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Abstract

Event cameras offer a high temporal resolution over tra-
ditional frame-based cameras, which makes them suitable
for motion and structure estimation. However, it has been
unclear how event-based 3D Gaussian Splatting (3DGS)
approaches could leverage fine-grained temporal informa-
tion of sparse events. This work proposes GPERT, a frame-
work to address the trade-off between accuracy and tem-
poral resolution in event-based 3DGS. Our key idea is to
decouple the rendering into two branches: event-by-event
geometry (depth) rendering and snapshot-based radiance
(intensity) rendering, by using ray-tracing and the image
of warped events. The extensive evaluation shows that our
method achieves state-of-the-art performance on the real-
world datasets and competitive performance on the syn-
thetic dataset. Also, the proposed method works with-
out prior information (e.g., pretrained image reconstruction
models) or COLMAP-based initialization, is more flexible
in the event selection number, and achieves sharp recon-
struction on scene edges with fast training time. We hope
that this work deepens our understanding of the sparse na-
ture of events for 3D reconstruction. https:// github.com/
e3ai/gpert

1. Introduction

Event cameras have attracted increasing attention in com-
puter vision and robotics due to their advantages and capa-
bilities for various tasks [1, 2]. Unlike conventional cam-
eras that record synchronous frames at fixed time intervals,
event cameras respond asynchronously to per-pixel bright-
ness changes with ps resolution [3—5]. This working prin-
ciple makes them highly sensitive to motion, since changes
are due to scene contrast and relative motion.

In parallel, Gaussian Splatting (GS) [6] has emerged as
a state-of-the-art representation for photometric 3D recon-
struction and novel view synthesis (NVS). Since 3D struc-
ture and motion are tightly connected in the generation of
event data, it is paramount to develop 3DGS algorithms that
leverage the event camera’s fine-grained temporal informa-
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Figure 1. Overview of the proposed method, which takes raw
events and poses as input. During the optimization of the 3D Gaus-
sians, rendering is decoupled into two pathways: event-by-event
(temporally dense) depth rendering and spatially dense intensity
rendering. We use the image of warped events to connect these
two pathways to compute both geometric and photometric losses.
The color results are from a synthetic dataset, and the monochrome
results are from two standard, real-world datasets.

tion. Also, thanks to the event camera’s minimal motion
blur and high dynamic range (DR), event-based GS meth-
ods have the potential to overcome some of the limitations
of frame-based GS, such as motion blur and low DR.

Previous approaches in event-based photometric 3D re-
construction (e.g., NeRF [7] and GS) typically perform two
dense renderings per sample (e.g., [8]). The difference
between these two rendered images is compared with the
edge-like image obtained by pixel-wise aggregation of the
event data, resulting in a photometric loss that drives the
3D-Gaussian optimization [8, 9]. However, as this approach
requires dense (all-pixel) scene rendering twice, it not only
slows down the training, but also introduces a fundamen-
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tal limitation: the trade-off between accuracy and tempo-
ral window selection. A short time interval between the
two renderings fails to capture subtle intensity variations
that generate only a few events. Contrarily, a large interval
makes the predicted edge image blurry and discards fine-
grained temporal information in the observed edge. Similar
observations have been made in [10, 11]: a trade-off be-
tween capturing global lighting and local details.

In this work, we fundamentally address these limitations
and introduce the first framework for event-based GS that
renders the dense intensity (radiance) once per sample (i.e.,
a batch of events), while keeping the rendering efficient and
leveraging the high temporal resolution. Our key idea is to
consider dedicated structure and appearance updates in the
GS framework (Fig. 1). A “structure” pathway defines a
geometric loss built on top of Contrast Maximization [12]
by leveraging the known camera motion and the event-by-
event (i.e., sparse) rendered depth. An “appearance” path-
way defines a photometric loss between the instantaneous
brightness change modeled by the rendered dense intensity
and the change measured by the event data.

Our method showcases several advantages through ex-
tensive evaluations. First, it does not rely on any prior
knowledge (e.g., frames or pretrained models for depth and
intensity) or COLMAP [13] for initialization. Second, it
achieves state-of-the-art rendering quality performance on
real-world datasets, where poses and raw events are noisy,
with fast training time (it is faster than the latest methods
that we benchmark [8, 9, 14]). Third, it shows robustness
with respect to the number of events processed per sample,
without compromising accuracy.

