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In this supplementary material, we provide the detailed
description of building coaxial frame-event dataset in Sec. 1.
Then, we further present the appearance-motion clustering
approach in Sec. 2. Next, we also provide several analysis
experiments about the proposed method in Sec. 3, including
continuous tracking of dynamic objects in Sec. 3.1, deblur
preprocessing in Sec. 3.2, Gaussian fusion strategy in Sec.
3.3, analysis of clustering loss in Sec. 3.4, weight sensitivity
in Sec. 3.5, efficiency of scene reconstruction in Sec. 3.6,
and description of limitation in Sec. 3.7. Finally, we provide
the qualitative comparison results on various datasets from
Sec. 4.1 to Sec. 4.4.

1. Coaxial Frame-Event Dataset

The prerequisite for utilizing frame images and event
stream to reconstruct dynamic scenes via Gaussian splatting
is to obtain the pixel-aligned frame and event data with
gyroscope. To this end, we build an optical coaxial frame-
event device with inertial measurement unit (IMU) in Fig.
1, and collect the paired frame-event data via two steps,
including time synchronization and spatial calibration.

Regarding the issue of time synchronization, we utilize
microcontroller to generate two pulses with different frequen-
cies but same timestamp as external trigger to synchronize
the time between frame and event cameras, including 30 Hz
for frame camera and 1MHz for event camera. Note that the
external pulse with the frequency of 30 Hz is also used to set
the timestamp of the gyroscope from IMU.

Regarding the issue of spatial calibration, we divide this
step into two sub-steps, i.e., frame-event spatial calibration
and frame-IMU spatial calibration. As for frame-event spa-
tial calibration, we first set up a physically coaxial optical
device with a beam splitter for frame and event cameras,
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Figure 1. Collection device and examples of the proposed dataset
CoFED. As for collection device, we build an optical coaxial frame-
event device with inertial measurement unit (IMU), where we use
microcontroller to achieve time synchronization between different
sensors. As for dataset, the proposed dataset CoFED includes
different dynamic scenes with pixel-aligned frame-event data.

which allows the same light to pass through the same lens
and enter different cameras, thus achieving the overall field
of view alignment. Next, we further perform a standard
stereo rectification between frame data and event data, and
then fine tune the slight calibration errors via pixel offset
[1]. As for frame-IMU spatial calibration, given a period,
we integrate IMU data to obtain the odometry, and perform a
typical SLAM algorithm [2] to estimate the frame-based vi-
sual odometry. Then, we construct the consistency constraint
between the two odometries to optimize the extrinsic parame-
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Figure 2. Illustration of appearance-motion clustering. We first
segment frames into superpixels as spatial appearance features, and
perform inner product on events to obtain correlation volumes as
temporal motion features. We then use K-Means to cluster these
spatiotemporal features to estimate the mask of the dynamic object.

ters between frame and IMU, which can be used to transform
the gyroscope sensor of IMU to the coordinate system of
frame camera. In this way, we can obtain the spatiotemporal
pixel-aligned frame images, event stream, and gyroscope
data. Furthermore, we utilize the coaxial optical device to
collect the pixel-aligned frame-event dataset with gyroscope,
which covers real complex scenes with various dynamic pat-
terns, e.g., low-dynamic motion and high-dynamic motion.

Regarding the issue of collected data, CoFED is a new dy-
namic scene reconstruction dataset with pixel-aligned frame
and event data. This dataset consists of 55 sequences from
various dynamic scenes, where each sequence contains about
200 images. As for the diversity of dynamic patterns, we
adjust frame rate and exposure time to capture the dynamic
objects with different speeds, thus obtaining low-dynamic
and high-dynamic patterns.

