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Abstract
The digitization of Cultural Heritage (CH) has become a vital tool for preservation and dissemination, with 3D reconstruction
playing a key role in capturing intricate geometries and visual details of artifacts. While traditional methods like photogramme-
try and laser scanning are effective, they often involve labor-intensive processes and struggle with complex material properties.
Recent advancements in Generative AI (GenAI), particularly Large Reconstruction Models (LRMs) such as TRELLIS, offer
promising alternatives for 3D generation. However, their application in CH remains underexplored. This paper introduces a
novel comparative framework to evaluate the accuracy and visual fidelity of 3D GenAI models in the CH domain. Focusing on
TRELLIS, the framework assesses single-view and multi-view 3D generation across five diverse CH scenes, employing both 2D
(PSNR, SSIM, LPIPS) and 3D (Chamfer Distance, F-score, Accuracy) metrics. Results demonstrate superior performance for
individual artifacts (e.g., Minareto, Greek Vase) compared to complex architectural scenes, with multi-view generation consis-
tently outperforming single-view approaches. The study highlights the potential of GenAI for CH preservation while identifying
challenges in large-scale reconstructions, paving the way for future hybrid methodologies and sparse-view optimizations.

CCS Concepts
• Computing methodologies → Artificial intelligence; 3D imaging; Computer graphics; Image-based rendering; • Informa-
tion systems → Multimedia content creation;

1. Introduction
The digitization of cultural heritage (CH) has emerged as a power-
ful paradigm for preserving, studying and disseminating our shared
history and identity [HKP*22]. As many artifacts, monuments and
archaeological sites are under threat from environmental degrada-
tion, conflict or the passage of time, 3D digitization provides a valu-
able way to document and protect their legacy. In this context, 3D
reconstruction stands out for its ability to capture the intricate ge-
ometries and visual details of cultural artifacts. Traditional tech-
niques, such as Photogrammetry and Terrestrial Laser Scanning,
are key in this domain, enabling the creation of detailed 3D mod-
els from a series of images. However, these conventional methods
often include labor-intensive processes, require significant exper-
tise, and may struggle with accurately reproducing complex mate-
rial properties or fine details.

In recent years, artificial intelligence (AI) has emerged as a trans-
formative force in 3D reconstruction and generation. Techniques
such as Neural Rendering, Neural Radiance Fields (NeRFs) and
3D Gaussian Splatting, have demonstrated remarkable capabilities

in synthesising photorealistic 3D representations from 2D images.
These methods show promise in the cultural heritage (CH) sector,
offering new ways to digitise artifacts and sites [BGP*23; BCP*24;
CFB*24]. Nonetheless, they also present some limitations. In par-
ticular, they often require extensive image datasets to achieve high-
quality results and may produce outputs that lack the desired 3D
fidelity when converted to a mesh representation for certain ap-
plications. Parallel to these developments, Generative AI (GenAI)
has gained prominence in 3D object generation. Specifically, Large
Reconstruction Models (LRMs) leverage vast 3D datasets to learn
versatile representations of data [HZG*23], enabling the genera-
tion of diverse and high-quality 3D models from minimal and mul-
timodal inputs [LGL*24; LLL*24]. Among the most recent state-
of-the-art works, a notable example is TRELLIS [XLX*24], which
introduces a unified Structured LATent (SLAT) representation to
facilitate scalable and versatile 3D generation.

Despite the rapid progress of 3D generative AI (GenAI) models,
their application in the field of CH remains significantly under-
explored [Spe24]. Most existing GenAI approaches have been de-
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veloped and benchmarked using generic datasets of everyday ob-
jects, either synthetic or real-world. These datasets often fail to
capture the complexity and uniqueness of CH artifacts. CH as-
sets differ fundamentally in terms of their morphology, surface tex-
tures and material compositions. They often have highly irregular
shapes, intricate ornamental features, non-repetitive patterns and
signs of historical degradation or restoration. These characteristics
present a significant challenge to existing GenAI pipelines, which
are usually optimised for clean, well-structured and frequently oc-
curring object classes. Furthermore, CH artifacts are not merely
aesthetic or functional objects; they carry historical, cultural and
symbolic meaning. Consequently, their digital representations must
meet stricter requirements in terms of visual and structural fidelity.