In summary, this work presents several distinctive con-
tributions in event-only Gaussian Splatting:

1. The proposed method decouples two different quantities
in 3DGS rendering: the continuous-time spatially sparse
depth, and the instantaneous dense intensity. It addresses
the trade-off between accuracy and temporal resolution
in existing event-based 3D reconstruction methods.

2. The comprehensive evaluation shows state-of-the-art re-
sults on real-world datasets and competitive results in
simulation without relying on any prior knowledge, as
opposed to existing event-based 3DGS methods.

3. The proposed framework connects event-by-event depth
estimation and 3DGS, which is enabled by an efficient
event-by-event ray-tracing implementation.

4. The method achieves the fastest training time among
other tested state-of-the-art methods (e.g., [8, 9, 14]).
We hope that this work unblocks the potential of high tem-

poral resolution event data in 3D reconstruction.

2. Related Work

3D Gaussian Splatting (3DGS) [6] represents the scene
as a collection of anisotropic Gaussian ellipsoids and ren-

ders via differentiable splatting [6]. These methods achieve
high-fidelity NVS with faster rendering and more scalable
training in static and dynamic scenes [15—17] than Neu-
ral Radiance Fields (NeRFs) [7]. While most works fo-
cus on rasterization-based splatting, recently, ray-tracing
approaches have emerged, which inspire our work. No-
tably, 3D Gaussian Ray Tracing (3DGRT) [18] casts rays
against volumetric Gaussian particles, and 3DGUT [19] re-
places Elliptical weighted-average raster splatting with an
Unscented Transform projection of Gaussian particles.

Event cameras have inspired substantial work in recon-
structing 3D geometry and scene appearance, leveraging
motion information from their data modality of high tempo-
ral resolution. Several approaches propose enhanced frame-
based NVS aided by the complementary information in the
event data, e.g., in the presence of fast motion (images with
motion blur) or deformations [1 1, 20-23]. Such approaches
may still suffer from bottlenecks of the frame-based cam-
eras in the system, such as low DR, and inaccuracies in sen-
sor fusion calibration. Instead, event-only methods like our
work focus on unlocking the potential of event cameras.

The key question of event-based NVS methods (NeRF
and GYS) lies in the measurement model: how to compare
the modeled scenes, which typically display absolute in-
tensity rendered at concrete viewpoints and times, to the
acquired event data stream, which measures sparse inten-
sity differences asynchronously at a quasi-continuous col-
lection of times and viewpoints. They seem opposites. The
typical approach in the literature consists in accumulating
events into an image (of intensity increments) and comput-
ing the photometric error with respect to the difference be-
tween two rendered frames at the first and last event times-
tamps. While many event NeRF methods (e.g., [10, 24-26])
and GS methods (e.g., [11, 27-29]) follow such philoso-
phy, they face the trade-off between accuracy and temporal
window selection. Instead of rendering dense images, per-
event loss computation has been proposed in event-NeRF
[14, 30, 31] based on ray-tracing, leveraging event genera-
tion models to directly compare each observed event. How-
ever, these NeRF methods tend to suffer from considerable
event noise in real-world cameras and slow rendering.

Notably, most existing works in event-based GS uti-
lize some prior knowledge. For example, Elite-EvGS [27]
utilizes pretrained event-to-video models for initialization
and regularization. Event-3DGS [32], which jointly es-
timates sensor parameters for better photometric recon-
struction, also uses video reconstruction for initialization.
IncEventGS [9], which is conceived as an incremental
tracking and mapping system (and therefore does not need
camera pose information), uses a depth-pretrained model
for bootstrapping. E-3DGS [33] uses an additional piece
of data to better recover absolute intensity: exposure events
obtained by controlling the camera’s aperture.
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Figure 2. Method overview. Using ray-tracing renderer, we estimate depth for each event and compute the flow with the interpolated poses
(i.e., motion field). Performing event warping produces the image of warped events at ¢mig and computes the contrast loss. We render the
dense intensity (radiance) at tmig and compute the instantaneous brightness increment image, which we use for the photometric loss.

