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Abstract. Faithfully capturing the intricate relationship between mo-
tion and geometry in dynamic scenes is essential for 4D reconstruc-
tion. Recent state-of-the-art methods rely on monolithic deformation
networks or global time-basis factorizations that struggle to represent
complex, non-rigid topological changes. We propose MoBa-GS, a frame-
work that resolves this entanglement by introducing a structural inver-
sion: a spatially-factorized motion field coupled with adaptive geometric
optimization. First, our model learns a low-frequency dynamic canoni-
cal space to represent coarse scene motion. Next, it decomposes complex,
non-rigid motion into a Spatially-Varying Motion Basis of local kinemat-
ics, predicted from the canonical geometry, which is then linearly com-
bined using dynamic blending weights. This formulation directly acts as
an implicit neural scaffold, recovering both geometry and motion from
random initialization, thereby removing the dependency on SfM point
cloud priors. This design is further augmented with motion-guided den-
sification and positional annealing to reduce geometry overfitting. Exten-
sive experiments show that our framework surpasses prior state-of-the-
art methods in reconstruction fidelity. Enabled by time-invariant caching,
MoBa-GS requires an order-of-magnitude shorter training time (<18
minutes), a compact storage (∼ 11 MB), and achieves real-time render-
ing speeds (>163 FPS). Our work establishes a new foundation for high-
fidelity, efficient 4D representations without relying on explicit geometric
priors. Code is available at https://github.com/tgy1221/MoBa-GS.

1 Introduction

Novel View Synthesis (NVS) for dynamic scenes is fundamental to a range of
immersive applications, from virtual and augmented reality to advanced sports
analysis. While explicit representations such as 3D Gaussian Splatting [18] have
transformed the field of static scene reconstruction with photorealistic quality
at real-time rendering speeds, extending this paradigm into the four-dimensional
spatiotemporal domain introduces significant architectural and optimization com-
plexities.
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Recent dynamic 3DGS methods typically adopt one of two paradigms, both of
which exhibit critical limitations in modeling complex scenes. The first paradigm
relies on monolithic deformation networks (i.e., a single Multilayer Perceptron)
[16, 23, 50] to predict the temporal evolution of canonical Gaussians. This ap-
proach inherently entangles the underlying 3D geometry of the scenes with the
object motion. This entanglement leads to optimization instability, often termed
the “moving target” problem, in which the canonical geometry and the defor-
mation field interfere during joint optimization, resulting in severe geometric
overfitting [4, 43].

To alleviate this, a second paradigm employs motion factorization, typically
using a global “Time-Basis” (e.g., globally shared neural trajectories) [19]. While
this approach is more structured, it implicitly assumes the scene consists of rigid
components riding on a finite set of predefined global paths. This mathematically
restricts the solution space: if a scene contains highly heterogeneous, indepen-
dent movements, such as wrinkling fabric or fluid dynamics, a global Time-Basis
fundamentally cannot span these divergent kinematics without a catastrophic
explosion in the rank of the basis. Furthermore, both paradigms suffer from a
severe operational vulnerability, as they rely heavily on pre-computed Structure-
from-Motion (SfM) point clouds for initialization. Because SfM systematically
fails to find consistent feature matches on moving subjects, these methods of-
ten collapse or produce severe artifacts when forced to operate without highly
calibrated geometric point priors.

In this work, we introduce MoBa-GS, a novel framework that resolves these
entanglements through a holistic co-design of a disentangled representation and
synergistic training strategies. Our primary architectural design principle is a
Structural Inversion from a global Time-Basis to a Spatially-Varying Motion
Basis (Space-Basis). First, our model learns a low-frequency dynamic canonical
space that serves as a robust, coarse motion prior. Next, it factorizes the complex,
high-frequency residual motion into a localized “physics dictionary” of motion
primitives specific to each spatial coordinate, which are then linearly combined
using a set of dynamic blending weights (see Fig. 1). By intrinsically linking
kinematic potential to spatial location, MoBa-GS grants every point independent
kinematic freedom, enabling high-fidelity representation of complex non-rigid
motions.

