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Abstract—3D Gaussian Splatting (3DGS) has recently ad-
vanced dense SLAM with frame cameras, yet frame cameras
degrade severely under high dynamic range (HDR) condi-
tions and fast motions. Event cameras offer high temporal
resolution and wide dynamic range, making them promising
for robust perception in such extreme conditions; however,
an effective event-only 3DGS-SLAM solution is still absent.
To bridge this gap, we present EventGS, the first near real-
time 3DGS SLAM system that performs pose tracking and
incremental 3DGS reconstruction directly from monocular
event streams. EventGS improves observability by deriving two
complementary observations from events: diffusion-restored
intensity images that provide stable grayscale appearance
for rendering supervision, and event-accumulated change im-
ages that provide log-intensity-change observations to enforce
change-domain temporal consistency. Moreover, we propose
an on-demand progressive refinement strategy that leverages
diffusion priors to repair under-constrained regions caused by
large viewpoint changes, thereby enhancing tracking robustness
under aggressive motions. Experiments on both real-world and
synthetic datasets demonstrate that EventGS achieves accurate
pose estimation and high-quality renderable mapping using
only event-stream input.

I. INTRODUCTION

Dense simultaneous localization and mapping (SLAM)
is essential for robotics applications such as navigation,
detection, augmented reality, and manipulation. Recently, 3D
Gaussian Splatting (3DGS) [1] has been rapidly adopted in
SLAM, enabling high-fidelity, differentiable, and efficiently
renderable maps [2]. However, RGB-camera-based 3DGS-
SLAM often degrades under fast ego-motion and high dy-
namic range (HDR) scenes, where frames suffer from motion
blur and over-/under-exposure. These effects break photo-
metric consistency and destabilize feature matching, leading
to degraded tracking and mapping. Developing sensing and
learning solutions that remain reliable under such extreme
conditions is therefore still an open problem.

Event cameras asynchronously report per-pixel brightness
changes with microsecond latency and HDR. Compared
with frames, event streams are naturally resistant to motion
blur and can robustly capture edge and motion cues in
challenging lighting, making them promising for odometry
and reconstruction [3], [4].

While event-based odometry has achieved strong pose
accuracy [3], most methods do not provide high-quality,
directly renderable dense maps. Existing event-based 3D
reconstruction is often offline [4], [5], or relies on addi-
tional sensors [6]. Moreover, many approaches rely mainly
on change-domain supervision [7], [8], whose constraints
weaken in low-texture regions, low event-rate settings, or
noisy streams, causing unstable optimization. Furthermore,
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Fig. 1: An example of EventGS mapping, where EventGS takes
event streams as input and achieves high-quality Gaussian recon-
struction.

these factors weaken the rendering supervision required by
3DGS-SLAM, making stable deployment of event cameras
in 3DGS-SLAM considerably more challenging. Meanwhile,
existing 3DGS-SLAM systems are prone to local holes and
accumulated artifacts under large viewpoint changes, which
weakens subsequent rendering supervision and can further
lead to tracking failures. As a result, an online event-only
3DGS-SLAM system that is both stable and produces high-
quality renderable maps remains underexplored.

To bridge this gap, we propose EventGS, which, to
the best of our knowledge, is the first near real-time
3DGS-SLAM system using only a monocular event camera.
EventGS follows a tracking—mapping framework that jointly
optimizes camera poses and a 3DGS map within a sliding
window, and improves stability via complementary supervi-
sion in the appearance and change domains. In the appear-
ance domain, a fine-tuned diffusion model restores grayscale
intensity from events and feeds it into a rendering loss for
dense photometric constraints. In the change domain, we ac-
cumulate events into an event-accumulated change image and
enforce temporal consistency via a change-consistency loss.
Furthermore, to address tracking degradation caused by large
motions, we propose an on-demand progressive refinement
strategy that leverages a diffusion prior to locally repair and
denoise novel-view observations, thereby improving obser-
vation quality and enhancing the robustness of subsequent
tracking. Experiments on multiple real and simulated datasets
show that EventGS matches or outperforms state-of-the-art
methods in both trajectory accuracy and map quality, with
ablations validating each module.

