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Abstract. The widespread adoption of consumer 360° cameras has cre-
ated a growing demand for robust in-the-wild panoramic 3D reconstruc-
tion. Existing methods remain fragile on long-horizon trajectories with
strong ego-motion and dynamic interference. Quantifying this gap at
scale is challenging because available benchmarks are often short, con-
strained, or captured in controlled settings, limiting evaluation and progress.
To address this, we introduce OmniLife360, a benchmark for 3D recon-
struction from in-the-wild 360° captures. It spans diverse scenes, environ-
ments, and motion dynamics captured by individuals across real-world
activities, enabling rigorous evaluation of reconstruction robustness in
complex natural conditions. Extensive evaluations reveal that state-of-
the-art methods excel in controlled settings but suffer significant degra-
dation in dynamic scenarios. Motivated by these findings, we propose
Omni4DGS, a motion-aware Gaussian Splatting framework that com-
bines motion decomposition with lightweight supervision to better han-
dle motion variations, dynamic distractors, and long-horizon pose drift.
Experiments show that Omni4DGS consistently improves reconstruction
quality and stability in dynamic 360° scenarios, reducing motion-induced
artifacts and producing cleaner renderings under strong scene motion.
The benchmark is available at https://huggingface.co/datasets/
AutoLab-SJTU/OmniLife360.

Keywords: Panoramic 3D Reconstruction · In-the-Wild 360° Bench-
mark · 4D Gaussian Splatting

1 Introduction

The widespread adoption of commercial 360° cameras is progressively reshaping
how people capture and share visual experiences. Omnidirectional videos have
become increasingly prevalent in user-generated content across daily life logging,
travel recording, and outdoor sports. Beyond passive viewing, there is a growing
demand to transform these raw panoramic recordings into persistent and nav-
igable 3D experiences through immersive scene reconstruction and novel view
synthesis. Compared with traditional narrow field-of-view imagery, 360° cam-
eras capture continuous and globally consistent spatial context within a single
exposure. This advantage alleviates viewpoint discontinuities and avoids complex
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stitching pipelines. However, reconstructing accurate 3D geometry from uncon-
strained panoramic videos remains highly challenging due to spherical projection
distortions, unpredictable camera movements, cumulative trajectory drift, and
pervasive dynamic interference.

Current panoramic reconstruction methods generally fall into two distinct
paradigms, yet both exhibit notable limitations. Scene-specific optimization ap-
proaches [1,16,23] achieve high fidelity on training views but struggle with novel
perspective extrapolation. Their lengthy optimization times, typically requiring
tens of minutes per scene, also hinder practical deployment. Alternatively, gen-
eralizable feed-forward methods [5, 17, 21, 28] offer rapid inference from sparse
inputs yet suffer severe degradation under untrained scenes and distinct per-
spective changes. More crucially, both paradigms struggle to accurately model
moving elements such as pedestrians, vehicles, or the camera operator. This diffi-
culty arises from extreme spherical projection distortions, unpredictable camera
motions, and pervasive dynamic interferences, ultimately resulting in obvious
rendering artifacts and blur in dynamic regions.

The evaluation and advancement of robust solutions are fundamentally lim-
ited by the shortcomings of existing panoramic benchmarks. Most datasets are
confined to restricted settings. Synthetic or scanned indoor environments like
OmniBlender [6], HM3D [20], and Replica [25] lack natural camera motion,
making it difficult to replicate authentic motion blur and photometric incon-
sistencies. Meanwhile, real-world benchmarks [2, 9, 11, 14] are typically limited
to extremely short clips lasting only a few seconds, or rely on heavy and highly
specialized vehicular rigs that yield smooth and constrained trajectories. Con-
sequently, the community lacks a comprehensive testbed to evaluate the erratic
camera movements, long-term cumulative drift, and unconstrained dynamics in-
herent to spontaneous and daily life recordings.

To fill this critical gap, we introduce OmniLife360 as a novel large-scale
benchmark for evaluating extended panoramic reconstruction in real-life and
behavior-driven capture scenarios. Constructed through a systematic human and
AI collaborative pipeline, OmniLife360 contains 2407 high-quality and minute-
level panoramic video sequences, totaling roughly 66 hours of footage at 4K
resolution. Unlike previous datasets, OmniLife360 strictly ensures geometric va-
lidity through geometry-aware temporal slicing, while preserving high semantic
diversity and dynamic complexity. It encompasses 64 distinct scene categories
and 31 action classes. This authentically introduces the complex illumination,
rapid camera rotations, and drastic movements that define the ultimate chal-
lenges of user-generated content.