Crucially, this spatially-varying basis inherently restricts the solution space
to a locally low-dimensional manifold of natural motion. This constraint acts as
an Implicit Neural Scaffold, enabling MoBa-GS to recover high-fidelity geometry
and motion entirely from random point cloud initialization, successfully remov-
ing the dependency on sparse SfM priors. Furthermore, because our Basis Pre-
dictor depends strictly on static spatial coordinates, it enables Time-Invariant
Caching. Once the geometry stabilizes, the basis vectors are pre-computed and
cached, bypassing the MLP overhead and reducing runtime deformation to a
lightweight dot product.

To augment the potential of the current design, we introduce two train-
ing strategies. First, Motion-Guided Densification provides an explicit dynamic
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Fig. 1: Spatially-Varying Motion Basis. Our model learns a static, time-invariant
“toolkit” of local motion primitives, called Learned Basis (middle row), which is
consistent across all time steps. The final deformation is then synthesized by a sparse
set of Predicted Weights (bottom row) that change dynamically to match the motion
in the Ground Truth frames (top row). This shows that our model is not a black box;
it has learned an interpretable, disentangled, and dynamic representation of motion.

signal to the geometry refinement process, preferentially allocating geometric
capacity to regions that exhibit both high view-space error and large tempo-
ral motion. Second, a Positional Annealing schedule freezes the canonical space
progressively during late-stage training. This is introduced to solve the “mov-
ing target” problem, preventing geometric overfitting and forcing the model to
converge to a clean, more structured foundation.

Our contributions are summarized as follows:

1. We propose a Structural Inversion from global temporal trajectories to a
Spatially-Varying Motion Basis, enabling high-fidelity, non-rigid 4D recon-
struction.

2. We introduce an ultra-lightweight architecture using time-invariant caching
and an Implicit Neural Scaffold, eliminating the dependency on COLMAP
initialization.

3. We introduce motion-guided densification and positional annealing to miti-
gate geometric overfitting.
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2 Related Works

Dynamic 3D Reconstruction. Neural Radiance Field (NeRF) [26] served
as a frontier of static 3D reconstruction. Subsequent works extended this im-
plicit representation and improved its quality and efficiency [2, 3, 27, 34, 51, 52].
They also inspired several works to extend into dynamic NeRF [13,14,22,37,44].
These dynamic NeRF models map and deform the static, canonical represen-
tation by learning a deformation field. Popular dynamic NeRF models such as
D-NeRF [30], Nerfies [28], and HyperNeRF [29] have demonstrated the feasibility
of a monolithic MLP for generating the deformation fields to capture non-rigid
motion. However, these works suffered from long training time and slow rendering
speed, limiting their practicality in real-world applications [25,30,32,40,41,47].
To improve efficiency, alternatives to the large MLP such as explicit voxel grids
[10, 38, 45] or plane-based factorizations such as [12, 31] and HexPlane [4] offer
faster convergence and rendering speed. Although these prior works improved
efficiency, the core deformation field is still handled by a single holistic function.

Dynamic 3D Gaussian Splatting. The introduction of 3D Gaussian Splat-
ting (3DGS) [18] offered a new path to real-time rendering, and also inspired
many works to extend to dynamic scenes [6, 9, 20, 21, 43, 48, 49]. Most of these
works rely on a global MLP-based deformation field paradigm from dynamic
NeRFs. These works [1, 16, 23, 35, 50] employ an MLP to predict the transfor-
mation of each Gaussian (translation, rotation, scale) at each time step. While
this monolithic approach is effective, it inherits the same shortcomings as its
NeRF-based predecessors: a single, monolithic network is tasked with learning a
complex, entangled 4D field, which can be inefficient and prone to overfitting.