In summary, our contributions are as follows:

« We propose EventGS, the first near real-time 3D Gaus-

Manuscript 2349 submitted to 2026 IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS). Received March 5, 2026.



CONFIDENTIAL. Limited circulation. For review only.

sian Splatting SLAM system using only a monocular
event camera.

e We propose a dual-domain supervision scheme
that combines rendering supervision on diffusion-
restored intensity and temporal consistency on event-
accumulated change images, and further introduce a
progressive refinement strategy for robust event-only
3DGS-SLAM.

e We conduct comprehensive evaluations and ablation
studies on multiple real and simulated datasets, show-
ing that our method matches or outperforms prior ap-
proaches in both trajectory accuracy and map quality.

II. RELATED WORK
A. 3DGS SLAM

3DGS [1] has recently become a practical SLAM repre-
sentation that jointly models geometry and appearance [9].
In monocular settings, MonoGS [2] achieves online SLAM
using 3DGS as the sole scene representation. SplaTAM [10]
achieves accurate tracking and high-fidelity reconstruction
via online optimization and submap mechanisms. Splat-
SLAM [11] introduces a deformable 3D Gaussian map that
adapts online to loop closure and global bundle adjust-
ment. Nevertheless, most 3DGS-SLAM pipelines still rely on
frame-based RGB/RGB-D observations and are vulnerable
to blur and exposure failures under fast motion and HDR.
In contrast, event-based odometry achieves accurate motion
estimation under fast motion and HDR [3], [12], [13], but
typically estimates only trajectories and does not maintain
high-quality, directly renderable dense maps. Existing at-
tempts such as EGS-SLAM [6] typically fuse events with
RGB-D, and an event-only online 3DGS-SLAM system
remains largely unexplored.

B. Event-based 3DGS Reconstruction

Compared with event-based NeRF approaches [7], [14],
[15], event-based 3DGS typically offers more efficient ren-
dering and more direct optimization of an explicit scene
representation. Event-3DGS [4] optimizes Gaussians directly
in the event domain and leverages photovoltage estimation
to improve robustness to noise. EVGGS [5] proposes a co-
learning framework that jointly learns intensity, depth, and
Gaussian representation, enabling Gaussian reconstruction
from pure event inputs. EventSplat [8] initializes with an
event-to-video prior and improves poses via trajectory in-
terpolation to improve rendering quality. IncEventGS [16]
adopts an incremental reconstruction framework, but its
per-iteration optimization cost hinders real-time operation.
Moreover, many event-stream reconstruction methods rely
primarily a on change-domain supervision pathway [7], [8],
[16], which can become unreliable under low-texture scenes,
low event rates, or high noise. Although Event-3DGS [4]
reconstructs grayscale frames from event streams for render-
ing supervision, the limited reconstruction quality still makes
it difficult to handle these challenging scenarios. Overall,
existing event-based reconstruction is still largely offline,

and achieving robust online SLAM with stable closed-loop
operation remains challenging.

C. Diffusion Priors for Event Vision and 3DGS

Diffusion models, as strong generative priors, have been
used for intensity restoration in event vision. HDRev-
Diff [17] conditions a diffusion model on events and an ac-
companying LDR frame for HDR reconstruction. In 3DGS,
diffusion priors are often applied to repair novel-view ren-
derings and feed the improvements back to the 3D represen-
tation: Difix3D+ [18] uses a single-step diffusion enhancer
to remove rendering artifacts, while GSFix3D [19] performs
diffusion-guided view repair and distills the refinements
into Gaussian primitives. Moreover, DiET-GS [20] combines
event streams with diffusion priors for 3DGS motion de-
blurring to improve color and fine details. Despite these
advances, providing geometrically consistent and reliable
restoration supervision remains challenging in pure event-
stream settings without known poses.

III. METHOD

As illustrated in Fig. 2, EventGS consists of three mod-
ules: Event Observation Construction (§III-B), Online Pose
Tracking (§III-C) and Incremental Gaussian Mapping (§I1I-
D). Taking a continuous event stream as input, the system
runs online to jointly estimate the camera trajectory and
incrementally maintain a 3DGS map.

