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Figure 1. Novel view synthesis results on [49]. We introduce MoDec-GS, a novel framework for learning compact dynamic 3D Gaussians
from real-world videos with complex motion. While existing SOTA methods [21, 60, 63] have difficulty modeling such complex combi-
nation of global and local motions, our approach effectively handles them thanks to GLMD (Sec. 4.1), and outperforms the prior methods
in rendering quality even with a compact model size. The metrics under each framework are, PSNR (dB)↑ / LPIPS [65] ↓ / Storage (MB)↓.

Abstract

3D Gaussian Splatting (3DGS) has made significant strides
in scene representation and neural rendering, with intense
efforts focused on adapting it for dynamic scenes. Despite
delivering remarkable rendering quality and speed, existing
methods struggle with storage demands and the representa-
tion of complex real-world motions. To address these chal-
lenges, we propose MoDec-GS, a memory-efficient Gaus-
sian splatting framework designed to reconstruct novel
views in challenging scenarios with complex motions. We

†Co-corresponding authors.

introduce Global-to-Local Motion Decomposition (GLMD)
to effectively capture dynamic motions in a coarse-to-fine
manner. This approach leverages Global Canonical Scaf-
folds (Global CS) and Local Canonical Scaffolds (Local
CS), which extend static Scaffold representation to dynamic
video reconstruction. For Global CS, we propose Global
Anchor Deformation (GAD) to efficiently represent global
dynamics along complex motions, by directly deforming the
implicit Scaffold attributes which are anchor position, off-
set, and local context features. Next, we finely adjust lo-
cal motions via the Local Gaussian Deformation (LGD) of
Local CS explicitly. Additionally, we introduce Temporal
Interval Adjustment (TIA) to automatically control the tem-
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poral coverage of each Local CS during training, enabling
MoDec-GS to find optimal interval assignments based on
the specified number of temporal segments. Extensive eval-
uations demonstrate that MoDec-GS achieves an average
70% reduction in model size over state-of-the-art methods
for dynamic 3D Gaussians from real-world dynamic videos
while maintaining or even improving rendering quality.

1. Introduction
Novel view synthesis (NVS) generates new perspectives

of a scene from a limited set of images, closely approximat-
ing real footage. NVS has long been a key research area
for many years, with advancements in techniques such as
depth-image-based rendering [12, 44, 67]. This ongoing in-
terest is largely driven by the broad applicability of NVS in
areas such as virtual reality, augmented reality, and immer-
sive media, where natural viewpoint transitions that mimic
real-life experiences are essential for enhancing user real-
ism [1, 2].

Approaching NVS as the task of modeling the radiance
field has taken the computer vision community by storm.
This paradigm shift, led by Neural Radiance Field (NeRF)
[42], has set a new photorealism standard that surpasses
conventional methods. The original NeRF represents the ra-
diance field as an implicit function linked to volume render-
ing, achieving remarkable visual fidelity. However, it faces
challenges with its slow training and, more critically, ren-
dering speed, which is far from real-time. Despite various
optimization efforts [14, 36, 45], achieving real-time ren-
dering on consumer-level devices remains difficult, largely
due to NeRF’s reliance on pixel-wise volumetric rendering.

Recently, 3D Gaussian Splatting (3DGS) [26] has
emerged as a compelling alternative, offering exceptional
rendering speed without compromising visual quality. By
representing the radiance field as a collection of 3D Gaus-
sian ellipsoids, 3DGS enables efficient patch-wise raster-
ization through Gaussian projection and alpha composit-
ing. This patch-level rasterization pipeline, fully leverag-
ing GPU parallel computation, allows 3DGS to achieve
unrivaled rendering speed. Subsequently, 3DGS has in-
spired diverse research trajectories, with extension to video
inputs and compression emerging as key areas of focus
[28, 32, 40, 43, 60, 62].

Current approaches to dynamic adaptation often pair a
static canonical 3DGS with implicit [9, 21, 27, 33, 54, 60,
63] or explicit [24, 34] components to manage the tem-
poral deformation of the attributes within the canonical
3DGS. Another approach extends 3D Gaussian primitives
into 4D by incorporating a temporal dimension [8, 62].
While both approaches preserve solid rendering quality for
dynamic scenes, they face storage issues due to the multi-
dimensional attributes assigned to numerous 3D Gaussians
in canonical 3DGS or 4D Gaussians [29]. Handling long-

duration content with complex motion also poses difficul-
ties, as representing all frames with a unified model causes
blurring due to its limited capacity, as noted by Shaw et
al. [54]. To address this, they segment sequences based on
scene motion and train a separate model for each segment.
However, this approach requires an extra step to compute
motion vectors, which diminishes the usability of 3DGS.

