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Abstract As hardware and information technology continually advanc e, virtual reality (VR) has permeated numerous sectors, wit h
applications becoming increasingly sophisticated. The ev olution of VR systems has expanded from the seminal 3| charac teristics|
immersion, interaction, and imagination|to encompass 6l, incorporating intelligentization, interconnection, and iteration. The intel-
ligentization of VR technology, an inevitable progression , has garnered heightened interest, particularly fueled by the emergence of
arti cial intelligence (Al) models and techniques like neu ral radiance elds, 3D Gaussian Splatting, neural renderin g, generative ad-
versarial networks, diusion models, and large language mo dels, which signi cantly propel the development of VR's cor e and pivotal
technologies. This survey o ers a comprehensive assessmen t of these pivotal VR technologies, harnessing the latest Al advancements,
aiming to provide fresh perspectives and assist new researc hers in staying abreast of groundbreaking work. We commence by detailing
the acquisition process of reviewed papers, outlining our t axonomy grounded in VR's core elements and pivotal technolo gical trajectories,
and statistically analyzing the works within. Subsequentl y, we delve into the application of Al models, methodologies , and techniques
across six research avenues: advanced Al-generated conten  t representation, content rendering, content generation, physical simulation,
virtual characters, and interaction, discussing their ach ievements. Concludingly, we summarize our ndings, highli ght existing challenges,
and suggest potential avenues for future research.
Keywords virtual reality, arti cial intelligence generated conten t, 3D Gaussian, avatar, physical simulation, interaction
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1 Introduction

As hardware computing power persists in growing, signi cant advarcements in arti cial intelligence (Al) technology
have ushered in breakthroughs across all elds of computer sciee. Researchers have harnessed Al's learning,
reasoning, and generative abilities in the realm of virtual reality (VR) and associated domains. In 2023, Zhadl]
noted that virtual reality has evolved from version 1.0 with 3l features (immersion, interaction, and imagination)
to version 2.0 with 6l features, with the newly added 3| features bag intelligentization, interconnection, and
iteration. Intelligentization encompasses intelligence in the creationand rendering of virtual content, physical
simulations, avatar modeling, and human-computer interactions. for example, the advent of arti cial intelligence
generated content (AIGC) has garnered widespread attentionseamlessly integrating natural language text, images,
and 3D data to swiftly produce high-quality 3D content. This provides a broader array of options for constructing
virtual characters/agents and realistic virtual scenes within VR environments. The implicit depiction of radiation
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elds and the revolutionary concept of neural rendering, epitomizd by the neural radiance eld (NeRF), harnesses
the full potential of Al's learning prowess, ushering in fresh persgctives on enhancing the rendering prowess of
VR hardware devices. Furthermore, data-driven deep learning mdels nd their niche in VR human-computer
interaction scenarios, encompassing human body tracking, motiorsickness anticipation, and attention analysis,
among others. These models provide invaluable assistance in re ninthe dynamics of human-computer interaction,
thus enhancing the overall VR experience.

The realm of intelligence in VR research spans a diverse array of disdipes. Several existing reviews encapsulate
the integration of Al and VR technologies across domains like medicin¢?], education [3,4], and industry [5], among
others. Additionally, there are reviews that narrowly concentrate on pivotal Al applications within VR, encompass-
ing realms such as advanced rendering technique6{[8], object/scene generation §{ 11], physical simulation [12,13],
virtual character development [14{19], and innovative interaction methodologies R0{23]. Hirzle et al. [24] con-
ducted a meticulous literature survey at the intersection of Al and extended reality (XR), meticulously organizing
and classifying the ndings. However, their endeavor primarily emphasized the compilation and categorization of
literature, abstaining from delving into the technical intricacies. Oliv eira et al. [25], on the other hand, presented a
comprehensive literature review speci cally targeting VR solutions leveraged by Al methods. Instead of categorizing
the literature, they o ered a holistic perspective, exploring the Al techniques that are most conducive to VR, the
industries adopting Al in VR-based applications, the advantages au constraints of this integration, the emerging
trends and opportunities it fosters, and the collaborative potential of Al and VR in facilitating smart manufacturing
and logistics. Nonetheless, there remains a notable gap in the literate, as there is a scarcity of review articles
that delve into and consolidate the solutions or optimization strateges brought forth by Al technologies rooted in
the core content and technological underpinnings of VR itself.

In this paper, we embarked on a meticulous selection and analysis of88 articles, with a focus on the 451
publications spanning the years 2018 to 2024, to provide an up-talate overview of the pivotal technologies at
the heart of integrating Al methods into VR. Our literature corpus was meticulously curated through a multi-
faceted approach, encompassing keyword-driven searches o@yle Scholar and ArXiv, targeted queries in esteemed
databases like IEEE Xplore, Association for Computing Machinery Digtal Library (ACM DL), and Springer, as
well as valuable recommendations from seasoned experts acrosgatse VR disciplines. After a rigorous assessment
of the quality and relevance of the retrieved literature, we meticulaisly organized and synthesized the ndings,
grouping them into distinct research directions within the realm of virtual reality. This structured approach allowed
us to present a comprehensive and nuanced understanding of theurrent state of research, highlighting the key
technologies and advancements that are driving the integration ofAl methods into VR applications.

Indeed, the organization of the selected articles into six distinct reearch directions|advanced Al-generated con-
tent representation, content rendering, content generation,physical simulation, virtual character, and interaction|
o ers a clear and comprehensive framework for examining the latastechnological advancements in VR, fueled by
Al theories and methodologies. Each of these directions showcasgroundbreaking achievements that underscore
the transformative impact of Al on VR applications. By presenting a summary of the current state of VR research
through an Al lens, our review paper aims to serve as a valuable resoce for a diverse audience. Researchers,
both established and those embarking on their VR journey will nd insights into the latest trends and challenges
in the eld. Graduate and undergraduate students aspiring to pursue VR research will bene t from synthesizing
cutting-edge technologies and their theoretical foundations. Egineers working on developing VR systems will gain
practical insights into how Al can enhance their designs and capabilies. Furthermore, individuals from related
elds, such as arti cial intelligence, game design, or human-compueér interaction, will also nd our review informa-
tive and inspiring, fostering cross-disciplinary collaboration and inno/ation. Lastly, our outlook on future trends in
VR research powered by Al o ers a glimpse into the exciting possibilities that lie ahead, inspiring readers to stay
abreast of the latest developments and contribute to shaping thefuture of this rapidly evolving eld.

In summary, in this Al for VR review, we have made the following contributions. (1) We have compiled the
latest research outcomes on integrating Al in VR, utilizing targeted keyword searches and expert recommendations
to ensure comprehensiveness. (2) We have methodically organizeshd categorized the interdisciplinary research
content, unraveling the intricate technical pathways from diverse yet interconnected hot topics. (3) We have distilled
the essence of existing Al-driven VR research, o ering a holistic ogrview and a forward-looking perspective on
emerging research directions.



Wang L L , et al. Sci China Inf Sci January 2026, Vol. 69, Iss. 1, 111101:3

Table 1 Searching source details.

Database Target Keywords
Collecting papers with high keyword ) _
Source 1 Google Scholar, arXiv relevance and relatively high (virtual reality OR scene
citation counts generation OR avatar OR
Collecting papers in high-quality agent OR simulation OR
I journals and conferences: ACM TOG interaction OR rendering
Source ACW Digtal Librany IEEE Xplore, IEEE TVCG , IEEE ISMAR, OR mesh OR model) AND
ouree PInge T et IEEE VR, SIGGRAPH, CHI, ACM MM, (arti cial intelligence OR
ress UIST, NeurlPS, CVPR, ICCV, deep leaming OR network
ECCV, AAAI, ICML, ICLR OR neural)
Source 3 Expert Experience Collecting important papers recommended

by experts in the eld

2 Methodology

In this section, we describe the scope of the literature survey, ta search methodology and the literature database,
and our evaluation methodology.

2.1 Scope

In this review, we will provide an overview of recent research in the eld of arti cial intelligence and deep learning
applied to VR, with a focus on new methods or optimization techniques so we start from what is involved in VR
systems and search for literature covering at least one of the eleents of virtual scenarios, virtual character, and
human-computer interactions, and we further classify them unde more speci ¢ elements.

2.2 Search process

Due to the broad scope of the VR domain, we searched Google Schotausing keywords covering VR, avatar, agent,
interaction, rendering, scene, and model. We then focused on wtteer search results included arti cial intelligence
technologies, using keywords such as Al, deep learning, networland neural. We also kept some of the highly
cited uno cial articles on arXiv 2 in the search results. Moreover, we searched the digital librariesfahe ACM
DL®, IEEE Xplore®, Springer Link®, Frontiers®, and MIT Press”. We selected these databases because they
cover major conferences like IEEE ISMAR and IEEE VR, as well as jornal articles like IEEE TVCG . Additionally,
signi cant contributions in virtual scene rendering and generation research can be found in arti cial intelligence
and computer vision journals and conferences such as CVPR, ICCVand NeurlPS. The team of authors of this
paper is also researchers in di erent directions of VR, and each adttor recommends some of the most classic or
latest research articles that are closely related to his/her reseath direction. Table 1 gives the source details of the
articles we cite.

We focus on relevant papers published between 2018 and 2024. Thismeframe represents the boom period of
Al research, and also comprehensively covers the crossover @gdopment stage between Al and VR.

2.3 Relevancy and quality assessment

We used some rules to evaluate the relevance and quality of the seded papers to Iter the references cited in this
paper.

Relevance assessmentTo ensure that the screened references are within the scope dfis review, we need to
assess the relevance of the collected literature by addressing tHellowing questions and keep the articles of high
relevance as the subject of review in this paper.

(1) Does the research in this article belong to a particular direction inthe VR eld?

(2) Does this article utilize new Al techniques to solve problems in the \R eld?

During the evaluation process, we found two issues that need attdion.

(1) Because in keyword search, di erent popularity and bias of keyvords may reduce the accuracy of search
results. For example, keywords such as \simulation" and \modeling" may retrieve results from other research areas.

1) https://scholar.google.com/.
2) https://arxiv.org/.

3) https://dl.acm.org/.

4) https://ieeexplore.ieee.org/.
5) https://link.springer.com/.
6) https://www.frontiersin.org/.
7) https://mitpress.mit.edu/.
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Figure 1 (Color online) Word cloud map of hot words in the titles of the reviewed papers.
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We need to ensure that the search results are not overly biased irafor of Al techniques themselves, and we also
need to exclude VR research based on traditional methods.

(2) Since we are using a combined search for virtual reality keyworsl and Al keywords, the search results also
include articles that utilize virtual reality technology to generate tr aining set data that can help Al train high-quality
models. Given the goals of this paper, we also needed to exclude afgs containing such content.

Quality assessment.After doing the relevance assessment, the quality assessment inty focuses on nding high-
quality and in uential articles on new theories and methods of using Al methods to solve problems in VR. In the
face of articles with similar research content, our selection priorityis: expert-recommended articles from Source 3
are preferred; papers published in authoritative journals/confeences in the relevant elds from Source 2 are second
because their academic rigor and authority have been veri ed; andastly, articles found in Google Scholar or arXiv
from Source 1 and with citation number greater than 10 are evalua¢d, because the content of these articles has
been paid attention to by a larger number of researchers.

Finally, a total of 485 papers were obtained through the search, @commendation, relevancy, and quality as-
sessment processes. We extracted the keywords in the titles ohése papers, counted the word frequencies, and
visualized the top 50 words as in Figurel. The top ten words and occurrences are: neural 77, learning 4™odel
43, NeRF 33, di erentiable 31, Gaussian 27, di usion 26, eld 24, netvork 24, deep 23.

Items need to be clari ed. (1) The counts of occurrences of NEURL and FIELD exclude the NEURAL RADI-
ANCE FIELD. (2) The counts of occurrences of LEARNING exclude the counts of MACHINE LEARNING and
DEEP LEARNING. (3) The counts of occurrences of MODEL exclude the counts of the large language model. (4)
The statistics of NeRF occurrences include NeRF and neural radiace eld. (5) The statistics of DEEP occurrences
exclude DEEP LEARNING. These high-frequency terms appearing inthe titles of the papers indicate hotspots for
research on Al models, methods, and techniques in VR.

3 Classi cation and statistics

Virtual scenes, virtual characters, and interactions are the mat important core elements of virtual reality systems.
These elements create a deep immersive experience that makes tsséeel like they are in a completely virtual
environment. Therefore, we will further categorize the tasks ofexisting Al applications in virtual reality from these
three perspectives: virtual scenes, virtual characters, and ieractions. Figure 2 gives a taxonomy of tasks related
to the core elements of virtual reality where Al algorithms are currently better applied. Due to the complexity of
the virtual scene, we divided it into four sub- elds and summarized the hot Al-related directions in each sub- eld.
Virtual scene. Virtual scene is the basis for creating an immersive virtual reality experience, usually a virtual
world created through computer graphics technology, computewision technology, etc. It can be a simulated real-life
scene or a completely imaginary environment. Arti cial intelligence applications in this domain include everything
from scene generation to rendering. We classify existing virtual sene tasks into four categories: (1) advanced
Al-generated content representation, (2) content rendering (3) content generation, and (4) physical simulation. In
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Figure 2 (Color online) Taxonomy of tasks.

scene representation, Al e ciently represents highly realistic scenes by constructing forms of complex environmental
features that can be learned and simulated with neural networks.This representation not only enhances the scene's
realism but also optimizes data storage and processing. In scenendering algorithms, Al optimizes the entire
rendering process by designing novel neural network architectes or data structures to accelerate the rendering
process and improve visual quality. In scene generation algorithmsAl utilizes techniques such as generative
adversarial networks and di usion models to understand and repoduce real-world environmental features by training
models. As a result, Al can generate realistic and detailed virtual emironments and automatically create new scenes,
thus reducing tedious and lengthy human overhead. Al creates mm accurate and realistic physics e ects in physics
simulation algorithms by introducing new parameter estimation and pattern-learning methods to make virtual
environments react more naturally.

Virtual character . Al plays a crucial role in the creation and behavioral simulation of virtual characters,
enhancing their realism and interactivity. We classify the applications of Al in virtual character development into
three categories: (1) motion generation, (2) avatar creation, ad (3) autonomous agent. In motion generation,
Al is used to interpret textual descriptions or to analyze audio inputs and generate corresponding movements
for virtual characters, creating dynamic and contextually appropriate animations, enabling virtual characters to
respond naturally to auditory stimuli and enhancing their interactiv ity. For avatar creation, Al-driven human
reconstruction techniques focus on accurately mapping the geoetric and texture details from real-world subjects,
ensuring that the virtual representations are detailed and true to life. This precise modeling lays the groundwork for
animatable avatars, which leverage Al to incorporate realistic animdions and versatile movements, thus facilitating
more engaging and personalized user interactions. In the area ofitonomous agents, Al is used in crowd simulation
algorithms to simulate the dynamic behaviors of large-scale virtual cowds, managing path planning and collision
avoidance to ensure the naturalness and logic of group movementé&dditionally, autonomous characters utilize Al
behavioral inference models to predict and interpret actions, enbling them to make reasonable responses based on
environmental changes and user inputs.

Interaction. Interaction is a pivotal element in user engagement with virtual cortent, functioning as the primary
interface through which the virtual world is experienced. Al's impact permeates a wide spectrum of user interaction,
from the recognition of user behaviors to the optimization of interection techniques and the enhancement of overall
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Table 2 Paper citations in sub-sections.

Section Category Refs.
REVIEW [1{ 29]
4.1 Neural radiance eld [30{ 34]
4.2 3D Gaussian [35{39]
5.1 Di erentiable rendering [40{61]
5.2 NeRF rendering [62{95]
5.3 3D Gaussian Splatting [96{ 111]
5.4 Material representation and operations [ 112{132]
55 Light transport computation [ 133{ 156]
5.6 Rendering post-process [157{181]
6.1 Generative models [182{191]
6.2 Object generation [192{ 242]
6.3 Scene synthesis [243{257]
7.1 Rigid-body simulation [258{ 263]
7.2 Soft-body simulation [264{ 281]
7.3 Fluid simulation [282{ 306]
7.4 Other physical simulation [307{ 316]
8.1 Motion generation [317{349]
8.2 Avatar creation [350{ 402]
8.3 Autonomous agent [403{ 422]
9.1 Behavior recognition [423{ 456]
9.2 Interaction optimization [457{473]
9.3 Perception analysis and enhancement [ 474{485]

perception within virtual environments. We explore Al's contributio ns across three critical areas: (1) behavior
recognition, (2) interaction optimization, and (3) perception analysis and enhancement. In behavior recognition, Al
utilizes advanced neural networks, such as convolutional neurahetworks (CNNSs), to precisely estimate and track
user movements, including those of the hands, eyes, and facial gressions. This capability allows the virtual system
to convert physical actions into meaningful digital inputs, fostering a more natural and responsive interaction with
the virtual environment. Additionally, machine learning algorithms ar e deployed to deduce users' intentions based
on their physical movements, thereby improving the accuracy andreliability of interaction inputs. In interaction
optimization, Al mainly employs reinforcement learning and neural neworks to enhance interaction methods within
the constraints of physical space and hardware limitations. Thesgechniques are meticulously designed to augment
the intelligence and immersion of user interactions, broadening the pssibilities within virtual environments and
making user interactions more seamless and intuitive. In perceptiomnalysis and enhancement, Al utilizes a diverse
array of contextual data, including sensor inputs and user behaiors, to model users' emotions and experiences.
This process is primarily driven by machine learning regression modelaush as support vector machines (SVM) and
random forests (RF). Through this analysis, Al enables the evaludion and optimization of virtual content quality,
resulting in more personalized and enriched experiences that are ely tuned to the unique needs and preferences
of individual users.

Based on the above taxonomy, we categorized our collection of 4§&pers in Table 2 [1{ 484 to facilitate readers’
quick access to papers relevant to the task of interest. Each cafgory in the table corresponds to the secondary
heading of our review. We also give a histogram of the distribution of he papers selected in the chapters corre-
sponding to each secondary heading, guided by the above taxongntFigure 3). From this histogram, it can be seen
that the number of papers we reviewed for section object genetimn and section avatar creation is greater than or
equal to 50 papers, much more than the number of papers in othesections. This is because these two sections
are now hot topics in VR, graphics, and 3D CV research, with numeras technological advances. In section neural
radiance eld and section 3D Gaussian, we only discuss the papers &t rst proposed these two representations
and the paper that derived the principle of 3D Gaussian projection,and we put the other papers that modi ed
these two representations to improve the quality or speed of renering, as well as generalizing the scene, into the
later sections NeRF rendering and 3D Gaussian Splatting to discuss idetail.

We also grouped the reviewed papers according to when they wereeepted or published and gave a histogram of
the distribution of the number of articles under di erent years (Fig ure 4). It is not di cult to see that the research
on the application of Al technology in the eld of VR is heating up year by year. Meanwhile, we are more inclined
to review the latest papers, with the papers after 2020 reaching @arly 70% of the total number of papers reviewed.
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We grouped these papers according to the international journaland conferences in which they were submitted
or published. Figure 5 gives a histogram of the distribution of the number of journals or caferences to which the
papers we reviewed belong.

As can be seen from Figureb, the papers we selected and reviewed are of high quality, with a largaumber of
papers originating from ACM TOG, the top journal in graphics, and CVPR, the top conference in conputer vision.
Since the readers of this paper may have di erent research backgunds, we also grouped the involved journals and
conferences according to their elds, which include virtual reality, human-computer interaction, computer graphics,
computer vision, and arti cial intelligence.

The subsequent sections of this paper are organized as follows. cBen 4 presents an overview of advanced Al-
generated content representation. Sectiorb reviews research related to content rendering, while Sectiof examines
content generation approaches. Sectiory focuses on physical simulation techniques. SectioB discusses virtual
characters, and Section9 explores interaction mechanisms. In SectionlO, we summarize the current state of
research in each area, outline key challenges, and propose potaitdirections for future work. Finally, Section 11
provides the concluding remarks.
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4 Advanced Al-generated content representation

In recent years, NeRF and 3D Gaussians, as advanced 3D contemepresentation speci cally designed for Al
algorithms, have fully utilized the ability of deep learning models to process complex data and learn complex
tasks by virtue of good end-to-end trainability, high exibility, and a daptability, ne spatial representation, and
gradient conductivity, and have been used in the elds of virtual reality, graphics, and computer vision attracted
wide attention and applications. In this section, we will focus on revieving and discussing these two advanced
Al-generated content representations.

4.1 Neural radiance eld

Neural radiance eld was rst proposed by Mildenhall et al. [30] in 2020. The core concept of NeRF is to represent
a scene as a function of 3D locations and viewing directions by combingn volume rendering techniques with
typically implicit neural representations using multi-layer perceptrons (MLP), termed as a radiance eld. This
implicit radiance eld representation optimizes network parameters using a set of images with known camera poses,
enabling the learning of both geometric and photometric propertiesof 3D environments. For a 3D location x;y; z)
and a view direction (; ), NeRF transforms the 5D vector with an MLP network F :(x;y;z;; )! (;c),toget
its corresponding volumetric density and view-dependent color. Tlen, employs a classic volume rendering algorithm
to synthesize images from arbitrary new views. Figureb shows the overview of NeRF representation.

4.1.1 NeRF construction

Given a set of RGB images and the corresponding 6 degrees of fremd camera calibration parameters as inputs,
NeRF outputs a representation of the geometry and appearancef a 3D scene. The geometric information is
represented as a one-dimensional density value, and the appearance information is represented as multidimensioria
color featuresc. The color featuresc are then combined with the view direction d input into another MLP to obtain
the view-dependent color feature vector. All these properties an be learned and optimized through gradient
backpropagation. NeRF representation trains a network to map te 3D Cartesian coordinate into scene geometry
and appearance. This neural network-based representation nigains multi-view consistency by decoupling the
prediction of volume density from the view direction (; ), while allowing color c to depend on both the view
direction (; ) and the 3D position (x;y;z). Speci cally, this is achieved by designing two MLPs: the rst MLP
takes (x;y; z) only as input and outputs density and a high-dimensional feature vector, which indicates the view-
independent color feature vector. This feature vector is then cocatenated with the view direction (; ) and passed
to the second MLP, which outputs the view-dependent colorc.

In traditional NeRF algorithms, the sampling process is divided into two stages: the coarse stage and the ne
stage. During the coarse stage, the importance weightv; of each sampling point is used as a piecewise constant
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PDF along the ray to guide the location distribution of the sampling points in the ne stage. During the ne stage,
sampling is concentrated in areas of higher density identi ed in the carse stage, ensuring that the sampling points
used for synthesizing the nal color are distributed across the olfect's surface. Subsequently, the sampling points
from the ne stage are used to compute the predicted color of pixks, according to the volume rendering integral
in Figure 6(c). The training process involves optimizing the parameters of theneural network, minimizing the
di erence between predicted images and ground truth images for &h pixel using a mean squared error (MSE) loss
(Figure 6(d)), as shown in (1).

X 2
L= ¢ cm ; (1)
r2R 2
whereC(r) represents the predicted color of the pixel corresponding to te sampled camera ray , which is integrated
by the sampledc alongr. R is the batch of sampled rays, andC(r) is the ground truth.

4.1.2 Construction acceleration

Traditional implementation of NeRF is plagued by excessively long trairing durations. Current studies on acceler-
ating NeRF training primarily focus on identifying a more e cient scene representation to replace the parameter-
intensive MLP. Point-NeRF [31] employs feature point clouds as an intermediary step in volume renering. A
pre-trained 3D CNN is utilized to generate depth and surface probaility ~ from cost volumes created from training
views, resulting in the generation of dense point clouds. Point-NeRFepresents a volumetric radiance eld using
a neural point cloud, facilitating highly e cient scene reconstructio n through optimizations that take only 20{
40 min per scene, in contrast to the original NeRF's requirement of wer 20 h. Fridovich-Keil et al. [32] introduced
the Plenoxels, which represent scenes as sparse 3D voxel gridsthweach voxel storing density and spherical har-
monic coe cients. This representation can be optimized directly on the voxel grid from calibrated images through
gradient and regularization optimization, entirely bypassing MLP tra ining. The voxel training process begins with a
lower-resolution dense grid, optimizes and eliminates unnecessarypxels, re nes the remaining voxels by upsampling
in each dimension, and continues optimization. This method has redued the training time of NeRF to 12 min.

To achieve a method that can be trained quickly and does not requirextensive storage space during the training
process, Chen et al. 33] proposed the TensoRF model. Addressing the ine cient use of voel grids in training by
previous methods, TensoRF models the scene's radiance eld as a 4f@nsor, representing the 3D voxel grid with
multi-channel features for each voxel. Subsequently, conventital tensor decomposition algorithms are used in the
radiance eld modeling process, decomposing the full tensor of theadiance eld into multiple compact, low-rank
tensor components. Tensor decomposition algorithms can reduagimensionality and compress data, achieving fast
reconstruction speeds of less than 10 min while reducing spatial ogpancy during modeling. Maller et al. [34]
proposed Instant-NGP, a learnable, parametric multi-resolution hash encoding that is trained concurrently with
NeRF's MLPs. Through this parametric approach, combined with advanced ray marching techniques, including

exponential stepping, skipping empty spaces, and sample compr&sn, Instant-NGP reduces training time to just
a few seconds.
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Figure 7 (Color online) 3D Gaussian representation in the work of Ker bl et al. [ 35]. Optimization starts with the sparse SfM point cloud and
creates a set of 3D Gaussians. Then, Gaussians are optimized and adaptively control the density. During optimization, a fast tile-based renderer

is rst used.

