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Abstract

Reconstructing dynamic scenes has long been a challeng-
ing task in 3D vision. Previous mainstream methods based
on 3D Gaussian Splatting typically employ a single defor-
mation field to directly model spatiotemporal changes. How-
ever, such one-step deformation struggles to capture diverse
and complex motion patterns. To address this limitation, we
propose decomposing the one-step deformation into a multi-
step process, where each step is represented by a deformation
layer. Additionally, we introduce a weight prediction mech-
anism for each layer to control the extent of deformation
at every step. We provide two types of deformation layers
based on implicit and explicit approaches. Moreover, while
the deformation layer is time-conditioned, the Gaussians’ be-
havior may still be influenced by their time-invariant proper-
ties. Therefore, we propose a fully time-agnostic scale mod-
ulation block to modulate the scaling changes of Gaussians.
Extensive experiments on D-NeRF, Neu3D, and HyperNeRF
demonstrate that our method achieves state-of-the-art perfor-
mance.

1 Introduction
Neural Radiance Fields (NeRF) (Mildenhall et al. 2021)
and 3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) have
achieved significant advancements in novel view synthesis
with the ability to accurately represent complex geometries
and appearance properties. However, the real world is pre-
dominantly dynamic rather than static, thus rendering dy-
namic scenes presents a significant challenge, where both
3DGS (Kerbl et al. 2023) and NeRF (Mildenhall et al. 2021)
often assume the geometry and appearance of the scene re-
main constant across all input views.

In this context, some research (Park et al. 2021a,b; Liu
et al. 2023; Wang et al. 2023) has extended NeRF to dy-
namic scenes by employing a deformation Multi-Layer Per-
ceptron (MLP), which constructs a warp field based on spa-
tiotemporal coordinates, projecting 3D points from the ob-
servation space into the canonical NeRF field. Despite these
efforts, NeRF-based methods suffer from slow training con-
vergence. Numerous 3DGS-based dynamic methods (Yang
et al. 2024a; Huang et al. 2024; Liang et al. 2025a) therefore
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Figure 1: (a) Illustration of the previous one-step deforma-
tion method. (b) Illustration of the intermediate deformation
stages from the canonical field to the target time. The im-
ages for k = 2, k = 4, and k = 6 show the intermedi-
ate results after 2, 4, and 6 deformation layers, respectively.
Our method excels in capturing fine details. For comparison,
both approaches employ MLPs to fit the deformation.

emerged, which similarly introduce additional deformation
fields to model the temporal changes in Gaussian coordi-
nates and other attributes.

In such methods, learning an effective deformation field
is crucial, especially when scenes are complex and exhibit
various types of motion, such as rigid or non-rigid transfor-
mations, large-scale movements, and subtle changes. How-
ever, current deformation-based approaches often rely on a
single deformation field to model the entire 4D spatiotempo-
ral scene. For example, DeformGS (Yang et al. 2024a) and
4DGS (Wu et al. 2024) typically employ a direct mapping
from (x, y, z, t) to changes in Gaussian attributes. This one-
step deformation attempts to fit all scene variations at once,
therefore struggles to capture diverse motions and high-
frequency details, and lacks sufficient expressive power.

To address this limitation, we propose decomposing the
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deformation field into a series of deformation steps. Each
step is modeled by a small deformation field, referred to as a
deformation layer. By stacking these deformation fields, we
progressively achieve the final deformation by transforming
the direct mapping into a more refined process.

However, naive stacking of multiple deformation fields
often results in a degenerate composition, wherein the cu-
mulative transformation collapses into an effective single-
layer deformation, due to the lack of expressive capacity and
the uniform impact in the stacked modules, leading to re-
dundant displacement patterns that fail to capture hierarchi-
cal or progressive spatial transformations. To address this,
we introduce a contribution weight prediction mechanism
for each layer, allowing the model to adaptively determine
the extent of deformation at each step. This enhanced defor-
mation field demonstrates stronger capabilities in capturing
complex motion and preserving fine details. Figure 1 illus-
trates the deformation processes of our approach compared
to previous methods. For comparison, both approaches em-
ploy MLPs to fit the deformation functions. The canonical
space learned through multi-step deformation appears sig-
nificantly clearer, while one-step deformation results in a
more chaotic 3D Gaussian distribution.