To address these limitations, this work introduces a comparative
evaluation framework designed specifically to assess the suitabil-
ity and performance of 3D GenAI models in the context of CH.
The framework is designed to meet the specific requirements of
CH digitization. These include preserving high-resolution detail,
reproducing accurate geometry and handling incomplete or mini-
mal input data. Our focus is particularly on the TRELLIS Gener-
ative AI Large Reconstruction Model (LRM) [XLX*24], a recent
state-of-the-art model that uses a Structured Latent (SLAT) repre-
sentation to enable scalable, multimodal 3D generation. Although
TRELLIS has been shown to perform well in standard benchmarks,
its capacity to generalise to CH scenarios has yet to be systemat-
ically studied. We conducted our evaluation on five different CH
scenes, encompassing a range of object types, geometrical com-
plexities, and cultural significances. Each scene is reconstructed
from two input configurations: a single-view image and a set of
multiple views. The generated 3D outputs are assessed using a
dual-perspective methodology that incorporates 2D (image-based)
and 3D (geometry-based) evaluation criteria. These include visual
fidelity, structural coherence and spatial accuracy, which are crucial
aspects for downstream applications such as virtual exhibitions,
digital restoration or educational visualisation. This study aims to
assess current capabilities and identify potential gaps and future
directions in applying GenAI to the CH field. By grounding the
evaluation in the specific constraints and demands of CH preser-
vation, our framework helps lay the groundwork for more reliable,
interpretable and culturally sensitive AI-driven 3D reconstruction
methodologies.

The main contributions of this work lie in the development and
application of a novel evaluation framework tailored to the spe-
cific requirements of CH digitization using GenAI. Unlike general-
purpose benchmarks, our framework addresses the unique chal-
lenges posed by cultural artifacts, including their irregular geome-
tries, intricate surface details and material complexity. This study
provides empirical insights into the capabilities and limitations of
GenAI models such as TRELLIS in the context of CH. It offers
guidance on integrating these models into heritage documentation
and preservation workflows, and highlights key areas for future re-
search and improvement.

2. Related Works
The growing interest in applying AI to the creation of 3D con-
tent has led to remarkable advances in various fields, including

entertainment, robotics and virtual reality [DPN*22; MGF*23;
RSL*24]. However, when it comes to CH, the requirements for
3D digitization are particularly stringent, demanding visual fidelity,
structural accuracy, and historical authenticity. This section reviews
relevant research across three main areas: (i) generative AI meth-
ods for 3D generation, with a focus on recent developments in
diffusion-based approaches; (ii) AI-driven 3D reconstruction ap-
plied specifically to cultural heritage artifacts; and (iii) evaluation
methodologies designed to assess the quality and fidelity of recon-
structed 3D models in CH contexts. This review contextualises our
work within the broader landscape of GenAI and CH digitization,
emphasising the necessity of specialised evaluation frameworks to
address the distinctive challenges posed by heritage applications.

Generative AI for 3D Generation
Recent advances in diffusion-based generative models have en-
abled high-quality 3D content creation from 2D inputs [LHH*24;
WLW*24]. Notable approaches focus on single-image 3D recon-
struction and text-to-3D generation. For example, One-2-3-45 con-
verts a single image into a textured 3D mesh in about 45 sec-
onds without per-object optimization [LZW*23a], and its succes-
sor One-2-3-45++ further improves fidelity by fine-tuning diffusion
models for consistent multi-view synthesis [LZW*23b]. Magic123
introduces a two-stage pipeline that first fits a coarse NeRF and then
extracts a differentiable high-resolution mesh, guided by both 2D
and 3D diffusion priors [QWZ*24]. Similarly, Make-It-3D lifts a
single image to a NeRF, then to a textured point-cloud, using a two-
stage diffusion-guided optimization to achieve high-fidelity geom-
etry and texture [TWZ*23b]. DreamGaussian replaces the NeRF
with a generative 3D Gaussian splatting model, yielding textured
meshes in only a few minutes, about an order of magnitude faster
than traditional score distillation methods [TWZ*23a].
Other works apply multi-view diffusion for 3D generation. Ren-
derDiffusion is a diffusion model that explicitly predicts an inter-
mediate 3D scene representation at each denoising step, enforcing
3D consistency while training on 2D image supervision [AXF*23].
MVDream learns a multi-view diffusion prior from both 2D and
3D data, enabling generation of consistent view sets from a text
prompt, which can then be converted to 3D via existing pipelines
[SWY*23]. Cycle3D tightly couples a 2D diffusion generator and
a feed-forward 3D reconstruction network in a single diffusion
loop: the 2D model proposes new views which are immediately
“corrected” by a 3D reconstructor, yielding more consistent ge-
ometry and textures [TZC*25]. IM-3D iteratively alternates be-
tween multi-view generation (using a video diffusion model) and
3D reconstruction via Gaussian splatting, dramatically reducing
computation while producing high-quality outputs with fewer arti-
facts [MLR*24]. [XLX*24] introduces Structured LATent (SLAT)
representations, which allow decoding to different output formats,
such as NeRF, 3DGS, and meshes, outperforming previous meth-
ods. Collectively, these models push the state of the art in image-
to-3D, showing significant gains in speed, geometric accuracy, and
visual quality.

