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Digital museums replicate and preserve cultural relics in digital form, protecting them from natural
disasters and human damage while supporting future research. With advances in interactive
generative technology, the digital display and reconstruction of artifacts have greatly improved. This
paper reviews progress in AI-generated content, including text-to-image, 3D modeling, and large-
scale scene generation. It further explores future applications of generative technologies in innovative
cultural heritage display.

A digital museum is a museum established in digital space1, which utilizes
technologies such as the internet, virtual reality, augmented reality, and
other digital tools, as well as standardized digital resources, to process,
organize, and manage museum collections, scientific research, and educa-
tional dissemination. It provides a platform for disseminating knowledge
related to natural or cultural heritage to various segments of the public
through online access or interactive experiences2. This model offers perso-
nalized and precise resources and services tailored to the diverse needs of
visitors3. Digital museums may serve as a digital extension of traditional
physical museums4 or as entirely virtual cultural spaces5. Their forms
include virtual exhibitions, online artifact repositories, 3D scene recon-
structions, and multimedia interactive experiences. As a new format for
cultural heritage preservation and digital display, the digital museum has
become a focal point of societal attention, with the rapid development of
generative technologies providing robust technical support for the digital
recreation and innovative preservation of cultural artifacts6. Through text-
driven generative technologies, digital heritage creation, display, and
interaction offer entirely new experiences, making exhibitions more vivid,
realistic, and expressive in showcasing cultural heritage. Generative tech-
nologies play a crucial role in digital museum construction and cultural
heritage preservation, not only in restoring damaged artifacts and historical
scenes but also in creating immersive virtual exhibitions that enhance the
interactivity and appeal of cultural dissemination7. Additionally, these
technologies support data augmentation and intelligent translation, pro-
moting the sharing and reuse of cultural resources, empowering the inno-
vative expression and global dissemination of traditional culture, and
serving as a vital technological bridge between the past and the future.

In recent years, the application of generative technologies in the field of
digital museums has expanded continuously, encompassing areas such as

intelligent guides, artifact restoration, virtual exhibitions, and cultural dis-
semination. With advancements in natural language processing and pre-
trained language models, large language models based on the Transformer
architecture have been incorporated into digital guide systems to enhance
the comprehension of visitor inquiries and the quality of generated content.
For instance, the Digital Palace Museum utilizes basic AI algorithms to
provide fundamental guiding services8. AIGC and deep learning algorithms
are now widely applied in the development of predictive and restoration
models for artifacts, enabling the reconstruction and repair of damaged
objects. For example, the Sichuan Provincial Institute of Cultural Relics and
ArchaeologyandTencent SSVDigitalCultureLabhave exploredhuman-AI
collaboration in artifact restoration, focusing on the Sanxingdui site9.
Methods such as generative adversarial networks (GANs) have enabled
exhibitions to adopt more personalized and creative approaches, allowing
users to engage in secondary curation and narrative expression based on
digital artifacts. An example is the “Everyone is a Curator” project at the
Hangzhou Museum, where users, empowered with agency, curate, extract,
and recreate digital exhibits, planning cloud exhibitions that reflect their
personal narrative style10. Furthermore, generative technologies, by inte-
grating text, images, animations, and other media, facilitate multimodal
fusion in cultural dissemination. Customizable services tailored to different
audience types further enrich the ways museum content is expressed and
communicated.

With continuous advancements in AIGC technology, the Diffu-
sion Model11—recognized as a core image generation technique—has
emerged as a focal point in digital museum research. Progressively
denoising data to generate high-quality images, it demonstrates sig-
nificant advantages in both fine detail generation and overall stylistic
consistency. Among its applications, 3D modeling of cultural relics
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plays a crucial role in digital museums. Although 3D generation still
faces challenges such as limited data and poor generalization, inte-
grating 2D diffusion mechanisms can enhance the fidelity and diversity
of 3D outputs. Recent studies have further introduced Generative
Adversarial Networks (GANs)12 into diffusion-based models, sig-
nificantly improving the realism and interactivity of virtual museums,
thereby enhancing exhibition flexibility and visitor engagement.
However, according to the 2021 Museum Innovation Barometer, fewer
than 20% of surveyed museums worldwide have adopted generative
technologies in areas such as collections, management, education, and
finance13.

Despite notable advancements in the application of generative tech-
nologieswithin digitalmuseums, significant challenges remain. In the realm
of virtual artifact reconstruction, most generative models rely on limited
structural cues or image fragments to restore missing parts, while current
acquisition technologies fail to provide sufficient physical data, making it
difficult to accurately reproduce original appearances and historical styles.
As a result, questions persist regarding the interpretability and historical
authenticity of reconstructions14. Furthermore, the three-dimensional
forms and decorative details of digitally generated artifacts often fail to
reflect the craftsmanship and technological standards of their correspond-
ing historical periods, leading to stylistic and temporal inconsistencies.
Although such digital products may offer immersive experiences, they fall
short in ensuring authenticity and rigor, thereby impeding the effective
dissemination of accurate educational content and cultural meaning in
virtual exhibitions. This may result in semantic drift, historical mis-
interpretation, and the potential fabrication of facts15,16. In addition, mul-
timodal generation methods often overlook the semantic constraints and
regulatorymechanisms causedbymissingmodality features, compromising
the continuity and stability of outputs and leading to perceptible distortions
during visualization17.

