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Figure 1. Our hybrid event—-RGB reconstruction framework. (a) Camera Setting: our multi-view capture rig synchronizes high-
resolution RGB cameras with event sensors at fixed viewpoints, enabling consistent cross-view observations of fast, large-amplitude
motion. (b) Reconstruction Results: compared with 4DGS, our method produces sharper geometry and more stable appearance under

high-speed motion by leveraging event-driven temporal cues.

Abstract

High-speed dynamic scene reconstruction enables free
viewpoint replay in sports, filmmaking, and virtual real-
ity applications. Recent neural rendering approaches have
achieved impressive results in general scene reconstruc-
tion. However, these approaches struggle with fast motion
when the inputs come from low-frame-rate RGB cameras.
In such cases, motion blur and inter-frame gaps result in
the loss of fine temporal details, compromising the effec-
tiveness of the system. Existing event-based methods can
capture high-speed dynamics with microsecond precision.
Yet, they are limited by the low resolution and narrow field
of single-sensor setups, restricting them to object-level or
synthetic scenes. To overcome these limitations, we pro-
pose a high-resolution hybrid capture system in which syn-
chronized RGB cameras are paired with co-located event
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sensors to record room-scale dynamic scenes. This design
preserves fine spatial detail while maintaining a microsec-
ond temporal response. In addition to the hardware, we
introduce two algorithmic components to improve recon-
struction quality. First, an event-guided optimization adap-
tively selects key frames and emphasizes regions with fast
changes. Second, a flow-based loss further aligns event and
image cues to enhance structural consistency and rendering
fidelity. We also introduce a dataset of synchronized, high-
resolution RGB and event streams across diverse, high-
speed indoor scenes. Our system can reconstruct motions
of up to 5 m/s and produces sharper, more stable render-
ings than existing neural or event-based baselines.



1. Introduction

4D reconstruction is a critical task in the field of 3D vision.
It involves creating a renderable, time-varying 3D represen-
tation from multiple video inputs. One of its main chal-
lenges is reconstructing fast motion, which has broad appli-
cations in sports analysis, action movies, VR/AR, etc.

In recent years, neural rendering—based methods [17,
22, 41, 42, 44, 46, 50] have achieved remarkable results
in 4D reconstruction. These approaches typically model a
scene by learning implicit radiance fields or explicit Gaus-
sian set, by render them differentiably to match multi-view
images across time. Despite their impressive fidelity, they
inherently rely on temporally consistent and photometri-
cally sharp image supervision. As shown in Fig. 1, when
dealing with fast, non-linear motions, low-frame-rate RGB
cameras lose important information between frames.This
causes these methods to fundamentally fail. Using high-
speed camera arrays can solve this problem to a large ex-
tent. However, such setups are expensive and require a lot
of bandwidth, which limits their practical use.

Inspired by the human visual system, event sensors [2,
38] asynchronously record per-pixel brightness changes
with microsecond latency, producing temporally dense yet
spatially sparse signals. Event camera captures rapid mo-
tion without blur and provide fine-grained temporal cues
complementary to RGB images. Recent works [8, 24, 36,
45, 54] show that integrating event and RGB modalities no-
tably enhances 4D Gaussian Splatting, enabling accurate
motion recovery in high-speed scenes.

However, existing event-assisted 4D reconstruction
methods suffer from two key limitations that restrict high-
quality and high-resolution results. (1) Sparse monocular
observations. Most approaches [24, 45, 54] rely on a single
DAVIS camera combining RGB and event sensors, where
the camera moves around the subject to collect multi-view
data. For large-scale or deformable targets such as humans,
this dynamic monocular setup yields spatially and tempo-
rally sparse signals, making it difficult to constrain com-
plex shapes, while camera motion under non-uniform light-
ing often introduces noisy events. (2) Low sensor resolu-
tion. Multi-camera systems [8, 36] partially alleviate spar-
sity but remain limited by the low resolution of DAVIS sen-
sors (346 x 260). Although such setups can capture correct
motion in high-speed scenes, their low fidelity and resolu-
tion still prevent deployment in real-world applications.

