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Fig. 1: Motion reconstruction and control results for Robotic and Hook. Motion hierarchical Gaussian is reconstructed based on the
motion sequences in the dataset (left). The gray Gaussian indicates the starting motion and the colored Gaussian indicates the ending
motion. Different colors represent the motion hierarchy of Gaussian. Motion control is executed in different layers of the hierarchy
through a top-down approach (right), enabling the generation of novel, realistic, and structurally plausible motion sequences, even
those that differ significantly from the original motion in the dataset.

Abstract— Intuitive motion control is essential for virtual reality, allowing users to manipulate objects naturally while receiving realistic
and responsive visual feedback. 3D Gaussian splatting provides real-time, photorealistic scene rendering, making it promising for virtual
reality applications. Still, it falls short in accurate motion control of dynamic objects due to its unstructured global motion representation
and redundant motion learning. To address these problems, we propose a motion hierarchical Gaussian based dynamic control method.
First, a motion hierarchical Gaussian representation is introduced and initialized with semantic and deformation information. Then
a motion hierarchical decomposition method is proposed to optimize the local motion in the representation. The representation is
next optimized by a local motion analysis based refinement method. We also design a set of motion control operations for the motion
hierarchical Gaussian. Experimental results show that our method achieves high-precision motion reconstruction, accurate motion

decomposition, real-time, intuitively and immersive VR motion control.

Index Terms—3D Gaussian Splatting, Motion Control, Real-Time Interaction.

1 INTRODUCTION

3D Gaussian splatting (3DGS) [1] has attracted significant attention
in the field of virtual reality (VR) for its high rendering quality and
real-time performance. Recent research focuses on enabling real-time
interaction based on this Gaussian representation. Due to the explicit
nature of 3DGS, simply scene geometry editing, such as object removal,
can already be handled effectively [2-4]. However, more complex
interactions, such as motion control and dynamic manipulation, still
need to be studied. One idea is to perform physical simulations to model
the dynamics. VR-GS [5] reconstructs mesh for Gaussians, and uses
the mesh-based XPBD simulation to drive Gaussian motion. Similarly,
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VR-Doh [6] applies a grid-based MPM simulation, and Gaussians
are deformed based on the simulated grid velocities. While VR-GS
and VR-Doh enable immersive real-time VR interactions, it relies
on indirect control of Gaussian motion via intermediate mesh or grid
representations. PhysGS [7] directly simulates the physical dynamics of
Gaussian using MPM, enabling accurate motion control. However, as
it performs simulations on individual Gaussian, the efficiency degrades
with the increasing number of Gaussians.

Deformation-field-based dynamic Gaussians [8-10] provide a
promising direction for motion control. Several approaches attempt
to achieve complex motion control by learning motion patterns from
time-dependent datasets and enabling user interaction with the learned
motions. Control Point-based method [11] models and controls the
Gaussian motion using a set of learnable control points. Although
the number of these control points is significantly smaller than that of
Gaussians, it is still relatively large for VR (= 500). Global motion-
based methods [8, 12, 13] model the motion of each Gaussian via the
deformation field. However, since they manipulate the global motion
of individual Gaussian, the resulting control is coarse and inflexible.
Motion-basis-based methods [14—17] employ a one- or two-level coarse-
to-fine manner for motion reconstruction and, lacking a Gaussian hi-
erarchy or explicit motion—Gaussian correspondences, only achieve
a coarse motion decomposition and are incapable of enabling motion
control. Thus, to enable real-time intuitive motion control in VR, two



problems must be addressed: 1) Unstructured global motion representa-
tion. Global motion representations modeled by the deformation field
lack hierarchical structure, making fine-grained motion control difficult
and un-intuitive. 2) Redundant motion learning. Learning independent
motion parameters for each Gaussian leads to redundancy when model-
ing rigid or quasi-rigid objects. Mathematically, rigid motions in 3D
are represented by elements of the Lie group SE(3), each consisting
of a rotation R € SO(3) and a translation T € R?. The group SE(3)
is closed under composition, meaning that complex motions can be
expressed as compositions of motion bases, each still representing a
valid local motion.

In this paper, we propose a motion hierarchical Gaussian based
dynamic control method in VR. We introduce a motion hierarchical
Gaussian representation which is a hierarchical motion tree. In this tree,
each node represents a set of Gaussians and its associated local motion,
and each edge encodes the relationship between local motion at differ-
ent hierarchy layers. The global motion of each Gaussian is recursively
computed by propagating local motion from the root node down to its
corresponding node in the tree. We propose a semantic and deformation
based initialization method to construct this tree, which first initializes
the motion layer (nodes) and then initialize the motion relationship
(edges). To generate the local motion, we propose a motion hierarchical
decomposition method based on consistency and orthogonality regu-
larization. To refine the motion hierarchical Gaussian representation,
we propose a local motion analysis based method, which optimizes
the motion hierarchy by dynamically merging, removing, and splitting
nodes, reassigning Gaussians, adjusting edge types, and updating local
motion. We design a set of motion control operations for effectively
interacting with the motion hierarchical Gaussian. We also conduct a
user study to validate the effectiveness of our method. The results show
the motion hierarchical Gaussian improves VR-specific interactions by
enabling users to manipulate dynamic objects with high fidelity and
real-time responsiveness, highlighting its practical advantages for VR
dynamic control. Fig.1 visualizes the results of our method.

In summary, the contributions of this paper are as follows:

* We propose a new motion hierarchical Gaussian representation,
which encodes the motion relation and local motion of each com-
ponent of objects in the scene.

* We propose a consistency and orthogonality regularization based
motion hierarchical decomposition method to generate the local
motion of our representation.

e We present a local motion analysis based refinement method,
which iteratively optimizes the nodes, edges and local motion.

2 RELATED WORK

In this section, we review three types of researches related to our
work: dynamic scenes reconstruction, 3D deformation editing, and
hierarchical scene representation. For a more comprehensive overview
of prior works, we recommend readers refer to these reviews [18, 19].