AI-Driven 3D Reconstruction in Cultural Heritage
Digitization of CH objects often requires reconstructing damaged
or incomplete artifacts from limited images. Recently, AI methods
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have begun to tackle these challenges. [JS24] introduced a condi-
tional diffusion model designed to reconstruct 3D point clouds of
heritage objects. Their approach demonstrated the model’s capa-
bility to accurately reproduce geometries specific to cultural arti-
facts, despite challenges related to data diversity and outlier sensi-
tivity. In the area of digital restoration, [Dan*24] combined Stable
Diffusion for image inpainting with NeRFs to repair and visual-
ize degraded ceramic artifacts. This method enabled the creation
of realistic 3D surrogates from incomplete 2D images, highlight-
ing the potential of AI in enhancing museum exhibits and pub-
lic engagement. [Shi25] applied AI-assisted 3D modeling to re-
construct temple arts from historical photographs. By leveraging
platforms like 3DGS and NeRF, the study achieved detailed recon-
structions, emphasizing AI’s role in the continuous preservation of
CH through evolved documentation and interpretation processes.
Additionally, [DSG*24] proposed a pipeline leveraging 3DGS for
efficient 3D digitization and segmentation of cultural heritage ob-
jects using only RGB images. This approach facilitates the creation
of digital replicas without the need for manual annotation, making
it accessible for widespread deployment.

Evaluation of 3D Models in Cultural Heritage
The CH domain demands rigorous evaluation of reconstructed
3D models in terms of geometric accuracy and visual fidelity.
[LTGR23] propose a benchmark for heritage reconstruction, using
laser-scanned artifacts as ground truth. They measure reconstruc-
tion quality by the Chamfer Distance between meshes, among other
metrics, and highlight how lighting, surface properties, and occlu-
sions affect different algorithms. [NSRR20] provides an overview
of the different metrics to evaluate 3D suface reconstruction in
CH, analyzing various 3D mesh quality metrics (e.g. F-score, ac-
curacy) and discuss their relevance for CH digitization. Together,
these works emphasize specialized evaluation protocols for her-
itage objects, using both quantitative benchmarks and qualitative
criteria to assess the fidelity, completeness, and usability of gener-
ated 3D reconstructions. Additionally, the development of bench-
marks like CUBE (CUltural BEnchmark for Text-to-Image models)
allow the evaluation of cultural competence in AI-based generative
models, focusing on cultural awareness and diversity [Kan*24].
These benchmark, while instrumental in assessing how well AI
models represent diverse cultural artifacts, is limited on images,
not including 3D representations.
In this context, our work aims to address this issue by presenting
a novel evaluation framework tailored specifically for assessing 3D
generative AI methods within the CH domain. Although previous
studies have introduced AI-based techniques for heritage recon-
struction and discussed general evaluation metrics for 3D models,
there is still a lack of comprehensive frameworks that systemati-
cally evaluate the visual fidelity and geometric structure of 3D ob-
jects generated by state-of-the-art GenAI models when applied to
heritage artifacts. Our framework addresses this issue by offering a
thorough, multi-perspective assessment process that combines 2D
and 3D analysis. It evaluates the quality of generated objects in
terms of visual realism, structural coherence and geometric accu-
racy, taking into account the specific challenges of CH digitization
such as complex ornamentation, surface degradation and material
diversity. By focusing on the TRELLIS model, our work bench-
marks its performance across a representative set of CH scenes and

offers critical insights into the capabilities and limitations of current
GenAI techniques for heritage preservation. Our goal is to bridge
the gap between recent advances in generative modelling and the
stringent requirements of CH applications, guiding future research
towards more robust, culturally sensitive and application-ready AI-
driven 3D reconstruction methods.

