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Figure 1. Left: An example of scene capturing under high-speed scenarios. Exposure-based camera captures discretely with the exposure
window, which lead to severe motion blur. Spike camera continuously records the scene with high temporal resolution, but its output is
unstable. Right: Comparisons of different methods. Our Nope-SGS surpasses current state-of-the-art pose-free and spike-based methods
in terms of both novel view synthesis (top) and pose estimation (bottom).

Abstract

3D Gaussian Splatting (3DGS) has significantly advanced
3D reconstruction with its impressive performance. How-
ever, its reliance on sharp images and precise camera pose
priors limits its effectiveness in high-speed scenarios. Re-
cent advances have integrated spike camera, a bio-inspired
sensor with a high temporal resolution, to enhance 3DGS in
such conditions. Although spike-based methods reduce the
need for sharp images, they still face challenges in achiev-
ing precise camera pose estimation due to unstable obser-
vations and visual texture deficiency. To address these chal-
lenges, we propose Nope-SGS, the first framework that re-
constructs high-speed 3D scenes from unposed captures of
the bio-inspired high-temporal-resolution spike camera. To
achieve robust 3D reconstruction and pose estimation, we
first reformulate the spike model from a probabilistic per-
spective and extend its application to keyframing, effectively
alleviating the instability caused by the spike stream. Build-

∗Corresponding authors

ing upon this foundation, we devise a progressive optimiza-
tion framework to facilitate swift 3D reconstruction. The
experimental results demonstrate that our method achieves
up to 7.4dB higher PSNR and 40% lower Absolute Trajec-
tory Error (ATE) compared to state-of-the-art methods un-
der challenging high-speed scenarios while maintaining the
fastest reconstruction speed among spike-based methods.

1. Introduction

3D Gaussian Splatting (3DGS) [16] has revolutionized 3D
reconstruction through its exceptional geometric fidelity
and real-time rendering capabilities. Despite its success,
methods based on 3DGS tend to fail in high-speed sce-
narios due to their reliance on sharp images and precise
camera pose priors which are hard to obtain because of in-
sufficient observations and motion blur. Extensive studies
[3, 10, 32, 34] have introduced spike camera [36], a bio-
inspired sensor with a high temporal resolution, to aid 3D
reconstruction in high-speed scenarios with significant su-
periority. Although the spike-based methods eliminate the
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dependence on sharp images, they still struggle with pre-
cise camera pose preparation. Directly utilizing the cur-
rent go-to pose estimation frameworks, such as COLMAP
or VGGT [28], for spike cameras entails several inherent
challenges: a) The texture details in spike camera outputs
are generally less refined and exhibit significant instability
compared to exposure-based cameras, as shown in Fig. 1.
This can lead to unsatisfactory feature extraction, erroneous
estimation results and complete failures. b) Spike cameras
typically require a larger number of frames for 3D recon-
struction compared to exposure-based cameras, introducing
additional computational complexity.
While numerous methods [4, 7, 8] have successfully re-
duced the reliance of traditional 3DGS on camera poses,
these approaches are specifically designed for sharp im-
ages captured by exposure-based cameras under slow cam-
era motion. Directly applying these methods to high-speed
scenarios or trivially combining them with spike cameras
leads to suboptimal results, as shown in Fig. 1. In this pa-
per, we propose Nope-SGS, a framework that eliminates
the dependency of spike-based 3D reconstruction on pre-
cise camera pose priors. To achieve robust 3D reconstruc-
tion and pose estimation, we first reformulate the spike
model from a probabilistic perspective, enabling the extrac-
tion of stable information from inherently unstable single-
frame spike data for effective supervision. Building upon
this foundation, we meticulously design optimization and
keyframing strategies tailored specifically for spike cam-
eras. These strategies are seamlessly integrated into a pro-
gressive optimization framework, facilitating rapid 3D re-
construction. Our approach not only addresses the unique
challenges posed by spike stream but also significantly en-
hances the accuracy and efficiency of 3D reconstruction in
high-speed scenarios. Our main contributions are as fol-
lows:
• We propose the first framework that reconstructs high-

speed 3D scenes from unposed spike streams. Our Nope-
SGS is the fastest spike-based 3D reconstruction method
to the best of our knowledge.

