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Abstract

High spatio-temporal resolution novel-view scene render-
ing is crucial for applications such as sports analysis and
scientific experiments. However, existing Dynamic Scene
Rendering (DSR) approaches typically rely on conventional
RGB cameras with limited frame rates, making it diffi-
cult to achieve high spatio-temporal resolution. In this pa-
per, we present BulletTime4D, a high spatio-temporal res-
olution DSR framework, which is the first trial to inte-
grate a spike camera with binocular RGB cameras for dy-
namic scene reconstruction. Specifically, we first develop
a hybrid camera prototype and build a real-world dynamic
scene reconstruction dataset. Then, BulletTime4D presents
a multi-timescale deformation representation by combining
low-frequency spatio-temporal features with high-frequency
inter-frame motion features. Finally, a rendering network is
designed capable of projecting 4D Gaussians into the spike
domain for spike rendering, and a cross-domain supervi-
sion strategy is proposed to achieve high-frame-rate texture
and color rendering. The results show that BulletTime4D
outperforms state-of-the-art methods on both simulated and
real-world datasets. In addition, BulletTime4D can synthesize
300 FPS novel-view renderings using stereo RGB cameras at
30 FPS and a single spike camera.

Extended version —
https://github.com/changyq12/BulletTime4D.git

Introduction

Dynamic Scene Rendering (DSR) aims to synthesize im-
ages from arbitrary viewpoints and timestamps of a dy-
namic scene. With the advent of Neural Radiance Fields
(NeRF) (Mildenhall et al. 2021) and 3D Gaussian Splat-
ting (3DGS) (Kerbl et al. 2023), DSR methods have greatly
improved in quality and diversity. This ongoing progress in
DSR has enabled the capture and analysis of object motion
from a 3D perspective, especially in applications like sports
analysis and scientific experiments.

Existing DSR methods primarily rely on conventional
RGB cameras, which may struggle to achieve high-precision
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Figure 1: (a) Our hybrid camera system that combines stereo
RGB cameras for capturing high-resolution frames with
a spike camera for recording ultra-high-speed continuous
spike streams. (b) Our BulletTime4D generates high-quality
dynamic novel-view synthesis with both high spatial and
temporal resolution.

reconstruction in high-speed dynamic scenes. A common
approach involves using a single moving camera to capture
multi-view information, but this requires prior knowledge
of the camera’s motion trajectory. In contrast, stereo camera
setups leverage two-view spatial information, enabling more
accurate depth estimation and improved dynamic scene re-
construction. While these frame-based DSR methods (Cao
and Johnson 2023; Shao et al. 2023) achieve high spatial
resolution in rendering, they depend on low frame rates and
suffer from a sharp decline in accuracy under fast motion or
blur. As a result, developing new paradigms to overcome the
limitations of conventional stereo cameras for high-speed
dynamic scene reconstruction remains an open issue.

Spike cameras (Zhu et al. 2019), mimicking the sampling
mechanism of the retina, can capture moving scenes at ultra-
high temporal frequency. These cameras generate a “spike”
when the accumulated photons at a pixel exceed a thresh-
old, enabling a frame-free imaging paradigm that preserves
fine visual textures. With a temporal sampling frequency of



up to 20,000 Hz, spike cameras are well-suited for various
high-speed vision tasks. However, they suffer from relatively
low spatial resolution (e.g., Vidar camera with 400x250
pixels). While some spike-based DSR methods (Guo et al.
2024; Zhang et al. 2024; Zhu et al. 2024) attempt to syn-
thesize novel viewpoints, most existing approaches focus on
static scene reconstruction. Thus, leveraging spike cameras
for high spatio-temporal dynamic scene reconstruction re-
mains a largely unexplored challenge.

To address the aforementioned problems, we present Bul-
letTime4D, a high spatio-temporal resolution DSR frame-
work, which is the first trial to integrate a spike camera with
binocular RGB cameras for dynamic scene reconstruction
(see Fig. 1). In fact, the goal of this work is not to design a
state-of-the-art frame-based DSR method. On the contrary,
we aim at overcoming following challenges: (i) Lack of cam-
era setup and dataset — How could we establish a hybrid
camera prototype that could simultaneously capture multi-
ple visual streams from a spike camera and stereo RGB cam-
eras? (ii) Effective model — How to effectively model 3D dy-
namic scenes at high spatio-temporal resolution? (iii) Proper
supervision - How to constrain novel-view rendering at in-
termediate timestamps where RGB observations are absent?

