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Abstract

Existing 4D Gaussian Splatting methods rely on
per-Gaussian deformation from a canonical space
to target frames, which overlooks redundancy
among adjacent Gaussian primitives and results in
suboptimal performance. To address this limita-
tion, we propose Anchor-Driven Deformable and
Compressed Gaussian Splatting (ADC-GS), a com-
pact and efficient representation for dynamic scene
reconstruction. Specifically, ADC-GS organizes
Gaussian primitives into an anchor-based structure
within the canonical space, enhanced by a tempo-
ral significance-based anchor refinement strategy.
To reduce deformation redundancy, ADC-GS in-
troduces a hierarchical coarse-to-fine pipeline that
captures motions at varying granularities. More-
over, a rate-distortion optimization is adopted to
achieve an optimal balance between bitrate con-
sumption and representation fidelity. Experimen-
tal results demonstrate that ADC-GS outperforms
the per-Gaussian deformation approaches in ren-
dering speed by 300%-800% while achieving state-
of-the-art storage efficiency without compromis-
ing rendering quality. The code is released at
https://github.com/H-Huang774/ADC-GS.git.

1 Introduction

Dynamic scene reconstruction from multi-view input videos
has received significant attention due to its wide applications.
Beyond methods based on 3D Gaussian Splatting (3DGS)
[Kerbl et al,, 2023], 4D Gaussian Splatting (4DGS) has
demonstrated substantial advances for dynamic scene recon-
struction due to its impressive visual quality with ultra-fast
training speed compared to neural radiance fields (NeRFs)
based methods [Mildenhall ef al., 2021].

Recent research on 4DGS approaches has primarily fo-
cused on two categories. The first category employs 4D
Gaussians to approximate the 4D volumes of scenes [Li et
al., 2024; Yang et al., 2024b; Yan et al., 2024] through tem-
poral opacity and polynomial functions for each Gaussian.
Another category focuses on temporally deforming a canoni-
cal space to target frames [Bae et al., 2025; Wu et al., 2024;
Yang et al., 2024c; Lu et al., 2024al, utilizing a multilayer
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Figure 1: Comparison with concurrent dynamic scene reconstruc-
tion methods on the HyperNeRF dataset. Our method achieves the
smallest storage size and the highest rendering speed while preserv-
ing excellent rendering quality.

perceptron (MLP) with latent embeddings to predict changes
in 3D Gaussian attributes over time.

Directly optimizing 4D Gaussians provides higher render-
ing speeds but requires a large number of Gaussians to model
the entire sequence, resulting in both significant training time
and substantial storage requirements. For example, [Yan et
al., 2024] often leads to over 9 hours of training time and
2GB of data for a 10-second video. Although deformation-
based methods address the above issues and reduce training
time, they still require a large number of Gaussians to achieve
high-quality rendering. Consequently, substantial storage and
bandwidth requirements emphasize the need for more com-
pact 4DGS representations and advanced compression tech-
niques, which is the primary focus of this work.

Some recent methods have developed effective technolo-
gies to reduce 4DGS storage. For example, 4DGaussian [Wu
et al., 2024] maps the 4D space onto six orthogonal planes
as latent embeddings, effectively mitigating per-frame train-
ing redundancy and lowering storage costs. Since spherical
harmonic coefficients dominate storage consumption, MEGA
[Zhang et al., 2024] decomposes them into a per-Gaussian
DC color component and a lightweight AC color predic-
tor, eliminating redundant coefficients to reduce storage re-
quirements. However, these methods compress each Gaus-
sian independently in the canonical space, neglecting the
strong similarity between local attributes (excluding opacity),
as shown in Figure 2. Furthermore, existing methods rely
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Figure 2: Illustration of local similarities of different features in [Bae

et al., 2025]. The local similarity is measured by the average cosine

distances between a Gaussian primitive and its 20 neighbors with

minimal Euclidean distance.

on per-Gaussian deformation for dynamic scene modeling,
overlooking the consistent deformations among neighboring
Gaussians since local scenes can often be approximated as
rigid motion. These limitations hinder both the compactness
of dynamic scene representations and rendering efficiency.