2.1 Dynamic scene reconstruction

With a given set of photos, dynamic scene reconstruction methods re-
cover both the geometry and appearance of scenes that involve temporal
changes. As representative neural representations, Neural Radiance
Fields (NeRF) [20], and 3D Gaussian Splatting [1] demonstrate high
photorealism in rendering, making them widely adopted for modeling
complex scenes.

NeRF-based methods [21-31] introduced the deformation field to
the radiance field and have shown impressive scene reconstruction
and novel view synthesis results for dynamic scenes. However, these
methods are time-consuming and unable to support real-time rendering
and interaction in VR. Although some subsequent works [32—34] used
HexPlane, K-Plane, and octree to accelerate computation, they still
pose challenges to achieve real-time rendering.

Many concurrent works have adapted 3DGS to dynamic scenes due
to high performance. Some methods extend the 3DGS with time-variant
Gaussian features [35,36]. Some methods decouple the deformation
from the static Gaussian with the temporal conditioned deformation

field [8,9, 12]. To further improve the rendering performance, Fov-GS
[37] introduces foveated rendering into 3DGS. These methods model
the global deformation of the Gaussian, but directly controlling such
global deformation may lead to unrealistic results. A more plausible
solution is to control local motions instead. In this paper, we propose
a motion hierarchical Gaussian representation that uses local motion
rather than the deformation field to reconstruct the dynamic scene.

2.2 3D Deformation Editing

Existing NeRF-based works [38—46] aim to edit the geometry while
preserving the details during the deformation. Due to its implicit nature,
NeRF-based 3D deformation editing is not easy to control.

Thanks to the explicit nature of 3DGS, intuitive and direct geometry
editing, such as deletion, rotation, and removing, can be easily per-
formed with Gaussian semantic segmentation [3,4,47,48]. However,
these methods treat the Gaussians of the object as a whole, where oper-
ations are performed on the entire Gaussians rather than on individual
parts. To enable flexible deformation and editing over each Gaus-
sian, PhysGS [7] directly computing the deformation of each Gaussian
through physical simulation. However, it suffers from high computa-
tional time. To improve simulation efficiency, various mesh-based Gaus-
sian deformation and editing methods have been proposed [5,49, 50].
These methods bind Gaussians to meshes, simulating the deformation
of the mesh and driving the deformation of the Gaussians through the
mesh’s transformation. However, the simulation pipelines of these
methods are relatively complex, and the Gaussian motion is controlled
indirectly. To further improve simulation and rendering performance,
VR-Doh [6] bind Gaussian to grid, simulating the grid deformation and
driving the Gaussian motion by the grid velocity.

SC-GS [11] models and edits the Gaussian deformation using a set
of sparse learnable control points. Due to the lack of accurate topology
information between these control points and the large number of them,
precise control and editing of deformation through these control points
remains challenging. In this paper, we propose a motion hierarchical
Gaussian method that directly controls and edits the motion of each
Gaussian to achieve efficient, interactive, real-time motion control in
VR.

2.3 Hierarchical Scene Representation

Hierarchy has long been fundamental in traditional scene representa-
tions, such as point cloud, mesh, and voxels [51-58]. With the advent
of neural scene representations, hierarchy has been adopted to improve
reconstruction quality and rendering efficiency [59-61].

Recent Gaussian-based methods provide an explicit, compact repre-
sentation that naturally supports hierarchical organization. Examples
include Hier-GS for large static scenes [62], HiSplat for coarse-to-fine
static reconstruction [63], DualGS for two-level joint-skin modeling of
humans [64], and TGSH for multi-level 4D Gaussians in volumetric
video [16]. However, these methods focus on either static or human
scenes, and none decompose motion at the Gaussian level, limiting
their ability for 3D deformation editing.

Motion-basis-based methods [14, 15] decomposes motions into a
single-level set of basis. HiMoR [17] further employs a fixed two-level
coarse-to-fine hierarchy, enabling basic motion decomposition, but
constructing the hierarchy only for motion. Because no correspond-
ing Gaussian hierarchy or explicit motion—Gaussian correspondence
is built, motion hierarchy become entangled, making hierarchy both
difficult to interpret (editing one motion node propagates unintended
deformation to many Gaussians) and unsuitable for fine motion control
(the correspondence between motion nodes and total motions is ambigu-
ous), ultimately hindering effective motion editing. Moreover, fixed
two-level hierarchy is insufficient to model the cascaded, multi-level
complexity of real-world motions. In this paper, we propose a mo-
tion hierarchical Gaussian representation which incorporates cascaded
multi-level motion decomposition with corresponding motion and Gaus-
sians hierarchy. This representation yields semantically interpretable
motion and Gaussian nodes, and enables fine-grained, plausible motion
editing.
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Fig. 2: The pipeline of our motion hierarchical Gaussian based dynamic control method.
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Fig. 3: Motion hierarchical Gaussian representation.
3 METHOD

Given a monocular video of a dynamic scene as input, we propose the
motion hierarchical Gaussian representation (Sec. 3.1) that accurately
reconstructs the dynamic scene and provides real-time, interactive mul-
tilayer motion control in VR. As shown in Fig. 3, we construct the
motion hierarchical Gaussian with 3 steps: 1) semantic and deformation
based initialization (Sec. 3.2); 2) motion hierarchical decomposition
(Sec. 3.3); 3) local motion analysis based refinement (Sec. 3.4). Af-
ter this, we leverage the explicit geometric representation (Gaussian)
and decomposed local motion (motion hierarchy) reconstructed by
the above methods to achieve efficient and intuitive Gaussian motion
control (Sec. 3.5).

3.1

To decompose global motion into interpretable and controllable local
motion, inspired by Lie groups and algebra, we propose a representation
for modeling complex motion, Motion Hierarchical Gaussian, which
achieves accuracy and intuitiveness through a tree structured motion
hierarchy. The tree contains Nodes and Edges.

