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Abstract

Synthesizing novel space-time views from a monocular
video is a highly ill-posed problem, and its effectiveness re-
lies on accurately reconstructing motion and appearance of
the dynamic scene. Frame-based methods for novel space-
time view synthesis in dynamic scenes rely on simplistic mo-
tion assumptions due to the absence of inter-frame cues,
which makes them fall in complex motion. Event camera
captures inter-frame cues with high temporal resolution,
which makes it hold the promising potential to handle com-
plex motion. However, it is still difficult due to the event
noise and sparsity. To mitigate the impact caused by event
noise and sparsity, we propose E-NeMF, which alleviates
the impact of event noise with Parametric Motion Repre-
sentation and mitigates the event sparsity with Flow Predic-
tion Module. Experiments on multiple real-world datasets
demonstrate our superior performance in handling complex
motion. Codes will be released at https://github.com/zju-
bmi-lab/E-NeMF.

1. Introduction

Novel view synthesis [14, 21, 25, 30, 61, 65] in dynamic
scenes is a challenging and long-standing vision problem,
with applications in autonomous driving [28], games [40]
and entertainment [5]. Recently, several works [24, 38, 39,
51, 64, 70] have explored novel space-time synthesis of dy-
namic scenes from a monocular video, with the aim of syn-
thesizing novel views across both space and time. This en-
ables viewing dynamic scenes from arbitrary temporal and
spatial perspectives, offering a more comprehensive under-
standing of the scene and benefiting applications such as
virtual reality [3, 10] and slow motion generation [24].

Synthesizing novel space-time views from a monocular
video is a highly ill-posed problem, and its effectiveness

† Corresponding author.

relies on accurately reconstructing the scene motion, ap-
pearance, and geometry of the dynamic scene. However,
the absence of inter-frame information prevents the contin-
uous capture of motion, thereby hindering accurate dynamic
scene reconstruction. Previous approaches [24, 25, 38, 39]
mitigate this issue by imposing linear motion assumption,
yet they often yield unrealistic results when dealing with
complex motions, such as deformation or nonlinear motion
(shown in Fig. 1 Top 2⃝- 4⃝).

Event cameras [13] capture brightness changes asyn-
chronously, offering high temporal resolution and eliminat-
ing the inter-frame information loss found in frame-based
cameras. Thus, event cameras have great potential to enable
novel space-time synthesis in dynamic scenes with complex
motion. However, the presence of noise and the inherent
sparsity of the event streams affect the accuracy of motion
trajectory estimation, preventing existing event-based meth-
ods [33] from effectively achieving novel space-time view
synthesis (shown in Fig. 1, Bottom right).

In this paper, we propose Event-based Neural Motion
Field (E-NeMF), a framework designed for novel space-
time view synthesis in dynamic scenes. Using frames and
event streams, we optimize the motion trajectory, appear-
ance, and geometry of dynamic scenes, enabling the syn-
thesis of realistic novel space-time views. The optimization
of motion trajectory is guided by event streams, which are
grouped across temporal (for each point) and spatial (for
each moment) domains, respectively, to mitigate the impact
of event noise and event sparsity. Specifically, E-NeMF pre-
dicts motion trajectory for each spatial point, which holisti-
cally fits noisy events across the temporal domain using the
Parametric Motion Representation. To counteract the im-
pact of event sparsity, we propose a Flow Prediction Mod-
ule that converts the sparse event stream into dense opti-
cal flow. This optical flow is then used to refine and op-
timize the neural motion field. To enhance consistency in
novel space-time synthesis for complex motion, we align
information from neighboring temporal domains along the
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Reference points

Predicted Frames
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Motion trajectory