Inspired by deformation-based dynamic scene reconstruc-
tion, this paper proposes Anchor-driven Deformable and
Compressed Gaussian Splatting (ADC-GS), a novel frame-
work for efficient and compact dynamic scene representation.
Specifically, we organize Gaussian primitives into a sparse set
of anchors, facilitating streamlined representation and pro-
cessing. These anchors, with K neural Gaussian primitives
predicted from each by shared MLPs, collectively construct
the canonical space. To reconstruct dynamic scenes at any
frame, we employ an anchor-based coarse-to-fine deforma-
tion strategy. In the coarse stage, the position, covariance,
and color attributes of the anchors are deformed from the
canonical space. Subsequently, the K Gaussian primitives
are automatically updated based on the deformation of the
associated anchor, notably reducing deformation redundancy.
As the coarse stage focuses on capturing global deformation,
a fine stage is introduced to dynamically refine the appear-
ance of each primitive to recover fine-grained details. To
further improve the compactness of the anchors, we imple-
ment a rate-distortion optimization scheme that incorporates
a multi-dimension entropy model for accurate bitrate esti-
mation and efficient compression. Besides, we propose a
novel anchor refinement method that leverages the accumu-
lated gradients of each Gaussian primitive’s temporal signif-
icance to guide anchor growing, while using accumulated
opacity to determine anchor pruning. This adaptive strat-
egy robustly addresses both under-reconstruction and over-
reconstruction issues in dynamic scenes, ensuring a balanced
and efficient anchor representation. As shown in Figure 1,
ADC-GS achieves state-of-the-art (SOTA) storage size and
rendering speed while preserving excellent rendering quality
compared to prior works [Bae er al., 2025; Park et al., 2021b;
Lu et al., 2024a; Wu et al., 2024; Kerbl et al., 2023]. Our
contributions can be summarized as follows:

* We propose anchor-driven deformable and compressed
Gaussian Splatting (ADC-GS) for dynamic scene recon-
struction. By leveraging compact anchors to efficiently
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model 4D scenes, our approach achieves an extraor-
dinary storage reduction of up to 200x over existing
4DGS methods.

* To accelerate rendering while preserving high recon-
struction quality, we introduce a hierarchical coarse-
to-fine deformation method. @ We also propose an
adaptive anchor refinement strategy to address under-
reconstruction and over-reconstruction issues.

* We develop a multi-dimension entropy model to en-
hance compactness through joint minimization of ren-
dering distortion and bitrate consumption.

2 Related Work

2.1 Considering Spatial Relationships of Gaussian
Primitives

In 3D space, Scaffold-GS [Lu er al., 2024b] and CompGS
[Liu et al., 2024b] reconstruct scenes by synthesizing Gaus-
sian primitives from anchors, exploiting the similarity of
properties among neighboring Gaussians. HAC [Chen et
al., 2025] utilizes a structured hash grid to take advan-
tage of inherent consistencies among unorganized 3D Gaus-
sians. In 4D scenes, some approaches [Yang er al., 2024c;
Zhao et al., 2024; Chen et al., 2024a] introduce sparse control
points combined with an MLP to model scene motion, based
on the insight that motion can be effectively represented by a
sparse set of basis. Inspired by the compact structures used
in both 3D and 4D scenes, we design an anchor-driven de-
formable and compressed Gaussian splatting method to effec-
tively eliminate intra-redundancy in both attributes and defor-
mation among local Gaussian primitives.