Early methods to address the storage demands of 3DGS
had focused on compressing the original 3DGS representa-
tion, employing techniques like vector quantization [10, 28,
46, 47], Gaussian pruning [10, 28], and implicit encoding of
Gaussians’ attributes [18, 28, 61]. Some recent studies have
successfully introduced more memory-efficient representa-
tions based on the 3DGS framework, with a notable exam-
ple being the anchor-based representation [4, 38, 40, 58],
which assigns implicit features at sparse anchor points to
predict attributes for a broader set of neighboring 3D Gaus-
sians. However, extending these methods, originally de-
signed for static scenes, to dynamic videos may be chal-
lenging, as dynamic scene modeling typically requires sub-
stantial additional components. A few recent methods have
aimed to unify dynamic extension and memory efficiency,
but one [56] is limited to multi-view sequences, while an-
other [29] still struggles with long-duration content.

To address the limitations of existing methods, we pro-
pose a novel dynamic 3D Gaussian splatting framework,
enhancing model compactness and rendering quality while
preserving real-time capability. Our framework employs
a deformation-based approach with an anchor-based rep-
resentation [40] for the canonical 3DGS due to its com-
pactness. Building on this, we introduce a two-stage de-
formation process inspired by the observation that natural
motion involves both global and local components. In the
first stage, called Global Anchor Deformation (GAD), the
canonical representation is deformed to a specific time in-
terval using an anchor deformation encoder that captures
global motion across the entire sequence. In the second
stage, called Local Gaussian Deformation (LGD), the de-
formed representation is refined via local deformation en-
coder capturing finer motion within the specific time inter-
val around the chosen time point. A final feature of our
framework is Temporal Interval Adjustment (TIA), which
assigns the temporal interval to each deformation encoder
and is automatically determined during training. This does
not require any precomputed external information such as
optical flow, and effectively localizes the dynamic motion
of the scene. In short, our contributions are as follows:
• We propose a novel framework MoDec-GS based on

Global-to-Local Motion Decomposition (GLMD), which
effectively handles real world’s complex motions com-
posed of global and local movements.

• We introduce the TIA to adaptively control the temporal
intervals of each local canonical anchor during training,
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enabling our MoDec-GS to achieve optimal visual quality
even with a compactly limited model size.

• Extensive experiments on three widely used monocular
datasets show that our method significantly reduces stor-
age while maintaining or even improving visual quality,
specifically, on iPhone dataset [16], it shows a PSNR gain
of + 0.7dB and a storage reduction of -94% compared to
the second best method in terms of quality, SC-GS [21].

2. Related Works

2.1. 3D Gaussian Splatting for Dynamic Scenes

A natural evolution of 3DGS [26] for static scenes is its
extension to dynamic scenes, with recent research in this
area generally split into two main categories: deformation-
based and 4D Gaussian-based methods. Deformation-based
methods rely on a static canonical 3DGS, paired with a
component that captures the temporal deformation of the
attributes within this canonical representation. This defor-
mation can be modeled implicitly using structures like MLP
[21, 33, 63] or feature grids [9, 60], or explicitly via poly-
nomial [32, 34], Fourier [24, 34] or learned basis functions
[27]. In contrast, 4D Gaussian-based methods [8, 62] intro-
duce time as an extra dimension in the 3D Gaussian for-
mulation. Both works aim to integrate the 4D Gaussian
paradigm within the established 3DGS training and render-
ing framework, with a particular focus on efficiently repre-
senting rotations in 4D space.

Although both categories achieve decent rendering qual-
ity for dynamic scenes, they still demand substantial stor-
age, to handle the multi-dimensional attributes of mil-
lions of 3D Gaussians in canonical 3DGS or 4D Gaussians
[29, 66]. Additionally, representing long-duration or large-
motion contents with a compact model is challenging [54].
This difficulty arises from the need to maintain fast render-
ing speed while ensuring reliable training on a limited set
of sampled videos. A straightforward approach is to train
a separate model for each empirically determined interval;
however, determining the optimal interval empirically is in-
efficient, as the flow of motion information can vary signifi-
cantly depending on the content. Shaw et al. [54] proposed
a method for temporal segmentation to address this issue,
but this considers only the magnitude of motion. In contrast,
we integrates a temporal segmentation method directly into
the training process, enabling MoDec-GS to explore opti-
mal intervals by itself to achieve the best rendering quality.