Object with Deformation① Linear Motion 
without Deformation

② Linear Motion
with Deformation

③ Nonlinear Motion 
without Deformation

④ Nonlinear Motion 
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Figure 1. Bottom left: Given a monocular video and the corresponding event streams, this paper addresses the problem of novel space-time
view synthesis, i.e., given the black boxes with event streams, output red boxes; Top: Illustration of complex motion. Case 2⃝ - 4⃝ represent
complex motion. Frame-based methods can only handle case 1⃝, while event-based methods fail on cases 2⃝- 4⃝ due to the lack of a proper
motion model. In contrast, our approach successfully handles all cases. Bottom right: Comparison of novel space-time synthesized results
with case 3⃝ and 4⃝. Compared to existing methods, our approach can effectively handle dynamic scenes with complex motion. From left
to right: real motion or ground truth, results from frame-based method [24, 38](1st row, 2nd row,respectively), event-based method [33],
and our method.

same motion trajectory. Extensive experiments demonstrate
that the proposed E-NeMF achieves state-of-the-art perfor-
mance compared to previous works.

The main contributions can be summarized as follows:
• We propose E-NeMF, which leverages events to guide

novel space-time view synthesis of dynamic scenes,
achieving state-of-the-art performance, especially for
scenes with high-speed and complex motion.

• We utilize a Parametric Motion Representation and in-
troduce a Flow Prediction Module to group event clues
across temporal and spatial domains respectively, mitigat-
ing the impact of event noise and sparsity for E-NeMF op-
timization, enabling more accurate motion trajectory es-
timation.

• We propose Temporal-Neighbor Alignment to ensure
consistency for complex motion in novel space-time syn-
thesis.

2. Related work
This section reviews the relevant works in event-based radi-
ance field and frame-based novel space-time view synthesis
in dynamic scene. Note that our reviews on frame-based
dynamic scene reconstruction only include the novel space-
time view synthesis methods from a monocular video.
Readers may refer to [26, 27, 32, 69] for more summaries
on static scene reconstruction , [12, 14, 41, 49, 54, 58, 60]

for more summaries on novel view synthesis methods, and
[1–3, 19, 23, 45, 47, 56, 68, 71] for more summaries on
dynamic scene reconstruction methods from multiple syn-
chronized input videos.

Event-based radiance field. Event-based radiance field
has attracted a lot of attention due to the high temporal res-
olution [7, 63] and high dynamic range [6, 8, 9] of event
camera, which originate from the bio-inspired design [36].
Some works [17, 18, 20, 31, 34, 44, 55, 62, 67] propose
only utilizing event streams to construct photometric con-
straints for optimizing neural radiance fields or 3D gaus-
sian representation. Some works [4, 11, 42, 59] leverage
blurry RGB images and events to train a sharp NeRF or
3DGS, effectively addressing image deblurring. However,
the aforementioned methods are limited to static scenes.
DE-NeRF [33], inspired by deformation-based NeRF, pre-
dicts warping vectors to map observation spaces in differ-
ent time to canonical space and optimize them with event
streams and frames. However, it performs poorly when
modeling slightly larger or complex motion due to event
noise and sparsity. In contrast, our approach can render
highly detailed scene content in novel space-time view-
points from dynamic scene with complex motion.

Frame-based space-time view synthesis in dynamic
scene. Recent works expand novel view synthesis from
observed time viewpoint to novel time viewpoint. The
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Figure 2. The proposed E-NeMF comprises three key module: Parametric Motion Representation, Flow Prediction Module, and Temporal-
neighbor Alignment, which address event noise, event sparsity, and enhance consistency for complex motion in novel space-time synthesis,
respectively. In this framework, the dynamic scenes is represented by two MLPs G{s,d}. One MLP Gd outputs motion information F , which
are converted into scene flow Sj−i

x through the Parametric Motion Representation. The scene flow Sj−i
x is then constrained by the optical

flow fi→j predicted by the Flow Prediction Module. Meanwhile, Temporal-Neighbor Alignment utilizes the scene flow Sj−i
x to align

information across neighboring temporal domains, ensuring motion consistency.

gaussian splatting-based method [64] smooths the motion
of the dynamic scene. Some methods [24, 25] further as-
sume that movement occurring between observed time in-
stances is linear, and enforce translating spatial points uni-
formly along straight lines in novel time. However, these
methods severely mismatch with non-linear motion types
such as quadratic motion, rotation, and deformation. Other
works [38, 39, 51] linearly interpolate the latent codes that
represent the motion in observed time, but these methods
still fail in some scenes including large motion or complex
motion due to the uncertainty of latent space. In general,
these frame-based approaches assume simplified motion
models due to the absence of visual information in novel
time, which limits their applicability in dynamic scene re-
construction where high-speed motion or complex motion
appears in novel time.