4.2 3D Gaussians

Kerbl et al. [35] introduced an advanced, explicit scene representation with 3D Gassians to e ciently render
complex scenes with a high degree of detail in 2023. The core contegf this 3D Gaussian representation is to
depict a scene as a set of learnable three-dimensional Ga¢lssian elbjps. Each Gaussian ellipsoid is characterized
by its position (center) , opacity , 3D covariance matrix , and colorc. c is represented by spherical harmonics
for view-dependent appearance. The position, size, and orientain properties learn the scene's geometry, while the
color and opacity properties learn the photometric propertieai_,of he scene.

A Gaussian can be de ned by a full 3D covariance matrix  de ned in world space centered at point  with

1 TP 1
G(x)=e 200 "0 )

By skipping the third row and column of P , the 2 2 variance matrix has the same structure and properties.
However, covariance matrices have physical meaning only when tlgeare positive semi-de nite. The gradient
descent cannot be easily constrained to produce such valid matrise and update steps and gradients can very easily
create invalid covariance matrices. To contain the positive semi-denite of the cqyariance matrices, Kerbl et al. B5|
used an ellipsoid to represent a 3D Gaussian, because the covari@nmatrix of a 3D Gaussian isPanangous
to describing the con guration of an ellipsoid. Given a scaling matrix S and rotation matrix R, the can be
computed with

= RSS'R": (3)

Since the Gaussian ellipsoid has a density property, 3D Gaussian campresent not only the e ect produced by
light interacting with the scene's surface but also the e ect of light passing through an object. Compared with
NeRF, 3D Gaussian can e ciently and accurately represent geometic shapes and appearance properties. Figuré
shows the overview of 3D Gaussian representation. 3D Gaussian @icomes the limitations of volumetric rendering
methods and enables a more exible and adaptive representation a3D objects. Additionally, 3D Gaussian can be
used to render various visual e ects such as depth of eld and safshadows, making it an important representation
for VR applications.

4.2.1 3D Gaussian construction

The process of 3D Gaussian construction is essentially a training peess. This process takes a set of images with
corresponding camera poses as input and outputs a set of 3D Gaaians. All the properties of 3D Gaussians can be
learned and optimized by gradient back-propagation.

3D Gaussian is rst initialized with the SfM points, which are a set of sparse points. Then, the Gaussians are
rendered using di erentiable rasterization to generate the rendeed image. Next, the loss is computed based on the
rendering and ground-truth images, and the properties of Gausans are optimized based on the loss. The losls
contains L1 loss and D-SSIM loss shown as

L=(@ )Li+ Lopssiv: (4)

Due to the ambiguities of 3D to 2D projection, geometry may be incorectly placed. Thus, an adaptive den-
sity control algorithm is applied to create, destroy, or move geom#y if it has been incorrectly positioned. This
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algorithm has three components: clone, split, and prune. This algathm rst detects under-reconstruction and over-
reconstruction regions based on view-space positional gradientsThen, for Gaussians in the under-reconstruction
region, it clones the Gaussians by creating a copy of the same size&moving it in the direction of the positional
gradient. For Gaussians in the over-reconstruction region, it repaces them by two new ones and divides their scale.
To moderate the increase in the number of Gaussians, this algorithnalso removes Gaussians with less density.

4.2.2 Construction acceleration

One of the great advantages of 3D Gaussian representation is thahe integral of a 3D Gaussian along a certain
axis is a 2D Gaussian; thus one sample is needed for one 3D Gaussiamieth allows 3D Gaussian Splatting to have
higher performance than NeRF. However, in construction, the dpth sorting for each pixel during rasterization is
time-consuming. To accelerate construction, Kerbl et al. B5] proposed a tile-based parallel computation method.
To avoid the computational cost of deriving a Gaussian for each pixk this method shifts the accuracy from the
pixel-level to the patch-level detail. Speci cally, it rst divides the im age into multiple non-overlapping patches
called \tiles." Each tile consists of 16 16 pixels. Then, it determines which tiles intersect these projectedsaussians,
duplicates the Gaussians that cover more than one tile, and assigresach copy an identi er (i.e., a tile ID) for the tile.
Next, it combines the respective tile IDs with the depth values obtaired from each Gaussian view transform and
gets an unsorted list of bytes, where the high bit represents theitke ID and the low bit represents the depth. Then,
it sorts the list, and the sorted list can then be used directly for alpha synthesis. To speed up the construction,
each tile and pixel is rendered independently, so the process is ademted in parallel. In addition, the pixels of each
tile have access to the common shared memory and maintain a uniformead order, thus improving the e ciency of
parallel execution of alpha synthesis.

In order to represent large and dynamic scenes accurately, millionsef Gaussians are needed to represent the
scene, which still takes a signi cant amount of time to build, even with the tile-based parallel computation method
described above. Therefore, it is crucial to reduce the modeling tim while maintaining the modeling accuracy.
There are three main directions to improve the construction e ciency.

The rst direction involves reducing the number of 3D Gaussians, i.e., pruning insigni cant 3D Gaussians.
Lu et al. [36] proposed Sca old-GS, which constructs e ciently while maintaining comparable modeling quality.
Sca old-GS utilizes the underlying scene structure to guide the pruning of overextended Gaussian spheres. It uses
initialization points from the motion structure to build a sparse mesh of anchor points and attaches a set of learnable
Gaussian balls to each anchor point. The properties of these Gauissis are predicted on the y based on specic
anchor point features. In addition, a strategy guided by the aggegated gradient of the neural Gaussian is used to
add anchor points. An additional volumetric regularization loss term is added to encourage Gaussian minimization
and minimize overlap.

The second direction focuses on improving the construction e cierty by compressing 3D Gaussian properties.
Katsumata et al. [37] proposed to reduce the time required to construct the 3D Gaudans for dynamic scenes. It
categorizes Gaussian parameters into time-invariant and time-vaying parameters. The former contains position
and rotation parameters, which are estimated by Fourier and linearapproximations, respectively. This approach
e ectively reduces the time during construction compared to consructing each parameter at each time step. In
addition, the ow information overcomes the ambiguity between consecutive frames with di erent time steps by
means of a loss term. Fan et al. 38 proposed the LightGaussian to improve construction e ciency. It rst
evaluates the global importance of each Gaussian based on its caiftution to each pixel in all training views.
The computed score is then used to remove unimportant GaussiansIn addition, it reduces the degree of the
spherical harmonic coe cients by data distillation and quantizes the coe cients of trivial Gaussians. In addition,
the positional parameters are compressed by a lossless octetdsl algorithm, and the remaining attributes are
saved in a half-precision format.

The third direction is to model the scene with di erent levels of precision and select di erent levels according to the
desired modeling quality during construction. Kerbl et al. [39] proposed the Hier3D-
Gaussian, which models the scene with a hierarchy of 3D Gaussians@nses a divide-and-conquer strategy for accel-
erating construction. Hier3DGaussian rst divides the 3DGSs into multiple axis-aligned bounding boxes (AABBS)
containing only one Gaussian based on its spatial location by the divisio method and uses these AABBs contain-
ing only one Gaussian as leaf nodes, and takes each intermediate ABBin the division process as an intermediate
node. The process of division is top-down, and when the division pragss is complete, a multi-layered binary tree is
constructed. Each node of the tree is an AABB, and the leaf nodeantains only 1 Gaussian. Then, Hier3DGaussian
calculates the Gaussian properties of each intermediate node basen the Gaussian properties of the leaf node from
the bottom upward. After that, a hierarchy of 3D Gaussians is corstructed, with the initial 3D Gaussian at the
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Table 3 Summary of studies related to content rendering.

Material & lighting

Entangled Disentangled
Novel view synthesis (NVS) NVS with edition Material model L ight transport
) [112{ 114, 116, 118{
Mesh rendering N/A N/A 120, 124,128, 131] [115, 124, 135{ 149, 151{ 154]
) [30{ 34, 62{ 65,69{72,74,75,79, 84,
NeRF rendering 88,91{ 93,95, 111, 186, 245, 249, 377 [83, 86, 87, 280, 312] [89, 90, 205] [89,90]
388{391]
) . [35,36,38,39,97{ 100,102,104{ 108,
Gaussian Splatting 210, 225, 306] [101, 103, 314, 379] [109, 110] [109, 110]

bottom layer and the intermediate 3D Gaussian obtained by aggreggéon in the middle layers. For large scenes,
Hier3DGaussian rst divides the scenes into chunks and then consticts 3D Gaussians for each chunk in parallel.

5 Content rendering

3D content rendering is the key to achieving realistic visual e ects inVR systems, which can signi cantly enhance
users' immersion and enable them to experience near real-world sgations in the virtual world. Deep learning
methods improve visual quality by optimizing the rendering pipeline, acdieving signi cant breakthroughs in detalil
and realism. At the same time, these methods can also improve rendag e ciency, which enables the virtual reality
system to respond to user interactions at a higher speed, ensumgnthe smoothness and interactivity of the virtual
reality experience and enabling users to freely explore in a more reatis and dynamic virtual environment, thus
obtaining a deeper level of immersive experiences. We present a @xomy of content rendering methods in Table3,
organized by two dimensions: rendering method (vertical axis) ancappearance models (horizontal axis). In terms of
rendering methods, we consider three types: mesh rendering, R& rendering, and Gaussian Splatting. Regarding
appearance models, there are mainly two schemes: the material diighting are decoupled or entangled, where the
former line mainly focuses on the novel view synthesis (NVS) task owith further editing, and the latter group aims
at the reconstruction and relighting task, requiring to model both the materials and the light transport. Note that
we did not include mesh-based methods that entangle material and ligting since they are less relevant to the topic
of this paper. In the following subsections, we rst review these thiee rendering methods and then discuss material
representation, operations, and light transport computation. Finally, we discuss rendering post-processing.

5.1 Dierentiable rendering

Traditional rendering approaches generate images by simulating lightransport in 3D scenes. In contrast, di er-
entiable rendering not only produces rendered images but also corapes their derivatives with respect to (w.r.t.)
various properties. Here, the properties include geometries, matials, camera pose, and image space properties.
When derivatives of di erent properties are available, they can be wsed for gradient-based optimization or backprop-
agation in neural networks, enabling various applications, such asantent generation, 3D reconstruction, appearance
capture modeling, and inverse optical design in virtual reality. While some previous studies focus on designing a
particular di erentiable pipeline for the downstream task, others target general-purpose di erentiable rendering
systems or methods. In this section, we focus on the latter catemyy.

Di erentiable rendering can be applied for di erent geometry representations (e.g., mesh, volume, or implicit
representations) or di erent rendering methods (e.g., rasterizaion or ray tracing). At the core of di erentiable
rendering on di erent representations or rendering methods is ha to handle discontinuous properties. In this paper,
we categorize these methods into two groups, depending on theirrimary purpose: image quality or performance.

5.1.1 Physically based di erentiable rendering

Previous studies introduce di erentiation into the Monte Carlo rayt racing, path tracing, or more advanced volu-
metric light transport algorithms. These methods can model comple light transport, like global illumination and
occlusion, at the cost of introducing noise and long converging time.

Li et al. [40] presented di erentiable Monte Carlo ray tracing by edge sampling tat directly samples the Dirac
delta functions introduced by the derivatives of discontinuous integrals. Later, Loubet et al. [41] proposed repa-
rameterization to handle the non-continuous visibility computation, which is also used in Mitsuba 2 #2]. While
its solution signi cantly improves the performance, it introduces bias and is limited to unidirectional path tracing.
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Xu et al. [43] extended the hemispherical-integral reparameterization41] into the path space, allowing advanced
Monte Carlo rendering methods. Zhang et al. 44] established the di erential path integral formulation, including
interior and boundary components, which can be estimated by bothdi erentiable unidirectional path tracing and
bidirectional path tracing, achieving unbiased and e ciency on complex light transport. The di erentiable formu-
lation is later generalized to handle participating medium [45] and implicit surfaces [46] by introducing new Carlo
estimators for sampling implicitly speci ed discontinuity boundaries.

Physically based di erentiable approaches rely on Monte Carlo base@stimators, leading to the typical noise issue.
To reduce noise, advanced sampling techniques or other strategige.g., temporal reusing or blurring) have been
introduced. Dierent from forward Monte Carlo rendering, values of the derivative function might be negative,
causing di culties in sampling. For that, Zhang et al. [ 47] introduced an antithetic sampling of BSDFs and
light-transport paths, allowing signi cantly faster convergence. Recently, reservoir-based spatiotemporal resampled
importance resampling (ReSTIR) has also been introduced into gra@gnt computation by Wang et al. [48] and
Chang et al. [49] to reduce the noise of gradient images. Besides sampling, Fischeral. [50] proposed to convolve
the high-dimensional rendering function with an additional kernel that blurs the parameter space, together with
two Monte Carlo estimators for e ciently computing plateau-reduc ed gradients, showing bene ts on complex light
e ects, such as caustic or global illumination. To improve convergege in inverse rendering optimizations, Xing et
al. [51] proposed to compute derivatives on visible 3D geometric points rdter than on pixels and compute the 5D
RGBXY derivatives (3D for RGB color and 2D for projected screenspace position) w.r.t. scene parameters, leading
to superior convergence. To handle complex light transport with sgcular e ects in inverse optimization, Xing et
al. [52] introduced extended path space manifolds for path derivative conputation.

Besides reducing noise, memory cost is another issue for di erentide rendering. For that, Vicini et al. [ 53]
proposed path replay backpropagation, which recovers quantitis needed for reverse-mode di erentiation using the
invertibility of the local Jacobian at scattering event, leading to constant memory and linear (in terms of the
scattering event) computation time is linear in the number of scattering events (i.e., just like path tracing).

5.1.2 High performance di erentiable rendering

While the physically based di erentiable rendering approaches aim at igh-quality derivative computation, the other
line of studies' purpose is high performance by applying di erentiation into the rasterization pipeline (e.g., vertex
shading, primitive assembly, geometry shading, etc.) at the cost ofmissing some light e ects (e.g., occlusion, or
global illumination).

Early research in di erentiable rendering primarily relied on methods such as local derivative approximations,
smooth rasterization, and probabilistic rasterization. Among this group, OpenDR [54] is the rst general-purpose
di erentiable renderer, despite its simpli ed shading model. Kato et al. [55] introduced a smooth rasterization by
smoothing the in uence of vertex movements on pixels and deriving a approximate method for calculating the
pixel-to-vertex coordinate derivatives while maintaining the forward rendering unchanged, leading to the risk of
inconsistency between the rendered image and the gradient. Liu edl. [56] proposed a probabilistic rasterization
method that modi es the rasterization and z-bu ering steps using probability distributions. Their approach ensures
that the forward rendering process is fully di erentiable. However, the blur operation might lead to unexpected
transparent surfaces for opaque surfaces. Genova et ab] utilized barycentric coordinate interpolation of vertex
attributes to compute pixel colors, performing well in scenarios with smooth and simple occlusion boundaries but
struggling with complex, overlapping occlusion boundaries. More e ats [58{60] have been made by exploring
e cient and approximate methods for rendering and gradient computation.

While it is challenging to keep scalability, exibility, and other features ( e.g., antialiasing) for this group of meth-
ods, Nvdirast [ 61] is an exception, which supports a full package of operations, inclling rasterizing large numbers
of triangles, attribute interpolation, ltered texture lookups, us er-programmable shading, and geometry processing,
although global illumination is not supported. Therefore, it is still being used in many practical applications.

5.2 NeRF rendering

The basic rendering pipeline of the trained NeRF representation is asollows. (1) For a given 6-DoF camera pose,
generate camera rays corresponding to each pixel in the two-dinmsional screen space. (2) For each camera ray,
generate a set of sampling points along the ray. (3) For each samplgpoint, input the corresponding ray direction
(; ) and the 3D position (x;y; z) into the trained NeRF MLP to calculate the color ¢ and density . (4) Using the
volume rendering formula as illustrated in Eq. (5), accumulate the color and density of all sampling points along
the ray to compute the color of the pixel corresponding to the ray (5) Repeat steps (2) (4) for all camera rays to
generate the nal rendered image.
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Rendering equation. To compute the color of each pixel corresponding to each ray passing through the
scene, classic ray marching and volume rendering formulas are uséadl describe how light traverses and interacts
with the scene's surface shown as

X
E(r) = ‘ T exp( ii)ci; (5)
o ot
X
Ti = exp @ j ]-A; (6)

j=1

where &(r) represents the predicted nal color of the pixel correspondingto the camera rayr, and c represent the
volume density and the color of the sampling points predicted by the M.P, and represents the interval between
adjacent sampling points. T; represents the accumulated transmittance, describing the occkion conditions when
the ray steps to the ith sampling point. Additionally, some methods often refer to the product terms beyond ¢ as
the importance weight w;,

wi = Ti(1 exp( ii); (7)

representing each sampling point's contribution to the nal color C(r).

5.2.1 Acceleration techniques

The design of e cient computational processes is crucial for the @plication of NeRF representations in VR. In the
process of image generation by traditional NeRF30], each pixel necessitates approximately 200 forward predictions
by an MLP deep learning model. Although the computational scale of asingle calculation is modest, the cumulative
computational load for rendering an entire image through per-pixé calculations becomes substantial. Currently,
mainstream studies to accelerate NeRF inference primarily focus omodel baking, which precomputes NeRF and
stores the results in e cient explicit data structures, thus avoidin g dense MLP inference during real-time rendering.
Additionally, techniques that accelerate ray marching, such as edy termination and skipping empty spaces, are
also utilized to further increase the inference speed of NeRF.

DIVeR [62] performs deterministic ray sampling on a voxel grid, generating anintegrated feature for each ray
interval (de ned by the intersections of the ray with voxels), which is then decoded by an MLP to produce the
density and color for the ray interval. This e ectively inverts the tr aditional sequence between volumetric rendering
and MLP inference. Experimental results indicate that this method surpasses others, such as PlenOctrees and
FastNeRF, in terms of rendering quality while maintaining a comparablerendering speed. SNeRGH3] pre-calculates
di use color, density, and specular re ection feature vectors ard stores them in a sparse voxel grid. At the time
of inference, these feature vectors are processed through aHhtgveight MLP to produce specular re ection colors,
which are subsequently alpha-blended with the specular colors alonthe ray, culminating in the generation of
the nal pixel color. SNeRG is 3000 times faster than the original N&RF while achieving higher quality results.
PlenOctree 4] trains a spherical harmonics NeRF, referred to as NeRF-SH, whit predicts the spherical harmonics
coe cients of the color function instead of directly predicting the ¢ olor function itself. Additionally, an octree based
on MLP-precomputed spherical harmonics coe cients is constru¢ed. Garbin et al. [65] introduced the FastNeRF
technique, which accelerates the rendering time of NeRF to 200 FP®y caching the inferred color and density
results of the scene within a dense grid. This method also leveragestemrdware-accelerated ray tracing strategy,
enabling it to bypass empty spaces and halt prematurely once the nsmittance along the ray reaches saturation.

5.2.2 Foveated NeRF rendering

Foveated rendering is a pivotal technique for VR and AR applicationsaimed at reducing computational load and
enhancing rendering performance. Potter et al. §6] demonstrated that the human visual system's (HVS) tolerance
threshold for visual latency is approximately 13 ms, suggesting thaexcessive rendering delays in VR can lead to
a perceived inconsistency between content and interaction, theby causing discomfort. The HVS model is closely
related to neuroscience and cognitive science. Its core objective to understand the biological mechanisms of visual
information processing based on the characteristics of the humanisual system and apply them to technological
development. In the human visual system, the distribution of optic nerve projections on the retina is uneven|
50% of them are concentrated in the fovea, while the rest are distbuted in the peripheral region [67]. This
characteristic results in clear perception in the central area and hurred perception in the peripheral area when
observing a scenef€8], providing insights for accelerating rendering. Foveated renderig achieves acceleration by
rendering di erent image qualities for di erent regions. The most representative HVS models in foveated rendering
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are the visual acuity model and the contrast sensitivity model. Thevisual acuity model describes the attenuation
of visual acuity as the distance from the central line of sight increaes. Deng et al. §9] were the rst to combine
the NeRF model with the foveated rendering technique, proposinghe FoV-NeRF method. Figure 8 visualizes the
FoV-NeRF method rendering pipeline. This method employed a concenic sphere coordinate system to represent
the 3D radiance eld, thereby optimizing the ego-centric view while signi cantly reducing the inference runtime of
the neural network. It derived a spatiotemporal awareness modl from the optimized neural scene representation to
minimize imperceptible losses in image quality and rendering latency. Shet al. [70] proposed a scene-aware foveated
Nerfs method. It constructed a multi-ellipsoid neural representdion to enhance the representation of the neural
irradiance eld in salient regions of complex VR scenes. It also introdeed a uniform sampling-based foveated
Nerf framework to improve the foveated image synthesis perforrance with one-pass color inference. Compared
with FoV-NeRF, the synthesis quality and rendering performance ae improved. Wang et al. [71] proposed a new
NeRF representation based on visual perception, which for the st time, integrates the visual sensitivity and
contrast sensitivity models of the human visual system into a NeRF endering framework. They also adopt a
visual-perceptual sampling strategy to allocate computational resources according to the sensitivity of the human
eye to the HVS. It achieves better image quality and a higher frame ate than FoV-NeRF.

5.2.3 Dynamic scenes rendering

The original NeRF [30] approach was con ned to static scenes, rendering it inapplicable irdynamic environments
directly. Numerous studies have sought to extend 3D NeRF acrosthe temporal dimension. D-NeRF [72] represents
the pioneering work in end-to-end dynamic NeRF, segmenting learnig into two modules: the rst model discerns
spatial mappings between each point in a scene at timé and a canonical scene con guration; the second module
regresses the scene radiance emitted by each direction and volurdensity for a given tuple: at a 3D point (X;y; z)
and viewing direction (; ), it returns the emitted color ¢ and volume density , aligning with traditional NeRF's
methodology.

Li et al. [73] proposed a methodology for synthesizing new viewpoints and tengral compositions in dynamic
scenes, requiring only a monocular video with a known camera pose agput. This introduced a neural scene ow
eld that models dynamic scenes as continuous functions of spacend time, outputting not only re ectance and
density but also the motion of the 3D scene. Park et al. 74] rst introduced NeRFies, which similarly utilizes a
deformation eld to model non-rigid deformations within the scene. Unlike D-NeRF, this method does not utilize
temporal sequences as input for predicting deformations. Insted, it employs a latent code to encode the appearance
of objects, relying on a latent deformation code to predict objectdeformations. Building on NeRFies, Park et al.
subsequently proposed HyperNeRF75], which extends canonical space into higher dimensions to addressmplex
topological transformations, adding an additional slicing MLP that d escribes how to return to the 3D representation
using the ambient space coordinates. Xian et al.q6] developed a method to learn spatiotemporal neural irradiance
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elds from a single video, applying depth supervision to constrain thetime-varying geometry of dynamic scenes
at any moment, thereby resolving ambiguities associated with appeaance changes in motion- lled scenes. Zhang
et al. [77] proposed a di erentiable point-based rendering algorithm that acieves e cient new viewpoint synthesis
through a di erentiable splat-based rasterizer. Starting from a uniformly sampled random point cloud, it learns
each point's position and view-dependent appearance. For dynamiscenes, it trains a model for each frame image
and uses the model learned in a given frame to initialize the next, thezby reducing the training time required to
converge.

Recently, more studies on dynamic NeRF have focused on innovativenethods for 4D dynamic scene modeling.
Wang et al. [78] introduced Fourier PlenOctrees, achieving real-time rendering fo general dynamic scenes. This
method models time-varying density and light eld functions in dynamic scenes using Fourier coe cients, employing
an octree structure to accelerate NeRF inference. NeRFPlayef7P] is a feature-streaming scheme based on a hybrid
representation that e ectively models dynamic scenes. This methd decomposes the 4D spacetime according to
temporal characteristics, associating points within the 4D space \th probabilities belonging to static, deforming,
and new regions, each represented and normalized by an indepemdaeural eld. Tensor4D [ 80] presents an e cient
and e ective method for dynamic scene modeling, relying on an e cagous 4D tensor decomposition approach
to represent dynamic scenes directly as 4D spacetime tensors. frojects the 4D tensor onto three time-aware
volumes, then onto nine compact feature planes, stratifying the écomposition of the 4D tensor to capture spatial
information that changes over time compactly and e ciently. HexPla ne [81] uses six learnable feature planes to
explicitly represent 3D dynamic scenes, overcoming the memory clleanges of modeling all 3D points in space and
time. By projecting points onto each feature plane and then aggrgating the six resulting feature vectors, HexPlane
computes the spatiotemporal feature vector of points, predicing the color of the point through a minimal MLP,
thus achieving new viewpoint synthesis results in dynamic scenes. feovich-Keil et al. [82] extended HexPlane to
arbitrary dimensions, introducing K-Planes, a white-box model caable of modeling human-perceived radiation elds
across dimensions using d-2 planes to represent scenesdimlimensions, such as static scenesl = 3) and dynamic
scenes @ = 4). This method e ciently models static and dynamic scenes and those with variable appearances,
with reconstruction quality competitive with or superior to MLP-bas ed black-box models.

