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Abstract 326
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The success of 3D Gaussian Splatting (3DGS) in static scenes 3231 A NeRFPlayer
has inspired numerous attempts to construct Free-Viewpoint 320 ] B TeTriRF
Videgs (FVVs) of dyngmic scenes frqm multi;view videos. : B Spacetime-GS
Despite advancements in current techniques, simultaneously

S S . ~31.7 W 4DGS
achieving photo-realistic view synthesis results, fast on-the- 22 | A StreamRF
fly training, real-time rendering, and low storage costs re- E 314 cam
mains a formidable problem. To address these challenges, we Z 3DGStream
propose the first Gaussian-based streamable FVV intelligent @ 311 | A Ours
compression framework named iFVC. Specifically, we utilize
an anchor-based Gaussian representation to model the scene. 308
To achieve on-the-fly training, we propose a Binary Transfor- A
mation Cache (BTC) to model the dynamic changes between 30.5 - -
adjacent timesteps, which not only ensures compactness but
also supports precise bit rate estimation. Furthermore, we 30.2 = " " "
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carefully design a high-resolution transformation tri-plane as-
sisted by a saliency grid as our BTC, allowing for accurate
dynamic capture. The entire pipeline is regarded as a joint
optimization of rate and distortion to achieve optimal com-
pression performance. Experiments on widely used datasets
demonstrate the state-of-the-art performance of our frame-
work in both synthesis quality and efficiency, i.e., achieving
per-frame training in 13 seconds with a storage cost of 0.1
MB and real-time rendering at 120 FPS.

Code — https://github.com/Pomelomm/iFVC

1 Introduction

Constructing Free-Viewpoints Videos (FVVs) from multi-
view videos plays a critically important role in various ap-
plications such as virtual reality, telepresence, sports broad-
casting and so on. It allows users to freely select their view-
ing angles of dynamic scenes, thus providing a unique and
immersive exploration experience.

In recent years, Neural Radiance Fields (NeRF) (Milden-
hall et al. 2021) has demonstrated remarkable potential
in novel view synthesis and promotes the development of
FVV generation for dynamic scenes. However, despite these
NeRF-based methods (Li et al. 2022a; Song et al. 2023)
achieve photo-realistic synthesis results, they rely on costly
sampling and evaluation at multiple points along each ray
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Figure 1: Rate-distortion performance compared with other
methods on the N3DV dataset. [] represents offline train-
ing methods that require complete video sequences, and A
signifies online training on multi-view video streams. Our
method achieves high-quality rendering with relatively low
storage costs, while also supporting online training.

for volume rendering, which greatly limits rendering speed
and hinders practical applications.

Recently, 3D Gaussian Splatting (3DGS) (Kerbl et al.
2023) has emerged as an alternative scene representation
method due to its fast training, real-time rendering, and high-
fidelity synthesis results. 3DGS leverages learnable Gaus-
sians with various properties to represent 3D space and in-
troduces an efficient rasterization-based scheme for render-
ing. However, it requires a substantial number of Gaussians
to maintain high-quality rendering, which poses challenges
for storage and transmission. Dynamic scenes contain infor-
mation in both spatial and temporal domains, facing more
severe storage challenges. Although some existing methods
(Wu et al. 2024a; Li et al. 2024b) achieve compact dynamic
scene representation by training a single model that com-
bines all the frames, they necessitate complete video se-
quences for offline training and only support replaying dy-
namic scenes, thus unable to tackle online scenarios. A re-
cent work 3DGStream (Sun et al. 2024) proposes a novel



online training pipeline that employs a Neural Transforma-
tion Cache (NTC) to model the translations and rotations of
Gaussians, achieving fast on-the-fly per-frame reconstruc-
tion and real-time rendering. However, it requires more than
2 GB to store the scene representation corresponding to a
300-frame multi-view video (about 10 seconds), posing sig-
nificant challenges in the storage and transmission of long-
duration dynamic scenes.