To advance high-quality and high-resolution 4D recon-
struction in real-world high-speed scenes using event cam-
era, we build a Hybrid RGB-Event Multi-View System.
Compared with previous setups based on DAVIS sensors,
our system employs three high-quality 4K RGB cameras
and two high-resolution event cameras (i.e., Prophesee sen-
sor with 720 x 1280 resolution) to capture dynamic motions.
As shown in Fig. 1, the high-resolution imaging enables us

to capture complex and challenging human motion such as
dancing with fine spatial details. However, unlike DAVIS-
based systems where each view provides temporally and
spatially aligned RGB-event pairs, our hybrid setup cap-
tures either RGB or event signals per view. This design
offers higher spatial resolution but also poses challenges for
cross-modal alignment and fusion during reconstruction.

To achieve high-quality 4D reconstruction with our hy-
brid RGB-Event multi-view system, we introduce two key
algorithmic improvements. (1) Cross-modal motion repre-
sentation via optical flow. We were inspired by how opti-
cal flow captures motion continuity across time, which is
a natural bridge between event streams and RGB frames.
Instead of directly enforcing event-based intensity consis-
tency, we reimagine events as a flow field that describes how
pixels move. By warping high-quality RGB frames through
this flow, the event signals become a dynamic cue guid-
ing motion recovery across time. This cross-modal repre-
sentation connects sparse event dynamics with dense visual
appearance, allowing motion to emerge in a more coher-
ent and physically intuitive way. (2) Event-aware schedul-
ing. We draw inspiration from how human perception nat-
urally attends to motion: our eyes instinctively focus on re-
gions of rapid change. Similarly, we let event activity guide
where the model should pay more attention: when the scene
moves fast, dense event bursts signal important motion cues.
By letting supervision adapt to these dynamics, the model
learns to emphasize high-velocity regions, capturing motion
with sharper temporal fidelity.

We also release a dataset pairing 4K RGB videos
with 1K event streams across 6 indoor scenes of five to
twelve seconds. On this real-world dataset, our approach
reconstructs photorealistic appearance under fast, large-
amplitude motion, yielding sharper boundaries and fewer
floating artifacts than existing neural rendering baselines.

In summary, we make the following contributions:

* We propose the first hybrid Event—-RGB multi-view sys-
tem for high-speed 4D reconstruction and view synthesis.

* We develop a key-frame partitioning scheme and a flow-
based loss that enables deformable 3D Gaussians to in-
corporate microsecond-level motion cues.

* We provide a public dataset that pairs 4K RGB videos
with real event streams for challenging, room-scale dy-
namic scenes.

» Extensive experiments demonstrate sharper and more co-
herent renderings of fast motion than existing neural ren-
dering approaches.

2. Related work

3D Scene Reconstruction. Traditional 3D scene represen-
tations can be categorized into matching-, point-, voxel-,
and mesh-based approaches. Matching-based methods [27,
39] extract keypoints from adjacent frames and triangulate