To establish structural constraints, recent works [7, 17, 21, 24] have explored
various forms of motion factorization, decomposing motion into simpler, struc-
tured components. Plane-based factorization [12] represents the 4D field as low-
dimensional planes, inspiring works like [9, 43] to use it as a backbone. More-
over, [19] factorizes motion into a set of globally shared, time-varying basis tra-
jectories. Similarly, [42] utilizes global SE(3) bases, while DynaSplat [8] uses
hard static-dynamic classification and hierarchical neighbor averaging. However,
global temporal bases implicitly enforce rigid trajectories that struggle to span
heterogeneous, localized non-rigid warping without catastrophic rank explosion.
Furthermore, methods such as Shape of Motion [42] rely on external data-driven
priors (e.g., depth and 2D tracking). In contrast, our model introduces a struc-
tural inversion to a Spatially-Varying Motion Basis, fully self-supervised from
RGB inputs only. Unlike DynMF [19], which uses a global dictionary for all
points, our framework learns a localized kinematic subspace for every distinct
spatial point, allowing our model to distinguish between different material prop-
erties (e.g., rigid vs elastic) within the same scene.

Scaffolded and Feed-Forward 4D Representations. To manage mem-
ory overhead, MoDec-GS [20] employs Temporal Interval Adjustment to slice
videos into discrete temporal segments, while 4D Scaffold [6] utilizes sparse 4D
grid-aligned Eulerian anchors. However, discrete temporal partitioning inher-
ently risks boundary discontinuities, and grid-based tracking is prone to aliasing
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over long sequences. In contrast, MoBa-GS is a purely continuous Lagrangian
formulation (at minimum C 1 continuous in time), tracking points smoothly with-
out grid constraints while maintaining a highly compact memory footprint (�
11 MB vs 100+ MB). Finally, feed-forward models [5, 11, 33, 53] and VGGT-
based models [15,39,55] o�er robust, amortized priors via massive pre-training.
While they perform well at generalized correspondence, their one-shot paradigm
inherently smooths scene-speci�c, high-frequency details. By utilizing our Space-
Basis, MoBa-GS serves as an ideal, high-�delity re�nement backend to elevate
raw feed-forward outputs to photorealistic ceiling, achieving test-time optimiza-
tion quality from scratch while time-invariant caching guarantees real-time ren-
dering speeds.

3 Methodology

3.1 Preliminary: 3D Gaussian Splatting

3D Gaussian Splatting represents the scene with a set of explicit 3D Gaussians.
Unlike point clouds, each Gaussian has unique attributes that control its in�u-
ence over the scene. For a position x 2 R3�1 , the 3D Gaussian can be formulated
as:

G(x) = o � e � 1
2 (x��) > � �1 (x��) (1)

where opacity o 2 [0; 1] is used to determine the importance of the Gaussian dur-
ing rendering. Moreover, each Gaussian is parameterized as the center location of
the Gaussian �, and the covariance matrix � 2 R 3�3 . The covariance matrix can
be decomposed as � = RSST RT , where the rotation matrix R is represented by
quaternion q = [r w ; r x ; r y ; r z ], and a scaling factor, represented by s 2 R3. Each
3D Gaussian has its view-dependent color c modeled with spherical harmonics
coe�cients sh. During rendering, 3D Gaussians are splatted onto the 2D camera
plane via di�erential projection. Next, the projected 2D Gaussians are sorted
with a tile-based rasterizer, and the �-blending is employed. To project a 3D
Gaussian into 2D, a viewing transform matrix W and the Jacobian matrix J
of the a�ne approximation of the projective transformation are used to obtain
the 2D covariance matrix � 2D through: � 2D = JW�W T J T , and the 2D center
position � 2D = JW�. Given a 2D pixel p, the rendering contribution of a 3D
Gaussian on the viewpoint W is computed through a 2D version of (1). Finally,
for each pixel, the color C(p) can be rendered by �-blending:

C(p) =
NX

i

SH(sh i ; vi )� i

i�1Y

j=1

(1 � � j ); (2)

where SH is the spherical harmonic function, vi is the view direction, and � i

represents the density computed from the i-th 3D Gaussian.
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Fig. 2: An overview of our framework. Our architecture consists of two main
stages. First, a Base Motion Network learns a low-frequency motion prior (�p base )
to create a Dynamic Canonical Space (p0). Second, the residual motion is factorized.
A Basis Predictor uses the static p canon to learn a Local Motion Basis (B(p canon )).
A Weight Predictor uses the dynamic state (p 0; t) to learn a sparse set of blending
weights (w(p 0; t)). The �nal residual motion (�p res ) is synthesized via a weighted sum
of the basis vectors. This hierarchical, factorized approach disentangles the motion
representation, leading to higher �delity and more stable training.

