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Abstract

Digital restoration of cultural heritage (CH) assets is essential for preserving historical structures fragmented by time, environmental
degradation, or catastrophic events. Although learning-based approaches have demonstrated impressive results in 3D fragment
reassembly for everyday objects and small artifacts, their application to large-scale CH structures is largely unexplored. To overcome
this gap, this study examines the feasibility and reliability of neural point cloud reassembly methods in complex CH scenarios.
Building upon the state-of-the-art GARF framework, we introduce GARF-CH, a parameter-efficient adaptation of GAREF tailored
to architectural-scale heritage data. We have built a novel fractured dataset derived from the ArCH dataset by generating realistic
fractures on large-scale CH point clouds. This enables a systematic evaluation of these methods in the CH domain. Extensive
quantitative and qualitative experiments on 15 real-world CH structures show that GARF-CH reduces rotation error by 1.76°,
translation error by 0.3 x 102, and Chamfer Distance by 0.71 x 10~3 compared to the original GARF model, while maintaining the
same part accuracy (83.33%). Furthermore, we assess robustness under missing-fragment conditions and show that the proposed
approach maintains coherent reconstructions even with incomplete data. These results highlight the potential and limitations of
learning-based reassembly for large-scale CH restoration and establish a foundation for future research on scalable, robust, and

autonomous digital reconstruction pipelines for complex CH environments.

1. Introduction

Cultural heritage (CH) restoration is essential for preserving
the material evidence of human history, identity, and collective
memory (Basu et al., 2023; Pietroni and Ferdani, 2021; Li et al.,
2025a). Artifacts, monuments, and architectural structures em-
body irreplaceable historical, artistic, and social value. How-
ever, they are threatened by natural disasters, environmental
degradation, armed conflicts, and human-induced damage (Li,
2024; Cacciotti et al., 2021). In this context, digitalizing CH
assets has become a vital strategy for long-term preservation,
documentation, and dissemination (Storeide et al., 2023; Sili-
utina et al., 2024; Balloni et al., 2024). High-fidelity digital
representations not only safeguard fragile or partially lost herit-
age, but also support restoration planning, research, and pub-
lic accessibility. This ensures that cultural memory can be
transmitted across generations, even when physical preserva-
tion is no longer feasible. Among digital acquisition methods,
3D point clouds have become the standard for capturing the
geometry of CH objects and environments thanks to advances
in laser scanning, photogrammetry, and multi-view reconstruc-
tion (Sanchez-Aparicio et al., 2023; Solina, 2018; Llabani and
Abazaj, 2024; Pierdicca et al., 2020). Point clouds provide
accurate, dense, metric descriptions of surfaces, making them
ideal for documenting complex shapes and large-scale struc-
tures. However, many CH assets are not preserved in their ori-
ginal integrity; collapses, fractures, and missing parts are com-
mon, especially in archaeological and architectural contexts.
Consequently, digitally restoring and reassembling fragmented
point clouds has become a key challenge in computational CH.

Recent advances in computational geometry and artificial in-

telligence, deep learning in particular, have significantly im-
proved point cloud processing and restoration. Neural meth-
ods have demonstrated remarkable capabilities in shape com-
pletion, fragment alignment, and reassembly by learning geo-
metric priors from data and modeling complex spatial relation-
ships, achieving strong performance on everyday objects and
synthetic fracture scenarios (Li et al., 2024; Xu et al., 2024; Liu
et al., 2021). This growing interest has also extended to the CH
domain, where researchers have begun to explore fragment re-
assembly for small-scale artifacts, such as pottery, sculptures,
and archaeological fragments, typically in controlled or object-
centric settings (Li et al., 2025b; Zhang et al., 2018; Villegas-
Suarez et al., 2023). Despite these advances, reassembling
large-scale CH structures, such as architectural remains, monu-
ments, and complex scenes, remains largely unexplored. Re-
assembling of this large structural elements and architectural
fragments is as critical as restoring individual artifacts, as it can
enable a more comprehensive understanding of historical sites
and built environments. A primary challenge in this field is the
absence of benchmark datasets and methodologies tailored to
large-scale CH structures fragment reassembly. Existing data-
sets and learning-based approaches focus on small-scale arti-
facts or everyday objects (Selldn et al., 2022; Lamb et al., 2023;
Tsesmelis et al., 2024; Li et al., 2025b), not capturing the geo-
metric complexity and environmental context that characterize
real-world CH scenes. A promising starting point for address-
ing this gap is the ArCH dataset (Matrone et al., 2020), which
provides high-quality point clouds of CH scenes and structures.
Although ArCH was not originally designed for fragment re-
assembly, its richness and diversity make it a valuable resource
for exploring the feasibility of learning-based reassembly in CH
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contexts.