In this paper, we propose a novel intelligent Free-
Viewpoint Video Compression (iFVC) framework, aiming
to achieve high-fidelity synthesis, fast on-the-fly training,
and real-time rendering with low storage costs. Specifically,
our iFVC starts with an anchor-based Gaussian representa-
tion at timestep 0. For subsequent timestep ¢ (¢ > 0), we
introduce a Binary Transformation Cache (BTC) to model
the transformations relative to the previous frame ¢t — 1 in
a highly compact manner, fully exploiting the inter-frame
similarities for fast online reconstruction. Furthermore, we
carefully design a high-resolution transformation tri-plane
assisted by a saliency 3D grid as our BTC, enhancing the ca-
pablity of binary grids to accurately capture dynamics. We
formulate the per-frame training as a joint optimization of
rate and distortion to minimize the entropy of scene rep-
resentation while ensuring high reconstruction quality (see
Fig. 1 for comparisons with the state-of-the-arts).

The contributions of our work are summarized as follows:

* We propose iFVC, the first Gaussian-based compression
framework for efficient FVV streaming. Our iFVC is op-
timized by a rate-distortion loss in an end-to-end manner,
achieving optimal compression performance.

* We propose a highly compact Binary Transformation
Cache (BTC) to model scene changes between adjacent
timesteps. The binary representation is not only more
storage-friendly but also enables precise bit rate estima-
tion during training.

e Our BTC is carefully designed as a saliency-assisted
transformation tri-plane, capable of capturing accurate
dynamic changes to improve reconstruction quality.

* Extensive experiments demonstrate the superiority of
iFVC in synthesis quality and model size, while also sup-
porting on-the-fly training and real-time rendering.

2 Related Work
Novel View Synthesis for Static Scenes

Given a set of 2D images, Novel View Synthesis (NVS) aims
to generate novel-view images from virtual camera poses.
In recent years, Neural Radiance Fields (NeRF) (Milden-
hall et al. 2021) and its variants (Liu et al. 2020; Martin-
Brualla et al. 2021; Sun, Sun, and Chen 2022; Pumarola
et al. 2021) have achieved impressive rendering results via
implicit scene representation. However, due to the compu-
tational bottleneck of volume rendering, these methods typ-
ically cannot support real-time applications. Recently, 3D
Gaussian splatting (Kerbl et al. 2023) has emerged as a
promising scene representation method for NVS, which uti-
lizes a fast rasterization technique to synthesize views and
achieves notable training and rendering speedups.
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Novel View Synthesis for Dynamic Scenes

Constructing FVVs for dynamic scenes from multi-view
videos remains a challenging problem due to temporal vari-
ations. Various methods (Li et al. 2022a; Song et al. 2023;
Attal et al. 2023; Wang et al. 2023a; Yang et al. 2024; Du
et al. 2021) have explored extending static NeRF represen-
tations to dynamic scenes, with similar efforts applied to
3DGS. Some methods (Yang et al. 2024; Li et al. 2024a;
Wu et al. 2024a; Lin et al. 2024) define canonical 3D Gaus-
sians and employ MLP networks, 4D neural voxels, or ex-
plicit residuals to model deformation fields. Other methods
(Yan et al. 2024; Yang et al. 2023; Li et al. 2024b; Duan
et al. 2024) lift 3D Gaussians into 4D space and temporally
slice them to model the scene at each timestamp. Despite the
methods above achieving remarkable rendering quality for
dynamic scenes, they generally follow an offline modeling
paradigm and lack streamable capabilities. To address these
constraints, StreamRF (Li et al. 2022a) models dynamic
scenes with an incremental learning framework, perform-
ing complete training at timestep 0 and tuning the model for
subsequent frames online. NeRFPlayer (Song et al. 2023)
introduces a sliding-window scheme on feature channels to
support streamable rendering. ReRF (Wang et al. 2023b) op-
timizes a motion grid and a residual feature grid frame by
frame to model the spatial-temporal feature space sequen-
tially. Recently, 3DGStream (Sun et al. 2024) and HiCoM
(Gao et al. 2024) propose efficient 3DGS-based pipelines
for FVV streaming, enabling on-the-fly and high-quality re-
construction for dynamic scenes.