5.2.4 NeRF controllable editing

Although neural radiance elds provide a plausible representation d scenes, they do not inherently support editable
transformations of shape and appearance. This limitation arises bsause NeRF models a scene as a radiance-dense
eld, meaning any alterations to the scene necessitate extensiveotmputational resources and time to recalculate
the new radiance eld. Enabling controlled modi cations to scene repgesentations represents a critical development
vector for NeRF, with primary emphases on shape, appearancena scene composition.

Liu et al. [83] proposed EditNeRF, which allows users to input image conditions, eabling localized edits to an
object's appearance, including color and shape. The model compeds a category-speci ¢ shared shape network
and an instance-speci ¢ shape network. The editing process in NeRis achieved through joint optimization that
balances the accuracy and the losses of latent encodings. Thesecedings permit the NeRF model to control each
image's lighting and shading variations, as well as minor content changs in the scene. CodeNeRF8H] learns to
decouple the connections between shape and texture by studyingeparate embeddings. It segregates geometry,
appearance, and viewpoint through a fully connected network tha maps 3D locations and ray directions to density
and RGB values. Objects novel viewpoint images can be reconstrted from a single image, with subsequent edits
to shape and texture possible by rendering new perspectives or @lting latent codes. However, these shape and
appearance latent encodings are typically 2D. GIRAFFE B5| also employs generated latent encodings, predicated
on the critical assumption that integrating synthesized 3D scene epresentations into generative models can render
image synthesis more controllable. GIRAFFE separates the scene tim background and foreground via MLPs,
enabling the isolation of one or more objects from the backgroundand their individual shapes and appearances,
allowing translational and rotational movements within the scene, & well as alterations to camera pose.

Another approach to achieving controllable editing of NeRF is to introduce other models and multi-level feature
learning strategies, thereby enabling precise control over individal objects within the scene. Yang et al. 86|
introduced a composite model that enables editing multiple objects vthin a scene. This method adopts a voxel-
based approach, learning separate latent representations foraeh object in the scene. Specically, the model
includes two branches: an object branch that encodes each indivichl object and a scene branch that encodes
the scene's geometry and appearance. The object branch coniihs on a learnable object activation code, thus
facilitating object-level editing capabilities. DFF [ 87] leverages existing supervised and self-supervised 2D image
feature extractors (such as CLIP-LSeg or DINO) to transfer knowledge into a 3D feature eld optimized concurrently



Wang L L , et al. Sci China Inf Sci January 2026, Vol. 69, Iss. 1, 111101:17

with the radiance eld, allowing NeRF to be decomposed into any sematic units. This enables multifunctional
scene editing through text and image without the need to retrain the radiance eld. CLIP-NeRF [88] integrates the
training model with NeRF image synthesis, supporting text and imagedriven NeRF editing. This method infers
shape and appearance codes from real images, introducing shapacoding and appearance encoding to modify
the 3D model's volume and color. Thus, NeRF can extract latent spae shifts induced by shape and appearance
mapping networks from user-inputted text or images.

Some approaches also decompose the scene into more explicit ap@eee and light models to achieve more
detailed and precise control of lights. Chen et al. §9 extracted shading parameters to reconstruct and relight
humans from videos. The space-time varying geometry and re e@nce are decomposed from the human body as
a set of neural elds. Rudnev et al. PO] rst introduced NeRF-OSR to relight outdoor scenes based on N&Fs,
allowing for the simultaneous editing of illumination and camera.

5.2.5 Variants of NeRF

The original NeRF renders each pixel using only a single ray with a relavely low sampling frequency. This
insu cient sampling frequency can lead to the aliasing of high-frequency information in the scene, resulting in
blurred and jagged renderings. Additionally, the original NeRF requires dense multi-view images and corresponding
camera poses for retraining each new scene, which limits its direct gticability to unseen scenes. NeRF has
signi cant room for improvement in modeling accuracy and in reconstucting from sparse views; therefore, numerous
variants of NeRF have been developed.

To enhance modeling accuracy, some researchers have modi ed RE's sampling methods. Barron et al. P1]
proposed Mip-NeRF, which transforms the original sampling rays inb conical frustums and converts the point
samples along the rays into samples within these frustums. This apach e ectively performs a Itering operation
on the feature values of the sampled points within the frustum befoe rendering. For computational e ciency, Mip-
NeRF approximates the conical frustum using a 3D Gaussian distribtion to represent the integral region of the
radiance eld. Additionally, Mip-NeRF introduces a weighted averaging of positional encodings to obtain integrated
positional encoding, allowing the neural network to directly infer the average volumetric density and color of the
sampled points within the frustum. By e ectively rendering conical frustums instead of rays, Mip-NeRF reduces
aliasing artifacts and signi cantly enhances NeRF's capability to capture ne details. They further proposed Mip-
NeRF 360 P2], which reduces mean-squared error by 57% compared to Mip-NeRE&nd is able to produce realistic
synthesized views and detailed depth maps for highly intricate, unbanded real-world scenes.

Regarding sparse-view reconstruction, some studies have intraded a convolutional neural network (CNN) for
feature extraction and fusion, signi cantly reducing the number of training samples required and improving NeRFs
generalization ability. PixeINeRF [93] employs a CNN encoder to extract image features, endowing 3D ats with
generalization capabilities and supporting minimal input. After learning the scene prior, NeRF inference under the
condition of one or a few input images proceeds by projecting the gerated camera rays onto the image plane,
extracting image features for each query point. These featuresalong with the observation direction and query
points, are then fed into the NeRF network to generate density am color. PixelNeRF learns a scene prior from
multiple images, enabling new view synthesis from a sparse set of viewgotentially as few as a single image. Wang
et al. [94] proposed an image-based rendering method called IBRNet, which &ns a general view interpolation
function that can generalize to new scenes. It relies on selecting rtiple views from the training set that are most
similar to the target viewpoint direction, using CNNs to extract feat ures from these images. This algorithm achieves
comparable reconstruction quality for new scenes with results okgined from short-term ne-tuning, similar to NeRF
trained for long durations. MVSNeRF [95] also utilizes pre-trained CNNs to extract 2D image features, whichare
used to construct a 3D cost volume with geometric perception via tle plane sweep method. Subsequently, a 3D
CNN is used to extract a 3D neural encoding volume. Finally, the MLP decodes volumetric density and radiance
for any continuous position within the encoding volume using trilinear interpolation of neural features combined
with physics-based volumetric rendering to construct the NeRF. This method enables high-quality radiance eld
reconstruction from only three sparse input views and achieves mdistic view synthesis from the reconstruction
results. For new scenes, MVSNeRF can achieve reconstruction glity similar to NeRF trained for 10 h with just
15 min of ne-tuning.

5.3 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) has 3 main steps. Similar to rasterizatia, given a speci ed camera pose, frustum
culling determines which 3D Gaussians are outside the camera'’s frustn. 3D Gaussians outside the given view are
not involved in subsequent calculations, thus saving computationalresources. Then, similar to the projection of
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the mesh in the rasterization process, 3D Gaussians (ellipsoids) angrojected into the 2D image space (ellipses)
for rendering. At last, for each pixel, all overlapping Gaussians carbe obtained based on the distance, and alpha
blending is adopted to compute the nal color of this pixel.

Rendering equations. Givelg }he viewing transformation W, the 3D Gaussians are rst projected to 2D, the

projected 2D covariance matrix is computed with

X o X
=Jw  wWhJT; (8)

where J is the Jacobian of the a ne approximation of the projective transf ormation. This projection process is
proven to be accurate P6]. Then, the overlap between projected 2D Gaussians and the pixels computed based
0

on the projected 2D center and . For the color ¢ of each pixel, the overlapped 2D Gaussians are sorted based on
view space depth with a single fast Radix sort, and alpha blending is adated using

X 'z ,
c= i @ ) ©)
i2N j=1

where ¢ is the learned color,N is the sorted list of overlapping Gaussians, and the nal opacity ? is the multipli-
cation result of the learned opacity ; based on

0 1 o oTX o 1 o 0
i= i exp E(X i) i (X i) (10)

where x’ and ? are pixel coordinate and center of the projected 2D Gaussian in th projected space.

5.3.1 Dynamic scene rendering

3DGS cannot be used to render dynamic scenes directly. It would bbene cial to enhance the capabilities of 3DGS
by extending it from representing static scenes to dynamic scene€One way to extend 3DGS to dynamic scenes is
to learn a set of Gaussian representations for each image frameubthis is obviously costly. Learning deformations
is more convenient than modeling the scene at each time step.

Some research focuses on constructing the deformation eld foall Gaussians. Wu et al. P7] proposed a novel
framework for real-time 4D dynamic scene rendering. Their framewrk rst employs a spatial-temporal encoder that
utilizes multiresolution K-Planes and MLPs for e cient feature extra ction. Then, a compact multi-head MLP is
used as a decoder to predict positional deformation, rotation, ad scaling, respectively. This method of learning the
Gaussian deformation eld results in e cient memory usage and fast convergence. Duisterhof et al. 98] introduced
MD-Splatting to perform 3D point tracking while synthesizing dynamic new views. MD-Splatting employs a feature
encoding technique and learns Gaussian deformations in metric spacrather than non-metric normed space. In
addition, opacity and scale parameters are not inferred to prevenlearning opacity, and scale parameters over
time render the Gaussian insubordinate to the exact motion of the mint. Rigidity and isometric losses, as well
as momentum conservation losses, are incorporated into the tragtory regularization. Yang et al. [99] proposed
4DGS to model space and time as a whole to address the problem ofpiesenting and rendering dynamic scenes in
general. 4DGS extends the scaling and rotation matrices derived ém the decompaosition of the original covariance
matrices to 4D Euclidean space. A generalized 4D Gaussian repregation is derived to achieve a reasonable t to
4D manifolds while capturing the underlying dynamics of the scene. Inaddition, 4DGS is able to exploit spherical
nonlinear harmonics so that the appearance changes with the viewgangle and the color evolves over time.

Another work is to construct the deformation eld by pairing a small number of Gaussians and controlling other
Gaussians through these Gaussians. Kratimenos et all1Q( presented DynMF for real-time synthesis of dynamic
views. DynMF decomposes complex motions in a given scene into seaébase trajectories, from which motions are
derived for each point, and the trajectories are then predicted |y MLP. A shared neural basis for all points produces
physically plausible and frame-consistent sequences. To prevenhé selection of unnecessary bases, DynMF employs
a stronger loss term, forcing each Gaussian to select only a few tyectories.

Physical simulation is also used to control 3D Gaussian deformation.PhysGaussian was introduced by Xie et
al. [10]] to seamlessly integrate physics simulation into 3DGS to generate n@l dynamics and views. PhysGaussian
rst reconstructs the static scene through 3DGS and regularize the overly lean Gaussian with optional anisotropy
loss. Continuum medium mechanics is modeled through a continuous €l®rmation map over time. The Gaussian
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kernel is treated as a discrete particle cloud and deforms simultarmusly with the continuum. In order to force the
deformed kernels under the deformation map to be Gaussian, Phyzaussian utilizes a rst-order approximation to
describe the particles undergoing local a ne transformations. Additionally, there is an option to Il the internal
regions of the object via a 3D opacity eld to help render exposed inérnal particles.

5.3.2 3D Gaussian editing

Scene editing is sometimes required in VR applications, and it is not easyo edit the scene directly with 3D
Gaussian. Some methods enable editing by segmenting 3D Gaussianghou et al. [102 proposed Feature 3DGS,
which integrated 3DGS with feature eld distillation from 2D foundatio n models. Unlike traditional 3DGS, feature
3DGS expands Gaussians with semantic features and constructs3D feature eld. It rsttrained the Gaussians with
semantic features under the supervision of 2D segmentation motie Then, a lightweight convolutional decoder will
be used for upsampling to get high-dimensional features. Featur8DGS achieved faster training and rendering speeds
while enabling high-quality feature eld distillation, supporting Downst ream tasks like semantic segmentation and
language-guided editing. Ye et al. 103 proposed Gaussian Grouping, which extended 3DGS to jointly reaastruct
and segment in 3D scenes. Gaussian Grouping augments each Gaasswith a compact identity encoding, allowing
the Gaussians to be grouped according to their object instance ostu membership in the 3D scene. Instead of
resorting to 3D labels, Gaussian Grouping supervises the identity ezodings during the di erentiable rendering
by leveraging the 2D mask predictions by the segment anything mode along with the introduced 3D spatial
consistency regularization. Besides, a local Gaussian editing schenmwas proposed to achieve object removal,
inpainting, colorization, style transfer, and scene recomposition. Cen et al. [L04 proposed SAGA, which can
e ciently segment the corresponding 3D target represented by I Gaussians with a 2D visual prompt. SAGA
attached a scalegated a nity feature to each 3D Gaussian to endav it with a new property towards multigranularity
segmentation. A scale-aware contrastive training strategy is apfied for the scale-gated a nity feature learning.

It rst distills the segmentation capability of the segment anything m odel (SAM) from 2D masks into the a nity
features. Then, it employs a soft scale gate mechanism to deal withulti-granularity ambiguity in 3D segmentation
by adjusting the magnitude of each feature channel according t@ speci ed 3D physical scale. SAGA can achieve
real-time multi-granularity promptable segmentation and scene ediing.

Another approach is to directly transform 3D Gaussian to achieve diting. Liu et al. [ 105 proposed StyleGaussian,
which can instantly transfer any image's style to a 3D scene represged with 3D Gaussian. StyleGaussian has three
steps: embedding, transfer, and decoding. Initially, 2D VGG scendeatures are embedded into reconstructed
3D Gaussians. Next, the embedded features are transformed earding to a reference style image. Finally, the
transformed features are decoded into the stylized RGB. A featte rendering strategy is rst applied to cut the
memory consumption signi cantly and enables 3DGS to render the hi@p-dimensional memory-intensive features. It
renders low-dimensional features and maps them into high-dimensi@l features while embedding VGG features.
Then, a K-nearest-neighbor-based 3D CNN is applied to eliminate the2D CNN operations that compromise strict
multi-view consistency.

5.3.3 Variants of 3D Gaussian Splatting

Although 3DGS has achieved good results in terms of rendering qualjt it still has room for improvement in terms
of modeling accuracy, anti-aliasing, and specular object modeling. fiere are various variants of 3DGS. To improve
geometric modeling accuracy, some researchers modi ed the Gasian representation. Huang et al. 106 proposed
2DGS to model and reconstruct geometrically accurate radiance elds. Dierent from 3DGS, 2DGS collapses
the 3D volume into a set of 2D-oriented planar Gaussian disks, which mvides view-consistent geometry while
modeling surfaces intrinsically. Besides, 2DGS adapts a perspectivgccurate 2D splatting process utilizing ray-
splat intersection and rasterization to accurately recover thin sufaces. The signi cant advantage of 2D Gaussian
over its 3D counterpart lies in the accurate geometry represention during rendering.

Regarding anti-aliasing, some research focuses on the renderingality at di erent distances, focal, and scales.
In uenced by Mip-NeRF [91], Yu et al. [107] introduced 3D smoothing and 2D Mip lters to solve the blurring
problem in 3D Gaussian optimization process. The three-dimensionallter, which originates from the Nyquist-
Shannon sampling theorem, is a Gaussian low-pass lter that remow high-frequency artifacts by limiting the
frequency of the three-dimensional representation to less thahalf of the maximum sampling rate that comes from
the multiview image. On the other hand, the 2D lter is designed to mitig ate aliasing problems when rendering a
reconstructed scene at a lower sampling rate. It replaces the seen space expansion lIter of 3DGS and replicates
the behavior of the box Iter during physical imaging. This principled a pproach is better suited for non-distributed
scenes with unknown camera poses and zoom coe cients. Yan et a[10§ proposed a multiscale approach to
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Table 4 Summary of studies related to NeRF rendering and 3D Gaussian Splatting.
Non-real-time (FPS < 20) Weakly-real-time (FPS < 90) Real-time (FPS > 90)
Basic (PSNR < 25) [74{ 76,79, 83,84, 86, 94] [69, 70] {
Detail (PSNR < 30) [30, 72,73, 85,87, 88,92, 93,95, 105] [62{ 65, 97,101, 107] [96,99, 103, 104, 108, 110]
Visually-lossless (PSNR > 30) [80{82,91,102,111] [71,77,98,109] [78, 100, 106]

mitigate the aliasing e ect in 3DGS. They argue that a large number of Gaussians mainly cause the aliasing e ect
to Il in regions with complex 3D details. Therefore, they represent the scene with di erent levels of detail. Within
each level, ne-grained Gaussians smaller than a certain size thresid in each voxel are aggregated into larger
Gaussians and then inserted into subsequent coarser levels. Thesnulti-scale Gaussians e ectively encode high
and low-frequency signals and are trained with the original image andts downsampled counterpart. During the
rendering process, the appropriate scaled Gaussians are selattaccordingly, resulting in improved quality and
rendering speed.

Some researchers worked on improving the rendering quality for th scene with specular objects. A photorealistic
rendering framework was proposed by Gao et al109. It utilizes a set of relightable 3D Gaussian points to represent
the scene. The surface normals are regularized by the consistgnbetween the rendered normals and the pseudo-
normals, where the pseudo-normals are computed from the rended depth map. Geometric cues are introduced
by integrating multi-view stereo cues. This approach uses a simpliedBRDF model with additional rendering
attributes assigned to each Gaussian. The incident light is divided intolocal and global components, which are
represented by the spherical harmonics of each Gaussian and tlshared global spherical harmonics multiplied by a
visibility term, respectively. To improve the rendering e ciency and g uality, the physically based rendering colors
are computed at the Gaussian level with additional regularization tems attached during the optimization process.
Jiang et al. [110 proposed GaussianShader to further enhance the realism of swes with specular features and
re ective surfaces. GaussianShader explicitly takes into accountight-surface interactions and employs simpli ed
approximate rendering equations for high-quality rendering at a mwch lower time cost. To accurately predict the
normals of a discrete 3D Gaussian, the method uses the shorteskia of the Gaussian ellipsoid as the approximate
normal and introduces two additional trainable normal residuals fa regularization, one for the outward axis and
the other for the inward axis. In addition, the consistency of the normal geometry is achieved by minimizing the
di erence between the gradient normals derived from the renderd depth map and the normal maps rendered using
the previously predicted normals. Ma et al. L11] proposed SpecNeRF to improve 3DGS modeling and rendering
results for specular. SpecNeRF aims to enhance the capabilities ofdffRF by using 3D Gaussian as a novel orientation
encoding. It utilizes a set of learnable Gaussians as the basis for emtdding a 5D ray space containing the ray
origin and ray direction. As a result, the encoding function can be vaied spatially, with the spatial features varying
in a manner consistent with the behavior of the specular re ection @mponent. This results in better simulation
of re ections and improved realism. SpecNeRF also introduces an iniélization phase that involves the re nement
of Gaussian parameters to facilitate the joint optimization of Gaussan and NeRF. In addition, monocular normals
are utilized in the early training phase to provide a supervised signal dr the predicted normals and to mitigate
shape-radiance ambiguities.

Table 4 compares NeRF and 3D Gaussian Splatting methods in scene recongttion quality (categorized as
basic/detailed/visually-lossless) and rendering speed (non-realine/weakly-real-time/real-time). Color-coded re-
sults show NeRF methods [30, 62{95] predominantly achieve basic censtruction with limited real-time capability,
whereas Gaussian Splatting [96{111] demonstrates superior perfmance: 100% achieve detailed or visually-lossless
quality (vs. NeRF's 66.67%) and 81.25% attain real-time rendering (vs NeRF's 23.33%). This e ciency gap is
especially noticeable in scenarios with limited computational resourcg where Gaussian methods have higher frame
rates.

5.4 Material representation and operations

High- delity materials are essential for rendering realistic virtual scenes, and bidirectional re ectance distribution
functions (BRDFs) are the most commonly used formulation for materials in realistic rendering. A BRDF is de ned
as a re ectance function of illumination and viewing directions, which is naturally 4-dimension. Sometimes artists
create textures by providing various BRDF parameters at di erent texture coordinates, and those cooperating
texture maps make up a spatially-varying BRDF (SVBRDF), which is consequently 6-dimensional. For some
real-world texture measurements, there may be no explicit textue parameter maps to de ne such an SVBRDF.
Therefore, a more generalized representation called bidirectionatlexture function (BTF) is also widely used to
de ne optical re ectance values as a 6D function of spatial and amular coordinates.
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However, the high dimensionality of these material spaces makes ithallenging to represent and manipulate
materials e ciently. Approximate analytical models like SVBRDFs can b e fast and user-friendly, but they often
su er from lower accuracy and compatibility. Once the analytical model is chosen, it is di cult to include new
complex e ects, for example, parallax, subsurface scattering, @d anisotropy. In contrast, neural networks can rep-
resent complex materials inclusively, while the manipulation and semarit explanation of the neural representations
remain challenging.

5.4.1 Neural BRDF representation

Real-world material measurements are one of the most important gurces for realistic appearances. To e ciently
represent and evaluate these materials in both performance and@age, some studies are carried out to use neural
networks to compress measured BRDFs. Hu et al.117] used a convolutional autoencoder to compress BRDF
slices into latent vectors and reconstruct them. Zheng et al. 113 used a neural process instead, which is more
compact and e cient. Sztrajman et al. [ 114 used small MLPs to represent each BRDF individually and further
compressed these network weights using an autoencoder. Somther work tries to introduce advanced machine
learning technologies to achieve a better sampling space, where onan utilize sparser samples or e ciently handle
new materials beyond the training group. Recently, Fischer et al. 115 used meta-learning to generalize over di erent
kinds of appearances, Gokbudak et al.]16] also generalized the BRDF representations by a hypernetwork, @d can
estimate the measured BRDFs from a sparse set of input samples.

Complex materials, such as layered materials and micro geometriesyr@also challenging for neural networks to
deal with. On the one hand, such a dataset is scarce and the divatg of material samples is limited. On the other
hand, the neural networks also tend to t smooth signals rather than high-frequency details, which are signi cant
for the realism of such materials. Kuznetsov et al. 117] focused on complex micro geometries, using a generative
model to evaluate specular material with high e ciency. Another gr oup of work focuses on layered materials, using
neural networks to t the precomputed re ectance and achieve e cient and noise-free evaluation. Fan et al. [118]
trained a large optimization-based universal network to represenBRDFs, and encode high-quality specularities.
Guo et al. [119 leveraged meta-learning for modeling and rendering layered matéls, using two networks to encode
material appearances and map between representation weightsnd physical parameters. Recently, TG et al. 120
proposed the use of neural networks to compress more compleypearances like bidirectional scattering surface
re ectance distribution functions into implicit representations.

5.4.2 Neural SVBRDF/BTF representation

Textures are key for rendering realistic virtual environments, ard there are also both analytical approximation and
generalized appearance representations. Since SVBRDFs are maally e cient in evaluating and rendering, the
neural representation of SVBRDFs is more focused on and usedrfethe recovery and derivation of SVBRDF maps
from captures [121{ 123, and sometimes the shapes of objects are also involvetiZ4 126. These studies usually
used CNNs to encode the spatial correlation of the tables and intrduced prior knowledge in image space to help
with the high dimensionality of the texture space.

However, for measured BTFs, there are no explicit parameter map to apply any priors. Therefore, the research
on neural BTF compression introduces di erent ways of modeling a utilizing the spatial relationship among the
BTF texels. The fundamental idea to represent a BTF with neural networks is to treat each texel of the texture as
a single BRDF, which is also called an apparent BRDF. Rainer et al. 127] trained individual encoders for each BTF
and used latent maps to store compressed vectors, and Figugillustrates its network structure. This representation
is further improved by Rainer et al. [128 to a uni ed model with higher quality and more compact compression
Kuznetsov et al. [129 used an over tted neural network to compress a BTF into pyramid structures and can handle
parallax e ects. This work is later further extended by Kuznetsov et al. [13( for curved surfaces. With a spatial-
angular decomposition, Fan et al. L31] proposed a neural biplane model to represent BTFs with a univeral network,
encoding both the spatial and directional information from the texture. Recently, Zeltner et al. [132] presented a
complete system to embed SVBRDF/BTF textures and rendered trem with real-time performance, thanks to the
prior transformations and sampling algorithm.