Node contains two components, Gaussian group with the same or
similar local motion, and the corresponding local motion. We define
local motion as a triplet <R’ oc ploc ! 0C>, where R'°¢, P¢ and T'*¢
represents the rotation, its rotation center, and the original translation,
receptively. We compute T/ based on Lie group. The total translation
T of Gaussian group consists of two parts: the original translation T'¢
and the rotation-induced translation T"?*. When a Gaussian rotates
around a center P°¢, the rotation R*¢ induces an additional translation
T = (I-RY€)P¢ The original T'°¢ is then computed as T'°¢ =
T- (I-R€)P/°°_ This disentanglement preserves the natural coupling
between rotation and translation, leading to a more physically consistent
and interpretable motion representation.

Edge represents the local motion relationship between nodes of
different layers. There are three types of the local motion relationship:

Motion Hierarchical Gaussian Representation

1) unconstrained uc: Child motion is not affected by parent. 2) rigid
constraint rc: Child motion is strictly dependent on parent, maintaining
rigid consistency. 3) non-rigid constraint nc: Child motion is loosely
dependent on parent, i.e., a perturbation is introduced to rigid motion.

For the node with uc edge connecting its parent, the global motion
of each Gaussian in the Gaussian group is determined by Eq. 1, i.e.,
the global motion equals to the local motion.

{ X(1) = P17 (1) + R (1) (x =P (1)) + T (1) o

r(r) =R (t)r

where x and r are the 3D center and rotation of the Gaussian in canoni-
cal space, and ¢ is the current time.

For the node with re edge connecting its parent, the global motion
of Gaussian is factorized into a chain of local motions due to the
associative property in SE(3). For a Gaussian in node N; with local

motion <R§\‘,’[C,P§\‘}IC,T§(,’[C> at layer /, the center Xy, is determined with
Eq.2

Xy, (1) = Py, (1) + Ry, (1) (XM1 (1) Py, (t)) +Ty, (1)
Xy, (1) = Py (1) + Ry, (1) (x Py, (t)) + Ty, (1)

where x Nii is the transformed Gaussian center with the local motion
of its parent node N;_j, XN, is the transformed Gaussian center with
the local motion of the root node Ny. The rotation r Noy is determined
with Eq.3

ry, ()= Rﬁf,’l”(z)eri] @)
ry, (1) = Rl,goc(z)r

where r Ny and ry, are the transformed Gaussian rotation with the
local motion of N;_; and Nj.

For the node with nc edge connecting its parent, the global mo-
tion is computed as the composition of the parent’s motion and the
child’s local motion, with an additional non-rigid perturbation to ac-
count for incomplete rigidity. We approximate this non-rigid pertur-
bation as a small offset of the rotation center AP only, while keeping
the local rotation and translation identical to the rigid motion. For a
Gaussian in node Ny, the final local motion is therefore formulated as

<R§{,’;,P§(,’IC + APﬂ(,’IC, Ti{,’lc>. The global motion can then be calculated
using Eq.2 and 3.
3.2 Semantic and Deformation Based Initialization

We propose a semantic and deformation based clustering method to
initialize the motion hierarchical Gaussian. Taking the monocular
video of a dynamic scene as input, we first generate L groups of ID
consistent 2D semantic masks ranging from coarse to fine with level-
specific segmentation granularities, based on SAM and deva3 [65, 66],

3)



following prior works [2,67]. Then, a set of Gaussians, corresponding
deformation field and ID properties are trained. The deformed 3D
Gaussian and multi-granularity ID properties are trained supervised
by RGB images and corresponding granularity 2D masks, following
[2,8,12]. For each granularity level [ = 1,..., L, an independent ID
property 1Dy, of dimension 2°*/ s trained, while all levels share the
common deformation field and Gaussian.

After this, the nodes of our motion hierarchical Gaussian tree with
(L + 1) layers are initialized using a top-down recursive clustering
strategy. We begin by constructing the node of the root layer (0 layer).
All the initialized 3D Gaussian are grouped in the root node. The local
motion of this node is initialized with 0. The Gaussians of the nodes in
[ layer (I > 0) are grouped based on the semantic-deformation feature
F;. This feature contains the deformation feature and ID property
ID . The deformation feature is generated by uniformly sampling the
deformation field with K; = max(2°*!, n) time steps, where n denotes
the number of the training images. Then, the Gaussians of the nodes in
[ —1-th layer are assigned to the nodes in /-th layer by using HDBSCAN
clustering [68] with F;. The local motions of these nodes are also
initialized with 0.

At last, the edges are initialized via deformation similarity analysis,
since the initial Gaussians contain only deformation information but
lack local motion cues, and deformation can be regarded as a coarse
description for motion. Deformation similarity is introduced to evaluate
the similarity of global motion between parent and child nodes, which
includes positional similarity and rotational similarity. For a given
parent-child node pair, positional similarity Sy is defined with Eq. 4

_ e llox?(2) —oxe (@)l
7 Var (6x?)Var (6x7)

“

where 0x7” and 0x° are the mean positional offsets of all Gaussians in
the parent and child nodes at time ¢, and Var(dx) denotes the variance
of those offsets over . High S indicates independent (unconstrained)
motion, while low S, signifies coupled motion. Rotational similarity
S, is defined with Eq. 5

Sy = Var(

og ((6r~ 1)~ ar° )| ) )

where 6r” and 6r¢ are the mean rotational offsets. The logarithm maps
the relative rotation into the Lie algebra so(3), and Frobenius norm |||
is then used to to quantify the magnitude of the relative rotation. Low
S, indicates the child’s rotation follows the parent’s rigid transform,
whereas high S, reveals non-rigid. We then assign each edge type based
on a similarity test. First, Sy is evaluated: if it exceeds a threshold,
the edge is assigned as uc (unconstrained). Otherwise, S, is further
evaluated: if S, is below a second threshold, the edge is assigned as re
(rigid constraint); otherwise, it is assigned as nc (non-rigid constraint).

