trans-Hilbert curve scan alone (Config. (c)), and the Py-
torch reshape function scanning (Config. (d)). Config. (e)
involves using fixed window partition along with the Py-
torch reshape function scanning. The experimental results
demonstrate that both RWOMamba and HSFCMamba con-
tribute to significant performance improvements compared
to the baseline configurations. These findings validate the
effectiveness of our proposed methods in capturing and pre-
serving spatio-temporal dependencies in event features, ulti-
mately leading to enhanced outcomes in the EBVR task.
Comparison of Computational Complexity. To verify the
efficiency of our network, we analyze its computational
complexity compared to other approaches, focusing on the
total number of parameters and inference time on a 3090
GPU. To make our comparison more meaningful, we select
resolutions of two common types of event camera sensors
currently in use: low resolution 346 x 240 (L) and high res-
olution 1280 x 720 (H). Our experimental results are pre-
sented in Table 3. In the table, the model’s parameter count
is measured in millions (M), and inference time in millisec-
onds (ms). From Table 3, it is clear that our method strikes a
good balance among computational complexity and perfor-
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SPADE-E2VID

ET-Net EventMamba GT

Figure 3: Qualitative comparisons on three benchmarks from HQF (row1-2), IIRR (row3), and MVSEC (row4).

SPADE-E2VID

EventMamba

Figure 4: Qualitative comparisons on sequences captured by
the Prophesee EVK4 camera.

mance. On one hand, compared to Transformer-based meth-
ods such as ET-Net, our method not only has half the param-
eters but also significantly reduces inference time when pro-
cessing large-size inputs of 1280 x 720. On the other hand,
compared to CNNs-based methods, our approach achieves
substantial performance improvements with only a slight in-
crease in computational costs, demonstrating the superiority
of our proposed method.

Investigation of Base Channel. We further analyze the ef-
fect of the base channel C' within our network on the final
outcomes. Quantitative comparisons with other methods are
displayed in Table 4. The results demonstrate that setting the
network’s base number C' to 24 yields the highest perfor-
mance compared to all prior methods. While increasing the
base number beyond 32 offers some metric improvements,
the gains begin to plateau. Consequently, we opt for a base
channel of 32 to balance performance and efficiency.
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Network Params (M) MSE] SSIMt
FireNet+ 0.04 0.062 0.464
E2VID+ 10.71 0.055 0.518
SPADE-E2VID 11.46 0.079 0.462
ET-Net 22.18 0.053 0.553
HyperE2VID 10.15 0.047 0.569
Ours (8) 0.70 0.063 0.493
Ours (16) 2.61 0.057 0.532
Ours (24) 5.86 0.047 0.568
Ours (32) 11.21 0.039 0.586
Ours (48) 22.06 0.039 0.587

Table 4: Ablation study on the number of base channels in
terms of MSE/SSIM.

Conclusion

In this paper, we critically analyze the shortcomings of
existing vision Mamba models in addressing Event-Based
Video Reconstruction (EBVR) tasks. To better adapt vi-
sion Mamba models to the specific characteristics of EBVR
tasks, we propose random window offset (RWO) and Hilbert
space filling curve (HSFC) strategies in the spatial and tem-
poral domains, respectively. Specifically, in the spatial do-
main, we replace fixed window partitioning during train-
ing with randomly offset window partitioning to ensure
translation invariance. In the temporal domain, we employ
Hilbert/trans-Hilbert scanning strategies for serialization to
maintain the spatio-temporal locality of events. Based on
these strategies, our proposed EventMamba model demon-
strates outstanding performance on multiple datasets and
achieves significant improvements in computational speed
compared to Transformer-based models.
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