them into sparse point clouds. Point-based methods [I,
14, 34] leverage multi-view stereo to estimate dense depth,
but independent points often lead to local holes and incom-
plete geometry. Voxel-based representations [10, 12, 18] di-
vide the scene into fixed-shape volumetric grids to maintain
structural integrity, yet suffer from feature mixing across
neighboring voxels. Mesh-based approaches [3, 6, 9, 40] re-
fine voxels into adaptive triangular surfaces, enabling more
detailed and topology-aware modeling. Recent neural ren-
dering techniques shift to continuous representations. Neu-
ral Radiance Fields (NeRF) [25, 29] optimize MLPs with
volumetric ray marching for high-quality novel view syn-
thesis. 3D Gaussian Splatting (3DGS) [12] introduces an
explicit formulation using a set of anisotropic 3D Gaussians
that jointly model geometry and appearance. While these
methods perform well for static scenes, extending them to
dynamic scenes remains challenging due to fast motion, oc-
clusion changes, and temporal consistency issues.
Dynamic Novel-View Synthesis. Dynamic 3D reconstruc-
tion and temporally coherent novel view synthesis remain
difficult problems, particularly when scenes exhibit com-
plex or fast motion. A common strategy in recent literature
is to capture the scene using multiple synchronized cameras,
providing per-frame multi-view observations for supervi-
sion [7, 19, 22, 24, 31, 35, 41, 44, 47, 50, 53]. These sys-
tems typically build upon a static 3D representation—such
as NeRF [25] or 3D Gaussian Splatting (3DGS) [12]—and
introduce an explicit motion model to account for temporal
changes. The motion component can take various forms,
including neural deformation fields [23, 30, 49], factor-
ized space-time planes [37, 44], polynomial parameteri-
zations [20], or Fourier-based motion bases [11]. Despite
their differences, these approaches generally treat each time
step independently, making it difficult to capture smooth
temporal evolution or reconstruct high-frequency dynamics,
which are essential for accurate modeling of rapid motion.
Existing multi-camera capture rigs for 4D scenes are
also constrained by their low frame rates (e.g., 15-30
FPS [5, 17, 21]), making it difficult to reconstruct high-
speed motions. To achieve higher temporal resolution with-
out increasing system complexity, recent works have begun
exploring event cameras, whose microsecond-level tempo-
ral density makes them a promising direction for capturing
fast, dynamic 4D scenes.
Event-based Novel-View Synthesis.

Event cameras offer microsecond temporal resolution
and extremely high dynamic range, making them effective
for mitigating motion blur and saturation in frame-based
capture. Recent methods use event streams to enhance
static 3D reconstruction: E-NeRF [13] imposes event-
generation consistency on NeRF, while E2NeRF [31] and
Ev-DeblurNeRF [4] leverage the EDI model [28] to recover
sharp latent frames for pose and radiance optimization.
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In explicit representations, EvaGaussians [52], EaDeblur-
GS [43], and DiET-GS [16] inject event-driven temporal
priors into 3D Gaussian Splatting to refine motion, event
consistency, and appearance. Overall, these studies demon-
strate that event signals provide strong physical constraints
that substantially improve temporal sharpness and geomet-
ric stability under challenging conditions.

For dynamic scenes, event signals have recently been
incorporated into 4D reconstruction pipelines. Several
works [8, 24, 36, 45, 54] combine RGB and event modali-
ties within 4D Gaussian Splatting frameworks to better cap-
ture fast motion, typically by using monocular [24, 45, 54]
or multi-camera [8, 36] DAVIS setups to provide tempo-
rally dense constraints. However, these systems still rely on
low-resolution event sensors and constrained capture con-
figurations, which limit the achievable reconstruction qual-
ity and practical applicability. In contrast, we introduce a
high-resolution, hybird RGB-Event multi-view system to-
gether with a tailored reconstruction framework that fully
leverages event cues for motion-aware Gaussian modeling.

3. Method

3.1. Preliminaries

Event Camera Model. Event camera monitors per-pixel
changes in the logarithmic image intensity. Instead of
recording full image frames, each pixel triggers an event
whenever the change in log-brightness exceeds a contrast
threshold C'. For a pixel located at x, an event e = (x,t,p)
is fired at time ¢ with polarity p € {—1, +1} when
L(x,t) — L(x,t — At) = pC, (1)
where At denotes the time since the previous event at the
same pixel. The sensor thus produces a sparse but highly
temporally resolved stream of events, each indicating the
sign and timing of local brightness changes rather than ab-
solute intensities. For clarity, we denote by ey ; the event
observed at position x and time .
4D Gaussian Splatting. We follow the 4D Gaussians
framework [44] to represent dynamic scenes. Instead
of defining Gaussians directly in a 4D space, 4D Gaus-
sians maintains a canonical set of 3D Gaussians G and
models motion via a learned deformation field. Given a
timestamp ¢, a spatio—temporal encoder H(G,t) extracts
multi-resolution 4D features for each Gaussian G € G,
and a Gaussian deformation decoder D predicts its time-
dependent deformation: AG = D(H(G,t)). The posed
Gaussian at time ¢ is then computed as: G’ = G + AG,
where AG includes offsets of the Gaussian attributes (posi-
tion, scaling, rotation, and SH coefficients).
Finally, the deformed Gaussians {G’} are rendered via
standard differentiable Gaussian splatting. Given a pixel
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Figure 2. Overview of 4D E-SloMo. Left:To achieve better reconstruction quality, 4D E-SloMo first performs adaptive segmentation of
the input mixed-stream data based on the characteristics of the event signals, while preserving temporal alignment. Right: We first train
a deformable set of 4D Gaussians using only RGB data, and then guide the color space by converting events into EVS-view optical flow,