Through extensive evaluation of leading methods on OmniLife360, we un-
cover two fundamental weaknesses including significant cumulative drift along
extended trajectories induced by strong camera motion, and pronounced confu-
sion between static and dynamic elements caused by pervasive scene dynamics.
To address these limitations, we propose Omni4DGS as a novel 4D Gaus-
sian Splatting framework specifically designed for unconstrained 360° panoramic
videos. Omni4DGS introduces a temporally and spherically aware motion for-
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mulation to stabilize long-sequence camera trajectories. It further introduces a
panorama-specific velocity decomposition into radial and tangential components
with latitude-aware adaptive weighting, improving stability under unit-sphere
projection. Together with a dynamic and static decoupling mechanism super-
vised by 2D masks to explicitly model moving objects, this design substantially
mitigates rendering artifacts in unconstrained scenes, enables more accurate
dynamic object reconstruction, and establishes a robust baseline for dynamic
panoramic reconstruction. Experiments on OmniLife360 show that Omni4DGS
achieves clear PSNR gains and markedly lower LPIPS than strong baselines,
while suppressing artifacts in motion-affected regions and producing cleaner,
more stable reconstructions.

Our main contributions are summarized as follows.

– We introduce OmniLife360 as the first large-scale benchmark for extended
360° panoramic reconstruction in real-life capture scenarios, featuring strong
camera motion and scene dynamics.

– We conduct a comprehensive evaluation of existing advanced methods on
OmniLife360, revealing fundamental limitations in handling long-term drift
and dynamic scene interference.

– We propose Omni4DGS as the first 4D Gaussian Splatting framework ex-
plicitly tailored for spherical panoramic videos with dynamic and static de-
coupling, enabling robust reconstruction in complex unconstrained scenarios.

2 Related Work

2.1 Panoramic Datasets and Benchmarks for 3D Reconstruction

Compared with narrow FOV representations, panoramic data provides substan-
tially richer spatial context for continuous scene understanding. However, exist-
ing datasets fall into three dominant paradigms, leaving the evaluation of dy-
namic and long-horizon 3D reconstruction insufficiently explored. Foundational
scanned datasets such as HM3D [20] and Replica [25] offer high-resolution digi-
tal twins, but they are predominantly limited to static indoor environments and
therefore lack pervasive dynamic interference. Synthetic benchmarks including
Structured3D [30] and OmniBlender [6] simulate large-scale trajectories, yet they
suffer from a pronounced domain gap and cannot faithfully reproduce real-world
photometric inconsistencies or natural motion blur. Recent real-world panoramic
collections attempt to incorporate dynamic content, but they exhibit notable
limitations. Casual captures such as OmniPhotos [2] consist only of very short
clips lasting a few seconds. Larger-scale efforts either provide limited environ-
mental diversity, as in the case of 360Loc [10] with only four scene types, or rely
on specialized vehicular platforms. For example, KITTI-360 [18] uses a vehicle-
mounted multi-sensor rig, producing smooth and constrained motion that misses
irregular ego-motion and in-the-wild complexity. As summarized in Tab. 1, ex-
isting panoramic datasets are either static, short, synthetic, or captured under
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Table 1: Comparison of commonly used datasets and benchmarks for panoramic 3D
reconstruction. Dyn. denotes scene dynamic complexity, qualitatively categorized as
Static, Low, Med, or High by dynamic objects prevalence and motion intensity.

Dataset Source Env. Res. #Scenes Dyn.
HM3D [20] Scanned Indoor ≥2K 1,000 Static
Replica [25] Scanned Indoor 4K 18 Static
OmniBlender [6] Synthetic Both 2K 11 Static
OmniPhotos [2] Real Both 5.7K 31 Low
360Roam [9] Real Indoor 6K 10 Low
OmniScenes [14] Real Indoor 2K 7 Med
360Loc [10] Real Both 6K 4 Med
OmniLife360 (Ours) Real Both ≥4K 2,407 High

constrained settings, leaving dynamic and long-horizon reconstruction insuffi-
ciently explored. To address these shortcomings, we introduce OmniLife360.
Built exclusively from spontaneous, user-generated in-the-wild videos, it inte-
grates minute-level temporal continuity, extensive behavioral diversity, and strict
geometric validity within a unified benchmark.

