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Abstract—3D Gaussian Splatting (3DGS) has emerged as a
prominent technique with the potential to become a mainstream
method for 3D representations. It can effectively transform multi-
view images into explicit 3D Gaussian through efficient training,
and achieve real-time rendering of novel views. This survey aims
to analyze existing 3DGS-related works from multiple intersecting
perspectives, including related tasks, technologies, challenges, and
opportunities. The primary objective is to provide newcomers
with a rapid understanding of the field and to assist researchers
in methodically organizing existing technologies and challenges.
Specifically, we delve into the optimization, application, and
extension of 3DGS, categorizing them based on their focuses or
motivations. Additionally, we summarize and classify nine types
of technical modules and corresponding improvements identified
in existing works. Based on these analyses, we further examine
the common challenges and technologies across various tasks,
proposing potential research opportunities.

Index Terms—3D Representations, Rendering, 3DGS.

I. INTRODUCTION

HE advent of Neural Radiance Fields (NeRF) [1]] has
Tignited considerable interest in the pursuit of photore-
alistic 3D content. Despite substantial recent advancements
that have markedly enhanced NeRF’s potential for practical
applications, its inherent efficiency challenges have remained
unresolved. The introduction of 3D Gaussian Splatting (3DGS)
has decisively addressed this bottleneck, enabling high-quality
real-time (>30 fps) novel view synthesis at 1080p resolution.

Beyond its computational efficiency gains, 3DGS represents
a paradigm shift in neural rendering that bridges traditional geo-
metric reconstruction with neural implicit representations, while
its differentiable nature and controllable explicit representation
have profound implications for advancing various computer
vision tasks. This advancement not only aligns with the broader
trend in computer graphics towards continuous, lightweight
representations, but also enables practical applications across
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Fig. 1: The introduction of this survey, with the RED parts
indicating the new content compared to existing reviews.

diverse fields, from enhancing immersive environments in
VR/AR and improving spatial awareness in robotics, to
supporting urban planning and cultural heritage digitization.
This rapid development has quickly attracted researchers and
led to a proliferation of related works.

To assist readers in quickly grasping the progress in 3DGS
research, we provide a comprehensive survey of 3DGS and
its derivative works. This survey systematically compiles the
most important and recent literature on the subject, offering
detailed classifications and discussions of their tasks and
techniques. In examining the technological commonalities
across numerous 3DGS variants, we present a structured
analysis of technical improvements in fundamental components
of vanilla 3DGS, including Initialization, Attribute Expansion,
Splatting, Regularization, Training Strategy, Adaptive Control,
Post-Processing, Other Representations and Additional Prior.
Based on this summary of techniques, we aim to help readers
synthesize the connections among different improved tech-
niques and provide approaches to enhance various components
of vanilla 3DGS to meet their customized tasks. Moreover,
we conduct a systematic investigation into the relationships
between downstream tasks and their enabling technologies in
3DGS, identifying and analyzing four fundamental challenges,
including Suboptimal Data, Generalization, Physics Recon-
struction and Rendering, and Realness and Efficiency. Through
careful examination of these challenges, we propose promising
research directions to advance this rapidly evolving field,
providing a roadmap for future innovations in 3DGS. Although
some comprehensive reviews have documented recent advances
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in 3DGS [2]-[4], they focus on categorizing and discussing
existing works by downstream tasks, overlooking technical
connections between different tasks, which leads to redundant
discussions. Our work is distinctive in providing discussions at
two levels: Tasks and Techniques. Specifically, we categorize
and discuss existing downstream tasks according to their
different motivations or focuses, rather than reviewing all
works sequentially. More significantly, we present a thorough
examination of technical improvements implemented across
various modules of the vanilla 3DGS by existing variants,
enabling readers to establish clear relationships between
different research fields that share similar methodological
foundations. Building upon these, we further investigate the
their underlying commonalities and delineate core challenges
and opportunities, as shown in Fig. [I] Through this approach,
we aim to synthesize recent technical breakthroughs and direct
researchers’ attention to the core unique challenges facing
3DGS. Moreover, we have published an open-source project
on GitHub that compiles 3DGS-related articles, and will
continue to add new works and technologies into this project.
https://github.com/qqqqqqy0227/awesome-3DGS.

II. PRELIMINARIES

3DGS [5] combines the advantages of neural implicit field
and point-based rendering methods, achieving the high-fidelity
rendering quality of the former while maintaining the real-time
rendering capability of the latter. As shown in Fig. [2] the
initialized 3DGS is projected onto the image plane through
splatting, and through the supervision of regularization terms
and adaptive control, the relevant attributes in 3DGS can be
continuously optimized until it has the ability to represent the
entire 3D space. Specifically, 3DGS defines points in the point
cloud as 3D Gaussian primitives with volumetric density:

G(x) = exp <—;(w)TE_1(ac)>, (1)
where ¥ is the 3D covariance matrix and « is the position
from the point (Gaussian mean) p. To ensure the semi-positive
definiteness of the covariance matrix, 3DGS reparameterizes
the covariance matrix as a combination of a rotation matrix R
and a scaling matrix S: ¥ = RSST RT | where the 3D scaling
matrix S can be represented by a 3D vector s, and the rotation
matrix R is obtained through a learnable quaternion g, resulting
in a total of 7 learnable parameters. Compared to the commonly
employed Cholesky decomposition, which guarantees the semi-
positive-definiteness of matrices, the reparameterization method
utilized by 3DGS, albeit introducing an additional learnable
parameter, facilitates the imposition of geometric constraints
on Gaussian primitives (e.g., constraining the scaling vector to
give Gaussian primitives a flattened characteristic). In addition
to geometric attributes, each Gaussian primitive also stores an
opacity « and a set of learnable Spherical Harmonic (SH) to
represent view-dependent appearance. Thus, the collection of
all primitives can be regarded as a discretized representation
that only stores the non-empty parts of the neural field.

At the beginning of training, the initial Gaussian primitives
are either initialized from a sparse point cloud provided by
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Fig. 2: Pipeline and Technologies of 3D Gaussian Splatting.
Structure-from-Motion or randomly initialized. The initial
number of Gaussian primitives may be insufficient for high-
quality scene reconstruction; hence, 3DGS offers a method
for adaptively controlling Gaussian primitives. This method
evaluates whether a primitive is "under-reconstructed” or "over-
reconstructed” by observing the gradient of each Gaussian
primitive’s position attributes in view space. Based on this
evaluation, the method increases the number of Gaussian
primitives by cloning or splitting the primitives to enhance
scene representation capability. Additionally, the opacity of all
Gaussian primitives is periodically reset to zero to mitigate
the presence of artifacts during the optimization process. This
adaptive process allows 3DGS to start optimization with a
smaller initial set of Gaussians, thus alleviating the dependency
on dense point clouds that previous point-based differentiable
rendering methods required.

During rendering, 3DGS projects 3D Gaussian primitives
onto the 2D imaging plane using the EWA splatting method
[6] and employs « blending to compute the final pixel color.

III. OPTIMIZATION OF 3D GAUSSIAN SPLATTING
A. Efficiency

Efficiency is one of the core metrics for evaluating 3D
reconstruction [/]]. In this section, we describe it from three
perspectives: storage, training, and rendering efficiency.

1) Storage Efficiency: 3DGS requires millions of different
Gaussian primitives to fit the geometry and appearance in a
scene, leading to high storage overhead: a typical reconstruction
of an outdoor scene often requires several hundred megabytes
to multiple gigabytes of explicit storage space. Given that
the geometric and appearance attributes of different Gaussian
primitives may be highly similar, storing attributes for each
primitive individually can lead to potential redundancy. Some
quantitative reconstruction results are reported in Table [I}

Existing works [8]|-[10] primarily focus on applying Vector
Quantization [11] (VQ) techniques to compress 3DGS. Among
them, Compact3D [9] applies VQ to compress different
attributes into four corresponding codebooks and stores the
index of each Gaussian in these codebooks to reduce the
storage overhead. After establishing the codebooks, the training
gradients are copied and backpropagated to the original non-
quantized Gaussian parameters via the codebooks, updating
both the quantized and non-quantized parameters, and discard-
ing the non-quantized parameters when the training is done.
Despite achieving efficient 3DGS compression, these methods
inevitably encounter quantization errors following discretization
and remain sensitive to hyperparameter configurations.

Furthermore, some works [12], [13] aim at developing
efficient pruning strategies. LightGaussian [13]] introduces a
Gaussian pruning strategy based on the global significance score
and a distillation strategy for high-degree spherical harmonic
parameters. Similarly, the work by Lee et al. [[12] introduces
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TABLE I: Comparison of compression on MipNeRF360 [[18].

Method PSNR?T SSIM?T LPIPS|  Size (MB)l
3DGS 2749 0.813 0.222 744.7
Scaffold-GS [14] 27.50 0.806 0.252 253.9
HAC [17] 27.53 0.807 0.238 15.26
Compact-3DGS [19] 27.08 0.798 0.247 48.80
EAGLES (8] 27.15 0.808 0.238 68.89
LightGaussian [13] 27.00 0.799 0.249 44.54
Gaussian-SLAM |16 26.01 0.772 0.259 23.90
Compact3d |9 27.16 0.808 0.228 50.30

a learnable mask to reduce the number of original Gaussians.
Such methods heavily rely on determining which primitives are
non-essential. Furthermore, there are works [[14]—[17]] focused
on improving efficient Gaussian representations or attributes.

Scaffold-GS [14] designs anchors and additional attributes
for efficient representation, which have the capability to convert
to 3DGS. Based on this representation, Scaffold-GS proposes a
set of strategies for the growth and pruning of anchors on multi-
resolution voxel grids. Despite their widespread implementation,
these approaches face inherent compression limitations due
to their unstructured characteristics, which HAC [17] later
mitigated through the incorporation of structured hash grid.