A. 3D Gaussian Scene Reconstruction

We represent the scene using 3DGS. Using anisotropic 3D
Gaussian primitives, 3DGS performs differentiable splatting
to the image plane, which supports gradient-based refinement
of camera poses and Gaussian parameters. Each Gaussian
is parameterized by its mean p, covariance X, appearance
¢, and opacity a. Given a camera pose T € SFE(3) and
intrinsics K, a 3D Gaussian is transformed to the camera
frame and projected to a 2D elliptical Gaussian on the image
plane. Using the Jacobian J of the perspective projection, the
2D covariance is approximated as

»2P = JRyYR]J T, (1)

where Ry is the rotation component of 7'. For any pixel z,
we compute the pixel-wise effective opacity a(x) from the
projected 2D Gaussian, and composite all Gaussians front-
to-back using alpha blending. The rendered intensity is

I"(z) = ch aj(z) H (1 —ag(x)). (2)

k<j
B. Event Observation Construction

Relying only on log-intensity-change supervision can be
under-constrained in low-texture, low event-rate, or large
viewpoint-change cases. To improve robustness, we construct
two complementary observations from events: diffusion-
restored intensity for appearance-domain rendering super-
vision, and event-accumulated change image for change-
domain temporal constraints.
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Fig. 2: System overview. Given a monocular event stream, EventGS constructs two complementary observations: diffusion-restored
intensity for appearance-domain rendering supervision and event-accumulated change image for change-domain temporal constraints. A
tracking thread estimates the current pose on the 3DGS map using both losses, while a mapping thread jointly optimizes the 3DGS map and
keyframe poses within a sliding window. Progressive refinement is triggered under large motion, restoring a coarse novel-view rendering
using diffusion priors and feeding the refined observation back to mapping to improve robustness and mitigate cascading failures.

1) Diffusion-based Intensity Restoration: Event cameras
output asynchronous and sparse brightness-change events,
where each event is denoted as e; = (x;,t;,p;) with pixel
location x; = (u;,v;), timestamp ¢;, and polarity p; €
{+1,—1}. Directly reconstructing intensity images from
event streams often suffers from noise, discontinuities, and
artifacts; therefore, we introduce a diffusion-based intensity
restoration method. Given the event stream within a time
window &;, we first obtain a coarse grayscale initialization
using an event-to-image network [21] Itdeg = funit(E;). While
19 captures basic structure and edges, it often contains
blurring and artifacts, and is thus treated as a degraded input.
We then build a one-step diffusion restoration network fy to
restore it with optional reference views I1°:

Iy = fo(I9, 1N, 3)

Our diffusion restorer serves two purposes: (i) restoring
the event-initialized intensity image, and (ii) repairing the
coarse novel-view rendering in progressive refinement. In
both cases, the corresponding image is treated as a degraded
input, and we use reference views only in progressive refine-
ment. As shown in Fig. 3, we use a latent diffusion model
with SD-Turbo [22]-style one-step denoising for efficiency,
conditioned on event-initialized degraded intensity and a
reference view during training. We concatenate the target and
reference views along the view dimension and encode them
with a VAE encoder E(-) to obtain a latent representation

y = E([Itdeg,ftmf]) c RVXCXHXW’ )

where V' is the number of input views (one target plus
references), and C, H,W denote the latent channels and

spatial resolution. A U-Net denoiser then performs one-step
restoration in the latent space. Inspired by [18], [23], we
incorporate reference mixing in self-attention to explicitly
fuse cross-view information. Finally, the restored latent of
the target view is decoded by a VAE decoder D(-) to obtain
I, as the appearance observation.

