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Abstract

Free-Viewpoint Video (FVV) enables immersive 3D ex-
periences, but efficient compression of dynamic 3D rep-
resentation remains a major challenge. Existing dynamic
3D Gaussian Splatting methods couple reconstruction with
optimization-dependent compression and customized mo-
tion formats, limiting generalization and standardization. To
address this, we propose D-FCGS, a novel Feedforward
Compression framework for Dynamic Gaussian Splatting.
Key innovations include: (1) a standardized Group-of-Frames
(GoF) structure with I-P coding, leveraging sparse con-
trol points to extract inter-frame motion tensors; (2) a dual
prior-aware entropy model that fuses hyperprior and spatial-
temporal priors for accurate rate estimation; (3) a control-
point-guided motion compensation mechanism and refine-
ment network to enhance view-consistent fidelity. Trained on
Gaussian frames derived from multi-view videos, D-FCGS
generalizes across diverse scenes in a zero-shot fashion. Ex-
periments show that it matches the rate-distortion perfor-
mance of optimization-based methods, achieving over 17×
compression compared to the baseline while preserving vi-
sual quality across viewpoints. This work advances feedfor-
ward compression of dynamic 3DGS, facilitating scalable
FVV transmission and storage for immersive applications.

Code — https://github.com/Mr-Zwkid/D-FCGS

1 Introduction
Our world is inherently dynamic, with 3D scenes evolving
over time and observable from arbitrary viewpoints. Captur-
ing and representing such 4D dynamics has long been a fun-
damental challenge in computer vision and graphics. Free-
viewpoint video (FVV), which enables immersive 6-DoF
experiences, has emerged as a promising solution with appli-
cations in virtual reality, telepresence, and remote education.
However, realizing practical FVV systems demands efficient
solutions for reconstruction, compression, transmission, and
rendering. In this work, we focus on the critical problem of
compression for dynamic 3D scenes.

Recent advances of 3D Gaussian Splatting (3DGS) (Kerbl
et al. 2023) have revolutionized 3D scene representation, of-
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Figure 1: Left: Illustration of differences between previous
optimization-based methods and our D-FCGS. Right: R-D
curve and storage size comparison on N3V dataset.

fering unparalleled rendering quality and real-time perfor-
mance. Extending to 4D, dynamic forms of 3DGS (Yang
et al. 2024; Wu et al. 2024a; Li et al. 2024; Yang et al. 2023;
Sun et al. 2024) gradually garner attention. Analogous to the
temporal expansion of images facilitated by videos, frame-
by-frame 3D Gaussians can naturally serve as a temporal
expansion of 3DGS, forming the basis for FVV. Based on
this per-frame idea, 3DGStream (Sun et al. 2024) pioneers
dynamic scene reconstruction via on-the-fly training, while
subsequent works improve compression efficiency through
techniques like rate-aware training (Hu et al. 2025), vector-
quantized residuals (Girish et al. 2024), and static-dynamic
decomposition (Wu et al. 2025).

Despite these advances, existing methods remain con-
strained by their coupled optimization of reconstruction
and compression. By representing frame-wise Gaussian mo-
tions through specialized formats (e.g., neural networks),
these approaches require per-scene optimization and metic-
ulous hyperparameter tuning. This optimization-dependent
paradigm creates two critical barriers to practical deploy-
ment: (1) it severely limits generalization to unseen scenes;
(2) it hinders the development of standardized compression
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schemes that could enable widespread adoption of FVV.
To address these challenges, we propose D-FCGS, a

novel feedforward compression framework for dynamic
Gaussian Splatting. Our key insight is that temporal co-
herence in Gaussian point clouds can be efficiently mod-
eled via the Group-of-Frames (GoF) representation, where
inter-frame motions can be compressed in a feedforward
and scene-agnostic manner. Specifically, we adopt the stan-
dard GS format as input and leverage sparse control points
to efficiently extract motion tensors, optimal for both com-
pression efficiency and computational performance. These
motion tensors are then processed through our feedforward
motion compression pipeline, which incorporates a tailored
dual prior-aware entropy model to enhance probability esti-
mation accuracy. Following decompression, the sparse mo-
tions are propagated across the entire Gaussian frame under
the guidance of the control points. Finally, lightweight color
refinement is applied to improve view-consistent fidelity.