• We first reformulate the spike camera model from a prob-
abilistic perspective, providing a new insight for all future
work based on spike cameras.

• To further evaluate the robustness of our approach, we
additionally introduce a dataset captured with a new-
generation spike camera.

2. Related Works

2.1. Novel View Synthesis from Unposed Sequence

Recent advances in neural scene representation have driven
significant progress in eliminating SfM dependency. Neural
Radiance Fields (NeRFs) pioneered this direction through
joint pose-scene optimization [29], with subsequent works

addressing optimization stability via frequency-domain reg-
ularization [19] and implicit spectral networks [30]. Nope-
NeRF [1] further incorporates geometric priors for dy-
namic motion handling. However, these implicit represen-
tations face fundamental limitations in rendering speed and
scene editability.. The emergence of 3D Gaussian Splat-
ting (3DGS) [16] shifted paradigms through explicit volu-
metric representations, sparking new pose-free optimization
strategies. CF-3DGS [8] introduces progressive Gaussian
primitives growth, though struggles with motion discon-
tinuities. While Instantsplat [7] enables rapid large-scale
reconstruction through stereo priors, and ZeroGS [4] han-
dles unordered image collections, both remain constrained
to low-speed scenarios. The latest frontier explores bio-
inspired sensors for high-speed reconstruction. Event-based
approaches like EF-3DGS [18] and IncEventGS [14] lever-
age microsecond temporal resolution from event cameras,
demonstrating feasibility for free-viewpoint high-speed ren-
dering. However, their dependence on threshold-triggered
events introduces inherent information loss, high-fidelity re-
construction remains an open challenge.

2.2. Novel View Synthesis on Bio-inspired Cameras

Bio-inspired vision sensors have emerged as pivotal tools
for high-speed 3D reconstruction. Event-based approaches
like EventNeRF [26] pioneer neural radiance field optimiza-
tion under event supervision, with extensions addressing
dynamic deformations [22] and motion blur [25]. Recent
advancements integrate physical event formation models
[20] and explicit 3D Gaussians [27, 31], achieving real-time
performance. However, the requirement of SfM pose re-
mains, which seriously affects the efficiency and accuracy
of bio-inspired 3D reconstruction. EF-3DGS [18] and In-
cEventGS [14] integrate event data into the scene optimiza-
tion process to reconstruct 3D scenes from freely moving
high-speed videos, eliminating SfM poses from the train-
ing pipeline. However, the inherent lack of texture details
in event data continues to limit the efficacy of these ap-
proaches. In comparison, spike cameras [6, 12, 13] are ca-
pable of capturing richer texture information. NeRF and
3DGS techniques that utilize spike cameras [9, 10, 32, 34,
38] have been shown to provide superior 3D scene recon-
struction quality relative to event-based methods. All these
methods require precise camera poses, which are difficult
to obtain in real-world scenes. USP-Gaussian[3] mitigates
erroneous reconstruction caused by imprecise pose estima-
tion. However, USP-Gaussian still relies on relatively ac-
curate camera pose priors and cannot handle RGB spike
streams, which limits its practical applications.

3. Method
In this section, we introduce our method for reconstruct-
ing stable 3D scenes and restore camera trajectories from
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unposed spike streams. We first initialize a rough 3DGS
scene and imprecise camera poses using spike intervals
(Sec. 3.3). Then, we leverage the normalized binomial dis-
tribution spike (Sec. 3.2) to filter out keyframes and sequen-
tially optimize camera pose (Sec. 3.4) and scene (Sec. 3.5)
using these keyframes.