Besides, current methods often overlook time-invariant
factors when modeling spatiotemporal changes, relying in-
stead on time-dependent deformation fields to capture trans-
formations. However, different objects exhibit distinct prop-
erties that influence their deformation, particularly in terms
of shape changes. For instance, non-rigid objects undergo
shape changes during movement, while rigid bodies main-
tain their shape. To address this, we explicitly model time-
invariant properties by attaching a learnable embedding to
each Gaussian and introduce a fully spatiotemporal-agnostic
module to modulate the scaling changes of Gaussians dur-
ing multi-step deformation, as the scaling matrix of Gaus-
sians determines their shape. Since its forward is consistent
across all time steps and depends only on the Gaussians’ ad-
ditional properties, it can be removed after training, with a
low-dimensional modulation vector cached for efficient in-
ference.

Our contributions are summarized as follows:
• We introduce a multi-step deformation field with

lightweight layers, each enhanced by adaptive control
over the deformation process, enabling precise and flexi-
ble modeling of complex spatiotemporal dynamics.

• Our time-agnostic scale modulation module explicitly
decouples time-invariant properties from dynamic mo-
tion, enabling more fine-grained motion modeling.

• Through experiments on D-NeRF (Pumarola et al. 2021),
Neu3D (Li et al. 2022), and HyperNeRF (Park et al.
2021b) datasets, we demonstrate the effectiveness of
our approach, achieving state-of-the-art (SOTA) perfor-
mance compared to previous deformation methods.

2 Related Work
2.1 Novel View Synthesis
Novel view synthesis aims to generate unseen perspectives
from multi-view images. NeRF (Mildenhall et al. 2021) pi-

oneered a new implicit scene reconstruction for photoreal-
istic rendering. However, dense point sampling and a large
MLP result in high training costs and low computational ef-
ficiency. Thus, (Garbin et al. 2021; Reiser et al. 2021; Gong
et al. 2021; Fridovich-Keil et al. 2022) focus on accelerat-
ing training or inference for faster rendering. The emergence
of 3DGS (Kerbl et al. 2023) marks significant progress,
using explicit representation and highly parallel rendering
pipelines to achieve better quality than NeRF (Mildenhall
et al. 2021) and enable real-time rendering. Subsequent
works, such as (Yu et al. 2024; Yan et al. 2024; Liang et al.
2025b), further improve rendering quality while some stud-
ies (Radl et al. 2024; Hamdi et al. 2024) focus on more effi-
cient rendering techniques. Today, 3DGS (Kerbl et al. 2023)
is widely applied in various 3D vision tasks, such as human
reconstruction (Moreau et al. 2024; Kocabas et al. 2024), au-
tonomous driving (Zhou et al. 2024; Tian et al. 2024), and
AIGC (Tang et al. 2024; Ling et al. 2024).

2.2 Dynamic Scene Rendering
Extending novel view synthesis to dynamic scenes is a sig-
nificant challenge due to complex motions. NeRF-based
methods like (Pumarola et al. 2021; Park et al. 2021a,b; Liu
et al. 2023; Wang et al. 2023) employ a deformable field to
warp 3D coordinates back to a canonical space. To acceler-
ate NeRF, approaches leverage hybrid grid-MLP representa-
tions like TiNeuVox (Fang et al. 2022) or decompose space-
time into explicit planes (Cao and Johnson 2023; Fridovich-
Keil et al. 2023; Shao et al. 2023).

Recent work leveraging 3DGS (Kerbl et al. 2023) for dy-
namic scenes falls into two main categories. The first type
directly learns 4D representations, for instance, by using
spacetime Gaussian primitives (Yang et al. 2024b; Duan
et al. 2024; Li et al. 2024). The other, often more effective
category, comprises deformation-based methods (Yang et al.
2024a; Wu et al. 2024; Huang et al. 2024; Xu et al. 2024;
Lin et al. 2024; Bae et al. 2024; Lu et al. 2024; Liang et al.
2025a). These methods model temporal residuals of Gaus-
sian attributes using either implicit MLPs (Yang et al. 2024a;
Huang et al. 2024; Liang et al. 2025a; Wan, Lu, and Zeng
2024; Zhao et al. 2024) or explicit representations (Lin et al.
2024; Wu et al. 2024; Xu et al. 2024), such as decomposing
spacetime into low-rank planes 4DGS (Wu et al. 2024) or
hash grids Grid4D (Xu et al. 2024).