Our D-FCGS is trained end-to-end on frame-wise GS
sequences constructed from both real-world and synthetic
multi-view video datasets. Once trained, it serves as a
general-purpose inter-frame compression codec, requir-
ing no scene-specific optimization or access to multi-view
images during zero-shot inference. Extensive experiments
show that D-FCGS exhibits strong generalization across
diverse dynamic scenes and achieves state-of-the-art rate-
distortion performance, surpassing 17× compression over
3DGStream while maintaining comparable fidelity.

Our contributions can be summarized as follows:

• We present D-FCGS, a novel feedforward compression
framework for dynamic 3DGS that enables zero-shot
inter-frame coding of Gaussian sequences.

• We propose a sparse motion representation with control
points for I-P coding, coupled with a dual prior-aware
entropy model for efficient compression, and develop a
decoder with motion compensation and refinement for
enhanced fidelity.

• Experiments across various scenes show the effective-
ness and robustness of D-FCGS, achieving over 17×
compression over 3DGStream while preserving fidelity,
outperforming most optimization-based methods.

2 Related Work
2.1 3D Gaussian Splatting Compression
High storage demands of 3DGS have motivated compres-
sion efforts. Optimization-based compression methods in-
clude value-based and structure-based ones. The former in-
volve the use of pruning (Girish, Gupta, and Shrivastava
2024; Ali et al. 2024), masking (Lee et al. 2024b; Wang et al.
2024a), vector quantization (Niedermayr, Stumpfegger, and
Westermann 2024; Navaneet et al. 2023) and distillation
(Fan et al. 2024) to reduce insignificant Gaussians or redun-
dancy of Gaussian parameters. The latter utilize structural
modeling such as anchors (Lu et al. 2024), tri-planes (Lee
et al. 2025) and 2D grids (Morgenstern et al. 2024) to ad-
dress the sparsity and unorganized nature of Gaussian Splat-
ting. When combined with learned entropy models (Ballé,

Laparra, and Simoncelli 2016; Cheng et al. 2020), they
achieve excellent rate-distortion performance (Chen et al.
2024b, 2025; Zhan et al. 2025).

However, these optimization-based methods require per-
scene fine-tuning, limiting their generalization. Recent
works have introduced feedforward pipelines (Chen et al.
2024a; Huang et al. 2025; Yang et al. 2025b) that decouples
reconstruction and compression. These pre-trained codecs
can directly compress arbitrary Gaussian clouds without
multi-view supervision, offering greater practicality. We aim
to extend this paradigm to dynamic GS compression.

2.2 Dynamic GS and its Compression
Dynamic GS methods can be categorized by their motion
representation approaches. Implicit/explicit motion fields
(Yang et al. 2024; Wu et al. 2024a; Li et al. 2024; Lin et al.
2024) and 4D Gaussian formulations (Duan et al. 2024; Lee
et al. 2024a) often face challenges in real-time streaming,
variable resolutions, or long durations. In contrast, per-frame
approaches (Luiten et al. 2024; Sun et al. 2024; Wang et al.
2024b; Yan et al. 2025) demonstrate superior practicality
through incremental frame updates, making them ideal for
free-viewpoint video streaming. Our work focuses on this
line of Per-Frame Gaussian methods.

For compression of Per-Frame Gaussian, HiCoM (Gao
et al. 2024) employs hierarchical grid-wise motion represen-
tation and QUEEN (Girish et al. 2024) leverages a latent-
decoder for quantization of attribute residuals. 4DGC (Hu
et al. 2025) instills rate-aware training into frame recon-
struction, achieving decent compression. While effective,
they fundamentally couple reconstruction with compression,
requiring scene-specific tuning. Our work breaks this con-
straint by introducing a novel optimization-free compression
framework for dynamic GS, enabling zero-shot compression
to arbitrary 4D scenes.