In the digitization of cultural heritage, generative technologies are
emerging as a pivotal force driving the intelligent and digital transformation
of various functions within digital museums18. Leveraging pre-trained
algorithms and largemodel architectures, generativemodels have enhanced
the capacity of GANs and diffusion models to integrate traditional cultural
content and interpret complex scenarios. By synthesizing incomplete spa-
tial, textural, and semantic information, these models generate restoration
proposals that improve accuracy and enable visual representation. More-
over, in the currently underdeveloped areas of guided tours and narrative
construction, large models’ language comprehension capabilities facilitate
more natural and personalized human-computer interaction19, enabling
customized virtual guide services and online exhibition experiences20.
Finally, through large-scale multimodal prediction, these technologies
enrich the representation of cultural artifacts across formats—such as

textual descriptions, video demonstrations, and 3D models—thereby sup-
porting the construction of multimodal narratives in cultural
communication.

As illustrated inFig. 1, this paper adopts a research framework centered
on the empowerment of digital museums through generative artificial
intelligence (AIGC), encompassing four key dimensions: research themes,
technicalmethodologies, application scenarios, and future directions. Based
on this framework, the paper is structured as follows:

Section “Generative approaches for digital museums” focuses on
three predominant application themes—text-to-image, text-to-3D
model, and text-to-3D scene—tracing the evolution of relevant
research, background context, technological development paths, and
representative applications within cultural heritage settings. Text-to-
Image guides the generation of planar visual perceptions of artifacts
within a two-dimensional color space, enriching digital displays for
online museums. Text-to-3D model enables the geometric, structural,
textural, and semantic-consistent reconstruction and restoration of
cultural artifacts, offeringenhanced restorationaccuracyand interactive
experiences. Text-to-3Dscene facilitates the recreationof spatial layouts
and historical contexts, supporting the development of immersive
environments and large-scale digital museums. Section “Research on
generative models” investigates the application of mainstream gen-
erative methods—generative adversarial networks (GANs) and diffu-
sion models—in digital museums, analyzing their development
trajectories and conducting a detailed comparative analysis. It further
discusses the strengths and limitations of thesemodels in terms of image
and 3D generation authenticity, semantic consistency, and text-
guidance performance, while outlining their adaptability and future
prospects based on recent advancements. Section “Generative museum
applications” explores three major application scenarios of these tech-
nologies in digitalmuseums: facial reconstruction of historicalfigures or
lost artifacts using 3D portrait generation; visualization of large-scale
heritage sites, architecture, and historical spaces via 3D scene recon-
struction; and the restoration of missing artifact textures through text-
guidedvoxel generationand texturemapping, thereby expandingvirtual
artifact databases. Section “Generative technologies empowering the
future of museums” presents forward-looking concepts for future
applications, including automated artifact curation, narrative integra-
tion, and personalized virtual guide systems. Finally, the section “Con-
clusions” offers a comprehensive review and conclusion of the study.

In summary, this paper reviews the current state of AIGC technologies
and digital museum development, constructing a research framework and
outlining application scenarios for a “generative digital museum,” with the
aim of providing theoretical foundations, methodological guidance, and
scenario-based insights for future research.

Fig. 1 | Overall framework of the generative digital
museum research process.
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Generative approaches for digital museums
Text-to-artifact image generation
Text-to-image (Text-to-image, T2I) refers to the generation of two-
dimensional images that accurately reflect textual descriptions through
advanced computational techniques21. This technology demonstrates sig-
nificant potential in the digital restoration and innovative preservation of
cultural artifacts. By producing visually authentic images based on textual
input, it opensnewavenues for thedigital creation22, display, and interaction
of cultural heritage. T2I not only brings greater vividness to the digital
presentation of traditionally static artifacts but also enablesmore expressive
and artistic representations that convey deeper cultural meanings. Parti-
cularly in online virtual exhibitions within digital museums, the application
of this technology greatly enhances the visitor experience, immersing
audiences inhighly realistic historical andcultural environments that vividly
evoke the essence of the past.

Deng et al.23 proposed a novel approach for artifact image generation
based on a low-rank adaptive diffusion model. By integrating low-rank
adapter (LoRA) techniques into stable diffusion and fine-tuning on his-
torical cultural heritage images, the method enables image generation and
style transfer specific to Chinese cultural artifacts. The model significantly
enhances the cultural attributes and historical texture of generated images
whilemaintaining the expressive power of the original diffusion framework.
Moreover, by leveraging low-rank approximation, it adaptively controls
model capacity, enabling more efficient and lightweight fine-tuning. Hsieh
et al.24 introduced a state-of-the-art text-image matching technique for
cultural heritage digitization. Employing web crawlers to automatically
collect artifact resources, their method uses text-driven image retrieval and
generation to promote the digital reproduction of cultural artworks. The
study also addresses technological practices in digital reconstruction, online
presentation, and artifact preservation, while emphasizing the importance
of data ethics, privacy protection, and fairness. Liu et al.25 conducted a
focused analysis of the performance variability of current Text-to-Image
(T2I) models across diverse cultural contexts. They proposed and con-
structed the C3 (challenging cross-cultural) benchmark, comprising a large
set of challenging Chinese cultural prompts and evaluation criteria to assess
generative models’ capabilities in responding to culturally specific inputs. A
multimodal filtering metric was introduced, integrating text-text, image-
text, and object-text alignment to select high-quality, culturally relevant
training samples formodelfine-tuning.Modelsfine-tunedusing thisfiltered
data outperformed baseline and comparative models in terms of cultural
appropriateness, object completeness, and overall esthetic quality, as
demonstrated in the C3 benchmark evaluation.