2. Description of Appearance-Motion Cluster

In Fig. 2, we illustrate the detailed process of the
appearance-motion clustering in dynamic scene disentangle-
ment module. Within a short period, given frame images and
corresponding event stream as input, we use SLIC algorithm
[3] to segment frame images into multiple superpixels as spa-
tial features containing appearance information, and perform
inner product on event stream to obtain multiple correlation
volumes as temporal features containing motion information.
Then, we measure the global similarity of spatial features
via Euclidean distance, and the local similarity of temporal
features via the motion consistency prior. Next, we intro-
duce K-Means [4] to cluster these spatiotemporal features
of dynamic scenes into different feature sets with specific
labels. Finally, we enforce softmax on these feature sets, and
integrate these labels to form masks of static background
and dynamic objects. Therefore, the proposed appearance-
motion clustering approach could effectively distinguish the
spatiotemporal features of dynamic scenes, which are disen-
tangled into dynamic objects and static background.

(a) Frame-only feature tracking

(b) Frame-event feature tracking

Figure 3. Visualization of continuous tracking. Dynamic object
shows discontinuous linear motion between frame images, while
event data enhances the continuous non-linear motion of the object.

Deblurring preprocessing PSNR ↑ SSIM ↑ LPIPS ↓
Ours w/o deblurring 26.74 0.84 0.30

Ours w/ frame-only DeblurGAN 27.02 0.85 0.28
Ours w/ frame-event GEM 27.68 0.87 0.26

Table 1. Discussion on various deblurring preprocessing strategies.

3. Discussion
3.1. Visualization of Continuous Tracking

In Fig. 3, we visualize the continuity of the track of
dynamic object based on frame images and event data. As-
suming that the dynamic object has a non-linear motion
pattern, the object shows discontinuous linear motion in the
frame image in Fig. 3 (a), while the event data can enhance
the continuous non-linear motion process of the object in
Fig. 3 (b). Therefore, the motion continuity at the imaging
level is conducive to the continuous tracking of the dynamic
object, thereby improving the accuracy of the initial position
of the subsequent object Gaussian representation.

3.2. Impact of Various Deblurring Preprocessing
In the dynamic scene disentanglement module of the

proposed framework, deblurring serves as a preprocessing
strategy and plays a role in dynamic scene reconstruction.
To validate the effectiveness of deblurring as a preprocessing
strategy, we analyze the impacts of unimodal frame-only
deblurring (e.g., DeblurGAN [5]) and multimodal frame-
event deblurring (e.g., GEM [6]) methods on dynamic scene
reconstruction in Table 1. First, deblurring preprocessing
can indeed improve scene reconstruction performance to
some extent. The main reason is that high-dynamic objects
can bring in potential motion blur in frame imaging, which
affects the matching and representation of spatiotemporal
features. Second, multimodal frame-event deblurring has a
significantly better impact on dynamic scene reconstruction
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Figure 4. The weight sensitivity of main model losses.

Fusion solution PSNR ↑ SSIM ↑ LPIPS ↓
Ours w/ additive 27.32 0.86 0.26

Ours w/ shadow-based weight 27.68 0.87 0.26

Table 2. Discussion on object Gaussian fusion solutions.

Metric
Object DBI [7] ↓ Background DBI [7] ↓

PSNR ↑ SSIM ↑
Spatial Temporal Spatial Temporal

w/o Lclu 0.57 0.48 0.39 0.73 26.03 0.80
w/ Lclu 0.24 0.15 0.12 0.27 27.68 0.87

Table 3. Impact of Lclu on clustering process and performance.

compared to unimodal frame-only deblurring. This is be-
cause frame images with low frame rate struggle to capture
the motion trends of high-dynamic objects, while event data
can capture continuous motion, facilitating the restoration
of motion blur for scene representation. Therefore, multi-
modal frame-event deblurring preprocessing strategy can
help improve dynamic scene reconstruction.

3.3. Choice of Fusion Solution
In Table 2, we compare the influences of different Gaus-

sian fusion solutions (e.g., additive fusion and shadow-based
weighting fusion) on the performance of high-dynamic scene
reconstruction. We can observe that shadow-based weight-
ing fusion strategy significantly outperforms direct additive
fusion. This is because shadows reflect the occlusion condi-
tions of dynamic objects and static background in a novel
view, and the corresponding weights are learned by a neu-
ral network to adaptively adjust the fusion between object
Gaussians and background Gaussians.