3 Preliminary
Our feedforward compression method takes frame-wise
standard 3DGS as input, denoted as Gaussian frames, and
each frame is pre-optimized from multi-view images at the
respective timestamp. Within a given Gaussian frame, each
Gaussian primitive is characterized by: (1) geometry pa-
rameters including position µ ∈ R3 and covariance matrix
Σ ∈ R3×3; (2) appearance parameters including opac-
ity o ∈ R1 and SH-based color cSH ∈ R48. The covari-
ance matrix can be further represented as Σ = RSSTRT ,
where R ∈ R3×3 is the rotation matrix parameterized by
the quaternion q ∈ R4, and the scale matrix S ∈ R3×3 is a
diagonal matrix with elements s ∈ R3. The geometry of a
Gaussian primitive can be formulated as:

G(x) = e−
1
2 (x−µ)TΣ−1(x−µ), (1)

where x ∈ R3 is any random 3D location within the scene.
Given a viewpoint, 3D Gaussians are projected into a 2D

plane, and the color of a pixel C ∈ R3 is derived by alpha-
blending of overlapping 2D Gaussians:

C =
∑
i

ciαi

i−1∏
j=1

(1− αj), (2)
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Figure 2: Overview of D-FCGS framework. Our feedforward pipeline processes sequential Gaussian frames in GoF through
three stages: (1) sparse motion extraction (Section 4.2), (2) feedforward motion compression (Section 4.3), and (3) motion com-
pensation and refinement (Section 4.4). Once trained with rate-distortion loss, D-FCGS can infer on brand-new GS sequences
in a zero-shot manner.

where ci ∈ R3 is the view-dependent color calculated from
SH-based color cSH , and αi ∈ R1 is the blending weight
derived from opacity o.

With the differentiable rasterizer, training can be super-
vised by 2D images from varied views in an end-to-end way.
The rendering loss of vanilla 3DGS is:

Lrender = λLD-SSIM + (1− λ)L1. (3)

4 Method
4.1 Overview
As shown in Fig. 2, our D-FCGS framework comprises three
key components: (1) sparse motion extraction (Section 4.2),
(2) feedforward motion compression (Section 4.3) and (3)
motion compensation and refinement (Section 4.4). Training
and inference procedures will be mentioned in Section 4.5.

Given two adjacent Gaussian frames xt and x̂t−1, we
first sample sparse control points from dense Gaussians
and extract motion features. These motion tensors are com-
pressed using our dual prior-aware entropy model for effi-
cient rate estimation. During decoding, we reconstruct x̂t

via control-point-guided motion compensation and color re-
finement, while storing it into the buffer for future reference.

4.2 Sparse Motion Extraction via Control Points
Building on observations that most Gaussians exhibit local
motion coherence, we propose an efficient sparse represen-
tation. Inspired by previous optimization-based 4D recon-
struction methods (He et al. 2024; Yan et al. 2025; Huang
et al. 2024), we employ Farthest Point Sampling (FPS) to
select N c = N

M control points from the N Gaussian prim-
itives, and derive corresponding geometry parameters, for-

mulated as:

µc = FPS({µi}i∈N ,
N

M
), (4)

xc = Index(x,µc), (5)

where M denotes the downscale factor, and xc (xc =
{µc, qc}) represent geometry parameters of control points.
This process efficiently reduces storage demand and pro-
cessing costs, while preserving motion characteristics.

After control point sampling, we derive the native sparse
geometry attributes of the current frame and reference Gaus-
sian frame, denoted as xc

t and x̂c
t−1. We encode these at-

tributes using frequency encoding (Mildenhall et al. 2021)
and MLP projection:

yc
t = MLP (FreqEnc{xc

t}), (6)

ŷc
t−1 = MLP (FreqEnc{x̂c

t−1}). (7)

Motion tensors are then derived in the feature domain:

mc
t = Converter(yc

t − ŷc
t−1), (8)

where mc
t denotes the motion tensors at time t, which keeps

the same dimension as xc
t and x̂c

t−1. Converter is realized
by MLP at the feature level.

4.3 Feedforward Motion Compression
End-to-End Motion Compression. The obtained sparse
motion tensors mc

t are then fed into our end-to-end com-
pression module. This process begins with data encoding,
followed by differentiable quantization simulated by addi-
tive uniform noise (Ballé, Laparra, and Simoncelli 2016) to
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enable gradient backpropagation :

ŷm
t = Q(ym

t ) = ym
t + U(−q′

2
,
q′

2
), for training

= Round(
ym
t

q′
) · q′, for testing

(9)

where q′ ∈ R1 is the quantization step size, and ym
t , ŷm

t
denote the encoded latent motion before and after quanti-
zation, respectively. Next to that, arithmetic coding (AC)
converts the quantized data into a compact bitstream for ef-
ficient transmission and storage. On the decoder side, the
bitstream is decompressed back into motion tensors using
arithmetic decoding (AD) for frame reconstruction.