2.2 Panoramic 3D Reconstruction Methods

Panoramic 3D reconstruction is challenging due to spherical projection distor-
tions and camera-induced geometric inconsistencies. Although NeRF-based ap-
proaches [4,6,7,15] can produce high-quality results, their per-scene optimization
cost has motivated a shift toward 3D Gaussian Splatting (3DGS) [13]. Recent
panoramic 3DGS methods mainly enhance spherical adaptation through opti-
mization and are typically developed under a static-scene assumption. ODGS [16]
reduces distortion with tangent-plane rasterization, and 360-GS [1] further in-
corporates layout guidance. SC-OmniGS [8] and Seam360GS [23] improve cam-
era modeling via differentiable self-calibration and dual-fisheye calibration, al-
leviating stitching artifacts. To improve efficiency, feed-forward models such as
Splatter-360 [5], OmniSplat [17], and PanSplat [28] employ spherical cost vol-
umes, Yin–Yang grids [12], and multi-scale Gaussian representations for fast
synthesis. PanoSplatt3R [21] leverages perspective pretraining to better handle
unposed wide-baseline panoramas. However, everyday in-the-wild captures often
involve erratic ego-motion, long trajectories, and pervasive dynamics as in Om-
niLife360, where the static-scene assumption breaks and causes static–dynamic
confusion and motion-induced artifacts. To address these limitations, we propose
Omni4DGS, a 4DGS framework tailored for panoramic 4D reconstruction. In-
stead of directly extending existing Cartesian-space 4DGS methods, Omni4DGS
adopts a spherical-aware formulation with dedicated motion parameterization
and latitude-aware adaptation to explicitly handle ERP distortions, resulting in
more robust dynamic reconstruction with fewer rendering artifacts under chal-
lenging real-world captures.
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Fig. 1: Overview of the OmniLife360 data construction pipeline. Raw panoramic videos
are collected via human-AI collaborative sourcing, refined through geometry-aware
temporal slicing to ensure multi-view consistency, and enriched with task-agnostic se-
mantic annotations to form the final benchmark.

3 The OmniLife360 Benchmark

The widespread use of consumer 360° cameras has created strong demand for re-
constructing navigable 3D experiences from unconstrained panoramic videos, yet
existing panoramic benchmarks remain misaligned with this deployment setting
and do not adequately stress long-horizon stability or robustness under real-
world dynamics. To address this gap, we introduce OmniLife360, a benchmark
designed for 3D reconstruction from unconstrained 360° captures. Constructed
through a three-stage pipeline (Fig. 1), OmniLife360 combines panoramic modal-
ity, extended temporal horizons, and real-world dynamic complexity under a
unified evaluation framework. By preserving authentic in-the-wild characteris-
tics while enforcing strict geometric consistency, our benchmark enables rigorous
assessment of long-horizon stability and dynamic modeling robustness in realistic
scenarios. Representative qualitative examples of the scene diversity, ego-motion
regimes, and dynamic interference in OmniLife360 are shown in Fig. 2.

3.1 Human-AI Collaborative Data Collection

To capture authentic “OmniLife” dynamics, we eschewed laboratory setups in
favor of a Human-AI collaborative collection protocol. We first conducted a
manual survey of user-uploaded panoramic videos across major public platforms
to compile a seed set of representative capturing behaviors and intents. These
seeds were then used to prompt a Large Language Model (LLM) agent to expand
the taxonomy of environments and daily activities, mitigating human search bias
and improving scenario coverage.

Guided by this expanded landscape, we comprehensively queried public in-
ternet repositories. Candidate videos were required to satisfy several criteria. We
retained only native ERP videos with a minimum resolution of 4K to maintain
sufficient angular resolution under spherical projection, a frame rate of at least
30 fps to ensure adequate temporal sampling under rapid ego-motion, and a raw
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Fig. 2: Qualitative examples from OmniLife360. Row 1 shows diverse real-world envi-
ronments. Row 2 covers ego-motion regimes from walking to high-speed and extreme ac-
tivities. Row 3 highlights pervasive dynamic interference, where dynamic object masks
are overlaid to visualize moving distractors and the regions most prone to motion-
induced artifacts.

duration exceeding 30 seconds to enable meaningful evaluation of long-horizon
stability and drift behavior.