We observe that the degraded inputs resemble intermediate
diffusion states at a low noise level. We thus fix a low-
noise diffusion timestep 7 for one-step restoration during
training and inference, aligning the inputs with the pre-
trained diffusion prior at that noise level and balancing
artifact removal and content preservation. The training loss:

Litt = Lrecon + Lrpps + AGram LGrams )

where Lrecon = || 1 — 122, Lipps is the perceptual distance,
and Lgpm is a Gram-style loss on VGG features. We initial-
ize our model with the pretrained weights of DIFIX [18] and
fine-tune on event dataset, preserving diffusion priors while
better suppressing event-specific artifacts and noise. Com-
pared with frame-based cameras that degrade under HDR and
fast motion, event-driven intensity restoration leverages the
high temporal resolution and wide dynamic range of events
to provide more reliable grayscale observations.

2) Event Accumulation for Log-Intensity Change: Under
the standard model, an event is triggered when the log-
intensity L(x,t) = log I(x,t) changes sufficiently:

L(x;,t;) — L(x;,t; ) = piC, 6)

where ¢, is the previous event time at the same pixel and
C > 0 is the contrast threshold. This implies that events pro-
vide discrete integral measurements of log-intensity changes.
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We therefore accumulate events within a short window
[ta,tp) to form a change-domain observation. Given &,., =
{(x4,ti,pi) | ta < t; < tp}, the event-accumulated change
image is

ALgp(x)= >

(xi5ti,pi)EEaib

pi 1[x; = x]. @)

Assuming a constant threshold, it is approximately pro-
portional to the true log-intensity change, with a bounded
residual due to thresholding and window endpoints:

L(x,tp) — L(x,t) = C - ALg.p(x). (8)

In practice, to avoid imposing incorrect zero-change con-
straints on pixels with no events, we apply the loss only
where event support is sufficient, using a validity mask

Ma:b(x) =1 [Na:b(x) Z Tmask]; (9)

where N,.,(x) denotes the number of events triggered at
pixel x within the time window [t4,tp], Tmask 1S @ mini-
mum event-count threshold. This event accumulation method
provides a stable temporal consistency constraint which is
jointly enforced with appearance-domain rendering supervi-
sion, improving observability and optimization stability.

C. Online Pose Tracking

Given the current event window [t,, t] obtained by slicing
the event stream into chunks of NV events, we estimate the
camera pose T3, € SE(3) on a fixed Gaussian map G.
In the event observation construction module, we obtain
a diffusion-restored intensity observation ftb and an event-
accumulated change image AL,.; along with its mask M, ;.
We then render grayscale intensity images I}, = R(G,T},)
and I = R(G,Tt,), where T}, is taken from the previous
window-end estimate and kept fixed during the current pose
update. The rendered log-intensity change is

AlogI! ,(x) = log (Igb (x) + 5) —log (I{a (x) + 5), (10)

where 0 is a small constant for numerical stability. We use
an L loss for appearance-domain rendering supervision:

Limg = 3|1 (%) ~ 1, (x)‘ . (1)

For the change domain, we enforce a squared Lo log-
intensity-change loss:

Eevt = Z Ma:b(x) ||A10g [gzb(x) - HALaib(x)‘@? (12)

where k is a hyper-parameter that scales the event-
accumulated change to match the magnitude of log-intensity

change. Tracking updates 73, by minimizing the joint objec-
tive:
min

(13)
Ty, €SE(3)

)\img»cimg + )\evt»cevt~

Keyframe selection is based on the co-visibility of the
visible Gaussian set and the viewpoint change. We obtain
the current visible set V;, and compute the co-visibility IoU
with the visible set Vj of the latest keyframe k:

_ |‘/Tb mVk|

= . 14
V., UVil (1

covis(tp, k)
When covis(tp, k) falls below a threshold or the relative pose
change exceeds a threshold, we add the current frame as a
keyframe. We then encapsulate the observations and state
within its associated event window [t,,tp] into a keyframe
package and push it into the mapping sliding window.
Specifically, the k-th keyframe package is defined as

K2 I AL, My, [th8h), TE T} ()

with T £ Ty, T) = Ty, ALk = ALyr, My = My .