Building on this foundation, we investigate whether state-of-
the-art neural reassembly models can generalize from everyday
objects and small artifacts to complex CH structures. To this
end, we adopt GARF (Generalizable 3D reAssembly frame-
work for Real-world Fractures) (Li et al., 2025b), a state-of-
the-art neural model for 3D fragment reassembly. GAREF is
designed to handle real-world fracture patterns and generalize
across object categories. In this study, we assess the applicab-
ility of GARF to CH structures by creating a fractured dataset
from ArCH scenes and conducting extensive quantitative and
qualitative experiments on 15 unique CH structure scenarios.
Additionally, we introduce GARF-CH, a fine-tuned version of
the original GARF model with Low-Rank Adaptation (LoRA)
(Hu et al., 2022), to assess its ability to generalize to the differ-
ent geometric and contextual complexity of CH environments.
Furthermore, we also investigate the robustness of the model
in the presence of missing fragments, a common and often un-
avoidable situation in CH restoration due to erosion, loss, or
incomplete artifacts availability. The goal is to provide further
insight into the practical usability of these learning-based reas-
sembly methods in real-world CH scenarios.

The main contributions of this work are as follows:

e The construction of a novel fractured CH dataset based on
the ArCH dataset. This dataset is specifically designed to
support the evaluation of point cloud reassembly for CH
structures

e The implementation and systematic evaluation of the
GAREF framework on large-scale CH scenes, to provide
insight into its strengths and limitations in this domain

e The implementation of a LoRA-based fine-tuning strategy
on the proposed dataset. This strategy was accompanied
by a comprehensive evaluation and comparison to analyze
the generalization and adaptation capabilities for CH struc-
ture reassembly

e A robustness analysis under missing-fragment conditions,
assessing the model’s behavior when a fragment is absent,
evaluating its practical applicability in real-world CH con-
texts.

The rest of this paper is organized as follows: Section 2 reviews
the related work on 3D fragment reassembly, with particular
emphasis on learning-based approaches and their applications
in CH contexts. Section 3 describes the proposed methodology,
including the construction of the fractured CH dataset, the de-
velopment of the GARF-CH framework through LoRA-based
fine-tuning, and the experimental protocols adopted for eval-
uation. Section 4 presents the quantitative and qualitative ex-
perimental results, along with an analysis of robustness under
missing-fragment conditions. Finally, Section 5 concludes the
paper and discusses current limitations and directions for future
research.

2. Related works

The reassembly of fragmented objects has attracted increasing
attention in computer vision and graphics, particularly in CH
scenarios where collapses, erosion, and excavation processes

frequently result in incomplete or fractured artifacts and struc-
tures. Although dense point clouds and mesh representations
are now standard for digitizing CH assets, fragment reassembly
remains challenging, as it requires reasoning about fragment
correspondences, fracture interfaces, and relative poses under
incomplete, noisy, and highly irregular observations (Selldn et
al., 2022; Zhang et al., 2018).