3.4. Analysis of Clustering Loss
In Table 3,We analyze the impact of Lclu on the cluster-

ing process and performance of Clusterformer, where we
use Davies-Bouldin Index [7] (DBI,↓) as the quantitative

Method Input PSNR ↑ SSIM ↑ Time ↓ FPS ↑ Storage ↓
E2NeRF [8] F+E 19.42 0.60 2 days 0.04 112 MB

E2GS [9] F+E 20.01 0.62 50 min 140.00 28 MB
TiNeuVox [10] F 18.11 0.54 28 min 1.50 48 MB

3DGS [11] F 17.08 0.54 10 min 170.00 10 MB
4DGS [12] F 18.29 0.55 8 min 82.00 18 MB

Ours F+E 23.57 0.69 15 min 70.00 24 MB

Table 4. Efficiency of scene reconstruction on Event-HyperNeRF.

indicator to evaluate the clustering performance. We can
observe that Lclu loss can effectively improve the clustering
ability of Clusterformer and promote overall performance.

3.5. Weight Sensitivity of Model Losses
To choose the optimal weight parameters, we conduct the

study on the weight sensitivity of the typical losses in Fig.
4, such as Lrecon, Lclu and Lconsis. In Fig. 4 (a), the recon-
struction loss Lrecon is robust to the training of the whole
framework. In Fig. 4 (b), the clustering consistency loss Lclu

is sensitive to the training process. As the weights increase,
the training curve collapses. In Fig. 4 (c), the larger the
weight of the spatiotemporal consistency loss Lconsis, the
more rapidly the training framework converges. Therefore,
we set the weights as [λ1, λ2, λ3]=[1.0, 0.01, 1.0].

3.6. Efficiency of Scene Reconstruction
In Table 4, we compare the scene reconstruction ef-

ficiency of different methods on the Event-HyperNeRF
dataset, including PSNR, SSIM, training time, rendering
speed, and model size. First, overall, the Gaussian splatting
methods require less training time for modeling scenes, less
inference time for rendering novel views, and smaller model
size. Second, the proposed multimodal method does have
slightly more computational resources than the unimodal
methods (e.g., 3DGS [11] and 4DGS [12]) but achieves
better scene reconstruction performance, while the computa-



Dataset
HyperNeRF [13] CED [14] N3DV [15] PanopticSports [16]

PSNR ↑ SSIM↑ Time↓ FPS↑ PSNR↑ SSIM↑ Time↓ FPS↑ PSNR ↑ SSIM↑ Time↓ FPS↑ PSNR↑ SSIM↑ Time↓ FPS↑
4DGS [12] 25.20 0.71 1.0 h 34 24.07 0.79 0.4 h 134 31.19 0.94 9.0 h 33 27.20 0.91 0.8 h 40

E-D3DGS [17] 25.53 0.70 1.3 h 140 24.68 0.81 1.1 h 210 31.27 0.94 2.1 h 75 26.97 0.90 0.6 h 120
Ours (S/J) 26.35 0.76 1.5/1.9 h 30 28.36 0.90 0.5/0.8 h 120 32.42 0.95 7.8/9.1 h 31 30.34 0.93 1.1/1.4 h 48

Table 5. Quantitative results on original public datasets. "S" is separate two-phase training, "J" is joint training.

(a) Ground Truth (c) Ours(b) 4DGS
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Figure 5. Limitation of the proposed method. The proposed method
performs well on reconstructing lateral dynamic object that moves
to camera along the x, y-axis, but suffers challenges for the radial
dynamic object that moves to camera along the z-axis.

tional resources are less than the multimodal method E2GS
[9]. Therefore, the proposed method achieves both real-time
and high-precision reconstruction of dynamic scenes.