D. Incremental Gaussian Mapping

1) Mapping: During mapping, we jointly optimize the
Gaussian map G and the start/end poses (T}, T}7) for all
keyframe packages k € W, while periodically inserting
and pruning Gaussians to keep the map bounded. Given
the current estimates of G and (Tg,T7), we render the
grayscale intensity images I[S = R(G,T¢) and I:}g =
R(G,T}), and compute the rendered log-intensity change
Alog Iglg Analogous to (§1II-C), we construct a rendering

loss Ei’fng (11) between I:’c and [, and a log-intensity loss
b

£k, (12) between Alog I’y and ALj. We then minimize
the weighted sum over W to update G and {T¢,T}}:

Z ()\imgﬁfmg + /\evtﬁlgut)-
keW

min (16)
g AT TR}

In appearance-domain, L;,,, benefits fine details and
rendering-consistent optimization, especially when event
constraints become weak in low-texture or low event-rate
settings. In change-domain, L.,; is more robust under fast
motion and HDR and anchors the optimization to sensor
evidence, reducing drift introduced by restored intensities.

2) Progressive Refinement: Under large motion or low
observation density, the current Gaussian map often exhibits
local holes and accumulated artifacts when rendered from
the next viewpoint, which can lead to tracking failures. To
mitigate this, we introduce an on-demand progressive refine-
ment strategy. It consists of pose extrapolation, coarse novel-
view rendering, diffusion-based refinement, and feeding the
restored observation back into mapping.

Let T,_1,T; € SE(3) be consecutive poses and AT, =
T, \T: the relative motion. Define & = log(AT;) €
s¢(3). When tracking detects a large pose increment, i.e.,
a weighted magnitude ||&|| > 7¢, progressive refinement is
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Fig. 4: Rendering results on the TUM-VIE [24] dataset. The experimental results demonstrate that our method produces images of higher

quality compared to other approaches.

activated. Under a constant-velocity assumption, we extrap-
olate

Tip1 = Tyexp(&e). (17)

We render a coarse novel view I7 1= R(G, Tii1),
which may contain artifacts. We use the latest appearance
observation It as a reference view 1%/ and restore the coarse
rendering with the conditional diffusion network in §III-B.1:

Iﬂ(l)g fe(-ftr+1alref)~

The restoration module follows a conditional restoration
paradigm: the appearance observation is always used as the
reference view to anchor structure and appearance, while
the view to be restored provides the viewpoint-specific
content scaffold. This strong conditioning substantially re-
duces degrees of freedom, making the output closer to
real observations rather than free-form generation. Finally,
we temporarily incorporate Iff{g as an additional intensity
rendering supervision signal and iteratively update the map
while keeping the window and extrapolated poses fixed:

mln E

keWw

(18)

prog
’ng zmg +)‘P7"09’C1mg

(19)

This refinement repairs unreliable novel-view renderings
and distills the information back into the 3DGS map,
improving subsequent tracking. Progressive refinement is

triggered only in challenging cases, otherwise, the system
performs incremental mapping by jointly optimizing L;,4
and L.,; within the window, keeping the overall computation
bounded.

IV. EXPERIMENTS

In this section, we evaluate our SLAM framework on a
variety of real-world and synthetic datasets, and compare
our method against existing event-camera-based approaches.

A. Experimental Setup

1) Datasets: We evaluate on both real and synthetic
datasets. For real data, we use five sequences from TUM-
VIE [24], which provide event streams and grayscale frames
under diverse scenes and motions. For synthetic data, we
use five event sequences synthesized from Replica [16],
[25], as well as synthetic datasets from Event-3DGS [4].
Synthetic data offers controllable trajectories, viewpoints,
and ground truth for quantitative evaluation. Since TUM-VIE
lacks strictly aligned ground-truth novel views and geometry,
we report rendering and geometry metrics on Replica and
provide qualitative results on TUM-VIE to reflect real noise
and dynamic range.

2) Baselines: We evaluate the method from two aspects.
For trajectory estimation, we compare against advanced
event-based odometry methods ESVO2 [3], DPVO [26],
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TABLE I: Rendering performance on the Replica-based synthetic sequences. Bold numbers indicate the best results, while underlined

numbers denote the second-best results.

