
A Demo Videos1

To further showcase the effectiveness of OriGS in real-world scenarios, we include additional video2

demonstrations of in-the-wild 4D reconstruction in the supplementary material. Following the3

same experimental setup as in the main paper, we present visualizations of both training sequence4

reconstruction and novel view synthesis, comparing OriGS with the recent state-of-the-art 4D5

reconstruction system. In addition, we provide video demonstrations of the OriGS variants designed6

in our ablation study, illustrating how individual components affect reconstruction quality. These7

results collectively highlight the temporal consistency and structural fidelity of OriGS across diverse8

scenes and motion patterns.9

B Implementation Details10

Oriented Anchor Initialization. We follow a similar initialization pipeline provided in recent11

open-source codebases of dynamic reconstruction frameworks [12, 8]. Specifically, we first extract12

long-range 2D point trajectories using SpatialTracker [13] and obtain per-frame depth maps using13

DepthCrafter [5]. These 2D correspondences are lifted into 3D space using estimated camera14

parameters from bundle adjustment [8]. The resulting 3D trajectories are then converted into oriented15

anchors, whose initial principal directions are estimated by applying PCA over early-frame motion.16

In our experiments, we set the temporal window size W = 5. This step provides a stable estimate of17

forward direction, which is then temporally propagated to form our Global Orientation Field.18

Hyper-Gaussian Parameterization. We adopt the 3D Gaussian Splatting (3DGS) [7] as the base rep-19

resentation and extend each Gaussian primitive with a hyper-Gaussian parameterized by a canonical20

state µξ and a Cholesky-decomposed covariance Σξ = LξL
⊤
ξ , where Lξ is a lower-triangular matrix21

[3, 4, 2]. To improve computational efficiency, we avoid constructing the full covariance matrix Σξ.22

Instead, we further factor it into two learnable subcomponents: (i) a marginal covariance Σ(t,O)23

over temporal and orientational variables, which inherits the Cholesky-decomposed parameterization24

to ensure positive semi-definiteness, and (ii) a cross-covariance term Σ(∆p,∆g),(t,O) that captures25

the correlation between dynamic geometry (∆p,∆g) and temporal-orientational context. During26

training, we jointly optimize these covariance terms along with the canonical mean µξ and the27

original 3DGS parameters (position, scale, rotation, color, and opacity). This factorization strategy28

circumvents the overhead of full matrix parameterization while retaining the necessary statistical29

coupling for efficient conditioned slicing.30

Optimization. We optimize the model using the differentiable rasterization-based rendering pipeline31

from 3DGS [7], adapted to support high-dimensional slicing and dynamic modulation. The loss32

function combines: (i) photometric loss [7], an RGB reconstruction loss between rendered and33

ground-truth images, (ii) 2D correspondence loss, alignment to long-range 2D tracks and depth34

priors from foundation models, as in [12, 8, 9, 10], and (iii) deformation regularization, an as-rigid-35

as-possible constraint [13, 11, 1, 6] applied to anchor-guided transformations. For scalability and36

high-fidelity reconstruction, we also design a pruning-and-densification scheme: Gaussian primitives37

with low opacity are pruned, while spatial regions exhibiting high response gradients with respect38

to µp and µ∆p are densified through local duplication. All experiments are conducted on a single39

NVIDIA RTX A6000 GPU, and the full optimization of a typical scene takes approximately 0.5–240

hours, depending on video length and complexity.41

C Limitations42

While OriGS demonstrates promising results, it also presents certain limitations. (i) In scenes43

dominated by simple motion, such as near-rigid translation along a fixed axis, orientation tends44

to remain approximately constant over time. Consequently, conditioning on these orientational45

cues may offer limited additional benefit, yet our framework still incurs unnecessary optimization46

complexity of high-dimensional modeling. Future work could explore adaptive mechanisms that47

modulate the use or dimensionality of orientation cues based on the complexity of motion in the48

scene. (ii) OriGS leverages 2D priors such as point trajectories and depth from vision foundation49

models to initialize and optimize the orientation field. The reliability of these priors can affect the50

quality of 4D reconstruction. This reflects a deeper challenge tied to the development of reliable51

visual priors, which has long been a cornerstone of progress in computer vision research.52
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D Broader Impacts53

OriGS provides a unified framework for reconstructing dynamic scenes from casual monocular54

videos, which can benefit various real-world applications. For instance, in virtual and augmented55

reality, OriGS can reconstruct dynamic environments or actors from consumer-grade video input56

alone, lowering the barrier to immersive content creation. Our work can also support robotics and57

behavioral analysis, especially where low-cost monocular capture is the only viable option. However,58

as with other scene reconstruction techniques, OriGS could potentially be misused for unauthorized59

replication of environments or individuals. While our framework is not designed for such misconduct,60

responsible usage should consider privacy and ethical concerns.61
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