3.3 Motion Hierarchical Decomposition

In this section, we compute the local motion of each node by decom-
posing the global motion based on the hierarchical motion tree. Three
types of motion networks are proposed to predict the local motion for
different edge types and are optimized with three regularization terms.

Motion network definition. We design three types of motion net-
works, M LPy¢, MLPy. and M LPy, to predict the local motion pa-
rameters <Rl” ¢ ploc lo C) for Gaussians in nodes with uc, rc and nc
edges, respectively.

M LPy: The local motion equals to the global motion due to child
motion is not affected by parent, so all motion parameters are learned
freely from the canonical space. The network takes as input the Gaus-
sian center X in canonical space and the time #, and directly predicts all
three local motion parameters <Rl"“,Pl"C,Tl”C>.

M LPy.: Child local motion maintains rigid consistency with par-
ent’s. The network takes as input the transformed Gaussian center x?7
in parent coordinate space and ¢, and predicts R/¢, P€, and T'°¢. x?7
is calculated with Eq.2 (xn,_, ). PC is the rotation center in canonical
space. The final local rotation center PY¢ is calculated with Eq.2 by
substituting P€ as x in the base recurrence and then propagating the

recurrence up the hierarchy. The resulting Xy, is the local rotation
center P/°° of that Gaussian at layer /.

M LPp: Child motion is non-rigid to the parent’s with a perturbation
capturing deviations from rigid motion. The network again takes as
input x’# and ¢ but predicts R'¢, P€, AP and T'°°. The final local
rotation center P'°¢ is calculated as P/¢ = PC + AP.

For each node in the hierarchical motion tree, all associated Gaus-
sians share the same MLP. Similar to the DGS [8], we supervise these
MLPs using 2D ground-truth images with RGB reconstruction loss.
To ensure structured and coherent motion decomposition by enforc-
ing spatial geometry consistency, temporal motion consistency and
hierarchical motion orthogonality, we introduce three regularization
terms.

Spatial Geometry Consistency Regularization. For Gaussians
within the same node which subjects to rigid or non-rigid constraints,
their PC should be as similar as possible. We introduce a spatial
geometry consistency regularization term Zs_,onsis that maximize the
pairwise consistency of PC with Eq.6.

2
ZLs_consis = Z “P,C _P_/C"H (6)
iJ

where Pic and PJC denote the rotation center in the canonical space for
different Gaussians within the same node.

Temporal Motion Consistency Regularization. Gaussians within
the same node are expected to undergo consistent motion. To enforce
this consistency, we introduce a temporal motion consistency regu-
larization term Z7_consis that minimizes the intra-node variance of

predicted local motion parameters with Eq.7.

D e

Me {RIOC,TIUC} i=1

Lr—consis = =

where M represents the average value of the predicted local motion
parameter M across all n Gaussians in the node.

We employ two separate consistency regularization terms because
the spatial geometry consistency regularization operates on the time-
invariant canonical centers Pic, and is therefore applied only once
at the end of each training epoch. The temporal motion consistency
regularization is time-dependent and applied for each time step.

Hierarchical Orthogonality Regularization. Local motion be-
tween parent and child nodes are encouraged to be sufficiently distinct.
Hierarchical orthogonality encourages a more compact motion hierar-
chy by reducing the number of layers, thereby mitigating redundancy
in local motion decomposition. Therefore, we introduce hierarchical
orthogonality regularization that penalizes rotational similarity between
parent and child nodes. We define this regularization term g _orsn
using the Frobenius norm in SO (3) based on Eq.8.

1og((1iﬂ)711£0) F) ®)

where Ii” and I£€ denote the average local rotation predicted for the
parent and child nodes, respectively.
The overall loss & is formulated with Eq. 9.

ZLH-orth = exXp (_

& =Ze+as consis + BLr-consis * Y LH-orth )

where £, is the RGB reconstruction loss combining L1 loss with the
D-SSIM term from [1]. We set 8 and y as 0.1 for all nodes. For nodes
connected to their parents via nc or rc edges, we set a to 0.05, and for
nodes connected via uc edges, « is set to 0.

3.4 Local Motion Analysis based Refinement

To address inaccuracies in nodes and edges of the motion hierarchical
Gaussian obtained from previous two steps, we propose a refinement
method based on local motion analysis. We define the local motion



similarity between two nodes with a triplet (S, Sp,St), where Sp
and St measure the similarity of rotation center and local translations,
computed following Eq.4, and Sg measures the rotational similarity,
computed as in Eq. 5. For each node, we define the local motion
discrepancy as a 5-tuple {(mg,mT, VR, vp,VT), representing the aver-
age of R/°¢ and T!°¢, and variance of R'?¢, P/°¢ and T!°¢ across all
Gaussians and all time steps.

In node refinement, we first address over-clustering. Two nodes
in the same layer with their local motion similarity below threshold
Omerge and share a common parent and are connected to it via either
nc or rc edges or are connected to uc edges of different parents, we
perform the merge operation. Merging is conducted iteratively, fol-
lowing a size-based strategy in which the node with fewer Gaussians
is preferentially merged into the node with more. Additionally, we
remove nodes whose local motion discrepancy falls below threshold
BOremove, indicating that the node do not contribute meaningful motion
decomposition. To resolve under-clustering, we split a node into two
nodes if its local motion discrepancy exceeds threshold 6pj;. For nodes
connected to their parents via uc edges, the split sub-nodes remain at
the same layer and are connected to the parents with new uc edges.
Otherwise, the sub-nodes are assigned to the next layer and connected
to the parents via nc edges. To address wrong-clustering, we perform
Gaussian-level reassignment. We first identify nodes whose local mo-
tion discrepancy exceeds threshold @resssign. For each such node, we
compute the deviation of each Gaussian’s local motion from the node’s
mean local motion, rank all Gaussians by this deviation, and select the
top 10% as outliers for reassignment. For nodes connected to their
parent via uc edges, we search for candidate nodes across all nodes at
the same layer that are also linked by uc edges. For nodes connected
via re or nc edges, the search is restricted to nodes under the same
parent. Each outlier Gaussian is then reassigned to the most similar
candidate node based on local motion similarity. If no better node is
found, the Gaussian remains with its original node.