Method Office0 Office2 Office3 Room0 Room?2

etho PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS| PSNRT SSIMT LPIPS] | PSNRT SSIMT LPIPS| | PSNRT SSIM?T LPIPS|
3DGS [1] 1891 0.31 0.68 14.03 0.57 048 13.25 047 0.53 1445 044 0.52 15.74 0.51 0.55
EvGGS [5] 18.51 037 0.59 1095 0.27 0.69 13.13  0.29 0.66 15.16 0.37 0.62 1585 034 0.61
E-NeRF [14] 1891 0.51 057 13.05 0.65 0.44 14.01 0.62 048 13.99 0.58 0.51 15.56 047 0.58

15.18 0.66 0.45
16.81 0.81 0.25

EventNeRF [7]
Robust e-NeRF [15]

1890 043 0.62
1893 0.52 0.56

MonoGS 1935 0.68 0.43 2003 0.61 046
Event-3DGS [4] 2008 071 011 21.86 0.69 0.16
Ours 2243 075 035 2221 0.83 023

16.77 0.73 0.33
1922 0.84 0.18
18.28 0.66 0.31

TABLE II: Absolute trajectory error (ATE) on the TUM-VIE mocap
sequences (cm).

Method | Modality | 1d | 3d | 6d | desk | desk2 | Avg.
MonoGS [2] Mono VO | 2.17 | 3.66 | 434 | 528 | 7.04 | 4.50
ORB-SLAMS3 [28] | Mono VO | 1.52 | 238 | 395 | 173 | 502 | 2.92
DPVO [26] Mono EO | 226 | 832 | 742 | 545 | 3.93 | 548
ES-PTAM [12] Stereo EO | 1.05 | 853 | 1025 | 250 | 720 | 591
ESVO [27] Stereo EO | 12.54 | 17.19 | 13.46 | 12.92 | 442 | 12.11
ESVIO_AA [13] | Stereo EIO | 3.86 | 18.90 | Fail | 899 | 947 | 1031
ESVO2 [3] Stereo EIO | 3.33 | 7.26 | 321 | 6.16 | 4.02 | 4.80
Ours Mono EO | 139 | 1.52 | 104 | 3.18 | 3.04 | 2.03

ES-PTAM [12], ESVO [27], and ESVIO_AA [13], as well
as representative RGB-SLAM baselines ORB-SLAM3 [28]
and MonoGS [2], where the latter take TUM-VIE grayscale
frames as input. For 3DGS reconstruction, we compare
with 3DGS-based methods Event-3DGS [4], EvGGS [5],
3DGS [1], and MonoGS [2], and NeRF-based methods E-
NeRF [14], EventNeRF [7], and Robust e-NeRF [15]. We
adopt 3DGS [1] as the event-stream reconstruction method,
and feed it with grayscale images converted by E2VID [21]
and camera poses estimated by COLMAP [29].

3) Metrics: We evaluate tracking accuracy using the
RMSE of Absolute Trajectory Error (ATE, cm). For map
quality, we measure photometric fidelity with standard novel-
view rendering metrics (PSNR, SSIM, and LPIPS): metrics
are computed every five frames while excluding keyframe
viewpoints to avoid bias from training views. We further
assess geometric accuracy using 2D Depth L1(cm) and the
F-score at a 1 cm threshold.

4) Implementation Details: We run our SLAM system on
a desktop equipped with an Intel Core i9-14900KF CPU
and an NVIDIA RTX 4090 GPU. We train the diffusion
model on the event datasets [30]-[32] by freezing the ini-
tializer finii(+) [21] and constructing triplets of event stream—
reference view—grayscale ground truth, where the reference
view is selected from nearby poses. We initialize from DIFIX
pre-trained weights [18], set the diffusion timestep 7 = 150
and Agram = 0.5, freeze the VAE encoder, and fine-tune the
VAE decoder with LoRA while training the U-Net backbone
and the decoder. In SLAM, we use Ajpg = 0.6, Aoyt = 0.4,
and £ = 0.2, while during initialization we warm up with
Aimg = 1 and Aeye = 0. We use 100 and 200 optimization
iterations for tracking and mapping, respectively, and the
keyframe sliding-window size is 5.