3.1. Preliminary: 3D Gaussian Splatting

3DGS models the scene as a set of 3D Gaussian primitives.
Each Gaussian primitive G is defined by:

G(x) = e−1/2(x)TΣ−1(x) (1)

where Σ is a full 3D covariance matrix and x ∈ R3 is the
center (mean) of Gaussian primitive. Gaussian primitive
can also be represented utilizing a rotation matrix denoted
as R and a scale matrix denoted as S, permitting indepen-
dent optimization of both components.

Σ = RSSTRT (2)

In rendering, the splatting technique is used to position
Gaussian primitives on the camera planes. The final color
rendered can be obtained by alpha-blending N ordered over-
lapping points:

C =
∑
i∈N

ciαi

i−1∏
j=1

(1− αj) (3)

Where ci is the color of each point and αi is given by eval-
uating a 2D Gaussian.

3.2. Rethinking Spike Camera Model

In the spike camera model, each pixel functions by continu-
ously capturing incident light signals, converting them into
corresponding current signals, and integrating these input
currents over time. This mechanism allows the sensor to ef-
ficiently capture dynamic scenes with exceptional temporal
resolution and sensitivity. As illustrated in Fig. 2, for pixel
x = (x, y), if the accumulation of input current reaches a
fixed threshold ϕ, a spike is fired and then the accumulation
can be reset as:

A(x, t) = Â(x, t) mod ϕ =

∫ t

0

LC(x, τ)dτ mod ϕ, (4)

where Â(x, t) is the accumulation at time t, Ax(t) is the
accumulation without reset before time t, LC(x, τ) is the
input current of a certain color at time τ (proportional to
light intensity). The spike camera generates a spatiotem-
poral binary stream as its output, where each binary value
represents the occurrence or absence of a spike at a specific
pixel location and time instance. This output can be for-
mally represented as: S ∈ {0, 1}H×W×N . The H and W
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Figure 2. (a) Working principle of spike camera. (b) Coding
mechanism of spike camera. Note the existence of random ini-
tial voltage. (c) Spike streams from probabilistic perspective. Due
to the presence of initial voltage, single frame spike stream can be
modeled as Bernoulli distribution and can be further sampled as
an approximate binomial distribution. Its expectation is approxi-
mately equal to the light intensity with relatively low variance.

are the height and width of the sensor, and N is the tempo-
ral window size of the spike stream. Since a single frame
spike stream is binary in nature, consisting solely of values
0 and 1, it lacks rich and stable visual texture information.
This limitation restricts its direct applicability for 3D recon-
struction and camera trajectory estimation. In this paper, we
reformulate the spike camera model from probability theory
and introduce a novel approach for recovering coarse visual
textures from single-frame spike data, which enables robust
camera trajectory and scene optimization. As illustrated in
Fig. 2, in real-world scenarios, each pixel in a spike camera
exhibits a random initial voltage VX following a uniform
distribution Vx ∼ U [0, ϕ]. Eq. 4 can be rewritten as:

A(x, t) = (

∫ t

0

LC(x, τ)dτ + Vx)mod ϕ, (5)

Therefore, the output of any pixel in a given frame of the
spike stream s(x, y, k) can be modeled as a Bernoulli dis-
tribution s(x, y, k) ∼ B(1, p(x, y, k)). Here:

p(x, y, k) = (

∫ t+T

t

LC(x, τ)dτ )/ϕ, (6)

A proof is provided in Appendix. C. Where T is designated
time interval. The existence of the Vx introduces tempo-
ral independence between different pixels. Consequently,
the temporal summation of M adjacent pixels yields an
approximate binomial distribution B[n, p] if we assume
p(x, y, k) ≈ p(x + δ, y + δ, k) ≈ p. The expectation for
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Figure 3. Overview of our Nope-SGS. We first initialize a rough 3DGS scene and imprecise camera trajectory (solid line) from sparse spike
intervals. Then, we apply the normalized binomial distribution spike (NBDS, Sec. 3.2) to filter out keyframes and progressively optimize
camera trajectory (Sec. 3.4) and scene (Sec. 3.5) based on keyframes. By leveraging the dense spike stream, we refine the trajectory into a
smooth motion path (dashed line) and reconstruct a high-quality 3DGS scene.