2) Training Efficiency: DISTWAR [20] introduces an ad-
vanced technique aimed at accelerating atomic operations
in raster-based differentiable rendering applications, which
typically encounter significant bottlenecks during gradient
computation due to the high volume of atomic updates. By
leveraging intra-warp locality in atomic updates and addressing
the variability in atomic traffic among warps, DISTWAR
implements warp-level reduction of threads at the SM sub-
cores using registers. These strategies enable DISTWAR to
achieve an average 2.44x acceleration in performance.

3) Rendering Efficiency: Real-time rendering is one of the
core advantages of Gaussian-based methods. Some works
that improve storage efficiency can simultaneously enhance
rendering performance, for example, by reducing the number of
Gaussian primitives. Several studies [21], [22] have specifically
addressed this issue. After training the 3DGS, the work by [21]]
involves pre-identifying and excluding unnecessary Gaussian
primitives through offline clustering based on their spatial
proximity and potential impact on the final rendered 2D image.
Furthermore, this work introduces a specialized hardware
architecture designed to support this technique, achieving a
speedup of 10.7x compared to a GPU.

B. Photorealism

Photorealism is also a topic worth attention [23]]. 3DGS is
expected to achieve realistic rendering in various scenarios.
Some [24]-[26] focus on optimizing under vanilla settings.
Among them, GaussianPro [24] introduces an innovative
paradigm for joint 2D-3D training. Building upon the 3D
plane definition and patch matching technology, it proposes
a progressive Gaussian propagation strategy, which harnesses
the consistency of 3D views and projection relationships to
refine the rendered 2D depth and normal maps. Although
these methods demonstrate superior capabilities in handling
artifacts and 3D inconsistencies compared to 3DGS, further
exploration is still needed for complex geometric reconstruction.
To further mitigate this issue, the work [27] introduces a
scalable and efficient N-dimensional Gaussian Mixture Model
for fast, accurate high-dimensional modeling without domain-

specific heuristics or sacrificing computational efficiency but is
limited by its reliance on dense data and conservative culling.

The sharp decline in multi-scale rendering performance
is also a topic worth attention [28[]-[31]]. Mip-splatting [29]],
addressing the issue from the perspective of the sampling rate,
introduces a Gaussian low-pass filter and 2D Mip filter based on
Nyquist’s theorem to constrain the frequency according to the
maximal sampling rate across all observed samples. Then, to
address the over-smoothing issue [29], Analytic-Splatting [31]]
proposes a method that analytically approximates the integral of
2D Gaussian signals within pixel window through a conditioned
logistic function. While it enhances detail fidelity, it comes at
the expense of efficiency.

Other works attempt to reconstruct challenging scenes,
such as reflective surfaces [32]-[37] and Deblurring [38]-
[41]. GaussianShader [32] reconstructs reflective surfaces by
employing a hybrid color representation and integrating the
specular GGX [42] and normal estimation module, which
encompasses diffuse color, direct specular reflection, and a
residual color component that accounts for phenomena such
as scattering and indirect light reflections. Although these
methods effectively manage complex reflective surfaces, they
unavoidably sacrifice computational efficiency relative to vanilla
3DGS. Recently, the work [35] proposes a deferred shading
method for 3DGS, which overcomes the challenge of normal
estimation for environment map reflection and demonstrates
enhanced efficiency by propagating accurate normals across
neighboring Gaussians and per-pixel shading in screen space.
And, existing deblurring approaches predominantly focus on
motion blur or lens defocusing [38]-[40], introducing blur
process modeling to enable sharp reconstruction supervised
by blurred images. To address a wider range of scenarios,
BAGS [41] introduces a Blur Agnostic robust modeling by a
Blur Proposal Network and coarse-to-fine optimization scheme.

C. Generalizable 3DGS

The 3DGS’s explicit representation has led to a substantial
body of works focused on using reference images to directly
infer corresponding Gaussian primitives on a per-pixel
basis, which are subsequently employed to render images
from target views [43], [44]. To achieve this, early works
such as Splatter Image [43]] propose a novel paradigm for
converting images into Gaussian attribute images. MV Splat [45]]
proposes representing the cost volume using plane sweeps
in 3D space and predicting the depths in sparse reference
inputs, precisely locating the centers of Gaussian primitives.
While demonstrating generalization ability, this technique’s
application is limited by its restricted synthesis range and the
emergence of distractor-data. Subsequent works, FreeSplat [46]]
and DGGS [47]], address these limitations through Pixel-wise
Triplet Fusion strategy and distractor-free training and inference
paradigms, respectively. Most recently, G3R [48] extends
generalizable 3DGS to dynamic scenes, achieving generalized
dynamic scene reconstruction through extra LiDAR data.

Furthermore, some studies [49], [50]] focus on introducing
triplane to achieve generalization capabilities , which infers
Gaussian attributes by querying triplane features. Recent
works [51]], [52]] seek to extend similar paradigms to large-scale
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TABLE II: Comparison to works for Body Reconstruction.
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3D datasets, utilizing transformer-based architectures to enable
direct 3D asset inference from sparse image inputs.

D. Sparse Views Setting

Reconstructing from sparse inputs presents significant chal-
lenges, wherein the methodology of 3DGS is fundamentally
analogous to that of NeRF [53]], [54], which aim to develop
novel regularization strategies and integrate supplementary
information, such as depth data or Diffusion model [55]-
[[62]]. Specifically, the incorporation of depth data is crucial
for 3DGS as an explicit representation, alleviating the model’s
demand for spatial comprehension under sparse inputs. And
multi-view trained diffusion models also can provide important
prior knowledge for expanding sparse views into refined dense
information. Nevertheless, these methods typically depend
on the diffusion models’ ability to preserve 3D consistency.
Additional regularization is commonly achieved through in-
corporating explicit spatial distribution rules or pseudo-views
supervision. In addition to these common methods, some studies
have focused on the initialization and optimization strategy.
GaussianObject [[63] introduces an initialization strategy based
on Visual Hull and an optimization method using distance
statistical data to eliminate floaters.

IV. APPLICATIONS OF 3D GAUSSIAN SPLATTING
A. Human Reconstruction

1) Body Reconstruction: Body reconstruction mainly fo-
cuses on reconstructing deformable human avatars from multi-
view or monocular videos [72], as well as providing real-time
rendering. We list comparisons of recent works in Tab. [[I]

Most works [64], [[66]-[69] prefer to use well-preconstructed
human models like SMPL [73] or SMPL-X [74] as strong
prior knowledge. Nevertheless, SMPL is limited to introducing
prior knowledge about the human body itself, thus posing
challenges for the reconstruction and deformation of outward
features such as garments and hair. For the reconstruction of
outward appearance, HUGS [66] utilizes SMPL and LBS only
at the initial stage, allowing Gaussian primitives to deviate
from the initial mesh to accurately represent garments and hair.
Then, some studies project the problem space from 3D to 2D,
thereby reducing complexity and introducing well-established
2D networks for parameter learning [70], [[71]. Among them,
ASH [70] generates a motion-related template mesh via a
deformation network and predicts Gaussian parameters through
a 2D network using a motion-related texture map derived from
this mesh. These methods are often limited by the difficulty
of isolating clothing from the reconstructed 3DGS.

2) Head Reconstruction: In the domain of human head
reconstruction, the works [75]]-[79], following the prevalent
approach of utilizing SMPL as a strong prior, incorporates
FLAME [80]] meshes to provide geometric guidance or coarse
reconstruction for 3DGS, achieving superior rendering quality.
However, Gaussian Head Avatar [81] challenges the conven-
tional use of FLAME meshes and LBS for facial deformation,
arguing that these simplified linear operations are inadequate
for capturing intricate facial expressions. As an alternative,
it introduces an MLP-based approach that directly predicts
Gaussian displacements during the transition from neutral to
target expressions, enabling high-resolution head rendering at
up to 2K resolution. And then, the works [[82]], [83]] replace
FLAME-based initialization with geometric guidance derived
from signed distance field and DMTet. Several works [84], [85]]
focus on rendering efficiency, achieving frame rates exceeding
300 FPS. For downstream tasks, various studies [86]—[88] seek
to integrate audio for controlling dynamic head reconstruction,
thereby achieving audio-visual synchronization.

3) Others: 3DGS has introduced solutions in other human-
related areas [[89], [90]]. GaussianHair [89]] focuses on the
reconstruction of human hair, using linked cylindrical Gaussian
modeling for the strands. Additionally, some research [91]]-[93]]
have explored the integration of 3DGS with generative models.

B. Artificial Intelligence-Generated Content (AIGC)

1) Text to 3D Objects: Extensive existing research endeavors
to utilize the superior generative capabilities of 2D generative
models to achieve coherent 3D content creation. Benefiting
from reduced dependency on extensive 3D training data, Score
Distillation Sampling-based paradigms garnered significant
attention in early research [94]. Some works [95]—[98]] focus
on improving the framework to apply score distillation loss
to 3DGS. Building upon Score Distillation Sampling (SDS),
DreamGaussian [95] ensures the geometric consistency of the
generated models by extracting explicit Mesh representations
from the 3DGS and refines texture in the UV space to enhance
the quality of the renderings. However, the mode-seeking
paradigm of score distillation frequently leads to oversatura-
tion, excessive smoothing, and lack-detail in the generated out-
comes [99]-[103]]. Among them, LucidDreamer [[100]] addresses
the challenges of over-smoothing and insufficient sampling
steps inherent in traditional SDS. Using deterministic diffusion
trajectories and interval-based score matching mechanisms, it
achieves superior quality and efficiency.

To further mitigate the inherent limitations of SDS, several
works [[104]-[108]] seek to leverage video or multi-view
generative models to obtain more data for reconstruction.
Although these approaches introduce direct prior guidance for
3D generation, the inherent lack of guaranteed 3D consistency
in both multi-view and video generation still leads to instability
in reconstruction. To enhance the efficiency of 3D asset
generation, works [[109]—[111]] aim to generate using only feed-
Jorward networks without the need for scene-specific training.
BrightDreamer [[109] predicts positional offsets following fixed
initialization and employs a text-guided triplane generator to
process extracted textual features for predicting additional
3DGS attributes, achieving text-to-3D model conversion in
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77ms, albeit at the cost of some reconstruction quality. For
enhanced geometric detail control, SketchDream [112]] proposes
a framework for sketch-based text-to-3D generation and editing,
which integrates hand-drawn sketches and text prompts to
achieve fine-grained geometry and appearance control, enabling
high-quality 3D content creation and local editing through a
two-stage coarse-to-fine approach.