We avoided aesthetic-based filtering to retain the natural photometric degra-
dations, motion blur, and illumination variations of spontaneous captures. How-
ever, videos containing prominent artificial overlays such as watermarks or heavy
mosaic masking were excluded, as such artifacts introduce spurious occlusions
and high-contrast patterns that can compromise geometric consistency. To com-
plement scenarios that are underrepresented in publicly available web videos,
such as campus traversals and night markets, we additionally captured raw
panoramic sequences using a consistent acquisition setup. This collection stage
yielded 418 raw panoramic sequences totaling approximately 80 hours.

3.2 Geometry-Aware Temporal Slicing

Raw real-world videos often contain edits, abrupt context changes such as indoor-
outdoor transitions, and shot transitions that violate multi-view geometric con-
sistency. To extract geometrically valid, temporally continuous segments, we
design a multi-stage temporal slicing pipeline.

First, human annotators manually segmented raw videos, identifying explicit
transitions and indoor–outdoor discontinuities. A curated subset of seamless
indoor–outdoor traversals was intentionally preserved to evaluate reconstruction
robustness under drastic contextual and illumination shifts. Second, we applied
TransNetV2 [24], a state-of-the-art shot boundary detection model, to identify
subtle algorithmic or technical cuts that may escape human observation. Finally,
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Fig. 3: Overview of Scene and Ego-Motion Diversity in OmniLife360. The percent-
ages indicate the proportion of sequences in each category. (A) Scenes are grouped
into three semantic categories: Natural Outdoor, Urban Outdoor, and Indoor Venues.
Seamless indoor–outdoor traversals are assigned to the corresponding semantic scene
group rather than treated as a separate category. (B)Actions are grouped into four
ego-motion types: Static with minimal motion, Walking and Other Daily Activities
with mild changes, High-speed Viewpoints with fast translation, and Extreme Activi-
ties with abrupt or large motion.

expert auditing was performed to verify all detected boundaries, refine imprecise
transitions, and merge automated predictions with manual annotations.

The finalized dataset comprises 2,407 geometrically consistent sequences,
spanning approximately 66 hours in total. Unlike prior panoramic benchmarks
that focus on short clips or controlled trajectories, OmniLife360 emphasizes
minute-level temporal continuity. The average sequence duration reaches 98 sec-
onds, with more than 52% of sequences exceeding two minutes. Such extended
trajectories substantially amplify long-term pose uncertainty, cumulative drift,
and dynamic-static confusion, thereby enabling principled evaluation of recon-
struction robustness under realistic, user-generated capture conditions. Further-
more, all scenes have been processed by COLMAP [22], providing initial sparse
point cloud and camera parameters.

3.3 Task-Agnostic Semantic Annotation

To facilitate comprehensive analysis while avoiding interference with geomet-
ric supervision, we annotate semantic metadata independently of reconstruction
evaluation. Each valid sequence is labeled with fine-grained scene and action
categories. To complement discrete tags, we employ state-of-the-art multi-modal
large language models (MLLMs) to generate descriptive captions summarizing
environmental context, dominant activities, and dynamic characteristics. These
captions provide additional interpretability for downstream analysis without af-
fecting reconstruction metrics.

To capture the dataset’s characteristics, we roughly categorized and summa-
rized the scene and action distributions (Fig. 3). The OmniLife360 benchmark
exhibits significant semantic diversity and ego-motion intensity. It includes 64
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Fig. 4: Pipeline overview. We propose Omni4DGS to optimize the reconstruction
performance of panoramic Gaussians in dynamic environments. Given an arbitrary
time t as input, we model the opacity o(t) and Gaussian center µ(t) = µ+α(t)×vpano

as time-varying values to represent the displacement of dynamic objects as well as their
appearance and disappearance along the temporal dimension. To address the distortion
problem in the panoramic projection model, we decompose the velocity into radial and
tangential velocities for separate learning, and design a latitude-based adaptive weight
synthesis to obtain the velocity vpano. Furthermore, we achieve explicit supervision for
dynamic objects by extracting dynamic object masks offline.

scene categories, spanning urban outdoor, natural outdoor, indoor venues, along
with 31 action classes. Static scenes make up a small portion, while walking and
everyday locomotion forms the majority. Over 39% of sequences involve intense
dynamics, including high-speed viewpoint motion and extreme activities. These
dynamics introduce motion blur, rapid camera rotations, and strong ego-motion,
providing a challenging testbed for reconstruction robustness. Although the cat-
egory distribution is not artificially balanced, it reflects real-world usage patterns
of consumer panoramic cameras. Outdoor experiences and everyday locomotion
naturally dominate user-generated recordings, and preserving this distribution
ensures ecological validity rather than enforcing artificial category balancing.