Early approaches mainly focused on small-scale artifacts
such as pottery or utensils, relying on handcrafted geomet-
ric descriptors, fracture surface matching, template guidance,
or combinatorial optimization strategies (Zhang et al., 2015,
2018; Liu et al., 2021). While effective in controlled settings,
these methods were often sensitive to noise and showed lim-
ited robustness and scalability when applied to irregular real-
world fracture patterns or complex multi-fragment scenarios.
More recent learning-based methods aim to overcome these
limitations by learning geometric priors directly from data.
Neural approaches for fragment matching and alignment have
demonstrated improved robustness compared to purely geomet-
ric pipelines, particularly for irregular shapes and partial ob-
servations (Villegas-Suarez et al., 2023). Diffusion-based ap-
proaches, such as FragmentDiff (Xu et al., 2024), frame reas-
sembly as a stochastic generative process, while other learning-
based methods address pose estimation under arbitrary frag-
ment orientations (Xu et al., 2025). Geometry-aware and
annotation-free strategies have also been proposed for scenarios
where semantic labels are unavailable, including archaeological
reassembly settings (Jia et al., 2025). Despite these advances,
most existing methods remain object-centric and have not been
evaluated on large-scale CH structures, characterized by sig-
nificant scale variation, acquisition noise, and complex spatial
context. Moreover, several CH-oriented systems still rely on
interactive or semi-automatic workflows, limiting their applic-
ability in fully autonomous pipelines (Ye et al., 2022). We ad-
dress these limitations by shifting the focus from small-scale
artifacts to the reassembly of large-scale CH structures. Rather
than proposing a new reassembly architecture from scratch,
we investigate the adaptability of a state-of-the-art neural re-
assembly framework (Li et al., 2025b) to this underexplored
domain. Our approach enables automatic reassembly, systemat-
ically evaluates robustness under complete and incomplete con-
ditions, and provides the first benchmark analysis of neural re-
assembly methods applied to large-scale CH structures.

In this context, benchmark datasets such as Breaking Bad
(Sellan et al., 2022), Fantastic Breaks (Lamb et al., 2023),
and RePAIR (Tsesmelis et al., 2024) have enabled supervised
training and systematic evaluation of reassembly methods by
providing paired fractured and complete object representations.
However, these benchmarks predominantly focus on everyday
objects or small artifacts and typically rely on synthetic or con-
trolled fracture processes. Therefore, there is a lack of bench-
marks explicitly designed for fragment reassembly in large-
scale CH scenarios. To overcome this, we leverage the ArCH
dataset (Matrone et al., 2020), which provides high-quality
point clouds of large CH structures, but is not designed to model
fragmentation processes or reassembly. Starting from this data-
set, we designed and implemented a pipeline for the construc-
tion of a dataset for fragment reassembly.

3. Materials and methods

This work aims to evaluate the feasibility and reliability of
learning-based 3D reassembly methods for large-scale CH
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Figure 1. Overview of the proposed pipeline. Starting from ArCH dataset point clouds, we create a novel fracture dataset with both
meshes and point clouds. Then, the GARF model is fine-tuned with the novel dataset and evaluated in both complete and incomplete
fragmentation scenarios.

structures, with particular focus on generalization to complex
scenes and resilience to missing fragments. To this end, we
have developed a novel pipeline, reported in Fig. 1, which
includes the construction of a novel fractured dataset derived
from real-world CH point clouds (Sec. 3.2), the introduction
of GARF-CH, an adaptation of the GARF neural reassembly
model with LoRA-based fine-tuning (Sec. 3.3.1), and a sys-
tematically evaluation of the model’s performance under both
complete (Sec. 3.3.2) and incomplete (Sec. 3.3.3) fragmenta-
tion scenarios, in comparison to the original GARF model.

3.1 Preliminaries

GARF In this work, we expand on GARF (Li et al., 2025b),
a state-of-the-art, learning-based approach to 3D fragment re-
assembly. GAREF is designed to address the challenge of gen-
eralizing reassembly models trained on synthetic data to real-
world fracture scenarios, in which breakage patterns may be
complex and varied. GARF combines two key components
at its core: fracture-aware pretraining and flow matching on
the SE(3) manifold. During pretraining, the model learns to
identify and encode local geometric features around fracture
surfaces from isolated fragments. This fracture-aware repres-
entation enables the model to generalize across unseen object
shapes and varying fracture types. For the reassembly task,
GAREF uses a flow matching paradigm to estimate precise six-
degree-of-freedom (6-DoF) transformations (rotation and trans-
lation) for each fragment. Flow matching treats the pose estim-
ation problem as a continuous transformation between an ini-
tial noisy distribution and the target aligned configuration on
the manifold of rigid body motions (SE(3)), thereby enabling
robust alignment across diverse geometric configurations. To
improve robustness during inference, GARF introduces a one-
step preassembly stage. In this stage, a single pass of the
flow matching process provides a strong initial pose estimate,
improving alignment quality, especially for unseen objects or
varying numbers of fragments.

LoRA LoRA is a parameter-efficient fine-tuning (PEFT)
technique that was originally developed for large neural net-
works. In LoRA, a subset of model weights is augmented with
low-rank, trainable components, while the original weights re-
main frozen. This approach allows for efficient domain adapta-
tion with a minimal number of additional parameters.