3.2 Overview of MoBa-GS

We aim to design a pipeline that models dynamic 4D scenes while mitigating
concerns such as �xed origin, moving target, and the geometric over�tting, as dis-
cussed in Sec. 1. Our methodology provides a holistic co-design of a disentangled
representation and synergistic training strategies to tackle the above challenges
by introducing a spatially-varying motion basis, motion-guided densi�cation, and
positional annealing, which will be discussed in the following sections.

3.3 Learning a Spatially-Varying Motion Basis

Directly regressing the 4D deformation �eld �(p; t) using a single tiny neu-
ral network [4, 43], which learns a mapping from the low-dimensional input
(p; t) 2 R 4 to high-dimensional deformation outputs (i.e., 3D displacements,
rotations, and scales), imposes signi�cant limitations. To address this, we refor-
mulate the problem through the lens of motion �eld-aware factorization [4,12],
which decomposes the deformation �eld into a coarse, low-frequency base mo-
tion and a high-frequency residual �eld that is locally low-rank, as visualized in
Fig. 2 and Fig. 3.

Dynamic Canonical Space. To solve the ��xed origin� problem, our model
�rst learns a coarse, low-frequency motion prior. The Base Motion Network,
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Fig. 3: Visualization of our Learned Spatially-Varying Motion Basis. We vi-
sualize the learned basis vectors for the most rigid point (left) and the most non-rigid
point (right) in the canonical space of the `As' scene. The basis for the rigid point
is well distributed, indicating a capacity for general transformations. In contrast, the
basis for the non-rigid point is more directionally aligned, learning a specialized and
e�cient representation for complex, localized deformation. This shows that our model
learns a meaningful, spatially-varying dictionary of motion primitives.

Dbase, is explicitly designed to act as a low-pass �lter in the temporal domain.
It is a lightweight MLP, enabled with a time-varying positional embedding, 
 t ,
con�gured with a low maximum frequency (L = 4). This network produces a
base displacement �p base which deforms the canonical positions pcanon into a
time-varying dynamic canonical space p0(t), which serves as a robust motion
prior, i.e.,

p0(t) = p canon + �p base(p canon ; 
 t;L=4 (t)) (3)

This creates a dynamic reference frame. By digesting the shared, coarse trajec-
tories (e.g., global translation or remaining camera ego-motion), Dbase prevents
the high-frequency residual �elds from being contaminated by low-frequency sig-
nals. This simpli�es the overall learning problem by constraining the subsequent
residual network to model only the localized, non-linear deviation.

Factorizing Residual Motion with a Spatially-Varying Basis. Our key
insight is that, while the high-frequency residual motion is complex globally, it
is locally low-dimensional. The possible deformations of a point on a rigid object
are fundamentally di�erent from those of a point on a deforming cloth. We model
this by factorizing the residual motion into two decoupled components: a time-
invariant basis �eld representing the intrinsic motion capabilities of the geometry,
and a time-varying coe�cient �eld representing the dynamic activation of those
capabilities.
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1. The Basis Field: Low-Rank Local Subspaces. We learn a Basis Pre-
dictor Network B that maps a point's canonical location to a low-rank sub-
space of possible motions. The Basis Predictor network, conditioned solely on
the static position p canon , produces a set of K basis vectors. This projection
matrix V(p canon ) 2 R 3�K represents the time-invariant, intrinsic kinematic pri-
ors of the geometry, forming a compact and e�cient, local motion dictionary for
each point that is far more expressive than a global basis.