In future research, we will further enhance the generation quality and
efficiency of diffusion models to meet the demands of large-scale artifact
image generation. Furthermore, integrating artificial intelligence technolo-
gies frommultipledomainsmaydiversify digital representationmethods for
cultural artifacts, thereby providing comprehensive technical support for
artifact preservation and innovative development.

Text-to-3D artifact model generation
The rapid advancement of text-to-image diffusion models has propelled
progress in text-to-3D generation technology26,27, introducing novel possi-
bilities for 3Dartifactmodel generation indigitalmuseums.This technology
enables the generation of highly detailed and complex 3Dmodels based on
textual descriptions, offering unprecedented technical pathways for digital
preservation and exhibitionof cultural artifacts.Nevertheless, thefield of 3D
model generation continues to face significant challenges, primarily
including the scarcity of diverse 3D datasets and limitations in generated
object categories28. These constraints impede the generalization capabilities
of generative models, making it difficult to encompass the diverse and
structurally complex nature of artifact objects29.

Existing research demonstrates that DreamFusion30 substantially
enhances 3D generation performance by leveraging image distribution
scores from pre-trained 2D diffusion models, thereby enabling the gen-
eration of high-fidelity and diverse 3D artifact models. Current research

focuses on improving the fidelity and stability of generative models to
expand their expressiveness across diverse scenarios, providing robust
technical support for digital museum exhibitions, education, and dis-
semination. Nevertheless, the 2D-to-3D generation process remains subject
to inherent uncertainties. To address this issue and ensure generativemodel
coherence and consistency, certain studies have incorporated 3D guidance
mechanisms combined with large-scale 2D diffusion models31 to optimize
generation outcomes and mitigate potential model biases. In the optimi-
zation process of 3D generation based on 2D diffusion models, techniques
such as textual inversion, CLIP loss enhancement32, and LoRA33

fine-tuning
have been extensively employed. These methods facilitate better alignment
between textual descriptions and generated results, improving generation
accuracy and expressiveness. Furthermore, the emergence of 3D diffusion
models such asPoint-E34 andShape-E35 hasmade the generation of complex
structures more feasible, providing substantial support for artifact 3D
modeling and accommodating the modeling requirements of diverse arti-
fact types. By integrating these technologies with digital museums, digital
modeling and multidimensional exhibition of artifacts can be achieved,
significantly enhancing cultural heritage preservation standards while
enriching public interaction and experience.

In the field of artifact digital modeling, text-to-3D generation tech-
nology demonstrates considerable application potential. Leveraging digital
museum technologies, this innovative generative approach can substantially
elevate digital preservation standards for cultural artifacts36 while delivering
enriched, authentic, and immersive cultural experiences to the public.
Future research directionswill focus on further enhancing generativemodel
authenticity, improving stability, and expanding application scope to more
effectively address various challenges encountered in the 2D-to-3D gen-
eration process, thereby providing expanded possibilities and opportunities
for cultural heritage preservation, intelligent museum construction, and
public cultural dissemination.

Text-to-3D large-scale museum scene generation
In digital museum construction, 3D large-scale scene generation plays a
pivotal role37, serving as both the carrier for artifact exhibitionand the virtual
space for visitor exploration. Currently, 3D large-scale scene generation
faces numerous challenges, primarily including the difficulty of acquiring
high-quality 3D data and the complexity of the generation process.

In virtual museum scene generation, methods such as GAN and
InfiniCity38 demonstrate the potential of integrating 2D and 3D models,
particularly excelling in complex scene modeling. By employing multi-
dimensional modeling, these approaches enable the creation of richer and
more refined virtual spatial models. Meanwhile, diffusion models, as an
emerging generative technology, further enhance the realism of museum
scenes by jointly predicting depth information39, resulting inmore nuanced
and lifelike 3D visual effects. This technology extends beyond image gen-
eration, advancing the development and application of virtual museum
technologies.

Layout generation techniques based on Transformer40 architectures,
such as LayoutTransformer41 and ATISS42, offer diverse solutions for digital
museum exhibition design. These methods automatically generate optimal
layouts tailored to varying exhibition needs and spatial characteristics,
enhancing the flexibility and efficiency of museum hall planning. They also
serve as practical tools for curators, improving the visual impact and
interactivity of exhibitions43. In panoramic image generation, models like
COCO-GAN44 and InfinityGAN45 capture the spatial relationships among
exhibits, providing visitors with amore immersive and intuitive virtual tour
experience. Although current approaches still face challenges in object-level
editability and multi-view consistency, continued technological advance-
ments are expected to address these issues, further improving the pre-
sentation quality of digital museums.

Overall, the integrationandadvancementof these technologies provide
multidimensional support for large-scale 3D scene generation in virtual
museums, significantly enhancing the realism, interactivity, and immersive
quality of virtual exhibitions. In the future, digital museums will be able to
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more accurately reconstruct large-scalemuseumenvironments and cultural
artifacts, offering audiences richer interactive and educational experiences.