3. Materials and Methods
3.1. Preliminaries
The baseline model for 3D generation used in our framework
is TRELLIS [XLX*24], a state-of-the-art genAI method for 3D
model generation. The core of this method is the Structured LA-
Tent (SLAT) representation, which enables decoding into various
3D output formats such as Radiance Fields, 3D Gaussians, and
meshes. SLAT defines a set of local latents on a sparse 3D grid
to represent both geometry and appearance information:

z = {(zi, pi)}L
i=1, zi ∈ RC, pi ∈ {0,1, . . . ,N −1}3, (1)

where L ≪ N3 due to the sparsity of 3D data, allowing construction
at relatively high resolutions (N = 64 by default). This structured
latent representation is encoded from 3D assets by fusing dense
multiview visual features extracted by a vision foundation model
and can be decoded into diverse 3D representations.
The generation process follows a two-stage pipeline:
1. Sparse Structure Generation: The first stage generates the sparse

structure of SLAT using rectified flow models. These mod-
els employ a linear interpolation forward process between data
samples and noise, producing a binary 3D grid:

Active voxels: {pi}, where pi ∈ {0,1}. (2)

2. Local Latent Generation: In the second stage, local latent vec-
tors are generated for non-empty cells in the sparse structure.
These latents capture both geometry and appearance informa-
tion.

To handle the sparsity in SLAT efficiently, the framework employs
rectified flow transformers with 3D shifted window attention:

Attention(Q,K,V ) = softmax
(

QKT
√

dk

)
V, (3)

where queries Q and keys K are normalized using root mean square
normalization (RMSNorm) to ensure training stability.
The overall training objective incorporates reconstruction losses
tailored to each representation:

Ltotal = Lgeo +λ1Lcolor +λ2Lreg, (4)

where Lgeo and Lcolor measure geometric and appearance fidelity,
respectively, and Lreg includes regularization terms such as consis-
tency and deviation penalties.
The framework is trained on 500K high-quality 3D assets from
4 publicly available datasets: Objaverse (XL) [DLW*23], ABO
[CGD*22], 3DFUTURE [FJG*21], and HSSD [KMJ*24]. This al-
lows the model to generalize to diverse object structures and visu-
als.
This structured approach enables TRELLIS to generate 3D assets
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Figure 1: Overview of the framework. Starting from a selected 3D object, multi-view images are extracted. Then, single-view and multi-view
generation is performed. The generated 3D models are evaluated for 3D structural fidelity. Finally, 2D views are extracted from the 3D object
and the images evaluated.

in different formats. This is achieved through specialized decoders.
In particular:
• 3D Gaussians: Each latent zi is decoded into K Gaussians with

position offsets o, colors c, scales s, opacities α, and rotations r:

DGS : {(zi, pi)}L
i=1 →{{(oik,cik,sik,αik,rik)}K

k=1}
L
i=1, (5)

where the final positions xik of the Gaussians are constrained to
the vicinity of their active voxel:

xik = pi + tanh(oik). (6)

• Radiance Fields: For each active voxel, 4 orthogonal vectors
vx,vy,vz,vc are predicted, representing the CP-decomposition of
a local radiance volume:

Vi,xyzc =
R

∑
r=1

vxi,rx vyi,ry vzi,rz vci,rc , (7)

where R = 16 is the rank of decomposition.
• Meshes: The decoding process produces flexible parameters for

mesh extraction:

DM : {(zi, pi)}L
i=1 →{{(w ji,d ji)}64

j=1}
L
i=1, (8)

where w ji = (α ji,β ji,γi j,δ ji) are interpolation and deformation
parameters, and d ji are signed distance values.

In our framework, we chose to focus on meshes as they are the most
versatile and widely used representation in 3D modeling. Meshes
provide a balance between geometric precision and computational
efficiency, making them ideal for a wide range of applications.

3.2. Comparative Framework
Our novel evaluation framework, shown in Fig. 1, is structured to
assess both visual fidelity and geometric accuracy of 3D models
generated from CH artifacts using genAI [XLX*24]. The goal is to
provide an easy to use and flexible framework to enable the evalu-
ation of genAI approaches in a CH context.