Furthermore, to better model 4D scenes, some methods
combine deformation fields with other techniques. These in-
clude separating the scene into static and dynamic regions
(Liang et al. 2025a), using sparse control points to reduce
complexity (Huang et al. 2024), and employing 4D infor-
mation fusion (Lu et al. 2024). However, these approaches
rarely consider incorporating time-invariant properties when
modeling motion.

3 Method
In this section, we introduce our solution for novel view syn-
thesis in dynamic scenes. We first outline key concepts be-
hind 3D Gaussian Splatting (Kerbl et al. 2023) and dynamic
fields, then detail our multi-step deformation in Sec. 3.2.
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Figure 2: Overview of our pipeline. (a) The Gaussian coordinates x, y, z and time t are passed into the deformation layer,
and the updated coordinates along with t are fed into the next layer. After K deformation layers, the attribute variations and
contribution weights are aggregated to compute the final deformation. The scaling variations are further processed by the Mod.
(modulation) module and then the deformed Gaussians are rendered to generate the image at time t. (b) The illustration of two
types of deformation layers: an implicit MLP feature extractor and an explicit 6-planes feature extractor, followed by a multi-
head decoder predicting deformations and weights. (c) Scaling variations ∆S are additionally modulated by a time-independent
module to produce ∆S̃.

Sec. 3.3 describes two deformation layer implementations,
followed by a time-invariant scale modulation in Sec. 3.4.
Finally, Sec. 3.5 discusses the model optimization process.

3.1 Preliminaries
3D Gaussian Splatting (Kerbl et al. 2023) uses a set of
anisotropic Gaussian primitives for scene representation.
Each primitive has five learnable attributes, including the 3D
position µ (or x, y, z), the opacity o, the spherical harmon-
ics coefficients (SH), the scaling matrix S and the rotation
matrix R. The matrices S and R are decomposed from the
covariance matrix Σ = RSSTRT . Gaussians are defined by
their positions and 3D covariance matrices as follows:

G(x) = e−
1
2 (x−µ)T Σ−1(x−µ). (1)

Simply, we use G to represent a set of Gaussians. For ren-
dering, 3D Gaussians are projected onto the image plane as
2D Gaussians G′, and the color C is computed using alpha
blending of the N overlapping Gaussians at each pixel:

C =
∑
i∈N

ciαi

i−1∏
j=1

(1− αj), (2)

where α is a blending weight, defined as the product of opac-
ity and the projected Gaussian G′(x). c represents the per-
Gaussian color, computed using spherical harmonics (SH).

After rendering, the RGB ground truth is used to guide the
optimization of Gaussian attributes.

Although 3DGS (Kerbl et al. 2023) demonstrates fast and
high-quality rendering in static scenes, it is incapable of han-
dling dynamic scenes. The key to improving the quality of
dynamic scene reconstruction lies in accurately modeling
the motion of each point in the 3D space. Previous methods
are often based on deformation fields D, built upon 3DGS
(Kerbl et al. 2023), expressed in the following form:

Gt = Gc + ∆Gt, ∆Gt = D(µ, t), (3)

where Gc, Gt represent Gaussians in the canonical space and
at time t respectively, while ∆Gt denotes the changes in
the Gaussians attributes at time t. These methods decom-
pose dynamic scenes into a canonical space and a defor-
mation field, which are jointly optimized. Finally, the time-
dependent gassuians are rendered for dynamic scenes.

3.2 Multi-Step Deformation
However, deformation fields D (Yang et al. 2024a; Wu et al.
2024; Huang et al. 2024; Xu et al. 2024; Wu et al. 2024)
typically rely on a single network (e.g., an MLP or Hex-
Plane (Cao and Johnson 2023)) to model temporal varia-
tions of hundreds of thousands of Gaussians in dynamic
scenes. In complex scenes where diverse motion types co-
exist—such as linear and nonlinear, fast and slow, large-
scale motions and fine-grained variations—modeling a di-
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rect mapping from (x, y, z, t) to variations in Gaussian at-
tributes becomes highly challenging.