Instead, E-NeMF utilizes the inter-frame cues obtained
from event cameras, allowing it to render novel space-time
views from dynamic scenes without motion assumptions.

3. E-NeMF
Given a hybrid camera system that captures dynamic
scenes, we obtain a monocular video {I1, I2, ..., In} along
with the corresponding event streams E1→n. Our goal is
to leverage the event stream to assist monocular video in
synthesizing novel views across both space and time.

In Sec 3.1, we provide an overview of our proposed
method. Then, we detail how we address the noise and
sparsity issues in event streams in Sec 3.2 and Sec 3.3. In
Sec 3.4, we demonstrate how aligning neighboring time do-

mains ensures consistency for complex motion in a novel
space-time synthesis. Finally, Sec 3.5 presents how we fur-
ther optimize the dynamic NeRF.

3.1. Overview
The overview of our proposed method is shown in Fig. 2.
Similarly to existing dynamic NeRF methods [14], we em-
ploy two MLPs to represent dynamic scenes: one MLP Gs

models the static background, while another MLP Gd mod-
els the dynamic foreground. Given a spatial point x along
the ray r(u) = o+ud, which starts from the camera center
o along the direction d, and time t, the outputs of the two
MLPs can be expressed as:

F , σd, cd, b = Gd(x, t),

σs, cs = Gs(x,d),
(1)

where F represents the motion information, σ is the volume
density, c is the color, and b ∈ [0, 1] is the blending weight
to determine whether the spatial point belongs to the dy-
namic foreground or the static background. The final color
can be obtained through alpha blending:

Ĉ(r) =

∫ uf

un

T (u)σ(r(u))c(r(u))du,

T (u) = exp(−
∫ u

un

σ(r(s))ds),

(2)

where Ĉ can represent the final color Ĉfull, the color from
dynamic foreground Ĉd, or static background Ĉs. The
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Figure 3. The noise in event streams causes DE-NeRF [33] to
produce inaccurate motion trajectories. In contrast, our method
employs a parametric motion representation, effectively mitigating
the impact of event noise.

depth map D̂ can also be obtained through alpha blending:

D̂(r) =

∫ uf

un

T (u)σ(r(u))udu. (3)

Next, we describe how to optimize this dynamic NeRF
using event streams and frames.

3.2. Parametric Motion Representation
Event streams contain noises [57], which affect scene mo-
tion estimation and lead to temporally inconsistent results
due to noise fitting (shown in Fig. 3). A parametric rep-
resentation offers a potential solution to this issue. How-
ever, existing event-based parametric representations [16]
are built on the 2D pixel plane, which cannot directly repre-
sent scene motion in 3D.

Therefore, we propose a Bézier curve-based parametric
representation, which can effectively model scene motion.
Specifically, we represent the motion trajectory of a spatial
point x between the time intervals t − ∆t and t + ∆t us-
ing a Bézier curve, which is controlled by control points
{ϕl}Ll=−L. These control points correspond to motion in-
formation F in Eq. 1 and are generated by MLP Gd. The
Eq. 1 can be rewritten as:

{ϕl,t}Ll=−L, σ
d, cd, b = Gd(x, t). (4)

The motion trajectory of x over the time interval [t−∆t, t+
∆t] can be represented as:

ST
x,t = S(t′,x, {ϕl,t}Ll=−L), (5)

where t′ ∈ [−∆t,∆t] and the specific form of the function
S(·) is provided in the supplementary materials. Note that
St′

x,t actually represents the scene flow, which can be used to
generate 2D optical flow through alpha blending operation.