enabling high-frame-rate and sharp reconstruction of fast motion.

(u, v) at time ¢, the rendered color is

Zal w;(u, v, t) cl(t)H (1—cj wj(u,v,1)),

j<i
2
where w;(u, v, t) is the projected Gaussian weight at pixel
(u,v), o is its opacity, and ¢; () is its time-dependent color
predicted by 4D spherical harmonics.

uvt

3.2. Overview

The input to our system consists of hardware-synchronized
multi-view RGB images {C*};', and event streams
{E¥} 2, captured by K RGB cameras and K event cam-
eras. For each timestamp ¢, the k-th observations are de-
noted as C*(t) and E*(t). Unlike DAVIS-style setups, our
hybrid system provides either RGB or event data at each
view rather than spatially aligned RGB—event pairs. This
design removes the need for per-pixel cross-modal align-
ment and allows us to employ high-resolution RGB and
event sensors, enabling higher imaging quality.

Standard RGB cameras operate at low frame rates (e.g.,
30FPS), causing rapid motion to exceed their temporal
sampling capacity and leading to severe loss of fine geomet-
ric details. In contrast, event cameras offer microsecond-
level motion cues, while RGB cameras provide high-quality
appearance. Our goal is to reconstruct a temporally dense
4D representation that recovers these missing details by
jointly leveraging the complementary strengths of RGB and
event modalities in our hybrid system.

The overall pipeline is illustrated in Fig. 2. Our method
integrates RGB and event observations through three com-

46

plementary components, each addressing a different chal-
lenge in reconstructing fast 4D dynamics:

* Motion-Aware Partitioning (Sec. 3.3) Event streams en-
code instantaneous motion magnitude. We exploit this
property to partition the input sequence into motion-
consistent segments, where each segment can be reliably
represented by a single 4D deformation field. This pre-
vents a model from being forced to explain overly large or
highly non-linear motion within one deformation space,
avoiding tearing, drift, and excessive smoothing artifacts.

¢ Flow-based Event Loss (Sec. 3.4) RGB and event cam-
eras capture complementary cues: RGB provides high-
quality appearance, while events offer microsecond-level
temporal information. To leverage this, we convert short
event windows into dense optical flow using a two-
stage pipeline: (1) a recurrent E2VID module that re-
constructs latent event-conditioned intensity frames, and
(2) a lightweight video optical-flow estimator comput-
ing flow between consecutive latent frames. The result-
ing event-derived flow enables backwarping sharp event-
driven frames to RGB timestamps, providing direct pho-
tometric supervision for blurred RGB views without rely-
ing solely on log-intensity or structural event losses that
are inherently ill-posed.

* Progressive Event-based Optimization (Sec. 3.5) Train-
ing a full spatio-temporal 4D Gaussian model from
scratch is unstable under rapid motion. We therefore
adopt a coarse-to-fine optimization strategy: we first learn
a stable static appearance prior using RGB supervision,
and then gradually introduce temporal parameters and
event-based losses to refine motion trajectories and re-



cover high-frequency dynamic details. This progressive

schedule avoids early overfitting to noisy event recon-

structions and ensures stable 4D convergence.

Together, these components form an end-to-end recon-
struction framework capable of producing photorealistic
and temporally coherent 4D reconstructions of extremely
fast motions.