Therefore, we propose to decompose the dynamic field of
Eq. 3 into multiple stages of deformation, as shown in Fig-
ure 1. Our core idea is to break down the direct mapping
into a series of deformation steps, where each step meticu-
lously adjusts both spatial positions and other attributes of
the Gaussians. Through multiple motion steps, we can ob-
tain the final temporal deformation. The process is depicted
in Figure 2(a). More precisely, we define a single deforma-
tion step as a deformation layer in our framework, which is
given by:

∆Gkt = Dk(µk−1
t , t), for k = 1, 2, . . . ,K, (4)

where µ0
t = µc. The input to the k-th deformation layer con-

sists of the Gaussian coordinates after the (k−1)-th step and
the time t. The deformation layer Dk models the variation
∆Gkt = (∆µkt ,∆S

k
t ,∆R

k
t ,∆o

k
t ,∆SH

k
t ), representing the

k-th deformation at time t. Then, the output of the k-th layer
is used to compute the coordinate input for the (k + 1)-th
layer as follows:

µkt = µk−1
t + ∆µkt . (5)

Note that the time t remains consistent across all layers
as input and K is a fixed parameter independent of t. After
applyingK deformation layers, we obtain the set {∆Git}Ki=1.
Therefore, the Gaussian at time t is given by:

Gt = Gc +
K∑
i=1

∆Git . (6)

However, directly fusing the motion outputs from each
layer through simple summation can lead to poor perfor-
mance, as demonstrated in the ablation study (see Table
5). This process causes Gaussians to undergo large, uncon-
trolled cumulative transformations as well as the uniform
impact in the stacked modules that treats each layer’s con-
tribution equally, failing to account for their varying impor-
tance at different steps of deformation. To enhance the flexi-
bility of the progressive deformation, each deformation layer
is designed to additionally output a scalar weight w. This
allows the model to autonomously learn and apply the ap-
propriate influence from each layer at each step, preserving
motion coherence and fine-grained details.

Therefore, we update Eq. 4 and Eq. 5 as follows:

∆Gkt , wkt = Dk(µk−1
t , t), (7)

µkt = µk−1
t + wkt ∆µkt , (8)

where wkt denotes the contribution of the current step. The
final deformation is computed as the weighted sum of the
attribute changes. To illustrate this, we modify the second
part of Eq. 6 and take the scaling S as an example:

∆Gt =
K∑
i=1

wit∆Git , ∆St =
K∑
i=1

wit∆S
i
t . (9)

In all our implementations, we only deform three at-
tributes: µ, S and R, following the practice of most existing
methods. Subsequently, the Gaussians are transformed from
the canonical field to their state at time t.

(a) w/o mod. (b) w mod. (a) w/o mod. (b) w mod.

Figure 3: The rendering results of (a) our method without
scale modulation and (b) our method with scale modulation.

3.3 Deformation Layer
Each deformation layer is a compact deformation field com-
posed of a spacetime feature encoder and a multi-head pre-
diction decoder. We propose two simple yet effective de-
signs based on SOTA deformation field methods: an implicit
field and an explicit field, as illustrated in Figure 2(b).

The first is inspired by the MLP-based DeformGS (Yang
et al. 2024a). In contrast to DeformGS, which uses an 8-
layer MLP with a width of 512 as its encoder, we employ a
shallower and narrower MLP while retaining its multi-head
prediction network. This process is defined as:

ft = MLP (γ(µ), γ(t)), ∆At = HeadA(ft) (10)

where γ(·) denotes positional encoding, and HeadA repre-
sents the prediction head for a given attribute A.

The second simplifies 4DGS (Wu et al. 2024), which
models 4D deformation using multi-resolution 6-planes
(xy, xz, xt, ...) and a subsequent MLP decoder. Our simpli-
fication uses a single, lower-resolution 6-plane encoder to
derive features via interpolation.

ft = Plane(µ, t) (11)

As described in Sec. 3.2, we integrate a weight predic-
tion head into each deformation layer’s decoder. This mod-
ule learns the contribution weight w for its respective defor-
mation step, using a sigmoid activation function. Our multi-
step framework is flexible, allowing different deformation
layers to be tailored to specific needs—such as using im-
plicit fields for model compactness or explicit fields for effi-
ciency. Furthermore, each layer is designed as a lightweight
deformation field. As shown in Table 4, our method proves
its effectiveness by outperforming baselines with fewer pa-
rameters.