Toward this end, we first develop a prototype hybrid cam-
era system and establish a real-world high spatio-temporal
dynamic scene reconstruction dataset. Then, our Bullet-
Time4D presents a multi-timescale deformation represen-
tation by combining low-frequency spatio-temporal fea-
tures with high-frequency inter-frame motion features. Fi-
nally, a rendering network is designed capable of project-
ing 4D Gaussians into the spike domain for spike render-
ing, and a cross-domain supervision strategy is proposed
to achieve high-frame-rate texture and color rendering. Ex-
perimental results demonstrate that our BulletTime4D out-
performs state-of-the-art methods on both simulated and
real-world datasets, showing its capability to reconstruct
high-quality novel view images with high spatio-temporal
resolution. In addition, our BulletTime4D can synthesize
300 FPS novel-view renderings using stereo RGB cameras
at 30 FPS and a single spike camera. We believe that the
novel problem setting will attract further research into this
newly identified, yet crucial research direction.

In summary, the main contributions of this work are:

* We propose BulletTime4D, a novel high spatio-temporal
resolution dynamic scene reconstruction framework (i.e.,
), which first integrates a spike camera with binocular
RGB cameras to synthesize arbitrary novel viewpoints.

* We present an effective multi-timescale DSR representa-
tion that makes complementary use of hybrid cameras to
achieve high spatio-temporal resolution rendering.

* We design a dynamic spike rendering module that
projects 4D Gaussians into the spike domain, coupled
with a cross-domain supervision strategy to synthesize
texture and color at high temporal resolution.

* We build a high spatio-temporal resolution DSR dataset
using our hybrid camera system, and we believe this stan-
dardized resource will open new opportunities for re-
search on this challenging problem.
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Related Works
Dynamic Scene Rendering on Traditional Cameras

DSR aims to render images from any desired viewpoint
and timestamp of a dynamic scene. With the emergence of
NeRF (Mildenhall et al. 2021) and 3DGS (Kerbl et al. 2023),
the quality of DSR methods has improved significantly, ac-
companied by a flourishing diversity of methodological de-
velopments. DSR methods based on NeRF (Mildenhall et al.
2021) are renowned for their implicit neural scene represen-
tation capability. D-NeRF (Pumarola et al. 2021) learns a
deformation network that maps all scene deformations to a
canonical configuration, achieving high-quality novel views
for synthetic datasets. For real-world datasets captured with
handheld cameras, Nerfies (Park et al. 2021a) and HyperN-
eRF (Park et al. 2021b) use per-frame trainable deformation
codes, instead of time conditions, to deform the canonical
space. Besides, DSR methods based on 3DGS (Kerbl et al.
2023) could significantly boost the rendering speed to a real-
time level with the best quality. D3DGS (Yang et al. 2024)
uses an MLP to learn the mapping between the center po-
sition and timestamps to the offset of dynamic 3D Gaus-
sians in canonical space. 4DGS (Wu et al. 2024a) uses Hex-
plane to encode and a multi-head Gaussian deformation for
decoding. Real-time 4DGS (Yang et al. 2023) decomposes
the 4D Gaussian into a time-conditioned 3D Gaussian and a
marginal 1D Gaussian. SwingGS (Shaw et al. 2024) intro-
duces a novel paradigm for dynamic scene rendering with
temporally local canonical spaces defined in a sliding win-
dow fashion. E-D3DGS (Bae et al. 2024) defines the defor-
mation as a function of per-Gaussian embeddings and tem-
poral embeddings. However, these frame-based DSR meth-
ods may struggle to produce high-quality renderings in high-
speed motion scenarios due to the inherent frame rate limi-
tations of conventional RGB cameras.