V(p canon ) = fb 1; : : : ; bK g = B(
 pos(p canon )) (4)

Time-Invariant Caching: As the Basis Predictor depends on the static canon-
ical position pcanon , it enables superior computational e�ciency. Once the geom-
etry stabilizes during late-stage training, these basis vectors are pre-computed
and cached. During rendering, the MLP's runtime overhead is bypassed, enabling
real-time performance.
2. The Coe�cient Field: Spatiotemporal Dynamics. A separate, higher-
capacity Weight Predictor network, W, learns the time-varying activation of
the local basis. It is conditioned on the dynamic state�the dynamic canonical
position p0(t) and a high-frequency time embedding (L = 10)�to predict a
set of K scalar blending weights, w. These weights represent the time-varying
coordinates within the local motion subspace de�ned by the basis.

w(p 0; t) = fw 1; : : : ; wK g = W(p 0(t); 
 t;L=10 (t)) (5)

3. Motion Synthesis. The �nal residual displacement, �p res, is synthesized
via a linear combination of the basis vectors. This can be viewed as projecting
the dynamic temporal signal (encoded in the weights) onto the learned spatial
basis.

�p res = V(p canon )w(p 0; t) =
KX

k=1

wk (p 0; t) � b k (p canon ) (6)

The �nal deformed position is p(t) = p 0(t)+�p res. Separate heads on the Weight
Predictor network also output residual transformations for rotation (�q) and
scale (�s).
4. Intrinsic Structural Prior. Regressing 3D displacement directly o�ers no
meaningful constraints on the motion �eld. By forcing the 4D trajectory into a
sparse combination of learned spatial bases, our solution is inherently constrained
to lie on a locally low-dimensional manifold of natural motion. This acts as an Im-
plicit Neural Sca�old, eliminating the need for engineered smoothness penalties
and allowing high-�delity recovery from random initialization, without relying
on SfM point clouds. We further guide this manifold via a dynamic acceleration
penalty, which exponentially decays for moving points, ensuring static regions
remain rigid while allowing dynamic points to have full kinematic freedom.

3.4 Motion-Guided Densi�cation

Standard densi�cation logic is driven solely by view-space projection errors, mak-
ing it spatially-biased and time-agnostic. It cannot distinguish between high-
frequency texture on a static surface and true dynamic complexity, leading
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to sub-optimal allocation of geometric capacity. To address this, we propose
a spatiotemporally-aware strategy that treats densi�cation as a form of impor-
tance sampling.

Our Motion-Guided Densi�cation introduces a feedback loop that al-
locates geometric capacity preferentially to regions that are both complex in
appearance and dynamic in motion. A Gaussian Gi is only eligible for densi-
�cation if its view-space gradient magnitude exceeds a threshold �grad and its
predicted motion magnitude exceeds a threshold �motion .

Densify(Gi ) if

kr xyz (G i )k > � grad ^ k�p i (t)k > � motion (7)

where k�p i (t)k is computed from our deformation network, this feedback loop
safely ignores static backgrounds. It focuses the model's �nite capacity on the
dynamic regions of highest complexity, improving e�ciency and �nal �delity.

3.5 Positional Annealing

We identi�ed a critical failure mode in late-stage training: geometric over�t-
ting [4,43], where the canonical positions pcanon become hyperspecialized to the
training views, degrading generalization. We propose Positional Annealing,
a curriculum learning strategy that stabilizes the optimization landscape. The
learning rate for the canonical positions, �p (i), follows a two-phase schedule:

� p (i) =

(
� main (i) if i < i anneal

� anneal (i) if i � i anneal
(8)

where ianneal is set as a ratio of total training time to ensure robustness across
di�erent training durations. This curriculum constrains the model to a more
generalizable solution manifold by freezing the canonical geometry and forcing
the motion �elds to learn a more robust representation for the �nal �ne-tuning
stage.

3.6 Optimization

Decoupled Alternating Optimization We observed that joint optimization
of the canonical geometry and the complex motion networks can be unstable,
as each component serves as a moving target for the other. To stabilize the
training process, particularly during the re�nement phase after densi�cation, we
introduce and analyze a Decoupled Alternating Optimization schedule. For a
de�ned range of iterations, we alternate between:

1. Phase 1 (Deformation Focus): Freezing the canonical Gaussian param-
eters (�; q; s; :::) and training only the deformation networks (Dbase; B; W)
for Ndef = 2 consecutive iterations. This forces the motion �eld to learn the
optimal temporal mappings grounded in a stable geometric foundation.
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