B. Quantitative Evaluation

1) Tracking Evaluation on TUM-VIE: We evaluate track-
ing accuracy on five mocap sequences of TUM-VIE, and

Fig. 5: Under HDR and fast motion conditions, grayscale camera
images suffer from saturation and loss of details, whereas our
diffusion-restored intensity observations preserve clear structure and
stable contrast.

report the ATE RMSE results in Table II. EventGS achieves
the lowest error on three sequences and attains the best av-
erage performance of 2.03 cm over all sequences. Compared
with ESVO2, EventGS benefits from two complementary
losses in the appearance and change domains, which jointly
improve noise suppression and observability. For the frame-
based SLAM baselines ORB-SLAM3 and MonoGS, we
use the grayscale camera images provided by TUM-VIE
as input. These grayscale frames are prone to over-/under-
exposure and motion blur under HDR lighting and aggres-
sive motions, which degrades tracking stability. In contrast,
our diffusion-restored intensity observations preserve clearer
structural details across challenging conditions, while the
event-accumulated change images provide stable temporal
cues. Moreover, the progressive refinement strategy enables
EventGS to remain stable under large motions, improving
tracking accuracy on mocap-6d and mocap-desk2. In terms
of efficiency, the diffusion network takes about 90 ms per
frame, and the overall system runs at an average speed of
approximately 2.5 FPS on TUM-VIE, which is on par with
MonoGS (2.8 FPS), enabling online near real-time operation.
2) Mapping Evaluation on Replica Synthetic Dataset:
We evaluate mapping performance on five scenes of a syn-
thetic event dataset rendered from Replica 3D scene models,
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TABLE III: Geometry results on Replica dataset.

Method | Metric | Office0 | Office2 | Office3 | Room0 | Room2
apGs | DephLLL| 239 | 695 | 532 | 304 | 327
FIt 5764 | 36.18 | 4159 | 4736 | 5239

Depth L1{ | 275 | 807 | 519 | 224 | 3.53

EvGGS ‘ F1t 50.68 ‘ 3043 ‘ 34.45 ‘ 57.28 ‘ 51.67
Ours ‘ Depth L1} | 2.23 ‘ 4.66 ‘ 345 ‘ 1.49 ‘ 2.73

F11 59.64 52.58 53.72 60.95 56.28

Fig. 6: Qualitative ablation results on the synthetic dataset. Among
them, (b), (d), and (f) show the full EventGS results, while (a), (c),
and (e) show the results after removing the diffusion-based intensity
restoration, the event accumulation, and the progressive refinement,
respectively.

reporting novel-view rendering metrics (PSNR, SSIM, and
LPIPS) and geometry metrics (Depth L1 and F1). We use
E2VID to convert event streams into grayscale images,
which are then fed as input to 3DGS and MonoGS. The
rendering results in Table I show that our method achieves
the best PSNR across all five scenes, with an average of
21.70dB, yielding clear improvements over existing event-
driven 3DGS/NeRF reconstruction baselines. This indicates
that the Gaussian map built by EventGS is more accurate in
terms of pixel-level reconstruction consistency. Meanwhile,
our method also maintains strong SSIM and LPIPS per-
formance, outperforming most baselines. Geometry results
are reported in Table III, where our method consistently
attains low depth errors and high F1 scores across scenes.
For example, on Room0, we achieve a Depth L1 of 1.49 and
an F1 of 60.95, demonstrating stable structural completeness
and surface coverage. Compared to event-based reconstruc-
tion methods that rely on a single loss term, using two
complementary losses provides stronger constraints and leads
to better reconstruction performance. The diffusion-restored
intensity observations provide more reliable appearance con-
straints for rendering supervision, while the event-driven log-
intensity-change loss further supplies temporal constraints
for geometric optimization, effectively suppressing drift and
maintaining stable geometric consistency.

C. Qualitative Evaluations

We qualitatively compare our method with 3D recon-
struction baselines on the TUM-VIE dataset, as shown in
Fig. 4. EventGS consistently produces clearer and more
coherent novel-view renderings. Compared with the event-

TABLE IV: Ablation study on the TUM-VIE mocap sequences [24]
to analyze the effectiveness of each component (cm).