Our work falls into the category of event-only 3DGS
methods, such as Event-3DGS [32] and EventSplat [&],
however, with several significant differences: (7) earlier
work utilize prior knowledge (e.g., the pretrained E2VID
model [34]) for initial intensity recovery or initial 3D Gaus-
sians [9], while ours does not or rely on any prior knowl-
edge, and (i7) we explicitly incorporate geometric and pho-
tometric loss terms in the proposed render-once framework,
which improve robustness with respect to the choice of the
number of events processed, as opposed to using a multi-
window optimization scheme in a two-rendering pipeline
[8, 10]. The idea of using event warping is concurrently
proposed in PAEv3D [25] (NeRF) and EF-3DGS [35] (GS
using both events and frames), however, none of them tackle
event-only GS or realize per-event depth rendering.

3. Methodology

The overview of our framework is shown in Figure 2. The
scene is modeled via 3D Gaussians (Sec. 3.1) compris-
ing structure and appearance parameters that interact with
the event data through the optimization of a weighted loss
function. The loss combines a geometric term that mea-
sures the goodness of fit between the event data and the
modeled apparent motion, and appearance / photometric
terms that measure the goodness of fit between the events
and the brightness increment predicted by the 3D Gaus-
sian scene model. Accordingly, we propose to decouple the

processing in two branches: an event-by-event (i.e., spa-
tially sparse but temporally dense) scene rendering of the
unknown depth for geometric loss computation (Secs. 3.2
and 3.3) and a snapshot-based (i.e., spatially dense but tem-
porally sparse) rendering for the photometric loss (Sec. 3.4).
We use the image of warped events (IWE) [12] to connect
both branches.

3.1. 3D Gaussian Splatting

In the typical 3D Gaussian Splatting (3DGS) setting [6], a
static scene is represented as a set of [V, Gaussians G =
{(py, s, iy ) ﬁigl, where p; € R? denotes the 3D mean
position, 3; € R3*3 the covariance matrix encoding the
anisotropic spatial extent, ¢; € R3 the color and «; € [0, 1]
the opacity. Each Gaussian defines a density function in
space: G;(X; ;%) = e~ 3(X—#1) 27 (X=m:) | The ren-
dered appearance is obtained by projecting these 3D Gaus-
sians into the image plane and blending their contributions
according to visibility and opacity. Projected Gaussians

are at pixel locations p; = 7(u;) and with covariances

)~ JiSJ] where J; = 258

the projection function 7 : R? — R? that maps world coor-
dinates to pixel coordinates. The contribution of each Gaus-
sian to a pixel x is then given by: w;(x) = a;G;(x; pj, X5).

is the Jacobian of

The rendered color for each pixel C(x) is approximated
by alpha compositing along the camera ray with correct or-
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dering and blending based on depth:
C(x) =Y, crwi(x) [[Z1(1—w;(x). (1)

Finally, to obtain a differentiable depth rendering, we as-
sociate each Gaussian with a mean depth value Z; = ej u;
in camera coordinates. The rendered depth D(x) is then
given by the opacity-weighted expectation:

_ Zfil Z; wi(x) Hj<i(1 - wj(x)) .
S wi(x) [Toi(1—wj(x)) + €

3.2. Event-by-event Ray Tracing

D(x)

2

An event camera asynchronously captures visual changes as
soon as the log-intensity L at a pixel x exceeds a threshold
Cthi AL(Xk,tk) = L(Xk,tk) - L(Xk,tk - Atk) = Pk C[h.
Each event ej, = (X, tx, px) specifies the space-time coor-
dinates (x, ;) and polarity p, € {41, —1} of the change.

Events are sparse in pixel space and quasi-continuous
(dense) in time. To fully leverage sparsity, the rendering of
the 3DGS should be sparse rather than image rasterization.
Hence, we propose the framework of event-by-event ren-
dering in the 3DGS pipeline, inspired by recent advances
in ray-tracing GS [18, 19]. The idea that each event should
also carry information about depth, i.e., depth-augmented
events, originates in [36] for the context of SLAM.

For each event ey, we render the corresponding depth
D(xg, tx), which is now a function of both space and time.
To this end, at each timestamp ¢, we compute the inter-
polated camera pose (R(t),T(t;)) and the ray through
the camera’s optical center and pixel x;. Finally, GPU-
accelerated ray tracing enables us to efficiently render
event-by-event depth D = {D(xy,t;)}n<,, as illustrated
in Fig. 3, column (b).