In edge refinement, we aggregate R/°¢ and T'°° for each node, and
perform PCA on them. We use the explained variance ratio EVR of
the top three principal components to quantify spatial freedom of
motion. A Low EVR indicates that top-three principal components
explain less eigenvalues, suggesting more unconstrained motion. In
contrast, constrained motion exhibits a consistent pattern, with the top
three components explaining most of the eigenvalues. We then extract
the dominant principal component of the local motion at each time
step, compute the cosine similarity between the principal directions of
adjacent time steps and use the average similarity sim across all time
steps to quantify the temporal freedom. A Low sim indicates unstable
motion directions over time, i.e., unconstrained motion. While a high
sim indicates stable, consistent motion directions, i.e., constrained
motion. If both EVR and sim fall below thresholds Ofec.s and Ofee.t,
we set the edge type to uc. Otherwise, we backtrack the rotation center
P'°¢ of the child node to canonical space with Eq.2 and calculate the
variance of the backtracked rotation center as axial instability. For
parent-child node pair with E,., the rotation axis P!o¢ of the child
node should obey the motion of the parent nodes leading to low axial
instability. Accordingly, if axial instability is below threshold Oinsta-axis»
we refine the edge type to rc. Otherwise, we set the edge type to nc.

3.5 Motion Control for Motion Hierarchical Gaussian

Based on the motion hierarchical Gaussian, we define five operations
to enable flexible, intuitive, and physically plausible motion control
in VR. These operations can be freely combined to produce diverse
motion effects.

Motion Node Selection. Users first select a motion layer to deter-
mine the control granularity and then choose a specific node within the
selected layer to control the local motion of the Gaussian belongs to
it. Freezing Local Motion. User can freeze local motion by disabling
its MLPs without affecting the local motion of other nodes. Offsetting
Local Motion. User can adding 3D offsets to R¥¢, P!°¢ and T%¢ to
shift the local motion trajectory, control displacements, or alter motion
directions. Scaling Motion Magnitude. By scaling the predicted R'*¢
and T'°, users can amplify or attenuate motion while maintaining

physical plausibility. Temporal Control. User can modify the time
input to the MLP of a selected node to decouple its motion from the
global timeline, adjust the speed of local motion or introduce temporal
delays, enabling effects like asynchronous movement or staggered acti-
vation. Editing the local motion of a node does not influence the local
motion of its ancestor or children nodes, but it does impact the global
motion of its children due to the hierarchy.

4 EXPERIMENT
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Datasets. We evaluate the reconstruction quality and segmentation
quality of our method on D-NeRF [21], Hyper-NeRF [22] datasets and
an additional Robotic dataset. The D-NeRF dataset and Hyper-NeRF
dataset are monocular synthetic and real-world dataset, respectively.
The Robotic dataset is also a monocular simulation dataset we created
using Unity, designed to evaluate motion reconstruction and decompo-
sition quality under diverse articulated motions. It contains six robotic
arms with distinct geometries and textures, each exhibiting unique
movement patterns such as rotation, extension, and grasping. For each
scene, 200-300 high-resolution views (1920 x 1080) are rendered de-
pending on the motion span. The camera viewpoints are sampled on a
surrounding sphere following the strategy of D-NeRF. We will release
the datasets with defined train/validation/test splits.

Implementation Details. We implemented our method on top of the
original 3DGS [1] implementation. The deformation field used in Sec.
3.2 is the same as in DGS [8]. The structure of M LPy., M LP,. and
M L Py are the same as the deformation field. The range of motion pa-
rameters is normalized for consistent thresholding: rotation R € [0, 27],
position P € [0, S], and translation T € [0,7], where S denotes the
object size and T the maximum absolute translation estimated from
the initialized deformation field. Our refinement procedure follows a
split-merge paradigm similar to classical clustering methods, such as
K-Means, ISODATA, and HDBSCAN [68-70]. We define thresholds
relative to the motion ranges, rather than in absolute units, to ensure
scalability across different datasets. For edge initialization, thresholds
for positional and rotational similarity (Sy, S,) are set to 0.57 and
0.2572, respectively. For refinement, merge operations are triggered
when local motion similarity falls below 10% of the range, split op-
erations are applied when local motion discrepancy exceeds 150% of
the range, and remove operations are performed for nodes whose local
motion discrepancy falls below 2% of the range. Reassignment is con-
ducted when local motion deviation exceeds 100% of the range. These
values are inspired by the general ranges used in ISODATA and HDB-
SCAN (10% — 50% for merge, 120% —200% for split, and 0.5% — 3%
for remove), and were further validated empirically to provide stable
performance across datasets. Since all thresholds are defined relative
to the normalized motion ranges and follow a split-merge paradigm,
our method is robust to moderate variations of these hyper-parameters.
In practice, we observe that small changes in these thresholds do not
significantly affect the final hierarchy or reconstruction quality. The
thresholds for EVR and sim are set as 0.3 and —0.5, and for variance
of PC itis set as 0.0152.

The initial Gaussian is trained for 40k iterations following DGS [8].
During the motion hierarchical decomposition, the motion networks are
trained for 30k iterations. Motion hierarchical Gaussian refinement is
performed 4 times, followed by motion networks optimization for 20k
iterations. Gaussian-level reassignment is conducted every 5k iterations
during motion networks optimization after each motion hierarchical
refinement. Although our pipeline involves multiple training and refine-
ment stages, these steps are performed entirely offline and do not affect
runtime performance or VR interaction latency. After initialization,
Gaussians are not dynamically created or removed. Each refinement
iteration reuses the same optimization procedure, which keeps the im-
plementation simple and consistent. The refinement converges within
a small number of iterations (4 in all experiments). Once training is
completed, the resulting representation supports real-time rendering
and motion control without additional optimization. All experiments
are conducted on an NVIDIA GeForce GTX 4090 GPU.