3.3. Motion-Aware Partitioning

A single 4D deformation field can model only a limited
range of motion. When motion within a temporal win-
dow becomes too large or highly non-linear, the canonical
scene must stretch excessively, leading to tearing or over-
smoothed geometry [48]. To ensure that each 4D volume re-
mains within its expressive range, we partition the sequence
into motion-consistent segments.

Event-driven segmentation. Event activity directly re-
flects motion magnitude: rapid motion produces dense
event bursts, while slow motion results in sparse activity.
For each candidate segment, we track an aggregated event
representation E(¢) and evaluate both the instantaneous mo-
tion (event count in a short window) and the accumulated
motion span across the segment. When a weighted combi-
nation of these quantities exceeds a threshold 7', the seg-
ment is terminated and a new one begins.

Canonical keyframe selection. 4D Gaussian Splatting
models motion relative to a canonical timestamp. For a
segment containing frames {7;}, we identify the canonical
time as the one whose event representation is closest to the
segment-wide “event mean.” For each 7;, we compute a to-
tal event deviation

Vi=Y_ |Em) -E@)l,,

j#i

3)

where E(7) denotes the accumulated event map at times-
tamp 7. The canonical timestamp is chosen as 7 =
arg min,, V;, which minimizes the deformation magnitude
required to explain the segment.

Boundary smoothing. To avoid visible seams across seg-
ments, Gaussians near segment boundaries are duplicated
with shared latent features, and temporal smoothness regu-
larization is applied to their deformation parameters.

3.4. Flow-based Event Loss

RGB frames are too sparse in time to describe fast motion:
large displacements may occur between two consecutive
RGB timestamps, making interpolation ambiguous. Events
fill in these temporal gaps, but their measurements differ
in contrast and brightness from RGB, making direct inten-
sity matching unreliable. Instead of enforcing event—-RGB
intensity consistency, we convert event streams into dense
optical flow and use this flow to align event-derived “clear”
snapshots to RGB timestamps.
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Event-to-flow conversion. A short event window is first
processed by an E2VID-style recurrent network [32], pro-
ducing an intermediate intensity snapshot fev(t) that pre-
serves spatial structure suitable for motion estimation, even
though its absolute brightness does not match RGB. To ob-
tain dense motion consistent with RGB appearance, we es-
timate optical flow using a DOT-inspired formulation [15],
modified to operate on consecutive event snapshots. This
yields a high-temporal-resolution flow field F¥(t; — t5) €
R? , which represents the pixel displacement observed by
event camera k from time ¢; to t5. This flow captures high-
temporal-resolution motion without relying on RGB input.
Flow-guided event warping. Let C*(t) denote the RGB
observation of camera k at an RGB-valid timestamp ¢. For
event views (which do not provide RGB), we obtain their
corresponding RGB appearance at timestamp ¢ from our
Stage 1&2 reconstruction pipeline (Sec. 3.5), denoted as
C*(t). Let I¥ (t') be the nearest event-derived snapshot in
the same view, where ¢’ lies between two RGB timestamps
and thus provides additional fine-scale motion information.
We estimate an event-only optical flow F¥(¢ — #') that de-
scribes the pixel displacement from time ¢ to the event time
t’. To propagate the RGB-based appearance to the event
timestamp ¢', we apply a warping operator W (-) based on
the predicted flow:

Cht)=w(CHw), Fre— ). )
The warped image C¥ (t') represents the scene appear-
ance at time ¢’ according to the microsecond-level mo-
tion encoded by the event stream. It therefore provides a
temporally dense supervision signal for the rendered color
C*(u,v,t') of the 4D Gaussian model.
Event-based photometric supervision. Given the ren-
dered color C*(u,v,t') from the 4D Gaussian model
(Eq. 2), we supervise it using the event-warped appearance
Ck (') obtained in Eq. 4. The flow-based reconstruction
loss is defined as: Laow = [|C*(u,v,t') — C%,(#')||,. This
formulation uses events solely as a motion cue: events pro-
vide dense temporal dynamics, while RGB provides reliable
appearance. By supervising the rendered color only through
the flow-aligned snapshot, we avoid any reliance on event
intensity or contrast assumptions and obtain a clean, tem-
porally aligned photometric signal for 4D reconstruction.