Assuming a stationary scene viewed by a moving camera
with linear and angular velocities V and w, respectively, the
per-event depth D can be used to compute the per-event ap-
parent motion via the motion field equation (Sec. 8.2) [37]:

1
D(x,t)

See the example in Fig. 3, column (d).

v(x,t) = AX)V + B(x)w. 3)

3.3. Geometric Loss

To guide the estimation of the 3DGS parameters, we con-
sider a geometric loss that is computed in an unsuper-
vised manner following the Contrast Maximization (CMax)
framework [12] that is widely used for various motion es-
timation tasks [38—47]. Under the brightness constancy
assumption, events £ = {ek}kNil are caused by moving
edges and can be motion-compensated by a warping op-
eration if their motion is known: & = {ej o, where
e, = (X}, trer, i), at a reference time tr. We formulate

G e &

(a) Dense depth  (b) Sparse depth  (c) Dense flow

(d) Sparse flow

Figure 3. Visualization of dense/sparse depth and optical flow.
Sparse depth and optical flow are not simply obtained by masking
the dense counterparts, but by actual event-by-event ray tracing
(Sec. 3.2). Top: using real events (EDS). Bottom: using synthetic
events. The flow color notation is specified in Fig. 2.

the warp using the spatio-temporal optical flow v(x, t) [48],
which in the 3DGS setting can be obtained using (3),

x% =X + (tk - tref) V(Xk7 tk)' @

Then, the warped events are aggregated to produce an image
or histogram of warped events IWE, top branch of Fig. 2)

IWE(X; trer, D) = S0, iCind(x — x},),  (5)

where by, = pj, if polarity is used and b, = 1 if polarity is
not used. The Dirac delta is approximated by a Gaussian,
§(x — p) = N(x; p, 0% = 1px).

The IWE measures the alignment between the event data
and the candidate motion v. The true motion v* leads to
a sharp IWE, with motion-compensated edges. Hence, as
geometric loss we use the IWE sharpness (without polarity,
b, = 1), normalized by the value at zero flow [48]:

Le=G(0;—)/G(v(D); trer),

(6)
G(v(D)strer) = 1557 Joy | VIWE(X; tret, D) || 1dx.
Notice that we use the reciprocal of the contrast objective
due to the minimization formulation, and the L!-norm be-
cause it performs well for depth estimation [49].

3.4. Photometric Loss

The IWE (5) represents not only motion-corrected edges,
but also their strength (e.g., intensity gradient) with respect
to the flow direction [12, 52]. Hence, we may use the IWE
to design not only geometric loss terms but also photomet-
ric ones (bottom branch of Fig. 2, and examples in Fig. 3
columns (a), (c)). This is inspired by methods in the lit-
erature that define losses on brightness increment images
obtained from grayscale information [50, 53-55].
Specifically, following the event generation model [1],
the prediction of the scene’s edge strength at time £ is:
Jdlog C

H(x;tet) = TAt ~ —Vlog(C)-vAt, (7)
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Figure 4. Results on the real-world datasets EDS [50] and TUM-VIE [51]. The event camera’s field of view in the TUM dataset is narrower

than the GT (i.e., frame camera) in the vertical direction.

where C = C(x) is the rendered frame (1) from the view-
point of camera pose (R(ter), T (trer)) and v = v(X, trer)
is the motion field (3) obtained using the rendered depth at
time t.¢ (bottom branch of Fig. 2). This corresponds to the
instantaneous rate of brightness change in the optical flow
direction [52]. Note that C may represent color for the sim-
ulated/color event cameras, or gray (intensity) for the stan-
dard event cameras. The dense-pixel (i.e., radiance) render-
ing happens once in each optimization step (see Sec. 5.1).
Finally, photometric errors between the IWE (with b, =
pi) and its prediction (7) are defined by the L2-norm and
the Structural Similarity Index Measure (SSIM) [56]:
.1 . T (- 2
EP = |Q| HIWE(X, tref) H(X» tref)” s )

Ly = SSIM(IWE(x; tret), H (%; trer) ).
We find that warping is more useful to leverage the high

temporal resolution than the simple pixel-wise accumula-
tion of polarities used in most event-based GS and NeRF lit-

erature ([8—10]), because the latter: (7) may result in blurry
edge images that discard the fine temporal resolution, (77)
incurs neutralization (cancellation of event polarities), (z¢%)
requires two dense intensity renderings to compute the pho-
tometric loss, (¢v) omits a dependency on the unknown
depth/flow that can be useful during optimization [45].