3.4 Time-Invariant Scale Modulation
During object motion, each object exhibits time-invariant
properties that influence its deformation patterns, especially
its shape variations. For example, rigid objects typically ex-
hibit minimal shape changes, whereas deformable objects
often undergo significant shape transformations. The scaling
matrix S of a Gaussian, derived from the covariance matrix,
controls the three principal axes of the Gaussian ellipsoid,
thereby defining its shape. Each Gaussian undergoes vary-
ing magnitudes of scaling changes.

To solve this, we further modulate the scaling variations
∆S of Gaussians, ensuring that the direct output of the net-
work adapts to the time-invariant properties of each Gaus-
sian, as shown in Figure 2(c). We achieve this by attaching a
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Method Bouncingballs Hellwarrior Hook Jumpingjacks
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

HexPlane 40.36 0.992 0.031 24.30 0.944 0.073 28.26 0.955 0.052 31.74 0.974 0.036
TiNeuVox 40.28 0.992 0.042 27.29 0.964 0.076 30.51 0.959 0.060 33.46 0.977 0.041

4DGS 40.75 0.994 0.015 28.61 0.973 0.036 32.89 0.976 0.026 35.33 0.985 0.020
DeformGS 41.01 0.995 0.009 41.54 0.987 0.023 37.42 0.986 0.014 37.72 0.989 0.012

SC-GS 41.34 0.995 0.008 42.43 0.990 0.017 39.53 0.991 0.009 40.09 0.993 0.008
Grid4D 42.48 0.995 0.007 42.99 0.990 0.015 39.01 0.990 0.009 39.47 0.992 0.007

Ours(Plane) 39.99 0.994 0.009 41.14 0.986 0.027 37.20 0.986 0.014 36.85 0.988 0.014
Ours(MLP) 43.54 0.996 0.007 43.14 0.990 0.016 40.39 0.992 0.008 41.22 0.994 0.007

Method Mutant Standup Trex Mean
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

HexPlane 33.66 0.982 0.028 34.12 0.983 0.019 31.01 0.976 0.028 31.92 0.972 0.038
TiNeuVox 32.07 0.961 0.048 34.46 0.980 0.033 31.43 0.967 0.047 32.78 0.972 0.050

4DGS 37.57 0.987 0.016 38.07 0.989 0.014 34.14 0.984 0.021 35.33 0.984 0.021
DeformGS 42.63 0.995 0.005 44.62 0.995 0.006 38.10 0.993 0.009 40.43 0.991 0.011

SC-GS 43.51 0.995 0.004 46.86 0.996 0.004 40.17 0.994 0.008 41.99 0.993 0.008
Grid4D 43.95 0.996 0.004 46.39 0.996 0.003 39.93 0.994 0.008 42.03 0.993 0.007

Ours(Plane) 42.14 0.994 0.007 43.93 0.994 0.008 36.96 0.991 0.011 39.74 0.990 0.013
Ours(MLP) 44.00 0.996 0.003 47.54 0.997 0.003 41.31 0.995 0.007 43.02 0.994 0.007

Table 1: Quantitative comparison to previous methods on D-NeRF (Pumarola et al. 2021) datasets with best results highlighted
in bold. Both of our proposed methods demonstrate significant improvements over their respective baselines.

Method Coffee Martini Cook Spinach Cut Beef Flame Salmon Flame Steak Sear Steak
PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑

DeformGS 26.71 0.890 31.35 0.943 31.89 0.943 26.74 0.899 30.96 0.953 31.59 0.951
4DGS 28.86 0.909 32.89 0.947 28.92 0.927 28.70 0.912 33.12 0.953 32.84 0.954

Grid4D 28.36 0.899 31.49 0.939 33.27 0.947 28.74 0.906 33.41 0.956 33.99 0.958

Ours(MLP) 26.92 0.891 31.61 0.943 31.36 0.942 27.91 0.907 31.68 0.952 32.95 0.954
Ours(Plane) 29.42 0.923 33.14 0.953 33.65 0.955 29.88 0.926 33.43 0.960 33.89 0.960