4 Our method: Omni4DGS

Through experiments on our constructed OmniLife360 dataset, we observe
that existing omnidirectional Gaussian-based methods, including feed-forward
and per-scene optimization approaches, fail to accurately render dynamic ob-
jects in dynamic scenes. To address this limitation, we propose Omni4DGS,
the first 4D Gaussian Splatting framework tailored for 360◦ panoramic video
input, enabling precise dynamic object reconstruction and artifact-free render-
ing. Sec. 4.1 introduces the proposed temporal motion formulation for modeling
the time-varying Gaussian states. Sec. 4.2 presents dynamic object optimization
with 2D mask supervision. Sec. 4.3 describes the training losses, which mitigate
rendering artifacts caused by panoramic projection distortion and achieve ac-
curate separation between static background and dynamic foreground objects.
The overall pipeline is illustrated in Fig. 4.
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4.1 4D Gaussian Splatting in Panoramic Dynamic Scenes

Given video frames captured by a single panoramic camera as input, our goal
is to enable accurate rendering at arbitrary viewpoints and time steps. Recent
panoramic Gaussian splatting methods typically assume that the scene is static.
For example, in ODGS [16], each Gaussian is parameterized by its mean µ, opac-
ity o, color c, the diagonal elements s ∈ R3 of the scale matrix, and a rotation
represented by a quaternion q. While the formulation is effective for static scene
reconstruction, it inherently assumes time-invariant Gaussian representations,
therefore cannot model the temporal evolution of dynamic objects commonly
present in real-world environments. To address this limitation, we extend the
Gaussian parameterization to the temporal domain by introducing periodic har-
monic displacement and time-dependent opacity decay [3], allowing Gaussians
to evolve smoothly over time and enabling dynamic scene reconstruction.

µ (t) = µ+ α (t) · vpano (1)

o (t) = o · e−
1
2 (

t−τ
β )

2

(2)

Here, α (t) = l
2π ·sin

(
2π(t−τ)

l

)
and τ denotes the peak time of opacity, corre-

sponding to the equilibrium position in periodic motion. β is the lifespan param-
eter controlling the temporal decay range and duration. vpano = dµ̂(t)

dt

∣∣∣
t=τ

∈ R3

controls the motion direction and represents instantaneous velocity at time τ .
These parameters are learnable, while l is predefined hyperparameter. This 4D
representation enables Gaussians to evolve over time and model dynamic objects.

However, directly using the single learnable velocity vector in Eq. (1) to model
Gaussian motion under panoramic cameras leads to inaccurate motion represen-
tation. This is because panoramic imaging is based on unit sphere projection,
where motion variation better follows angular changes in spherical space rather
than linear translation in Euclidean coordinates. A single Euclidean velocity
vector cannot explicitly distinguish the geometric differences between radial and
tangential motion in the imaging process. As a result, it is difficult to learn mo-
tion patterns that conform to the geometric characteristics of panoramic space.
To address this issue, we decompose the original velocity vpano into two inde-
pendently learnable components: radial velocity vr and tangential velocity vt.
We further adopt a latitude-aware adaptive weighting strategy to combine them:

vpano = wrvr + wtvt (3)

where wt =
(√

1− µ̂2
y

)γ

and wr = 1 − wt. µ̂y denotes the normalized y-
component of the Gaussian center. On the unit sphere, the latitude angle θ
satisfies cos θ = µ̂y. The parameter γ is introduced to enhance the nonlinear
distribution of latitude weights, which makes the tangential weights increase
more smoothly in the equatorial region and decay more rapidly in the polar
regions. This method can explicitly decouple different motion patterns under
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spherical geometry and adaptively adjust their influences according to latitude,
thereby improving the accuracy and stability of dynamic modeling.