Neural Scene Representation Compression

Neural explicit representation methods improve training and
inference efficiency but inevitably increase the storage and
transmission costs of scenes. To address this issue, many
NeRF-based and 3DGS-based techniques achieve consider-
able compression ratios through methods such as pruning
(Deng and Tartaglione 2023; Niedermayr, Stumpfegger, and
Westermann 2024), quantization (Li et al. 2023; Lee et al.
2024), decomposition (Chen et al. 2022), and entropy con-
straints (Chen et al. 2024b,a; Wang et al. 2024a,c). Among
these, BiRF (Shin and Park 2024) introduces a 2D-3D hy-
brid binary feature grid, offering a storage-efficient repre-
sentation for radiance fields. For dynamic scenes with spa-
tial and temporal redundancies, Dynamic-codebook (Guo
et al. 2024) compresses the six feature planes into a com-
pact codebook. Streamable scene representations face more
severe storage challenges, as their model size increases lin-
early with the number of frames. Therefore, it is crucial to
develop effective compression techniques to efficiently store
and transmit such data. ReRF (Wang et al. 2023b), Vide-
oRF (Wang et al. 2024b), and TeTriRF (Wu et al. 2024b)
combine traditional image/video coding techniques for fea-
ture grid compression. HPC (Zheng et al. 2024) proposes an
end-to-end pipeline for progressive volumetric video encod-
ing, streaming, and decoding. These coding frameworks for
streamable scene representations are geared towards inward-
facing scenes with foreground masks and a few objects. All
are based on NeRF, falling short in training time and render-
ing speed.
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Figure 2: Overview of iFVC. To enable on-the-fly learning of dynamic scenes, we perform a frame-by-frame training pipeline
to construct FVV streams. We utilize an anchor-based Gaussian representation at timestep 0. For the subsequent timestep 1,
we introduce a Binary Transformation Cache to model the translations and feature residuals relative to the previous timestep
1 — 1 in a highly compact manner. The entire pipeline is formulated as a joint optimization of rate and distortion, aiming to
achieve photo-realistic rendering quality at low storage costs. “Q”, “DQ”, and “T” denote the quantization, dequantization, and
transformation operations, respectively. “Entropy coding” includes arithmetic encoding and decoding.

3 Preliminary
3.1 3D Gaussian Splatting

3DGS (Kerbl et al. 2023) explicitly models 3D space with
anisotropic Gaussians and uses a fast differentiable raster-
izer for image rendering. Starting from sparse points pro-
duced by Structure-from-Motion (SfM) (Schonberger and
Frahm 2016), each Gaussian is defined by a covariance ma-
trix ¥ € R3*3 and location (mean) p € R3:

Gx) = eap(—5 (x — )75 (x— ), B = RSS"RT,

ey
where x € R? represents the coordinates of a 3D point and
¥ is calculated by a rotation matrix R € R3*3 and a scaling
matrix S € R3X3 to ensure its positive semi-definite char-
acteristics. During rendering, Gaussians are splatted to 2D
and sorted in depth order. Through a-composed blending,
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we can get the pixel color C' € R?:

i—1
C= ZciaiH(l — ), (2)
iEN  j=1

where o € R is the Gaussian’s opacity after 2D projection,
¢ € R3 represents the view-dependent color, and N is the
sorted points overlapping the pixel.

3.2 Anchor-based Gaussian Splatting

Scaffold-GS (Lu et al. 2024) introduces a structured repre-
sentation method, utilizing anchors to cluster neighboring
similar Gaussians for compact modeling and high-quality
rendering. Each anchor consists of a location x € R?, a lo-
cal feature vector f € RP, an anchor scaling factor [ € R3
and k Gaussian offsets 0 € R¥*3. During rendering, k neu-
ral Gaussians are spawned from an anchor x. Their locations
are given by:

(W'} =z + {1 (3)



Their properties are predicted through MLPs F:

k—1
{e',r', 8" a' oy = F(f,0c,de), 4
where ¢ € R?, r* € R%, s° € R?, and o € R represent
the color, rotation quaternion, scale, and opacity of the ¢-th
Gaussian, respectively. Additionally, . is the relative dis-

tance between the anchor and the camera, and d. indicates
the viewing direction. Gaussians with opacity « greater than
7 will be selected to synthesize the viewpoint image.