More directly, several works [[113[|-[116]] aim to incorporate
3DGS representations into 3D generative models. Among these,
L3DG [115]] proposes a latent diffusion framework for com-
pressed 3D Gaussian representation, achieving superior visual
quality and real-time rendering. However, these approaches
are inherently limited by the availability of 3D data, which
impacts their reconstruction capability for complex targets.

Some works [91]], [92], [117] also attempt to apply this
generative paradigm to areas such as digital human generation.
HumanGaussian [92] combines RGB and depth rendering to
improve the SDS, thereby jointly supervising the optimization
of the structural perception of human appearance and geometry.

2) Image to 3D Object: Similar to works on NeRF, recent
studies [118]-[120] have also focused on generating entire
3DGS from a single image. These approaches share funda-
mental similarities with text-to-3D object methods. As an
example, following a process similar to DreamGaussian [95]],
Repaint123 [[119] employs Zero-123 [[121] and SDS for coarse
3DGS, followed by a fine stage where mesh representation is
extracted and refined using depth-guided and visibility-aware
repainting on novel views for consistent 3DGS fine-tuning.

3) Multi-Object and Scene Generation: In addition to single-
object generation, multi-object and scene generation is more
crucial in most application scenarios.

Multi-Object Generation: Several studies [122[—[125]]
have explored the generation of multiple composite objects,
which not only concentrate on the individual objects but
also aim to investigate the interactions between multiple
objects. For predicting the interactions between multiple objects,
CG3D [122] leverages SDS and probabilistic graph models
extracted from text to predict the relative relationships between
objects and incorporates priors such as gravity and contact
relationships between objects, CG3D achieves models with
realistic physical interactions.

Scene Generation: Unlike object-centric generation, scene
generation typically requires the incorporation of additional
information, such as pre-trained depth estimation models [[126],
[127] or Large Language Models [[124f], [128]], where the
former provides spatial understanding for projecting images
into 3D space, while the latter enhances the quality of text
prompts. LucidDreamer? [126] employs a two-stage approach:
first initializing point clouds using text-to-image and depth
estimation models with inpainting [[129] for consistency, then
converting to 3DGS with extended image supervision.

4) 4D Generation: ~ Analogous to static scene generation
using text-to-image SDS, it is natural to consider that fext-to-
video SDS could potentially generate dynamic scenes [130]-
[135]. These works primarily focus on designing video-based
SDS losses or exploring hybrid supervision with T2I (Text
to Image) and T2V (Text to Video) models. As an example,
Align Your Gaussians [[130] adopts a two-stage approach: first

reconstructing static 3DGS using MVDream [[136] and text-
to-image supervision, then extending to 4DGS with text-to-
video guidance and simplified score distillation loss. Although
these methods are effective, the inherent limitations of the
aforementioned SDS-based paradigm persist. To mitigate
this issue, subsequent works focus on generating pseudo-
labeled images from additional views to facilitate dynamic
3DGS reconstruction [[137]-[140]. Among them, 4DGen [137]
generates multi-view pseudo-labels per frame, while employing
Hexplane’s [[141] multi-scale features to maintain temporal
consistency in 4DGS generation. Furthermore, some studies
focus on animating static canonical 3DGS [142], [[143] to
achieve better control. Among them, BAGS [[142] introduces
neural bones and skinning weights to describe the spatial
deformation based on canonical space. Using diffusion model
priors and rigid body constraints, BAGS can be manually
manipulated to achieve novel pose rendering.

C. Autonomous Driving

1) Autonomous Driving Scene Reconstruction: Reconstruc-
tion driving scenes is a challenging task, involving multiple
technical domains such as large-scale scene reconstruction,
dynamic object reconstruction, static object reconstruction,
and Gaussian mixture reconstruction. Existing works [144]—
[146] partitions the entire process into static background
and dynamic target reconstruction. DrivingGaussian [[144]]
reconstructs large-scale driving scenes by combining depth-
binned static 3DGS for background and dynamic Gaussian
graphs for multiple targets, utilizing multi-sensor data. Then
StreetGaussians [[145] extends this approach by incorporating
semantic attributes and employing Fourier transforms for
efficient SH temporal modeling in dynamic 3DGS. Subsequent
works [147]], aiming to further improve reconstruction effi-
ciency, attempt to directly reconstruct entire scenes by Tightly
Coupled LiDAR-Camera Gaussian Splatting. Moreover, 3DGS
have been applied to multimodal spatiotemporal calibration
tasks [148]]. By leveraging the LiDAR point cloud as a reference
for the Gaussians’ positions, 3DGS-Calib [[148] constructs a
continuous scene representation and enforces both geometrical
and photometric consistency across all sensors, achieving
accurate and robust calibration with improved efficiency
compared to NeRF-based works.

2) Simultaneous Localization and Mapping (SLAM): SLAM
is a key problem in robotics and computer vision, where a
device builds a map of an unknown environment while locating
itself within it. Some studies [[149[]-[154] have retained the
traditional inputs and approached this from two perspectives:
online tracking and incremental mapping. In early work,
GS-SLAM [149] utilizes 3DGS for SLAM with adaptive
primitive expansion and employs a coarse-to-fine optimization
strategy: first optimizing camera poses using sparse pixels,
then refining them through selective re-rendering of reliable
Gaussians. In parallel, Photo-SLAM [150] combines ORB
features [155] and Gaussian attributes in a Hyper Primitives
Map, utilizing LM optimization [[156] and loop closure [155] for
photorealistic SLAM reconstruction. While these approaches
achieve higher efficiency than NeRF-based methods, further
optimization of computational performance is essential for real-
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TABLE III: Comparison of 3DGS-SLAM on Replica [163].

Method PSNR?T SSIM{T LPIPS] Tracking RMSE|
GS-SLAM [164 3427 098 0.08 0.50
Photo-SLAM [T50] 3496 094 0.6 0.60
SplaTAM [151] 3411 097 0.10 0.36
GS-ICP SLAM |[154] 38.83 098  0.04 0.16
MotionGS [165] 39.60 098  0.04 0.49
LoopSplat [166 3663 099 0.11 0.26

world deployment. Therefore, CG-SLAM [[153] leverages an
uncertainty-aware 3D Gaussian field and a GPU-accelerated
framework, achieving superior efficiency. Then, RGBD GS-ICP
SLAM [154] enhances efficiency by integrating G-ICP [157]
with shared covariances and scale alignment techniques for
faster convergence. However, these methods remain susceptible
to sensor noise in practical applications. Some quantitative
reconstruction results are reported in Table [ITI]

Incorporating scene understanding capabilities is equally
crucial in SLAM tasks [[158]-[160]], thus prompting several
works to integrate semantic information. Among them, SGS-
SLAM [158]] employs multi-channel geometric, appearance,
and semantic features for rendering and optimization and
proposes a keyframe selection strategy based on geometric and
semantic constraints to enhance performance and efficiency.

Additionally, there are several works focusing on related
issues such as localization [161] and navigation [162].
Specifically, 3DGS-ReLoc [161] leverages LiDAR initialization
and 2D voxelized submaps with KD-tree for efficient memory
usage, while achieving precise localization through feature-
based PnP optimization. In the context of indoor navigation,
GaussNav [162] focuses on the instance image navigation task.
Based on reconstructed 3DGS maps, GaussNav proposes an
image target navigation algorithm, achieving impressive per-
formance through classification, matching, and path planning.

V. EXTENSIONS OF 3D GAUSSIAN SPLATTING

A. Dynamic 3D Gaussian Splatting

1) Multi-view Video Inputs: Some works [167], [168]
attempted to directly construct dynamic 3DGS frame by
Jrame. An early work [167] extends 3DGS to dynamic
scenes by enabling temporal Gaussian motion while preserving
static attributes. It employs online temporal reconstruction
with previous-frame initialization and incorporates physical
priors, including local rigidity, local rotational-similarity, and
long-term local-isometry, for motion regularization. Despite
promising results, these methods are limited to reconstructing
only scene elements visible in the initial frame. To address this
limitation, other works [169], [170] aim to achieve such per-
formance by predicting deformations. SWAGS [169] proposes
a window-based 4DGS with flow-guided adaptive window
division and dynamic MLP optimization, employing inter-
window consistency loss for seamless temporal reconstruction.

2) Monocular Video or Multi-view Image Inputs: Some
works [171]]-[177]] tend to divide into two stages: canonical
reconstruction and deformation prediction. The studies [[171]],
[172] reconstruct static 3DGS and predicts temporal defor-
mation in terms of positions, rotations and scales through
position-time encoding. Similarly, 4D-GS [173|] introduces the
multi-scale HexPlane [141] as the foundational representation
to encode temporal and spatial information. To further decouple

TABLE IV: Comparison of Dynamic 3DGS on D-NeRF [|190].

Method PSNR?T SSIM{T LPIPS] Trainl FPST
K-Planes [NeRF-based] 3107 097 002 S54min 1.0
Deformable3DGS [171] 3931 099 001 26min 8545
CoGS 191 3790 0983 0.027 -
SC-Gs [181] 4331 0.997 0.0063 -
GauFRe 172 345 098 002 13mins 112
DeformabledDGS [173] 3299 097 005 13min  104.00
RealTime4DGS [183 3271 097 003 10min 289.07
4DRotorGS [184] 3426 097 003 5min  1257.63

motion and shape parameters in 4D-GS, ST-4DGS [176]
introduces a spatial-temporally consistent 4DGS framework
that incorporates motion-aware shape regularization and spatial-
temporal density control to learn compact 4D representations.
Although these methods achieve stable performance, they strug-
gle to handle abrupt motions and sudden object appearances.