3.5. Progressive Event-based Optimization

Directly optimizing a fully dynamic 4D Gaussian model
from scratch is unstable: early iterations suffer from inac-
curate color, weak geometry, and noisy temporal gradients
that amplify event noise rather than true motion. To stabi-
lize training, we adopt a progressive strategy that first builds
a clean RGB-based appearance model, then gradually intro-
duces temporal resolution and event-guided supervision.



Stage 1: Static RGB initialization. We begin by training
a purely static 3D Gaussian scene using all RGB frames,
with no temporal deformation enabled. The objective is an
L7 photometric loss:

Lygh = Z HCk(u,v,t) —C’k(u,v,t)’

kst (u,v)

L

which establishes reliable geometry and appearance.
Stage 2: RGB-only deformation learning. Next, we ac-
tivate the deformation field but restrict training to RGB
timestamps. This stage allows Gaussians to learn per-frame
appearance variations and initializes a reasonable motion
space without any event supervision. The loss remains iden-
tical to Eq. 5.
Stage 3: Temporal densification and event-guided re-
finement. We then insert intermediate timestamps obtained
from our motion-aware partitioning (Sec. 3.3) and duplicate
Gaussians to initialize their parameters. At this stage, RGB
supervision alone becomes sparse, so we incorporate two
event-driven losses:

(1) Structure-only SSIM loss. To stabilize appearance at
inserted timestamps, we use a structure-only SSIM loss:

Lstruct = Z [1 —SSIM(Ck(u,v,t), CA"C(uw,t))}7 6)

koot (u,v)

which encourages consistent local structure while remain-
ing robust to brightness differences between RGB and
event-derived images.

(2) Event-based flow loss. Using the flow-guided warp-
ing defined in Sec. 3.4, we enforce:

»Cﬂow = Z HCk(u,U,t/) - Cfv(u7v7tl)’|1v

k,t' (u,v)

)

providing microsecond-level temporal alignment unavail-
able from RGB.

(3) Spatio-temporal TV regularization. To suppress
flicker and stabilize the deformation over time, we apply
a spatio—temporal total variation term:

Low=3" \JIVesCFu,0,0)[3 + B2 [V CF(u,0,0)[3.
k,t,(u,v)
(3

Final objective. The total training loss is:
»Cﬁnal = »Crgb + )\struct »Cstruct + )\ﬁow Eﬁow +>\tv »Ctv~ (9)

This progressive schedule ensures that RGB establishes
clean geometry and appearance before event signals are in-
troduced, resulting in stable and temporally consistent 4D
reconstructions even under extremely fast motion.
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4. Experiments

4.1. Datasets

To address the absence of a public multi-view RGB-EVS
video dataset, we establish complementary benchmarks in
real-world environments for comprehensive evaluation. Our
capture rig consists of three frame-based RGB cameras
and two event cameras, with the event sensors interleaved
among the RGB viewpoints (Fig. 4). The RGB cameras
record raw images at 4000 x 3096 resolution, later resized
to 1280 x 720, while the Prophesee event sensors output
high-resolution polarity streams at 1280 x 720. All devices
are synchronized via a global hardware trigger, and a single
host PC controls every sensor to ensure tight timing. The
RGB cameras operate at 30 FPS. To minimize illumination-
induced event noise, we darken the studio and illuminate
the scene using two controlled, front-facing LED panels.
We capture 6 sequences of roughly 10s each, focusing on
fast human dance motions.