4 Methods
4.1 Overview

Given a multi-view video stream, our framework performs
on-the-fly FVV construction and compression in a frame-
by-frame manner, as depicted in Fig. 2. We utilize an anchor-
based Gaussian representation (Lu et al. 2024) as our base
model. Firstly, we train a complete scene representation at
timestep 0. For subsequent timesteps, a highly compact Bi-
nary Transformation Cache is employed to model dynamic
changes between adjacent frames. The outputs of BTC are
used to transform the previous representation S;_; to the
current timestep ¢ (¢ > 0), effectively leveraging inter-
frame similarities to facilitate fast on-the-fly training. We
only need to store BTC for the current timestep, greatly
reducing temporal redundancy. To achieve an optimal rate-
distortion performance, we apply an entropy loss to estimate
the bit consumption of BTC during training. The entire train-
ing process is regarded as a joint optimization of model size
(rate) and reconstruction quality (distortion).

4.2 Dynamic Anchors

In our framework, the FVV is represented by a set of dy-
namic anchors along timesteps, with BTC used to model the
property changes of Gaussians in these anchors. However,
we found that directly extending the anchor-based represen-
tation to dynamic scenes is non-trivial. As shown in formula
(3), the Gaussian location  is related to the anchor location
x, scaling factor [, and offsets o. Simultaneously learning
changes {Az, Al, Ao} to model Gaussian translations may
lead to suboptimal solutions, as there are numerous combi-
nations that can yield the same result. For convenience, we
assume that only offsets o and local feature vector f change
over time, while anchor location x and scaling factor [ re-
main constant. So each dynamic anchor has the following
parameters:

* an anchor location x (consistent over all timesteps),

* an anchor scaling factor [ (consistent over all timesteps),
¢ k Gaussian offsets o; for each timestep ¢,

* alocal feature vector f; for each timestep ¢.

Our BTC at timestep ¢ takes x as input and outputs the Gaus-
sian translations Ao and feature residuals A f relative to the
previous timestep. Then we can obtain the transformed an-
chors for ¢:

o = 0¢4—1 + Ao,

Fi= fo1+ A, ©)
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Saliency grid G

Transformation tri-plane P

Figure 3: Illustration of BTC. It consists of a high-resolution
transformation tri-plane and a saliency grid. The shallow
fully-fused MLP predicts the translations Ao and residuals
A f from the interpolated features.

where A f, as a high-dimensional feature vector, can provide
flexible property changes of Gaussians in the time domain,
including color, opacity, rotation, and scale. Furthermore,
the number of activated Gaussians can be adjusted dynam-
ically by opacity, allowing the model to handle emerging
objects.

4.3 Binary Transformation Cache

Motivation of the Binary Representation. A simple idea
for on-the-fly training is to directly finetune the previous
representation S;_; (¢ > 0). However, it suffers from slow
learning speed and high storage costs. 3DGStream (Sun
et al. 2024) pioneers the use of multi-resolution hash en-
coding and a fully-fused MLP derived from INGP (Miiller
et al. 2022) to predict the translations and rotations of Gaus-
sians between adjacent frames, achieving fast training and
high-quality reconstruction. Although hash tables help re-
duce the storage requirements for encoding the entire scene
to some extent, they still have a non-negligible model size.
To this end, we seek a more compact structure to accurately
model the transformations in the temporal domain. Moti-
vated by the success of BiRF (Shin and Park 2024) in static
scenes, we propose our highly compact Binary Transfor-
mation Cache (BTC) to model the translations and feature
residuals in the anchor. On the one hand, the binary repre-
sentation discards the expensive floating-point data, result-
ing in a great reduction in storage overhead. On the other
hand, its parameters are in a format of either +1 or —1, en-
abling easy and precise bit rate estimation, thus enabling the
joint optimization of rate and distortion during training.