5.4.3 Neural material manipulation and operation

The manipulation and operation of the neural representations in the latent space are widely studied in previous
work, and by di erent means, some researchers managed to achie semantic editing and manifold interpolation of
these materials. One classic approach is to nd the mapping betweephysically based parameters and the latent
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Figure 9 (Color online) The structure of the material representatio n network in the work of Rainer et al. | 127]. Speci cally, these studies
sample per-pixel apparent BRDFs from the spatially-varyin g material, encoding them into a latent space, and will be fur ther decoded by a
decoder with query directions as inputs. Based on this kind o f fundamental pipeline, a series of designs for the encoders and decoders is
proposed to achieve di erent goals and re ect di erent insi ghts.
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Figure 10 (Color online) Fan etal. [ 118] introduced a generalized network to achieve high-e cienc y layering operation of materials by mapping
the latent vectors of layered material to the encodings of th eir single-layer components and physical parameters. The ¢ omparison between the
predicted resulting layered BRDFs and the ground truth is sh own, indicating the network can also deal with multiple laye ring operations.

vectors. For example, Hu et al. L12] used an MLP to map physical parameters into the latent space andtherefore,
can perturb the material by feeding di erent parameters. Another way to achieve latent space manipulation is
to nd mappings within the latent space. For example, Zheng et al. [L13 trained several individual classiers
to nd some semantically meaningful directions in the latent space aml then shifted the latent vectors along these
directions. The interpolation of the weights of neural networks fa materials is also studied by Sztrajman et al. [L14].
Apart from semantic editing and interpolation, some researchers ko focus on the advanced operations of materials
in the latent space. Fan et al. 11§ achieved the layering operation in the latent space using a pretraiad layering
network by feeding the network with the latent vectors of comporent materials and some physical parameters as
presented in Figurel0. The layering operation is also studied by Guo et al. 119, who use a meta-learning framework
to directly predict the resulting materials. Sztrajman et al. [ 114] computed the CDF for a proxy BRDF instead and
trained a network to predict the proxy BRDF parameters. Fan et al. [118 also supported importance sampling for
neural materials but directly computed the sampling results from the input latent vector by a sampling network.

5.5 Light transport computation

While the materials in the previous section show objects' “local' appe@nce, the light transport across the entire
scene is in charge of the “global' appearance, or so-called global illunaition (Gl). Gl is formulated by the rendering
equation (RE) [133 for surface objects and by the radiative transfer equation (RTE) [134] for objects made of
volume. As both RE and RTE do not have any analytical solutions, exiging approaches rely on Monte Carlo-based
techniques to solve them. At the core of these approaches is noiseduction by better path sampling, caching, or
control variates. Recently, neural networks have been introdged into these techniques. As path sampling is a typical
and active research direction, we discuss the studies related to neal path guiding (or sampling) rst, and then
we show the other surface rendering techniques with neural wosk Finally, we review neural-based participating
media rendering approaches.

5.5.1 Neural path guiding

The key to path tracing is sampling a path to connect the camera andthe light sources. The typical solutions
for sampling a path are BRDF importance sampling, light importance sanpling, or their combination, or multiple
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importance sampling (MIS). While MIS improves the robustness of diect lighting in terms of varying frequency
materials or light sources, it fails for indirect lighting, particularly for complex e ects, including caustics and glossy
indirect illumination. At this point, path guiding is introduced into path s ampling, which also considers the global
lighting distribution in the scene. The basic idea of path guiding is to stae the radiance distribution of each point
in the scene and use this distribution to guide the path sampling direcion. However, the radiance distribution
has ve dimensions (three in the spatial domain and two in the angular domain), raising di culties in storing.
Neural networks have shown their powerful capability for repregnting the spatial-varying distribution of scattered
radiance. We classify the related approaches into online learning (oscene-dependent) and o ine learning (or
scene-independent).

Online learning.  One group of path-guiding approaches is online learning, where theadiance distribution is
learned in a speci ¢ scenario. Mdller et al. [L35 used an online-learned neural network for an important sample.
Despite the high accuracy of the learned distribution, expensive irdr time is required for sampling. Zheng et
al. [136] introduced RealVNP to warp the primary sample space to obtain deged densities and sample these desired
densities rather than uniform primary space sampling. Recently, otine learning-based path guiding approachesl37,
138 have also been proposed, using a single MLP to learn the continuoudistribution of the scattered radiance
product, represented as spherical Gaussians or normalized anisopic spherical Gaussian mixtures, leading to lower
sampling variance. Besides the above studies, the neural networkas also been introduced for complex luminaries
sampling [L39 by learning a coarse, low-resolution distribution with limited accuracy. Wang et al. [14( introduced
reinforcement learning in many-light sampling to reduce variance.

O ine learning. In contrast to the online learning category, the o ine learning-based approaches learn the
distributions with large datasets and can be applied to general scess. Bako et al. 41 proposed to train a
generative adversarial network to reconstruct the desired samling distribution from the local neighborhood of
samples. Similarly, Huo et al. l4Z] proposed reconstructing the rst-bounce incident radiance eld with a CNN-
based network and sample with the deep reinforcement learning-ksed network. Unfortunately, these methods are
designed for rst-bounce sampling only, limiting their supporting Gl e ects. Later, Zhu et al. [ 143 introduced
photons into path guiding to enable arbitrary bounce sampling. After that, Zhu et al. [ 144] further improved it by
combining photon and path for robustness and including a quad-tre representation of incident radiance distribution
using nearest photons to reduce memory consumption.

5.5.2 Other neural surface rendering techniques

Besides leveraging neural networks for path sampling, it can also lme t other rendering techniques (e.g., radiance
caching and control variates), which aim at accelerating renderingor rendering approaches (e.g., photon mapping).

Ren et al. [L45 proposed the rst neural network for Gl by treating the Gl as a radiance regression function, which
maps the surface attributes to indirect illumination values. Their method is able to achieve real-time rendering
at the cost of expensive precomputation and training. Recently, Go et al. [146] extended the above method to
dynamic area light, together with other techniques, like positional encoding for high-frequency e ects, leading to
a higher quality. In contrast to o ine training, Muller et al. [ 147] proposed online training for radiance caching
by learning the radiance distribution with a single small neural network and leveraging it for real-time rendering,
achieving obvious variance reduction. Small neural work and high-prformance implementation lead to e cient
network inference. Similarly, neural networks have also been levaged to learn the norm of the residual of the
rendering equation by Hadadan et al. 148. As it is similar to radiosity-based rendering methods, it is also called
neural radiosity.

Control variates have been used for noise reduction in Monte Carlintegration. Its key idea is that the integral of
an original function is expressed as the known integral of a simpleuinction, together with the Monte Carlo estimate
of the di erence to the original integrand. When the di erence fun ction is closer to a constant, the resulting variance
will be low. Muller et al. [ 149 introduced neural networks into control variates by learning the control variate, the
integral of control variates, and the probability density function of the di erence function, leading to obvious noise
reduction.

Neural networks have also been applied to other rendering metha] like photon mapping. Usually, photon
mapping is used for rendering caustic e ects, which require a largeraount of photons to achieve the sharp features
of caustics. Zhu et al. [L150 proposed a deep neural network to predict a kernel function toaggregate photon
contributions, leading to obvious photon count requirements to adieve a similar quality.
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5.5.3 Neural participating media rendering

Di erent from surfaces, rendering participating media becomes een more challenging due to their complex light
e ects. For example, light might bounce several times before leavig the medium, leading to a long path. The light
transport in a participating medium is formulated by the radiative tra nsfer equation. Solving RTE with Monte
Carlo sampling leads to noisy renderings due to the high variance of t sampled long paths. To address this issue,
neural networks have also been introduced into participating mediun rendering to reduce variance.

Starting from Kallweit et al. [ 151], the neural network is used to predict the radiance of the participating medium
called the radiance prediction neural network (RPNN). Although th ey encode the shape with stencils, their method
cannot handle complex shapes. Upon RPNN, Hu et al.1527 further introduced multiple features for RPNN and
decoupled the high-frequency and low-frequency e ects, leadingo a lighter network, achieving a real-time frame
rate. To avoid modeling the shapes explicitly, Leonard et al. 153 relied on sphere tracing and exploited a sequence
of conditional variational auto-encoders to model the contributions of all possible paths between two points inside
a spherical region. Di erent from previous studies, Ge et al. 154 applied the neural network to represent multiple
scattering of arbitrary homogeneous in nite participating medium directly, without considering the shapes and
achieving an interactive frame rate. Although it works for thick medium, it exhibits noticeable di erences for thin
medium. Unlike the models that train neural networks for the prediction of radiance, Vicini et al. [155 proposed
a neural network to sample the exit point to t the path-tracing fr amework, where the shapes are encoded by the
rst-order approximation.

Although hair di ers from the participating medium, rendering hair als o has the same problem: the long path
due to multiple scattering among bers. KT et al. [ 156 accelerated hair rendering by learning a small MLP to
represent the multiple scattering or high-order scattering online,leading to obviously reduced variance.

5.6 Rendering post-process

After obtaining the advanced material modeling and computing the light transport faithfully, the Monte-Carlo
ray-tracing rendering engine is used to render photo-realistic imags. However, obtaining noise-free high-resolution
images via this method is time-consuming, so rendering post-procegechniques are necessary to reduce the ren-
dering cost and improve the rendering quality, mainly including denoisirg, super-resolution, and frame interpola-
tion/extrapolation.

5.6.1 Denoising for Monte Carlo rendering

Monte Carlo (MC) ray tracing comes with signi cant variance at low sample counts, and denoising is needed as a
substantial post-process. These methods are divided into o ine ad real-time algorithms based on execution time.
O ine denoising. The early studies got inspiration from traditional Iter-based meth ods (e.g., cross bilateral
and cross non-local means lters), and they focused on predictig an optimal Iter kernel for denoising. Kalantari et
al. [157] introduced the neural network for MC denoising. Their method predicts a Iter via a multilayer perceptron
neural network and conducts Itering to produce denoised images Bako et al. [158 introduced a CNN model to
predict local weighting kernels to lter pixels from their neighbors. Vogels et al. L59 further improved denoising by
several task-speci c modules and proposed an asymmetric loss fareserve details. Some advanced methods utilize
the neural network to predict noise-free images directly and foca on task-speci ¢ architecture or learning strategy
design. Chaitanya et al. L6( proposed a recurrent neural network (RNN) model consideringemporal coherence
for interactive renders, which almost runs at real-time rates. Xu & al. [16]] introduced adversarial learning into
MC denoising for the rst time and designed a novel conditioned auxiliay feature modulation method that better
utilizes feature information at the pixel level. Yu et al. [162] introduced the self-attention mechanism into MC image
denoising, which e ectively involves the auxiliary features in the denasing process. Back et al. 163 introduced
self-supervised learning into MC denoising and proposed a post-poessing network that improves the performance
of supervised learning denoisers. They designed a self-supervisieds that guides the post-correction network to
optimize its parameters without relying on the reference. The aboe methods take noisy rendered images as the
input, and the sample-based methods consider the information frm a single sample. Gharbi et al. 164 presented
the rst CNN model that can directly learn to denoise from samples. Since samples include more information, the
method produces higher quality even with only a few samples. O ine deoising techniques can present exquisite
nal images. Although it is still dicult to run in real-time and cannot be directly applied in VR applications,
the denoising ideas of some algorithms are still very worthwhile. Suleqjuent research can continue to optimize
computational e ciency by considering dynamic and temporal infor mation and designing intelligent Iters.
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Real-time denoising.  Another group of methods can run at real-time rates and thus suport online applications.
Fu et al. [165 facilitated the U-shape kernel-prediction network with a sparse aixiliary feature encoder, which focuses
solely on changed regions and reuses the history features in othezgions, reducing 50%{70% consumption without
apparent performance drops. kk et al. [L66 designed an MC denoiser that runs at interactive rates, consistig
of a ltering algorithm that uses pairwise a nity to learn iteratively-a pplied 2D dilated kernels and a temporal
aggregation mechanism that uses the same pairwise a nity to improwe the temporal stability of MC denoising
signi cantly. Balint et al. [ 167] proposed a pyramidal Iter with learnable partitioning and upsamplin g stages,
leading to considerable improvements. Hofmann et al.168 designed the open image denoiser, enabling combined
volume and surface denoising in real time and outperforming curreindenoisers in scenes containing both surfaces
and volumes.

5.6.2 Super resolution

Super resolution (SR) aims to increase the spatial resolution of imags or video frames. In real-time rendering, these
methods are mainly for reducing the computational cost by rendeing at a lower resolution and then upsampling
to the native resolution. Xiao et al. [169 introduced the deep-learning approach for high-quality upsampliry of
rendered content. Their method utilizes the available information (eg., depth, motion vector) across multiple frames
and contains a reweighting mechanism to Iter out invalid pixels. Guo et al. [17( designed a classi er, and the
network uses the classi cation results to blend the current framewith the warped last frame via a learned weight
map to get the supersampling results. They also developed dedicaleloss functions to mitigate ghost artifacts.
Yang et al. [171] considered the real-time applications on compute-limited hardware They reuse only one previous
frame and use a sub-pixel sample pattern to maximize e ciency and peserve details. Besides, they proposed a novel
metric, IF-SSIM, to evaluate the temporal stability of a video quantitatively and a public dataset, GameVideo57,
which contains 57 rendered videos and auxiliary bu ers. Zhong et al.[172 utilized high-resolution auxiliary G-
bu ers as additional input and introduced an e cient and e ective H -Net architecture to align and fuse features at
multi-resolution levels. Several commercial software packages aravailable to support SR, including DLSS1 173,
FSR1/2 [174), and XeSS 75.

5.6.3 Frame interpolation/extrapolation

Frame interpolation/extrapolation aims to increase the frame rate by interpolating intermediate or extrapolating
subsequent frames between successive input frames. Guo et dl7f presented a robust hole-marking strategy to
classify the region for inpainting and shading prediction. They also ullize lightweight gated convolutions to enable
fast inference. Briedis et al. L77] considered the cases when the motion vectors are not valid and ilize a cost
volume built from input frames and auxiliary feature bu ers (e.g., albedo and depth) to obtain the optical ow
as motion representation. Wu et al. [L78 designed a learnable motion vector, which o ers more robust motia
tracking. They developed a feature streaming network, dubbed ENet, to enable adaptive frame prediction to serve
diverse applications on demand. Briedis et al. 179 designed a kernel-based interpolation model consisting of an
attention-inspired mechanism to Il holes in warping keyframes and an adaptive interpolation strategy to achieve
better results for a given render budget. Wu et al. L8Q built a uni ed pipeline for both SR and extrapolation, which
contains a lightweight G-bu er guided warping module to obtain a good initialization and a ow-based Re nement
network to generate high-quality results. He et al. L.81] adopted a uni ed context and a shared neural network to
achieve high e ciency and designed a reshading random masking and @ent reshading module to improve the
performance. Their method also supports joint SR and extrapolaion. Some advanced software supports joint SR
and frame interpolation/extrapolation, including DLSS2/3 [ 173 and FSR3 [L74].

6 Content generation

3D content is the dominant content form in VR. Most VR application de velopments begin with constructing 3D
objects or 3D scenes as the foundation for the subsequent readng and simulation processes. The recent progress
of deep generative models provides a new way to generate 3D conteconditioned on text or 2D images, which
signi cantly reduces the workload of artists or the burden of capturing the process in 3D reconstruction.

6.1 Generative models

In machine learning, generative models refer to those models thaty to represent data distribution or the process of
data generation. For content generation, generative adversaal networks (GANs) and di usion models are popular
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since these two models are proven to be e ective in image generatiopBD object generation, and 3D scene generation.

GANs, rst proposed by Goodfellow et al. [187 in 2014, are designed to learn a mapping from a Gaussian
distribution to a data distribution through an adversarial training s trategy. Specically, a generator G and a
discriminator D are simultaneously trained. The generatorG learns to generate data samples from the latent data
distribution, while the discriminator D aims to distinguish between real samples and those generated I§y. During
training, G aims to minimize the probability of D making correct classi cations, e ectively pushing the generated
samples closer to real data. Recently, GANs have achieved signi ¢d success in image generation tasks, prompting
researchers to explore their performance in 3D generation tasksTo this end, the generatorG is trained to generate
3D data representations such as point clouds, voxels, meshes, aeural implicit representations. Achlioptas et
al. [183 proposed two networks, r-GAN and I-GAN, to handle the generaton of point clouds. The former directly
learns from raw point cloud data, while the latter incorporates a pretrained autoencoder, achieving promising
results. Knyaz et al. [184] presented Z-GAN, which utilizes correspondences between 2D sdhettes and slices of a
camera frustum to predict a voxel model of a scene with multiple obgct instances. For implicit representations, Luo
et al. [185 applied adversarial training with spherical mapping to model the implicit surfaces of objects, resulting
in smoother and more realistic results. Schwarz et al.186] proposed a model that combines NeRFs with GANS,
enabling the synthesis of high-resolution images.

However, it is challenging for GANs to generate data with extremely omplex, high-dimensional distributions.
Alternatively, di usion models derived from the classical score mathing method learn the data sampling process
to nd a path for a Gaussian noise input to reach the real data distribution [187]. These models can outperform
GANSs after being trained on a large amount of data. The key idea of dusion models is to transform the original
data distribution into a simpler distribution, such as a Gaussian distribution, through a series of noise-driven steps
called the forward process. Then, the model learns to reverse th process, known as the inverse process, to generate
new samples similar to the original data distribution. Researchers hee also combined denoising di usion models
with various types of 3D representations to explore their e ectiveness in 3D generation. Luo et al. 188 proposed
a di usion probability model for generating point clouds, modeling the reverse di usion process for point clouds
as a Markov chain conditioned on a certain shape latent. Liu et al. 189 trained a di usion model to generate
deformable tetrahedral grids, and meshes can be extracted fro the generated grids. Shap-E 190 and SDF-
Di usion [ 19]] integrate di usion models with implicit representations. The former directly generates parameters
of implicit functions, which can be rendered as textured meshes anfileRFs. The latter generates a low-resolution
signed distance function in the rst stage and performs high- delity super-resolution in the second stage.

6.2 Object generation

Object generation is the basis for building virtual scenes. It involves creating detailed and realistic 3D models of
individual objects from scratch or based on limited input data. This process is pivotal in VR applications, where
the authenticity and accuracy of generated objects signi cantly in uence the overall experience. Unlike simple 2D
image generation, 3D object generation requires a comprehensiwsderstanding of an object's geometry, texture,
and material properties.

As shown in Table 5, recent work builds upon di usion models and large-scale datasetdyasically including lifting
2D generative models, imposing multi-view images as priors, and trainig 3D native generation models.

6.2.1 Lifting 2D generative models

To leverage signi cant advancements in 2D image generation, as deomstrated by recent innovations such as
DALL E [192, Imagen [193, and Stable Di usion [194], many approaches have adopted image-based techniques,
focusing on lifting 2D images into 3D structures or using 2D images asrprs. Poole et al. [L95 were pioneers in
this eld, introducing score distillation sampling (SDS) and utilizing 2D ima ge generation with viewpoint prompts
to produce 3D shapes through NeRF 30] optimization. Despite the intriguing concept, early attempts often strug-
gled to consistently yield high-quality and diverse results, frequenly requiring repeated parameter adjustments
and lengthy optimization processes. Subsequent enhancements BDS have explored the potential of extending
the concept to various neural elds [L96{201], ranging from DMTet [ 202 to the latest 3D Gaussian Splatting [35].
Contemporary modi cations have signi cantly improved performan ce. Seo et al. 203 and Li et al. [204] attempted
to add a consistency module to utilize camera and semantic informatin. Chen et al. [205 introduced normal map
supervision to improve the convergence speed. Wang et aR(€ proposed variational score distillation, which infers
their distribution using a particle-based variational framework, enhancing the diversity and quality of generated
samples. However, 2D image di usion models used in SDS still lack an ekpit understanding of geometry and
viewpoint. The absence of perspective information and explicit 3D spervision can result in the so-called multi-head
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Table 5 Summary of studies related to 3D object generation.

Classi cation Method Venue Core technology 3D representat ion
Dreamfusion [ 195] ICLR 2023 Score distillation sampling (SDS) NeRF
Magic3d [ 196] CVPR 2023 DMTet + SDS Mesh
Points-to-3d [ 197] ACM MM 2023 Depth-guided SDS NeRF
HIFA [ 198] ICLR 2024 Variance regularization of z-coordinates NeRF
Dreamtime [ 199] ICLR 2024 Nonincreasing time sampling NeRF
;Ztr:r;?aﬁ\?e Hd-fusion [ 200] WACV 2024 multiple noise estimation processes NeRF
models GSGEN [ 201] CVPR 2024 3DGS + SDS 3DGS
3DFuse [ 203] ICLR 2024 3D consistency injection module NeRF
Sweetdreamer [ 204] ICLR 2024 Aligned geometric priors NeRF/Mesh
Fantasia3D [ 205] ICCV 2023 Normal-guided SDS Mesh
Magic123 [ 208] ICLR 2024 Hybrid 2D-3D SDS NeRF
Proli cdreamer [ 206] NeurlPS 2024 Variational SDS NeRF
Zero-1-to-3 [ 207] ICCV 2023 View-conditioned di usion NeRF
MVDream [ 212] ICLR 2024 Multi-view di usion NeRF
USD [ 209] arXiv 2023 Unbiased SDS NeuS
DreamGaussian [ 210] ICLR 2024 3DGS+SDS 3DGS
Imposing DreamCraft3D [ 211] ICLR 2024 Bootstrapped di usion Mesh
ir::]u;;\gsew as SyncDreamer [ 213] ICLR 2024 3D-aware feature attention NeuS/NeRF
priors Imagedream [ 214] arXiv 2023 Image-prompt multi-view di usion NeRF
Zerol23++ [ 215] arXiv 2023 Enhanced Zero-1-to-3 SDF volumes
Instant-3D [ 216] ISCA 2023 Sparse-view ViT Implicit elds
Wonder3D [ 217] CVPR 2024 Cross-domain di usion Mesh
Richdreamer [ 218] CVPR 2024 Normal-depth di usion Hybrid
One-2-3-45 [ 221] NeurlPS 2024 Generalizable NeuS NeuS
CLAY [ 240] TOG 2024 Native large-scale 3D di usion transformer Mesh
3D Polygen [ 228] ICML 2020 Autoregressive sequence modelling Mesh
Native MeshGPT [ 229] CVPR 2024 GPT-inspired decoder-only transformer Mesh
generation XCube [ 230] CVPR 2024 Hierarchical voxel latent di usion model Sparse voxel grids
models CraftsMan [ 241] arXiv 2024 Normal-based geometry re nement Mesh
Direct3D [ 242] NeurlPS 2024 Native large-scale image-to-3D generative m odel Mesh

Janus problem, where realistic 3D renderings fail to maintain view cosistency, and each rendered view is perceived
as the front view.

6.2.2 Imposing multi-view images as priors

To improve viewpoint consistency, subsequent work introduces viepoint information to generate consistent multi-
view images as prior. Liu et al. p07] introduced an innovative approach by training an additional mapping from the
transformation matrix to the pretrained stable di usion model to in corporate viewpoint information into the image
generation process. This strategy allows the network to acquire fpor knowledge regarding viewpoint positions and
distributions, thereby enhancing the overall generation quality. Alternative solutions also attempt to employ SDS
to optimize a coherent neural eld [208211], but they generally require a long optimization time. Shi et al. [217
proposed an enhanced view-aware self-attention mechanism andewpoint embedding method to directly generate
consistent multi-view images. Subsequent studies2l3219 have further improved the consistency of multi-view
image generation, enhancing the quality of object generation. Unlik the aforementioned methods that directly use
sparse-view neural surface eld (NeuS)Z22(Q reconstruction to obtain geometry, Liu et al. [221] had gone one step
further in One-2-3-45 to train generalizable NeuS on 3D datasetsa achieve better quality. Since the above methods
are based on 2D image supervision for generating results, they fos more on the quality of the rendered images
and often overlook the geometric delity of the generated results Consequently, the generated geometries tend to
be incomplete and lack detail.

6.2.3 3D native generation models

To address the challenges of image-based methods, a class of simlns that natively generate 3D objects has emerged.
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Large reconstruction model. The large reconstruction model (LRM) treats the generation prdblem as a single-
view or sparse-view reconstruction, utilizing a vision transformer @& the backbone network to directly reconstruct
implicit representations that include both color and density attribut es. One-2-3-45, though is viewed as using 2D
image priors, is a pioneer in this class of methods for their clever use dleuS as a geometry proxy and revealing the
possibility of imposing 3D shape priors. Subsequent studies, such &sstant-3D [216], LRM [222,223, DMV3D [ 224
and TGS [225, have introduced various strategies to enhance generation qualit Xie et al. [226] combined simple
shapes to create additional datasets, thereby improving the quatity of the dataset. However, these techniques still
focus on minimizing volumetric rendering loss rather than explicitly gererating surfaces, which results in rough or
noisy geometries.

Explicit geometric representations model. Training directly on 3D datasets and generating explicit ge-
ometric representations can clearly address surface quality issee Various representations have been attempted,
including point clouds, meshes, and voxels. Nichol et al.Z427] utilized point clouds to achieve a consistent rep-
resentation of geometry and employ a transformer-based di usia model for direct denoising on the point clouds.
This approach stands out for its simplicity and e ciency; however, it encounters signi cant challenges in converting
the generated point clouds into accurate, standard mesh surfas. Polygen 228 and MeshGPT [229 take a dif-
ferent approach by natively representing meshes through pointand surface sequences. These models are capable
of producing extremely high-quality meshes, however, they rely orsmall, high-quality datasets, which limit their
broader applicability. Ren et al. [23( proposed XCube, simplifying geometry into multi-resolution voxels kefore
di usion. Though this strategy facilitates the process, it still faces challenges in managing complex prompts and
supporting a broad range of downstream tasks, limiting its overall exibility. Methods for generating objects with
explicit representations are highly dependent on their respective equired datasets, thereby limiting the available
data volume. Clearly, a uni ed representation method that can leverage all types of data is crucial for enhancing
the generative capabilities of these models.