2.2. Compact 3D Gaussian Splatting

To address the substantial memory demands of 3DGS,
various strategies have been proposed. The first category
focuses on compressing the original 3DGS representation,
with key approaches including vector quantization [10, 28,
46, 47], pruning redundant Gaussians [10, 28, 57], implicit

encoding of high-dimensional attributes [18, 28, 61], using
standardized compression pipelines [10, 43, 61] and apply-
ing entropy constraint [57]. The second category explores
more efficient Gaussian representations to mitigate storage
challenges [20, 40]. A prominent example is Scaffold-
GS, which introduces a unique method by assigning learn-
able features to a sparse set of anchor points that predict
attributes for a broader set of neighboring 3D Gaussians.
Recent advancements in the Scaffold-GS framework have
further enhanced memory efficiency by organizing anchor
points hierarchically across multiple levels [58] or using a
binary hash grid to model context for unstructured anchor
attributes [4].

However, adapting methods from both categories to
4DGS may not be straightforward, as most 4D exten-
sions require substantial architectural modifications to ex-
tend 3DGS for dynamic scene modeling. A few recent ap-
proaches have covered both dynamic extension and memory
efficiency; for instance, Sun et al. [56] propose a frame-
work for on-the-fly training, where adaptive control over
the quantity of 3D Gaussians is employed, allowing the
model size to remain moderate for streaming. However, this
method assumes multi-view inputs. Lee et al. [29] imple-
ment a combination of compression techniques, including
residual vector quantization and hash grid-based encoding,
on top of the Spacetime Gaussian proposed by Li et al. [32].
However, this approach doesn’t provide an efficient solution
for handling long-duration, large-motion content.

3. Preliminary
3.1. Splatting of Gaussian primitives

Gaussian primitives, or Gaussians, are characterized us-
ing their respective rotation matrices R and scaling matrices
S = diag([si]). To render the primitives for a viewport that
corresponds to a viewing transformation matrix W , one can
calculate the following covariance matrix:

Σ′ = JTWTΣWJ, (1)

where Σ = RTSTSR and J is an affine approximation of
the projective transformation [26]. The covariance matrix
represents the approximate shape of the projected Gaussian.
Once the 2D covariance matrices and the projected central
positions for each Gaussians are calculated, the primitives
are sorted in the order of the depth values. Lastly, the col-
ors for each pixel in the viewport can be calculated by the
following alpha-blending procedure:

C =

n∑
i=1

ciαi

i−1∏
j=1

(1− αj), (2)

where ci is the color of the i-th primitive that is calculated
from spherical harmonic coefficients. The opacity αi is ob-
tained by evaluating the 2D Gaussian distribution function
at the pixel position.
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Figure 2. Overview of our MoDec-GS framework. To effectively train dynamic 3D Gaussians with complex motion, we introduce
Global-to-Local Motion Decomposition (GLMD) (Sec 4.1). We first train a Global Canonical Scaffold-GS (Global CS) with entire frames,
and apply a Global Anchor Deformation (GAD) to Local Canonical Scaffold-GS (Local CS) dedicated to represent its corresponding
temporal segment (Sec 4.2). Next, to finely adjust the remaining local motion, we apply Local Gaussian Deformation (LGD) which
explicitly deforms the reconstructed 3D Gaussians with a shared hexplane (Sec 4.3). During the training, Temporal Interval Adjustment
(TIA) is performed, optimizing the temporal interval into a non-uniform interval that adopts to the scene’s level of motion (Sec 4.4).

3.2. Scaffold-GS

Scaffold-GS representation consists of a set of anchor
points which are the central points of voxels of a prede-
fined size, a set of neural Gaussians associated with the an-
chor points, and a set of neural networks that predict the
attributes of the neural Gaussians. There are k-number of
neural Gaussians that are associated with each anchor point,
and such a group of Gaussians that are softly bound to a spa-
tial point work as a local representation. The centers of the
neural Gaussians are given as follows:

mi = xv + oi, (3)

where i ∈ {0, ..., k− 1} and xv is the position of an anchor
point v. mi and oi are the center position and the learn-
able offset for the i-th neural Gaussian. The opacities of the
neural Gaussians are predicted as follows:

{attrv,0, · · · , attrv,k−1} = Fattr(f̂v, δv,cam,
−→
d v,cam) (4)

where attrv,i is the attribute of the i-th neural Gaussian asso-
ciated with the anchor point v. The attributes include opac-
ity, color, quaternion, and scale. Separate neural networks
Fattr are used to predict the attributes where the networks
take inputs including learnable anchor feature f̂v and the
displacement (δv,cam,

−→
d v,cam) from the viewing position to

the anchor v. Similar to the densification in 3DGS, the an-
chor points are added or removed based on the gradient ac-
cumulation and the opacity. Please see Suppl. C.1 for detail.