Novel View Synthesis on Neuromorphic Cameras

Neuromorphic sensors (e.g., spike cameras (Dong, Huang,
and Tian 2021) and event cameras (Gallego et al. 2020)),
with their high temporal resolution, have been effectively
employed for novel view synthesis in high-speed motion
scenarios. For the event camera, EventNeRF (Rudnev et al.
2023), Ev-NeRF (Hwang, Kim, and Kim 2023), and other
works (Wu et al. 2024b; Xiong et al. 2024) have explored the
reconstruction of a 3D representation from a rapidly mov-
ing event camera. More recently, Evagaussians (Yu et al.
2024b) and Eadeblur-gs (Weng et al. 2024) have fused event
data and blurry frames to reconstruct high-quality images.
However, event cameras could only record relative changes
in light intensity. So all these event-based approaches yield
limited results due to the absence of texture details in event
data. In contrast, for the spike camera, each pixel could
respond independently to the accumulation of photons by
generating spikes. It records full visual details with ultra-
high temporal resolution (i.e., 20,000 Hz). SpikeNeRF (Zhu
etal. 2024) and Spike-NeRF (Guo et al. 2024) have achieved
higher 3D scene reconstruction quality by combining spike
streams and NeRF. In the field of 3DGS, SpikeGS (Yu et al.
2024a) reconstructed view synthesis results from a continu-



ous spike stream. In a harder setting, SpikeNVS (Dai et al.
2024) reconstructed static scenes via a moving synchronized
spike-RGB camera, then SpikeGS (Guo et al. 2025) went
further with Bayer-pattern spike streams from a color spike
camera, Spike4dDGS (Ye et al. 2025) deployed 4D Gaussian
on multi-view spike cameras. However, there is no estab-
lished spike-based method for addressing the challenge of
rendering dynamic scenes at high spatio-temporal resolu-
tion. On this basis, this work proposes a novel hybrid DSR
method to achieve high spatio-temporal resolution for DSR.

Preliminary

4D Gaussian Splatting. Gaussian Splatting (Wu et al.
2024a) has been widely used for rendering dynamic scenes.
It proposes a network that learns the Gaussian deformation
field to predict the deformation of each 3D Gaussian. For
input 3D Gaussian G and time ¢, a spatio-temporal structure
encoder £ and a multi-head Gaussian deformation decoder
D are used for calculating the deformations AG as:

AG = D(E(G, 1)). M)

Spike Camera Sampling. Spike camera is a bio-inspired
sensor which records and converts the absolute light inten-
sity at a fairly high frame rate (up to 20,000 Hz) into ac-
cumulated voltage through photoreceptors (Zhu et al. 2019;
Dong et al. 2019). If the accumulated voltage V' reaches the
scheduling threshold ©, a spike will be triggered and V is
reset to zero. It can be formulated as follows:

t
V(t) = / o - L(t)dt mod®, 2)
ts
where L(t) represents the instant light intensity at time ¢, ¢
is the moment when the previous spike was emitted, and o
is the constant photoelectric conversion coefficient.

Camera Prototype and Dataset

Spike-Guided Stereo Camera System. To simultaneously
acquire high-resolution stereo vision information and high-
frame-rate texture variation details, we carefully design an
experimental setup for capturing. As shown in Fig. 2, we de-
velop a spike-guided stereo capturing device, which consists
of a bio-inspired spike camera and two optical RGB cam-
eras. More Specifically, our hybrid camera prototype com-
bines a spike camera (20,000 Hz and 400x250 resolution)
and an optical RGB camera (30 FPS and 1080x 720 reso-
lution) using a beam splitter, which separates the incoming
light and directs it to two sensors with spatial consistency.
This hybrid camera could simultaneously acquire continu-
ous spike streams and discrete RGB frames, ensuring their
spatiotemporal synchronization. Then, we deploy another
optical RGB camera and arrange it with the Spike-RGB syn-
chronized camera in a stereo configuration. We use the data
captured from stereo view to estimate an initial point cloud
and train a dynamic 3D Gaussian. In addition, a high-speed
optical RGB camera (300 FPS and 1080x720 resolution)
is utilized for the evaluation of novel view synthesis. During
the data collection process, temporally synchronized record-
ings are made from all cameras, ensuring that motion is con-
sistently represented across different camera views.

RGB Camera
30fps, 720p -

1 Spike Camera
3 20kHz,400%250.

3D Initialization

Figure 2: Our spike-guided stereo camera system. We place
a high-speed object in front of our proposed capturing de-
vice to obtain RGB images and spike streams. After annota-
tion and 3D initialization, we build benchmarks for the high
spatio-temporal resolution DSR task.