3.5. Combined Loss Function

For each slice of events £ we use the middle timestamp as a
reference, t; = tmig. The total loss is a weighted sum of the
event-alignment loss (CMax) and the photometric losses:

L= AeLe + ALy + ALy ©)

3.6. Initialization

The initialization of the 3D Gaussians is important. For ex-
ample, it is common practice for frame-based GS methods
to use COLMAP [13] to favor initial Gaussians on scene
texture and edges. Indeed, prior work EventSplat [8] uses
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EDS [50] TUM-VIE [51]
Metric Method Avg. 03 07 08 11 13 Avg. ld-trans desk2
E2VID + 3DGS 15510 15.670 15.050 14.030 13.830 18960 9.524 9.382  9.664
Robust E-NeRF (ICCV’°23) [14] 16250 19.190 14.780 14.750 14.430 18.100 11.790 9.612 13.970
PSNR 1 IncEventGS (CVPR’25) [9] 15210 14.130 15.760 15.890 13.830 16.460 10.090 10.130 10.050
EventSplat (CVPR’25) [8] 18.860 20.780 19.140 17.530 17.790 19.050 - - -
Ours 19470 19.040 20.240 21.030 16.730 20.300 13.090 11.970 14.200
E2VID + 3DGS 0.692 0.716 0.689 0.642 0.691 0.723 0.516 0525 0.507
Robust E-NeRF (ICCV’23) [14]  0.739 0.846 0.815 0.735 0.569 0.729 0.573 0.504 0.642
SSIM 1 IncEventGS (CVPR’25) [9] 0.691 0.756 0.684 0.692 0.648 0.676 0.533 0536  0.529
EventSplat (CVPR’25) [8] 0.792 0.835 0.816 0.745 0.789 0.774 - - -
Ours 0.816 0.819 0.855 0.814 0.790 0.804 0.716 0.665 0.766
E2VID + 3DGS 0375 0266 0.378 0402 0415 0415 0759 0790 0.728
Robust E-NeRF (ICCV’°23) [14] 0.543 0324 0476 0.567 0.700 0.650 0.588 0.721 0.454
LPIPS | IncEventGS (CVPR’25) [9] 0561 0356 0.557 0.631 0.588 0.674 0.685 0.707 0.663
EventSplat (CVPR’25) [8] 0362 0.239 0351 0424 0391 0.407 - - -
Ours 0357 0272 0335 0369 039 0414 0411 0497 0.324

Table 1. Results on standard, real-world datasets EDS and TUM-VIE. Best in bold.

intensity reconstruction and runs COLMAP for initializa-
tion. However, it relies on the pretrained E2VID model [34]
as prior. We propose using the IWE(x; tniq) without polar-
ity and the rendered image C(x) for initialization, keep-
ing the rest of the pipeline untouched. This favors initial
3D Gaussians around scene structures because the IWE re-
sponds to edges. We find that IWEs produce better initial-
ization than images of pixel-wise accumulation of events
because of their sharpness, which narrows down the initial
possible locations of the Gaussian centers (see Sec. 8.5).

4. Experiments

4.1. Datasets, Metrics, and Baselines

Datasets. We use standard datasets for event-based NeRF
and GS works, both on simulated and real data. EDS [50]
is a real-world dataset of indoor scenarios, recorded with
a VGA event camera (640 x 480 px), an RGB camera, an
IMU, and ground-truth poses from motion capture. The se-
quences include challenging scenes, such as flickering light
sources. TUM-VIE [51] is another real-world dataset, ac-
quired with an HD event camera (1280 x 720 px, i.e., 1
megapixel) and with ground-truth poses. It consists of in-
door and outdoor sequences recorded with the sensor rig
mounted on a helmet. We use indoor sequences follow-
ing prior work. Robust E-NeRF [14] contributes a synthetic
color event dataset with a 800 x 800 px resolution and color
pixels following the Bayer pattern.

Evaluation Metrics. Following prior work [8, 14], re-
construction performance is measured with standard met-
rics on view synthesis quality: Peak Signal-to-Noise Ratio
(PSNR), SSIM, and Learned Perceptual Image Patch Sim-

ilarity (LPIPS). Real-world datasets use poses from colo-
cated frame-based cameras for the evaluation of rendering.
In addition, we follow prior work and apply gamma correc-
tion before computing the evaluation metrics.