4.2 Dynamic Decomposition

A staticness coefficient ρ = β
l is used to characterize the dynamic behavior of

Gaussians and to separate the static and dynamic parts of the scene in a self-
supervised manner. When ρ → 0, opacity exhibits short-term oscillations and
reaches a maximum at a time close to τ to indicate dynamic objects. However,
we found that under panoramic images, accurate static-dynamic decoupling can-
not be achieved solely through the ℓ1 self-supervised loss with the input RGB
images, which leads to confusion between static and dynamic components and
results in rendering artifacts. To address this, we use OmniSAM [31], a semantic
segmentation model specifically designed for panoramic images, to extract dy-
namic objects (e.g ., pedestrians, cars) from the image as the motion mask prior
Md. We use the dynamic regions in the image as supervision for the render-
ing results of dynamic Gaussians, ensuring that dynamic Gaussians only model
the corresponding dynamic objects. Specifically, Gaussians with ρ < θdgm

are
regarded as dynamic Gaussians Gd. Following the rendering pipeline proposed
in ODGS, we obtain the rendering results Ĉd corresponding to the dynamic
Gaussians, and use ℓ1 loss and SSIM [26] to supervise the dynamic objects.

Ld = (1− λd) · L1

(
Ĉd, Md · Cgt

)
+ λd · SSIM

(
Ĉd, Md · Cgt

)
(4)

where Md · Cgt represents the pixel values of the dynamic regions in the
original image. To further decouple the dynamic and static parts, we modify
the ODGS [16] rasterizer operator to support feature rendering, such as opacity
map, velocity map, and depth map:

F =
∑
i∈N

fiαi

i−1∏
j=1

(1− αj) (5)

where fi denotes any Gaussian-associated feature (e.g ., opacity, depth, ve-
locity), and N is the number of Gaussians. We use ℓ1 loss to make the opacity
map obtained from dynamic Gaussians consistent with Md:

Lo = ∥Od −Md∥1 (6)

The total loss for dynamic Gaussians is:

Ldynamic = Ld + Lo (7)

The additional supervision on dynamic Gaussians effectively alleviates the
inaccurate static-dynamic decoupling problem that occurs when dynamic Gaus-
sians are learned solely from RGB self-supervision in panoramic images.
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4.3 Training Optimization

The Ldynamic used in Sec. 4.2 ensures supervision for dynamic Gaussians. How-
ever, the static background occupies most of the area in most images, so we
follow vanilla 3DGS [13] and use conventional rendering losses to obtain a stable
static background:

Lrgb = (1− λrgb) · L1(Ĉ, Cgt) + λrgb · SSIM(Ĉ, Cgt) (8)

Velocity Regularization Given the velocity vpano, we follow [3] to obtain the
average velocity v̂pano = vpano · exp

(
−ρ

2

)
. To further constrain the velocity in

static regions to be close to 0, we use the formula Eq. (5) to obtain the average
velocity map V̂ , and use the following loss as a regularization term:

Lv =
∥∥∥V̂ · (1−Md)

∥∥∥
1

(9)

Motion Regularization We observe that under panoramic imaging, small an-
gular perturbations of Gaussian centers in 3D space along the spherical direction
will be nonlinearly amplified in ERP projection, leading to significant pixel shifts
and further exacerbating static-dynamic decoupling difficulties. We further con-
strain the displacement of static Gaussians. For Gaussians with ρ ≥ θdgm

, we
can obtain the normalized direction of the center coordinate at time t:

d(t) =
µs(t)

∥µs(t)∥
(10)

We impose constraints on the direction changes between adjacent time steps:

Lm = ∥d(t+∆t)− d(t)∥22 (11)

The total loss used for training is:

L = λrgbLrgb + λdynLdynamic + λvLv + λmLm (12)

5 Experiments

5.1 Experimental Settings

Dataset We perform extensive evaluations on our OmniLife360 benchmark,
selecting 111 representative scenes that include various scene types. To accom-
modate hardware constraints and prevent Out-Of-Memory (OOM) issues across
different baselines, we downsample the video frames to 1K–2K resolution. For
sequences without calibrated trajectories, we obtain camera poses and sparse
point clouds using a unified COLMAP-based SfM pipeline. We apply the same
pose-validation procedure to all evaluated scenes, and reprocess unstable recon-
structions with a more robust configuration before inclusion.
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Table 2: Quantitative comparisons for per-scene optimization methods on
OmniLife360. We report metrics on both the Input View set (reconstruction fidelity)
and the Novel View set (novel view synthesis). The best results are highlighted in bold.

Method Input View Novel View

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

ODGS [16] 23.727 0.792 0.385 20.145 0.712 0.433
Ours 29.655 0.896 0.146 20.640 0.624 0.335

Table 3: Quantitative comparisons for generalizable feed-forward methods
on OmniLife360. We test four feed-forward methods in the selected set. The best
results are highlighted in bold.