Implicit geometric representations model. Introducing signed distance functions (SDF) or occupancy
elds and training directly on the processed 3D data is a common solubn. Such approaches provide a more
explicit mechanism than NeRF for learning and extracting surfaces ht require the latent encoding of watertight
meshes for generation. Park et al. 231] and Yariv et al. [232 utilized optimization techniques to create unique
representations for each geometry in the training dataset. Howeer, the optimization process is sluggish, which
hampers training e ciency. Subsequent methods such as SDFusiofi233], LAS Di usion [ 234, and ShapeGPT P35
leverage intuitive 3D variational autoencoders (VAE) to encode gemetry and reconstruct SDF elds, signi cantly
mitigated the issue. Nevertheless, these methods are primarily tiaed and tested on ShapeNetZ36], a dataset
with limited richness and quantity, which constrains the diversity and quality of the generated models. Gupta et
al. [237] employed a triplane VAE for both encoding and decoding SDF elds. Onh the other hand, Shap-E [190Q,
3DShape2VecSet 238, and Michelongelo P39 adopt a dierent trajectory by utilizing transformers to encode
the input point clouds into parameters for the decoding networks, signifying a shift towards more sophisticated
neural network architectures in 3D generative models. Furthernore, Zhang et al. R4Q proposed an improved data
processing method to accommodate datasets of varying sourcaad quality. They customized a large-scale di usion
transformer compatible with multiple controls to achieve high-quality object generation. By introducing post-
processing and physically based rendering (PBR) material gener&n modules, this method demonstrated potential
for integration into industrial pipelines. Li et al. [ 24]] further proposed CraftsMan, which re nes the generated
results by using 2D normal map di usion, thereby enriching geometic detail. Wu et al. [242] attempted to use
convolutional decoders and triplane representation in the VAE deoder instead of Transformers.

Overall, methods that directly generate objects in implicit elds have demonstrated signi cant advantages in
terms of generation speed, quality, and diversity. However, thee is still room for improvement in the quantity and
quality of training data, especially when compared to the 2D image daasets used for training stable di usion. As
the community continues to expand training datasets with more diver'se 3D graphics and corresponding textual
descriptions, we anticipate reaching new levels of quality and compléty in object generation.

6.3 Scene synthesis

Unlike the aforementioned 3D object generation methods, scenegysthesis focuses more on perceiving and under-
standing objects within the scene, thus generating complex scesavith reasonable layouts and imaginative content.
Achieving realism and visual coherence in scenes can be challengingedto the intricate interplay of various el-
ements and the overall expression and aesthetic appeal. Recentetiods integrate semantic understanding and
hierarchical sequential generation into the aforementioned gemation model to enhance the overall coherence. The
basic methods of scene synthesis include implicit scene synthesis aagplicit scene synthesis. Figurell shows the
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Figure 11 Timeline of the development of scene generation technologi es in recent years.
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Figure 12 The pipeline of CC3D in the work of Bahman et al. | 244]. CC3D takes a oorplan projection of the semantic scene lay out and a
noise vector as inputs. A 2D feature eld is generated by a con ditional StyleGAN-V2 backbone based on the given layout, an d then the channels

are reshaped into a 3D feature volume. This 3D feature volume is queried using trilinear interpolation and subsequently decoded into color
and density using a small MLP. A superresolution module is us ed to upsample volume-rendered images to the target resolut ion, and a standard

StyleGAN-V2 discriminator is used. In order to ensure seman tic consistency between the layout and the rendering, equid istant coordinates are

sampled from the feature volume, and features are processed with a semantic segmentation decoder added to the discrimin ator.

development of recent scene synthesis methods in these two aspg which illustrates the trend of evolution from
GAN and AE-based methods to LLM and di usion-based methods.

6.3.1 Implicit scene synthesis

Implicit scene synthesis leverages continuous functional represtations to generate scenes. SceneDreame?43 is an
unconditional generative model that achieves unbounded 3D scengeneration from in-the-wild 2D image collections
only with a BEV (bird's-eye-view) scene representation. To achievecontrollable scene generation, some methods
introduce constraints like layout, text, and image priors. Bahmani et al. [244] injected 2D layout information
as a prior into the 3D scenes generative model, simultaneously achigg performance and e ciency. Figure 12
visualizes the framework of their GAN-based implicit scene synthesis However, due to its lack of composition
modeling, the model fails to generate in nite 3D scenes. To addresthis issue, BerfScene 445 employs a BEV-
conditioned equivariant representation, facilitating seamless compsition and in nite-scale scene generation. Xu et
al. [246] regarded an abstract object-level representation as the soe layout and proposed a 3D-aware generative
model to spatially disentangle the scene into object-centric genative radiance elds. Compared to layout priors,
text or image-based controls are a more intuitive solution. Kim et al. P47 designed a scene auto-encoder to encode
images into an implicit neural eld representation. Zheng et al. [248 proposed a two-stage uni ed approach for text-
and image-driven dynamic 3D scene generation. Zhang et al249 provided a pipeline to optimize a NeRF model
with text-related scene priors. The scene priors consist of a cornt prior generated from a text-driven 2D di usion
model and a geometric prior obtained from a monocular depth estimdon method. Zhang et al. [250 put forward

a text-driven uni ed solution for both 3D indoor and outdoor scene generation that can also facilitate navigation
using arbitrary 6-DOF camera trajectories, bene ting from its tr i-plane-based implicit representations. Applying
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Figure 13 (Color online) The pipeline of CommonScenes in the work of Zh ai et al. [ 2566]. CommonScenes consists of shared modules and

two collaborative branches layout branch and shape branch. A box-enhanced contextual graph is fed into the contextual e ncoder, yielding a
joint layout-shape distribution. A graph manipulator is th en optionally adopted to manipulate the graph for data augme ntation. Next, the

updated contextual graph is fed into the layout branch and sh ape branch for layout regression and shape generation, resp ectively. In the shape
branch, the relation encoder is leveraged to encapsulate gl obal scene-object and local object-object relationships i nto graph nodes, which are
then conditioned to the denoiser in LDM via the cross-attent ion mechanism to generate the shape latent back in some steps . Finally, a frozen
shape decoder (VQ-VAE) reconstructs a shape using the laten t shape. The nal scene is generated by tting the shape to the layouts.

layout and text guidance simultaneously, Po et al. R5]] presented a locally conditioned di usion for compositional
scene diusion, allowing control over semantic components with tex prompts and bounding boxes for seamless
transitions.

6.3.2 Explicit scene synthesis

Explicit scene synthesis, on the other hand, focuses on the direcionstruction of scenes from prede ned or generated
components, such as objects and layouts, o ering more controhnd interpretability. Hudson et al. [ 252 introduced
GANformer2, which abandons traditional black-box GAN architectures, signi cantly improving the e ciency, con-
trollability, and interpretability of scene layout. ATISS [ 253 is a novel autoregressive transformer architecture used
to create diverse and plausible synthetic indoor environments with aly the room type and its oor plan provided.

It is trained end-to-end as an autoregressive generative model,sing annotated 3D bounding boxes as supervision.
Yi et al. [254] proposed mining interaction and movement to infer 3D environmens (MIME), which is an indoor
scene generation model to produce furniture layouts consistentvith human motion. By taking generated objects
and human motions in the scene as input, it predicts the next plausibleobject and generates scenes that are more
diverse and believable by incorporating human body information. Targ et al. [255 introduced Di uScene, a dif-
fusion network to synthesize collections of 3D indoor objects by deoising a set of unordered object attributes. It
generates three-dimensional instance attributes stored within lhe unordered object set and assigns each object the
most similar geometric shape retrieved, which concatenates featas of di erent attributes, including position, size,
orientation, semantics, and geometric features. Zhai et al.456] proposed CommonScenes, a fully generative model
that can transform scene graphs into corresponding controllable8D scenes. Its pipeline consists of two branches:
one branch predicts the overall scene layout via a variational autencoder, while the other branch generates com-
patible shapes through latent di usion, capturing the relationships between global scene objects and local objects
in the scene graph while preserving shape diversity. Figurd 3 visualizes the framework of their di usion-based
explicit scene synthesis. Feng et al.Z57] investigated how large language models can act as visual plannery lgen-
erating layouts based on textual conditions, collaborating with visual generation models. They proposed a method
called LayoutGPT, which uses a style sheet language to write contexvisual demonstrations, achieving excellent
performance in 3D indoor scene synthesis.

In summary, both implicit and explicit scene synthesis methods have lheir unique advantages for scene generation
tasks. Implicit methods o er a more organic and uid approach to scene creation, while explicit methods provide
greater control and precision. As the eld continues to evolve, wecan expect to see even more sophisticated
techniques that combine the strengths of both approaches to &ate truly immersive and dynamic virtual scenes.



Wang L L , et al. Sci China Inf Sci January 2026, Vol. 69, Iss. 1, 111101:31

Table 6 We categorize recent studies on neural physics simulation b y the type of physical phenomena they target|rigid bodies, s oft bodies,

uids, and others|while analyzing both their geometric rep resentations and neural network architectures.

Classi cation Method Venue Representation Model
Groth et al. [ 263] ECCV 2018 Mesh CNN
Rigid-body Ehsani et al. [ 262] CVPR 2020 Mesh Encoder-decoder
Zesch et al. [ 258] SIGGRAPH Asia 2023 Mesh DNN
Lyu et al. [ 264] TVCG 2020 Mesh CNN & GAN
Santesteban et al. [ 268] CVPR 2021 Mesh VAE & diused model
Bertiche et al. [ 270] TOG 2022 Mesh Encoder-decoder
Soft-body Wang et al. [ 265] CVPR 2023 Mesh VAE
Zong et al. [ 277] SIGGRAPH Asia 2023 Particle & grid Neural eld
Romero et al. [ 278] SIGGRAPH Asia 2023 Mesh Neural descriptor elds
Feng et al. [ 280] CVPR 2024 Particle NeRF
Yang et al. [ 284] CAVW 2016 Grid ANN
Ma et al. [ 302] TOG 2018 Grid RL
Ummenhofer et al. [ 293] ICLR 2019 Particle Continuous CNN
Xiao et al. [ 285] CGF 2019 Grid CNN
Xiao et al. [ 286] TVCG 2020 Grid CNN
Kim et al. [ 301] TOG 2020 Particle CNN
Fluid Yan et al. [ 305] TOG 2020 Mesh & particle GAN
Chu et al. [ 283] TOG 2021 Grid GAN
Guo et al. [ 291] TOG 2021 Grid CNN
Aurand et al. [ 292] TOG 2022 Grid CNN
Chu et al. [ 289] TOG 2022 Grid PINN
Prantl et al. [ 300] NeurlPS 2022 Particle CNN
Deng et al. [ 287] TOG 2023 Grid InstantNGP-like INR
Ren et al. [ 303] TOG 2022 Particle & grid RL
Sanchez-Gonzalez et al. [ 309] ICML 2020 Particle GNN
Others Lietal [ 312] ICLR 2023 Particle & grid NeRF
Zhang et al. [ 313] TOG 2020 Particle RL
Jiang et al. [ 314] SIGGRAPH 2024 Mesh 3DGS

7 Physical simulation

Physical simulation plays a crucial role in enhancing user experience iR environments by enhancing user immer-
sion, improving user interactivity, and supporting speci ¢ professonal needs. First, by providing physical animations
that adhere to real-world laws, users are more likely to trust the VR content and become more deeply immersed
in the virtual experience. Second, the real-time evolution of physial phenomena o ers intuitive and physics-based
feedback, signi cantly enhancing the experience with immediate andealistic interactions. Lastly, accurate physics
simulation allows VR applications to extend into professional domains sch as educational experiments, medical
surgeries, and engineering operations, providing a specialized andhenced VR experience. Learning-based tech-
niques have recently introduced a revolutionary methodology to plysics simulation. These techniques enhance
conventional numerical algorithms for physics simulation, which hae been developed over decades, to e ciently
generate high-quality results for speci ¢ physical phenomena, sigi cantly improving the user experience. From
a methodological perspective, we categorize these learning-bak&chniques into two major areas: neural physics
simulation, and di erentiable physics simulation. As the dominant branch, neural physics simulation focuses on
developing neural network models that replicate, replace, or enhace conventional simulators, supporting tasks such
as physics solving, reconstruction, generation, augmentation, red control. We summarize representative research
works in Table 6, highlighting the diverse underlying geometric representations andtheir corresponding neural
network architectures. In contrast, di erentiable simulation extends traditional numerica | simulators by enabling
gradient backpropagation through the entire simulation process,facilitating applications in system identi cation,
optimization, control, and inverse problem-solving. As shown in Figue 14, di erentiable simulation techniques
have been increasingly adopted across various simulation framewks. In the following sections, we will discuss the
progress of research idearning-based methods in physics simulation, categorized by physi¢ phenomena for more
intuitive navigation|covering areas such as rigid-body dynamics, soft-body dynamics, uid dynamics, and other
types of physical systems.
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Figure 14 (Color online) We provide a summary of di erentiable simula tion studies, organized according to their geometric repre sentations

and adopted simulation frameworks.

7.1 Rigid-body simulation

Rigid-body simulation mainly focuses on the multi-body system, involving multi-body collision, friction, and var-
ious joint constraints within articulated bodies, all of which can be improved through learning-based approaches.
Nvidia [258 reformulated collisions as a novel smoothed integral to addressampling issues commonly found in
many classic collision-handling algorithms. Since the integral is di cult t o calculate numerically, they trained an
integrated neural network to represent the collision elds which can e ciently solve collisions for numerous bodies.
Their method achieves approximately 100 times speed-up compared the optimized sampling-based method while
exhibiting 2{3 times lower relative error under similar runtime settings. As for di erentiable multi-body dynamics,
Qiao et al. [259 introduced an e cient method for di erentiable simulation of articu lated bodies. By deriving the
gradients of the contact solver using spatial algebra and the adjmt method, their approach runs 10 faster while
consuming 100 less memory footprint compared to traditional autodi tools. Similar ly, in another work [260],
they improved projective dynamics with a top-down matrix assembly algorithm and used a new matrix splitting
method to apply a generalized dry friction model designed for the sib continuum in their system. Geilinger et
al. [26]] extended the uni ed treatment of frictional contact for both r igid and deformable bodies to the domain of
robotic motion control. In addition to directly applying di erentiable r igid body physics to the simulation of more
complex systems, the simulation results of rigid bodies can also be uddo infer interactions with rigid objects in
video data [262. This can help neural networks gain a better understanding of theunderlying physical principles
present in the video. Groth et al. [263 adopted a similar approach, leveraging rigid body simulation to enable
models to gain physical intuition. This allows the models to autonomou$y construct stable stack structures and
even restore balance to initially unstable stacks.

7.2 Soft-body simulation

Soft-body simulation is widely used for materials of various dimensionsincluding hair, cloth, and interactive
volumetric soft bodies. By applying neural networks to their xed t opologies, learning-based methods enhance
the e ciency and accuracy of dynamics, as well as provide improvedinteraction, reconstruction, and generation
capabilities.

7.2.1 Hair and cloth simulation

In virtual reality, the realism of hair and cloth motion is essential for achieving lifelike character delity, whether for
humans or animals. Recent advancements in learning-based methedave dramatically enhanced the simulation of
hair and cloth, leading to a more immersive and engaging VR experience

For hair simulation, Lyu et al. [ 264 proposed the rst CNN-integrated framework for diverse hairstyles, achieving
visually realistic hair simulation at interactive speeds (6.4 FPS with over60k strands, compared to 0.4 FPS with full
simulation). Pre-trained on representative hairstyles, the neura interpolator and ne-scale displacement generator
exhibit robust generalization across new hairstyles and poses, maig it suitable for interactive VR applications.

Wang et al. [265 introduced a two-stage data-driven approach that models hair idependently of the head. The
rst stage learns hair geometry, tracking, and appearance for tate compression, while the second stage samples
temporally adjacent hair encodings to train a temporal transfer module for dynamic modeling.

Regarding cloth simulation, Liang et al. [266] di erentiated a cloth simulator to estimate material properties and
control cloth motion. In their work, the cloth simulation is embedded as a layer within neural network frameworks,
providing an e ective and robust method for modeling cloth dynamics, self-collisions, and contacts. Li et al. 267
developed a PD-based di erentiable cloth simulator that e ciently ha ndles gradients in the presence of complex
contact events. To address garment-body collisions, Santesteln et al. [268 proposed a novel data-driven method for
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Figure 15 (Color online) A key strategy in learning-based accelerate d soft-body simulation in the work of Fulton et al. [ 274] is to encode

dynamic features into a reduced-order latent space.

virtual try-on. They introduced a di used character model to ex trapolate body surface properties, which are then
used to project garments to a canonical space. This represertian was used to train a generative model with a novel
self-supervised collision term, e ectively solving garment-body inte-penetrations. Meanwhile, Bertiche et al. P69
proposed an unsupervised deep learning approach to obtain realistpose space deformations via implicit physics-
based simulation. This method is e cient and easily integrated. Furth ermore, Bertiche et al. R7( introduced
the rst method to learn cloth dynamics unsupervised, employing a rovel disentangled architecture that enhances
generalization for new motion augmentation. Reconstructing the @pearance and motion of cloth from real-world
data is another important topic for cloth animation. It provides high ly customized cloth generation and improves the
authenticity in the VR environment. Zhang et al. [ 271] presented a network model called dynamic neural garments,
which takes the target skeleton motion as input and e ciently outpu ts realistic dynamic garment appearances from
a desired viewpoint. To enhance the physical delity of cloth animation on virtual characters for VR users, Xiang
et al. [272) proposed a physically inspired clothing appearance network that gnerates realistic cloth simulations
on photorealistic characters. Neural cloth animation can be furtrer applied in interactive applications. Wang et
al. [273 presented a deep-learning approach for semi-automatic garmeanimation. Their system enables users to
de ne the desired garment shape in keyframes for interactive edihg and visualization. For new character motions,
the latent representation automatically generates plausible garmet animations at interactive rates.

7.2.2 Volumetric soft-body simulation

In addition to the contribution of hair and cloth motion to the physica | delity of VR environments, volumetric
soft-body simulation also plays a signi cant role. Traditional volumetric soft-body simulations are often ine cient
and challenging to control. Neural networks mitigate these issuesylearning the dynamics of volumetric soft-body
simulations.

Fulton et al. [274] proposed an approach that solves deformable solid dynamics usirgvariational formulation of
implicit integration in the latent space. As shown in Figure 15, this reduced model, trained on example deformations
with an autoencoder, accelerates simulation by operating in a low-diransional nonlinear latent space. To better
control volumetric soft-body simulations, Du et al. [275 developed a fast, di erentiable simulator based on projective
dynamics and a di erentiable collision handling algorithm. This simulator a ccelerates backpropagation by exploiting
the prefactorized Cholesky decomposition, allowing physics priorsd integrate more e ectively into data-driven
approaches for dynamical systems involving soft-bodies, resultmin a 4{19 times speedup compared to standard
Newton's method. Huang et al. P76 developed a general dierentiable solver that integrates the incemental
potential contact (IPC) method, supporting both static and dyn amic problems while enabling di erentiation with
respect to geometric and physical parameters. Zong et al2[77] introduced a hybrid framework combining neural
networks and physics for modeling elastoplasticity and fracture. They used neural stress, deformation, and a ne
elds in MPM, achieving a signi cant reduction of approximately 10 time s in computation time and around 100000
times reduction in memory usage. Unlike previous works focused onpsci c object pairs, Romero et al. 27§
developed a neural model that supports general rigid collider shags with a novel collider descriptor. This learning-
based deformation model produces detailed animations and enablebject exploration and manipulation.

Applying neural soft-body techniques in reconstructed VR enviroiments enables physically simulating and in-
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teracting with virtual objects, enhancing the user's VR experien®. Yang et al. 279 adopted the di erentiable
backward solver proposed by Du et al. 275 to develop an implicit neural representation for controlling active soft
bodies. Their method is applicable to volumetric soft bodies and faciaéxpressions, o ering potential for interactive
applications in virtual reality. Feng et al. [ 280 proposed PIE-NeRF, integrating physics-based hyperelastic simla-
tions with NeRF to generate realistic elastodynamics of real-world olects. The geometry of the objects is sampled
in a meshless manner, followed by spatial model reduction, enablingersatile simulations at interactive rates. Users
can interact with the objects by applying external forces in 3D sca@es. Zhang et al. 281] proposed PhysDreamer,
enabling real-time, physics-based interaction with 3D objects usinghe di erentiable MPM method. They utilized
prior knowledge of object dynamics learned from 3D Gaussian prerdined video generation models to enable static
3D objects to respond dynamically to interactive stimuli in a physically plausible manner.

7.3 Fluid simulation

Fluid simulation, characterized by its complex physical properties am evolving intricate geometry governed by
the Navier-Stokes equations, presents signi cant challenges in # physical simulation. Learning-based techniques
open up new possibilities for understanding uid materials, geometry and dynamics and for further reconstructing,

enhancing, and generating uid phenomena.

7.3.1 Gas simulation

Gaseous phenomena such as wind, smoke, and re are common in tmeal world. Researchers have long studied
these basic uid phenomena and are now integrating them with learnirg-based techniques to create more realistic or
faster simulations in various applications. The relevant studies are gnerally divided into neural dynamics simulation
and neural e ect generation. We will commence with the neural dyramics simulation of gaseous phenomena.

Takahashi et al. [287] introduced a di erentiable smoke simulator integrated with neural networks for learning
dynamics and solving control problems, enabling e cient gradient computation and one-way uid-solid coupling
with sub-grid details, outperforming prior techniques for uid cont rol and inverse problems. Chu et al. 283
introduced a data-driven adversarial model for deriving uid velocity elds from density maps, enabling control via
obstacles, parameters, energy, and vorticity for more interpréable and controllable uid simulations.

Researchers are also exploring the neural physics solver, a novigchnique that utilizes neural networks to
predict physics dynamics e ciently. By encoding and learning the physics state in latent space, neural solvers
achieve superior performance and accuracy compared with tradibnal numerical solvers. A data-driven projection
methodology, pioneered by Yang et al. 284, harnesses the power of arti cial neural networks to expedite he
projection phase in smoke simulations, ensuring consistent compational e ciency regardless of the complexity of
the scene. Xiao et al. 285 proposed a learning-based ow correction method using a deep owolutional neural
network to quickly preview Eulerian smoke simulations, accurately maching low-resolution simulations to high-
resolution counterparts. They [286] also presented a neural solver that leverages a deep convolutiaimeural network
to e ciently tackle large-scale Poisson systems in Eulerian smoke simlations, achieving a signi cant speedup of up
to two orders of magnitude in the projection step while maintaining bath accuracy and versatility. Deng et al. [287]
introduced neural ow maps, a neural solver that leverages implicitneural representations and ow map theory to
achieve state-of-the-art vortical smoke simulations using spatifly sparse neural elds, preserving intricate vortical
structures with high delity. Compared with modern numerical solvers, it reduces advection error by about an
order of magnitude.

While neural physics solvers aim to replicate physical behavior, othemethods focus on reconstructing simulations
from limited data and augmenting them with stylistic control. Eckert e t al. [28§ introduced ScalarFlow, a large-
scale dataset of real-world smoke reconstructions, and a framesk for accurate physics-based recovery from sparse
videos, highlighting complex buoyancy-driven ows for graphics, vison, and learning applications. Chu et al. P89
presented a novel approach for high- delity uid reconstruction from sparse videos, leveraging Navier-Stokes physics
and neural networks, resolving uid-obstacle interactions and anbiguities to enable robust reconstructions.

Researchers have been investigating gas style transfer, a mettidor controlling the appearance of generated gas
in a unique way. It involves adding customizable details without violating the physical laws of smoke ow. Kim et
al. [29( introduced a neural style transfer method for smoke simulationsenabling content-aware manipulation with
natural image features. Guo et al. P91] proposed a neural network approach for volumetric style traner, e ciently
creating heterogeneous single-scattering albedo volumes from 2Btyle images and enabling diverse translucent
e ects for 3D models. Aurand et al. [292] introduced an improved volumetric neural style transfer method for
smoke simulations, enabling faster, simpler, and more controllable gtizations while eliminating camera-dependent
artifacts through a feed-forward neural network.
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7.3.2 Liquid simulation

Unlike gases, liquid phenomena|such as water, oil, or honeyl|are typ ically more intricate, often involving highly
dynamic free surfaces and strict incompressibility. In recent yeas, learning-based methods have emerged as a novel
approach for simulating a range of complex liquid behaviors.

In the realm of neural dynamics solver, Ummenhofer et al. 293 presented a Lagrangian liquid simulation uti-
lizing convolutional networks with spatial convolutions on dynamic particles, surpassing previous methods in both
accuracy and speed for various material simulations. Shao et al2p4 introduced TIE, a transformer-based ap-
proach for particle-based liquid simulations, which captures particleinteractions without relying on explicit edges,
demonstrating superior performance and generalization comparkto graph neural network methods. Li et al. [295
developed MPMNet, a hybrid data-driven framework that integrat es the material point method (MPM) with neu-
ral networks to achieve e cient and precise liquid-solid interactions, maintaining physical accuracy while enabling
numerical acceleration (28 speed-up compared with the conventional method).