Real-world and Synthetic Dataset. To establish a com-
prehensive evaluation benchmark, we construct two DSR
datasets encompassing both real-world high-speed motion
scenes and highly synthetic environments. For real-world
dataset, we select small fast-moving objects with notice-
able texture variations, such as rotating turntables and spin-
ning cubes. To better evaluate texture reconstruction qual-
ity during motion, we add textual patterns to the object sur-
faces. During data collection, the capturing setup remains
fixed while the object moves in front of it. Each sequence
records approximately two seconds of motion to generate
training and testing sets. For synthetic dataset, we simulate
a virtual setup that mirrors the real-world device. To ex-
plore more semantically meaningful scenarios, we include
animated human characters performing various fast motions
such as dancing and swinging. Each synthetic sequence also
spans around two seconds. The final DSR datasets consist of
more than ten real-world moving objects and synthetic ani-
mated human sequences. We process the collected data us-
ing DUST3R (Wang et al. 2024) to obtain initial point clouds
and camera poses for each sequence, and we provide anno-
tations for training and testing splits.

Method

Overview

We aim to achieve dynamic scene rendering (DSR) at high
spatio-temporal resolution using spike-guided stereo vision.
To this end, we propose a novel DSR method called Bullet-
Time4D, which could be formulated as:

Ct = Mp{S,(C1, V), (Co,Va), . Vil )

where M p refers to the proposed BulletTime4D model.
S is the captured spike streams, (C1, V1) and (Cz, Vo) are
the captured RGB frames and viewpoint for training, ¢ and
Vili € {1,2,3} are the target time and view for rendering.
C? is the rendered image from BulletTime4D, which is ex-
pected to achieve performance comparable to high spatio-
temporal resolution benchmarks.

To achieve the goal, our BulletTime4D focuses on ad-
dressing the two critical challenges:
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Figure 3: The main framework of our proposed BulletTime4D. BulletTime4D first presents a Multi-timescale Deformation
Representation by combining low-frequency spatio-temporal features with high-frequency inter-frame motion features. Then,
a Dynamic Spike Rendering Module is designed to be capable of projecting 4D Gaussians into the spike domain for spike
rendering, followed by a Cross-domain Supervision strategy to achieve high-frame-rate texture and color rendering.

* Q1: How to effectively model the 3D dynamic scenes at
high spatial-temporal resolution?

* Q2: How to constrain novel-view rendering at intermedi-
ate timestamps where low-frequency RGB frames obser-
vations are absent?

Multi-Scale Deformation Representation

To solve the challenge Q1, we characterize scene motion
across two temporal scales: coarse and fine.

¢ Coarse-scale Deformation is achieved by training a dy-
namic Gaussian field based on RGB keyframes, which
primarily captures the relatively stable or slow-changing
components of objects or scenes.

Fine-scale Deformation focuses on high-speed mo-
tion details and sharp variations. It refines the positions
and attributes of Gaussians between two consecutive
keyframe times using spike data, thereby generating sup-
plemental deformations.

Through joint training, our proposed multi-scale deforma-
tion representation could capture the overall motion trajec-
tory at the coarse temporal scale and compensate for high-
speed motion blur and distortion at the fine temporal scale,
enabling high spatio-temporal resolution rendering.

Coarse-scale Deformation Representation. Specifically,
for a given target time ¢ and canonical Gaussians G, a dedi-
cated spatial-temporal feature could be extracted via a multi-
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scale deformation network:
f = E9(X, 1) + E7(S 1), )

where £¢ and £/ are the deformation encoders at coarse-
scale and fine-scale, X is the position of Gaussians G, S is a
part of the spike stream S surrounding time ¢, and f" is the
proposed multi-Scale deformation representation.

For £¢, we employ the same spatial-temporal structure en-
coder as Eq. 1, which contains a small MLP ¢4 and a multi-
resolution HexPlane H.:

15 = £°(X,1) = da(H(X, 1)),
where f is the coarse-scale deformation representation.
Fine-scale Deformation Representation. For £ f. we ex-
tract the texture features of the spike stream around time
t and utilize a Transformer (Vaswani et al. 2017) to infer
the temporal relationship between texture features, therefore

generating supplemental motion details.
Firstly, we obtain spike streams surrounding time ¢:

S=8[T\: Ty, (6)

where 7 and 75 are the two nearest RGB frame timestamps
surrounding the target time ¢, and S[T : T5] means the cap-
tured spike stream from time T} to 75.