Dual Prior-Aware Entropy Model. According to Shan-
non’s theory (Shannon 1948), the cross-entropy between the
estimated and true latent distributions provides a tight lower
bound on the achievable bitrate:

R(ŷm
t ) ≥ Eŷm

t ∼qŷm
t
[− log2 pŷm

t
(ŷm

t )], (10)

where pŷm
t

and qŷm
t

are respectively estimated and true
probability mass functions (PMFs) of the quantized latent
codes ŷm

t . Since arithmetic coding can achieve a bitrate
close to this bound, our goal is to devise an entropy model
that accurately estimates pŷm

t
.

Fig. 3 shows the proposed dual prior-aware entropy model
that combines hyperprior and spatial-temporal context prior
for precise distribution estimation. Following (Ballé et al.
2018), we use a factorized model to learn the hyperprior and
estimate its PMF p(ẑm

t ), which is common in deep image
and video compression. However, for GS-based FVV, the
latent codes also exhibit strong 3D-spatial and temporal cor-
relations. Assuming adjacent Gaussian frames share similar
features, we strive to extract spatial-temporal priors from the
reference frame x̂t−1 through a multi-resolution hash grid
encoding scheme. Specifically, at each grid intersection, we
store learnable feature vectors that capture position-specific
information. For each Gaussian positioned at µt, we retrieve
multi-scale features by performing tri-linear interpolation
across different levels Gl of the voxel grid, where l indi-
cates the resolution level. The interpolated features from all
levels are then concatenated and processed by a lightweight

MLP to generate comprehensive positional contexts:

context = MLP (
L⋃

l=1

Interp(µt, G
l)), (11)

where Interp(·) denotes the grid interpolation operation.
These positional contexts are subsequently combined with
the transformed appearance parameters as the final spatial-
temporal priors. The prior fusion network is then to integrate
these spatial-temporal priors with the hyperpriors, estimat-
ing the mean µm

t and scale σm
t of the latent code distribu-

tion (assumed as normal distribution). The probability mass
for each quantized latent value ŷmt,i is computed by integrat-
ing the PMF over the quantization bin:

p(ŷmt,i) =

∫ ŷm
t,i+

q′
2

ŷm
t,i−

q′
2

N (y|µm
t,i, σ

m
t,i)dy, (12)

where i corresponds to the index of a certain control point.
The rate loss combines contributions from both the motion
and hyper latent distributions:

Lrate =
1

N c

Nc∑
i=1

(− log2(p(ŷ
m
t,i))− log2(p(ẑ

m
t,i))), (13)

where N c = N
M is the total number of control points.

4.4 Motion Compensation and Refinement
Control Point Guided Motion Compensation. The de-
coded control point motions m̂c

t are propagated to the en-
tire Gaussian set in a distance-aware compensation way. For
the ith control point, we first identify its K-nearest Gaus-
sians K(i) via KNN search. The motion vectors are then dis-
tributed to neighboring Gaussians using an exponentially de-
caying weight function based on spatial distance. The closer
the distance is, the more influence we consider the control
point can exert on the motion of this neighboring point. The
motion that ith control point assigns to its jth neighbor can
be written as:

mi,j =
e−di,jmi∑
k∈K(i) e

−di,k
, (14)

where di,j represents the Euclidean distance between the ith

control point and its jth neighbor. The aggregated motion
vectors are finally applied to adjust the geometry parameters
of the reference frame via addition.

This approach provides two key benefits: (1) enhanced
motion estimation accuracy through localized correlation
modeling that suppresses error propagation, and (2) inherent
parallelizability due to the independent processing of control
points, ensuring computational efficiency. More discussions
on frame matching during motion compensation can be seen
in the supplementary.