Dataset creation The process begins with the creation of a syn-
thetic dataset using Blender. The dataset was created by selecting
five different CH scenarios and objects to ensure a wide variety of
artifact types and scales. Specifically, the dataset includes two ob-
ject (a Greek vase and a bust of Nefertiti), a minaret, a castle and a
hermitage. Four of these models were sourced from publicly avail-
able repositories†, while the minaret was created using photogram-
metry and 3D modeling techniques [FWM*17]. Figure 1 details
each dataset scene, with extracted images examples and the ground
truth 3D models. A total of 125 high-resolution images (1920x1080
pixels) were rendered for each model, with camera positions uni-
formly distributed across a spherical sampling grid. From these,
100 images were selected as the training set for 3D generation,
while the remaining 25 images served as a test set for 2D evalu-
ation.

3D Generation and Evaluation Pipeline At the core of our
framework lies a robust 3D generation and evaluation pipeline that
systematically assesses the capabilities of genAI models (TREL-
LIS [XLX*24] in our case) in generating high-fidelity 3D recon-
structions of CH artifacts. The pipeline is designed to support both
single-view and multi-view generation modalities, enabling a com-
prehensive analysis of performance under varying levels of input
information. In the single-view generation scenario, the model is
provided with a single randomly selected RGB image from the

† https://sketchfab.com
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Dataset Scene Type Description Extracted Images Ground Truth

Greek Vase Artifact

Pelike vase
showing the love god
Eros accompanied by

two women near a basin.

Nefertiti Bust Artifact

Bust of
Queen Nefertiti

from the Egyptian
Museum of Berlin

Minaret
Architectural

Structure

Minaret of the
Omayyad Mosque,
Damascus, Syria

Castle
Architectural

Structure

Castle of Chinchilla,
Chinchilla de

Monte-Aragón, Spain

Hermitage
Architectural

Structure

Hermitage of
Santa Coloma,

Guadalajara, Spain

Table 1: Dataset overview with related characteristics.

training set of 100 views. This represents a challenging minimal-
input setting, emulating real-world constraints where only limited
visual documentation may be available. Conversely, in the multi-

view generation scenario, the model receives the full set of 100
training images, offering a richly informed reconstruction process
that leverages diverse viewpoints and lighting conditions. Once the

© 2025 The Author(s).
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3D object is generated and it is exported in mesh format, a 2D
re-rendering step is conducted. Here, 25 novel views are rendered
from the generated 3D mesh using virtual cameras placed at the
exact same positions as those used in the 25-image test set. This
alignment allows for a pixel-level comparison between the ground
truth and generated outputs, facilitating consistent and fair evalua-
tion of visual fidelity.
The generated 3D models were evaluated in both 2D and 3D, as-
sessing visual quality and structural fidelity. To evaluate the pho-
torealism and perceptual fidelity of the generated objects, we com-
pared the 25 ground-truth test images with the 25 images rendered
from the generated 3D model under matching viewpoints. Based on
the current literature [HBM*24; YPW23; WYZ*24], the following
metrics were adopted:
• Peak Signal-to-Noise Ratio (PSNR): PSNR quantifies the differ-

ence between corresponding pixels of two images. It is computed
as:

PSNR = 10 · log10

(
MAX2

MSE

)
, (9)

where MAX is the maximum possible pixel value (typically 255
for 8-bit images), and MSE is the mean squared error between
the predicted image I and the ground-truth image I∗:

MSE =
1
N

N

∑
i=1

(Ii − I∗i )
2, (10)

Higher PSNR values indicate closer correspondence to the refer-
ence image.

• Structural Similarity Index Measure (SSIM): SSIM assesses the
similarity between two images by comparing local patterns of
pixel intensities that have been normalized for luminance and
contrast. It is defined as:

SSIM(x,y) =
(2µxµy +C1)(2σxy +C2)

(µ2
x +µ2

y +C1)(σ
2
x +σ2

y +C2)
, (11)

where µx and µy are the local means, σ
2
x and σ

2
y are the local

variances, and σxy is the local covariance between the predicted
and reference image patches. C1 and C2 are small constants that
stabilize the division. SSIM values range from 0 to 1, with higher
values indicating greater structural similarity.