this new distribution is:

E =
∑
i∈N

pi =
∑
i∈N

(

∫ t+T

t

Li
C(x, τ)dτ )/ϕ (7)

Here Li
C is the light intensity of pixel i. And if we average

them:

E(x/N) = pi = (

∫ t+T

t

Li
C(x, τ)dτ )/ϕ (8)

and

σ2(x/N) ≈ p(1− p)/n (9)

We define the result of the above operation as Normalized
Binomial Distribution Spike (NBDS), Ŝ ∈ [0, 1]H×W .
NBDS provides a more reliable supervisory signal than raw
single-frame spikes, as it effectively mitigates the inherent
noise and instability associated with spike streams. We pro-
vide additional implementation details of NBDS in subse-
quent sections and demonstrate its effectiveness.

3.3. Initialization

Similar to Instantsplat [7], we integrate Multi-View Stereo
(MVS) with 3DGS to initialize 3D Gaussian primitives
from sparse spike intervals. Following [10, 37], the spike
interval is defined as:

Iin =
ϕ

t1 − t2
(10)

The entire initialization process only takes about 1 minute.
More details are provided in Appendix. F.2. Through our
initialization process, we generate an approximate sparse
camera trajectory Tsparse and an initial set of Gaussian

primitives G. We utilize linear interpolation in the Lie alge-
bra to estimate the dense but inaccurate camera trajectory T,
as shown in Fig. 3. These initial estimates undergo iterative
optimization to achieve progressively higher accuracy, ulti-
mately converging to precise reconstruction results through
our refinement pipeline, mathematically formulated as

{G,T} → {G∗,T∗} (11)

Our optimization goal is

{G∗,T∗} = argmin
G,T

L(G,T) (12)

We will provide a detailed explanation on how to choose a
loss function L and accelerate the optimization process.

3.4. Camera Pose Optimization

Optimization. In the monocular case, we aim to identify
the optimal camera pose Pθ ∈ T that minimizes the follow-
ing photometric errors:

Lk
pho = |C(P k

θ )− Ikgt| (13)

where C(Pθ) is the rendering result of the Gaussian primi-
tives G from Pθ ∈ SE(3) and k represents the frame num-
ber. The primary challenge we face lies in the inherent
instability of the available spike streams, which precludes
their direct utilization for the computation of photometric
errors. To address this challenge, we successfully recov-
ered a stable supervisory signal (NBDS) from the unstable
spike stream avoiding introducing any bias, as elaborated in
detail in Sec. 3.2. Our photometric errors can be rewritten
as:

Lk
nbds = |Ĉ(P k

θ ))− (Ŝk
gt)| (14)
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Where Ŝgt represents the NBDS frame and Ĉ(Pθ) is the
average pooling results of C(Pθ) to align with NBDS. To
further enhance the stability of the camera trajectory, we
use the optimized camera trajectory to calibrate the current
trajectory to be optimized. Photometric errors can be further
rewritten as:

Lk
sub = |(Ĉ(P k

θ )− Ĉ(P k−n))− (Ŝk
gt − Ŝk−n

gt )| (15)

where Ĉ(P k−n) is the rendering result from camera pose
P k−n ∈ SE(3). n is a hyperparameter. This method not
only facilitates the stabilization of the supervisory signal but
also amplifies error multiplication at critical positions, such
as edges, while simultaneously reducing the optimizer’s
emphasis on rendering errors. Furthermore, considering
the inherent noise in spike cameras, as demonstrated by
[11], the independence of Ŝk