Method PSNR ↑ SSIM ↑ LPIPS ↓
Splatter-360 [5] 14.081 0.395 0.555
PanSplat [28] 15.774 0.526 0.493
PanoSplatt3R [21] 17.646 0.521 0.450
OmniSplat [17] 17.270 0.543 0.472

Comparing Methods We compare our approach with two main paradigms.
For per-scene optimization baselines, we select ODGS [16]. For generalizable
feed-forward methods, we evaluate recent state-of-the-art architectures including
PanSplat [28], OmniSplat [17], PanoSplatt3R [21], and Splatter-360 [5].

Metrics Following standard novel view synthesis protocols, we quantitatively
assess rendering quality using three standard metrics: Peak Signal-to-Noise Ra-
tio (PSNR) and Structural Similarity Index (SSIM) [26] to assess low-level
signal and structural fidelity, and Learned Perceptual Image Patch Similarity
(LPIPS) [29] to measure high-level perceptual quality.

5.2 Implementation Details

All 111 scenes go through COLMAP process to generate initial point cloud and
camera parameters. We also perform corresponding transformations to meet the
need for some methods that require the form of OpenMVG [19] or HM3D [20].

Although videos are predominantly 4K or 8K, we resize and pad them to
unified dimensions to maintain consistent aspect ratios. For per-scene opti-
mization methods (including ours), we train for 30K iterations using a 0.8/0.2
train-test split for each sequence. For feed-forward methods, we adopt a sparse-
view interpolation protocol: we uniformly sample consecutive frames into groups
of 10, using the first and last frames as input to predict the intermediate 8
novel views. Since optimization-based methods (dense reconstruction) and feed-
forward methods (sparse few-shot inference) are evaluated under distinct proto-
cols, their absolute scores are not strictly cross-comparable. However, the relative
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Table 4: Quantitative results on four representative dynamic sequences.

Methods Metrics Avg. Market Lake Mountain Urban Street

PanSplat
PSNR↑ 15.988 13.183 17.136 17.923 15.711
SSIM↑ 0.553 0.401 0.661 0.583 0.566
LPIPS↓ 0.469 0.567 0.412 0.413 0.485

Splatter-360
PSNR↑ 15.017 12.660 15.347 17.439 14.621
SSIM↑ 0.443 0.318 0.508 0.492 0.455
LPIPS↓ 0.517 0.595 0.477 0.460 0.536

OmniSplat
PSNR↑ 17.356 14.354 19.000 19.391 16.677
SSIM↑ 0.572 0.402 0.688 0.607 0.590
LPIPS↓ 0.454 0.568 0.379 0.395 0.474

PanoSplatt3R
PSNR↑ 17.797 13.507 21.443 20.816 15.421
SSIM↑ 0.545 0.359 0.709 0.592 0.518
LPIPS↓ 0.437 0.573 0.318 0.361 0.496

ODGS
PSNR↑ 20.492 16.789 22.596 22.048 20.535
SSIM↑ 0.733 0.624 0.792 0.748 0.768
LPIPS↓ 0.416 0.505 0.333 0.404 0.422

Ours
PSNR↑ 21.519 17.849 23.727 22.776 21.722
SSIM↑ 0.674 0.540 0.766 0.700 0.691
LPIPS↓ 0.302 0.381 0.248 0.264 0.313

performance within each paradigm clearly demonstrates algorithmic superiority.
All experiments run on NVIDIA RTX 4090 GPUs.

5.3 Experiment Results

Results on OmniLife360 testset Quantitative results are summarized in
Tab. 2 and Tab. 3. We use ODGS as the primary panoramic optimization base-
line, and further adapt representative dynamic 4DGS methods to panoramic
projection for additional comparison. Our proposed Omni4DGS demonstrates a
significant improvement over ODGS. Specifically, for reconstruction fidelity (In-
put View), our method achieves a remarkable boost in PSNR from 23.727 dB
to 29.655 dB, alongside a drastic reduction in LPIPS from 0.385 to 0.146.
This strong performance extends to novel view synthesis, where Omni4DGS con-
sistently outperforms ODGS in PSNR (20.640 vs. 20.145) and exhibits a no-
ticeably lower LPIPS (0.335 vs. 0.433). Compared to the best-performing feed-
forward method, PanoSplatt3R (PSNR of 17.646 and LPIPS of 0.450), our per-
scene optimization framework maintains a commanding margin in both PSNR
and LPIPS, underscoring its superiority for high-quality novel view synthesis.