Structure Design. Obviously, while binarization greatly
reduces storage requirements, it also diminishes the repre-
sentational capacity of features. To address this, a common
design (Shin and Park 2024; Chen et al. 2024a) for binary
grids in static scenes is a hybrid 2D-3D structure, leverag-
ing two types of features to enhance the expressive power.
However, this structure is not suitable for modeling transfor-
mations in dynamic scenes (32.29 dB drops to 31.89 dB in
Tab. 4). Since the dynamics are typically concentrated in cer-
tain areas, a large portion of low-resolution 3D grids strug-
gle to capture detailed changes. This not only impairs the



Figure 4: Visualization of (a) translations and (b) saliency
weights.

representation of high-resolution features but also leads to
inefficient use of storage. To attain a good trade-off between
effectiveness and compactness, we design a high-resolution
transformation tri-plane for precisely and accurately mod-
eling the changes in numerous anchors. Moreover, an ad-
ditional one-channel saliency grid is introduced to mitigate
hash collisions at high-resolution planes, further enhancing
the reconstruction quality of our BTC in a compact manner.

Fig. 3 shows the structure design of BTC. Given an anchor
at location z, we interpolate the transformation tri-plane P
and saliency grid G as follows:

fv = interp(z, P),

p = Sigmoid(interp(z,G)), ©

where Sigmoid operator is used to ensure 0 < p < 1. Then
a light-weight MLP is used to predict the transformation for
the anchor z:

Ao, Af =MLP(pfy), )

where Ao € RF*3 Af € RP represent the property
changes of k Gaussians. For two anchors =, x5 with hash
collisions in P, their saliency weights p1, ps enable different
inputs to MLP, thus mitigating negative effects of collisions.
We visualize Ao and p in Fig. 4. It shows that our BTC suc-
cessfully models hand movements, while the saliency grid
G tends to assign more attention to important regions in dy-
namic scenes, such as moving objects and object boundaries.

4.4 Rate-Distortion Optimization

To achieve the optimal rate-distortion performance at
timestep ¢ (¢t > 0), we calculate the weighted sum of the

rendering loss £§«t) and the entropy loss £S> as our supervi-
sion signals:

LG = £ 420, (8)
The rendering loss is used to ensure the reconstruction qual-
ity, which is calculated by:

LY =Ly + NssrmuLssru- )
For entropy loss, we count the occurrence frequency hy of
the symbol “+1” in our transformation tri-plane P to esti-
mate its bit consumption (Chen et al. 2024b):

LY = My x(—logy(hy))+M- x (= logy(1—hy)), (10)
where M, M_ represent the total counts of “41” and
“—17, respectively.

At timestep 0, we also introduce a context model (Chen

et al. 2024a) for compression to estimate the quantization
steps and probability distributions of anchor attributes.
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5 Experiments
5.1 Experimental Setup

We conduct experiments on three real-world dynamic scene
datasets as follows:

* Neural 3D Video (N3DV) (Li et al. 2022b) contains 6
dynamic scenes captured by a multi-view system of 21
cameras at a resolution of 2704 x 2028. Each multi-view
video consists of 300 frames. Following prior works (Sun
et al. 2024), we downsample the original videos by a fac-
tor of two for training and testing.

* Meet Room (Li et al. 2022a) contains 3 dynamic scenes
captured by 13 cameras at a resolution of 1280 x 720.
Each multi-view video also consists of 300 frames. Same
as the experiment setting of 3DGStream (Sun et al. 2024)
and StreamRF (Li et al. 2022a), we utilize 12 views for
training and reserve 1 for testing.

* VRU Basketball Game contains 2 dynamic scenes cap-
tured by 34 cameras at a resolution of 1920 x 1080. Each
multi-view video contains 250 frames. We utilize 30
views for training and reserve 4 for testing. The dataset
captures real basketball games, featuring many moving
basketball players with fast and large-scale movements,
posing challenges for dynamic modeling.