Instead of discrete offsets, exploring temporally continuous
motion can promote smoothness in the time dimension [178]-
[181]]. Gaussian-Flow [[180]] aims to develop a representation
capable of fitting variable motion by analyzing the advantages
and disadvantages of polynomial [179], [[182] and Fourier series
fitting [[178]. It then proposes a dual-domain deformation model
with adaptive time-step scaling and temporal-rigid constraints
for stable and continuous motion prediction.

Recent works aim to extend 3DGS to 4D space for dynamic
3D scenes representation. Among them, the work [[183]] achieves
end-to-end 4D training by jointly modeling spatial-temporal
variables with 4D Gaussian primitives, incorporating 4D
rotation, scaling, and temporal-aware spherical harmonics for
color variation. Similarly, the work [184] introduces a rotor-
based 4DGS representation with eight-component rotation de-
composition, enabling temporal slicing for dynamic objects and
enforcing 4D consistency through a dedicated loss. Although
these approaches demonstrate robustness in complex scene
reconstruction, the compressibility of their representations
remains a notable consideration. Quantitative reconstruction
results are reported in Table

B. Surface Representation

Although 3DGS enables highly realistic rendering, extracting
surface representations remains challenging. In this line of
works, Signed Distance Functions are an indispensable
topic [185]-[188].In early work, SuGaR [185]] proposes an
idealized SDF to constrain Gaussian surface alignment, en-
abling efficient mesh extraction through Poisson reconstruction
and optional mesh-guided Gaussian refinement for high-quality
results. Similarly, 3DGSR [187] integrates neural implicit
SDF with 3DGS through a differentiable SDF-to-opacity trans-
formation, maintaining consistency between volumetric and
3DGS-derived depth properties. Another line of research [[186],
[188] focuses on jointly optimizing NeuS [[189] and 3DGS
for surfaces. However, these methods exhibit limitations in
handling unbounded scenes and computational overhead.

Other studies [192]-[195] aim to address this issue by
improving 3DGS representation. The work [[192] proposes
Gaussian Surfels with depth-normal consistency loss and volu-
metric cutting for improved surface reconstruction, followed by
screened Poisson mesh generation. Similarly, 2D Gaussian
Splatting [[194] (2DGS) replaces 3DGS with planar disks
to represent surfaces, which are defined within the local
tangent plane. Then, Gaussian Opacity Fields (GOF) [[193]
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are developed based on 3DGS, wherein 3DGS is normalized
along the ray to form a 1DGS for volume rendering. Although
these methods achieve precise geometry reconstruction, they
inevitably compromise rendering fidelity and face challenges
in handling semi-transparent surfaces.

C. Editable 3D Gaussian Splatting

1) Manipulation by Text: To address this challenge, the
existing works can be classified into two distinct categories. The
first type introduces the score distillation loss. These methods
require editing prompts as additional conditions to guide the
editing process [196]], [[197]]. GaussianEditor [196] enables
semantic-controlled 3DGS editing through SDS, utilizing hier-
archical 3DGS and anchor loss for stability, while incorporating
2D inpainting guidance for object manipulation. Following
Dreamgaussian, GSEdit [[197] uses the pre-trained Instruct-
Pix2Pix [198]] model instead of the image generation model for
SDS. However, such methods remain constrained by pre-trained
diffusion models, particularly when handling complex editing
prompts. The second type focuses on editing multi-view images
before reconstructing. GaussianEditor? [[199] employs multi-
modal, language, and segmentation models to locate editable
regions from text inputs, then optimizes targeted Gaussians
based on 2D-edited images. However, this paradigm introduces
an intuitive problem: how to ensure consistency in multi-view
editing [200], [201]. GaussCtrl [200] introduces a depth-guided
image editing network, ControlNet [202], utilizing its ability
to perceive geometry and maintain multi-view consistency in
the editing network. It also introduces a latent code alignment
strategy in the attention layers, ensuring that the edited multi-
view images remain consistent with the references.

Unlike editing methods for 3DGS, recent discussions have
increasingly focused on editing 4DGS. Recent work, Con-
trol4D [203] leverages 4D GaussianPlanes to structurally
decompose four-dimensional space, ensuring spatiotemporal
consistency through Tensor4D representation, while incorpo-
rating a super-resolution GAN-based 4D generator [204] that
learns from diffusion-generated edited images. However, it
remains challenged on non-rigid movements.

2) Manipulation by Other Conditions: In addition to text-
controlled editing, existing works have explored 3DGS editing
methods under various conditions, such as mixed condi-
tions [205]] and points [206]. TIP-Editor [205] enables fine-
grained 3DGS control through text, reference image, and
location inputs, utilizing stepwise 2D personalization and
coarse-fine editing strategies to support diverse tasks like object
insertion and stylization. And Point’n Move [206] enables
object-level editing through point annotations, utilizing a dual-
stage process of segmentation, inpainting, and recomposition,
which demonstrates improved control capability. Recent re-
search [207] has introduced a training-free 3DGS splitting
paradigm that achieves editing plane control by formulating
it as a constrained minimization problem, preserving visual
fidelity through moment conservation while mitigating Gaussian
overflow via an analytically derived closed-form solution.

3) Stylization: In the realm of style transfer for 3DGS, early
explorations have been made by [208]]. Similar to traditional
style transfer works [209]], this work designs a 2D stylization

module on the rendered images and a 3D color module on the
3DGS. By aligning the stylized 2D results of both modules,
this approach achieves multi-view consistent 3DGS stylization
without altering the geometry.

4) Animation: As described in Sec. [V-A] some dynamic
3DGS works, such as SC-GS [[181]], can achieve animation
effects by animating sparse control points. AIGC-related works,
such as BAGS [142], aim to utilize video input and generation
models to animate existing 3DGS. Similar research has also
been mentioned in the context of Human Reconstruction.
Additionally, CoGS [191]] discusses how to control animation.
Based on dynamic representations [[167]], [171], it uses a
small MLP to extract relevant control signals and align the
deformation of each Gaussian primitives.

D. Relightable

Relightable 3DGS has also emerged as one of the recent
challenges gaining significant attention. Decoupling texture
and lighting represents a common approach in relighting tasks.
In early work, Relightable 3D Gaussian [210] and GS-IR [211]]
represent scenes using points with normal, BRDF, and decom-
posed lighting attributes for relighting. However, these methods
face challenges in handling reflective scenes. Therefore, follow-
up work [32] introduce accurate normal estimation and residual
color terms to effectively model view-dependent reflections and
complex lighting interactions. To address limitations in complex
materials like semi-transparent volumes and furs, OLAT-
GS [212] decomposes observed color into the attenuated light
intensity, received incident illumination and scattering value.
And then, GS® [213]] combines spatial and angular Gaussians
with a triple splatting process to model geometry and reflectance
properties, incorporating neural networks for self-shadowing
and global illumination. Despite their capability in handling
challenging geometry and appearance, further exploration is
needed for transparent materials and indirect lighting.

E. Semantic Understanding

Endowing 3DGS with semantic understanding capabilities
allows for the extension of 2D semantic models into 3D space,
thereby enhancing the model’s comprehension in 3D environ-
ments. This can be applied to various tasks such as 3D detection,
segmentation, and editing. Many works attempt to leverage pre-
trained 2D semantic-aware models for extra supervision on
semantic attributes [214]—[217]. Feature 3DGS [215] leverages
pre-trained 2D models to create joint 3DGS and feature fields,
enabling spatial understanding through feature rasterization and
regularization for downstream promptable tasks. However, these
approaches remain constrained by multi-view consistency and
open-world perception challenges. Subsequent research [218]],
[219] aims to incorporate contrastive learning losses as auxiliary
supervision to achieve interactive 3D segmentation.

Others focus on incorporating text-visual alignment fea-
tures for open-world understanding [220]—[222]. A significant
challenge is the high dimensionality of CLIP features, which
makes direct training and storage difficult compared to original
Gaussian attributes. The work [220] introduces corresponding
continuous semantic vectors into the 3DGS by extracting and
discretizing dense features from CLIP [223]] and DINO [224],
which are used to predict semantic indices m in Discrete

Authorized licensed use limited to: MICROSOFT. Downloaded on March 14,2025 at 17:22:38 UTC from IEEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Circuits and Systems for Video Technology. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2025.3538684

JOURNAL OF KIEX CLASS FILES, VOL. 14, NO. 8, SEPTEMBER 2024

Position
Attributes
Attributes

Rotation
Attributes

‘!"Z:’;Z:'st Additional Attributes
Stf/e thr{bu‘te nTemﬁaral
5‘H D/‘sc.retz -Infe.rrzd

Gaussian Weight Other

Fig. 3: Overview of Attribute Expansion Strategies.

Feature Space by MLPs as in VQ-VAE [225]]. Subsequently,
FMGS [222] mitigates the issue of large CLIP feature dimen-
sions by introducing multi-resolution hash encoders [226].

Opacity

F. Physics Simulation

Recent efforts aim to extend 3DGS to simulation. Based
on the "what you see is what you simulate" philosophy, Phys-
Gaussian [227]] reconstructs a static 3DGS as the discretization
of the scene to be simulated, and then incorporates continuum
mechanics theory along with the Material Point Method [228]]
solver to endow 3DGS with physical properties. Similar
approaches have also been explored in PhysDreamer [229].
Nevertheless, these physics-based simulations typically entail
significant computational overhead. VR-GS [230] design an
efficient interactive simulation system for VR, offering users a
rich platform for 3D content manipulation.

VI. 3DGS COMPONENTS AND IMPROVEMENTS
A. Initialization

Proper initialization has been shown to be crucial, as it
directly affects the optimization process [231]]. The initialization
of 3DGS is typically performed using sparse points derived
from Structure-from-Motion (SfM) or through random genera-
tion. However, these methods are often unreliable, especially
under weak supervision signals.