Color Refinement. For image and video compression,
post-compression refinement plays a critical role in mitigat-
ing visual artifacts such as color banding and blurring. In
our GS-based framework, we specifically target refinement

16364



at SH coefficients cSH while preserving sensitive geome-
try and opacity parameters (Chen et al. 2024a; Girish et al.
2024; Papantonakis et al. 2024). The spatial-temporal pri-
ors from the entropy model module are repurposed to pre-
dict color residuals ∆cSH , which are dynamically added to
cSH during decoding without additional storage. This on-
the-fly refinement is fully differentiable, allowing gradient
backpropagation through the entropy model for joint rate-
distortion optimization.

4.5 Training and Inference Pipeline of D-FCGS
Training Process and Loss. Following established prac-
tices (Wang et al. 2023; Zheng et al. 2024a,b), we adopt a
Group-of-Frames (GoF) paradigm with the structure:

(I − P−· · ·− P )︸ ︷︷ ︸
GoF1(L)

(I − P−· · ·− P )︸ ︷︷ ︸
GoF2(L)

··· (I − P−· · ·− P )︸ ︷︷ ︸
GoFk(L)

, (15)

where GoFk(L) denotes the kth group containing one intra-
coded (I) frame followed by L − 1 predictively-coded (P)
frames. The model is trained end-to-end with a composite
loss function:

Ltotal = Lrender + λsizeLrate, (16)

where Lrender replicates the original 3D Gaussian Splatting
objective, and λsize controls the rate-distortion trade-off.

Encoding and Decoding Process. The encoder extracts
sparse motion from control points and compresses motion
tensors ŷm

t and hyperpriors ẑm
t via arithmetic coding. Dur-

ing decoding, the system first reconstructs ẑm
t , then com-

bines it with spatial-temporal priors to estimate distribution
parameters (σm

t , µm
t ) for decoding ŷm

t . These decoded mo-
tion features enable subsequent motion compensation.

5 Experiments
We rigorously evaluate our D-FCGS model by addressing
three critical research questions:
• Generalization and Effectiveness: Can D-FCGS gener-

alize across new scenes from widely used datasets while
achieving competitive rate-distortion performance com-
pared to optimization-based methods? (Section 5.2)

• Robustness and Stability: How does D-FCGS perform
under diverse and high-dynamic scenes, and is the system
stable under varying hyperparameters? (Section 5.3)

• Module Efficacy: Do individual modules (e.g. control
points) contribute meaningfully? (Section 5.4)

5.1 Experimental Setup
Datasets and Implementation Details. We derive se-
quential Gaussian frames from six multi-view video
datasets: (1) N3V (Li et al. 2022b) (2) MeetRoom (Li et al.
2022a) (3) WideRange4D (Yang et al. 2025a) (4) Google Im-
mersive (Broxton et al. 2020) (5) Self-Cap (Xu et al. 2024)
(6) VRU (Wu et al. 2025). For training, we use 3 scenes from
MeetRoom and 28 scenes from WideRange4D. For evalu-
ation, we reserve the ”discussion” scene from MeetRoom
for in-domain testing and six scenes from N3V for out-
of-domain benchmarking. Additional robustness tests are

Method PSNR
(dB) ↑ SSIM ↑ Size

(MB) ↓
Render
(FPS) ↑

Feedforward
Compression

K-Planes 31.63 0.920 1.0 0.15 ✗
HyperReel 31.10 0.931 1.7 16.7 ✗

NeRFPlayer 30.69 0.931 18.4 0.05 ✗
StreamRF 30.61 0.930 7.6 8.3 ✗

ReRF 29.71 0.918 0.77 2.0 ✗
TeTriRF 30.65 0.931 0.76 2.7 ✗
D-3DG 30.67 0.931 9.2 460 ✗

3DGStream* 32.20 0.953 7.75 215 ✗
HiCoM 31.17 - 0.70 274 ✗
QUEEN 32.19 0.946 0.75 248 ✗
4DGC 31.58 0.943 0.49 168 ✗

D-FCGS (ours) 31.91 0.952 0.46 215 ✓

Table 1: Quantitative results on N3V (Li et al. 2022b)
dataset, averaged over 300 frames across six scenes. * de-
notes results reproduced by our implementation. Bold and
underlined values indicate the best and second-best perfor-
mance, respectively. Detailed per-scene results are reported
in supplementary material.