Research on generative models
Generative adversarial networks (GANs)
Generative adversarial networks (GANs) are a pivotal technique in image
synthesis and currently represent themostwidely used approach for text-to-
image generation tasks46. A GAN consists of two core components: a gen-
erator and a discriminator, which engage in an adversarial process. The
generator attempts to produce realistic data samples, while the dis-
criminator seeks to distinguish between generated and real samples. As
illustrated in Fig. 2, the generator transforms textual features into images,
while the discriminator evaluates both the authenticity and semantic con-
sistency of the generated images. Through iterative training, the generator
progressively improves its ability to produce realistic images, while the
discriminator enhances its accuracy, collectively resulting in a significant
improvement in image generation quality.

Early research adopted Reed et al.’s model as the backbone, supported
by deep convolutional generative adversarial networks, and differentiated
through constraints into conditional generative adversarial networks
(CGAN) and unconditional generative adversarial networks (GAN)47, as
illustrated inFig. 2.Theprimarydistinctionbetween these approaches lies in
CGAN’s incorporation of textual features to constrain both the generator
anddiscriminator, enabling themodel to extract semantic information from
text during training and generate images aligned with textual descriptions,
thereby establishing the foundation for subsequent text-to-image genera-
tion research. Correspondingly, unconditional generative models such as
CycleGAN and DCGAN, lacking conditional encoders, exhibit isotropic
randomness in generation results, which impedes control and integration of
generated outcomes.

With the introduction of multiple GAN models, including
StackGAN48, AttnGAN49, and LAFITE50, increasingly sophisticated gen-
eration mechanisms and techniques have been incorporated to further
enhance image quality and text-alignment effectiveness. StackGAN47

employs a multi-stage generation mechanism, progressively transforming
low-resolution images into high-resolution counterparts, thereby con-
tinuously enriching image detail. AttnGAN49 incorporates attention
mechanisms to better capture crucial details from text and reflect them in
generated images. LAFITE51 integrates CLIP models, further improving
semantic consistency between generated images and textual descriptions.

DF-GAN enhances semantic consistency between text and images through
a matching-aware gradient penalty, strengthening qualitative guidance of
text on generation outcomes52, enabling rapid image generation. LEGAN
addresses inter-class content imbalance through local outlier factor and
information entropy, employing joint training with augmented sparse and
dense samples53, typically applied to data augmentation tasks in medical
imaging54, establishing balanced inter-class data relationships. MARS
leverages large language models and integrated expert modules to decouple
and comprehend data in textual, visual, and video formats55, achieving
higher training efficiency and precise, realistic multimodal content gen-
eration. Table 1 presents a detailed comparison of the aforementionedGAN
models. Through adversarial training, GANs have significantly enhanced
both the quality and semantic consistency of generated images in text-to-
image tasks. By integrating these technologies, image resolution and detail
have been substantially improved, achieving greater realism while enhan-
cing textual description consistency. The development of generative
adversarial networks has established a solid foundation for future research,
and with continued technological advancement and refinement, the quality
of generated images and textual consistency will further improve.

Diffusion models
Diffusion model11 encompasses two core processes: the forward diffusion
process (FDP)56 and the reverse diffusion process (RDP)57. The forward
diffusion process constitutes a “blurring” procedure wherein data progres-
sively loses its original characteristics through a parameterized Markov
chain that gradually adds noise to the original data until it ultimately
becomes pure noise. This generative process demonstrates strong inter-
pretability and enables diverse sample generation. As illustrated in Fig. 3,
diffusion models are generally categorized into denoising diffusion prob-
abilisticmodels (DDPM)58 and conditional diffusion probabilisticmodels59.
Denoising diffusion probabilistic models learn posterior distributions to
progressively denoise and restore data, handling both continuous and dis-
crete data. In continuous data spaces, models approximate posterior
probabilities to eliminate noise; in discrete spaces, models utilize state
transition matrices to capture inter-data dependencies, thereby facilitating
data restoration. Conditional diffusion models integrate conditional infor-
mation into the generation process, achieving conditional generation. These
models typically employ three guidance strategies: explicit classifier gui-
dance, implicit classifier guidance, and CLIP-based multimodal guidance.
Explicit classifier guidance requires additional classifier training to provide

Fig. 2 | Generative adversarial networks and con-
ditional generative adversarial networks.
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conditional constraints, while implicit classifier guidance achieves guidance
directly throughmodel parameters without additional training, resulting in
lower computational costs. CLIP-based guidance significantly enhances
text-image alignment through multimodal alignment but incurs higher
computational costs. The advantage of implicit classifier guidance lies in its
elimination of additional training requirements, making it applicable to
multiple generative models, including stable diffusion60, GLIDE61, and
DALLE-262, with its lower computational costs establishing it as a widely
adopted guidance strategy. Conversely, while CLIP-based guidance
demonstrates exceptional performance in text-image matching63, its sub-
stantial computational costs limit its broader application potential. Diffu-
sion models generate data through progressive denoising, effectively
adapting to both continuous and discrete data denoising mechanisms,
demonstrating excellence across various data types. Conditional diffusion
models achieve conditional generation through multiple guidance
strategies64, particularly implicit classifier guidance65, which offers wide
applicability and cost-effectiveness due to its elimination of additional
training requirements. In contrast, CLIP-based guidance significantly
improves generation quality and text-image alignment66 but incurs higher
computational costs. Table 2 summarizes the technical comparisons and
application scenarios of the aforementioned diffusion models. Future
research directions may focus on improving generation quality while
reducing the computational costs of CLIP-based guidance strategies,
thereby promoting broader application of diffusion models.