Table 2: Quantitative comparison to previous methods on Neu3D (Li et al. 2022) datasets with best results highlighted in bold.

learnable embedding fc to each Gaussian, which is decoded
by a tiny MLP F into a scale modulation vector ∈ R3. This
vector, activated using the exponential function, is then mul-
tiplied with the original scaling variations ∆S, yielding the
modulated variations ∆S̃, as shown in the formula below:

∆S̃ = F (fc) ·∆S. (12)

This modulation is independent of the deformation field,
and both the embeddings and their decoding remain invari-
ant over time. The effectiveness of this module is demon-
strated through visual results in Figure 3. By incorporat-
ing time-invariant properties, scale modulation enhances the
preservation of high-frequency details.

After training, the embeddings and the decoding neural
network can be discarded, and only the low-dimensional
modulation vectors for each Gaussian need to be retained.
Therefore, no significant additional parameters are intro-
duced during inference.

3.5 Optimization
We employ the vanilla Gaussian’s photometric loss for
model optimization, which consists of L1 and D-SSIM
losses between the rendered image and the ground truth:

L = λL1 + (1− λ)LD−SSIM (13)

In particular, each plane-based deformation layer addi-
tionally incorporates a grid-based TV loss (Cao and John-
son 2023; Fang et al. 2022; Fridovich-Keil et al. 2023; Sun,
Sun, and Chen 2022) Lreg to regularize the grid weights for
spatiotemporal smoothness.

4 Experiments
4.1 Datasets
We evaluate our method on both synthetic and real-world
datasets (D-NeRF (Pumarola et al. 2021), Neu3D (Li et al.
2022), and HyperNeRF (Park et al. 2021b)) using three met-
rics: PSNR, SSIM, and LPIPS (Zhang et al. 2018). D-NeRF
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Figure 4: Qualitative comparison on the synthetic dataset D-NeRF.

4DGS Grid4D Ours(Plane) GT

Figure 5: Qualitative comparisons on the Neu3D real dataset.

(Pumarola et al. 2021) is a synthetic dataset comprising 8
scenes (800×800 resolution) with large motions and real-
istic non-Lambertian materials. Following previous meth-
ods, we exclude the problematic Lego scene and initialize
with random point clouds. Neu3D (Li et al. 2022) is a real-
world dataset consisting of 6 scenes, captured by 21 fixed
cameras (original 2704×2028, downsampled 2× for experi-
ments). Gaussians are initialized using COLMAP (Schon-
berger and Frahm 2016) point clouds. HyperNeRF (Park
et al. 2021b) dataset consists of real dynamic scenes cap-
tured by monocular cameras. We conduct experiments on 4
vrig sequences at 540×960 resolution for fair comparison.

4.2 Implementation Details
Across all datasets, we uniformly set the number of defor-
mation layers K to 10. The learnable time-invariant embed-
ding is 32-dimensional and is decoded by a two-layer MLP
with a hidden layer width of 32. All experiments were con-
ducted on a single RTX 3090. For more implementation de-
tails, please refer to the supplementary material.

4.3 Comparisons
To evaluate our model’s performance, we conducted quan-
titative and qualitative comparisons with state-of-the-art

Broom 3DPrinter Chicken Peel Banana
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

4DGS 21.93 0.365 22.05 0.706 28.70 0.815 27.92 0.854
Grid4D 21.99 0.409 22.34 0.723 29.26 0.846 28.52 0.875
Base 21.01 0.335 20.86 0.682 24.02 0.712 27.20 0.855
Ours 21.96 0.425 22.41 0.727 29.63 0.867 28.29 0.873

Table 3: Quantitative results on HyperNeRF datasets.

NeRF-based methods (HexPlane (Cao and Johnson 2023),
TiNeuVox (Fang et al. 2022)) and Gaussian-based methods
(DeformGS (Yang et al. 2024a), 4DGS (Wu et al. 2024), SC-
GS (Huang et al. 2024), Grid4D (Xu et al. 2024)). Further
results are provided in the supplementary material.