4. Proposed Method

4.1. Overview of MoDec-GS

We adopt a deformation-based real-time dynamic scene
rendering method [60], but use anchor-based representation
[40] as a canonical 3DGS due to its compactness. To ef-
fectively capture real-world videos with a complex combi-
nation of global and local motions, we introduce Global-
to-Local Motion Decomposition (GLMD) as illustrated in
Fig. 2. GLMD consists of two stages: the first mod-
els global motion, while the second refines local motion.
In the first stage, we apply Global Anchor Deformation
(GAD), which deforms the position and attributes of an-
chors with a tiny global hexplane, transforming the Global
Canonical Scaffold-GS (Global CS) into the Local Canoni-
cal Scaffold-GS (Local CS) (Sec. 4.2). As shown in Fig. 3,
this anchor-based transformation effectively captures global
motion. Additionally, we embed learnable parameters into
anchors to reflect motion characteristics, enabling effective
control over both anchor-wise global motion and local mo-
tion within each anchor. In the second stage, the Local CS is
reconstructed into 3DGs through neural Gaussian derivation
and then explicitly deformed to each target timestamp using
a shared local hexplane (Sec. 4.3). To optimize the temporal
interval assigned to each Local CS based on the scene mo-
tion, we propose Temporal Interval Adjustment (TIA) (Sec.
4.4). This method dynamically re-balances temporal inter-
vals during training, efficiently utilizing limited representa-
tion capability, without requiring any precomputed external
information such as optical flow or tracking [30, 35, 37].
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4.2. Global Anchor Deformation (GAD)

Anchor Deformation. One approach to representing dy-
namic motion based on deformation is learning a hex-
plane that deforms 3DGs attributes after reconstruction
[60]. While intuitive and efficient, it may struggle to han-
dle a complex combinations of global and local motions
due to the hexplane’s limited capacity. In contrast, another
method to achieve this involves directly deforming the an-
chor’s position and attributes in anchor-based representation
[40]. As shown in Fig 3, the method of deforming the an-
chor itself is more efficient for representing a global motion
of relatively large objects, rather than learning deformation
fields for each reconstructed individual 3DGs. Therefore, as
shown in Fig. 2-(a), we deform the anchor’s position and its
attributes in GAD stage. For a given anchor point v, the an-
chor position xv, yv, zv is queried in a tiny global hexplane
HG along with a timestamp. Here, the timestamp corre-
sponds to the canonical time tc, which is a time represent-
ing each divided temporal segment, determining temporal
interval of the Local CS. The queried feature is decoded by
a tiny MLP and a multi-head anchor decoder, producing the
deformations for the position and attributes associated with
the anchor: (∆x,∆y,∆z), ∆fv , ∆Ov , ∆sv . For example,
a deformation of local context feature can be obtained by

∆fv = φf [FG(HG(xv, yv, zv, tc)], (5)

where FG is a light MLP and φf is a local context feature
head among the multi-head anchor decoders. The deforma-
tion values are added to the anchor attributes, producing a
deformed anchor, at which point the proposed novel term,
learnable anchor dynamics, are incorporated.
Anchor Dynamics. Even for a long-range video, a con-
siderable portion of the scene is still static. Rather than sep-
arately generating static and dynamic parts [33] or utiliz-
ing a precomputed external dynamic mask [41], we aim to
learn motion dynamics by assigning additional learnable at-
tributes to the anchor, allowing them to be optimized during
the training process. To separately model the global move-
ment characteristics of the anchor and the local movements
within the anchor, we applied and trained dG and dL inde-
pendently. Global dynamics dG learns whether the entire
anchor moves globally and applies binary masking based
on a threshold. This learnable masking inspired by [28] is
derived as follows:

M(dG) = sg(I[σ(dG) > ϵ]− σ(dG)) + σ(dG), (6)

where sg(·) is the stop gradient operator, I is an indicator,
σ(·) is sigmoid function, and ϵ is the masking threshold.
Local dynamics dL is simply activated and then multiplied
to the attributes of the corresponding anchor. Finally, the
attributes of the deformed anchor are given by

Figure 3. Concept and effect of 2-stage deformation. For rep-
resenting a complex motion of 3D Gaussians, a global movement
over time intervals can be more efficiently handled through defor-
mation of anchor itself. In contrast, subtle motions of individual
3D Gaussians within a time interval can be effectively addressed
by explicit deformation of each Gaussian.

xv′ , yv′ , zv′ = (xv, yv, zv) +M(dG) · (∆x,∆y,∆z) (7)
fv′ = fv +∆f · σ(dL), (8)
ov′ = ov +∆o · σ(dL), (9)
sv′ = sv +∆s · σ(dL). (10)

4.3. Local Gaussian Deformation (LGD)

Once global motion over a time interval is captured in
the first stage, the remaining local motion of individual 3D
Gaussians are relatively minor and simplified, as shown in
Fig. 3. This claim is also supported by Suppl. G.3. Repre-
senting such movements can be effectively handled by the
explicit deformation [60] of the reconstructed Gaussians,
rather than anchor deformation, since it would require learn-
ing feature changes capable of generating the attributes of
the displaced Gaussians (See Sec. 3 and Tab. 3). Based on
this reasoning, a deformed Local CS is first reconstructed
into 3D Gaussians through neural Gaussian derivation.
Neural Gaussian Derivation. Within a given view frus-
tum, k neural Gaussians are spawned from the deformed
anchor, and each Gaussian’s attributes are reconstructed us-
ing the deformed feature along with the viewing direction
and distance. For instance, an opacity set of k Gaussians is
spawned as follows:

{α0, · · · , αk−1} = Fα(f̂ ′
v, δv′,cam,

−→
d v′,cam), (11)
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where Fα is MLP decoder, f̂ ′
v is a feature bank constructed

from the deformed feature on anchor v′, δv′,cam and
−→
d v′,cam

are relative distance and viewing direction from viewpoint
to the anchor, respectively [40].
Gaussian Deformation. The spawned neural Gaussians
are then explicitly deformed to the target timestamp [60].
For example, positional deformations of k-th neural Gaus-
sian in a Local CS is given by:

∆xk,∆yk,∆zk = φp[FL(HL(xk, yk, zk, tL)] (12)

where HL is a local multi-resolution hexplane, FL is a MLP
decoder, φp is a position head, and tL is a target timestamp.
Note that the local hexplane and corresponding MLP de-
coder are shared across each Local CS for compactness.

4.4. Temporal Interval Adjustment (TIA)

To adaptively localize the degree of motion and guide
the temporal scope of each Local CS, we divided the total
frames N into l segments, where 1 < l < N . Initially, seg-
ments have uniform temporal intervals. However, depend-
ing on the scene motion characteristics, their optimal sizes
that each Local CS can effectively represent may vary. To
account for this, we propose Temporal Interval Adjustment
(TIA) to adjust the temporal intervals to fit the scene during
the training process. The TIA re-balances the complexity
of deformation required for each local canonical Gaussians,
enabling effective scene representation even with compactly
limited size of hexplane.
Canonical time shift. For the temporal interval adjustment,
we employ the canonical time-based shift method, as illus-
trated in Fig. 2-(c). Basically, temporal intervals are man-
aged by a canonical time list Tc = [t1, t2, · · · , tl−1], which
represents the lowest timestamp of each interval and serves
as the boundary between temporal segments. During the
training process, this list is fixed at equal intervals from the
normalized entire time range [0, 1], until a preset iteration
for starting temporal adjustment, T TIA

from. After the starting
iteration, the TIA process, as described in Algo. 1, is re-
peated until a preset iteration for ending the process, T TIA

until.
During each adjustment period T TIA

period, positional gradients
are accumulated in the temporal interval to where the times-
tamp of each training view belongs. The accumulated gra-
dient list Gacc = [gacc

0 , gacc
1 , · · · , gacc

l−1] and the accumulation
count list νacc = [νacc

0 , νacc
1 , · · · , νacc

l−1], are initially set to
zero, and updated in each iteration as follows:

gacc
c = gacc

c + gpost , (13)
νacc
c = νacc

c + 1, (14)

where gpost is the Frobenius norm of positional gradient for
a certain iteration where the training view has timestamp t
within [tc, tc+1). Please note that the left boundary of the
first temporal interval should not be represented as an ad-
justable canonical time but always be fixed at 0. Therefore,