Generative museum applications
Artifact portrait generation
Three-dimensional cultural artifact portrait generation represents a pivotal
research domain within cultural heritage digitization and virtual preserva-
tion. By leveraging computer vision and generative models, this approach
enables efficient restoration or creation of historically significant artifact
portraits67, supporting applications in artifact restoration, exhibition, and
digital museums. The skinned multi-person linear model (SMPL)68 con-
stitutes a widely adopted skeletal-driven parametric human bodymodel for

3Dhumanmodel generation. Thismodel decomposes the humanbody into
morphological and postural components, facilitating flexible 3D mesh
deformation to precisely generate diverse human models. It supports
gender-specific template meshes, enabling distinct gender differentiation in
male and female model generation, demonstrating substantial application
value in virtual reality, animation, and game development domains. In early
3Dcharacter generation research, scholars attempted to integrate text-based
2D prior information with neural field generation techniques69, exploring
methodologies for generating complex 3D characters from textual
descriptions. These investigations established foundational frameworks for
subsequent technological innovations, concentrating on algorithmic auto-
mation of character morphology, posture, and motion attribute generation
while utilizing image generation techniques to enhance output quality.
Recent years have witnessed rapid advancement in generative model tech-
nologies, yielding novel approaches such as DreamAvatar70 and
AvatarCraft71, which combine diffusion models with SMPL to further
enhance 3D avatar generation precision and flexibility. These methodolo-
gies not only enable precise control over character shape generation but also
facilitate personalized design of character identity and style, rendering
generated 3D characters increasingly diverse and distinctive. In motion
synthesis and editing domains, approaches such as MotionCLIP72 and
AvatarCLIP73 utilize 3D motion autoencoders and CLIP to achieve text-
driven animation generation. These methodologies enable automatic
synthesis or editing of charactermotion, providingmore efficient animation
generation paradigms.

In the field of 3D facial generation, models such as DreamFace74 have
employed CLIP and neural rendering techniques to achieve text-driven 3D
facial design from scratch75. This technology enables users not only to
generate high-quality facial images but also to personalize and adjust them
based on individual facial features. It lays a robust foundation for character
creation in gaming, avatar design in virtual social settings, and interactive
roles within virtual reality environments. As illustrated in Fig. 4, the
3D cultural heritage avatars reconstructed using this technology demon-
strate the effective transformation of textual descriptions into high-fidelity

Fig. 3 |Diffusion model working principle diagram.

Table 2 | The development history and method comparison of diffusion model-related research

Methods Year Mode Advantages Disadvantages Application

DDPM 2020 Image
generation

The pioneering work of diffusion models, establishing
the foundational framework for diffusion-based
generation.

The generated quality is poor, and the
unconditional guidance leads to
uncontrollable generation outcomes.

Simple image generation, low-
quality image generation.

Imagen 2022 Text-
to-image

Extremely high image quality; strong natural language
understanding capabilities.

Large training data, with relatively low
training efficiency.

High-precision, high-quality
content generation.

Stable
Diffusion

2022 Text-
to-image

Through a less effective attention mechanism, it
supports controlling the imagegeneration process using
text, bounding boxes, and other inputs.

It requires substantial hardware resources
and extensive prior knowledge tuning.

Applicable to tasks such as
image restoration, image
generation, and image editing.

GLIDE 2022 Text-
to-image

Achieving stronger text comprehension, generating
highly realistic images with strong semantic alignment.

Excessive reliance on guidance strategies
leads to a loss of generation diversity, with a
large model parameter size.

Text-to-image generation, text-
driven image restoration.

DALLE-2 2022 Text-
to-image

Supports image editing, transformation, and generation,
with more accurate semantic consistency.

Relies on complex pipeline structures,
resulting in high training costs.

High-fidelity image generation,
artistic creation.

Muse 2023 Text-
to-image

High image quality, more stable training. Low inference efficiency. High-quality image generation.
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three-dimensional formswith detailed facial features. These outputs exhibit
a remarkable degree of resemblance to actual artifacts andmaintain stylistic
consistency with the original cultural objects.

With ongoing advancements in multimodal-guided techniques and
neural representation methods, text-driven 3D generation has become
increasingly flexible, efficient, and precise across various applications,
includingvirtual reality, animation, andgaming.These innovationsnotonly
accelerate the creation of 3D virtual characters but also expand the creative
potential of text-based input, demonstrating significant promise, particu-
larly in virtual reality and animated media. Looking ahead, continued
technological progress is expected to enable the development of more
personalized, content-rich, and interactive digital characters.

3D heritage site scene generation
3Dscene reconstruction involves generating a three-dimensionalmodel of a
scene from multiple viewpoint images76. In the context of digital museum
development, heritage site scene generation represents a key direction in
digital cultural heritage preservation77. Leveraging modern computer gra-
phics and artificial intelligence, it enables the restoration of historical sites,
supporting conservation, virtual exhibition, and cultural tourism industries.
Large-scale 3D scene reconstruction is computationally intensive, typically
requiring the processing of numerous images andmulti-view data. Effective
model generation demands highly efficient methods capable of rapidly
converting this data to ensure the timely reconstruction of expansive
environments78. Another major challenge lies in achieving a high degree of
realism and coherence across the scene. Maintaining consistency in details
and lighting from varying perspectives remains a significant technical
obstacle. To address these issues, scenemodeling often relies on themanual
work of skilled 3D designers or the application of sophisticated computa-
tional techniques for post-processing. While such approaches ensure high
quality and consistency, their heavy dependence on manual effort and
computational resources poses challenges for large-scale deployment.