gt and Ŝk−n
gt is guaranteed when

the temporal interval n is sufficiently large. Same as [23],
we use Lie algebra to derive minimal Jacobians, aligning
their dimensionality with the system’s degrees of freedom
to eliminate redundancy and improve computational effi-
ciency of gradient. Appendix. D shows more details.
Keyframing. Since using all the frames from spike stream
to optimize the camera poses is infeasible and unnecessary,
we carefully select frames that deviate significantly from
the correct trajectory and optimize them. Specifically, we
first compute the Lnbds for all frames based on Eq. 14, this
process only takes a few seconds. Then we select frames
with significantly higher than average photometric errors
Fkey = {fk, ...|Lk

nbds > δ ∗ mean(Lnbds)}. δ is a hy-
perparameter and fk = P k, Sk. The photometric error is
caused by two parts: incorrect Gaussian set and incorrect
camera pose. We further select frames with significantly
higher than average photometric errors caused by camera
pose error Fpose = {fk, ...|Lk

sub > δ ∗mean(Lsub) based
on Eq. 15. Fpose will be used for camera pose optimization,
and Fscene = Fpose ∩Fkey will be used for scene optimiza-
tion.

3.5. Scene Optimization

The inherent instability of visual textures in single-frame
spike data renders it unsuitable for direct scene optimiza-
tion. To mitigate this issue, we adopt NBDS (Sec. 3.4) to
derive stable supervision signals. However, relying solely
on NBDS incurs texture distortion. Inspired by SpikeGS
[10], we use a spike stream accumulation mechanism to pre-
serve high-frequency structural information:

Iacc(t1, tN ) = ϕ/N
∑
ti

S(Pi) (16)

where Iacc denotes the accumulated results over N frames.
To align with the temporal characteristics of spike accumu-
lation, we render multiple synthetic frames Cacc through

differentiable rendering. More details are provided in
Appendix. F.1. Our final composite loss combines Lacc

(long-term temporal modeling) and Lnbds (short-term de-
tail preservation), balancing complementary aspects of the
optimization:

Lfinal = λaccLacc + λnbdsLnbds (17)

Each loss component integrates photometric and structural
constraints:

L∗ = (1− λ1)∥C∗ − I∗∥2 + λ1SSIM(C∗, I∗) (18)

Here C∗ is the rendering results,I∗represents supervision
signals (accumulated spikes Iacc and ∗ represents for acc
and sample) and ∗ ∈ {acc, nbds}. Finally, we employ
keyframes Fpose Fscene to compute the pose estimation loss
Lsub and the scene loss Lfinal, progressively optimizing
the scene and camera trajectories respectively to obtain sta-
ble motion estimates and precise geometric details. This
operation is not applicable to pose-dependent methods, such
as Spikegs and USP-Gaussian. As a result, in scenes with
severely inaccurate poses, these methods produce rendered
images with significant parallax.

4. Experiment
4.1. Experimental Settings
Datasets. We conduct extensive experiments on differ-
ent synthetic and real-world datasets, including Tanks and
Temples [17], Deblur-NeRF dataset[21], USP-Gaussian [3]
dataset and our Nope-SGS dataset. Tanks and Temples:
We evaluate novel view synthesis quality and pose estima-
tion accuracy on 7 scenes covering both indoor and out-
door scenes. Similar to [3, 33, 35], we employ frame in-
terpolation techniques to simulate high-speed camera mo-
tion within scene-specific video sequences while utilizing
SOTA spike simulation frameworks [11] to generate corre-
sponding spike streams. Deblur-NeRF dataset: Following
SpikeGS [10], we generate spike streams using three syn-
thetic scenes from the Deblur-NeRF dataset [21]. We con-
figure the camera frame rate in Blender to match the spike
camera’s specifications while rendering corresponding im-
ages. USP-Gaussian dataset: To evaluate our method’s
performance in real-world high-speed scenarios, we em-
ploy the USP-Gaussian dataset, which captures spike data
through rapid camera shaking. Nope-SGS dataset: To
evaluate the real-world robustness of our method, we col-
lected an additional dataset consisting of 8 indoor and out-
door scenes using the high-resolution Spike M1K40-H4-
Gen3 camera (1000 × 1000). We adhere to the USP-
Gaussian acquisition procedure to ensure consistency and
comparability. All scenes are captured in under one second
with fast camera motion throughout the sequence. All the
data will be released to the public.
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Figure 4. Qualitative comparison for novel view synthesis. Our approach produces more realistic rendering results with fine-grained
details. Better viewed when zoomed in.