To maintain consistency in the motion representation
across spatial points on the same motion trajectory, we in-
troduce bidirectional constraints:

Lcurve = ||St′

x,t + S−t′

x+St′
x ,t+t′

||11. (6)

Figure 4. The sparsity of event streams leads to the absence of
motion information. We incorporate dense scene geometry infor-
mation from depth, thereby obtaining spatially dense motion in-
formation.

Under this configuration, even with a lower degree of para-
metric freedom (L ≤ 4), the Bézier curve remains capable
of effectively simulating complex motion processes1.

3.3. Flow Prediction Module
The sparsity of event streams results in insufficient infor-
mation for scene motion estimation (shown in Fig. 4). A
potential approach is to convert the event stream into dense
optical flow, providing supervision for scene motion estima-
tion. However, dynamic scenes pose a challenge for optical
flow estimation due to the motion inconsistency between
the foreground and background [29].

To address this, we propose a motion-static separation
approach for optical flow estimation that incorporates scene
depth.

Specifically, we decompose optical flow [50] into ego-
motion flow f ego

i→j and non-rigid residual flow f res
i→j :

fi→j = f ego
i→j + f res

i→j , (7)

where i → j represents the time interval from i to j.
The former is caused by camera motion, while the latter is
caused by the motion of objects in the scene. We then solve
for each component separately.

The ego-motion flow is estimated by utilizing the pro-
jection relationship between camera poses at different time
steps:

f ego
i→j(pi) = p′i→j − pi,

p′i→j = proj(K · P−1
j PiDi(pi)K

−1pi),
(8)

where pi denotes homogeneous coordinates of pixels in
frame Ii, P{i,j} are camera extrinsics at time i and j, K

1See supplementary material for demonstrations of complex motion
modeling with parametric motion representation.

10857



Figure 5. Quantitative ablations. we show rendered novel
views and novel space-time views from our method (a) without
Temporal-Neighbor Alignment, (b) with the full configuration.

is the camera intrinsic, proj(·) projects 3D coordinates to
the 2D image plane by normalizing the last dimension, and
Di is the depth map at time i.

Since sparse events contain both ego-motion flow and
non-rigid residual flow, separating them is a challenging
task. Therefore, we utilize a pretrained network from
DCEIFlow [53] as P2 to extract the non-rigid residual flow:

f res
i→j = P(Ei→j , Ii, f

ego
i→j), (9)

where the input to the network P includes event voxel grids
Ei→j

3, frames Ii, and ego-motion flow f ego
i→j .

By incorporating scene geometry information, we ad-
dress the challenges caused by the sparsity of the event
stream, generating dense optical flow. This flow serves as
a constraint for the scene flow Sj−i

x,i in Sec 3.2 and the loss
function can be represented as:

Lreproj =
∑
r

||f̂i→j(r)− fi→j(r)||11, (10)

where f̂i→j(r) is obtained by projecting Sj−i
x,i to view Pj at

time j through volume rendering:

f̂i→j(r) = proj(K · P−1
j · x′

i)− pi,

where x′
i =

∫ uf

un

T d(u)σd
i (xi + Sj−i

xi,i
)du.

(11)

This approach ultimately results in more accurate motion
estimation.

3.4. Temporal-neighbor Alignment
For novel space-time view synthesis in complex motion sce-
narios, maintaining consistency in motion and appearance
information across different viewpoints is essential. In this
section, we ensure the continuity of complex motion by
aligning scene dynamics across neighboring temporal do-
mains.

2For training details of the network, please refer to the supplementary
materials.

3Please refer to [37] for the method of converting the event stream into
event voxel grids.