Reconstruction of liquid e ects is often challenging due to the trangarent nature of liquids. As a result, current
e orts primarily focus on inferring the internal dynamics of liquids fr om observable uctuations on the liquid
surface. Franz et al. P96 introduced a novel volumetric ow reconstruction method employing global transport
formulation and learned self-supervision, enabling realistic uid motion reconstruction from sparse views. Guan
et al. [297] presented NeuroFluid, an unsupervised two-stage network dégned for liquid dynamics reconstruction
from visual observations. This method utilizes a particle-driven rerderer and a transition model to estimate uid
physics accurately. Xiao et al. p9§ proposed a novel framework for reconstructing liquid dynamics fom sparse
observations. By leveraging a di erentiable simulator and divergene-free eigenfunctions, this method achieves
physically consistent and e cient uid reconstruction.

Another set of works aims to enhance neural liquid simulation with ner detail, strict adherence to physical con-
straints, or speci c artistic styles. Roy et al. [299 introduced a deep up-scaling technique for high-resolution liquid
details, leveraging neighborhood convolutions and particle-based tarpolation. In addition, Prantl et al. [ 30Q] intro-
duced a method using antisymmetrical convolutions to strictly congerve momentum in learned liquid simulations,
resulting in enhanced details. Besides, a neural style transfer appach for 3D uids [301] was presented, leverag-
ing a Lagrangian particle representation to enhance artistic contol over liquid details while improving temporal
consistency and reducing computational time.

Controlling or interacting with liquids is a topic that creates immersive and engaging experiences for users,
especially in contexts highly relevant to VR applications. For liquid control, considering the complexity of the
liquid system, recent researchers prefer to apply reinforcemerearning techniques to achieve the indirect control of
uid-solid coupling systems. Ma et al. [30Z proposed a neural-network-driven controller, trained by reinfacement
learning, to control liquid jets and rigid body interactions at simulatio n boundaries, generating plausible anima-
tions for 2D tasks. Ren et al. BO3 proposed an adaptive learning-based controller for coupled uidsolid systems,
excelling in liquid control tasks through meta-reinforcement learnirg and a novel task representation. Additionally,
a di erentiable SPH-based uid-rigid coupling simulator [ 304] enables e cient rigid body control in liquid environ-
ments, addressing gradient issues and minimizing computational cés. For interacting with liquids, Yan et al. [ 305
presented a novel system that enables amateur users to genégarealistic liquid splashes in minutes, leveraging a
conditional GAN trained on physics-based simulations and considerig stroke trajectory and speed for intuitive
liquid interaction in a VR environment. Feng et al. [ 306] demonstrated the integration of physics-based animations
of solids and uids with 3D Gaussian Splatting to create realistic scens, focusing on liquid interactions through
enhanced kernel normals and physically based rendering for dynaimsurface re ections.

7.4 Other physical simulation

In addition to these specic elds of physics simulation, other studies aim to develop general neural frames or
techniques for multi-physics simulation. Hu et al. introduced di Taich i [307,308, a framework based on the Taichi
language, enhancing both the e ciency and productivity of generd-purpose di erentiable physics simulations.
Sanchez-Gonzalez et al.309 proposed graph network-based simulators (GNS) to reproducearious particle-based
physics simulations, including uids, rigid, and deformable. By treating underlying particles as graph nodes, GNS
encodes the input state in a latent graph and predicts the dynamicwia learned message-passing on the graph. Nvidia
has implemented a multi-physics eld simulation framework called SimNet[310], which takes spatial location and
physical parameters as inputs and learns the PDE solutions throuly a fully connected network. SimNet has been
applied in both forward simulations involving turbulent details and complex obstacles and inverse problems like
industrial design optimization. They validate SimNet by conducting a comparative study with OpenFOAM and
a commercial solver, where SimNet achieves 45000and 135000 acceleration, respectively, while maintaining a
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15% prediction error compared to OpenFOAM's 4.5%. Recently, Wanget al. [311] advanced the grid-based neural
simulation by employing a multi-resolution hash grid. To improve the acauracy and exibility in elastic deformation
and vortical ows, they introduced two key enhancements: a highorder di erential operator for optimization
e ciency and an octree-based neural geometry sampling method @ accelerate interface searching.

Leveraging these multiphysics simulation techniques, researcheese pioneering new frontiers in VR-related appli-
cations, such as real-world physical reconstruction, immersive pysical interactions, and physical content creation.
Building upon MPM, Li et al. [ 312 proposed physics augmented continuum neural radiance elds (RC-NeRF) to
reconstruct the physical e ects from multi-view videos, capturing both physical parameters and geometries. PAC-
NeRF ensures the physical plausibility of reconstruction by integrding NeRF techniques with continuum mechanics
through a hybrid Eulerian-Lagrangian representation and an MPM di erentiable simulator. As for the interaction,
Zhang et al. [313 introduced a reinforcement learning framework with a position-based dynamics (PBD) simulator
to train characters in manipulating amorphous materials. Jiang et al.[314] implemented VR-GS, a highly realistic
interactive system in VR based on the Gaussian Splatting techniquesStarting from a Gaussian Splatting scene, the
system constructs a simulation-ready environment through segrmntation, inpainting, and mesh reconstruction and
incorporates a PBD simulator for an immersive interactive VR experience. Huang et al. B15 introduced Di VL, a
method allowing non-expert users to communicate soft-body maniplation tasks using vision and natural language.
Their method leverages large language models to assist the di eref@ble physics solver in handling long-horizon,
multistage tasks. Physically based content creation is an emergingdpic. Qiu et al. [316] proposed feature splat-
ting to enable language-driven, physics-based Gaussian Splattingcene editing. Using multi-view photos and text
prompts as inputs, feature splatting constructs a Gaussian Splatng segmented scene with a large-scale 2D vision
model, automatically assigning physical attributes to scene compoants. An MPM-based physics engine is further
integrated to create realistic physics animation within the Gaussian $latting scene.

8 Virtual character

The research on virtual characters is mainly concerned with the digization and animation of real-world characters
or generated characters. The two most commonly used types ofirfual characters in VR applications are avatars
and agents. Avatars are usually motion-driven, and currently, text and audio inputs are used to generate motions,
based on which animatable avatars are explored to create realisticral adaptable virtual characters. Research on
agents has focused on exploring agents that can autonomously spond to the environment, thus enhancing the
interactivity and realism of the virtual experience.

8.1 Motion generation

Motion generation aims to generate realistic and varied human movermnt sequences, which have various applications
in the VR domain, such as teaching and training, and contextual extapolation. The primary challenge of motion
generation lies in creating sequences that are both perceptually edistic and diverse. Based on dierent input
types, the generation of gestures is mainly divided into text-basedyesture generation, including action commands
and general text-based methods, and audio-based gesture gemtion, including speech and music-based methods.
In Table 7, we list some representative research studies and the datasethdy used B17,331, 334,335,338 349.

8.1.1 Text-based motion generation

Text-based motion generation uses textual descriptions to cre@ corresponding motion sequences. The core concept
behind it is combining natural language processing with motion generéion, enabling computers to understand
textual descriptions and produce corresponding actions. It maity includes two types: generating motion sequences
from speci ¢ action commands (action-to-motion) and generatingmotion sequences from general textual descriptions
(text-to-motion).

Action-to-motion aims to produce precise and accurate motion segences based on explicit action instructions
with high controllability and predictability such as \walk", \jump", or\  turn left". Action2Motion[ 317 introduces a
novel VAE framework based on Lie Algebra to generate diverse andatural sets of human motions for speci ed action
categories. Petrovich et al. B1§ introduced ACTOR, a transformer-based architecture with postional encodings
to generate variable-length motion sequences directly, avoiding nan pose regression and introducing the sequence-
level embedding, unlike frame-level approaches such as Action2Mon. SA-GCN [319 combines the self-attention
mechanism with graph convolutional networks (GCN), dynamically focusing on key past frames to capture structural
information in action sequences e ectively. Likewise, Kinetic-GAN [32(0 combines the advantages of GANs and
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Table 7 Summary of studies related to human motion generation.

Classification Method Venue Model Representation Dataset
Action2Motion [ 317] ACM MM 2020 VAE Rotation Action2Motion [ 317 ], NTU-RGB+D 120 [ 338 ]
ACTOR [ 318] ICCV 2021 VAE Rotation Action2Motion [ 317 ], NTU-RGB+D 120 [ 338], UESTC [ 339]
SA-GCN [ 319] ECCV 2020 GAN Keypoints NTU-RGB+D 120 [ 338 ], Human3.6M [ 340]
Action Kinetic-GAN [ 320] WACV 2022 GAN Keypoints NTU-RGB+D 120 [ 338 ], Human3.6M [ 340 ], NTU-RGB+D [ 341]
ODMO [ 321] MM 2024 VAE Keypoints Action2Motion [ 317], UESTC [ 339]
PoseGPT [ 322] ECCV 2022 VAE Rotation Action2Motion [ 317 ], BABEL [ 342], GRAB [ 343]
MultiAct [ 323] AAAI 2023 VAE Keypoints/rotation BABEL [ 342]
Text2Action [ 324 ] ICRA 2018 GAN Keypoints MSR-VTT [ 344 ]
JL2P [ 325] 3DV 2019 Regression Keypoints KIT Motion Language [ 345]
TEMOS [ 326] ECCV 2022 VAE Keypoints KIT Motion Language [ 345]
General text TM2T [ 327 ECCV 2022 VAE Keypoints HumanML3D [ 346 ], KIT Motion Language [ 345]
AvatarCLIP [ 328 ] TOG 2022 VAE Rotation AMASS [ 347]
MotionCLIP [ 329] ECCV 2022 Regression Rotation BABEL [ 342]
MoFusion [ 330 ] CVPR 2023 Diffusion Keypoints HumanML3D [ 346 ], BABEL [ 342, Al choreographer [ 348 ]
Speech2Gesture [ 331] CVPR 2019 GAN Keypoints Speech2Gesture [ 331]
Speech Audio2Gestures [ 332] ICCV 2021 VAE Keypoints/rotation Speech2Gesture [ 331 ], Trinity [ 349 ]
Yoon et al. [ 333] TOG 2020 GAN Keypoints Human3.6M [ 340 ]
ChoreoMaster [ 334] TOG2021 Motion Graph Rotation ChoreoMaster [ 334 ]
Music Pc-dance [ 335] MM 2022 Motion Graph Rotation Pc-dance [ 335]
MNET [ 336] CVPR 2022 GAN Rotation Al Choreographer [ 348 ]
EDGE [ 337] CVPR 2023 Diffusion Rotation Al Choreographer [ 348 ]
CLIP Texts
Ltext J r J A
: L A
Motion /,4 L
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CLIP Images
Figure 16 (Color online) MotionCLIP in the work of Tevet et al. [ 329] trains a motion auto-encoder to simultaneously reconstru ct motion
sequences while aligning their latent representations wit h corresponding text and image representations in CLIP spac e.

GCNs to generate human motion sequences from the latent spaceardctly. Furthermore, Lu et al. [ 321] proposed
ODMO for generating 3D human motion sequences solely based on &t types, utilizing contrastive learning for
e ective style discovery and hierarchical trajectory control in its encoder-decoder architecture. PoseGPT3p2
compresses human motion into a discrete latent space based on anta-regressive transformer, allowing generation
without relying on observed past motions. Additionally, some approahes focus on generating motions involving
multiple actions. For instance, MultiAct [ 323 achieves this by using a uni ed recurrent generation system to
produce realistic long-term 3D human motion sequences from multiplexction labels.

The shortcomings of action-to-action in creating lifelike and adaptéle movements are compensated by the fact
that text-to-action can generate motion sequences based on haral language inputs, thus allowing a wider range
of expressive motions. Text2Action B24] is a GAN-based SEQ2SEQ model with a text encoder converting inpu
sentences into feature vectors, enabling an attention-based #&on decoder to generate corresponding actions from
the encoded text sequences. Ahuja et al.3R5 proposed the joint language-to-pose model (JL2P), which lears
a joint embedding space of these two modalities and employs a curritum training strategy to handle sequences
of varying complexity. In recent years, the variational autoencaler has drawn a surge of interest because of its
capability to learn complex latent representations and generate dierse and realistic outputs. TEMOS B2€] utilizes
VAE and incorporates a text encoder to generate expressive bgdmotions. Similarly, TM2T [ 327] uses both motion
and text tokens, integrates the motion2text module into the inverse alignment process of the text2motion training
pipeline, and uses VAE to train them. Moreover, some models utilize tle vision-language model to complete the
text-to-motion task. AvatarCLIP [ 32§ leverages the contrastive language-image pre-training (CLIP) ¢ supervise
neural human generation, enabling zero-shot generation of nov@nimated avatars. MotionCLIP [ 329 aligns 3D
motion with text labels in CLIP-space using a transformer-based ato-encoder, enhancing semantic understanding
and motion generation through CLIP's visual insights, as shown in Figire 16. Additionally, di usion models are
employed for their ability to generate high-quality and detailed outputs. Dabral et al. [33( introduced MoFusion, a
denoising-di usion-based framework featuring a 1D U-Net for faser reverse di usion, capable of generating motion
sequences from both music and text.
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8.1.2 Audio-based motion generation

Auditory signals are much more complex than text, and their features contain spectrograms, mel-frequency cepstral
coe cients (MFCCs), chroma features, and so on. When it comes b motion generation through audio, two aspects
are usually taken into account, namely the semantic information andthe temporal structure, i.e., the rhythm, the
beat, and the timing information of the notes. Thus, this section focuses on two subtasks: speech-to-gesture and
music-to-dance correspondingly.

The goal of the speech-to-gesture task is to generate correspding hand gestures based on speech input, making
the virtual characters perform natural and appropriate gestures while speaking. Some methods utilize only text,
while more rely solely on audio, and some combine both modalities. Ginosat al. [331] generated motion from
speech by mapping audio to pose, with an adversarial discriminatoresuring realistic gestures. Audio2Gesturesj32
splits the latent code into shared and motion-speci ¢ codes to germate diverse gestures with random sampling and
relaxed motion loss. Yoon et al. B33 took the text, audio, and speaker identity all into consideration and generated
gestures under a multimodal context.

The music-to-dance task aims to generate motion sequences thabrrespond to a given piece of music, improving
the overall aesthetic and expressive quality of the dance moveménfor virtual characters. Some methods are based
on the classical motion graph framework, while some are based on G¥s. On the one hand, ChoreoMaster334 cap-
tures music-dance connections through choreomusical embeddjs and integrates them into a graph-based synthesis
framework, and generates a dance sequence to synchronize witte input music, re ecting its style, rhythm, and
structure. Pc-dance B35 utilizes a music-to-dance alignment embedding network and pseudtabel of the rhythm,
generating dance with a posture constraint. On the other hand, MNET [ 336] integrates a music style code into the
generator and designs a multi-task discriminator for per-style clasi cation. EDGE [ 337 uses a transformer-based
di usion model paired with a music feature extractor to generate alitable dance motions from music.

8.2 Avatar creation

3D avatar creation involves the reconstruction of the human bodyand the creation of animatable avatars. While

reconstructing the human body focuses on basic human digitizatiortechniques to recover body geometry and
texture information for further avatar creation, creating anima table avatars emphasizes the development of avatar
models that can be driven by novel motions and rendered with genettive appearances for lifelike animation and

multi-modality manipulation.

8.2.1 Human reconstruction

Human reconstruction aims to create a digital 3D model of a human ifom various forms of input data, including
images, videos, or depth scans. Techniques for human reconsttion can be divided into traditional and modern
reconstruction based on the input data type and methods used.

Traditional reconstruction methods usually rely on complex hardware devices to capture observation data of the
target human body, such as multi-view images and depth information Based on the data collected by human
capture systems consisting of multiple arranged industrial camera and depth cameras, researchers employ the
structure from motion (SfM) [ 350 technique to determine camera poses, use the multi-view steredAVS) [351, 357
method to calculate depth information and exploit the depth fusion agorithms [353 35€] to construct the 3D mesh
model. Schenberger et al. B57] proposed a per-pixel camera view selection strategy based ondhPatchMatch [358]
framework in the MVS stage to enhance dense reconstruction, &@éeving more accurate reconstruction of ne
structures and weak texture areas such as human hair and skin.

Though achieving good performance, the high computational comiexity of traditional pipelines renders them
unsuitable for real-time interactive applications. Therefore, moden methods utilize depth maps acquired by depth
sensors for real-time reconstruction through direct depth fusim. DynamicFusion [359 rst achieves dynamic hu-
man body reconstruction from a single depth camera, but it encouters di culties when handling fast movements
and matching depth maps with the previous frame's model. DoubleFu®n [36( uses the skinned multi-person
linear model (SMPL) [36]] to capture human motions and use it as a regularization term to costrain the opti-
mization process of the deformation graph, preventing it from geting stuck in local optima. However, since the
SMPL model does not encompass clothing dynamics, its optimization fothe deformation graph for loose clothing
remains constrained. Motion2Fusion B62] uses high-speed depth sensors to reduce the motion amplitude taeen
frames, enabling more accurate deformation graph recovery. RmstFusion [363 introduces a data-driven model
reconstruction algorithm, achieving high-quality dynamic human reconstruction using a monocular RGB-D camera.
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Classification Method

Venue

Representation

Input data

Neural Body [ 368 ]

CVPR 2021

NeRF

Sparse-view videos

MetaAvatar [ 369 ] NeurlPS 2021 Neurl SDF Monocular depth images
Neural-GIF [ 370] ICCV 2021 SDF 3D scans
LEAP [ 371] CVPR 2021 Occupancy field 3D pose
SCANimate [ 372] CVPR 2021 Implicit function 3D scans
SNARF [ 373] ICCV 2021 Implicit surface 3D scans
Human avatar
Bagautdinov et al. [ 374 ] TOG 2021 CVAE 3D pose
Animatable NeRF [ 375] ICCV 2021 NeRF Multi-view videos
AvatarRex [ 376 ] TOG 2023 NeRF Multi-view video
HumanNeRF [ 377] CVPR 2022 NeRF Monocular video
Neural Actor [ 378] TOG 2021 NeRF 3D pose
Animatable Gaussian [ 379] CVPR 2024 3DGS Multi-view images
Jackson et al. [ 380] ICCV 2017 Voxel grid Single image
Feng et al. [ 381] ECCV 2018 2D UV position map Single image
Jiang et al. [ 382] |IEEE TIP 2018 3D morphable model Multi-view images

Wu et al. [ 383]

Bai et al. [ 384]
Head/facial avatar Yenamandra et al. [ 385]
Wang et al. [ 386 ]
Zheng et al. [ 387]
Zhuang et al. [ 388 ]

Hong et al. [ 389 ]
AD-NeRF [ 390]
Gao etal. [ 391]

CVPR 2019
CVPR 2020
CVPR 2021
IEEE TMM 2021
CVPR 2022
ECCV 2022
CVPR 2022
ICCV 2021
TOG 2022

3D morphable model
3D morphable model

Implicit 3D morphable model

SDF
Implicit deformation field
NeRF
NeRF
NeRF
NeRF

Multi-view images
Multi-view images
3D scans
Multi-view images
Monocular videos
Single image
Single image
Monocular videos (including audio)
Monocular videos

ClipFace [ 398 ]

SIGGRAPH 2023

3D morphable model

Text

Rodin [ 399] CVPR 2023 NeRF, diffusion model Text/image
Avatar with generative appearance DreamHuman [ 400 ] NeurlPS 2024 NeRF Text
imGHUM [ 401 ] ICCV 2021 SDF 3D mesh
HumanNorm [ 402 ] CVPR 2024 Diffusion model Text

Another way for human reconstruction is model-free, addressinghe loose clothing limitation by predicting
occupancy values of a volumetric space. Pixel-aligned implicit functior{PIFu) [ 364] aligns pixel-level local features to
the overall object context through fully convolutional operations and utilizes an MLP to infer depth and occupancy
values directly from these features. However, depth ambiguitiesrbm single-image inputs limit PIFu's ability
to handle complex poses, and the quality of 3D datasets also resttis the e ectiveness of PIFu-based methods.
The NeRF series B0, 91, 92] of studies o ers users an easy way to create high-quality, rendable human models.
Users simply need to have the target person remain still and captue a set of images using a monocular camera
from various angles. These images can then be used to optimize theeRF of the human body. For example,
DoubleField [365 combines the merits of both surface eld and radiance eld for high delity human reconstruction
and rendering. Still, achieving real-time and high-quality reconstrudion with NeRF under sparse view conditions
remains challenging. DiuStereo [366 integrates the continuity of di usion models with current learning- based
iterative stereo to achieve high-quality human depth estimation.

8.2.2 Animatable avatar

Human Reconstruction focuses on how to recover the 3D geométr information of the human body from 2D
image observations, achieving dimensionality upscaling. In contrastthe goal of animatable avatar modeling is
not only to obtain a 3D human reconstruction consistent with the image but also to enable new motion driving
and generate corresponding images. The driveability of the human @&dy and head/facial models is crucial for
various VR applications containing digital humans, including immersive virtual meetings and virtual companions
that necessitate reconstructed digital humans controlled by hunan postures. The representative works are listed in
Table 8.

Human avatar. The SMPL and SMPL-X [367] models achieve driveability by the pose parameters. Based on
this, researchers have applied deformation techniques to obtainaformable 3D human models. Neural Body 368
combines the SMLP model with NeRFs, integrating observations fron di erent video frames using human priors
to reconstruct free-viewpoint videos from sparse-view videos. blvever, this method is unable to produce dynamic
details accompanying pose changes, such as clothing wrinkles, leadiresearchers to explore the use of implicit elds.
MetaAvatar [ 369 and Neural-GIF [370 map every point in space to a standard pose, such as the T-posesing
inverse skinning methods, and then learn the non-rigid deformatios of clothing in the standard pose. LEAP B7]]
and SCANimate [372 use neural networks to learn forward and inverse skinning elds ad impose cycle-consistency
constraints between them. To better adapt to new poses, SNARH373 proposes a di erentiable forward skinning
model that uses an iterative root- nding method to query any point's corresponding position in the standard pose
within the pose space.

To achieve textured results, traditional methods typically begin by reconstructing a polygonal mesh model of a
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Figure 17 (Color online) Wang et al. [ 386] employed implicit di erentiable rendering methods to mod el head geometry and incorporated priors

to enhance reconstruction accuracy and robustness.

speci ¢ object with textures and materials and then generating itsmotion, resulting in generally lower image quality.
Bagautdinov et al. [374 from Meta Reality Lab modeled dynamic geometry and appearance Y decomposing the
driving signals, achieving the rst high- delity human avatar modeling , which provides the possibility of obtaining
more realistic avatar images.

In recent years, neural volume rendering techniques have demstrated advantages in rendering highly realistic
free-viewpoint e ects for both static scenes and dynamic sequeres. Some approaches use NeRF and deformation
elds to depict dynamic human bodies. Animatable NeRF [375 combines human pose parameters with skin weight
elds to form deformation elds, driving models based on skeletal sknning. AvatarRex [376] learns NeRF-based
full-body avatars from video data, providing expressive control wer the body, hands, and face while supporting real-
time animation and rendering. HumanNeRF [377] decomposes dynamic scenes into standard static scene models
and deformation elds, integrating information from di erent times explicitly into static scene models through
deformation elds. This method reconstructs 3D dynamic human bady models from sparse-view videos, surpassing
Neural Body. These methods decompose the dynamic human bodytima deformation eld based on inverse skinning
and a neural radiance eld in a standard pose. By mapping the NeRFf di erent poses into the standard space,
better pose generalization is achieved. However, these methodsave limited capability in synthesizing appearance
details, making it di cult to generate realistic dynamic wrinkle changes . Therefore, Neural Actor [378 proposes
feature texture maps as additional input signals, encoding high-fequency appearance details onto 2D texture maps,
thereby reducing the learning burden of NeRF networks. Moreove Animatable Gaussian [379 uses 2D CNNs and
3D Gaussian Splatting to create high- delity avatars, learning a parametric template from input videos that adapt
to loose clothing like dresses.

Head/facial avatar. The modeling of head avatars plays a crucial role in enhancing the rdiam of digital
humans, as the face provides rich personal information such as ca, age, gender, emotions, personality traits, and
physical condition. Recent advancements have focused on impraw the realism and accuracy of facial features.

Head avatar modeling based on explicit mesh representation utilizesgrameterized facial models and various types
of inputs to construct facial models. Input data includes single imags, multi-view images, and RGB videos. The
key to the 3D reconstruction from a single image is to establish corgpondence from 2D-pixel points to 3D spatial
points. Jackson et al. B8(] employed volumetric representation to model 3D facial models, dggning a convolutional
neural network to directly regress 3D facial meshes from single &al images. Feng et al. 38]] introduced a 2D
representation method named UV position mapping to record complee facial 3D positional coordinates. Jiang
et al. [382 combined bilinear facial models with shape-from-shading 6], proposing a three-stage hierarchical
processing approach to enhance facial detail expression capabiéis. Multi-view 3D facial reconstruction improves
avatar accuracy; for instance, Wu et al. B83 and Bai et al. [384] incorporated geometric or appearance consistency
between multi-views, though such methods often require extensas 3D geometric data for training, with template
models performing poorly in hair reconstruction.