Combining pre-trained models is an optional approach. Pre-
training a 3D model on a limited number of 3D samples and
using it as an initialization prior is a viable strategy [50]. This
approach can enhance the performance of initialization to some
extent, although its effectiveness is contingent upon the data
used. To address this limitation, pretrained 3D generative mod-
els [96], [97], [101] or monocular depth estimation models [61]],
[126], [[127] are also introduced for initialization. Based on
these, the work [96] also introduces some perturbation points
to achieve a more comprehensive geometric representation.

Improving initialization strategies is also important. Based
on the analysis of the role of SfM in capturing low-frequency
signals within the spectrum, Sparse-large-variance initialization
is designed to effectively focus on the low-frequency distribu-
tion identified by SfM [231].

Utilizing other representations can also enhance initializa-
tion capabilities. By determining the Local Volumes from a
coarse model, a small number of Gaussians are initialized
within each volume, thereby avoiding excessive assump-
tions [232f]. Similarly, some initialization based on Visual
Hull [63]], Flame [77]] or Mesh [79], [212], [233| are proposed,
enabling the acquisition of structural geometric priors.

Discussion: The incorporation of pre-trained or structured
information during the initialization of 3DGS is crucial, as
high-fidelity initialization can mitigate training instabilities,

particularly in under-determined scenarios. However, excessive
reliance on improving initialization performance inevitably
sacrifices efficiency, and depending on different downstream
tasks, this is related to what is discussed in Sec. and
Sec. Therefore, reducing the impact of initialization on
the reconstruction process remains a potential challenge.

B. Attribute Expansion

The original attributes of 3DGS include the position, scale,
rotation, Spherical Harmonic (SH) coefficients, and opacity
value. Some works have extended these attributes to make
them more suitable for downstream tasks. It can be categorized
into improvements of existing attributes or the introduction of
novel attributes, as shown in Fig.

1) Improving Attributes: Certain attributes of vanilla Gaus-
sian can be custom-tailored, thereby making 3DGS suitable
for a wider range of tasks.

Scale: By collapsing the z-scale to zero and incorporating
additional supervision on depth, normal, or shell maps, the
works [24], [91]], [[185]], [192], [[194] aim to improve Gaussian
primitives to make them flatter and more suitable for surface
reconstruction, where z direction can be approximated as
the normal direction. Conversely, a scale constraint, which
limits the ratio of the major axis length to the minor axis
length [[148]], [227]], [234], ensures that the Gaussian primitives
remain spherical to mitigate the issue of unexpected plush
artifacts caused by overly skinny kernels.

SH: By combining hash grids and MLP, the corresponding
color attributes are encoded, effectively addressing the storage
issues caused by a large number of SH parameters [12].

Opacity: By constraining the transparency to approach either
0 or 1, thereby minimizing the number of semi-transparent
Gaussian primitives, the works [32], [[185] achieve clearer
Gaussian surfaces, effectively alleviating artifacts.

Gaussian: By introducing shape parameters, an attempt is
made to replace the original Gaussians with a Generalized
Exponential Family (GEF) mixture [[15]. Traditional 3DGS
can be viewed as a special case of the GEF mixture (5 = 2),
enhancing the representational efficiency of Gaussians,

2) Additional Attributes: By adding new attributes and cor-
responding supervisions, the original representation capabilities
of 3DGS can be augmented.

Semantic Attributes: By introducing them and correspond-
ing supervision, works such as [[145], [[146]], [158]-[160], [215],
[218]], [219], [235]] are endowed with enhanced spatial semantic
awareness, which is crucial for tasks such as SLAM and editing.
After the semantic attributes’ splatting, the 3DGS’s semantic
attributes are supervised using 2D semantic segmentation maps.
Additionally, methods to improve the extraction of semantic
information [206] and introducing high-dimensional semantic-
text, such as CLIP and DINO features [220]-[222], have been
employed to address a wider range of downstream tasks. Similar
to semantic attributes, the identity encoding attributes can group
3DGS that belong to the same instance or stuff [214]], which
is more effective for multi-object scenes.

Attribute Distributions: Learning position distributions
with reparameterization techniques instead of a fixed value
is an effective approach to prevent local minima [99] and
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mitigate its reliance on Adaptive Control of 3DGS [44]. In
addition to these works focusing on the distribution prediction
of position attributes, the distribution of the scale has also been
incorporated [99]. By sampling the predicted distributions,
Gaussian primitives can be obtained.

Temporal Attributes: Replacing the original static attributes
with temporal attributes is key to animating the 3DGS [13§]],
[145], [183]], [184]. For 4D attributes, including rotation, scale,
and position, existing works render 3DGS on timestep ¢ by
either taking time slices [[184] or decoupling the ¢ dimension
from 4D attributes [[138]], [183]]. Also, the introduction of 4D
SH is crucial for time-varying color attributes. For this, the
Fourier series is typically used as the adopted basis functions
to endow SH with temporal capabilities [145]], [183]]. Note
that due to involving different timesteps, these attributes often
require video-based training. This regularization primarily aims
to improve attributes in Gaussian primitives [24]], [79], [[123],
[227], [234], as in Sec. [VI-B]

Displacement Attributes: They can describe the relationship
between the final and initial attributes in Gaussian primi-
tives and be classified based on their condition. Condition-
independent displacement attributes are often used to refine
coarse attributes, which can be directly optimized in the
same manner as other attributes [43]]. Condition-dependent
displacement attributes can describe the changes of static 3DGS,
thereby achieving dynamic representations and controllable
representations. This approach often involves introducing a
small MLP to predict displacement based on timestep ¢ [[171]]—
[173]], expression and other control signals [39]], [69], [75],
(78I, [82[I-[85]I, [191]].

Physical Attributes: They encompass a broad range of
properties describing the physical laws governing Gaussian
primitives, thus endowing 3DGS with more realistic repre-
sentation. For instance, shading-related attributes like diffuse
color, direct specular reflection, residual color, shadow, and
anisotropic spherical Gaussian can be used for specular
reconstruction and relighting [32]]-[34], [[174], [212]], [213]].
Additionally, the velocity attributes can represent the transient
information of Gaussian, essential for describing dynamic
objects [175]. These attributes are typically optimized by
considering the influence of physical laws at specific rendering
positions [32], [34]], [[174] or by incorporating supplementary
information, such as flow maps [[175].

Discrete Attributes: Utilizing discrete attributes in place
of continuous ones is an effective method for compressing
high-dimensional representations and representing complex
motion. This is often achieved by storing the index values
of the VQ codebook [8[]]-[10], [12], [115] or the motion
coefficient for motion basis [179] as the discrete attributes in
Gaussian primitives. However, discrete attributes inevitable lead
to performance degradation; combining them with compressed
continuous attributes may be a potential solution [220].

Inferred Attributes: These attributes do not require opti-
mization; they are inferred from other attributes. The Parameter-
Sensitivity attributes reflects the impact of parameter changes
on reconstruction performance and are represented by the
gradient of the parameter, guiding compression clustering [10].
The Pixel-Coverage attributes determines the relative size of

Gaussian primitives at the current resolution. It is related to
the horizontal or vertical size of the Gaussian primitives and
guides their scale to meet sampling requirements in multi-scale
rendering [_28].

Weight Attributes: They rely on structured representations,
such as Local Volumes [232], Gaussian-kernel RBF [181]],
Mesh [233], and SMPL [236], to determine the attributes of
query points by calculating the weights of structured points.

Other Attributes: The Uncertainty Attributes can help
maintain training stability by reducing the loss weight in areas
with high uncertainty [57], [220]. The ORB-Features Attributes,
extracted from image frames [155]], play a crucial role in
establishing 2D-to-2D and 2D-to-3D correspondences [[150].

Discussion: The modification of Gaussian attributes facil-
itates the execution of a wider range of downstream tasks,
offering an efficient approach as it obviates the need for
additional structural elements. Moreover, the integration of
new attributes with supplementary information constraints also
has the potential to significantly enhance the representational
efficacy of the original 3DGS. For instance, semantic attributes
can, in certain scenarios, yield more precise object boundaries.
Note that adding new attributes, while endowing 3DGS with
new capabilities, also leads to increased storage requirements,
as discussed in Sec. Therefore, reasonable compression
and additional regularization are necessary.

C. Splatting

The role of Splatting is to efficiently transform 3D Gaussian
primitives into high-quality 2D images, ensuring smooth,
continuous projections and significantly improving rendering
efficiency. As a core technology in traditional computer
graphics, there are also efforts aimed at improving it from
the perspectives of efficiency and performance.

Several studies focus on enhancing splatting mechanisms.
By addressing projection errors caused by local affine ap-
proximation, the work [237] proposes an Optimal Projection
Strategy, projecting each Gaussian radially onto a tangent plane
determined by the line from the Gaussian mean to the camera
center. To implement this, a Unit Sphere-Based Rasterizer
is introduced, avoiding dense point sampling and enabling
adaptability to various camera models such as fisheye and
panoramic cameras. Subsequently, unlike traditional 3DGS,
which samples Gaussian signals only at pixel centers, Analytic-
Splatting [31]] analytically approximates the Gaussian integral
over the entire pixel area using a conditioned logistic function.
By diagonalizing the covariance matrix, it efficiently handles
2D Gaussian integrals, enabling accurate pixel intensity re-
sponse and robust anti-aliasing across varying resolutions. To
enhance 3DGS performance in complex scenarios, a GPU-
accelerated ray tracing algorithm is introduced [238]] for semi-
transparent particle-based representations, achieving real-time
rendering with support for complex effects such as secondary
rays, depth of field, and distorted cameras.

Additional improvements focus on optimizing splat ordering
during the blending process. Unlike traditional global sorting
in 3DGS, which causes depth inconsistencies during camera
rotation, StopThePop [26] proposes a hierarchical per-pixel
sorting strategy, which eliminates popping artifacts and ensures
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view-consistent real-time rendering by accurately computing
the depth of Gaussians along individual rays. With up to 50%
fewer Gaussians, StopThePop achieves 1.6x faster rendering
and 2x memory savings compared to 3DGS, while maintaining
comparable quality and superior view consistency.
Discussion: Existing research on the advancement of
Splatting techniques remains limited, and current approaches
struggle to balance rendering performance with efficiency in
complex scenes while being constrained by various camera
models. Therefore, further discussion remains essential.