Method PSNR
(dB) ↑ SSIM ↑ Size

(MB) ↓
Render
(FPS) ↑

StreamRF 26.71 0.913 8.23 10
ReRF 26.43 0.911 0.63 2.9

TeTriRF 27.37 0.917 0.61 3.8
3DGStream* 31.74 0.957 7.66 288

HiCoM 29.61 - 0.40 284
4DGC 28.08 0.922 0.42 213

D-FCGS (ours) 30.97 0.950 0.38 288

Table 2: Quantitative results on MeetRoom (Li et al. 2022a)
dataset, averaged over 300 frames.

performed on diverse and high-dynamic scenes (see Sec-
tion 5.3). All experiments are conducted on NVIDIA RTX
4090 GPU. Key hyperparameters include: (1) the downscale
factor M = 70, (2) K = 30 for KNN, (3) quantization step
q′ = 1, (4) GoF size L = 10 during inference, and (4) λsize
= 1e-3. Further details of datasets and implementation are
provided in the supplementary material.

Evaluation Metrics. We evaluate D-FCGS using three
kinds of metrics: (1) PSNR and SSIM (Wang et al. 2004)
for reconstruction quality, (2) compressed size (MB/frame)
for rate efficiency, and (3) rendering speed (FPS) plus en-
coding/decoding time (sec) for computational performance.

5.2 Benchmark Comparison
Benchmark Methods. As the first feedforward inter-
frame codec for Gaussian point clouds (to our knowl-
edge), D-FCGS faces unique evaluation challenges due to
the absence of directly comparable optimization-free ap-
proaches. Our analysis therefore encompasses two cate-
gories of benchmark methods in optimization-based dy-
namic scene reconstruction: (1) NeRF-based techniques
including K-Planes (Fridovich-Keil et al. 2023), Hyper-
Reel (Attal et al. 2023), NeRFPlayer (Song et al. 2023),
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Google Immersive Self-Cap VRU
Method PSNR(dB)↑ SSIM↑ Size(MB)↓ PSNR(dB)↑ SSIM↑ Size(MB)↓ PSNR(dB)↑ SSIM↑ Size(MB)↓

3DGStream* 25.84 0.872 7.6 26.43 0.858 7.6 26.18 0.892 7.6
D-FCGS(ours) 25.58 0.879 0.34 26.00 0.854 0.90 25.13 0.876 0.43

Table 3: Robustness test on diverse scenes from extensive datasets. Averaged PSNR, SSIM and P-frame size are reported. Per-
scene results are provided in the appendix.

K 30 60 120 30 30 30 30
M 70 70 70 140 280 70 70
L 300 300 300 300 300 32 4

Size↓ 8.9 9.0 9.0 4.0 2.0 9.0 9.2
PSNR↑ 33.596 33.596 33.596 33.599 33.599 33.604 33.598

Table 4: Robustness test on hyperparameter settings (K for
KNN, downscale factor M , and GoF size L). Averaged
P-frame size (×0.1 MB) and PSNR (dB) are reported on
”cut beef” scene.

StreamRF (Li et al. 2022a), ReRF (Wang et al. 2023), and
TeTriRF (Wu et al. 2024b); and (2) Per-Frame Gaussian
methods including D-3DG (Luiten et al. 2024), 3DGStream
(Sun et al. 2024), HiCoM (Gao et al. 2024), QUEEN
(Girish et al. 2024), and 4DGC (Hu et al. 2025). While
this comparison inherently favors optimization-based ap-
proaches that benefit from scene-specific tuning, it provides
critical insights into D-FCGS’s performance relative to cur-

Method Encoding(sec) Decoding(sec) Total(sec)

proposed 0.61 0.72 1.33
w/o control points 1.33 2.88 4.21

Table 5: Average encoding and decoding time for P-frames.

rent paradigms in dynamic scene compression.