• Learned Perceptual Image Patch Similarity (LPIPS): LPIPS is a
perceptual metric that compares the deep feature representations
of two images as extracted by a pretrained convolutional neural
network (e.g., VGG). Formally, LPIPS is defined as:

LPIPS(x,y) = ∑
l

1
HlWl

∑
h,w

∥∥wl ⊙
(

f x
l (h,w)− f y

l (h,w)
)∥∥2

2 ,

(12)
where f x

l and f y
l are the activation features at layer l of the net-

work for images x and y, respectively, and wl are learned weights
for each channel. Lower LPIPS values indicate greater percep-
tual similarity.

These 2D metrics are specifically targeted at evaluating visual real-
ism and texture fidelity.
For the assessment of geometric and structural integrity of the gen-
erated 3D models, we employed the following metrics, widely used
in the literature [NSRR20; KPZK17; XLX*24], comparing the gen-
erated mesh against the ground truth 3D reference:

• Chamfer Distance (CD): CD measures the average closest-point
distance between two point sets P and Q, sampled from the pre-
dicted and ground-truth surfaces, respectively. It is defined as:

CD(P,Q) =
1
|P| ∑

p∈P
min
q∈Q

∥p−q∥2
2 +

1
|Q| ∑

q∈Q
min
p∈P

∥q− p∥2
2,

(13)
Lower values indicate a closer alignment between the two point
sets.

• F-score: The F-score evaluates the geometric overlap between
two point clouds by computing the harmonic mean of precision
and recall, given a distance threshold τ:

F-score =
2 ·Precision ·Recall
Precision+Recall

, (14)

where:

Precision =
1
|P| ∑

p∈P
⊮
[

min
q∈Q

∥p−q∥2 < τ

]
, (15)

Recall =
1
|Q| ∑

q∈Q
⊮
[

min
p∈P

∥q− p∥2 < τ

]
, (16)

The threshold τ controls the tolerance for considering two points
as matching. Higher F-scores indicate better alignment and com-
pleteness.

• Accuracy: Accuracy measures the signed point-to-surface dis-
tance between the predicted mesh and the reference mesh. Given
a set of vertices vi from the predicted mesh and a reference sur-
face S, the accuracy is:

Accuracy =
1
N

N

∑
i=1

d(vi,S). (17)

where d(vi,S) denotes the signed Euclidean distance from vertex
vi to the closest point on the surface S. Mean and standard de-
viation of these distances are reported to quantify both bias and
dispersion. Lower absolute accuracy values and standard devia-
tions indicate higher geometric fidelity.

This evaluation approach ensures a comprehensive assessment of
both the visual realism and structural fidelity of the generated
models, enabling a robust comparison across different generation
modalities.

4. Experiments and Results
4.1. Experimental Settings
The experiments were conducted on a system running Ubuntu
22.04, equipped with an NVIDIA A6000 GPU with 48 GB of
VRAM. For the image generation, we used Blender 4.4. To au-
tomate the generation of the diverse object views, we employed the
BlenderNeRF add-on‡, which allows automatic camera position-
ing and rendering around the target object. We employed an Axis-
Aligned Bounding Box (AABB) of 8, a camera radius of 8.5m and
a camera radius of 50mm. For the 3D generation, we employed
the TRELLIS-image-large model, which is the image-to-3D

‡ https://github.com/maximeraafat/BlenderNeRF
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Scene
2D Evaluation 3D Evaluation

PSNR ↑ SSIM ↑ LPIPS ↓ CD ↓ F-score ↑ Accuracy ↓
Single Multi Single Multi Single Multi Single Multi Single Multi Single Multi

Greek Vase 20.68 22.72 0.915 0.929 0.057 0.047 0.002 0.002 0.996 0.993 0.001(0.03) -0.005(0.032)
Nefertiti Bust 20.38 24.26 0.882 0.904 0.103 0.072 0.011 0.001 0.805 1.000 0.026(0.077) 0.005(0.025)
Minareto 26.88 34.12 0.974 0.995 0.014 0.003 0.001 0.001 0.997 0.998 0.003(0.016) -0.001(0.014)
Castle 14.58 14.88 0.795 0.793 0.171 0.167 0.020 0.016 0.744 0.773 0.003(0.016) -0.019(0.066)
Hermitage 16.37 18.88 0.747 0.767 0.225 0.199 0.018 0.006 0.792 0.965 -0.022(0.076) 0.01(0.05)

Table 2: Comprehensive evaluation metrics for both 2D visual quality and 3D structural fidelity on the 5 selected CH scenes. PSNR, SSIM
and LPIPS are used for 2D evaluation. CD, F-score and Accuracy, in terms of Mean(STD), are used for 3D evaluation.