Formally, given a linear transformation with weight matrix
W e R=Xdn [ oRA represents the weight update AW as the

product of two low-rank matrices A € R™% and B € Ru*",
such that:
W' =W + BA, D

where 7 < min(din, dout) is the chosen rank. During fine-
tuning, only the parameters of A and B are optimized, while the
original weights W remain fixed. This significantly reduces the
number of trainable parameters and limits overfitting, which is
particularly beneficial when adapting to domain-specific data-
sets of limited size.

In GAREF, LoRA is employed to adapt the pretrained reassembly
model to new fracture domains without modifying the full set
of network weights. LoRA modules are applied to the flow
matching network responsible for predicting rigid transforma-
tions in the SE(3) space. More specifically, LORA adapters are
injected into the self-attention and global attention layers of the
final Transformer block of the Point Encoder while unfreezing
the MLP heads for pose prediction. As a result, fine-tuning
primarily affects how fragment features are mapped to pose up-
dates, without altering the underlying geometric representations
learned during pretraining.

3.2 Dataset creation

Our dataset construction pipeline begins with the ArCH dataset
(Matrone et al., 2020), a publicly available benchmark designed
specifically for CH documentation and scene understanding. It
provides high-quality 3D point clouds of architectural and ar-
chaeological environments, including scenes that are part (or
a candidate) of the UNESCO World Heritage List'. These
point clouds capture a wide range of CH structures that are
characterized by large scale, geometric complexity, and real-
world acquisition noise. Some examples are provided in Fig.
2. The dataset includes multiple scenes with varying architec-
tural styles and levels of structural integrity, making it suitable
for exploring fragment reassembly in CH contexts. We selected
the most appropriate scenes for our task, resulting in 15 scenes
total.

The ArCH dataset is provided in point cloud format. GARF, on
the other hand, also requires watertight mesh representations
during training to identify fracture surfaces and label fracture
points on corresponding point clouds. In particular, mesh geo-
metry is exploited to derive ground-truth fracture interfaces and

! https://whc.unesco.org/en/list/
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Figure 2. Examples of point clouds in the original ArCH dataset.

supervision signals for the neural reassembly process. For this
reason, we have developed a dedicated pre-processing pipeline
that generates clean, normalized mesh representations from the
original point clouds (see Sec. 3.2.1). After generating and re-
fining the meshes, we simulate realistic fractures on the meshes
and their corresponding point clouds to create a novel dataset
of large-scale CH fragments (Sec. 3.2.2). We subsequently use
this fractured dataset for LoRA-based fine-tuning of GARF and
for evaluation under different experimental conditions, includ-
ing missing-fragment scenarios.

3.2.1 Dataset pre-processing We performed three pre-
processing steps to convert the ArCH point clouds into mesh
representations suitable for fracture simulation and model train-

ing.

Mesh extraction First, we performed mesh extraction.
Meshes are reconstructed from the original point clouds us-
ing Poisson Surface Reconstruction (Kazhdan et al., 2006).
This method generates continuous surface representations from
noisy and incomplete point samples, making it ideal for large-
scale CH scenes acquired through real-world scanning pro-
cesses. The reconstruction parameters are tuned to balance sur-
face fidelity and topological stability, as reported in Table 1.
In particular, the octree depth controls the spatial resolution
of the reconstructed surface, while the minimum number of
samples per node regularizes sparsely sampled regions. The in-
terpolation weight balances adherence to the input points and
global surface smoothness, while confidence weighting and
pre-cleaning are disabled as preprocessing is handled upstream.

Parameter Value
Octree Depth 10
Min. Samples per Node 1.5
Interpolation Weight 4
Confidence Weighting Disabled
Pre-Clean Disabled

Table 1. Poisson Surface Reconstruction parameters used for
mesh extraction.

Mesh cleaning Reconstructed meshes often contain artifacts,
such as spurious components, surface noise, and non-manifold
elements, which are introduced during reconstruction. These
artifacts are removed through a combination of connected-
component filtering, hole filling, and surface smoothing. This
step ensures that the resulting meshes exhibit coherent geo-
metry and are suitable for subsequent fracture simulation.