RGB intrinsics and extrinsics are estimated per camera
using OpenCV stereo calibration with a classical chess-
board pattern. For event cameras, which do not produce
standard intensity images, we follow the e2calib proce-
dure [26]: moving-chessboard event streams are first con-
verted into grayscale frames and then calibrated using the
same pipeline. We further denoise the event streams by ap-
plying a Background Activity Filter (BAF), removing iso-
lated events lacking spatio—temporal support. An event is
retained only if it has at least two neighbors of the same po-
larity within a spatial radius of » = 3 pixels and a temporal
window of At = 30 us.

4.2. Implementation Details

Initialization. Under sparse viewpoints, we initialize a 3D
Gaussian representation with NoPoSplat [51]. NoPoSplat
takes two RGB images and their relative pose as input and
directly infers a 3D Gaussian set. We select the pair of tem-
poral keyframes with the largest baseline (maximum rela-
tive displacement) among available RGB frames, and feed
this pair to NoPoSplat. The resulting dense set of 3D Gaus-
sians is uniformly subsampled, yielding a subset that serves
as our initialization for subsequent training.

Training Details. The entire three-stage schedule con-
verges in ~ 4 hours on a single RTX A800 for a scene
containing 50 k Gaussians. For experiments that require the
contrast threshold of the event camera, we set the value to
0.3 after performing calibration in the brightness domain,
which is slightly higher than the hardware setting. The over-
all loss consists of a RGB reconstruction loss, a flow-based
loss, a structure only SSIM loss and a total variation regu-
larization term, weighted by Argp, = 1.0, Agow = 1.0, Agtruct
=0.005 and A, = 0.005.
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Figure 3. Qualitative results on real dataset.

Table 1. Quantitative comparisons on real dataset. Higher PSNR-ROI/PSNR/SSIM and lower LPIPS are better.

Real sequences

Methods \ K-pop 0 \ K-pop 0 (faster part) \ K-pop 1

| PSNR-ROIT PSNR{ SSIM{ LPIPS||PSNR-ROIT PSNRT SSIM{ LPIPS||PSNR-ROIT PSNRT SSIM{ LPIPS|
DynEventNeRF 19.8 23.5 0.60 0.449 18.6 194 0.59 0.448 18.6 29.8 0.60 0.464
4D GS 28.2 31.1 0.81 0.272 26.2 30.3 0.81 0270 26.8 30.2 0.80 0.273
4D Gaussians 31.0 343 0.80 0.266 279 32.7 0.82  0.267 29.7 33.0 0.82  0.265
4D Gaussians,,; g 30.8 34.1 0.78 0.264 28.3 32.9 0.81 0.266 29.5 33.0 0.83  0.255
Ours 324 36.0 0.83 0.257 30.7 354 0.83 0.260 313 344 0.84 0.254
Methods \ K-pop 2 \ Contemporary (blue dress) \ Contemporary (pink dress)

| PSNR-ROIT PSNRT SSIM{ LPIPS||PSNR-ROIT PSNRT SSIM{ LPIPS||PSNR-ROIT PSNRT SSIM{ LPIPS|
DynEventNeRF 19.8 22.4 0.61 0.447 12.6 14.4 0.58 0.349 fail
4D GS 26.2 30.1 0.80 0.271 242 26.8 0.80  0.252 24.8 27.8 0.79  0.285
4D Gaussians 28.9 32.7 0.83  0.255 254 27.6 0.82  0.240 27.0 29.5 0.82 0274
4D Gaussians,,/ g 29.7 334 0.82  0.256 25.6 27.9 0.83 0.245 27.0 29.6 0.79 0.268
Ours 31.1 34.6 0.88 0.248 26.1 28.2 0.82  0.240 27.6 30.0 0.83 0.268

4.3. Metrics

We evaluate reconstruction quality using PSNR, SSIM, and
LPIPS. Given that our primary focus is the fidelity of dy-
namic motion, we additionally report PSNR-ROI, a region-
of-interest variant that measures reconstruction accuracy
specifically within motion areas.

Our real-world dataset is captured at 30 FPS. For train-
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ing, we subsample the sequences to 15 FPS, while the in-
terleaved frames are held out as unseen ground truth. This
setup allows us to directly assess the model’s ability to re-
construct motion at frames it has never observed, without
temporal leakage.