Next, a trained convolution network ® (with frozen pa-
rameters) is utilized for extracting texture features from each
spike in the stream S:

Jrea (i) = ®(S[ti]),

(&)

@)



where t; € [T, T3] and the texture features fy.,.(¢) extracted
from each spike form a feature sequence Flex.

To extract detailed temporal variation features at the tar-
get time ¢, we first encode the texture feature sequence and
target time as tokens:
= Ftex + PE(Ftem)a Qg = PE(t)v

-=€

F ®)

where PE(+) is the sinusoidal positional encoding. Then, a
Multi-Head Attention (MHA) is applied to capture temporal
correlations in the spike stream features Fy, ., followed by a
Cross Attention (CA) for predicting the motion dynamics at

query time ¢:

tex

£ = CA(MHA(F,,), Q%) ©)

where f CJ; is the fine-scale deformation representation.
Finally, we could get the multi-scale deformation repre-

sentation:
7= f5+ 1 (10)

This deformation representation would be sent to the multi-
head Gaussian deformation decoder in Eq. 1 to get a high
spatio-temporal-resolution deformable Gaussian field G;.

Dynamic Spike Rendering Module

To solve the challenge Q2, we need to leverage the real
continuous spike stream between two low-frame-rate RGB
frames as supervision, compensating for the absence of
ground-truth RGB in intermediate frame rendering. How-
ever, to the best of our knowledge, there are currently few
end-to-end method that directly renders dynamic Gaussians
into spike streams. Therefore, we propose a dynamic spike
rendering module that projects the deformable Gaussian
into the spike domain and renders spike information directly.

Specifically, due to the use of a beam splitter, the light
beams reaching the spike camera and the RGB camera at
view V; have identical intensity, which could be obtained
through Gaussian rasterization: G;:

i—1
I(t) =Y cia; [ (1 = o), (1)
[ j=1

where ¢! and a! are the color and density of the i-th Gaus-
sian in the deformable Gaussian field G;.

Then, due to the intrinsic parameters, the actual light in-
tensity received by the spike camera should be modified by
changing the resolution and adding sensor noise:

I°(t) = Downsample(I(t)), (12)
fg 1
() == — +N.,  (13)
TN, TN T Vrnu Ny

where I%(t) is the actual light intensity received by the
spike camera, Downsample(-) means downsampling the
light intensity from RGB resolution to spike resolution.
@, is the relative quantity matrix of electric charge, N,
Ng,Nyrnu,Ng, and N, represent shot noise, dark current
noise, response nonuniformity noise, quantization noise, and
truncation noise, respectively (Zhu et al. 2023).
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According to the sampling mechanism of spike cameras,
the spike data at ¢ is accumulated and fired from the con-
tinuous light intensities in a time interval (¢ — 7,¢). We
have proved in the appendix that this accumulation and fir-
ing process could be simulated by using a spike neuron
named Integrate-and-Fire (IF) (Gerstner et al. 2014; Fang
et al. 2021): .

S(t) = F(T°(t — 7,1)), (14)

where T°(t —7,t) = {I*(t — ), ..., I*(t)} is the light inten-
sity sequence. Since the time interval 7 is extremely short,
the dynamic scene could be approximately seen as static dur-
ing this period:

I(t—7t) = {I°(8).. I°(0)},

where {I5(t)...,I*(t)} is a sequence with mn unchanged
light intensities, m is a preset number. Thus, we could cal-
culate the final rendered spike data:

S(t) ~ IF({I°(t)..., I*(t)}).

15)

(16)

Cross-domain Supervisions

Spike Supervision on the Specific View. In the view V7, our
Spike-RGB Stereo Camera could capture real spike data at
a high frame rate. Therefore, we project the dynamic Gaus-
sians onto this view to render the corresponding spike infor-
mation and compare the rendered 2D spike output with the
actual captured 2D spike stream, serving as a spike texture
supervision for high-frame-rate motion:

LPre =[1S(t) - St)|h,

where S(t) is the captured spike at time ¢ in view V7.
Optical Supervision on Each View. Since our goal is to
render high spatio-temporal resolution color images, color
constraints are also needed in addition to motion texture con-
straints. However, the RGB images at high frame rates are
absent, so we use frame interpolation to provide approxi-
mate color supervision.