To address the challengesmentioned above, recent years have seen the
development of several emerging methods, yielding significant advance-
ments. Text2Room29 and Text2NeRF79 are innovative approaches that
combine text with 3D scene generation, enabling the creation of corre-
sponding environmental layouts from natural language descriptions.
Text2Room focuses on structured modeling of environments, emphasizing
the inference of spatial distribution and relationships between elements
from textual descriptions. In contrast, Text2NeRF utilizes neural radiance
fields (NeRF) technology79, concentrating on multi-view scene modeling to
ensure consistency in lighting and details from different perspectives,
enhancing the realism of the generated scenes. These technologies are
particularly well-suited for rapidly creating panoramic scenes and have
opened new avenues for large-scale scene reconstruction.

Additionally, Roomdreaming80 and Ctrl-Room81 integrate geometry-
guided and layout learning techniques to significantly improve the visual
coherence and editability of 3D scenes. These tools leverage learned

geometric data to guide the generation process, ensuring harmony in both
structure and appearance while facilitating subsequent adjustments. These
methods not only accelerate scene generation but also allow even non-
experts to create personalized scenes through simple modifications. From
an editing perspective, FastScene82 further enhances the speed of scene
generation. Using advanced algorithms and efficient data processing, it can
create high-quality 3D scenes in relatively short timeframes, providing
substantial practical value for applications that require instant content
generation. This method reduces computational costs and optimizes the
generation process, facilitating large-scale and multi-scene production. In
the study of 3D scene generation, various perspective strategies have gra-
dually demonstrated their unique advantages. External perspective strate-
gies, exemplified by Text2Room and Text2NeRF, aim to construct a
comprehensive environment fromamacroperspective.Another categoryof
methods, represented by MAV3D83 and GALA3D84, takes an object-
centered approach, focusing on the object itself and its interactions with the
surrounding environment. This approach is particularly suitable for creat-
ing scenes involving complex interactions between objects and their sur-
roundings, such as character-object interactions. Meanwhile, persistent
view methods like SceneScape85 and VividDream86 are ideal for dynamic
and interactive scenarios, especially in open-world scene construction for
applications such as gaming and virtual reality. Furthermore, object
composition-based approaches, such as CompoNeRF87 and set-the-scene88,
focus on the combination and arrangement of multiple objects. These
techniques are frequently used in the creation of scenes where multiple
elements coexist and influence one another, simulating complex interac-
tions and combinations between objects, which is especially useful for
dynamic and intricate scene creation. Currently, most NeRF methods
concentrate on multi-view static scene reconstruction, achieving high-
quality representations through volumetric rendering. They provide fine-
grained 3D representations and high-fidelity synthesis of complex lighting,
materials, and details. Figure 5 illustrates the general architecture for the
reconstruction of ancient architecture using NeRF89, which includes steps
such as image capture, sparse point cloud reconstruction, NeRF modeling,
andmulti-view synthesis. Multi-view images are first captured with camera
poses, followed by volumetric representation learning within the NeRF
network. This process renders the geometry, texture, and mesh details of
ancient architecture in 3D space. By aligning andmergingwith sparse point
clouds, it enables the precise restoration of the complex structures, intricate
decorations, and realistic lighting effects of historical buildings.

Overall, current 3D scene generation technologies have seen significant
improvements in speed, quality, and editability. By adopting various gen-
eration strategies and optimizing perspectives, these methods can produce
more efficient and realistic results across a range of application scenarios.
With ongoing technological advancements, it is likely that these methods
will increasingly integrate deep learning and generative adversarial network
(GAN) techniques, further enhancing the quality and flexibility of 3D scene
generation in the future.

Fig. 4 | Results of text-driven 3D cultural relic portrait generation using AIGC.

https://doi.org/10.1038/s40494-025-02164-1 Review

npj Heritage Science |          (2025) 13:589 7

www.nature.com/npjheritagesci


3D cultural relic texture generation
3D cultural relic texture generation is a crucial component of cultural
heritage digitization, enabling the realistic reproduction of artifact appear-
ances through texture generation and optimization83. This process provides
essential technical support for digital exhibition, restoration, and pre-
servation. Although recent advancements in text-guided 3D texture gen-
eration have yielded notable progress, the technology still faces significant
challenges—particularly in achieving high-quality and consistent texture
outputs. A central issue lies in aligning textual descriptionswith the physical
morphology of artifact surfaces. To produce textures that meet practical
demands, it is necessary to possess a deep understanding of complex geo-
metries and ensure that the generated textures are coherent with both the
surface shapes and material properties. Moreover, in the automated design
of richly detailed patterns, current technologies often fall short of replicating
the esthetic perception and creative judgment of human designers, limiting
their broader applicability. Current research primarily focuses on auto-
mating texture design through natural language prompts, aiming to gen-
erate textures that are both semantically aligned and visually accurate. These
approaches rely on deep learning models to translate textual descriptions
into corresponding 3D texture images. However, ensuring smooth transi-
tions, structural coherence, and the avoidance of visual artifacts during
texture generation remains a persistent technical challenge.