Tc is one element shorter in length than Gacc. Based on the
statistics of the accumulated gradients, we identify Local
CS with insufficient expressiveness, and shrink the corre-
sponding temporal intervals. The idea behind this approach
is that temporal segments with significantly high accumu-
lated positional gradient indicate regions where the Local
CS struggles to represent efficiently; therefore, we reduce
their assigned time intervals. Each temporal interval with
an accumulated gradient greater than the preset threshold
τTIA is shrunk by a step size sTIA on both sides.

Algorithm 1 Temporal Interval Adjustment (Fig. 2-(c))

1: procedure TIA(Tc,G
acc, νacc, gpost , τTIA, sTIA)

2: if T TIA
from ≤ iter ≤ T TIA

until then
3: Update Gacc with gpost (Eq. 13)
4: if iter % T TIA

period = 0 then
5: µ =

∑l−1
c=0(g

acc
c /νacc

c )/l ▷ acc. grad. mean

6: σ =
√∑l−1

c=0[(g
acc
c /νacc

c )− µ]2/l ▷ std.
7: for j = 0 to l − 1 do
8: if gacc

j ≥ µ+ τTIA · σ then ▷ shrink
9: if j ̸= 0 and tj ≤ tj+1 − sTIA then

10: tj ← tj + sTIA

11: if j ̸= l − 1 and tj ≤ tj+1 − sTIA then
12: tj+1 ← tj+1 − sTIA

13: Init Gacc, νacc, µ, σ

5. Experiments
5.1. Experimental Setup

Implementation Details. Our framework is built upon
4DGS [60] and Scaffold-GS [40], retaining most hyperpa-
rameters. The parameters related to newly designed mod-
ules are empirically derived (see Suppl. B for the details).
Datasets and Metrics. There are various and well-
validated multi-view videos datasets [31, 52], but achieving
high rendering quality especially in monocular reconstruc-
tion remains challenging, which is the most accessible real-
life application due to the prevalence of camera-equipped
mobile devices. To focus on the complex motion present in
such real-world videos, we evaluate our method on recent
monocular video benchmark, Dycheck-iPhone [16], which
closely reflects the real-life video characteristics without
teleporting. We also used HyperNeRF [49] and Nvidia-
monocular dataset [64], which are widely used for monoc-
ular evaluation, employed to assess the generalization per-
formance of our method. For all three datasets, initial point
cloud data was manually generated by COLMAP [53] us-
ing the script provided in [60]. The image quality of our
approach is evaluated using three metrics: Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index (SSIM),
and Learned Perceptual Image Patch Similarity (LPIPS)
[65]. Each metric is computed per frame and subsequently
averaged across all test frames. Storage efficiency is mea-
sured in megabytes (MB) by summing the size of the trained
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Method Apple Block Paper-windmill Space-out

SC-GS [21] 14.96 / 0.692 / 0.508 173.3 13.98 / 0.548 / 0.483 115.7 14.87 / 0.221 / 0.432 446.3 14.79 / 0.511 / 0.440 114.2
Deformable 3DGS [63] 15.61 / 0.696 / 0.367 87.71 14.87 / 0.559 / 0.390 118.9 14.89 / 0.213 / 0.341 160.2 14.59 / 0.510 / 0.450 42.01

4DGS [60] 15.41 / 0.691 / 0.524 61.52 13.89 / 0.550 / 0.539 63.52 14.44 / 0.201 / 0.445 123.9 14.29 / 0.515 / 0.473 52.02
MoDec-GS (Ours) 16.48 / 0.699 / 0.402 23.78 15.57 / 0.590 / 0.478 13.65 14.92 / 0.220 / 0.377 17.08 14.65 / 0.522 / 0.467 18.24

Spin Teddy Wheel Average

SC-GS [21] 14.32 / 0.407 / 0.445 219.1 12.51 / 0.516 / 0.562 318.7 11.90 / 0.354 / 0.484 239.2 13.90 / 0.464 / 0.479 232.4
Deformable 3DGS [63] 13.10 / 0.392 / 0.490 133.9 11.20 / 0.508 / 0.573 117.1 11.79 / 0.345 / 0.394 106.1 13.72 / 0.461 / 0.430 109.4