Implementation
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Fig. 4: Visual comparisons of reconstruction and segment quality between GT, the SOTA methods and our method on Jumping, Hook, Lego, Trex,
3DPrinter, Chicken and Robotic.



Table 1: Reconstruction quantitative comparison on Jumping, Hook, Lego, Trex, 3DPrinter, Chicken and Robotic.

Jumping Hook Lego Trex 3DPrinter Chicken Robotic

Method PSNRT LPIPS| | PSNRT LPIPS| | PSNRT LPIPS| | PSNRT LPIPS| | PSNRT LPIPS| | PSNRT LPIPS| | PSNRT LPIPS|
DGS 38.34 0.0182 33.58 0.0195 32.95 0.0221 38.04  0.0089 28.39 0.2188 30.77 0.3899 27.99 0.0236
SC-GS 41.29 0.0124 34.46 0.0183 33.06 0.0291 40.24  0.0066 29.93 0.2105 31.41 0.3775 29.34 0.0183
DGD 35.23 0.0229 33.44 0.0198 32.24 0.0234 3691 0.0105 27.51 0.2148 31.22 0.3828 29.95 0.0176
GARField 34.94 0.0243 31.69 0.0295 28.58 0.0464 35.47 0.0127 26.22 0.2682 29.61 0.4087 25.21 0.0332
MovingPart 32.44 0.0323 29.73 0.0298 31.14 0.0271 33.17 0.0154 22.01 0.4172 28.25 0.4225 25.81 0.0331
Ours 41.39 0.0085 35.01 0.0156 37.44 0.0127 41.80  0.0058 30.19 0.2045 32.19 0.3596 33.63 0.0115

4.2 Comparison

We compare our method with SOTA 3D Gaussian-based and NeRF-
based methods, DGS [8], SC-GS [11], DGD [12], GARField [67] and
MovingPart [13]. For GARField, which is designed for static scenes,
we extend it with the deformation field to enable modeling of dynamic
scenes. All baselines are compared under their intended input condi-
tions. DGS, SC-GS and MovingPart take only the dynamic videos as
input. While DGD, GARFiled and our method take the dynamic videos
and semantic masks as input. Comparison metrics are selected accord-
ing to each method’s capabilities: reconstruction-only methods (DGS,
SC-GS) are compared using reconstruction quality metrics, methods
supporting segmentation (DGD, GARField, MovingPart, Ours) are
compared using both reconstruction and segmentation metrics.

Reconstruction Quality. Fig. 4 shows the visual comparison be-
tween ground-truth, the results of SOTA methods and that of our
method. Our results demonstrate higher similarity to the ground-truth,
with clearer details for scenes in different datasets. This highlights
the ability of our method to accurately model the local motion as well
as hierarchical motions, both rigid and non-rigid. Table 1 shows the
quantitative reconstruction quality comparison of the scenes in Fig.4.
Table 2 shows the reconstruction quality comparison averaged over the
D-NeRF and Hyper-NeRF datasets. The quantitative evaluation offers
compelling evidence of the superior performance of our method.

Segmentation Quality. The segmentation ground-truth is based
on the annotations provided by DGD. Since DGD performs semantic-
based segmentation with relatively coarse granularity (e.g., in the Jump-
ing scene, both the left and right hands are grouped into a single
instance), we performed light manual refinements to produce more ac-
curate and fine-grained annotations. For example, we separate the left
and right hands into distinct segments. All methods are trained without
access to ground-truth segmentation, and the ground-truth are used
only for evaluation purposes. Specifically, for DGD, we use videos
and segmentation masks generated by SAM [65] as supervision. For
GARField, we also follow the original protocol and train the model
using videos and semantic masks generated by SAM’s automatic mask
generator [65]. MovingPart is trained in a fully unsupervised manner,
requiring no precomputed segmentation masks. For our method, we
adopt the same strategy as DGD, using videos associated with multi-
granularity segmentation masks for initialization.

Fig.4 visualizes the comparison of the segmentation results. Our
method, DGD and GARField produce the finest-grained segmentation
results directly, while MovingPart provides segmentation after group
merging. Compared to SOTA methods, our method demonstrate higher
similarity to the ground-truth, and significantly reduce both over-and
under-segmentation, resulting in more accurate and reliable segmenta-
tion. This highlights the ability of our method in accurately modeling
the hierarchical motions and the relationship between the local mo-
tions. We use mloU in Tables 2 and 3 to quantitatively evaluate the
segmentation quality. Our method achieves higher segmentation quality
compared with the SOTA methods.

The last column in Table 2 shows the segmentation, hierarchy and
motion control ability. DGS does not support segment and motion
control. SC-GS only supports simple motion control with control-
points. DGD only supports semantic segmentation. GARField only
supports hierarchal semantic segment. MovingParts only supports
hierarchal motion segment. Our method is the only to support all. Fig.5
visualize the comparison of the hierarchical Gaussian decomposition
between our method, GARField and MovingPart. Compared with
GARField and MovingPart, our method decomposes the motion step

by step, reduces the over-segmented and under-segmented portions.

The hierarchical structure of our representation is essential for mod-
eling structured local motions and enabling interactive motion control.
A hypothetical single-layer variant, where all Gaussians are directly
attached to the root, would collapse local motions into a global mo-
tion space, removing relative motion modeling and motion control,
making such a variant infeasible for VR interaction. Moreover, sev-
eral existing baselines, such as DGS and DGD, can be regarded as
non-hierarchical motion representations, where motions are globally
defined and independently learned per Gaussian. As demonstrated
above, these formulations exhibit poorer reconstruction and segment
quality compared to our hierarchical representation, highlighting the
necessity of motion hierarchy.