To address these challenges, researchers have proposed a range of
innovative techniques and methods, including TANGO90, TexFusion91,
TEXTure92, Text2Tex93, and X-Mesh94, all of which play critical roles in
enhancing the quality of texture generation. TANGO improves alignment
between textual input and geometric models, thereby increasing the accu-
racy of texture generation. TexFusion and Text2Tex leverage deep learning
techniques to enhance the rendering of fine details and ensure visual
coherence. X-Mesh focuses on generating more complex textures and
morphological variations95. While these approaches have achieved notable
results in certain domains, challenges remain in generalizing their effec-
tiveness across broader applications96.

Thanks to the continued integration of advanced technologies such as
deep learning models, generative adversarial networks (GANs), and diffu-
sionmodels, 3D texture generation has seen notable improvements in both
accuracy and efficiency. Deep neural networks, trained on large-scale
datasets, canproduce highly realistic anddetailed texturemaps, significantly
reducing the manual workload traditionally required in texture design.
Figure 6 illustrates the outcomes of variousmethods on 3Dmodels and their
corresponding texture maps. Panels (a–d) display results generated using

GAN-based techniques, which show moderate success in reconstructing
object structures and capturing semantic texture features. However, these
methods often struggle with texture fidelity, geometric consistency, and
continuity—resulting in issues such as discontinuities, blurring, or repetitive
patterns, especially on complex surfaces or in high-frequency regions. Such
limitations can lead to unrealistic and incoherent texture applications. In
contrast, panels (e, f) demonstrate the advantages of diffusion-based
methods, which achieve superior performance in texture reconstruction
accuracy and stylistic consistency. These models produce smoother, more
natural texture transitions and effectively align with 3D geometries,
enhancing overall visual realism and perceptual quality. Nevertheless, fully
automating the texture generationprocess still requires further optimization
of existing techniques to improve their robustness and adaptability across
diverse and complex scenarios. Future research is likely to focus on multi-
modal learning, model scalability, and diversity in texture synthesis, paving
the way for broader applications in cultural heritage preservation, virtual
reality, and beyond.

Generative technologies empowering the future of
museums
Looking ahead, generative technologies are poised to exert a profound
influence on digital museums, opening new avenues for the preservation
and presentation of cultural heritage. In this new era, it is essential to fully
recognize the application value of these emerging technologies and harness
their potential to advance the intelligent development of China’s museum
sector. First, themultimodal generative capabilities of these technologieswill
allow cultural digitization to transcend traditional two-dimensional and
static displays. Through high-precision 3D modeling and dynamic scene
construction, audiences will be able to explore historical cultures more
immersively, fostering deeper cultural understanding and exchange. Sec-
ond, interaction design based on virtual experiences is expected to become a
primary mode for digital museum exhibits. By leveraging virtual reality
(VR), augmented reality (AR), and related technologies, visitors will be able
to intuitively perceive the rich historical and cultural information embedded
within artifacts. This shift from “static display” to “dynamic interaction”not
only stimulates public interest in culture but also deepens their historical
awareness and engagement. Moreover, as artificial intelligence continues to
be widely adopted, museums face challenges such as insufficient digital
resources and slow data updates. Within the framework of generative
technology empowerment, museums—as key venues for cultural trans-
mission and exhibition—still hold vast potential for future development.

Fig. 5 | The process of ancient building scene gen-
eration based on NeRf.
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Automated display of virtual artifacts
Time and space are fundamental dimensions of movable cultural relics and
represent key expressions of real-world data. In digital museums, the
chronological sequencing of artifacts is emerging as a promising direction
for both curation and education. By arranging artifacts according to their
historical periods, cultural phases, or significant events, museums can
implement more scientifically grounded and pedagogically valuable time-
lines. From the perspective of historical research, such temporal sequencing
offers a clearer representation of the trajectory of cultural development. For
instance,when showcasing ancient civilizations, artifactsmaybe arranged in
a progression—from the earliest handmade pottery, to the complex casting
of bronze ware, and eventually to the refined craftsmanship of porcelain.
This approach not only supports deeper academic inquiry but also helps the
public better understand the stages and milestones of cultural evolution.
Extensive analyses have been conducted on the metadata of numerous
artifacts, including their excavation dates, cultural contexts, and manu-
facturing techniques. With the advancement of digital humanities, various
platforms and systems have been developed to visualize and analyze the
spatiotemporal evolution of cultural heritage. Notable examples include the
Chronological Map of Tang and Song Literature developed by South-
Central Minzu University and the China Historical Geographic Informa-
tion System (CHGIS), jointly developed by Fudan University and Harvard
University. These tools facilitate a dynamic understanding of cultural
change across time and space, enriching both scholarly research and public
engagement in digital heritage.

Giving artifacts stories
The importance of narrative has long been self-evident, and through gen-
erative technologies, artifacts are imbued with stories, bringing them to life.
In future museums, large models will leverage their exceptional linguistic
capabilities to craft rich, compelling narratives based on an artifact’s
uniqueness, historical context, and related cultural stories. For the audience,
these stories transform artifacts from mere static exhibits into vibrant,
culturally rich carriers of meaning. For instance, a piece of ancient bronze
can be brought to life through generative technology, offering detailed
descriptions of its manufacturing process, its use in ancient society, the
ritualistic culture behind it, and the legendary stories it has carried through
the ages.Thesenarrativesnot only captivate the audience’s attentionbut also
deepen their insights and memories regarding the artifact and its historical
significance. From the perspective of cultural heritage, the storytelling
capabilities of generative technologies help museums transcend the lim-
itations of time and space in cultural dissemination. Through platforms like
the internet, these stories can be shared globally, attracting a wider audience
to engage with and explore the museum’s cultural offerings. Furthermore,
with ongoing advancements in generative technologies, the content of these
storieswill become increasingly rich and accurate, positioning storytelling as
a key driver of both cultural preservation and innovation.