Baselines. Our baselines are among the best event-only
NeRF and GS methods in the literature. First, we use the
two-stage approach of E2VID image reconstruction [34]
and frame-based GS, termed “E2VID + 3DGS”. For event-
based GS methods (the two-rendering approaches), we re-
train IncEventGS [9], and copy the results from EventSplat
[8] because it has no available code. We also compare with
the state-of-the-art NeRF method Robust E-NeRF [14] that
uses event-by-event loss computation.

Hyper-parameters. For all sequences the contrast
threshold is set to Cy, = 0.25. The loss weights in (9)
are set to Ac = 0.125, A, = 500, s = 1. The number of
events is N, = 125k for EDS and synthetic data [14], and
N, = 500k for TUM-VIE. We further test the robustness of
the method to the choice of N.. The initialization steps are
10k, and the entire training steps are 40k for all sequences.

4.2. Results on Real-World Datasets

Figure 4 shows the results on EDS and TUM-VIE datasets.
Throughout the scenes, the proposed method consistently
achieves successful reconstructions (we encourage readers
to watch the video). Notably, our reconstructions recover
fine details: () gradual (mild) intensity changes, e.g., shad-
ows and reflections on the desk in TUM-desk2, (it) fewer
artifacts due to noisy events, e.g., walls on EDS-07,11.
(721) sharp edges in details, e.g., airplane and background
in EDS-13. Also, EDS sequences contain lots of events
due to flickering lights. Surprisingly, our method converges
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Figure 5. Qualitative results on the color synthetic dataset [14].

Metric Method Avg. Chair Drums  Ficus Hotdog Lego Materials Mic
E2VID + 3DGS 19.290 21.390 19.860 19.900 15.550 18.170  20.080  20.100
PSNR Robust E-NeRF (ICCV’23) [14] 28.190 30.240 23.150 30.710 18.070 27.340 24980 32.870
EventSplat (CVPR’25) [8] 28.140 28.690 25.810 29.900 22.910 29.220 27.160  33.270
Ours 23.110 26420 23340 25360 17.760 18.080  23.500  27.300
E2VID + 3DGS 0917 0934 0915 0922 0.897 0.895 0.901 0.957
SSIM 1 Robust E-NeRF (ICCV’23) [14] 0945 0958 0.897 0971 0953 0934 0.923 0.981
EventSplat (CVPR’25) [8] 0953 0953 0947 0966 0.940  0.945 0.936 0.986
Ours 0.927  0.941 0.921 0938 00911 0.901 0.910 0.968
E2VID + 3DGS 0.118  0.076  0.094  0.108  0.208  0.145 0.125 0.069
LPIPS | Robust E-NeRF (ICCV’23) [14]  0.057  0.040  0.091  0.022 0.095 0.074 0.052 0.029
EventSplat (CVPR’25) [8] 0.051 0.047 0.052 0.028 0.098  0.055 0.060 0.015
Ours 0.074  0.054 0.066 0.046 0.160  0.097 0.061 0.032

Table 2. Quantitative results on the color synthetic dataset [14]. The Bayer pattern is challenging for the proposed warp-based method.

and successfully reconstructs the scene while relying on the
contrast loss, which may be sensitive to flickering events.

The quantitative comparison is reported in Tab. 1. Our
method consistently achieves state-of-the-art results: the
best results on average across all three metrics, despite not
relying on pretrained depth estimation models [9], or video-
guided initialization and cubic splines for pose interpolation
[8]. Notice that there are some limitations of the quantita-
tive evaluation on the real-world sequences, such as the high
dynamic range (HDR) of event cameras, and the disparity
between the event camera and the frame camera.

4.3. Results on Synthetic Data

Due to the influence of synthetic RGB-based novel-view-
synthesis datasets [7], the method is also tested on such
data, converted into events via an event camera simulator
[57]. Note that such sequences are unrealistic because they
lack the noise and most dynamic effects characteristic of
event cameras. Results are shown in Fig. 5. The RGB
Bayer pattern is challenging for warp-based methods, such
as the proposed one, since (¢) warped pixels may not fall
into the same location among different colors [52], which
complicates the demosaicing operation, and (iz) the color
distribution is imbalanced (green pixels are twice as many
as red/blue). Nonetheless, our method achieves successful
color reconstruction. Following the same color correction
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Metric Method Synthetic [14] EDS TUM-VIE