Table 2: Comparison of reconstruction and segmentation quality, and
segmentation, hierarchy, and motion control ability.

D-NeRF Hyper-NeRF .
Method |PSNRT LPIPS| mlIoUT |PSNRT LPIPS| mloUT |Seg Hier Ctrl
DGS 3544 0.0184 - 30.58 0.2143 - N N N
SC-GS | 37.19 0.0160 - 32.68 0.2040 - N N Y
DGD 35.68 0.0188 03078 | 32.36 02053 0.6402| Y N N
GARField | 32.75 0.0254 0.3317 | 29.27 02316 0.6671| Y Y N
MovingPart | 32.14 0.0247 0.3105 | 27.35 02879 0.5203| Y Y N
Ours 41.23  0.0085 0.7694 | 3496 0.1904 07069 | Y Y Y

Table 3: Segmentation quantitative comparison on different scenes.

mloUT ‘ Jumping  Hook Lego Trex 3DPrinter  Chicken  Robotic
DGD 0.3352 04867 0.3266 0.2695 0.5146 0.7959  0.5875
GARField 0.3795 04583 0.3363  0.2809 0.5151 0.8363  0.5583
MovingPart | 0.3358  0.4920 0.3081 0.2879 0.4142 0.6366  0.3689
Ours 0.8775  0.7766  0.5898  0.8502 0.5361 0.8946  0.8671

Fig.6 visualizes the comparison of the hierarchical motion tree before
and after refinement. To better illustrate the hierarchical structure, we
adopt an ID-inheritance rule where the first child of a parent node retains
the parent’s ID, while subsequent children receive incremented IDs.
Our refinement algorithm effectively resolves over-clustering, under-
clustering, and wrong-clustering of Gaussian in the initial hierarchy
(e.g., the arm parts in Robotic, the hands in Hook and Jumping, and the
tail vertebrae and vehicle cabins in Trex and Lego). Unlike GARField
and MovingPart, which rely solely on either semantic or deformation
cues, our initialization method jointly leverages both, leading to distinct
hierarchies. Moreover, the hierarchy is refined by motion analysis,
enabling precise motion decomposition (e.g., the boxer’s right hand
and body in Hook, or the vehicle body and cabin in Lego). Although
different initialization strategies may yield different initial hierarchies,
our method iteratively refines the hierarchy via motion decomposition
and local motion analysis, leading to highly consistent final hierarchies
that are largely invariant to the semantic prior (see supplementary for
details).

Table 4: Performance(ms) and Gaussian number on different scenes.

Process \ Jumping Hook Lego Trex 3DPrinter Chicken Robotic
LocMPred 2.57 4.23 9.18 745 25.17 2542 24.98
GloMCal 0.53 0.87 135  1.29 2.71 2.83 2.68
Render 0.41 0.93 1.47 121 222 2.47 2.09
Total 3.51 6.03  12.00 995 30.1 30.72 29.75
GS_Num | 31K 58K 122K 92K 339K 340K 318K

Table 4 reports the runtime breakdown and model size. During ren-
dering, our pipeline includes three stages: (1) local motion prediction
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Fig. 5: Visual comparison of hierarchical Gaussian decomposition. Our method directly renders Gaussians as ellipsoids. GARField and MovingPart
first sample the radiance field to generate point clouds, which are then rendered to visualize hierarchical results.

for each node in the hierarchical motion tree (LocMPred), (2) global
motion computation based on Eq. 1-3 (GloMCal), and (3) Gaussian
rendering (Render). Our method achieves real-time performance, with
rendering speeds ranging from 32 to 284 fps across different scenes. We
also report the number of Gaussians (GS_Num) per scene. Although
the number of Gaussians varies by an order of magnitude, the runtime
of GloMCal remains relatively stable, as the cascaded global motion
computation consists only of simple mathematical operations.

leniuj

paulay

leniuj

Initial Refined

pauay

leniuj

paulay

Initial Refined

Fig. 6: Visual comparison of hierarchical Gaussian tree before and after
local motion analysis based refinement.

4.3 Ablation Studies

We conducted ablation studies to validate the effectiveness of our pro-
posed component, including regularization terms and motion hierar-
chal Gaussian refinement. We conduct experiments on the D-NeRF,
Hyper-NeRF datasets and our Robotic datasets. The qualitative and
quantitative results are reported in Fig.7 and Table 5.

Regularization. We first examine the effects of the three proposed
regularization terms. Our method achieves the best performance when
all regularization terms are enabled. As shown in Fig. 7, removing
spatial geometry consistency (w/o R1) leads to mis-segmentation at
the junctions between different parts of the Robotic, as well as in-
correct reconstruction of local motions. Disabling temporal motion
consistency (w/o R2) causes large motion deviations among Gaussians

GT Ours

w/o R1

Fig. 7: Ablation studies for regularization and refinement effects.

belonging to the same part, resulting in incorrect segmentation and
motion reconstruction. Moreover, removing hierarchical orthogonality
(w/o R3) produces non-orthogonal motion decomposition and excessive
over-clustering.

Refinement. We examine the effects of the proposed motion hierar-
chal Gaussian refinement. We use the initialized hierarchical motion
tree to reconstruct the local motion when disabling the motion hierar-
chical Gaussian refinement (w/o RF). For a fire comparison, we train
the local motion for 110k in total. As shown in Fig.7, disabling the
refinement results in incorrect Gaussian segmentation as well as poor
reconstruction quality due to the deformation field being less effective
in motion representation.

Table 5: Ablation study of reconstruction and segmentation quality.

method | Ours w/oR1  w/oR2 w/oR3 w/oRF
PSNRI 38.09 29.47 25.07 31.08 25.95

LPIPS 0.0053 0.0213  0.0359 0.0166  0.0331
mloUT | 0.7714 0.4297 0.4547 0.4929  0.5093

5 USER STUuDY

We conducted a user study to evaluate the efficiency and accuracy of
motion control on the Robotic scenes.