Virtual digital guide tour
Traditional museum tours typically rely on live explanations from profes-
sional guides. However, through the use of virtual digital avatars, museums
can offer an interactive, personalized visiting experience, enabling visitors to
engage in self-directed learning and exploration. The generation and
application of voice-driven digital avatars has become a prominent area of
research. Creating a virtual digital guide requires the use of modeling and
rendering technologies to produce avatars with realistic appearances and
natural movements97. Skeletal animation systems are employed to precisely
control the avatar’s body movements, ensuring that its behavior during the
tour aligns with natural human actions. Additionally, multimodal interac-
tion technologies based on deep learning enable interaction between the
virtual guide and the audience.Through voice, gesture, and facial expression
recognition, the digital avatar can accurately perceive the visitor’s intentions
and respond accordingly.

To interact effectively with the audience, the virtual digital guide must
possess a comprehensive knowledge system related to the museum’s exhi-
bits. This involves structuring artifact information, historical and cultural
knowledge, and exhibition layouts into aknowledgegraph.Thevirtual guide
can thenuse this knowledge graph toperform inference, providing accurate,
insightful, and logically coherent explanations in response to visitors’
inquiries. Beyond content, elements such as voice, tone, and emotional
expressionmust also be focal points in the development of the virtual digital
guide. Byoptimizing emotionalmodels and affective computing techniques,
adjustments can bemade to the pacing, language, and tone of the narration,
thereby enhancing visitor engagement and satisfaction.

Conclusions
This paper provides a comprehensive study and review of the application of
generative technologies in digital museum environments, along with their
long-term impact on the digital preservation of cultural heritage. Digital
museums have made significant progress in artifact image generation, 3D
modeling, and the creation of large-scale virtual environments using gen-
erative technologies, greatly optimizing methods for the virtual display and
preservation of cultural relics. With the ongoing advancement of cutting-
edge technologies such as diffusion models and generative adversarial
networks, the digital reconstruction of artifacts will increasingly incorporate
higher levels of authenticity and rich detail, thereby enhancing the inter-
activity and immersive experience of digital museums.

The construction of smart museums leverages AIGC technologies to
generate high-quality digital artifacts and vivid historical scenes through
text-to-image, text-to-3Dmodel, and text-to-3D scene generation, breaking
the constraints of time and space and enhancing the breadth and depth of
cultural dissemination. This paper systematically organizes the main tech-
nologies used in the artifact image generation process, focusing on GANs
and diffusion models. First, we compare the different modes, frameworks,
and advantages and disadvantages of various GAN architectures,

Fig. 6 | 3D cultural relic model and corresponding
texture generation.
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highlighting their application scenarios in generative fields and offering a
cross-disciplinary description and comparison in artifact generation.
Additionally, diffusion models have demonstrated their progressive
denoising capabilities. When combined with text and 3D modeling tech-
nologies, theyoffer richermethods for digital exhibitions.We systematically
discuss and compare the development of diffusion models, fromDDPM to
Muse, providing a structured reference for future artifact digitization
research. In the context of generative museums, we describe the three most
popular application scenarios: artifact avatar generation, 3D heritage site
scene generation, and 3D artifact texture generation. Through the latest
innovative technologies and methods, we present corresponding applica-
tion examples.These results showcase thepowerful capabilities of generative
models in visual restoration, spatial reconstruction, and detail synthesis,
while offering new pathways for the virtual display, interactive experiences,
and educational dissemination of digital artifacts.

At the same time, we clearly distinguish between the limitations at the
theoretical and practical levels: Theoretically, currentmodels still face issues
such as training instability and low precision in generation control. Prac-
tically, the deployment of these models in real-world scenarios continues to
encounter challenges such as difficulty in data acquisition, high computa-
tional requirements, and insufficient cross-domain adaptability.

Finally, this paper highlights the significant reference value of research
in this field for cultural policy. The continuous maturation of generative
technologies not only provides new tools for the preservation and dis-
semination of cultural heritage but also has a profound impact on the
standardization of digital museum construction, educational outreach, and
the expansion of social awareness. It offers technical support and pathway
references for the formulation and implementation of relevant policies.

In the future, the integration of generative technologies with immersive
technologies such as augmented reality (AR) and virtual reality (VR) will
create unprecedentedopportunities for innovation inmuseums.Visitorswill
be able to deeply engage with cultural experiences in multidimensional
spaces through virtual tours, interactive learning, and digital artifact
deconstruction, fostering a strong cultural resonance. Future research should
focus more on enhancing the accuracy and diversity of generative models,
while addressing the challenges of generalizing small sample data, to pro-
mote the intelligent and sustainable development of generative technologies
in the digitalmuseum sector.With ongoing technological advancements, we
firmly believe that generative technologies will become a key driving force in
the development of digital museums, injecting new vitality into cultural
heritage andproviding thepublicwithmore captivating cultural experiences.
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