1.2B parameter implementation of the TRELLIS framework. All
hyperparameters were maintained consistent with the original work
[XLX*24] to ensure comparability with the state-of-the-art results.
In particular, CFG strength was set to 3 and sampling steps to 50.
For the evaluation phase, we leveraged the Torchmetrics§ Python
library for 2D evaluation (PSNR, SSIM, LPIPS) and a combination
of the Pytorch3D¶ Python library (CD, F-score) and the Cloud-
Compare∥ software (Mean Accuracy, STD Accuracy) for 3D eval-
uation.

4.2. Results
Two distinct generation scenarios were systematically evaluated to
assess the model’s performance under different input conditions:
single-view generation and multi-view generation. In the single-
view generation scenario, the model was conditioned using a sin-
gle randomly selected image from the training set, representing the
most challenging case with minimal input information. Conversely,
the multi-view generation scenario utilized the complete set of 100
training images, providing the model with comprehensive visual
information about the target object or scene. For evaluation, we
rendered 25 test images from both the ground-truth 3D models and
the generated counterparts, ensuring identical camera viewpoints to
enable direct comparisons.

4.2.1. 2D Visual Quality Evaluation
The quantitative evaluation of visual fidelity, presented in Table 2,
reports the results in terms of PSNR, SSIM, and LPIPS, providing
a comprehensive assessment of image quality, structural similarity,
and perceptual differences respectively.
The results demonstrate a clear distinction between the model’s
performance on individual objects versus complex scenes. For
single-object reconstructions such as the Minareto, Greek Vase, and
Nefertiti Bust, the model achieved exceptional performance met-
rics, with the Minareto reaching a PSNR of 34.12 in multi-view
mode. This superior performance can be attributed to the relatively
simpler geometry and more uniform material properties of these
individual artifacts. In contrast, the more complex Castle and Her-
mitage scenes presented greater challenges, as evidenced by their
lower metric scores, particularly in the single-view condition where
the PSNR for the Castle dropped to 14.58. Across all test cases, the

§ https://github.com/Lightning-AI/torchmetrics
¶ https://pytorch3d.org/
∥ https://www.cloudcompare.net/

multi-view generation consistently outperformed the single-view
approach, though the degree of improvement varied significantly
depending on the complexity of the subject. The most substantial
gains were observed in single object scenes, suggesting that addi-
tional visual information becomes increasingly valuable if there is
an already good single-view representation. For the more complex
scenes, increases in performances can be seen between the single-
view and multi-view generation, but on a much lower rate. This can
be attributed to the high complexity of the scene, which hinders the
generation quality.

4.2.2. 3D Structural Fidelity Evaluation
The assessment of 3D structural accuracy, detailed in Table 2, pro-
vides crucial insights into the geometric fidelity of the generated
models. The Chamfer Distance and F-score metrics offer comple-
mentary perspectives on the accuracy and completeness of the re-
constructed geometries. The 3D evaluation results strongly corre-
late with the 2D findings, with individual objects again demonstrat-
ing superior reconstruction quality. The Minareto and Greek Vase
achieved near-perfect F-scores in both generation modes, with cor-
respondingly minimal CDs. The Nefertiti Bust showed particularly
notable improvement in the multi-view condition, achieving a per-
fect F-score compared to 0.805 in single-view mode. For architec-
tural scenes, while the absolute metrics were lower, they still show
a good structural fidelity compared to the original 3D objects, with
the multi-view approach providing substantial benefits, such as re-
ducing the CD for the Hermitage by a factor of three (0.006) com-
pared to single-view generation (0.018). As for the Accuracy, all
the scenes presented very low mean values and low standard de-
viations, aligning with the other metrics. Accuracy results are also
visually presented in Fig. 2 (distance threshold: 0.1). Qualitative re-
sults of the generated 3D models are presented in Fig. 3, providing
visual confirmation of the quantitative findings. The single-object
reconstructions exhibit good fidelity in both geometry and texture,
while the multi-view versions show particularly sharp details and
accurate material representation.