Quantitative Results. Our compression results demon-
strate significant improvements over existing methods. As
shown in Section 5.1 and Section 5.1, D-FCGS achieves
remarkable average sizes of 0.46MB (N3V) and 0.38MB
(MeetRoom) per frame, namely a 17× reduction compared
to 3DGStream’s 7.75MB and 7.66MB. Note that our codec
is designed for inter-frame compression, and our P-frame
compression ratio exceeds 32× in most cases (Fig. 1). While
I-frames could be further compressed using existing static
methods (e.g., FCGS (Chen et al. 2024a)), we maintain their
original size for fair comparison. Additionally, the entire en-
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Figure 5: Rate-Distortion comparison of the proposed method and ablations.

coding/decoding pipeline operates efficiently, with both pro-
cesses completing in under 1 second (Section 5.1).

Qualitative Results. We visualize the qualitative compar-
isons with 3DGStream (Sun et al. 2024) in Fig. 4, present-
ing results on ”flame steak”, ”flame salmon” (N3V dataset)
and ”discussion” (MeetRoom dataset). From scene details,
we can tell that D-FCGS achieves comparable fidelity to
3DGStream, even better in some cases.

5.3 Robustness Test
Robustness to Diverse Scenes. We evaluate D-FCGS
on three additional datasets: Google Immersive, Self-Cap,
and VRU, covering scenarios such as indoor painting,
cave exploration, and basketball games. As summarized
in Section 5.1, for Gaussian sequences reconstructed by
3DGStream, our approach achieves unprecedented P-frame
compression while maintaining near-identical SSIM and
small PSNR drop (< 0.5 dB for Google Immersive and
Self-Cap). While PSNR gaps exist for VRU (full of blurry
motions), our method offers a more practical and efficient
pipeline for real-world applications, sacrificing acceptable
visual fidelity for great improvements in bitrates. Fig. 4
highlights visual results on the outdoor ”cave” (Google Im-
mersive) and high-dynamic ”bar” (Self-Cap).

Robustness to Hyperparameter Settings. Here, we ap-
ply varied parameter configurations (KNN neighborhood
size K, downscale factor M , and GoF size L) to the ”cut
beef” scene (N3V). As presented in Section 5.1, D-FCGS
maintains stable rendering quality across most parameter
combinations, showing strong parametric robustness. No-
tably, increasing the downscale factor M effectively reduces
control point counts, leading to a linear decrease in P-frame
compression size, which aligns with expectations.

5.4 Ablation Study
In this section, we evaluate key components of D-FCGS
through systematic ablation studies.

Effect of Control Points. The sparse motion representa-
tion via control points forms the foundation of our efficient
compression pipeline. Removing control points and predict-
ing motions for all Gaussians increases storage substantially
(Fig. 5) and slows encoding/decoding by 3.2× (Section 5.1).

This validates our sparse motion representation’s efficiency
in rate saving and computational cost.

Effect of Dual Prior-Aware Entropy Model. Our en-
tropy model employs a novel dual-prior architecture. While
hyperpriors effectively capture global dependencies (Ballé
et al. 2018), our key innovation lies in the hash-grid-based
spatial-temporal prior that models local correlations. Re-
moving the spatial-temporal prior branch leads to noticeable
R-D performance degradation (Fig. 5), confirming its impor-
tance to optimal compression.

Effect of Color Refinement. Our online color refinement
module improves rendering quality (PSNR) by 0.1 ∼ 0.5 dB
(Fig. 5), while requiring no additional storage and negligi-
ble decoding overhead. Per-scene results on N3V dataset are
shown in the supplementary.

6 Conclusion
In this paper, we propose Feedforward Compression of
Dynamic Gaussian Splatting (D-FCGS), a novel feedfor-
ward framework for zero-shot dynamic Gaussian sequence
compression. Our contributions are threefold. First, we
adopt the I-P coding profile for standard GS compression
and introduce sparse inter-frame motion extraction via con-
trol points. Second, we present an end-to-end motion com-
pression framework with a dual prior-aware entropy model,
fully leveraging hyperpriors and spatial-temporal context to
improve rate estimation. Third, control-point-guided motion
compensation is combined with a color refinement network
to guarantee high-fidelity and view-consistent reconstruc-
tion. Experimental results show that D-FCGS achieves supe-
rior compression efficiency (over 17× compression) on two
benchmark datasets (MeetRoom and N3V) and remarkable
robustness across diverse scenes from extensive datasets,
significantly enhancing transmission and storage efficiency
for free-viewpoint video applications.
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