The whole framework starts with sparse points from SfM
at timestep 0. To obtain a high-quality and compact initial
representation, we train for 15K steps on the N3DV and
MeetRoom datasets, and for 30K steps on the VRU dataset.
For subsequent frames ¢ (¢ > 0), our transformation tri-
plane consists of 4-level 2D embeddings, whose resolutions
range from 512 to 4096 and feature dimension is 4. The size
of our one-channel saliency grid is 514 x 514 x 514. We im-
plement our transformation tri-plane and saliency grid using
binary hash encoding to reduce the storage cost. The maxi-
mum hash table size is 2!5. We train our BTC for 300 itera-
tions and control the storage size of each frame by adjusting
the weight parameter )\; in the loss function (set to 0.004 by
default).

5.2 Comparisons

We compare the proposed method with a range of represen-
tative methods. The experimental results of these offline and
online training methods are derived from their original pa-
pers. Tab. 1 and Tab. 2 present the averaged metrics over the
whole 300 frames for each scene in the N3DV dataset and
MeetRoom datasets, respectively. Offline training methods
use a single model to represent a group of frames, which
inherently offers a storage advantage over online methods.
As shown in Tab. 1, iFVC not only enables online train-
ing but also achieves higher rendering quality with compa-
rable or even smaller model size compared to offline meth-
ods. When compared to the state-of-the-art online training
method, 3DGStream, our framework slightly increases train-
ing and testing time but greatly reduces storage requirements
(by 86x on N3DV and 45x on MeetRoom) and improves
synthesis quality. For challenging scenes with large-scale
and complex motions in the VRU dataset, iFVC also demon-
strates higher rendering quality at lower storage costs (as
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33.73 dB /7.6 MB

Spacetime-GS 3DGStream

34.96 dB /0.1 MB

Ours Ground Truth

Figure 5: Qualitative comparisons on the coffee martini and sear steak scene in the N3DV dataset. For a fair comparison, we

retrain their codes with the same initial sparse points as ours.

PSNR?T Storage| Train/ Renderf
Methods (dB)  (MB) (mins) (FPS)
Offline training
K-Planes 31.63 1.0 0.8 0.15
HyperReel 31.10 1.2 1.8 2.00
Mix Voxels 30.80 1.7 0.3 16.7
TeTriRF 30.43 0.06 0.65 4.2
NeRFPlayer 30.69 17.1 1.2 0.05
4DGS 31.15 0.3 0.13 30
4DRotor-GS 31.62 - 0.2 277
Gaussian-Flow 32.00 - 0.14 -
Realtime-4DGS | 32.01 - - 114
Spacetime-GS 32.05 0.7 0.8 140
SaRO-GS 32.15 - - 40
Online training
StreamRF 30.68 31.4 0.23 8.3
3DGStream 31.67 7.8 0.20 215
iFVC 32.32 0.09 0.22 126

Table 1: Quantitative comparisons on the N3DV dataset.
Highlights are best and second best.

shown in Tab. 3). In general, the proposed iFVC achieves
high-quality synthesis, low storage costs, and supports on-
the-fly training and real-time rendering, primarily due to: (1)
the well-designed anchor-based coding framework, which
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PSNRT  Storage| Train] Render?

Methods ‘ (dB)  (MB)  (mins) (EPS)
StreamRF 26.72 9.0 0.17 10

3DGStream | 30.79 4.1 0.10 288
iFVC 3238 009 014 157

Table 2: Quantitative comparisons on the MeetRoom
dataset.

enables joint optimization of rate and distortion; and (2) the
compact and effective BTC design, which facilitates accu-
rate dynamic capture.

We provide qualitative comparisons of the state-of-the-art
online method 3DGStream and offline method Spacetime-
GS in Fig. 5. The proposed iFVC achieves competitive ren-
dering quality in both dynamic and static regions at lower
storage costs. Compared to 3DGStream, our method effec-
tively handles emerging objects (e.g., the coffee in Coffee
Martini scene) by learning feature residuals without adding
extra points or incurring additional storage overhead. For
more detailed experimental results, please refer to our sup-
plementary material.

5.3 Ablation Study

Design of Binary Transformation Cache. To validate the
effectiveness of our BTC, we explore different structures for
modeling dynamic changes as Tab. 4 shows, including (a)



Methods ‘PSNRT Storage|  Train]

(dB) (MB) (mins)
3DGStream 26.20 8.12 0.22
iFVC (500 iterations) | 29.55 0.16 0.59

Table 3: Quantitative comparisons on the VRU dataset.