Results on four typical dynamic scenes We select four representative dy-
namic scenes, namely Market, Lake, Mountain, and Urban Street. Each scene
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GT Ours ODGS PanoSplatt3R OmniSplat

Fig. 5: Rendering comparisons in four typical dynamic scenes. Our method in-
troduces the temporal dimension and applies supervision on dynamic objects to achieve
accurate reconstruction.

contains multiple sequences captured under the same environment. The quan-
titative results for the four scenes are reported in Tab. 4, where the values for
each scene represent the average results over multiple sequences within that
scene. Our method achieves the best performance across all scenes. For quali-
tative comparison, we select one representative sequence from each scene, and
the rendering results are shown in Fig. 5. ODGS produces severe blurring when
rendering dynamic objects. The other two feed-forward methods often exhibit
ghosting artifacts. In contrast, our method introduces a temporal dimension and
explicitly models dynamic objects, enabling artifact-free rendering results.

Table 5: Comparison with existing
4DGS methods.
Method Metric bike community road square

ODGS PSNR↑ 10.137 16.641 15.618 19.510
Deformable-GS∗ PSNR↑ 11.183 15.154 15.064 17.063
PVG∗ PSNR↑ 12.379 17.168 17.484 21.020

Ours PSNR↑ 12.930 18.063 17.533 21.941

Comparison with Existing 4DGS
Methods To the best of our knowl-
edge, no existing 4D Gaussian Splat-
ting method is designed for dynamic re-
construction from panoramic imagery.
We therefore compare our method
with two representative pinhole-camera-
based 4DGS methods, Deformable-
GS [27] and PVG [3], by replacing their
projection models with panoramic pro-
jection. We evaluate these methods on
four representative dynamic panoramic scenes. Quantitative results in Tab. 5
show that our method consistently outperforms existing 4DGS approaches, with
additional qualitative comparisons provided in the Appendix. Existing methods
fail to model panoramic distortions, causing inaccurate motion estimation and
rendering artifacts, whereas our panoramic-aware motion modeling effectively
addresses these issues.
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Table 6: Ablation study of Omni4DGS. We report the average performance over four
dynamic panoramic scenes.

Method PSNR↑ SSIM↑ LPIPS↓

w/o temporal opacity 19.865 0.631 0.324
w/o temporal motion 20.999 0.666 0.299
w/o velocity decom. 21.191 0.664 0.300
w/o dynamic mask 20.753 0.651 0.302
w/o motion reg. 21.023 0.659 0.302

Ours (full) 21.473 0.679 0.285

5.4 Ablation Study

We conduct ablation studies on four representative dynamic panoramic scenes,
including Space, Lake, Market, and Urban Street. As shown in Tab. 6, the full
model achieves the best average performance across PSNR, SSIM, and LPIPS,
demonstrating the effectiveness of the proposed components.

Removing temporal opacity or temporal motion leads to clear performance
degradation, confirming the importance of modeling time-varying visibility and
Gaussian displacement for dynamic panoramic reconstruction. The drop caused
by removing velocity decomposition further validates the benefit of spherical-
aware motion modeling under ERP projection. In addition, removing dynamic
mask supervision weakens the separation between dynamic foreground and static
background, while removing motion regularization reduces the stability of back-
ground Gaussians. Overall, these results demonstrate that the proposed compo-
nents provide complementary gains for robust dynamic 360◦ reconstruction.

6 Conclusion

In this paper, we present OmniLife360, a large-scale benchmark for 3D re-
construction from in-the-wild 360° captures that systematically integrates long-
horizon temporal continuity, diverse real-world dynamics, and strict geometric
validity. Through comprehensive evaluation, we reveal critical limitations of ex-
isting panoramic reconstruction methods under strong ego-motion and pervasive
dynamic interference. To address these challenges, we propose Omni4DGS,
a spherical-aware 4D Gaussian Splatting framework with motion decomposi-
tion and mask-supervised dynamic-static decoupling, enabling more stable and
artifact-free reconstruction in complex panoramic scenes. We hope OmniLife360
will foster future research toward robust, dynamic-aware, and scalable 360° scene
reconstruction in realistic deployment scenarios.
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