4DGS [60] 14.89 / 0.413 / 0.441 71.80 12.31 / 0.509 / 0.605 80.44 10.83 / 0.339 / 0.538 96.50 13.72 / 0.460 / 0.509 78.54
MoDec-GS (Ours) 15.53 / 0.433 / 0.366 26.84 12.56 / 0.521 / 0.598 12.28 12.44 / 0.374 / 0.413 16.68 14.60 / 0.480 / 0.443 18.37

Table 1. Quantitative results comparison on the iPhone datasets [16]. Red and blue denote the best and the second best performances,
respectively. Each block element of 4-performance denotes (mPSNR(dB)↑ / mSSIM↑ / mLPIPS↓ Storage(MB)↓).

Ground TruthOurs4DGS [CVPR’24]SC-GS [CVPR’24]Deform. 3DGS [CVPR’24] Ground TruthOurs4DGS [CVPR’24]
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Figure 4. Qualitative results comparison on three datasets [16, 49, 64]. The yellow boxes highlight areas where the proposed method
achieves notable visual quality improvements, and the storage for the corresponding sequence is displayed below each rendered patch.

model. For iPhone dataset, we used the masked metrics
based on the official co-visible mask provided by [16].
Comparison Methods. We compare our approach with
recent dynamic 3D Gaussian representation methods that
can reconstruct dynamic scenes from a monocular video
footage: Deformable-3DGS [63], SC-GS [21], and 4DGS
[60]. The official codes are used for the methods, and we
adjusted several parameters to achieve reasonable rendering
quality, with details provided in the Suppl. B.

5.2. Results

Quantitative Comparison. As detailed in Tab. 1, our
method significantly reduces storage while achieving the
best or second-best visual quality performance across al-
most all sequences of iPhone dataset [16]. On average, it
maintains or even improves visual quality with only about
6% of the storage compared to the second-best method in
terms of quality, SC-GS [21]. On HyperNeRF dataset [49],
we present only the average performance shown as Tab. 2-
(a). For this dataset, our method attains the best perfor-
mance in PSNR, SSIM and second-best in LPIPS, while
having approximately 18% of SC-GS’s storage [21] and
around 57% of 4DGS’s [60]. For the Nvidia dataset [64],

we compare our method only with the second-best method
in terms of visual quality relative to storage, 4DGS [60].
Tab. 2-(b) shows that our method reduces storage while si-
multaneously improving visual quality in all metrics. Sup-
plementary materials includes all per-sequence results (Tab.
9), additional results on synthetic (Tab. 5) and real-world
(Tab. 6) datasets, and comparison with NeRF-extension
frameworks (Tab. 4). Please refer to it for further details.

Qualitative Comparison. To evaluate the visual quality
of the proposed method, we conducted qualitative assess-
ments on three datasets [16, 49, 64] shown in Fig. 4. We
focused particularly on regions where dynamic objects are
in motion. As introduced in Fig. 1, while comparison meth-
ods struggle with handling complex motion, our method
demonstrates better quality in regions with such motion,
thanks to GLMD. Furthermore, as shown in the NVIDIA
dataset results, our method maintains fine visual quality
even when static objects exhibit only local changes (e.g.,
facial expressions). This is due to TIA effectively localiz-
ing the coverage of Local CS. Not only does our method
achieve these quality improvements, but it also maintains
storage requirements at about half the average size of com-
pared methods.
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(a) HyperNeRF

Methods PSNR↑ SSIM↑ LPIPS↓ Storage↓

SC-GS [CVPR’24] [21] 26.95 0.815 0.213 226.0

Deformable 3DGS [CVPR’24] [63] 25.96 0.766 0.294 87.13

4DGS [CVPR’24] [60] 27.44 0.797 0.302 72.65

Ours 27.78 0.827 0.219 40.82

(b) Nvidia

Methods PSNR↑ SSIM↑ LPIPS↓ Storage↓

4DGS [CVPR’24] [60] 25.82 0.844 0.219 67.44

Ours 26.65 0.876 0.171 39.64

Table 2. Quantitative results comparison on (a) HyperNeRF
[49] and (b) Nvidia monocular [64] dataset.