Ours 23.110 19470  13.090
PSNR 1 w/o contrast loss 9.600 15.520 13.450
w/o initialization 20.820 17.340  11.360
Ours 0.927 0.816 0.716
SSIM 1 w/o contrast loss 0.810 0.744 0.715
w/o initialization 0.908 0.759 0.633
Ours 0.073 0.357 0411
LPIPS | w/o contrast loss 0.405 0.581 0.405
w/o initialization 0.121 0.442 0.561

Table 3. Ablation on the contrast loss and the initialization.

steps as [8, 14], our results show fewer object artifacts and
fewer floaters on the background. Quantitative results are
given in Tab. 2, where we achieve competitive values.
Figure 3 shows rendered depth (sparse or dense) ob-
tained on this data and real-world data. We find that
Gaussian-based depth estimation achieves high-quality re-
sults, especially around occlusions. We report the quantita-
tive comparisons with EMVS [58] in the supplementary.

4.4. Runtime

The training takes 30—45 minutes for EDS and synthetic se-
quences [14], and 80—130 minutes for TUM-VIE. The ren-
dering takes roughly 3 ms for N, = 0.1M, and 30 ms
for N, = 1M, using a PyTorch implementation on an
NVIDIA RTX6000 (Ada). Our method is significantly
faster than other methods: both Robust E-NeRF [14] and
IncEventGs [9] take 3 h to train on EDS under the same set-
tings. EventSplat [8] does not have publicly available code
but reports 1-3 h for the same number of iterations on EDS.

5. Ablations
5.1. Effect of Temporal Window Selection

We further investigate the efficacy of our two-branch
pipeline, which renders intensity just once (Fig. 2). Most
event-based GS methods render dense intensity twice and
subtract one from another to obtain an edge-like image (i.e.,
AC = C(tg) — C(t1)) that is compared to the brightness
increment obtained by pixel-wise accumulation of the event
data. A clear advantage of the proposed pipeline over the
above “render-twice” pipeline is the robustness with respect
to the choice of N.. Figure 6 reports reconstruction per-
formance for different N., using two sequences from the
TUM-VIE dataset: Id-trans and desk2. For larger N, the
edges become more blurry in the render-twice pipeline, and
therefore, the reconstruction quality degrades. However, the
proposed render-once pipeline shows consistent results re-
gardless of N., which is desirable because it is a sensible
parameter that depends on many factors, such as camera
resolution, scene texture, and camera motion.

‘ Ours (Render once) ® B Render twice

13.0
12.8
126

o 124

Z

= 122

312

@120

11.8

11.6

~/

0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0
Number of events 1e6 Number of events 1e6

11.4

Figure 6. Robustness with respect to the time window selection.
We compare the proposed pipeline and its render-twice variant for
different numbers of events N.. Due to the warp that reduces blur
in the scene, the proposed method shows robustness against the
choice of Ve, achieving consistently good values.

5.2. Contrast Loss and Initialization

We conduct ablation studies on the contrast loss and ini-
tialization, as shown in Tab. 3. Here, “w/o initialization”
starts from random 10° Gaussians and skips the proposed
initialization step (Sec. 3.6). Our method achieves the best
or second-best results among all metrics and datasets. No-
tably, the SSIM improves with the contrast loss, showcasing
the efficacy of the proposed ray-tracing rendering and loss.

6. Limitations

Our method follows an unsupervised approach based on
the contrast loss, which assumes brightness constancy and
therefore suffers in the presence of flickering events. Al-
though the pipeline converges on the EDS dataset, we find
that the presence of large amounts of flickering events make
appearance recovery and depth estimation results unstable.
The proposed framework assumes static scenes, and is
not expected to work well on dynamic scenes. However,
following recent advances in frame-based 4D GS [16, 59],
event-based 4D GS would be a relevant future direction.

7. Conclusion

We propose the first framework for event-based Gaussian
Splatting that fully leverages the spatio-temporal properties
of event data. Our method targets the majority of modern
event cameras, which are monochrome (i.e., grayscale) and
with VGA or higher (1 megapixel) resolution. The ren-
dering pipeline consists of two explicit pathways: spatially
sparse and temporally dense (i.e., event-by-event) pathway
for geometry (depth) recovery, and spatially dense and tem-
porally sparse (i.e., a snapshot) pathway for appearance (ra-
diance) estimation. A thorough evaluation reveals that the
proposed method (7) achieves state-of-the-art performance
on real-world data without using extra priors, and (i¢) ef-
fectively tackles the trade-off revolved around the choice of
the number of events to process.
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