2.2 Deforming 3D Canonical Space

Early research on deforming 3D canonical space to a tar-
get frame in both NeRF and 4DGS has explored various
approaches. Nerfies [Mildenhall et al., 2021] and HyperN-
eRF [Park er al., 2021b] use per-frame trainable deforma-
tion rather than time-based conditions. D-NeRF [Pumarola
et al., 2021] reconstructs dynamic scenes by deforming ray
samples over time, utilizing a deformation network that takes
3D coordinates and timestamps as inputs. E-D3DGS [Bae
et al., 2025] defines the deformation as a function of Gaus-
sian and temporal embeddings, decomposing the deforma-
tion into coarse and fine stages to model slow and fast move-
ments, respectively. Other methods [Yang er al., 2024c;
Wu et al., 2024; Jiawei et al., 2024] learn implicit position
mappings to deform primitives using latent embeddings, such
as positional embeddings. However, these methods overlook
the similarity in deformation among neighboring Gaussian
primitives, resulting in suboptimal rendering speeds. To ad-
dress this issue, we propose an anchor-based coarse-to-fine
deformation method that accounts for deformation redun-
dancy, achieving exceptional rendering speed while maintain-
ing high reconstruction quality.

2.3 3DGS Compression

Recent studies on 3DGS compression can be categorized into
processing-based and context-based methods. Processing-
based methods include significance pruning [Fan er al.,
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Figure 3: Overview of our ADC-GS framework. Top: ADC-GS organizes Gaussian primitives into a sparse set of anchors and compact
residuals within canonical space. Bottom right: Gaussian primitives used for rendering are deformed from canonical space through a coarse-
to-fine strategy based on anchors. Bottom left: Rendering distortion and estimated bitrates from the MEM are jointly minimized to balance

rendering quality and storage efficiency.

2023], scalar quantization [Niedermayr et al., 2024; Ma et
al., 2024], codebooks [Lee et al., 2024]. Some point cloud
compression techniques can also be adapted for Gaussian at-
tributes due to their similar structure, such as graph-based
signal transformation [Yang et al., 2024al, region-adaptive
hierarchical transform [Huang ef al., 2024], and octree en-
coding [Liu et al., 2024a; Fan et al., 2022]. Context-based
methods leverage various contextual information to remark-
ably compress Gaussian attributes, including hash-grid fea-
tures [Chen et al., 2025], hyperpriors [Liu et al., 2024b], and
hybrid Gaussian features [Chen et al., 2024b]. Building on
these advancements, we propose a multi-dimension entropy
model for bitrate estimation and compression in this work,
further eliminating redundancies within the anchors. By in-
tegrating the estimated bitrate into a rate-distortion optimiza-
tion framework, our method effectively balances the trade-off
between rendering quality and bitrate costs.

3 Method

3.1 Overview

As shown in Figure 3, ADC-GS begins with the initialization
of a canonical space at ¢ = 0, characterized by a sparse set of
anchors with associated Gaussian primitives. Each anchor is
equipped with latent features and explicit Gaussian attributes,
including position, covariance and color. The explicit Gaus-
sian attributes serve as the foundation for the associated prim-
itives, while the latent features are responsible for predicting
the residuals and deformation of each primitive. To recon-
struct any subsequent frame ¢ = T, we devise a coarse-to-fine
strategy based on anchors. In the coarse stage, each anchor is
deformed from the canonical space using lightweight multi-
head MLPs, with the associated primitives subsequently up-
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dated based on the coarse deformation. In the fine stage, the
opacity and color of each primitive are further refined us-
ing the deformed position of the anchors and current times-
tamp information. By combining both coarse and fine defor-
mations, all deformed attributes of Gaussian primitives are
obtained to render the current frame using volume splatting
[Kerbl ef al., 2023]. In the subsequent rate-distortion opti-
mization, rendering distortion and estimated bitrates from the
multi-dimension entropy model are jointly minimized to bal-
ance rendering quality and storage requirements. Moreover,
the temporal significance-based strategy is employed to prune
and grow anchors for mitigating both under-reconstruction
and over-reconstruction issues in dynamic scenes.