We align neighboring temporal domains from two per-
spectives: appearance and motion. For appearance, the
availability of event streams allows for alignment at inter-
mediate time steps between frames. Therefore, we perform
alignment across neighboring temporal domains at both in-
termediate time steps and frame time steps. Specifically,
for a given spatial point xi,u along the ray r (xi = r(u) =
oi + udi), which starts from the camera center oi along the
direction di at time i, we establish the correspondence be-
tween time i and time j about the appearance and geometry
of dynamic scenes:

(σd
i→j , c

d
i→j , bi→j) = Gd(xi + Sj−i

xi,i
, j). (12)

Using the spatial point in time ti as an anchor, we retrieve
neighboring density and color information in time tj . These
retrieved density and color information are then warped to
the current time ti, and are formed to Ĉd

i→j utilizing stan-
dard NeRF volume rendering [35]:

Ĉd
i→j(r) =

∫ uf

un

T d(u)σd
i→jc

d
i→jdu, (13)

where T d(u) = exp(−
∫ u

un
σd
i→jds). The appearance con-

sistency loss can be expressed as:

Lalign c = ||Ĉd
i→j(r)− Ci(r)||22. (14)

However, appearance consistency alone does not guaran-
tee motion consistency. Therefore, we enforce consistency
in dynamic regions across neighboring temporal domains.
Specifically, we constrain bi→j and bj with bi and bj→i to
further maintain the consistency of the appearance of the
dynamic part:

Lalign b =
∑
u

||bi→j − bi||11 +
∑
u

||bj→i − bj ||11. (15)

The results in Fig. 5 demonstrate that aligning dynamic re-
gions ensures high-quality novel space-time view synthe-
sis, preserving consistency and realism across varying view-
points and time steps.

3.5. Optimization
In addition to the previously mentioned loss functions, we
introduce photometric loss, and implement regularization
schemes to prevent overfitting.

Photometric loss. Regarding the optimization of the dy-
namic scene representation in observed time, we minimize
the photometric loss Lrgb. Specifically, for the observed
time i and the corresponding view Pi, we predict the den-
sity and color of dynamic foreground and static background,
compute Ĉi = {Ĉs

i , Ĉ
d
i , Ĉ

full
i }, estimate per-frame motion
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mask Bi following [30], and compare them to the ground
truth color Ci:

Lrgb =
∑
r

(||(Ĉs
i (r)− Ci(r)) · (1−B(r))||22

+||Ĉd
i (r)− Ci(r)||22 + ||Ĉfull

i (r)− Ci(r)||22).
(16)

For the novel time j and the corresponding view Pj , we
predict the color and volume density of dynamic fore-
ground, compute Ĉd

j (r), and build event loss following
prior work [33]:

Aj(r) = Ci(r) · exp(
∑

e∈Ei→j
peτ),

Leve =
∑

r ||Ĉd
j (r)−Aj(r)||22.

(17)

Regularization. As noted in prior work, monocular re-
construction of complex dynamic scenes is highly ill-
posed [14, 24]. Therefore, we adopt regularization schemes
used in prior work [14], which consist of three main parts
Lreg = Lprior + Lmt + Lcpt. Lprior is a data-driven
term that constrains the geometry representation with the
monocular depth estimated from [43], constrains the ap-
pearance representation with the motion mask (we estimate
per-frame motion masks following [30]), and constrains the
scene dynamic representation with the optical flow esti-
mated from [48]. Lmt is a motion trajectory regularization
term that encourages estimated trajectory fields to be cycle-
consistent and spatial-temporally smooth. Lcpt is a com-
pactness prior that encourages the scene decomposition to
be binary via an entropy loss.

In summary, the final combined loss used to optimize our
main representation for space-time view synthesis is:

L = λrgbLrgb + λeveLeve + λreprojLreproj + λregLreg

+ λcurveLcurve + λalign cLalign c + λalign bLalign b.

(18)

4. Experiments
Following prior works, we report the rendering quality of
each method with three standard metrics: PSNR, SSIM, and
LPIPS.