Specifically, we first extract the two nearest RGB frame
timestamps surrounding the target time ¢ as 77 and 75. For
view V}, its RGB frames at time 7} and T could be captured
from the optical camera and defined as CiT ! and C’iT 2. We use
the video interpolation method RIFE (Huang et al. 2022) to

generate the interpolated image C’f at time ¢:
C! = RIFE(C*,CT2 ¢), (18)

E:(t—Tl)/(TQ—T1)7t€ (Tl,TQ), (19)

where RIFE(-) is the trained interpolation network and e is
the coefficient of linear interpolation.

It is important to note that the interpolated image is gen-
erated via linear interpolation from low-frame-rate RGB im-
ages, which cannot faithfully capture the fine-grained mo-
tion details and texture variations present in true high-frame-
rate imagery. Therefore, we apply average pooling to the
interpolated image, divide it into multiple patches, and use
only the average color of each patch as a block supervision:

E?ptical _ HAVGPOOMC’E) - Avepool(é'f)|\1, (20)

a7
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Figure 4: Quantitative comparison with other methods on the dataset of our real-world and synthetic datasets. We mainly
compare our method with some SOTA approaches. In contrast, our method delivers both superior outlines and clear details.

Therefore, the final loss of our BulletTime4D is:

LBulletaD = Eipike + ﬁ?ptical 4 lrame (21)
Lyame = g ||CE— |y, (22)

[ Lifte{Ty, Ty,..},
p= { 0,if t ¢ {T1, Ts,..}, (23)

where {T7,T»,...} means the time sequence for low-
frequency RGB frames and C! is the captured real RGB
frames in view V; at time .

Experiments
Experimental Setups

Competitors. Due to the relative lack of specific methods
for dynamic novel view synthesis at high spatio-temporal
resolution, we deploy the comparison using some two-stage
rendering approaches. First, we choose some direct inter-
frame generation approaches: “Repeat” (extending a video
from 30fps to 300fps by repeating each frame 10 times),
“Interpolate” (using the frame interpolation method such as
SimpleFlow (Tao et al. 2012) and RIFE (Huang et al. 2022)),
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“Spike2img + Color” (using spike information to synthe-
size grayscale images such as TFI, TFP (Zhu et al. 2019)
and deploy ColorTransfer (Reinhard et al. 2002)), and None
(keeping the inter-frame as empty information), and then
use them to generate inter-frame RGB frames at the target
high frequency for training. Second, we conduct SOTA dy-
namic scene rendering approaches on these generated train-
ing frames. We choose 4DGS (Wu et al. 2024a) and E-
D3DGS (Bae et al. 2024). All experiments are deployed on
our proposed real-world and synthetic datasets.

Implementation Details. Firstly, we use the multi-scale
deformation representation to get a dedicated deformable
Gaussian. The ¢, is a one-layer MLP with an output dimen-
sion of 256. We choose the ResNet50 (He et al. 2016) as
the trained convolution network. For the Transformer, the
dimension of the PE is 256. The MHA encoder uses 4 heads
with 512-dimensional forward features. The dimension of
the temporal query and output of the CA decoder is 256.
Secondly, a dynamic spike rendering module is utilized to
project the deformable Gaussian field into the spike domain
and render spike information directly. We use the bilinear
interpolation as the method for downsampling. The parame-
ters of spike camera noises are obtained by capturing a uni-



Methods | PSNRT  SSIMt  LPIPS|
4DGS 17.83 84.0 0.313
+ Repeat 18.04 84.2 0.311
+ Interpolate 18.45 84.5 0.309
+ Spike2img + Color | 18.95 85.1 0.306
E-D3DGS 18.08 84.3 0.311
+ Repeat 18.15 84.3 0.310
+ Interpolate 18.82 84.9 0.307
+ Spike2img + Color | 19.25 85.3 0.303
Ours | 20.12 86.3 0.297

Table 1: Average quantitative evaluation on the real-world
dataset.Unit: PSNR-dB 1, SSIM 1, LPIPS |.