3.2 Canonical space initialization

Unlike prior deformation-based approaches [Yang er al.,
2024c; Lu et al., 2024a] that directly use Gaussian primitives
as the canonical space, we initialize our compact representa-
tion by employing a downsampled point cloud obtained via
COLMAP [Snavely er al., 2006] to serve as anchors. These
anchors are the foundation for local regions that improve
overall efficiency by minimizing unnecessary duplication of
information across the dynamic scene.

In ADC-GS, each anchor v is associated with X neural
Gaussian primitives {g1, ..., gx }. The anchor consists of la-
tent features A; = {f, € R, f, € RE*No} and explicit
Gaussian attributes A, = {X, € R3, %, € RS, C, € R3}.
Among the latent features, the reference feature f, encapsu-
lates the common characteristics between K associated prim-
itives, while the residual feature f, captures the variations
specific to each primitive. The explicit Gaussian attributes
serve as the foundation for the K associated primitives. To
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generate associated primitives from anchors, we predict their
explicit attributes in residual forms, as:

(AXk7 Azka AC,N Ok‘) :-FQ(fuafg);
X =Xo+Ax,, Tp =X, Ax,, Cy =0, +Ag,,

where Ax,,As, and A, are residuals of position, covari-
ance, and color. Fy represents the prediction network, which
is modeled using a residual neural network. Since opacity Oy
exhibits no apparent spatial correlation as shown in Figure 2,
it is directly predicted without residuals.

Anchors and their associated primitives collectively define
the canonical space that captures the global structure of the
entire scene. Subsequently, the reconstruction of the scene in
any frame ¢ = T is performed by deforming this canonical
space through a coarse-to-fine pipeline.

ey

3.3 Coarse-to-Fine Deformation

Previous methods [Wu et al., 2024; Lu et al., 2024a] deform
the geometric properties of each Gaussian primitive individ-
ually from the canonical space to the target frame 7" individ-
ually. However, this per-Gaussian deformation suffers from
low efficiency due to the similar deformation among adjacent
primitives, leading to slow rendering speeds. To mitigate the
limitation, we propose an anchor-driven coarse-to-fine defor-
mation strategy. In the coarse stage, we deform the anchor
explicit attributes A, by utilizing the concatenation of refer-
ence feature f, and time embedding f;, formulated as:

(AXv,h sz,tv ACv,t) = fw(fvv ft)v (2)

where F,, denotes the anchor deformation network, imple-
mented as a tiny MLP. AX,, ;, AY, ;, AC, ; denote the po-
sition, covariance and color deformation of the anchors. f;
encodes temporal information for different frames,

ft =F (Interp(Z),t]), 3

where Z € R?%6 is a learnable weight for interpolation, ¢ de-
notes the temporal index and F; represents the grid sampling
function to encode temporal variations. By deforming a small
number of anchors, the associated K Gaussian primitives are
automatically updated, substantially diminishing deformation
redundancy to enhance rendering efficiency.

While the coarse stage captures the global changes of the
associated Gaussian primitives, it lacks the capability to ad-
dress finer details. Considering that opacity exhibits minimal
local similarity and color significantly influences scene recon-
struction [Bae et al., 2025], the fine stage dynamically refines
these two attributes for each primitive, enhancing overall re-
construction quality. This refinement integrates the position
embedding f, [Vaswani, 2017] of the deformed anchors and
the time embedding f;,

(Aokytv Aok,t) = Fw(fpaft): 4)

where F, represents the fine-stage deformation network sim-
ilar to F,, and AOy +, AC} + denote the per-Gaussian refine-
ments of opacity and color, respectively. Therefore, asso-
ciated Gaussian primitives are derived as a combination of
coarse and fine-stage deformations:

Xt =Xp +AXy , Xpe= XA,

5
Okt = O+ AOhs, Chy = o+ ACus + ACks,
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estimation. AQM refers to the adaptive quantization module.

where Xy, ¢, ¥+, O, and C}, ; are the position, covariance,
opacity and color attributes used for volume splatting in the
target frame 7', respectively.