Head avatar modeling based on implicit geometry representation taks advantage of the exibility and variability
of this representation method. Yenamandra et al. 885 rst proposed a deep implicit 3D deformable model of
the complete head, employing signed distance elds to model head apes, not only constructing front-facing
geometric structures, textures, and expressions representinidentity but also modeling the entire head including
hair. Wang et al. [386 utilized signed distance eld geometric representations, introduéng facial priors, head
semantic segmentation information, and 2D hair direction maps for gided reconstruction, as shown in Figurel?.
Zheng et al. B87] employed implicit neural networks to learn 3D head geometry, repesenting deformations related
to expressions and poses through learnable blended shapes andnsweights.
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Head avatar modeling based on NeRFs generates high- delity portaits and expands application scenarios.
Zhuang et al. [38§ introduced a NeRF-based head parameterization model MoFANeR, achieving separate control
over appearance, shape, and expression, but the model cannatcommodate hairstyle modeling. Hong et al. 389
proposed a generalized parameterized head model HeadNeRF, samically decoupling the latent space of head
models according to attributes such as expression, shape, and lijhg, enabling control over generated attributes
and some extent, facilitating the generation of di erent hairstyles. Guo et al. [39(] addressed speech-driven NeRFs
with ADNeRF, using extracted speech features as conditional inptito achieve cross-modal driving e ects. Gao
et al. [39]] further proposed a personalized semantic facial model, decompimg continuously varying head models
into disentangled low-dimensional spaces and semantically informate bases, drawing realistic head images under
given expression coe cients and viewing directions, enhancing facieretargeting and expression editing applications.
Some approaches generate videos of someone speaking based pntiroice, including generating 2D speaking per-
son videos (StyleHEAT [397], Everything's Talkin [ 393]), generating 3D digital avatar head geometry animations
(VOCA [ 394, CodeTalker [395]), and using NeRFs for voice-driven avatar heads (GeneFac896, RAD-NeRF [397)),
among others.

Avatar with generative appearance. Creating realistic and detailed avatars with generative appearancas
another hot topic. For head avatar appearance, some methodsse the CLIP for text parsing and utilize di usion
models for supervised image generation or directly generate repentations on three planes, such as ClipFace39§
and Rodin [399. For full-body avatar appearance, DreamHuman #0Q introduces imGHUM [40]] as a human
prior capable of handling loose garments with unique topologies, optiizes a NeRF network using fractionally
distilled sampling strategies, and focuses on rendering and optimizingach semantic part of the human body for
enhanced texture generation details. HumanNorm402Z is a novel approach for high-quality and realistic 3D human
generation by enhancing the model's 2D perception of 3D geometryhrough normal-adapted and normal-aligned
di usion models.

8.3 Autonomous agent

The agent is an entity that is placed in an environment and senses di eent parameters that are used to make a
decision based on the goal of the entity. The entity performs the ecessary action on the environment based on this
decision R7]. Agents possess sociability, allowing them to share knowledge and gaest information from others,
and autonomy, enabling independent decision-making and action. Thy also demonstrate proactivity by using their
history, sensed data, and information from other agents to preétt future actions and take e ective measures to
achieve their goals. In recent years, based on techniques such ssnforcement learning and large language model
(LLM), research related to agents has made signi cant progressn two main directions: crowd simulation and
autonomous agent.

8.3.1 Crowd simulation

Crowd simulation seeks to accurately replicate the motion dynamics bvirtual agents, which plays an important
role in building realistic and believable virtual environments. Traditional simulation methods can be divided into
two categories: microscopic models and macroscopic models. Thetwer focuses on the low-level behavioral details
and individual characteristics in the crowd, while the latter treats t he crowd as a whole without considering the
interaction between agents 28].

In recent years, researchers have adopted data-driven appaches, including using data to calibrate the parameters
of the model and extracting behavioral paradigms from the data b improve the realism and stability of the simulation
while avoiding the cost of extensive manual modeling18]. Earlier studies used neural network classi ers to cluster
the input states and select feasible behaviors within the clusters, geatly reducing the search space and time overhead
of traditional methods [403. Wang et al. [404] used the neuro-evolution method for simulation, which does not
need to use real data to train the network, but it is di cult to ensur e the realism of the simulation. Wei et al. 405
proposed for the rst time the direct use of neural networks to learn potential movement rules from real data, where
they extracted state-action pairs from the data and fed them into the neural network training. Unlike the previous
methods, Lee et al. 06 applied the reinforcement learning approach to crowd simulation bydesigning simple
reward functions to generate optimal policies without the need to ajust complex parameters for each scenario,
which is more generalizable. Further, Hu et al. #07] introduced the use of control parameters such as preferred
speed as input to the policy to generate heterogeneous behaviaufor crowd simulations. Ref. 40§ introduced
con gurable crowd pro les that allow real-time control of agent parameters without the need to retrain the learned
model. Charalambous et al. #09 used double deep Q-learning's reinforcement learning algorithm to &rn reward
functions from input data and nd optimal strategies for individuals during training with better generalization
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Figure 18 (Color online) The pipeline in the work of Charalambous et al . [409].

Figure 19 (Color online) The architecture in the work of Park et al. [ 411].

properties and performance optimization. Their pipeline is shown in Figire 18. These methods greatly enhance
the diversity of crowd behaviors and the heterogeneity of virtual crowds.

8.3.2 Autonomous characters

Trustworthy behavior of agents can enhance the experience ofitual interaction and has a wide range of applications
in various areas such as education and healthcaret1(. Unlike the physical behavioral simulation of intelligent
agents, there is also a need to endow them with sociality and autonoyn Early characters were mainly given
behavioral rules or scripts by designers, but this obviously does rtaallow for true autonomy and makes it di cult
to construct the complex processes by which they interact with eah other. On the other hand, learning-based
approaches use a policy function to drive the agent but are mostly pplicable to restricted environments, unlike the
open world in which humans live [L9)].

With the remarkable success of the large language model, LLM-baseintelligences have more comprehensive
knowledge and are able to make informed autonomous behaviors date the absence of context-speci ¢ data. The
pipeline of related research is mainly divided into four modules: pro le,memory, planning, and action [19]. E.g., in
Figure 19, Ref. [411] utilized the powerful prompting function of ChatGPT to propose generative agents that are
able to memorize, retrieve, re ect, and interact with other agents, as well as plan and act through a dynamically
evolving environment. In general, the pro le module re ects the basic psychological and summary information of
the character, which can be assigned manually4[11,417, generated by LLM [413], and so on. The memory module
is designed to resemble the human mind and is divided into short-term ad long-term memory. Refs. f14{416|
applied di erent hybrid long- and short-term memory architecture s. The planning module empowers the character
to make reasonable and reliable decisions, and the action module tratates the decisions into concrete behavioral
expressions 19]. This shows that the autonomous role design in generation based oAl technology has a wide
range of application prospects but also needs to consider moral dnethical issues 410].

To further enhance the emotional intelligence of autonomous ages in interactions, existing Al technologies
integrate deep learning and cognitive modeling to enable arti cial sysems to perceive, express, and adapt to
human emotions. Within the framework of a ective computing, the core components include emotion perception,
emotion-aware expression, and agent emotion modelin@9], which work together to allow Al to naturally adapt to
users' emotional states during interactions. A ective computing employs data-driven approaches and theory-driven
approaches. Data-driven methods417] primarily rely on deep learning models such as CNN, LSTM, and GRU for
emotion recognition and generation, while theory-driven methods lgerage psychological and neuroscience theories
to provide Al with more interpretable emotional models. Furthermore, multimodal a ective computing combines
various perception channels, such as text, speech, facial exmsons, and gestures, to improve the accuracy and
naturalness of emotion recognition 418].

Moreover, some techniques have been introduced to this eld to mke an agent's behavior more aligned with
interaction requirements and enhance its explainability. Chain of thaught (CoT) was originally developed in the
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eld of natural language processing #19, and it employs a step-by-step reasoning approach to break dowoomplex
problems into intermediate steps, thereby improving transpareng and accuracy in the reasoning process. A recent
study [42( proposed the visualization of thought (VoT) prompting method, which induced spatial reasoning in LLMs
by visualizing the reasoning trajectory, thus guiding the subsequet reasoning steps. The utilization of visualization
techniques can also help humans better understand the reasoniriggic of Al, thus increasing its transparency and
credibility.

Recent research increasingly focuses on enabling agents to takeopctive roles in interactions. Notable studies
include proactive agent @21], which enhances agents' ability to autonomously anticipate user neds and proac-
tively provide services by leveraging environment perception, useneed prediction, and autonomous task execution.
This is achieved through constructing the ProactiveBench datase ne-tuning large language models, and training
reward models, ultimately improving interaction uency and user experience. Similarly, proactive conversational
agents @27 enhance proactive interaction by anticipating user needs, activiy guiding conversations, and optimizing
interaction pacing, resulting in more natural, e cient, and user-alig ned conversational experiences.

9 Interaction

Human-computer interaction in virtual reality consists of interact ions between the user and virtual objects, avatars,
and environments, as well as the user's subjective perceptionsnlirecent years, much research has focused on using
Al techniques to enhance these interactions in various ways. Spéecally, this includes three main directions. The
rst is user behavior recognition in virtual reality environments sinc e accurate behavior recognition is essential
to enable virtual reality systems to respond appropriately to userbehavior. Second is interaction optimization,
which focuses primarily on improving user actions and behaviors in virtial space. Finally, perception analysis
and augmentation focus on analyzing the user's perceptions duringnteractions to enhance the system's ability to
provide a more immersive and responsive experience, ultimately improng user engagement and satisfaction.

9.1 Behavior recognition

Users exhibit intentional behaviors through their hands, eyes, ad facial. These behaviors and the intent behind
them are often complex and diverse. Accurately recognizing them an signi cantly improve the e ciency and
precision of human-computer interactions. In a virtual environment, we have an opportunity to thoroughly monitor
and analyze the inner meaning of human behavior in a controlled envirament, which makes it especially well-suited
for data-driven Al algorithms. We will review the work for recognizing and tracking users' behaviors and identify
the underlying intentions that drive them. In Table 9, we compare the algorithms and hardware devices used across
di erent areas of behavior recognition.

9.1.1 Tracking and recognition

The purpose of tracking and recognizing user behavior in VR is to aagrately and quickly identify interactive inputs
so that the correct feedback can be provided in a timely manner to ehance the overall user experience. This
tracking and recognition typically focuses on three key aspects: dnd, eye, and facial. Mainstream algorithms
leverage neural networks, such as CNNs, to estimate the pose$ these three aspects. Additionally, methods like
SVM and RF are employed for behavior regression and classi cationensuring precise and responsive interactions
in the virtual environment.

Hand tracking and recognition. Hand tracking and recognition play a crucial role in enhancing human-
computer interaction. However, due to the diverse range of handnovements and the complexity of interaction
environments, accurately tracking and recognizing hand movemds remains a signi cant challenge. Several ex-
isting approaches focus on improving the model's ability to handle occlsion using neural networks. Mueller et
al. [423 introduced a method to estimate hand pose using egocentric RGEB> cameras. Their approach involves two
sequentially applied CNNs that estimate the 2D position of the hand cater and then regress 3D locations of hand
joints. Wang et al. [424] proposed a real-time method using a multi-task CNN for capturing loth the skeletal pose
and 3D surface geometry of hands. By regressing multiple complemgary pieces of information, their multi-task
CNN e ectively addresses depth ambiguities in RGB data and accuratly estimates pose and shape parameters for
both hands, as depicted in Figure20. Han et al. [425 was the rst to introduce a real-time hand-tracking system
using CNNs on four sheye monochrome cameras aimed at enhancingR experiences. They §#2€] later expanded
their work by developing a uni ed end-to-end framework for multi-v iew, multi-frame hand tracking that directly
predicts 3D hand poses in world space on a VR headset. This framewoincludes a 3D feature extractor module
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Table 9 Summary of studies related to behavior recognition.

Classification Method Venue Core technology Hardware devi ce
Mueller et al. [ 423 ] ICCV 2017 Supervised learning RGB-D camera
Rgb2hands [ 424 ] TOG 2020 Supervised learning RGB-D camera
MEgATrack [ 425 ] TOG 2020 Supervised learning Fisheye camera

UmeTrack [ 426 ] SIGGRAPH Asia 2022 Supervised learning RGB-D camera

HOOV [ 427] CHI 2023 Supervised learning Headset, wrist-worn band
Hand tracking and recognition Diliberti et al. [ 429 ] MM 2019 Supervised learning Motion capture gloves
Arimatsu et al. [ 430 ] CHI 2020 Supervised learning Conlr(:)l!(e);ixli:; gzg:gzve
GestOnHMD [ 431] TVCG 2021 Supervised learning Stereo microphones
Jiang et al. [ 428 ] Virtual Reality 2018 Supervised learning Force myography , Leap Motion

Eyeglasses with multiple RGB-D

Luetal [ 432] ISMAR 2020 Supervised learning cameras and LEDs
Wang et al. [ 433] ISMAR 2021 Unsupervised learning near-infrared camera
X " Gaze from origin [ 434 ] AAAI 2024 Unsupervised learning RGB-D camera
Eye tracking and recognition UVAGaze [ 435] AAAI 2024 Unsupervised learning Dual cameras
DGaze [ 436 ] TVCG 2020 Supervised learning Headset
SGaze [ 437] TVCG 2019 Optimization Headset
Stubbemann et al. [ 438 ] ETRA 2021 Supervised learning Camera of headset
5 - Chen etal. [ 440] CVPR 2021 Supervised learning Phone
Facial tracking and recognition 3 ) )
Teng et al. [ 441] VRCAI 2016 Supervised learning Headset with RGB-D camera
Where2Act [ 442 ICCV 2021 Self-supervised learning Simulation
AdaAfford [ 443 ] ECCV 2022 Supervised learning Simulation
Lo LEMON [ 444] CVPR 2024 Semi-supervised learning RGB-D camera
Human-object interaction
EgoChoir [ 445] NeurlPS 2024 Semi-supervised learning Headset
EgoLM [ 446] arXiv Supervised learning Eyeglasses, motion sensors
Sunetal [ 447] MM 2021 Semi-supervised learning Multiple cameras
Wang et al. [ 448] CVPR 2024 Supervised learning Simulation
Feng et al. [ 449] AIVR 2019 Supervised learning Headset
. . LiveDeep [ 450 ] IEEE VR 2020 Supervised learning Headset
Viewport analysis ) .
Heyse et al. [ 451] IEEE VR 2019 Reinforcement learning Headset
Instant Reality [ 452 ] TVCG 2022 Supervised learning Headset, traditional scree
Delvigne et al. [ 454 ] AIVR 2020 Supervised learning Headset, EEG

Attention prediction

Lietal [ 455]

Virtual Reality 2021

Supervised learning

Headset

that processes single-view or multi-view data to generate 3D feates via a feature transform layer and a pose
regression module for producing 3D hand pose information.

Some research has utilized information provided by hardware deviceto aid neural networks in classi cation and
recognition tasks. Streli et al. 427] introduced HOOV, a hand out-of-view tracking method that leverages multi-
modal information, including the 3D orientation of the wrist and head pose, as inputs to an RNN and transformer-
based model for hand position prediction. This approach enables VRisers to interact with objects outside their
eld of view. Similarly, Jiang et al. [ 428 combined force myography and leap motion signals as multimodal inpts,
employing SVM, decision trees, and neural networks to recognizeamnd-grasping actions in virtual reality environ-
ments. Diliberti et al. [ 429 applied CNNs to 3D rotation data of nger joints obtained from mot ion capture gloves
to classify user gestures and intents. Arimatsu et al. 430 designed a nger-tracking controller with capacitive
proximity sensors to recognize hand movements and developed a duCNN architecture to estimate hand pose.
Chen et al. 431] proposed a gesture-based interaction technique utilizing steremicrophones in mobile phones to
detect gestures on VR headsets, employing CNNs for gesture dsttion and recognition.

Eye tracking and recognition. Eyes enable users to explore and interact with the virtual world, m&ing eye
tracking and recognition essential for accurately displaying virtud content and supporting interactive behaviors that
require high precision. Lu et al. B37 introduced an eye-tracking solution based on high-order Purking re ection
images, using an end-to-end CNN to map the characteristics of thee images to the vergence and accommodation
of the eyes. Recognizing that critical information is often concentated in edge areas, Wang et al.433 developed
an edge extraction network, leveraging edge generation netwoskand adversarial learning to predict edge maps.
These maps are then fed into an edge-guided segmentation and ittg network based on an MLP to accurately
segment and t ellipses. Additionally, they [434] implemented a gaze estimation network and a gaze frontalization
module to rotate the eyeballs toward the front camera, enhancinggaze estimation performance. Furthermore, they
proposed an unsupervised gaze estimation framework, adaptinghé classic single-view estimator based on neural
networks to work with dual cameras #35. Some research focuses on predicting gaze from eye-trackingtda Hu
et al. [436 introduced DGaze, a multimodal CNN-based model that integrates object position sequences, head
velocity sequences, and saliency features to predict users gazesgitions within the viewport of a head-mounted
display. Their model achieved an average angular distance error of.57 . To tackle the challenge of limited data,
Stubbemann et al. #38 employed cycle-GAN for augmenting eye-tracking images and intrduced a new training
dataset as input for CNNs to predict volumes of interest.

Facial tracking and recognition. Facial tracking and recognition in VR encompasses both face tradkg and
reconstruction, as well as the recognition of facial expressionsith users wearing a head-mounted display. Neural
networks are commonly employed in the tracking and recognition of \R users' faces. In the early stages of research,
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Figure 20 (Color online) RGB2Hands model in the work of Wang et al. [ 424]. The RGB input image is processed by neural predictors that
estimate segmentation, dense matching, intra-hand relati ve depth, inter-hand distances, as well as 2D keypoints. Thi s is then used within our
two-hand tracking energy minimization framework. The outp uts are pose and shape parameters of the 3D MANO model of both h ands.

Girado et al. [439 introduced a video-based, real-time, low-latency, high-precisior8D facial tracker. This system
utilized a central camera and arti cial neural networks to pinpoint 2D facial positions and to identify and track
upright, tilted, frontal, and non-frontal faces in visually cluttere d environments. Building on this, Chen et al. 440
applied deep learning illumination models based on VAE and MLP to recoveaccurate texture and geometric details
from images captured in the wild. They combined these with advanced3D facial tracking algorithms to enable
subtle and robust facial motion transfer, e ectively transformin g ordinary videos into highly realistic 3D avatars.
Facial expression recognition in VR presents an ongoing challengeapticularly because the upper half of the face is
often obscured by an HMD. To address this, Teng et al. 441] processed facial data by segmenting the mouth area
and then trained a CNN using this processed mouth information to déect expressions.

9.1.2 Intention recognition

Human behavior in VR often re ects speci c underlying intentions. By extracting and analyzing these intentions,
designers can tailor experiences to meet users' personalized nse@specially when working with VR devices that
have limited performance capabilities. Current research in this aregrimarily focuses on user viewport analysis and
attention prediction.

Human-object interaction. Human-object interaction involves understanding interactions within scenes, the
objects present, and the underlying intentions driving these inteactions. Some research has speci cally focused
on human-centric interaction understanding. These studies primaily leverage deep learning to train models for
mapping a ordance [442 443, though many of these models lack contextual consideration of hman interactions.
Yang et al. [444] exploited the correlation between the interaction counterparts They used an interaction intention
excavation module, curvature-guided geometric correlation modle, and contact-aware spatial relation module based
on cross attention and transformer to jointly anticipate human contact, object a ordance, and human-object spatial
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relation. Recently, with the rise of embodied Al, researchers havéegun to consider using egocentric information as
input. Yang et al. [445 employed modality-wise encoders to extract features from egeatric video, head motion,
and object information. These features were then used in a paralleross-attention framework to uncover interaction
concepts and infer the subject's intentions. Incorporating multi-modal sensors, Hong et al.446] combined sparse
motion sensors and egocentric video inputs to prompt LLM for egomotion tracking and understanding. Other
studies have focused on generating virtual human activities basedn interaction understanding. Sun et al. 47|
proposed an interaction-aware human-object capture framewd that integrates occlusion-aware implicit human
reconstruction, human-aware object tracking, and neural bleming to generate human activities from novel perspec-
tives. Wang et al. [448 leveraged scene a ordance as an intermediary to link 3D scene guading with conditional
motion generation, enabling the synthesis of human motion guided byanguage.

Viewport analysis. Scenes and videos in VR are highly data-intensive and are often staened in real-time,
posing signi cant challenges for bandwidth management. Researdrs frequently analyze the user's viewport to
prioritize the transmission of relevant areas, thereby optimizing the delivery process. Feng et al.449 investigated
the use of CNNs to predict user viewports during live streaming, leveaging the dynamic propagation characteristics
of VR content. Their experimental results indicated that this meth od could reduce bandwidth usage by 57%.
Building on this, they proposed LiveDeep 50, a hybrid model that combines CNN and LSTM to create an online
viewport prediction system. Heyse et al. #51] adopted a two-stage reinforcement learning approach using coextual
bandits, which involved movement detection and direction predictionto predict the user's viewport in 360-degree
video. Similarly, Chen et al. [452] employed neural networks to estimate the perceptual importace in the 2D image
space based on the user's gaze behavior, such as where the usazas and how the gaze is moved. Then, they
mapped this importance to 3D object space for optimizing rendering

Attention prediction. Attention is a limited scarce resource that users deploy to navigatecomplex scenes and
extract valuable information. Generally, attention analysis in VR environments uses data from eye-tracking and
head position sensors embedded in head-mounted displays. Khokhat al. [453 utilized features collected from
VR headset sensors, including angular velocity, positional velocity,pupil diameter, and eye openness, to train a
CNN-LSTM classi er capable of detecting distracting objects. Expanding on the traditional focus on head position
and eye movement, Delvigne et al.454 incorporated EEG signals into their model inputs and used a combin&on
of CNN, SVM, RF, and MLP to estimate attention scores. Li et al. [455 further enhanced attention prediction by
accounting for the spatial and temporal characteristics of useibehavior, integrating contextual information through
a hybrid LSTM-CNN model. Fathy et al. [ 456] argued that lighting features signi cantly in uence visual attent ion
and perception, thus incorporating luminance and contrast data irto an ensemble bagged tree model to estimate
user attention levels.

9.2 Interaction optimization

Interaction, which includes both motion and manipulation, is a critical aspect of VR. The main challenge in opti-
mizing interactions is to improve naturalness and e ciency within the c onstraints of available hardware. Research
on interaction optimization mainly involves the directions of motion ret argeting and manipulation assistance.

9.2.1 Motion redirection

The limitations of physical space and hardware in VR can restrict the user's movement and tactile experience,
breaking their immersion in the virtual world. Motion redirection seeks to overcome these limitations by exploiting
the dominance of visual perception to create the illusion of physicafeedback. This is achieved through techniques
that subtly manipulate the user's movements, e ectively expanding the perceived physical space. The two main
categories of motion redirection are redirected walking and haptic etargeting.

Redirected walking. Redirected walking technology allows users to explore vast virtual gaces without the
need for large areas of physical space. Reinforcement learningitvits capacity for continuous learning and strategy
adaptation, is often employed to handle the complexity of dynamic senes in redirected walking. Strauss et al.457|
utilized reinforcement learning to train a deep neural network that directly prescribes rotation, translation, and
curvature gains, transforming the virtual environment based onthe user's position and orientation within the tracked
space. Similarly, Chen et al. 58 employed reinforcement learning with a novel dense reward funa@dn to jointly
consider physical boundary avoidance and consistency of usebjgct positioning between virtual and physical spaces
(Figure 21). They [459 further extended their method for virtual-physical environmental alignment at multiple
transferable target positions in passive haptic tasks with novel revard function designs. Lee et al. 46(] presented a
novel control algorithm called steer-to-optimal-target (S20T) for real-time planning in redirected walking, designing
and training a machine learning model using reinforcement learning ad deep Q-learning to estimate optimal steering
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Figure 21 The comparison of di erent redirected walking methods, whi ch include no redirection (NONE), redirection with ubiquit ous passive
haptics (UPH), redirection with reactive environmental al ignment (REA), and passive haptics with reinforcement lear ning (PHRL) in the work
of Chen et al. [ 458].

targets. Subsequently, they extended the S20T approach to miti-user application scenarios. Jeon et al. 461]
also explored multi-user scenarios and proposed an optimal spaceapitioning (OSP) method that dynamically
divided the shared physical space in real-time using deep reinforcesnt learning to allocate optimal sub-spaces
to each user and provided optimal steering. Azmandian et al. 467 introduced a static planning strategy called
combinatorially optimized pre-planned exploration redirector (COPPER), which optimizes gain parameters for a
predetermined virtual path. They conducted a simulation-based aperiment demonstrating how adaptation rules
could be determined empirically using machine learning. Cho et al.463 proposed a data-driven path prediction
model using LSTM networks trained on user path data collected fron a maze-like environment.

Haptic retargeting. Haptic retargeting maps multiple virtual objects onto a few physical props, providing
passive haptic feedback by subtly adjusting the virtual environment to align with the real world. Initial approaches
focused on predicting user interactions and providing correspondg haptic feedback based on prede ned scripts.
To extend haptic feedback to interactions with remote objects, he FlyingHand method [464] integrated multimodal
perception. It utilized CNNs for object classi cation based on images captured by drones, providing virtual hand-
haptic feedback that aligns with the objects. Yixian et al. [465 introduced ZoomWalls, which uses SVM to predict
the surface the user is about to touch based on their direction andvalking speed. Clarence et al.466 enhanced
the exibility of interactive object selection by developing unscripted retargeting. They trained LSTM networks
on users' hand-reach trajectories to predict their intended taigets. Salvato et al. 67| tackled the issue of sense-to-
actuation latency in haptic feedback by introducing a self-attention-based network. This network used a time series
of tracked hand poses and virtual object geometry to predict wken a user would begin interacting with a virtual
object through touch.