Metrics. For novel view synthesis, we employ quantitative
metrics including PSNR, SSIM, and LPIPS for synthetic
data. NIQE and IL-NIQE are applied for real-world data
since no ground truth is provided. Regarding camera pose
estimation, we quantify performance using both absolute
and relative error metrics, specifically reporting ATE and
RPE. For depth estimation, we quantify performance using
δ and AbsRel.
Baselines. We first compare our method with pose-free
methods: CF-3DGS [8], ht3DGS[15] and Instantsplat [7].
Then, we compare our method against spike-based 3D re-
construction methods, such as SpikeGS [10], Spike-nerf
[9] and USP-Gaussian [3] with camera poses generated
by COLMAP and VGGT [28]. Finally, we benchmark
our approach against the combination of spike image re-
construction and pose-free methods: Spikerecon [37]+CF-
3DGS/Instantsplat. Note that USP-Gaussian outputs only
grayscale results. Explanations are listed in Appendix. B.
Implementation Details. All experiments were conducted
on NVIDIA A800 GPU. For hyperparameters, we set n =
32, M = 16 and δ = 1.0, other hyperparameters are same
as 3DGS. For progressive optimization, we perform 500 it-
erations of camera pose optimization and 1000 iterations of
scene optimization per epoch.

4.2. Experimental Results

Novel View synthesis Results: We report the compari-
son results of NVS tasks on Tanks and Temples datasets
and Deblur-NeRF datasets in Tab. 1. Our method consis-
tently outperforms the others across all metrics. On aver-
age, our method achieves a +7.4dB higher PSNR, 30%
higher SSIM and a 64% lower LPIPS compared to the
best performance among all baselines on Tanks and Tem-
ples datasets. Qualitative results in Fig. 4 demonstrate that
our approach not only resolves the significant motion blur
and geometric inconsistencies inherent in traditional pose-
free methods under high-speed conditions but also mitigates

the loss of geometric details caused by the inability of spike-
based methods. More visualization results are provided in
the appendix, we further conduct the visual comparison
on real-world data in Fig. 5 and Tab. 2 to highlight the ne-
cessity of eliminating the dependency of spike-based 3D re-
construction on camera pose. Vanilla spike-based 3D recon-
struction approaches, including SpikeGS, demonstrate sig-
nificant limitations in generating accurate 3D scene recon-
structions when processing erroneous and unstable camera
trajectories. Our method demonstrates superior reconstruc-
tion quality across diverse spike stream patterns.
Pose Estimation: The quantitative results for camera pose
accuracy are presented in Tab. 1. The learned camera poses
of all methods are post-processed and aligned with ground
truth using a consistent method following [1, 8, 24]. The
results show that the camera pose accuracy of our method
consistently not only outperforms all previous pose-free
methods but also is superior to Colmap and VGGT results.
These findings provide compelling evidence supporting our
hypothesis that accurate camera pose estimation remains
challenging when relying solely on blurry images, spike-
based reconstruction results, or single-frame spike streams.
Our method represents a significant breakthrough in ad-
dressing this fundamental limitation, demonstrating supe-
rior performance across all evaluated scenarios. Qualitative
results in Fig. 7 demonstrate that our approach not only pro-
duces camera pose estimates with unprecedented proximity
to ground truth values but also effectively mitigates motion
fluctuations caused by inherent spike stream instability.
Depth Estimation: Following MVSplat [5] and PixelSplats
[2], we evaluate the quality of the reconstructed geometry
by assessing the predicted depth maps. As ground-truth
depth maps are unavailable, we employ DepthAnythingV2
to generate pseudo depth maps. Prior to evaluation, all pre-
dicted depth maps are normalized and aligned to ensure
fair comparison. The results in Tab. 3 and Fig. 6 demon-
strate that our method significantly outperforms previous
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Datasets Tanks Deblur-NeRF
Methods|Metrics PSNR ↑SSIM ↑LPIPS ↓RPEt↓RPEr↓ATE↓PSNR ↑SSIM ↑LPIPS ↓RPEt↓RPEr↓ATE↓