D. Regularization

Regularization is crucial for 3D reconstruction. We cate-
gorize the regularization terms into 2D and 3D regularization,
as shown in Fig. ] The 3D regularization directly constrains
3DGS, while the 2D regularization imposes constraints on the
rendered images, thus influencing attribute optimization.

1) 3D Regularization: The 3D regularization has garnered
significant attention due to its intuitive constraint capabilities.
These efforts categorized based on their targeted objectives into
individual Gaussian primitive, local, and global regularization.

Individual Gaussian Primitive Regularization: This reg-
ularization primarily aims to improve attributes in Gaussian
primitives [24], [[79], [[123], [227]], [234], as Sec.

Local Regularization: Owing to the explicit representation
of 3DGS, it is meaningful to impose constraints on Gaussian
primitives within local regions. Such constraints can ensure the
continuity and feasibility of Gaussian primitives in the local
space. Physics-related Regularization is often used to ensure the
local rigidity of deformable targets, which includes short-term
local-rigidity loss, local rotation similarity loss, and long-term
local isometry loss. Short-term local rigidity implies that nearby
Gaussians should move following a rigid body transformation
between time steps; Local rotation similarity enforces that
adjacent Gaussian primitives have the same rotation over time
steps; Long-term local isometry loss prevents elements of the
scene from drifting apart [130], [[132], [167]], [174], [179], [181],
[191]], [232]]. Subsequently, some works have also adopted
similar paradigms to constrain local rigidity [[142], [176], [[180].

In addition to rigidity loss, there are some Local Consistency
Regularization that aim to constrain the Gaussian primitives
within local regions to maintain similar attributes, such as
semantic [214], [216], [220], position [122], [[137], time [180],
frame [169]], normal [239], weight [36] and depth [55]], [61].

Global Regularization: Unlike the local regularization
within neighboring regions, global regularization aims to
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constrain the overall 3DGS. Physics-related Regularization
introduces real-world physical laws to constrain the state of
3DGS, including gravity loss and contact loss, among others.

Benefiting from the explicit representation, depth and normal
attributes can be directly calculated and constrained during
training, particularly for surface reconstruction tasks. Depth-
Normal Regularization achieves depth-normal consistency by
comparing the normal computed from depth values with
the predicted normal [32], [[187]], [[192], [[193]]. This method
enforces constraints on both normal and depth simultaneously.
Additionally, directly constraining either the normal or the
depth is also feasible. Normal Regularization often adopts a
self-supervised paradigm due to the lack of direct supervision
signals, which can be implemented by designing pseudo-
labels from gradients [[186], the shortest axis direction of
Gaussian primitives [32], or SDF [187], [188]]. Similarly,
Depth Regularization adopts a similar approach; however, it
not only aims for accurate depth values but also seeks to
ensure clear surfaces in 3DGS. Depth Distortion loss [18]]
aggregates Gaussian primitives along the ray. In addition to
self-supervised methods, incorporating additional pre-trained
models to estimate normal [[192] and depth [33], [56], [58],
[240] has proven to be more effective in Normal Regularization
and Depth Regularization. SDF Regularization is also a
constraint strategy for surface reconstruction. It achieves the
desired surface by constraining the SDF that corresponds to
3DGS to an ideal distribution [185]—[188]], [241]].

2) 2D Regularization:  Unlike the intuitive constraints in
3D, 2D regularization is often used to address under-constrained
situations where original loss functions alone are insufficient.

SDS loss: An important example is the SDS loss, which
uses a pre-trained 2D diffusion model to supervise 3DGS
training via distillation paradigms [95]], [196]. This approach
extends to distill pre-trained 3D diffusion models [242], multi-
view diffusion models [243]], image editing models [198]], and
video diffusion models. Introducing 3D [96], [244] and multi-
view diffusion models [112], [119], [[123]], [130]-[132], [137]
enhances geometry and multi-view consistency. Image editing
models [197]] enable controllable edits, while video diffusion
models [[130] support dynamic temporal scene generation.
Additionally, distillation on multi-modal images, like RGB-
Depth [92], also holds potential, providing more constraints
from pre-trained diffusion models. Some improvements specifi-
cally target inherent issues in SDS [100], [102]. Interval Score
Matching is proposed to address issues of randomness and
single-step sampling. Introducing Negative Prompts [245] is
a method [92]], [[100], [244] to mitigate the impact of random
noise € and enhance stability by replacing random noise with
negative prompts [€4(@¢; Yneg)]. And, LODS incorporates LoORA
terms [246] to replace traditional random noise e, thereby
alleviating the impact of out-of-distribution [102].

Flow loss: It is a commonly used regularization term for
dynamic 3DGS and uses the output of a pre-trained 2D optical
flow estimation model as ground truth. Predicted flow is
rendered by calculating the displacement of Gaussian primitives
over a unit time and splatting these 3D displacements onto a
2D plane [132], [146], [176], [[178]]. However, this approach
has a significant gap since optical flow is a 2D attribute and
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susceptible to noise. Selecting Gaussians with correct depth
and introducing uncertainty through KL divergence to constrain
optical flow is a potentially feasible method [175].

Other loss: There are also some 2D regularization terms
worth discussing. For example, constraining the differences
in amplitude and phase between the rendered image and
the ground truth in the frequency domain can serve as a
loss function to aid training, thereby alleviating overfitting
issues [25]. Introducing pseudo-labels for hypothetical view-
points through noise perturbation can assist training in sparse-
view settings [56]]. In large-scale scene mapping, constraining
the changes in attributes before and after optimization can
prevent catastrophic forgetting in 3DGS [247]]. Additionally,
bundle adjustment is usually an important constraint in pose
estimation problems [149], [150], [[159].

Noted that, whether 2D or 3D regularization is used, overall
updating is sometimes suboptimal due to the large number
of primitives. Some primitives often have an uncontrollable
impact on the results. Therefore, it is necessary to guide the
optimization by selecting important primitives using methods
such as visibility [151]], [158]], [160], [[162].

Discussion: The incorporation of regularization terms serves
as an effective approach to enhance the reconstruction per-
formance of 3DGS. These regularization terms can impose
constraints on various attributes of 3DGS, including geometry
and spatial distribution, etc., in accordance with specific task
requirements. Furthermore, in under-determined scenarios, the
optimization process can be further constrained by introducing
additional prior information, as discussed in Sec. Given
the varying effectiveness of regularization terms across different
tasks and conditions, it is methodologically viable to select and
simultaneously integrate multiple complementary constraints
for a specific task-oriented optimization.

E. Training Strategy

Training strategy is also an important topic. In this section,
we divide it into multi-stage training strategy and end-to-end
training strategy, which can be applied to different tasks.

1) Multi-stage Training Strategy: Multi-stage training strat-
egy is a common training paradigm, often involving coarse-
to-fine reconstruction. It is widely used for under-determined
tasks, such as AIGC, SLAM, etc..

Using different 3D representations in different training stages
is a typical multi-stage training paradigm. 3DGS — Mesh
(training 3DGS first, converting to Mesh, then optimizing
Mesh) [95], [L10], [119], [131], [197], [244] ensures geometric
consistency in the generated 3D model. Additionally, generating
multi-view images [[104], [118], [138]], [199]-[201], [244] in
the first stage to aid reconstruction in the second stage can
alleviate optimization difficulties.

Two-stage reconstruction for static and dynamic recon-
struction is also important in dynamic 3DGS. This type of
work typically involves training a time-independent static
3DGS in the first stage, and then training a time-dependent
deformation field in the second stage to characterize dynamic
Gaussians [171]-[174], [178]], [203]]. Additionally, incremental
reconstruction of dynamic scenes frame by frame is also a

focus in some works, often relying on the performance of
previous reconstructions [167], [168].

In multi-objective optimization tasks, multi-stage training
paradigms can enhance stability and performance. For example,
the coarse-to-fine camera tracking strategy first obtains a coarse
camera pose from a sparse pixel set, then refines it based on
optimized rendering results [149], [[161].

Additionally, some works aim to refine the 3DGS trained
in the first stage [50], [63]], [96], [101], [[112], [205], [216],
[232] or endow them with additional capabilities, such as
semantics [[162]], [217]] and stylization [208]. There are many
such training strategies, which are also effective in maintaining
training stability and avoiding local optima [[13]]. Furthermore,
iterative optimization of the final result to enhance performance
is also feasible [[60f], [201].

2) End-to-End Training Strategy: These strategies are often
more efficient and can be applied to a wider range of
downstream tasks.

Progressive Optimization Strategy: This commonly used
strategy helps 3DGS prioritize learning global representations
before locally optimizing details. In the frequency domain, this
can be viewed as progressively learning from low-frequency to
high-frequency components. It is often implemented by gradu-
ally increasing the proportion of high-frequency signals [25]],
[231] or introducing progressively larger image/feature sizes
for supervision [8[], [34]], [150]], which can also improve effi-
ciency [41]], [148]]. In generative tasks, progressively selecting
the camera pose is also an easy-to-difficult training strategy,
optimizing from positions close to the initial viewpoint to those
further away [119]], [[127].

Block Optimization Strategy: This strategy is often used
in large-scale scene reconstruction to improve efficiency and
alleviate catastrophic forgetting [[152], [[161]], [162]. However,
such paradigms are often influenced by block partitioning
and training data selection. Consequently, several studies have
proposed designing Primitives and Data Division strategies
to mitigate workload imbalances caused by numerous empty
blocks, while enhancing detail reconstruction capabilities [248]].
To improve efficiency, introducing Level of Detail and hi-
erarchical reconstruction prove effective, especially in large-
scale scene processing [248]], [249]. It can also achieve
reconstruction by partitioning the scene into static backgrounds
and dynamic objects [144]]-[146], [172]. Additionally, this
approach is applied in AIGC and Semantic Understanding,
where refining submap reconstruction quality enhances overall
performance [101], [221]]. Unlike submaps divided by spatial
regions, Gaussians can be categorized into different generations
during their densification process, allowing for the application
of distinct regularization strategies to each generation, effec-
tively regulating their fluidity [[196]. Categorizing Gaussians
into those on smooth surfaces and independent points is also
feasible for geometric representation. By designing distinct
initialization and densification strategies, better representation
can be achieved [239]. Additionally, some works design
keyframe (or window) selection strategies based on inter-frame
covisibility or geometric overlap ratio in temporal data for
reconstructions [[149]], [151], [158], [[169], [234]], [247].