Methods | PSNRT SSIM?T  LPIPS|
4DGS 27.88 89.2 0.213
+ Repeat 28.55 89.5 0.206
+ Interpolate 29.25 89.9 0.198
+ Spike2img + Color | 29.38 89.8 0.200
E-D3DGS 28.12 89.4 0.210
+ Repeat 28.66 89.7 0.205
+ Interpolate 29.45 90.0 0.196
+ Spike2img + Color | 29.60 90.3 0.199
Ours | 30.48 90.7 0.187

Table 2: Average quantitative evaluation on the synthetic
dataset.Unit: PSNR-dB 1, SSIM 1, LPIPS |.

form light scene and recording the intensity. m is set to 32.
The kernel size and stride of the average pooling Avepool
are set to 4. The total experiments are conducted on a single
NVIDIA GTX 4090 with PyTorch, and the optimization for
a single scene typically takes about 30 minutes to converge
and 40 FPS when rendering. For the metrics of both Real-
world and synthetic datasets, we employ three widely-used
image quality assessment metrics, PSNR (Wu et al. 2024a),
SSIM (Wang et al. 2004), and LPIPS (Zhang et al. 2018).

Performance Comparisons

Comparisons on Real-world Dataset. We present a de-
tailed comparison of our method against those two-stage
rendering approaches on several example high-speed scenes.
As shown in Table 1, our method achieves superior perfor-
mance compared to the SOTA rendering approaches Specif-
ically, for the comparison with 4DGS, (i) in the 1st row, we
use only 30fps RGB frames to supervise the 4DGS; (ii) in
the 2nd row, we expand the train data from 30fps to 300fps
by repeating each frame 10 times; (iii) in the 3rd row, we use
RIFE to interpolate intermediate frames for 4DGS supervi-
sion; (iv) in the 4th row, we use TFI to translate the spike
into color images and compensate the loss of intermediate
frame supervision in 4DGS. In qualitative experiments, we
focus on the generated texture details. Fig. 4 shows that we
could generate high-quality texture details. For example, our
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Methods | PSNR?
Coarse DSR + Lirame 17.83
Coarse DSR + Fine DSR + Lframe 18.50
Multi DSR + Spike Render + L3P 4 £irame | 19 65
Multi DSR + Spike Render + £p1¢t4D | 20.12

Table 3: The contribution of each component. Evaluated on
the real-world dataset.

rendering could generate clear alphabets A, B, C...” on
the Turntable scene while others could not.

Comparisons on Synthetic Dataset. As for the synthetic
dataset, we deploy the same comparison on different an-
imated human motions. As demonstrated in Table 2, our
method outperforms the SOTA two-stage rendering meth-
ods. We also present the qualitative results in Fig. 4, where:
(1) 4DGS purely based on 30fps RGB frames almost failed
to reconstruct the outlines and details of each scene. (ii)
”4DGS + Interpolate” and "4DGS + Spike2img + Color”
could only reconstruct the outlines with texture details miss-
ing. (iii) In contrast, our method demonstrates superior per-
formance, generating clearer and more detailed novel views.

Ablation Study

Contribution of Each Component. We conduct an ablation
study to assess the contribution of each component in our
BulletTime4D. As shown in Table 3, the results are eval-
uated by adding each module gradually: (i) The baseline
results are shown in the first row, which uses only RGB
frames for supervision to train a coarse deformation. (ii) In
the second row, we incorporate the fine-scale deformation
representation to build a complete multi-scale deformation.
(iii) The third row indicates that we render the deformable
Gaussians into the spike domain and deploy the spike tex-
ture loss. Compared with the baseline, the result in this line
has the largest improvement, indicating that the “spike ren-
dering with spike supervision” is the most effective module.
(iv) The last row is our full model, which incorporates an-
other color block loss. Performance validates the effective-
ness of our design for the spike-guided DSR task.

Conclusion

This paper presents BulletTime4D, a high spatio-temporal
resolution DSR framework, which is the first to integrate
a spike camera with binocular RGB cameras for dynamic
scene reconstruction. We develop a hybrid camera proto-
type and propose a multi-timescale deformation represen-
tation that combines low-frequency spatio-temporal fea-
tures with high-frequency inter-frame motion features, a
spike-rendering module that projects 4D Gaussians into the
spike domain. Experimental results show that BulletTime4D
outperforms state-of-the-art methods and can synthesize 300
FPS novel-view renderings using stereo RGB cameras op-
erating at 30 FPS together with a single spike camera. We
believe this hybrid prototype will provide insight into next-
generation high-speed cameras.
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