CF-3DGS 20.245 0.650 0.411 3.803 0.766 0.045 22.775 0.662 0.472 11.173 0.386 0.038
Instantsplat 21.197 0.657 0.432 1.783 0.653 0.038 22.025 0.634 0.507 8.528 2.286 0.129

ht3DGS 20.157 0.634 0.416 1.543 0.585 0.034 18.771 0.599 0.576 12.091 1.361 0.137
Spikerecon+CF-3DGS 22.375 0.695 0.380 4.027 0.817 0.039 20.513 0.562 0.517 9.739 0.345 0.079

Spikerecon+Instant 22.295 0.703 0.387 0.701 0.250 0.012 22.319 0.617 0.513 5.903 1.395 0.094
USP-Gaussian 19.09 0.555 0.474 3.423 0.357 0.035 18.699 0.523 0.567 12.712 0.474 0.400

Spikenerf 18.29 0.623 0.422 1.346 0.482 0.018 17.641 0.613 0.453 4.147 0.383 0.055
SpikeGS+VGGT 20.192 0.688 0.343 1.185 0.274 0.012 24.143 0.693 0.353 3.481 0.352 0.073
SpikeGS+Colmap 20.801 0.691 0.339 1.346 0.482 0.018 22.255 0.682 0.412 4.147 0.383 0.055

Ours 30.184 0.911 0.122 0.229 0.069 0.003 28.058 0.765 0.295 1.817 0.287 0.030

Table 1. Quantitative comparisons of novel view synthesis and pose estimation. Best results are marked in red and the second best results
are marked in yellow .

TFI TFP Spk2imgnet USP-Gaussian OursSpikeGS

Figure 5. Visualizations on real-world datasets. Rows correspond to recordings from different generations of spike cameras (Vidar1, Spike
M1K40-H4-Gen3, Spike M1K40-H4-Gen3-Color). Better viewed when zoomed in.

Datasets Nope-SGS USP
Metrics NIQE ↓ IL-NIQE ↓ NIQE ↓ IL-NIQE ↓
SpikeGS 9.93 87.92 10.92 88.77

USP-Gaussian 7.86 67.42 7.48 56.14
Ours 5.72 44.97 4.84 46.20

Table 2. NR-IQA metrics on Real-world dataset and USP-
Gaussian dataset.

Method / Metrics δ1 ↑ δ2 ↑ δ3 ↑ AbsRel ↓
CF-3dgs 26.30 48.72 64.27 1.78

SpikeRecon+CF-3DGS 28.87 53.33 66.94 1.58
Instantsplat 52.15 75.56 85.21 0.79

SpikeRecon+Instant 59.46 79.77 87.23 0.61
USP-Gaussian 17.19 30.55 42.35 3.16

SpikeGS 18.92 34.95 48.48 2.48
Ours 67.11 85.38 91.88 0.31

Table 3. Evaluation of depth estimation.

approaches in reconstructed scene geometry quality.
Efficiency To provide a comprehensive performance eval-

uation, we conducted comparative timing analyses of all
spike-based 3D reconstruction methods, measuring the total
computational time required for complete scene reconstruc-

Instantsplats Usp-Gaussian Ours

Figure 6. Visualizations of depth map

tion from spike streams under identical experimental condi-
tions. Results in Fig. 8 indicate that our method achieves a
3× faster reconstruction speed compared to previous SOTA
approaches, demonstrating significant computational effi-
ciency improvements.