3.4 Rate-Distortion Optimization

The rate-distortion optimization scheme is designed to
achieve a more compact representation by jointly minimiz-
ing both bitrate consumption and rendering distortion. While
the anchor locations X, are compressed using G-PCC [Liu
et al., 2024a], the remaining four anchor features are mod-
eled for bitrate estimation through a Multi-dimension Entropy
Model (MEM), as demonstrated in Figure 4. Specifically,
scalar quantization is first applied to the feature f;, where
fi € {fv, fg, 20, Cy}. However, conventional rounding es-
sentially performs quantization with a fixed step size, which
is less flexible for features with different scales. To address
this issue, we design an adaptive quantization module that
better accommodates the diverse feature value scales as fol-
lows,

p 11

fomfibtd (<55 ) % Qex (1 b (R () ©)
where F, indicates MLP-based model to adjust the prede-
fined quantization step size ();. Note that @); varies for
fu, fg, 2, and C,. Uniform noise U(,) is injected during
training to stimulate quantization loss in the testing stage as
proposed in [Ballé er al., 2018].

Subsequently, the probability distribution of f; is estimated
to calculate the corresponding bitrate through the MLP-based
context model £f,. The probability distribution p( fv) of ref-
erence feature is first parametrically formulated as a Gaussian
distribution N (p1y,,0,), where the parameters {uy, oy, }
are predicted based on hyperpriors [Ballé ef al., 2018] ex-
tracted from f,,

p(fv) = N(va ) va)7

where 77, denotes the hyperpriors. Furthermore, the decoded

with g, 05, =Ep,(n1,), (1)

reference feature fq, is used as contexts to model the proba-
bility distributions of covariance ¥, color C,, and residual
feature f,. The probability distribution of >, and C, is mod-

eled similarly to p(f,). The residual feature f, constitutes
the largest portion of total bitstream, which is divided into
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M chunks. The decoded reference features fv and chunks
are organized into a multi-dimensional context to guide the
encoding of remaining chunks. This strategy effectively re-
duces channel-wise redundancy and enhances compression
efficiency, formulated as:

p(f;h) :N(Nfg70—fg)’
ch—1
. ) A (®)
with - pp,, 07, = &, (fv o [] fgm> )
m=1

where ch means the index of current encoding chunks and &
denotes the channel-wise concatenation, effectively integrat-
ing the decoded context for improved compression efficiency.

Consequently, the total estimated bitrate consumption 1 of
anchors is calculated as:

R=- logQP(ﬁ;) - 10g2p(77f")7

M oon R R (9)
H logy p(fg") — logy p(Xy) — logy p(Ch).

ch=1

Therefore, the rate-distortion optimization process is formu-
lated as:

Lloss = (1 - /\ssim)Ll + )\ssimLssim + /\eR- (10)

where Ly and Lg;,, represent the L1 loss and SSIM loss used
in [Kerbl ef al., 2023]. A,4im donates weighting coefficients
for the SSIM loss and A, is the Lagrange multiplier to control
the trade-off between rate and distortion.

3.5 Anchors Refinement with Temporal
Significance

Anchors initialized from the sparse point cloud are of-
ten suboptimal, leading to under-reconstruction or over-
reconstruction in certain areas. The existing strategies in
3DGS [Kerbl et al., 2023; Lu et al., 2024b] focus solely
on static scenes and neglect the temporal significance of
Gaussian primitives in dynamic frames, making them un-
suitable for 4D scene reconstruction. To address this issue,
we propose a temporal significance-aware anchor refinement
method, including anchor growing and pruning. The impor-
tance of Gaussian primitives across frames is calculated by
computing a weighted accumulation of their positional gradi-
ents,

_ SN Wk, )| Vi
SN Wk, t)

where V ; is the 2D position gradient of a Gaussian primitive
and V, represents the accumulated gradients over N frames.
U(k,t) [Huang et al., 2024] is the rendering weight of the
a-blending in the target frame 7. Gaussian primitives with
V. values exceeding a predefined threshold are added as new
anchors. These new anchors inherit latent features from their
associated anchors while preserving their own Gaussian at-
tributes. Conversely, anchors associated with Gaussian prim-
itives whose opacity falls below a predefined threshold are
pruned to avoid over-reconstruction.