Methods \ PSNR (dB) Storage (MB)
(a) NTC 32.29 7.60
(b) HBG 31.89 0.11
(c) BTP 32.24 0.12
(d) SA-BTP (BTC) 32.32 0.09

Table 4: Ablation study of BTC on the N3DV dataset.

Transformation | PSNR (dB)  Storage (MB)
(a) Af, Ao 32.32 0.09
(b) Af, Ao, Ax 32.03 0.20
(©) Af, Ao, Az, Al 31.76 0.21

Table 5: Ablation study of our dynamic anchor design on the
N3DV dataset.

Resolutions \ PSNR (dB) Storage (MB)
128, 256, 512, 1024 32.09 0.077
256, 512, 1024, 2048 32.25 0.087
512, 1024, 2048, 4096 32.32 0.092
1024, 2048, 4096, 8192 32.36 0.098

Table 6: Ablation study of tri-plane resolution on the N3DV
dataset.

Neural Transformation Cache from 3DGStream (NTC), (b)
Hybrid 2D-3D Binary Grids from BiRF (HBG), (c) Binary
Transformation tri-Plane in our framework (BTP), and (d)
Saliency-Assisted Transformation tri-Plane (SA-BTP). For a
fair comparison, we model subsequent frames based on the
same initial representation Sy and report the average met-
rics over the entire videos. Experiments (a) and (b) show
that the commonly used hybrid 2D-3D binary grid reduces
model size but leads to an unacceptable performance drop.
In contrast, the high-resolution tri-plane design allows for
more accurate modeling of dynamic changes, thus improv-
ing reconstruction quality (experiments (b) and (c)). Exper-
iments (c) and (d) show that an extra saliency grid not only
enhances reconstruction quality but also reduces model size.
The main reason is that the saliency grid improves the repre-
sentation capability of the transformation tri-plane by miti-
gating the negative effects of hash collisions, enabling more
compact modeling. In Fig. 6, we present the per-frame re-
sults on the coffee martini scene. Our BTC achieves compa-
rable per-frame reconstruction quality to NTC with an 86x
compression ratio, further demonstrating the effectiveness of
our design.
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Figure 6: Per-frame results on the coffee martini scene.

Design of Dynamic Anchors. We conduct experiments on
the N3DV dataset to evaluate our dynamic anchor design.
Experiment (a) in Tab. 5, which fixes anchor location x and
scaling factor [, achieves superior performance in rendering
quality and model size. As formula (3) shows, the Gaussian
location g is determined by z, [ and o. Simultaneously learn-
ing changes of these parameters to model Gaussian motions
is prone to falling into suboptimal solutions. This could ex-
plain the lower reconstruction quality of experiments (b) and
(c). In addition, the dynamic attributes that need to be mod-
eled in our BTC increase, leading to a larger model size in
(b) and (c¢).

Resolution of Tri-plane P. As shown in Tab. 6, we
evaluate the performance of our framework on the N3DV
dataset under transformation tri-planes at different resolu-
tions. Higher-resolution planes allow for more detailed mod-
eling of dynamic areas, enhancing rendering quality but in-
creasing storage requirements. However, as the resolution
increases, the improvements in rendering quality gradually
diminish and eventually reach a bottleneck, primarily due
to higher resolutions being more prone to hash collisions,
which negatively impact the representation capability.

6 Discussions and Limitations

In this paper, we propose iFVC, the first end-to-end
Gaussian-based compression framework for FVV stream-
ing, simultaneously achieving fast on-the-fly training, high-
fidelity synthesis, and real-time rendering at low storage
costs. Despite the superior performance, iFVC still has
some limitations, which will be explored in our future re-
search. Similar to other streamable reconstruction methods,
the quality of the initial representation is crucial to iFVC.
Additionally, to ensure training efficiency, we limit the num-
ber of iterations, which may result in poor fitting of large-
scale motions and cause error accumulation. Moreover, how
to further improve the reconstruction and compression per-
formance of dynamic scenes with large-scale and complex
motions deserves further investigation.
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