4.3. Ablation Study

Pose Optimization. We first validate the effectiveness of
keyframing (ID: VI) by removing it from the optimization
of camera pose. The quantitative results of pose estimation
and training time in Tab. 4 demonstrate that we achieved a
10 × faster pose optimization process with almost no qual-
ity degradation in the presence of keyframing. This indi-
cates that our keyframing scheme correctly identified the
incorrect camera poses and optimized them correctly. Tab. 4
also demonstrates that the incorporation of keyframes helps
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Pose Optim. Scene Optim. NVS Pose Est.
Time/minID Lpho Lnbds Lsub Key. Lnbds Lacc PSNR↑ SSIM↑ LPIPS↓ RPEt↓ RPEr↓ ATE↓

I ✗ ✗ ✔ ✔ ✗ ✗ 22.42 0.645 0.377 - - - -
II ✗ ✗ ✔ ✔ ✔ ✗ 26.44 0.875 0.189 - - - -
III ✗ ✗ ✔ ✔ ✗ ✔ 29.16 0.892 0.152 - - - -
IV ✔ ✗ ✗ ✔ ✔ ✔ 28.59 0.872 0.147 0.387 0.129 0.007 11.5
V ✗ ✔ ✗ ✔ ✔ ✔ 29.69 0.902 0.126 0.285 0.075 0.004 9.0
VI ✗ ✗ ✔ ✗ ✔ ✔ 29.62 0.901 0.125 0.258 0.062 0.003 45.3
Ours ✗ ✗ ✔ ✔ ✔ ✔ 30.184 0.911 0.122 0.229 0.069 0.003 3.0

Table 4. Quantitative ablation on the Tanks and Temples dataset. Key. represent Keyframing and Time represents average optimization
time per epoch.

Ours
Ours

wo keyframing

SpikeGS+

VGGT

SpikeGS

Spikenerf

USP-

Gaussian

Figure 8. Comparison of rendering quality and efficiency with
prior spike-based 3D reconstruction methods.

to minimize photometric loss and enhances the rendering
of structural details, aligning closely with our design objec-
tives. We also validate the effectiveness of Lpho (ID: IV),
Lnbds (ID: V) and Lsub (ours). The quantitative results in
Tab. 4 depict that Lsub yields significant improvement over
Lpho and Lnbds with 33% lower ATE and 3 × faster opti-
mization process. This indicates that our subframe scheme
successfully recovered a stable supervisory signal from the
unstable spike stream while accelerating the convergence of
the optimization process. Comparative videos in the sup-
plementary materials demonstrate that the camera trajec-
tory is more stable with Lsub.
Scene optimization and progressive optimization. We
further validate the effectiveness of different losses in the
scene optimization process. We remove Lnbds (ID: II), Lacc

(ID: III) and both of them (ID: I) during scene optimiza-

Epoc=0

Epoc=10

Epoc=2

w/o nbds

Figure 9. Progressive optimization curve and visualizations across
epochs.

tion. by removing them respectively. Tab. 4 demonstrates
that both Lnbds and Lacc accumulation loss are important to
the scene optimization. Visualization details and optimiza-
tion curve in Fig. 9 indicate that Lnbds facilitates acceler-
ated convergence and enhances the recovery of geometric
details. The curve depicted in Fig. 9 also illustrates how the
progressive optimization process systematically transforms
unstable scenarios into stable configurations.

5. Conclusion

This paper presents Nope-SGS, the first framework that en-
ables spike-based 3D reconstruction without camera pose
priors. Our progressive optimization framework and spe-
cially designed strategies for spike streams achieve end-to-
end reconstruction, outperforming existing spike-based and
pose-free methods on multiple datasets.
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