4.1. Datasets and Baselines
Dataset with synthetic events. We evaluate our method
on the widely used Nvidia dynamic scene dataset [66],
which comprises 8 scenes with general motion captured
by 12 synchronized cameras. Following the previous
work [14], we initially extract a mono-view video from each
scene. Each video consists of 45 timestamps and the corre-
sponding 45 frames. Events for each video are generated
using [15]. We skip 3 frames for every four timestamps in
each scene, forming a new sequence as RGB input that con-
tains 12 frames.

Figure 6. HC-ERGB dataset. The frames and event streams are
both recorded by a DAVIS346C sensor.

Dataset with real events. We evaluate our method on two
datasets that contain dynamic scenes. a) HS-ERGB: We
evaluate our method to model deformation and motion on
High-Speed Events and RGB dataset [52], which includes
challenging dynamic scenes such as a rotating Umbrella as
well as a droping balloon. Note that in this dataset the cam-
era is static. This dataset provides high-resolution event
stream and RGB images. b) HC-ERGB dynamic scene
dataset (shown in Fig. 6): We collect a new dynamic scene
dataset with Events and RGB frames, which includes three
dynamic scenes with high-speed motion and complex mo-
tion. In this dataset the camera is moving, so it can be used
to evaluate novel space-time view synthesis.

Baselines. We compare our approach to state-of-the-art
monocular novel space-time synthesis methods. Specifi-
cally, we compare to three recent deformation–based meth-
ods which are Nerfies [38], HyperNeRF [39], and De-
formable 3DGS [64], and to two flow-based methods which
are NSFF [24] and DVS [14]. And we also compare our
approach with event-based method, DE-NeRF [33]. For the
comparison of novel view synthesis, we additionally com-
pare to two recent frame-based novel view synthesis meth-
ods which are MoSca [22] and DGM [46].

For fair comparisons, we use the same depth, the motion
segmentation masks, and the optical flow between adjacent
observed frames, which are obtained from the same pre-
trained model as prior work [14], used for our approach as
inputs to other comparison methods.

4.2. Comparison with State-of-the-Art Methods

Quantitative analysis. Quantitative results of novel view
synthesis and novel space-time view synthesis on Nvidia
dynamic scene datasets are shown in Table 1. Our approach
significantly improves over prior state-of-the-art methods in
terms of all error metrics. Notably, our approach improves
PSNR and structural similarity over entire scene upon the
second best methods. Our approach also reduces LPIPS er-
ror, a major indicator of perceptual quality compared with
real images. These results suggest that our framework is
much more effective at recovering highly detailed scene
contents.
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Figure 7. Qualitative comparison about novel space-time view synthesis between E-NeMF and state-of-the-art methods on the NVIDIA
dynamic scene dataset and HS-ERGB dynamic scene dataset.

GT DGM Mosca DVS D3DGS NSFF DE-NeRF

Fig. B Qualitative comparison on Novel view synthesis in the NVID
scene dataset. DGM and MOSCA are newly added comparison 

Ours

Figure 8. Qualitative comparison about novel view synthesis between E-NeMF and state-of-the-art methods on NVIDIA dynamic scene
dataset.

Qualitative analysis. We provide qualitative comparison
between our approach and state-of-the-art methods [14, 24,
33, 64] on test views from six scenes in Fig. 7, Fig. 8, and
Fig. 9. Prior frame-based methods have difficulty rendering
details of moving objects in novel space-time viewpoints,
as seen in the excessively blurred dynamic content, includ-
ing the texture of umbrella, human faces, and fast-moving
human body. In contrast, our approach synthesizes photo-
realistic novel space-time views and novel views of both
static and dynamic scene content which are closest to the
ground truth images.

Motion trajectory visualization. We show the visual re-
sult of scene dynamics with prior state-of-the-art frame-
based method [24] and event-based method [33] (shown in
Fig. 10). It can be observed that frame-based method yields
unrealistic scene dynamics due to the lack of inter-frame
motion information, while DE-NeRF suffers from inaccu-
racies in scene dynamics due to the effects of event noise
and sparsity. In contrast, our method provides more accu-
rate scene dynamics.