Vi
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Figure 5: Rate-distortion curves of ADC-GS and comparison meth-
ods on HyperNeRF. We vary A. to achieve variable bitrates.

4 Experiments

In this section, we present the implementation details of
ADC-GS, followed by quantitative comparisons with SOTA
approaches on two commonly used datasets. Finally, we pro-
vide in-depth analysis and ablation studies to evaluate the per-
formance and effectiveness of the proposed ADC-GS.

4.1 Experimental settings

Our proposed ADC-GS framework is implemented based on
Pytorch and trained on a single NVIDIA RTX 3090 GPU. For
hyperparameter settings, the dimension of the reference fea-
ture NV, is set to 32, while the residual feature IV, is 16. Each
anchor is associated with K = 10 neural Gaussian primi-
tives. The Lagrange multiplier ). is varied from e — 2 to
e — 4 for different bitrates, and \g;,, is fixed at 0.2. Quanti-
zation step sizes (); are set to 0.1, 0.1, 0.01 and 0.01 for f,,
fg> 2 and C,, respectively. Meanwhile, f, is divided into
M = 4 chunks. The prediction network Fy and entropy es-
timation network £y, are both implemented as 2-layer resid-
ual MLPs. Similarly, the deformation network F,, and F
are implemented as single 3-layer MLPs. The dimensions of
time embedding f; and position embedding f, are 256 and
72, respectively.

Dataset. We evaluate our method on two multi-view video
datasets: HyperNeRF [Park ef al., 2021b] and Neu3D [Li et
al., 2022]. HyperNeRF consists of videos captured using two
phones rigidly mounted on a handheld rig, featuring four dis-
tinct scenes. Neu3D contains five distinct scenes, each com-
prising 20 multi-view videos. Data preprocessing follows the
procedures outlined in [Wu et al., 2024].

Baselines. We compare our method against SOTA ap-
proaches from four categories. For NeRF-based methods,
we include Nerfies [Park et al., 2021al, HyperNeRF [Park
et al., 2021b], TiNeuVox-B [Fang er al., 2022], DyNeRF [Li
et al., 2022], NeRFPlayer [Song et al., 20231, HexPlane [Cao
and Johnson, 2023], MixVoxels [Wang er al., 2023], and Hy-
perReel [Attal et al., 2023]. For 3DGS-based compression
methods, we compare with 3DGS [Kerbl ef al., 2023] and
CompGS [Liu et al., 2024b]. In addition, we use 3DGStream
[Sun er al., 2024], Real-Time4DGS [Yan et al., 2024], and
STG [Li et al., 2024] as baselines for direct modeling of
4DGS methods. Finally, for deformation-based 4DGS meth-
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Model PSNRT SSIMT LPIPS| FPSt Size (MB)|
Nerfies 22.20 0.803 0.170 <1 -
HyperNeRF 22.40 0.814 0.153 <1 15
TiNeuVox-B  24.30 0.836 0.393 1 48
3DGS 19.70 0.680 0.383 55 52
D3DGS 22.40 0.612 0.275 22 129
DN-4DGS 25.59 0.861 - 20 68
4DGaussian 25.60 0.848 0.281 22 63
E-D3DGS 25.74 0.697 0.231 26 47
25.42 0.777 0.315 135 4.02
Ours 25.53 0.791 0.278 117 5.20
25.68 0.825 0.252 101 6.67

Table 1: Quantitative results on HyperNeRF. The best and 2nd best
results are highlighted in red and yellow .

ods, we benchmark against D3DGS [Yang et al., 2024c], DN-
4DGS [Lu et al., 2024a], 4DGaussian [Wu et al., 20241, and
E-D3DGS [Bae et al., 2025].