4.3. Results Discussion
The comprehensive evaluation reveals several important insights
about the capabilities and limitations of genAI for CH preserva-
tion. The outstanding performance on individual objects suggests
that current generative approaches have reached a level of matu-
rity suitable for documenting and reconstructing discrete artifacts.
The consistently high scores across both 2D and 3D metrics for
objects like the Minareto, Greek Vase and Nefertiti Bust indicate

© 2025 The Author(s).
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(a) Single-view (top) and multi-view
(bottom) Accuracy on the Greek Vase
scene

(b) Single-view (top) and multi-view
(bottom) Accuracy on the Nefertiti
Bust scene

(c) Single-view (top) and multi-view
(bottom) Accuracy on the Minareto
scene

(d) Single-view (top) and multi-view
(bottom) Accuracy on the Castle
scene

(e) Single-view (top) and multi-view
(bottom) Accuracy on the Hermitage
scene

Figure 2: Accuracy results on the 5 dataset scenes, for both single-view (top) and multi-view (bottom) generations.

that these methods can reliably capture both the visual appearance
and geometric form of such subjects. This is mainly due to a com-
bination of object structure and model training data. The 3 single
objects are mostly symmetric, presenting an easier reconstruction
scenario than the Castle and Hermitage scenes, which present dif-
ferent shape and more complex structures, resulting in a less precise
reconstruction. Furthermore, the datasets used to train the TREL-
LIS model do not include large scenes tied specifically to CH, while
presenting a large amount of single objects. This disparity is re-
flected in the results, as the reconstruction struggled more with
the Castle and Hermitage scenes, while generalizing well on the
other scenes. Furthermore, the Castle and Hermitage scenes present

an increased number of surfaces and potential occlusions and a
larger physical scale, requiring more extensive context understand-
ing. These findings have significant implications for practical appli-
cations in CH. For individual artifacts, the results support the use
of generative approaches even with limited input imagery, while for
architectural heritage, they suggest the need for more comprehen-
sive documentation efforts or potentially hybrid approaches com-
bining generative AI with traditional techniques. The consistent ad-
vantage of multi-view generation across all test cases underscores
the importance of thorough documentation when creating digital
preservation records.

© 2025 The Author(s).
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(a) Greek Vase ground truth (b) Greek Vase single-view gener-
ation

(c) Greek Vase multi-view genera-
tion

(d) Nefertiti Bust Ground truth (e) Nefertiti Bust single-view gen-
eration

(f) Nefertiti Bust multi-view gener-
ation

Figure 3: Qualitative examples from the generation results from the Greek Vase and Nefertiti Bust scenes.

5. Conclusion and Future works
This work introduced a novel evaluation framework for assess-
ing generative AI models in CH, with a specific focus on the
TRELLIS model. Our experimental results demonstrate that mod-
ern 3D generative approaches achieve remarkable fidelity in re-
constructing individual cultural artifacts. The quantitative metrics
revealed consistent superiority of multi-view generation across all
test cases. The framework successfully identified key performance
patterns: single-object generation consistently outperformed archi-
tectural scenes in both visual fidelity (average SSIM 0.943 vs.
0.780) and geometric accuracy (average CD of 0.0013 m vs. 0.011
m). This performance gap highlights the current limitations of gen-
erative approaches when dealing with complex, large-scale heritage
sites containing diverse materials and occluded structures. These
findings provide valuable insights for CH professionals, suggesting
that, while genAI is already viable for artifact digitization, architec-
tural heritage preservation may require hybrid approaches combin-
ing AI with traditional techniques for more complex environments.
The proposed evaluation metrics offer a standardized methodology
for comparing different reconstruction techniques in heritage ap-
plications. Based on the limitations identified, we propose several
directions for future research. First, hybrid approaches combining
generative AI with traditional photogrammetric methods could ad-
dress the current limitations in architectural reconstruction, partic-
ularly for complex structural elements. Second, the development
of sparse-view optimization techniques could maintain reconstruc-
tion quality while significantly reducing documentation require-

ments, potentially operating effectively with just 5-20 input im-
ages. Finally, comparing with other Neural Rendering representa-
tions could help in addressing the unique needs of heritage con-
servation, potentially enabling more accurate digital preservation
of vulnerable artifacts and sites. These advancements could further
bridge the gap between experimental results and practical heritage
documentation needs.
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