3.7. Limitation
In Fig. 5, we further illustrate the reconstruction perfor-

mance of the proposed method for dynamic objects with dif-
ferent motion patterns, including lateral and radial dynamic
objects. Note that the former moves to the camera along
the x, y-axis, while the latter moves to the camera along the
z-axis. We can observe that the proposed method performs
well on reconstructing the lateral dynamic object, while suf-
fers challenges for the radial dynamic object. Specifically,
the rendered radial dynamic object appears similar to image
GT, but the corresponding depth is erroneous. This is be-
cause frame and event cameras can only capture x, y-axis
motion patterns, while the radial dynamic object makes the
two cameras ineffective for this z-axis special motion pat-
tern, thus causing the spatiotemporal features of the object
to resemble those of the background. In the future, we will
introduce LiDAR to assist the frame camera in modeling the

3D motion field to distinguish the x, y, z-axis spatiotemporal
features of dynamic scene.

4. Comparison Experiments
4.1. Comparison on Original Public Dataset

In Table 5,we compare the performance and efficiency
metrics (e.g., training time and FPS) of recent methods on
general original public datasets (e.g., HyperNeRF [13], CED
[14], N3DV [15] and PanopticSports [16]). We can observe
that the proposed method still performs better than the com-
peting methods, but the efficiency metrics are not the best.
The main reason is that the idea of spatiotemporal disentan-
glement is conducive to enhancing the spatiotemporal repre-
sentation of Gaussian for dynamic scenes, regardless of low-
or high-dynamic patterns. However, while the frame-event
fusion process will consume some additional computing re-
sources, it can ensure the reconstruction performance of the
high-dynamic scene. In addition, we also found that the
proposed method can be applied to different camera settings.
Among the four datasets we used for comparative experi-
ments, HyperNeRF and CED are monocular settings, while
N3DV and PanopticSports are multi-view settings.

4.2. Comparison on Synthetic Event Dataset
In Fig. 6, we provide more visualization results of the

competing methods on the synthetic event dataset Event-
HyperNeRF. First, dynamic scene reconstruction methods
significantly outperform static scene reconstruction meth-
ods. The main reason is that dynamic scene reconstruction
methods can model the temporal information of the scene.
Second, multimodal methods outperform unimodal meth-
ods, indicating that the complementary knowledge between
frame and event modalities helps improve the spatiotemporal
feature representation of dynamic scene.

4.3. Comparison on Real Event Dataset
In Fig. 7, we provide additional qualitative results of

competing methods on the real event dataset CED. For static
scene reconstruction, the multimodal frame-event method
significantly outperforms the unimodal frame-only method
in rendering the static background. This is because event
data helps improve the quality of frame images, thereby en-
hancing the reconstruction performance of the static parts
of the scene. For dynamic scene reconstruction, the pro-
posed multimodal method also significantly outperforms the



(a) Ground Truth (c) E2GS (F+E) (e) 4DGS (F) (f) Ours (F+E)(d) TiNeuVox (F)(b) 3DGS (F)

Figure 6. Visual comparison of novel view synthesis on synthetic Event-HyperNeRF dataset. “F” denotes frame and “E” denotes event.

(a) Ground Truth (c) E2GS (F+E) (e) 4DGS (F) (f) Ours (F+E)(d) TiNeuVox (F)(b) 3DGS (F)

Figure 7. Visual comparison of novel view synthesis on real CED dataset. “F” denotes frame and “E” denotes event.

unimodal frame-only method. The main reason is that the
proposed method leverages the advantages of both frame and
event data in spatiotemporal representation to distinguish
between high-dynamic objects and static background, thus
facilitating high-dynamic scene reconstruction.

4.4. Comparison on Real High-Dynamic Scenes

We further compare the competing methods on real high-
dynamic scenes from the proposed dataset CoFED. As

shown in Fig. 8, we can observe that all other compet-
ing methods exhibit the positional shifts of high-dynamic
objects, while the proposed method effectively render high-
dynamic objects with accurate positions. This demonstrates
that the proposed multimodal method with spatiotemporal
disentanglement fully leverages the superior spatiotemporal
knowledge of frames and events to reconstruct high-dynamic
objects and static background.



(a) Ground Truth (c) E2GS (F+E) (e) 4DGS (F) (f) Ours (F+E)(d) TiNeuVox (F)(b) 3DGS (F)

Figure 8. Visual comparison of novel view synthesis on the proposed CoFED dataset. “F” denotes frame and “E” denotes event.
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