Metrics. We report the quantitative results of rendered im-
ages using peak-signal-to-noise ratio (PSNR), structural sim-
ilarity index (SSIM) [Wang er al., 2004], perceptual qual-
ity measure LPIPS [Zhang et al., 2018] and rendering speed
(FPS). Model size is also reported to assess compression ef-
ficiency. Three bitrate points are displayed for each dataset
due to space limitations. Moreover, rate-distortion (RD) per-
formance is included to ensure a fair comparison.

4.2 Experimental Results

Quantitative results. The quantitative results presented in
Tables 1, 2 and Figure 5 reveal consistent findings across
all datasets: 1) our proposed ADC-GS achieves SOTA com-
pression efficiency across all 4DGS methods, offering up
to 32x storage reduction on the HyperNeRF dataset com-
pared to deformation-based 4DGS while maintaining excel-
lent rendering quality. This improvement stems from orga-
nizing Gaussian primitives into anchor-driven residual forms,
effectively mitigating intra-redundancy among adjacent prim-
itives. Moreover, entropy loss leverages the MEM model
to compress anchors, further enhancing storage efficiency.
2) All NeRF-based methods render at extremely low speeds
due to their computationally intensive volumetric rendering
process. Although direct modeling 4DGS methods achieve
the highest FPS, they demand 204 x more storage compared
to ADC-GS. Deformation-based methods demonstrate better
convergence but still suffer from low FPS due to per-Gaussian
deformation strategy. In contrast, our proposed anchor-driven
deformation method delivers rendering speeds up to 3x faster
than deformation-based methods, even surpassing some di-
rect modeling 4DGS approaches. 3) ADC-GS only needs
about SMB of storage for both datasets, making it highly suit-
able for real-time transmission and practical applications.

Figure 7 presents a qualitative comparison between ADC-
GS and other approaches. The rendered images produced by
ADC-GS exhibit unperceived distortion while saving lots of
storage. Moreover, our method demonstrates clearer textures
in certain datasets, attributed to the temporal significance-
based anchor refinement that captures finer details, such as
Flame Steak in Neu3D.

1184

Model PSNRT SSIMT LPIPS) FPST Size (MB)|
DyNeRF 29.58 0.980 0.083 0.015 28
NeRFPlayer 30.69 0.966 0.111 0.045 -
HexPlane 31.70 0.987 0.075 0.2 250
Mixvoxels 31.73 - 0.064 4.6 500
HyperReel 31.10 0.964 0.096 2.0 360
CompGS 29.61 0.923 0.099 45 825
3DGStream 31.67 - - 215 2340
Real-Time4DGS  32.01 0.986 0.055 114 1000
STG 32.04 0.974 0.044 110 175
DN-4DGS 32.02 0.984 0.043 15 112
4DGaussian 31.72 0.984 0.049 34 38
E-D3DGS 31.20 0.974 0.030 42 40
3141 0.972 0.066 126 4.04
Ours 31.55 0.975 0.065 116 5.32
31.67 0.981 0.061 110 6.57

Table 2: Quantitative results on Neu3D. The best and 2nd best re-
sults are highlighted in red and yellow .
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Figure 6: Bitstream analysis at multiple bitrate points on Neu3D.

Bitstream. Our bitstream is summarized as four components:
reference feature f,, residual feature f;, explicit Gaussian
attributes (comprising covariance X.,,, color C,, and position
X,) and networks F. Among these, the networks are directly
stored in 32 bits, X,, is compressed using G-PCC, and oth-
ers are encoded using the AE entropy codec [Witten et al.,
1987] with estimated probabilities from our MEM model. As
demonstrated in Figure 6, f, constitutes the largest portion of
the total bitstream, underscoring the importance of employ-
ing the MEM to effectively reduce channel-wise redundancy.
The explicit Gaussian attributes account for a small portion
of the bitstream, approximately 2%. When analyzing the bit
allocation of each component specifically, they are 0.60MB,
3.10MB, 0.15MB (0.10MB, 0.03MB, 0.02MB) and 1.47MB
on Neu3D with A, = e — 3, respectively. Notably, a smaller
Ae results in a larger bitstream allocation for features to en-
hance rendering quality.