Method | mocap-1d | mocap-3d | mocap-6d
w/o Diffusion 5.25 6.72 5.63
w/o Accumulation 3.35 5.19 3.16
w/o Progressive 1.94 2.03 2.37
Ours 1.39 1.52 1.04

TABLE V: Ablation study on the Replica Office0 sequence to
analyze the effectiveness of each component.

Method | PSNRT | SSIMT |  LPIPS|
w/o Diffusion 18.24 0.56 0.39
w/o Accumulation 19.83 0.68 0.41
w/o Progressive 21.73 0.71 0.39
Ours 2243 0.75 0.35

stream reconstruction method Event-3DGS and MonoGS
with grayscale camera input, EventGS is more robust on
sequences such as mocap-3d and mocap-desk, where event
noise is higher, observations are sparser, or camera motion
is faster. In these challenging cases, EventGS not only
suppresses noise and outlier triggers in raw event streams, but
also maintains more stable appearance and geometric con-
sistency under weak textures and large viewpoint changes.

In addition, to assess the reliability of appearance obser-
vations under degraded conditions, we compare grayscale
camera frames with diffusion-restored intensity observations
on the running sequence of TUM-VIE (Fig. 5). Under low-
light or HDR scenarios with abrupt illumination changes,
frame-based grayscale images often suffer from under-/over-
exposure; under large motions, they exhibit severe motion
blur, which undermines the reliability of appearance super-
vision. Directly using such grayscale frames for tracking
or mapping can therefore lead to increased errors or even
failure. In contrast, diffusion-based intensity restoration takes
event streams as input and remains robust to extreme expo-
sure variations and high-speed motion, producing grayscale
observations with more stable exposure and clearer struc-
ture. As shown in Fig. 5, the diffusion-restored intensity
images exhibit improved structural sharpness and texture
consistency, with markedly reduced artifacts and motion blur.
The resulting intensity observations are thus more stable and
can be directly used for subsequent rendering optimization,
providing critical support for robust pose tracking and high-
quality mapping.

D. Ablation Studies

As shown in Table IV and Table V, ablation results
demonstrate that each component is crucial for both tracking
accuracy on TUM-VIE and mapping quality on Replica.
On the three TUM-VIE sequences, removing the diffusion-
based intensity restoration significantly increases trajectory
error, indicating that relying solely on coarse degraded inputs
cannot provide stable and reliable appearance supervision.
Removing the event accumulation also leads to a clear degra-
dation in tracking, highlighting the importance of change-
domain temporal constraints for improving observability and
suppressing drift. Disabling progressive refinement further
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reduces overall accuracy; in particular, on the more challeng-
ing mocap-6d sequence, the error increases from 1.04cm to
2.37 cm, validating its effectiveness in mitigating cascading
failures under large motions and sparse observations. For
mapping, on the Office0 scene of Replica, removing the
diffusion-based intensity restoration reduces PSNR from
22.43 to 18.24, with SSIM and LPIPS also deteriorating no-
ticeably. Removing either event accumulation or progressive
refinement similarly causes a significant drop in mapping
metrics, further confirming that each module contributes
to high-quality map reconstruction. Moreover, we compare
qualitative differences before and after ablation on a synthetic
dataset from [4], as shown in Fig. 6, where the full model
exhibits fewer holes and artifacts as well as more stable
texture and structural continuity under novel viewpoints,
consistent with the quantitative results.

V. CONCLUSIONS

We present EventGS, the first near real-time event-only
3DGS-SLAM system. Using only a monocular event camera,
EventGS enables robust tracking and incremental dense
mapping with 3D Gaussian Splatting. We introduce two
complementary constraints—appearance-domain rendering
supervision and change-domain consistency constraint—to
improve stability under weak-texture and HDR conditions.
We further employ an on-demand progressive refinement
strategy to enhance robustness under aggressive motions.
Experiments on both real-world and synthetic datasets show
that EventGS matches or outperforms existing methods in
terms of pose accuracy and renderable map quality.
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