Variant mPSNR↑ mSSIM↑ mLPIPS↓ Storage↓

(a) 1stage, Gaussian deform ([60]) 13.73 0.460 0.509 78.54

(b) 1stage, anchor deform 13.56 0.449 0.510 36.92

(c) 2stage, all anchor deform 13.93 0.453 0.492 55.29

(d) 2stage, GAD + LGD (GLMD) 14.48 0.475 0.455 49.70

(e) (d) with smaller hexplane 14.46 0.475 0.451 22.67

(f) (e) with dG and dL (anchor dynamics) 14.51 0.478 0.447 22.72

(g) (f) with TIA (our final MoDec-GS) 14.60 0.480 0.443 18.37

Table 3. Ablation studies on MoDec-GS components. Each row
evaluates the impact of a specific design choice. Yellow-green
cells highlight configurations with substantial storage reduction.

5.3. Analysis

Ablation studies. We analyze the effectiveness of the
components in our MoDec-GS through comprehensive ab-
lation studies as shown in Tab 3. All results are averaged
over all the iPhone sequences [16]. Note that our baseline
is a single-stage deformation method that explicitly deforms
Gaussians, as in [60]. We first examine the effectiveness
of our anchor deformation - (b). Leveraging anchor-based
representation [40] slightly reduces performance but signif-
icantly cuts storage (52% reduction). Configuring the Local
CS by adding a global hexplane - (c), we observe that the
performance improvement outweighs the increase in stor-
age due to the additional grid, compared to (a). We then
show the effectiveness of LGD - (d). Instead of applying
consistent anchor deformation for both global and local de-
formation, performing LGD after reconstructing the neural
Gaussian noticeably improves performance. It also reduces
storage by allowing smaller Global CS via anchor adjust-
ment, as the regions represented by adjacent Gaussians no
longer require anchors. We further analyzed GLMD’s han-
dling of complex motion via optical flow in Suppl. G.3 and
G.4. The efficient design of GLMD allows for a reduction in
the size of the global and local hexplanes with minimal im-
pact on visual quality - (e) (55% reduction). By adding the
proposed learnable parameters that control anchor’s motion
dynamics, the increase is almost negligible while improv-
ing visual quality to some extent. Finally, applying TIA
to this variant - our final MoDec-GS - enables both quality
improvement and storage reduction. When temporal inter-

Normalized optical flow magnitude

Initial uniform temporal interval

Adjusted temporal interval

Canonical time shift

Temporal interval with 
high optical flow density

Normalized time

N
or

m
al

iz
ed

 o
pt

ic
al

 f
lo

w
 m

ag
ni

tu
de

36.41 46.47

42.5745.56

Accumulated normalized 
optical flow

Re-balancing

Figure 5. Effectiveness of TIA. Initially uniform intervals (black
dotted lines) are adaptively reallocated based on motion complex-
ity (blue lines), as indicated by normalized optical flow magnitude.

vals are appropriately adapted to the degree of motion in
the scene through TIA, the representational capacity of the
limited-size hexplane can be utilized more efficiently, and
also the Gaussian movements represented by each LGD be-
come simpler (See Fig. 3), which further enhances the effi-
ciency of anchor deformation. Additional experiments ver-
ified TIA’s effects. We precomputed optical flow [55] to
measure the degree of motion in the scene, and evaluated
how the TIA responds to it. As shown in Fig. 5, initially
uniform temporal intervals (black dotted line) are adjusted
into non-uniform intervals (blue solid line) during the train-
ing process, shrinking and shifting toward regions with rel-
atively higher normalized optical flow magnitude. Examin-
ing accumulated flow confirms TIA effectively rebalances
the degree of motion across intervals. Overall, each addi-
tional component in MoDec-GS contributes to either im-
proved visual fidelity or enhanced memory efficiency, with
our final configuration achieving the best balance.

6. Conclusion
We propose MoDec-GS, a novel compact framework

for high-quality dynamic 3D Gaussian splatting, address-
ing storage demands and complex motion challenges in
dynamic scene reconstruction. By utilizing Global-to-
Local Motion Decomposition (GLMD), which incorporates
Global Anchor Deformation (GAD) for global motion and
Local Gaussian Deformation (LGD) for fine-grained local
adjustments, MoDec-GS effectively captures complex mo-
tions while minimizing storage use. Additionally, our Tem-
poral Interval Adjustment (TIA) allows adaptive temporal
segmentation, across dynamic intervals without requiring
external motion data. Extensive evaluations confirm that
MoDec-GS significantly reduces model size—up to average
70%—while either preserving or enhancing rendering qual-
ity across challenging datasets, offering a compact yet pow-
erful solution for real-world dynamic 3D reconstruction.
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