4.3 Ablation Study

In this subsection, we evaluate the effectiveness of each com-
ponent in our framework on the HyperNeRF dataset. As
shown in Table 3 and Figure 8, the framework’s performance
improves progressively with the addition of each module,
demonstrating their individual and collective contributions.
The base configuration includes only the initialized canon-
ical space, achieving a significant size reduction compared to
existing 4DGS methods [Wu er al., 2024; Lu er al., 2024a].
While this setup provides high rendering speed due to the
absence of deformation, the reliance on canonical space to
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Figure 7: Qualitative quality comparisons of “Flame Steak™ (Top) in Neu3D and “Chicken” (Bottom) in HyperNeRF dataset.

Stages PSNRT SSIM? FPStT Size(MB)|
Base 20.75 0.621 185 17.46
+ Coarse Deformation 24.83 0.676 119 17.77
+ Fine Deformation 25.03 0.689 117 18.11
+ R-D Optimization 25.00 0.687 112 4.49
+ Anchors Refinement 25.42 0.777 135 4.02

Table 3: Ablation study of different stages on “HyperNeRF”. “+”
indicates adding current module to the previous stage. “Base” is the
initialized canonical space.

represent the entire scene results in blurred rendering, partic-
ularly in motion-heavy regions. The addition of the coarse
deformation module significantly improves the ability to cap-
ture the global motion structure. Although the rendering
speed decreases compared to the baseline, it remains consid-
erably faster than the per-Gaussian deformation approach in
[Bae et al., 2025], showcasing the efficiency of the anchor-
driven strategy. The fine deformation module builds upon
the coarse stage by refining appearance attributes, particu-
larly in regions requiring higher detail. This refinement im-
proves rendering quality by accurately modeling subtle tem-
poral variations in color and opacity. The introduction of the
rate-distortion optimization module leads to a remarkable re-
duction in bitstream size, from approximately 18 MB to 4.5
MB, without compromising rendering quality. This improve-
ment can be attributed to the MEM module’s ability to learn
compact anchor representations by effectively balancing bi-
trate consumption and reconstruction fidelity. Finally, the an-
chor refinement module further improves the representation
by dynamically growing and pruning anchors to better cap-
ture fine details. This adaptive strategy ensures that the model
maintains high-quality reconstruction in complex areas while
optimizing the anchor distribution across the scene.

Overall, each module contributes to achieving a balanced
trade-off between compression efficiency, rendering speed,
and dynamic scene reconstruction quality, resulting in a com-
pact and effective representation of the scene.

5 Conclusion

This paper introduces Anchor-Driven Deformable and Com-
pressed Gaussian Splatting (ADC-GS), a novel method for
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Figure 8: Ablation study of visual results for the coarse-to-fine de-
formation process.

dynamic scene reconstruction. By organizing Gaussian prim-
itives in an anchor-based compact format within the canonical
space, ADC-GS effectively minimizes the intra-redundancy
between adjacent primitives. For dynamic scene modeling,
we introduce a coarse-to-fine pipeline based on anchors in-
stead of traditional per-Gaussian deformation, significantly
reducing deformation redundancy. Meanwhile, a multi-
dimension entropy model is employed to estimate the bitrate
costs of anchors, serving as the factor for rate-distortion op-
timization. To further enhance details, we employ a temporal
significance-based anchor refinement strategy. Extensive ex-
periments demonstrate the effectiveness of ADC-GS and its
technical components. Overall, our approach not only outper-
forms deformation-based 4DGS methods in rendering speed
but also achieves SOTA storage efficiency without compro-
mising rendering quality.
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