Table 1 compares our method to SOTA approaches on the
D-NeRF (Pumarola et al. 2021) dataset. It shows that both
our deformation layers achieve significant improvements:
+2.59 dB over the MLP baseline (DeformGS (Yang et al.
2024a)) and +4.41 dB over the Plane baseline (4DGS (Wu
et al. 2024)). Our method also attains state-of-the-art perfor-
mance across all scenes. As shown in Figure 4, our method
yields superior visual results compared to previous methods.
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Figure 6: Qualitative comparisons on the HyperNeRF real-
world dataset.

On the Neu3D (Li et al. 2022) dataset, Table 2 presents
quantitative results comparing to previous SOTA methods.
Our method significantly outperforms the corresponding
baselines and achieves the highest performance overall. Fig-
ure 5 demonstrates that our method produces sharper and
more detailed images.

For the HyperNeRF (Park et al. 2021b) dataset, we pro-
vide a comparison against DeformGS (Yang et al. 2024a) as
a baseline and employing the MLP-based deformation layer
for comparative evaluation. As shown in Table 3, our method
shows consistent improvements over previous methods. In
Figure 6, our approach better captures fine details, like the
ground in the broom and the fingers in the peel banana.

Figure 7: Ablation study of the effect of varying layer num-
bers on the average PSNR in the synthetic dataset.

Method Params(M) PSNR↑ SSIM↑ LPIPS↓
DeformGS 0.52 40.43 0.991 0.011

Ours(k=2, w/o Mod.) 0.47 41.96 0.992 0.009
Ours(k=2) 0.47 + 3.41 42.30 0.993 0.008

4DGS 3.38 35.33 0.984 0.021
Ours(k=2, w/o Mod.) 0.26 38.89 0.989 0.015

Ours(k=2) 0.26 + 1.69 39.56 0.990 0.013

Table 4: Results with fewer trainable parameters.

Method PSNR↑ SSIM↑ LPIPS↓
w/o weight 35.69 0.978 0.029

w/o Mod. on ∆S 42.60 0.993 0.007
Mod. on ∆µ 42.08 0.992 0.009
Mod. on ∆R 42.56 0.994 0.007

Mod. on ∆µ ∆S ∆R 42.38 0.993 0.008
ours full 43.02 0.994 0.007

Table 5: Ablation study of our proposed components on the
synthetic dataset.

4.4 Ablation Study

Comparisons with Fewer Parameters. To demonstrate
our method’s effectiveness, we compare our multi-step ap-
proach (specifically, the two-step model without modula-
tion) against one-step baselines on the D-NeRF dataset. As
detailed in Table 4, our model achieves superior results de-
spite using fewer trainable parameters.

Effect of the Number of Deformation Layers. As shown
in the Figure 7, we investigate the impact of the number of
deformation layers and report the average PSNR on the D-
NeRF dataset. We observe that increasing the number of lay-
ers leads to an improvement.

Effectiveness of Scale Modulation. The scale modula-
tion module learns time-invariant Gaussians properties to
modulate scaling deformations. As shown in Figure 3, our
approach effectively preserves fine-grained details and abla-
tion study in Table 5 further explores the modulation of other
attributes (∆µ and ∆R), revealing that these time-invariant
properties primarily govern Gaussian shape variations. More
visual results are provided in the supplementary material.

Effect of the Weight Prediction Head. Each deformation
layer incorporates a head that predicts a weight for its contri-
bution, making the overall deformation field more flexible.
As demonstrated in Table 5, removing this head results in
degraded reconstruction accuracy, confirming the module’s
critical role in improving the model’s fitting capability.

5 Conclusion

In this paper, we propose a novel multi-step deformation
framework for dynamic scene reconstruction. Unlike previ-
ous methods relying on a single deformation field, our ap-
proach decomposes the process into multiple steps. Each
step is a deformation layer with a weight prediction mech-
anism to adaptively control its contribution. We also in-
troduce a time-agnostic scale modulation module to cap-
ture time-invariant features. Our method excels at modeling
complex motion patterns, resulting in robust and accurate
reconstructions.

Limitations. Our use of stacked deformation layers can
slow rendering, particularly as the number of layers in-
creases. While reducing layers improves efficiency, it creates
a trade-off between rendering speed and quality.
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