Table 1. Comparison of PSNR, SSIM, and LPIPS across different
methods on novel view synthesis and novel space-time view syn-
thesis.

Novel View Novel Space-Time View

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
D3DGS [64] 22.29 0.7015 0.166 24.99 0.8224 0.094
Nerfies [38] 16.15 0.3092 0.345 18.74 0.4568 0.222
HyperNeRF [39] 16.10 0.3111 0.340 18.71 0.4588 0.205
NSFF [24] 25.37 0.8457 0.100 27.50 0.8801 0.087
DVS [14] 25.09 0.8418 0.140 20.85 0.5591 0.186
DGM [46] 21.71 0.7475 0.187 – – –
MoSca [22] 24.52 0.8466 0.127 – – –
DE-NeRF [33] 18.51 0.4257 0.331 22.67 0.6369 0.224

Ours 26.51 0.8542 0.087 28.79 0.8907 0.100

4.3. Ablation study
Effectiveness of Parametric Motion Representation.
To validate the effectiveness of Parametric Motion Repre-
sentation (PMR), we design an experiment without PMR.
Specially, we change PMR to the general motion represen-
tation in [14], and remain event loss. From the first row of
Tab. 2, it can be seen that the synthesis quality degrades sig-
nificantly without the parametric motion trajectory, which
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GT OursNSFFDVS DE-NeRFD-3DGS

Figure 9. Qualitative result of novel space-time view synthesis between E-NeMF and state-of-the-art methods on the HC-ERGB dataset.

Figure 10. Motion trajectory visualization on NVIDIA Dataset.
We overlay their predicted 3D tracks on top of the real images. The
NSFF [24] method, lacking event information, estimates motion
using a piecewise linear approach. Meanwhile, DE-NeRF [33] in-
corporates event streams but fails to model motion properly, lead-
ing to oscillations in the motion trajectory. Our method leverages
event information while explicitly modeling motion, resulting in a
smooth and continuous motion trajectory.

Table 2. Quantitative comparison of novel space-time view syn-
thesis among different alternatives of our method on NVIDIA
dataset.

PSNR SSIM LPIPS

A) w/o PMR 25.24 0.7839 0.164
B) w/o FPM 27.11 0.8493 0.130
C) w/o Lalign 27.74 0.8580 0.122

Ours 28.79 0.8907 0.100

demonstrates the value of the parametric motion represen-
tation in scene dynamics prediction in novel time.

Effectiveness of Flow Prediction Module. To assess the
effectiveness of Flow Prediction Module (FPM), we design
an experiment without FPM, and compare the result with
our method. As demonstrated in the second row of Tab. 2,
the synthesis quality of the full region degrades obviously.
As shown in the right part of Fig. 4, FPM compensates for
the missing motion information in dynamic regions caused
by sparse events, thereby enhancing their rendering quality.

Effectiveness of Temporal-Neighbor Alignment. To as-
sess the effectiveness of Temporal-Neighbor Alignment
(TNA), we design an experiment without TNA, and com-
pare the result with our method. As demonstrated in the
third row of Tab. 2, the synthesis quality degrades obvi-
ously. As shown in Fig. 5, TNA significantly restores ap-
pearance at novel timestamps (shown in the second col-
umn), which also leads to improved rendering quality at the
input timestamps (shown in the first column).

5. Conclusion
This paper proposes E-NeMF to address novel space-time
view synthesis utilizing event camera. Thanks to the para-
metric motion field and flow prediction module, E-NeMF
can mitigate the impact of event noise and sparsity, and
thereby handle high-speed or complex motion.
Limitations. First, although our method mitigates the im-
pact on the 3D scene dynamics caused by the event noise,
the event noise also introduces color artifacts (see the qual-
itative result of our method in the second row of Fig. 9).
Second, for high degrees of freedom motions that occur
over extremely short time periods, such as tuning fork vi-
brations, parametric motion representations may struggle to
adequately capture the dynamics.
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