9.2.2 Manipulation assistance

Manipulation assistance aims to enhance the e ciency and precision buser interactions in VR. The core idea
is to leverage contextual information to improve interaction accuracy and intelligence. This includes contextual
assistance and selection optimization.

Contextual assistance. Providing contextual assistance in virtual environments can signi cantly enhance
user capabilities and improve their overall experience. For instanceGe et al. 468 developed a tool for precise
assistance during Deep Anterior Lamellar Keratoplasty, which accuately tracks corneal contours using SVM for
data annotation and a combination of U-net and CNN for tracking. However, excessive assistance can disrupt the
user's experience, reducing immersion. To address this, Alghofailiteal. [469 developed an adaptive navigation
assistance system that leverages multimodal information. They utized a dataset containing user gaze data and
orally requested information to train an LSTM network. This networ k classi es gaze sequences to determine when
assistance is required, providing support only when necessary. &leger et al. 470 introduced context-adaptive
visual cues to minimize visual noise caused by assistance in industrighvironments. They employed a deep neural
network to decide whether to display assistance based on contexelated to the user and task, such as task progress,
task duration, and the user's head movement.

Selection optimization. Selection in VR is a fundamental task, particularly in exploratory and visual analysis
of point clouds and scatter plots. However, VR often struggles wih accurate selection due to issues like occlusion
and data similarity. Chen et al. [47]] addressed these challenges with LassoNet, a hierarchical nelinaetwork
that learns the mapping between point clouds, viewpoints, and lass® to facilitate the accurate selection of 3D
point clouds. Cordeil et al. [472] proposed an interactive machine learning framework to tackle the3D point cloud
selection problem. This framework uses human-in-the-loop classiation dialogue to iteratively classify point clouds,
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leveraging PCEDNet [473 to enhance selection accuracy.

9.3 Perception analysis and enhancement

Perception is central to shaping the user experience and intera@n within virtual environments, as it directly in u-
ences not only the degree of immersion but also overall user satisfon. By analyzing various aspects of perception,
such as emotional responses and susceptibility to motion sicknesdevelopers can ne-tune virtual experiences to
minimize discomfort and maximize engagement. Furthermore, enhating perception through advanced content de-
sign and personalized experiences allows for the creation of more mgmic and adaptive virtual worlds tailored to
meet the speci ¢ needs and preferences of individual users.

9.3.1 Perception analysis

Perception analysis utilizes physiological indicators to assess emotis and predict motion sickness. The core of this
process lies in processing information and creating regression mddeof user perception through machine learning
and deep learning. The primary directions of focus include a ective omputing and motion sickness prediction.

A ective computing. Human behavior is deeply in uenced by emotions, which play a crucial ole in how indi-
viduals perceive and react to di erent situations. A ective comput ing aims to model and respond to these emotional
states. Some research has utilized multimodal signals collected frorarious physiological sources, such as the brain,
heart, and skin. For example, Marn-Morales et al. [474] fused multimodal signals, including electroencephalography
(EEG) and electrocardiography (ECG), to train an SVM for predict ing users' valence and arousal. Building on
this, Gupta et al. [475 expanded the approach by incorporating additional input signals aad regression models to
improve classi cation accuracy. Their system, A ectivelyVR, ident i es personalized emotions in real-time within
virtual environments by training various regression models, includirg SVM, KNN, RF, and Gaussian Naive Bayes,
using o -the-shelf EEG and galvanic skin response (GSR) sensorsSome studies also combine a ective computing
with speci ¢ application domains. For instance, Salkevicius et al. B76] developed a framework for predicting anxi-
ety levels during virtual reality exposure therapy (VRET) using wris tband sensors to process GSR, blood volume
pulse (BVP) and skin temperature signals. These signals are fed intan RF model, and the extracted features are
classi ed using SVM to determine the user's anxiety level. Vaitheeshwri et al. [477] analyzed soldiers' stress levels
by simulating real battle eld conditions in VR. They employed LSTM (lon g short-term memory) and CNN with
inputs from ECG, GST, and eye-tracking signals, assisting SVM and B models in regressing stress levels.

Motion sickness prediction. Motion sickness, a common discomfort experienced by users of HMDimits
the immersive potential of VR. Despite its prevalence, the mechani:is behind motion sickness are not yet fully
understood. Martin et al. [478 proposed a machine learning model to non-invasively detect vertig in real-time.
They trained SVM, Gradient Boosting, and RF models using sensor d& and user-reported responses to predict
motion sickness, with RF achieving the best results. Liu et al. 479 developed a framework for predicting motion
sickness scores, utilizing CNN, ECA, and LSTM models to automaticallyanalyze EEG signals and predict sickness
levels.

9.3.2 Perception enhancement

Perception enhancement focuses on improving user perception thugh rich content and personalized experiences.
By incorporating Al algorithms, virtual environments can become more intelligent and user-speci c. Perception
enhancement involves two directions: interactive content design ad personalized experience.

Interactive content design. Interactive content design involves creating and optimizing interadive objects,
virtual avatars, and narratives within the VR environment. The de sign of VR content signi cantly in uences users'
sense of perception. To enable non-player characters (NPCs) tespond intelligently to participant's interactions,
Dobre et al. [48( collected data on user interactions with NPCs and trained a reinfocement learning algorithm,
PPO [481], enhanced with LSTM for temporal memory to improve accuracy. zao et al. [482 combined LLM with
a virtual city, allowing participants to interact with LLM-driven char acters in VR to simulate real-life language-use
scenarios, which reduced barriers to learning and improved learning ciency. Alghofaili et al. [ 483 optimized
VR design by focusing on computational attention. They proposeda novel data-driven optimization method that
predicts gaze duration using decision trees, RF, and SVM, and utilize a Markov chain Monte Carlo technique to
optimize the placement of elements within the virtual environment, maximizing user attention.

Personalized experience. VR holds signi cant potential for creating personalized experience tailored to
the unique needs of speci ¢ populations, such as children with disabilies or athletes undergoing rehabilitation.
These customized experiences not only enhance engagement anativation but also contribute to more e ective
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therapeutic interventions and training outcomes. To address thespeci c learning needs of children with disabilities,
Horbova et al. [484 used SVM to analyze student performance in VR and optimize teacing methods to improve
educational outcomes. Tayal et al. #85 introduced an innovative machine learning framework that integrates haptic
feedback to enhance sports training. This framework enhanceshe training experience by o ering more immersive
and e ective simulations. They applied the You Look Only Once algorithm with ensemble learning to analyze
athlete actions and Grey Wolf Optimization to provide real-time feedback, delivering athletes realistic experiences
of force, impact, and movement.

10 Discussion, challenges and future work

In this section, we brie y discuss the six previously reviewed sectios, emphasizing key challenges and outlining
potential directions for future research. In addition, we addres several related issues.

10.1 Advanced Al-generated content representation

NeRF and 3D Gaussian are two advanced Al-generated content pesentations. NeRF uses MLP for implicit neural
representation of the scene, while 3D Gaussian uses Gaussian skt explicit representation of the scene. The core
of NeRF representation is to represent the scene as a function &D locations and viewing directions, i.e., radiance
eld. The core of 3D Gaussian representation is to represent the ene as 3D Gaussian ellipsoids. Currently, the
3D Gaussian representation seems to be more suitable for VR applitans than the NeRF representation. Because
3D Gaussian has higher rendering performance, it is suitable for rédime applications. Moreover, 3D Gaussian
explicitly represents the scene as a 3D Gaussian ellipsoid, which mak&D Gaussian more suitable for editing
and interactivity. There is still some NeRF-related 3D work going on, such as 3D content editing, generation
and reconstruction. However, NeRF-related methods are moreften used as image/video processing tasks such as
semantic segmentation, pose estimation, and compression. Althglh NeRF and 3D Gaussian have revolutionized
scene reconstruction and novel view synthesis, some challenge#l :ieed to be addressed.

Memory requirements. Both NeRF and 3D Gaussian memory have highmemory consumption during training
and rendering, especially 3D Gaussian, which can take up tens of GBlhis poses a challenge for reconstructing
large-scale scenes and applications in virtual reality.

Editability of content. As an implicit representation, NeRF cannot be directly edited, hindering fast user
interaction and limiting its use in interactive virtual reality. 3D Gaussia n can support geometry editing to a certain
extent, but support for materials, textures, and other attribu tes remains to be investigated.

Few-shot problem. Most existing NeRF and 3D Gaussian-based metids typically require a large number of
images from di erent viewpoints to model a scene accurately, whicHimits the use of these representations in VR.

In the future, it is critical to explore more rational and exible 3D re presentations that can further improve
rendering quality, achieve high rendering performance, reduce etage space, improve edibility, and reduce the
amount of input data required.

10.2 Content rendering

Di erentiable rendering techniques transform the traditional rasterization and ray tracing pipelines to support
the backpropagation of gradient information. NeRF uses a di erertiable volume rendering pipeline with typically
implicit neural representations of scenes to synthesize images in weviews. 3DGS uses a di erentiable rasterization
rendering pipeline with typically explicit 3D Gaussian representations d scenes to synthesize images in new views.
There are several rendering techniques with neural models. As thpre-processing of scene contents, some materials
can be modeled by neural representations, and some further opations can be carried out upon them. During the
rendering procedure, neural networks can be used in path samplgnfor complex light transports or surface models,
such as sub-surface scattering and volume rendering. For pogirocessing, neural networks can enhance the image
quality after rendering by denoising or super-resolution technologes. The main challenges of content rendering
could lie in the following directions.

Dynamic scene rendering. These existing content rendering metlis can handle dynamic scenes, but they
require dynamic information during training, and for most VR applicat ions, dynamic information cannot be obtained
in advance. For most VR applications, dynamic information cannot beobtained in advance. It is a great challenge
to render changing scenes e ciently and realistically based on dynart information acquired in real time.

High-frequency responses. Neural networks naturally tend to larn smooth and low-pass- Itered signals. How-
ever, the typical case in light transport can be of fairly high frequency.
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Denoising with complex geometry. It is non-trivial to denoise complexgeometries like hairs since some auxiliary
information, such as normal and depth, can be very di cult to obta in. The lighting condition is always extremely
complex due to the multiple bounces of rays, and the severe aliasingdse also exists.

In the future, it is worth investigating to propose new rendering pipelines for VR to render content more e ciently
and with higher quality, especially for dynamic scenes where dynamic ifiormation is not available in advance. It
is also important and interesting to explore generalized neural matgal models in the future, and some potential
advanced techniques may also have the opportunity to deal with hig-frequency signals. In addition, denoising and
super-resolution techniques for complex structures are of gréanterest.

10.3 Content generation

Current paradigms for 3D content generation based on GANs and dusion models include lifting 2D generative
models, using multi-view images as priors, and training 3D native geneation models. Methods that lift 2D to 3D
capitalize on advancements in the 2D generation eld, thus avoiding Iigh training costs [195,196,205 206. However,
these methods do not utilize viewpoint information, leading to poor casistency. Methods that impose multi-view
images as priors improve generation quality and speed by incorporatg additional viewpoint information [ 207,208,
215 221]. Training directly on 3D priors provides the best results in terms of quality and speed, though these
methods are dependent on the chosen geometric representati@rand datasets 229, 235, 240. Currently, methods
that train directly on 3D priors show the most promising prospects due to their compatibility with existing pipelines
and their geometry details. For instance, with 3D face data sampledrom learned 3D GANSs, deep neural networks
can be trained to construct realistic 3D face models from capturedingle-view facial images in real time. Although
these methods have approached human-level performance in siegobject generation tasks, there are still some
serious challenges to be addressed.

Speed of the 3D content generation. Due to the iterative denoisingrocess, the speed of di usion models is slow
even when trained in the latent space. It is valuable to accelerate th denoising process through a good initialization
or a distillation strategy.

E cient management of generated 3D content. To meet user need for combination and retrieval, especially
regarding the ability to understand multimodal inputs and perform cross-retrieval, e cient 3D-generated content
management, especially for large-scale scenarios, remains a piagsissue.

Al systems integrating. Combining the generated 3D content with enbodied Al systems to ensure e ective
interaction with the physical world is also a challenging issue.

Addressing these challenges will require exploring more e cient datamanagement techniques and more accurate
3D content modeling approaches to enhance the intelligence and utilt of 3D content generation.

10.4 Physical simulation

Al-enhanced physics simulations have proven to be e ective for a wde variety of physical phenomena, includ-
ing uids, soft bodies, rigid bodies, and their various combinations. These methods rely on several fundamental
techniques in Al, including di erentiable simulation, neural physics representation, and neural dynamics solvers.
Di erentiable simulation ensures that the simulation remains a continuous process, allowing seamless integration
into neural networks as an e cient component with high transparency and interpretability. Many commonly used
algorithms, such as SPH, MPM, and projective dynamics, have beedi erentiated and successfully applied in var-
ious applications, including robot training, target optimization, and m ore. The delity of the physics simulation
relies on accurately tracking various Eulerian elds and Lagrangian dtributes to represent the dynamic state of the
system. Recent advances in implicit neural representation, suchslnstantNGP [34], neural ow map [287], and
neural stress eld [277], o er e cient alternatives for encoding this physics information an d provide the interface to
neural models. This is especially valuable for complex simulations involvig cross-scale scenes and multiple physics
materials. The dynamics solver is the key component for encoding t laws of physics and is often the most time-
consuming part of the algorithm. Current neural dynamics solverstypically transfer the current parameter space
into latent space, learn to solve physics constraints using neural eétworks, and predict future evolution. A prevalent
concern regarding the use of Al in physical simulations pertains to he explainability of Al models. Traditional
physics processes are inherently transparent and grounded in \eestablished laws and numerical algorithms that
ensure robustness, whereas Al models often operate as blackXes despite their predictive capabilities. We analyze
this concern via three aforementioned techniques. First, di erettiable simulations address this interpretability gap
by coupling physics-constrained frameworks with analytically derivel gradients, enabling end-to-end traceability of
causal relationships. Second, advances in implicit neural represtations demonstrate signi cant potential for en-
coding high-dimensional physical elds. Their interpretability lies in th e inherent spatial structure and the compact
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network for localized function approximation. Third, the neural dy namics solver remains the most opaque compo-
nent, as it encodes high-dimensional approximations of complex, mdinear physical processes. A common approach
to address this is by decomposing the end-to-end learning task intenodular sub-steps. By isolating intermediate
states for systematic veri cation, this method recovers interpretable mechanistic analogs to conventional numerical
solvers. To further bridge Al-enhanced physics with VR applications, several challenges await consideration.

High-performance simulation. The interactivity of VR applications hin ges on real-time simulation, which
requires performance optimization through various strategies.

Realistic reconstruction. Another crucial issue in VR is integrating virtual content with real-world scenes.
Leveraging Al techniques for highly dynamic physics reconstructio and re-simulation to provide realistic and
immersive physics content remains an important challenge.

Customized physics simulation. VR users increasingly seek the abilityd create and manipulate personalized
physics simulations tailored to their needs, enabling more interactiveexperiences. Achieving this may require
generative techniques to produce diverse and customizable physiphenomena.

After text, image, and video, we believe that 3D physics content willbe the next key frontier driving advancements
in Al development. E cient computation through fast converging n eural algorithms, neural pre-computation,
and latent-space model to further improve the realism of physicalphenomena reconstruction, customized physics
simulation through stylization, motion control, and text-to-physic s are the directions worthy of subsequent research.

10.5 Virtual characters

The development of animatable avatar and autonomous agent teatiologies has made signi cant strides, with recent
advances in human motion generation, 3D avatar modeling, and auteomous character simulation. With the explo-
ration of human structural prior and the advancements of 3D repesentations such as deep implicit functions231],
NeRF [30], and 3D Gaussian Splatting B5], the reconstruction of human models becomes more accurate andore
a ordable under sparse-view or even monocular settings. Meanwite, the advancements in generative models have
allowed for the creation of realistic and varied human motion sequenes from text and audio inputs, and the imple-
mentation of complex decision-making processes in virtual environents driven by advanced large language models
or large multi-modality models. Despite these advancements, seval challenges remain.

Realistic avatar. High- delity clothing animation and subtle facial exp ression generation in avatars are still
challenging for existing learning-based solutions. This includes accately modeling the complex dynamics of the
human body and learning the intricate details of human motion and fadal expressions, which are essential for
creating believable and high- delity avatars.

Emotion recognition and generation. Current technology makes it dcult to accurately capture and express
complex human emotions. Although LLMs bring a wealth of prior knowledge and multimodality, they still have
limitations in simulating human cognitive psychological characteristics resulting in a lack of self-awareness in
conversational scenarios.

Autonomous behavior. Like robots and embodied intelligence, the aitity of virtual autonomous agents to infer
behavior depends on their deep perception and understanding ohe environment, continuous knowledge learning,
long and short-term memory, and accurate decision-making. Howd combine real data and large models for stable
and e cient modeling remains challenging. Moreover, the decision-m&ing process of virtual agents remains opaque
and di cult to control. Most autonomous agents operate as black boxes, limiting users' ability to understand or
modify their behavior intuitively. This lack of explainability hinders user trust and prevents e ective ne-tuning
for di erent applications.

Looking towards the future, research and development on physally plausible avatar animation, avatars with
emotion, and intelligent autonomous agents are promising. It is inteesting to develop more lifelike and engaging
avatars consistent with the laws of physics and human biomechanicsFuture research could focus on developing
algorithms that can simulate the intricate details of muscle and clothing dynamics under various interactions with
surrounding humans and environments by combining state-of-theart techniques in 3D representations such as 3DGS,
di erentiable simulation, and large generative models. Furthermore future research could explore the integration
of cognitive science and neuroscience into a ective computing mode By leveraging cognitive architectures and
brain-inspired models, avatars can develop adaptive emotional rgpnses that vary with user interaction history,
cultural background, and contextual cues. In parallel, the resarch of autonomous agents can further process a
large number of heterogeneous data from di erent acquisition deices, build human psychological cognitive models
to ne-tune LLMs, and improve the interpretability of the model so as to achieve dynamic real-time simulation
in the VR environment. Moreover, future research could focus ondesigning interactive explainability frameworks
where users can visually inspect an agents decision-making processljust behavioral parameters dynamically, and



Wang L L , et al. Sci China Inf Sci January 2026, Vol. 69, Iss. 1, 111101:52

even simulate alternative actions in real-time. VR environments can erve as a testbed for Al model behavior
analysis, allowing researchers to evaluate and re ne decision-makgnprocesses in immersive settings.

10.6 Interaction

Behavior recognition, interaction optimization, and perception analysis and enhancement are key research areas
for the use of Al techniques in interaction. Human-centered behgior recognition involves tracking and recognizing
physiological factors such as hand, gaze, and facial expressioress well as inferring internal user intentions. In-
teraction optimization focuses on modeling and analyzing interactioncharacters of users to improve motion and
manipulation in VR environments. Perception analysis and enhancemet primarily address emotional computing
and enhancing environmental experience.

Researchers commonly use neural networks to process complekygiological behavior recognition #24,471] and
apply regression methods such as LSTM463, SVM [484], CNN [436] and so on to analyze user's internal psycho-
logical factors. These methods predict and recognize user chasters to assist interactions. Although Al provides
signi cant support in analyzing and enhancing user interactions, seeral challenges remain.

Complex behavior recognition and prediction in high-frequency inteaction scenarios. In immersive VR envi-
ronments, users often perform rapid, ne-grained movementswhich generate high-dimensional, time-sensitive data
streams. The complexity of these interactions places signi cant chllenges on recognition and prediction models,
especially when dealing with sensor occlusion, motion blur, and signalliasing. These issues, combined with the
need for high accuracy and real-time processing, demand advantenodels capable of handling the intricacies of
multimodal data in such dynamic settings.

Design of natural and immersive e cient interactions. The transitio n from real world to virtual world interaction
methods remains challenging for multi-users, limiting the further dewlopment of VR. This calls for designing
interactions that enhance naturalness and immersion, thereby ineasing user acceptance and satisfaction.

Future research should focus on deeply understanding the natwer of interaction to generate profound insights that
enhance our comprehension of human behavior and perception. Aitical area of focus will be achieving robust and
seamless recognition systems tailored to personalized user experies. This will require continuous advancements in
both neural network architectures and multimodal data fusion methods, as they are essential for processing diverse
and complex data streams in real time. Moreover, exploring low-latacy behavior recognition, intent prediction, and
interactive perception systems that maintain consistency and relidility across multiple sensory modalities (such
as visual, auditory, and haptic inputs) can also make a contribution to the eld. A critical area of focus will be
the development of robust and seamless recognition systems tailed to personalized user experiences. Achieving
this goal will require continuous advancements in both neural netwrk architectures and multimodal data fusion
techniques, as they are fundamental for processing diverse antbmplex data streams in real time. Additionally,
exploring low-latency behavior recognition, accurate intent predid¢ion, and interactive perception systems that
ensure consistency and reliability across multiple sensory modalities M also contribute signi cantly to advancing
the eld. Exploring these areas will contribute to enhancing the intelligence of VR systems, better meeting user
needs and expectations, and accelerating the adoption of VR.

10.7 Others

Data privacy and ethical issues. As VR technology advances in areas like virtual character modeling iad
behavior simulation, data privacy and ethical concerns are becomig more signi cant. To ensure compliance, three
key aspects should be addressed. Ethical data collection shouldlfow the principle of data minimization, collecting
only essential data while avoiding excessive biometric data collectionUsers should be clearly informed about data
usage, storage, and sharing, with an option to withdraw consent fany time. Privacy protection measures should
include real-time anonymization and dynamic de-identi cation of user behavior data. Integrating trusted execution
environments in VR headsets ensures encrypted local processimg biometric data, preventing cloud transmission
risks. Role-based access controls and data retention policies sHdbe established to enhance security. Additionally,
industry standards should be developed to establish a classi catiosystem for VR data and de ne protection levels,
ensuring robust security and ethical compliance.

Computational load balance. An important issue for Al in VR is how to balance the computational load. One
approach to mitigating computational load is through Al-driven opt imization techniques, such as neural network
compression, model pruning, and knowledge distillation. By reducinghe complexity of Al models, VR applications
can achieve real-time performance with lower latency and power ca@umption. Additionally, Al-powered predictive
algorithms can anticipate user interactions, enabling pre-renderig or adaptive resource allocation to enhance respon-
siveness. Adaptive rendering: Al can intelligently predict user gazelirection and interaction hotspots. Techniques
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such as foveated rendering optimize resource allocation by providg high-resolution images only where necessary,
reducing overall computational burden. Edge computing and cloudbased Al processing can also distribute the
computational burden, ensuring smooth and immersive VR experieoes.

Metaverse. As an important milestone concept in the development of virtual redity, the development of the
metaverse has attracted more and more attention from resealers. We believe that arti cial intelligence will play
a key role in shaping the future of the metaverse. First, arti cial intelligence will enhance the immersive experience
of the metaverse. By creating a more realistic and dynamic virtual @vironment, arti cial intelligence can make
the metaverse more attractive to users. Second, arti cial intelligence algorithms can analyze user behavior and
preferences to provide personalized experiences. This can leadrmore e cient and e ective virtual interactions, as
well as better user engagement. Third, arti cial intelligence can atomate the process of generating and managing
virtual assets such as virtual goods and services. This can redacdhe cost and time required for content creation
and enable more innovative and creative virtual experiences. Fouh, arti cial intelligence can detect and prevent
malicious activities such as hacking and fraud and protect user datand privacy. This can build trust and con dence
among users and promote the healthy development of the virtual wrld.

11 Conclusion

With the rapid evolution of hardware and software technologies, VRtechnology is permeating diverse industries with
unparalleled reach and depth. Users' aspirations for VR experiergs have transcended basic immersion, heightened
interactivity, and imagination, now embracing system intelligence, samless interconnectivity, and continuous evolu-
tion. Recent Al breakthroughs, notably in deep learning and neurdrendering, have imparted a formidable impetus
to VR innovation, enriching its application scenarios and depths while oering advanced, e cient solutions tailored

to the escalating diversity of user demands. This convergence haids a new era for VR, characterized by heightened
intelligence, interconnectivity, and adaptability. This review presents a comprehensive overview of Al-driven VR
research. Through meticulous search and screening, we have cpiled 485 pertinent papers, 93% of which were
published during the Al renaissance sparked by deep neural netwhs, spanning 2018 to 2024. Guided by VR's
core elements and pivotal research directions, we have categoeid these articles, providing statistical insights and
trend analyses. We delve into a technical review and discussion of #se categorized works, structured around six
key VR directions: advanced Al-generated content represention, content rendering, content generation, physical
simulation, virtual characters, and interaction, outlining their res pective research pathways. We conclude with a
concise summary of these technologies, emphasizing ongoing chalies and proposing potential directions for future
research. It is our hope that this review will serve as a guiding resaee, shedding light on the evolving landscape
of Al in virtual reality and o ering valuable insights and inspiration to r esearchers working at the intersection of
these two elds.
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