Figure 4. Our hybrid RGB-Event multi-view capture system.

4.4. Baselines

We evaluate two baseline families under identical train-
ing and evaluation settings. First, for event-based base-
line, we adopt DynamicEventNeRF[36] as the representa-
tive method, which is the only open-source approach avail-
able for event-based setting. Second, for RGB-only base-
line, we use two representative Gaussian-based 4D recon-
struction methods: 4D Gaussian Splatting (4D GS) [50] and
4D Gaussians[44], and optionally add a naive event supervi-
sion derived directly from the mathematical model of event
camera. Since our goal is RGB-consistent reconstruction,
we do not employ E2VID[32, 33] or other event-to-intensity
pipelines to produce grayscale images for training.

4.5. Comparison

We perform a quantitative comparison in Tab. | and a qual-
itative one in Fig. 3, evaluating our method against sev-
eral state-of-the-art baselines on our capture dataset. In
the K-pop O (Faster part) scenario, which features the most
rapid motion, our method achieves a PSNR-ROI of 30.7,
outperforming all baselines. The closest competitor, 4D
Gaussians with Event Loss, reaches only 28.3 PSNR-ROI,
showing our clear advantage in reconstructing fast motion.
Our event-weighted sampling and motion-aware partition-
ing help focus on rapidly moving regions, boosting recon-
struction quality in high-speed dynamics. Qualitative re-
sults in Fig. 3 confirm these findings: 4D E-SloMo pro-
duces sharper reconstructions with reduced blur, particu-
larly around fast-moving limbs and clothing, whereas base-
lines like 4D GS and 4D Gaussians with Event Loss exhibit
noticeable blur and artifacts.

4.6. Ablation study

We ablate our method on event-weighted sampling, flow-
based loss, and motion-aware partitioning. The quantita-
tive results are presented in Tab. 2. Without the flow-based
loss, the model loses motion consistency supervision, caus-
ing blurred boundaries and temporal misalignment in fast-
moving regions.

50

Table 2. Ablation Study. We investigate the effectiveness of
event-weighted Sampling, flow-based loss, and motion-aware par-
titioning. Each proposed component contributes to the final per-
formance, and the full model achieves the best results on our real
dataset.

Method PSNR-ROIfT SSIMfT LPIPS])
w/o Flow-based Loss 27.53 0.792  0.296
w/0 Motion-aware Partitioning 30.08 0.812  0.267
w/o Event-weighted Sampling 31.45 0.801  0.277
Full 32.46 0.832 0.257

Finally, disabling motion-aware partitioning (i.e., adopt-
ing a unified 4D representation for the entire sequence)
causes the model to underfit scenes with large motion am-
plitude, since a single representation cannot effectively cap-
ture spatially varying motion dynamics once deformation
exceeds its representational capacity. Overall, these re-
sults confirm that both our event-driven supervision and de-
composition strategies are crucial for translating event sig-
nals into coherent 4D motion representations, and all pro-
posed components contribute meaningfully to the final per-
formance.

5. Conclusion

In this work, we introduce a novel hybrid capture sys-
tem for high-speed dynamic scene reconstruction, featur-
ing a flow-based event loss, a motion-aware representation
partitioning strategy, and dedicated training refinements.
Our system is capable of capturing high-fidelity 3D recon-
structions of complex, fast-moving scenes, achieving sub-
millisecond temporal resolution and maintaining manage-
able bandwidth and hardware cost. It achieves superior re-
sults in our real datasets, demonstrating great improvements
in motion detail recovery compared to existing methods.

However, our system still faces several limitations.
While we demonstrate the effectiveness of progressive
training, the scalability of our approach to even larger
scenes and more complex motions remains an open chal-
lenge. Moreover, the accuracy of reconstruction is still de-
pendent on the alignment of the event and RGB cameras,
requiring further optimization for extreme scene deforma-
tions and more diverse environmental conditions. Future
work will focus on improving the robustness of our model
to diverse lighting conditions and enhancing its capability
for real-time applications.
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