5.1 User Study Design

Participants and Setup. 16 participants (12 males and 4 females, aged
between 21-30) were recruited in this study, and all of them have had
experiences in VR HMDs. Each participant wore an PICO 4 Ultra
HMDs for the user study. The research was performed under the over-
sight of Biology and Medical Ethics Committee of Beihang University,
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Fig. 8: Task and results of user study. Participants are required to control Robotic’s motion (left). Our method achieves significant reduction in
completion time, manipulation distance, and motion control error, and significant improvement in manipulation usability and motion fidelity (right).

with protocol number BM20240277. Consent from the human subjects
in the research was obtained.

Conditions. The conditions included our method (Ours), SC-GS [11],
GARField [67], and MovingPart [13]. For SC-GS, we retain its origi-
nal motion control mechanism. For GARField and MovingPart, they
lack motion control capability. To enable fair comparison in VR, they
were minimally extended to support part-level motion control. These
modifications only allow completion of the same user study tasks and
preserve their original interaction design. Specifically, we first identify
the Gaussians to be manipulated based on segmentation, and then apply
motion control by adjusting the global motion of the corresponding
Gaussian group.

Task and Procedure. As shown in the left of Fig. 8, the user study
consists of a single task with five operations. In Operations 1-4, partic-
ipants first selected a Robotic part and then performed motion control
according to given instructions using either our method or the baselines.
Operation 5 required participants to freely control local motions of the
Robotic arm. The segmentation result is shown in the lower left, with
the selected part highlighted in black. Each test includes five repetitions
of Operations 1-5, with different Robotic motions in each repetition.
The order of Operations 1—4 is randomized using a Latin square design,
and Operation 5 starts only after all four operations are completed. A
2-minute rest is provided after Operations 1-4, followed by a 10-minute
break before Operation 5. After each operation, participants reported
manipulation usability and motion fidelity.

Metrics. We report three objective and two subjective metrics. Task
completion time (seconds) measures the duration from task start to
completion. Manipulation distance (meters) measures the total move-
ment of the operated handles. Motion control error (centimeters) is
computed as the average Chamfer Distance over all timestamps. Ma-
nipulation usability and motion fidelity are rated on a 5-point scale
from 5 (best) to 1 (worst).

Statistical analysis. We compared different conditions by first assess-
ing data normality using the Shapiro—Wilk test. If the data followed
a normal distribution, comparisons were conducted using repeated-
measures ANOVA; otherwise, the Wilcoxon signed-rank test was ap-
plied. In addition to p-values, effect sizes were estimated using Co-
hen’s d, with qualitative interpretations of Huge (d > 2.0), Very Large
(2.0>d > 1.2), Large (1.2 > d > 0.8), Medium (0.8 > d > 0.5), Small
(0.5>d >0.2), and Very Small (0.2 > d > 0.01).

5.2 Results and Discussion

As shown in the right of Fig.8, we calculate the average values of
different metrics over all methods, and use the p-value and Cohen’s
d to estimate the difference between the comparison conditions and
Ours. The results indicate a significant improvement in efficiency and
accuracy of motion control. Our method reduces the time compared
to the SC-GS, GARField and MovingPast by 55%, 57%, and 58% for
the five operations (all p-values are < 0.001 and the effect sizes are all
Huge); reduces the operation error by 58%, 62%,and 53% (all p-values
are < 0.001 and the effect sizes are from Very Large to Huge); and
reduces the operation distance by 33%, 32%, and 37% (all p-values
are < 0.001 and the effect sizes are all Huge). Besides, our method

significantly enhanced user immersion and realism compared to SOTA
methods. These results demonstrate that compared to previous methods,
our method significantly enhances the efficiency of motion control.

Our user study involves a limited number of participants and an
imbalanced gender distribution. This study is intended to evaluate the
usability and effectiveness of the proposed motion control method and
associated VR interaction operations. Despite these limitations, the
observed performance improvements are consistent across participants
and tasks, with large effect sizes, indicating clear advantages of the
proposed approach for VR motion control. A larger and more demo-
graphically diverse user study will be explored in future work to further
validate these findings.

6 CONCLUSION

We have proposed a motion hierarchical Gaussian based dynamic con-
trol method in VR. A motion hierarchical Gaussian representation was
introduced and initialized according to semantic and deformation infor-
mation. A consistency and orthogonality regularization based motion
hierarchical decomposition method was proposed to optimize the lo-
cal motion. A local motion analysis based refinement method was
introduced to optimize the motion hierarchy. A set of motion control
operations was designed to effectively interact with the motion hierar-
chical Gaussian. Extensive experiments on challenging datasets verify
that our method achieves high quality motion reconstruction, accurate
motion decomposition, real-time, intuitively and immersive motion
control in VR.

Our method has several limitations. First, we assume that the clus-
tered Gaussian groups and motion relationship between different groups
are time-consistent in our method, which would be invalid when the
topology of the object changes, e.g., a cookie is broken into multiple
pieces. One future exploration is to incorporate temporally dynamic
segmentation properties and develop adaptive cluster strategies to sup-
port such cases. Second, our method focuses on motion patterns that
can be effectively modeled by structured local motions, whereas fluid
motions are continuous, our current hierarchical motion representa-
tion is not applicable to such continuous fields. Thus, another future
work is to extend our motion formulation and introduce new repre-
sentations and regularization terms specific to fluid-like motions. The
third limitation is that the reconstruction quality for unobserved views
can be inherently limited due to the constraints of monocular dynamic
input. Even if certain regions are observed at other time, dynamic
scene changes prevent their accurate reconstruction at the current time.
Future work could address this limitation by incorporating geometric
and spatial consistency constraints across time and space, enabling
more consistent reconstruction for unobserved views.
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