Robust Optimization Strategy: Introducing noise pertur-
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bations is a common method to enhance the robustness of
training [47]], [63[], [110], [171]. Such perturbations can target
camera poses, timesteps, and images, and can be regarded as a
form of data augmentation to prevent overfitting. Additionally,
some strategies mitigate catastrophic forgetting by avoiding
continuous training from a single viewpoint [[152], [154].

Distillation-based Strategy: To compress model parameters,
some distillation strategies use the original 3DGS as the teacher
model and a low-dimensional SH 3DGS as the student model,
introducing more pseudo views to enhance the performance of
the low-dimensional SH [13]].

Discussion: Improving training strategies is an efficient
way to optimize the training process of 3DGS and can
enhance performance in many tasks. While multi-stage training
strategies benefit from separately regularized training phases
that often lead to substantial performance gains, they typically
compromise efficiency. Consequently, promising future research
directions can be pursued through two primary avenues:
optimizing the efficiency of multi-stage training strategies and
enhancing the performance of end-to-end training approaches.

F. Adaptive Control

Adaptive Control of 3DGS is an important process for
regulating the number of Gaussian primitives, including cloning,
splitting, and pruning. In the following sections, we will summa-
rize existing techniques from the perspectives of densification
(cloning and splitting) and pruning.

1) Densification: Densification is crucial, especially for
detail reconstruction. we will analyze it from the perspectives
of "Where to densify" and "How to densify". Additionally, we
will discuss how to avoid excessive densification.

Where to Densification: Densification techniques focus
on identifying positions requiring densification, governed by
gradients in the original 3DGS and extendable to dynamic scene
reconstruction [168]]. Regions with low opacity, silhouette,
or high depth-rendered error, considered unreliable, guide
densification to fill holes or improve 3D inconsistencies [24],
[149], [162], [182], [[192], [247]. Some approaches improve
based on gradients by weighting the number of pixels covered
by each Gaussian in different views to dynamically average
view gradients, enhancing point cloud growth conditions [250].
Additionally, SDF value, motion masks and neighbor distance
are important criteria, with locations closer to the surface,
motion regions and lower compactness being more prone to
densification [96], [[176], [185]], [188]].

How to Densification: Numerous works have improved
densification methods. Graph structures explore Gaussian
relationships and define new Gaussians at edge centers based on
proximity scores, mitigating sparse viewpoint impacts [56]]. To
prevent excessive Gaussian growth, the Candidate Pool Strategy
stores pruned Gaussians for densification [[113]]. Additionally,
work [251]] introduces three conservation rules and employs
integral tensor equations for visual consistency.

Excessive densification is also unnecessary, as it directly
impacts the efficiency of 3DGS. In cases where two Gaussian
functions are in close proximity, limiting their densification is
a straightforward idea, where the distance between Gaussians

can be measured by Gaussian Divergent Significance [[118]]
(GDS) or Kullback-Leibler divergence [68]].

And DeblurGS [38]] incorporates a Gaussian Densification
Annealing strategy to prevent the densification of inaccurate
Gaussians during the early training stages at imprecise camera
motion estimation. Furthermore, in some downstream tasks,
densification is sometimes abandoned to prevent 3DGS from
overfitting to each image, which could lead to incorrect
geometric shapes [148]], [149], [151], [234].

2) Pruning: Removing unimportant Gaussian primitives can
ensure efficient representation. In the initial 3DGS framework,
opacity was employed as the criterion for determining the
significance of a Gaussian. Subsequent research has explored
the incorporation of scale as a guiding factor or distractor
masks for pruning [47], [92]. However, these approaches
primarily focus on individual Gaussian primitives, lacking
a comprehensive consideration of the global representation.
Therefore, subsequent derivative techniques are discussed.

Importance scores: The volume and hit count on training
views, along with opacity, can be used to jointly determine
the global significance score of a Gaussian primitive [[13]].
Subsequently, Gaussians are ranked according to their global
scores, and the ones with the lowest scores are pruned. Similar
importance scores were improved in other works [252], [253].

Multi-view consistency: Multi-view consistency is a key
criterion for determining whether Gaussians need to be pruned.
For example, [234] prunes newly added Gaussians that are not
observed by three keyframes within a local keyframe window,
while [[160] prunes Gaussians that are invisible in all virtual
views but visible in real views.

Distance Metric: Surface-aware methods often use distance
to the surface [[149] and SDF values [188|] to prune Gaussian
primitives far from the surface. The distance between Gaussians
is also a key metric [176]. GauHuman [68]] aims to merge
Gaussians with small scale and low KL divergence.

Learnable control parameter: Introducing a learnable mask
based on scale and opacity to determine whether Gaussian
primitives should be removed effectively prevents 3DGS from
becoming overly dense [|12].

Others: CoR-GS [62] aims to leverage mismatched regions
between two 3DGS models, trained in parallel under identical
conditions, as guidance for pruning.

Discussion: Adaptive Control strategies play a pivotal role
in enhancing rendering fidelity and computational efficiency.
However, excessive densification or pruning can adversely
affect both the efficiency and performance of 3D Gaussian
Splatting. Therefore, it is crucial to examine and establish an
optimal balance between these two strategic approaches.

VII. OTHER TECHNICAL DISCUSSIONS
A. Post-Processing

Post-processing strategies for pre-trained Gaussians are
important, as they can improve the original efficiency and
performance. Common post-processing often enhances Gaus-
sian representations through various optimization strategies.
This type of work has been discussed in Sec. [VI-E]

Representation Conversion: Pre-trained 3DGS can be
converted to Mesh using Poisson reconstruction [254] on
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sampled 3D points [[185], [192]. Similarly, GOF [193]] uses 3D
bounding boxes to convert 3DGS to a Tetrahedral Grid, then
extracts meshes using Binary Search of Level Set. Additionally,
LGM [110] converts Pre-trained 3DGS to NeRF, then uses
NeRF2Mesh [255]] for Mesh conversion.

Performance and Efficiency: Some works enhance 3DGS
performance in specific tasks through post-processing, such
as multi-scale rendering. SA-GS [30] introduces a 2D scale-
adaptive filter to dynamically adjust scales based on rendering
frequency, enhancing anti-aliasing when zooming out. For
efficiency, removing redundant Gaussian primitives from pre-
trained 3DGS [21]] or introducing a Gaussian caching mecha-
nism [256] can improve rendering efficiency.

B. Integration with Other Representations

The convertible nature of 3D representations facilitates the
integration of 3DGS with other representations, leveraging their
advantages to improve the original 3DGS.

1) Point Clouds: Point clouds, as a 3D representation related
to 3DGS, are often used to initialize positions. Converting
point clouds to 3DGS can effectively fill holes [126], [[127]]
or improve reconstruction details [114], typically after high-
precision reconstruction. Conversely, 3DGS can be converted
into point clouds, voxelized into 3D voxels, and projected
onto 2D BEV grids, which guide navigation tasks [162].
Additionally, anchor points in space can assist 3DGS. These
methods use voxel centers as anchor points to represent the
scene. Each anchor point comprises a local context feature,
a scaling factor, and multiple learnable offsets. By decoding
other attributes based on these offsets and features, the anchors
transform into local neural Gaussians, which helps mitigate
redundant expansion [14]], [34], [188].

2) Mesh: Meshes have better geometric representation
capabilities and can, to some extent, alleviate artifacts or blurry
pixels caused by 3DGS [170]. They are still the most widely
used 3D representation in downstream tasks [[110]. Much work
has discussed converting 3DGS to Mesh, as mentioned in
Sec. Once converted, they can be optimized for better
geometry and appearance [70]], [95], [131], [197]. Jointly
optimizing 3DGS and Mesh is also an optional strategy. 3DGS
is suitable for constructing complex geometric structures, while
Mesh can be used to reconstruct detailed color appearances on
smooth surfaces. Combining the two can enhance reconstruction
performance [[170] and large-scale deformation control [233].

3) Triplane: Triplane, known for its compactness and
efficient expressiveness [49], is often used in generalization
tasks. It consists of three orthogonal feature planes: X-Y, Y-
Z, and X-Z. Features can be obtained by querying positions
in the space, and subsequently decoded to predict Gaussian
attributes [49], [50], [66], [[109]. Recent works [137]], [[173]],
[176], [203]] extend triplane to 4D space (XY Z-T') using multi-
scale HexPlanes [141] or 4D GaussianPlanes [203]] to enhance
4DGS continuity in the spatiotemporal dimension.

4) Grid: Grid is also an efficient representation, as it
can access grid corners and interpolate to obtain features or
attributes at specific positions. Hash grid [226]], a representative
method, can compress scenes and achieve a more compact
and efficient 3DGS [12], [17], [69], [113]], [115], [148],
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[208]l, [222]. Furthermore, Self-Organizing Gaussian [16]] maps
unstructured 3D Gaussians onto a 2D grid to preserve local
spatial relationships, where adjacent Gaussians have similar
attribute values, reducing memory storage and maintaining
continuity in 3D space.

Particularly, GaussianVolumes are also used for generalizable
representations [[113]], where a volume is composed of a fixed
number of 3DGS. This maintains the efficiency of 3DGS and
offers greater manipulability compared to triplane.

5) Implicit Representation: Implicit representations, benefit-
ing from their representational capability, can be used to miti-
gate the condition difficulty and surface artifacts of 3DGS [90].
Specifically, introducing NeRF to encode color and opacity can
significantly enhance the representation’s adjustability [257].
Moreover, by designing an SDF-to-opacity transformation
function [187] or employing mutual geometry supervision [[18§]]
to jointly optimize 3DGS and SDF representations, the surface
reconstruction performance of 3DGS can be improved.

Discussion: Given the inherently unstructured characteristics
of 3DGS, the incorporation of structured representations
emerges as a viable prior, particularly advantageous for tasks
such as human body reconstruction, facilitating both cross-
representation transformations and geometric reconstruction,
thereby enabling enhanced performance in downstream appli-
cations. However, excessive reliance on other representations
leads to some degradation in rendering performance, potentially
due to their additional influence on the distribution of Gaussian
primitives. Therefore, investigating extra adaptive control
mechanisms emerges as one potential solution to this challenge.

C. Guidance by Additional Prior

When dealing with under-determined problems, such as
sparse view settings [[II-C| introducing additional priors is a
straightforward method to improve 3DGS performance.

Pre-trained Models: Introducing pre-trained models is an
effective paradigm that can guide the optimization through the
model’s knowledge. Pre-trained monocular depth models and
point cloud prediction models are a common type of priors,
where the predicted depth values and positions can be used
for the initialization and regularization [55]—[|57]], [|61]], [[126],
[[127]], [160]. Pre-trained 2D image (or 3D and video) generative
models are also important in some AIGC-related tasks. They
can be used not only for optimization in combination with
SDS Loss [96], [130], [244] but also for directly generating
(or editing) images for training [60], [[104], [126]], [127], [[138]].
Similarly, some works introduce pre-trained image inpainting
networks to alleviate difficulties caused by occlusion as well
as overlap [[119], [[126], [127], [[196], [206] or super-resolution
models for a high level of detail [127], [203] during the
generation process. Additionally, pre-trained ControlNet [202]]
or Large Language Models can also be used to guide 3D
generation. The former can enhance geometric consistency
under depth guidance [119], [[123]], [200], while the latter can
predict layout maps to guide spatial relationships in multi-object
3D generation scenarios [123]. Notably, certain pre-trained
models can endow 3DGS with additional capabilities, such as
semantic understanding models, as discussed in Sec. and
spatial understanding models [160].
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TABLE V: The Relationships among Challenges, Tasks, and Technological Improvement, where the first column represents the
core challenges, while the second and third columns denote the related downstream tasks and technological advancements.

Challenges Major Tasks

| Major Technological Improvements
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More Sensors: Due to the 3D-agnostic nature of 2D images,
reconstructing 3DGS can be challenging, especially in large-
scale reconstructions such as SLAM and autonomous driving.
Therefore, incorporating additional sensors for 3D information,
including depth [[152], [[154], [159], [[160], [247]], audio [86]—
[88]], LiIDAR [48], [[144], [[147], [148]], [161]], and optical tactile
sensors [57], has the potential to alleviate this issue.

Task-specific Priors: Some reconstruction tasks, such as
human reconstruction, target subjects with certain common
characteristics. These characteristics, such as template models
and Linear Blend Skinning, can be extracted as priors to guide
the reconstruction of similar targets. In the reconstruction,
animation, and generation of non-rigid objects, many works
utilize SMPL [73|] and SMAL [258] to provide strong priors for
representing the motion and deformation of non-rigid objects
like humans [64], [66], [68], [69], [92] and animals [142],
[236]. Subsequently, based on the SMPL template, Shell Maps
[259] and template meshes are also introduced in combination
with 3DGS to address issues of low efficiency in 3DGAN
[91]], [93]] and unclear geometry [70], [[71]. Similarly, in head
and face reconstruction and animation tasks, some works [76],
[81] also use the FLAME model [[80] as a prior. Linear Blend
Skinning [260] is also employed as prior knowledge to assist
in the prediction of 3DGS motion [81]], [[181]. Additionally, in
3D urban scene reconstruction tasks, HUGS [[146] introduces
the Unicycle Model to model the motion of vehicles, thereby
making the motion modeling of moving objects smoother.

Discussion: Accessible auxiliary information has the capabil-
ity to enhance the performance of 3DGS across numerous tasks,
serving as prior knowledge to facilitate spatial comprehension,
particularly in inherently ill-posed problems. Although certain
priors or sensors may lead to increased computational overhead
and costs, they have the capability to significantly enhance the
representational capacity of 3DGS.

VIII. CHALLENGES AND OPPORTUNITIES

The preceding discussion indicates that various 3DGS-related
tasks share similar technical approaches, which stems from
common challenges across different tasks. To provide readers
with a deeper understanding of this phenomenon, this section
examines the commonalities among different tasks, summarizes
four core challenges as well as their corresponding technical
solutions, and outlines future opportunities.

A. Interrelationships

We have extensively discussed various 3DGS-related tasks
in Sec[ll] Sec[IV] and Sec. [V] revealing common challenges
and techniques across these tasks. As illustrated in Tab[V] we
categorize existing tasks according to four core challenges,
demonstrating that solutions from different tasks can be mutu-
ally instructive. Furthermore, there are some interrelationships

between different tasks that have not been mentioned. For
instance, Surface Reconstruction techniques (Sec[V-B]) are often
referenced in the context of Editable 3DGS (Sec[V-C), etc. We
anticipate that this analysis will offer valuable insights for
future research endeavors in related tasks.

B. Suboptimal Data

Challenges. In real-world scenarios, collecting large volumes
of high-quality training data is often impractical. Without
access to 3D data and sufficient multi-view images, relying on
limited 2D image supervision is insufficient for accurate 3DGS
reconstruction. For example, inferring the back appearance
from only a frontal image is highly challenging. Additionally,
data quality is critical, as accurate poses and clear images
directly influence reconstruction performance.

Opportunities. An ideal 3DGS training process requires
sufficient high-quality data, but this is often excessively
challenging in practical applications. Although introducing
priors can mitigate this problem to some extent, optimizing a
large number of Gaussians under underconstrained conditions
remains difficult. A potential solution is to reduce the number of
Gaussian primitives based on their uncertainty while enhancing
the representational capacity of individual primitives [|15]. This
involves finding a trade-off between the number of Gaussians
and rendering performance, thereby improving the efficiency of
utilizing sparse samples. Then, poor-quality data should also be
taken into consideration. Unconstrained in-the-wild images are
a typical case, encompassing transient occlusions and dynamic
appearance changes, such as varying sky, weather, and lighting,
which have been extensively discussed in NeRF [263]-[265].
To enhance efficiency, existing works have addressed this issue
in the context of 3DGS [266], [267], attempting to model
appearance changes and handle transient objects. However,
their performance struggles, especially in scenes with complex
lighting changes and frequent occlusions. Thanks to the explicit
representation characteristics of 3DGS, decoupling geometric
representations and introducing geometric consistency con-
straints across different scenes is a promising approach to
mitigate instability during the training process.

C. Generalization

Challenges. Despite the improved training efficiency com-
pared to NeRF, the scene-specific training paradigm remains
a major bottleneck for the application of 3DGS. It is hard to
imagine having to train for each target or scene individually,
especially in multi-target and scene reconstruction (generation).

Opportunities. Although existing generalization-related
works can directly obtain scene representations through forward
inference, their performance is often unsatisfactory and limited
by the type of scene [43]], [45]], [49], [109]. We hypothesize
that this is due to the difficulty of feedforward networks in
performing the adaptive control of 3DGS, as also mentioned
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in [44]. In future research, designing a reference-feature-
based feedforward adaptive control strategy is a potential
solution, which can predict the positions requiring adaptive
control through reference features and be plug-and-play into
existing generalization-related works. Additionally, existing
generalization-related works rely on accurate poses, which
are often difficult to obtain in practical applications [262],
[268]], [269]. Therefore, discussing generalizable 3DGS under
pose-missing conditions is also promising [256].

D. Physics Reconstruction and Rendering

Challenges. Traditional 3DGS only considers static ren-
dering and neglects the laws of physical motion, which are
important in simulations [227]]. Additionally, Physically-based
rendering is a significant step towards applying 3DGS to
simulate the physical world and achieve more realistic effects.

Opportunities. Ensuring that the 3DGS’s motion adheres
to physical laws is essential for unifying simulation and
rendering [227]]. Although rigidity-related regularization have
been introduced, as described in Sec. most existing
works focus on animating 3DGS while neglecting the physical
attributes of the Gaussian primitives themselves (Sec. [V-A).
Some works attempt to introduce velocity attributes [[175] and
Newtonian dynamics rules [227]], but this is not sufficient
to fully describe the physical motion of 3DGS. A potential
solution is to introduce more physical attributes in Gaussian
primitives, such as material [211]], acceleration, and force
distribution, which can be regularized by priors from certain
simulation tools and physics knowledge. Physically-based
rendering is also a direction worth attention, as it enables 3DGS
to handle relighting and material editing, producing outstanding
inverse rendering results [210]. Future works can explore
decoupling geometry and appearance in 3DGS, conducting
research from the perspectives of normal reconstruction and
the modeling of illumination and materials [90], [211]], [270].

E. Realness and Efficiency

Challenges. Realness and efficiency challenges are funda-
mental issues. They are investigated in various works and have
been discussed in Sec. In this part, we discuss downstream
tasks and techniques optimized for performance and efficiency.

Opportunities. The difficulty in reconstructing clear surfaces
has always been a significant challenge affecting rendering
realism. As discussed in Sec.[V-B} some works have addressed
it by attempting to represent surfaces with planar Gaussians.
However, this can result in a decline in rendering performance,
possibly due to the reduced representational capacity of planar
Gaussian primitives or the training instability. Therefore, design-
ing Gaussian primitives better suited for surface representation
and introducing a multi-stage training paradigm along with
regularization are potential solutions. Storage efficiency is one
of the critical bottlenecks of 3DGS. Existing works focus on
introducing VQ techniques and compressing SH parameters, as
discussed in Sec. [[lI-AT} However, such approaches inevitably
affect performance. Therefore, exploring how to design more
efficient representations based on 3DGS is a potential way to
enhance efficiency [14], [15]] while maintaining performance.
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