Mesh normalization Finally, to improve geometric consist-
ency and robustness during fracture generation, the cleaned
meshes undergo remeshing and solidification. Remeshing en-
forces a more uniform triangle distribution across the surface,

and solidification converts thin or open surfaces into volumet-
ric, watertight meshes. This normalization step is critical for
producing stable and physically plausible fracture surfaces.

3.2.2 Fractures generation Once the refined meshes have
been obtained, realistic fractures are generated to simulate the
fragmentation of CH structures. This process is based on
Breaking Good (Selldn et al., 2023), which is a physically-
inspired approach designed to produce realistic fracture pat-
terns by modeling material stress propagation and crack form-
ation. Breaking Good simulates fractures by iteratively apply-
ing stress fields to volumetric meshes, which are first normal-
ized within a unit cube to ensure scale-consistent fracture beha-
vior. This results in irregular, non-planar fracture surfaces that
closely resemble real-world breakage. Unlike simple geomet-
ric cuts, this approach produces fracture interfaces with com-
plex morphologies, which are crucial for training and evalu-
ating learning-based reassembly methods. Notably, the ori-
ginal GARF framework also adopts Breaking Good, ensuring
methodological consistency and compatibility with the model’s
design assumptions.

In our pipeline, we fracture each normalized mesh using the
Breaking Good methodology and then apply the same fracture
transformations to the corresponding original point clouds. We
generate two distinct fractured instances for each original mesh
by simulating a point of impact on the left and right sides of the
object, respectively. This strategy increases dataset diversity
by introducing different fracture configurations for the same
underlying structure while maintaining geometric consistency.
Depending on the geometry and scale of the scene, the frac-
ture process naturally produces a variable number of fragments.
To ensure compatibility with the GARF framework while pre-
serving scene-specific fragmentation characteristics, we adopt
a controlled fragment merging strategy. Specifically, we merge
the smallest fragments iteratively, since GARF prioritizes reas-
sembling larger structural components. Through this process,
we obtain a variable number of resulting fragments ranging
from two to seven per fractured instance. This approach en-
ables us to retain the most informative large-scale fragments
while reducing fragmentation noise introduced by very small
pieces, which are less relevant to large-scale CH structures. At
the same time, this approach preserves realistic breakage pat-
terns and reflects the variability observed across different CH
scenes. The resulting paired data, comprising fractured meshes
and corresponding fragmented point clouds with known frag-
ment identities and fracture interfaces, form the basis of our
novel, large-scale CH fracture dataset. This dataset has then
been leveraged to fine-tune the original GARF model through a
LoRA-based approach.

3.3 Model training and evaluation

3.3.1 LoRA fine-tuning We use our generated fractured
CH dataset to fine-tune the original GARF model with a LoRA
strategy. We split the dataset into 80% for the training set and
20% for the test set. We begin with publicly available pre-
trained GARF weights, that were trained using synthetic and
everyday object fracture datasets. These weights exhibit strong
generalization capabilities across object categories. However,
due to significant geometric, scale, and structural differences
between everyday objects and CH scenes, directly applying the
pretrained model to CH data may result in suboptimal perform-
ance. To address this domain gap while preserving the gen-
eralizable fracture priors learned during pretraining, we use a
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parameter-efficient, LoRA-based fine-tuning approach. During
fine-tuning, we keep the weights of the original GARF back-
bone and flow matching network frozen and inject LoRA ad-
apters into the linear layers of the flow matching module that
predict rigid transformations in the SE(3) space. Only the para-
meters introduced by the LoORA modules are optimized, which
significantly reduces the number of trainable parameters and
mitigates the overfitting risks associated with the limited size
of the CH dataset. The training samples consist of fragmented
point clouds and meshes, as described in Section 3.2. Following
the original GARF training formulation, the model is fine-tuned
to predict the relative pose of each fragment with respect to a
canonical reference frame. To increase robustness and gener-
alization, we use the two fracture configurations generated for
each structure (left-side and right-side impact simulations) for
implicit data augmentation. This exposes the model to diverse
fracture topologies and fragment arrangements for the same un-
derlying geometry, encouraging invariance to impact location
and fragmentation patterns.

3.3.2 Reassembly evaluation To evaluate the effectiveness
of the proposed LoRA fine-tuning method for CH structures,
we compare our fine-tuned GARF-CH model with the original,
pretrained (non fine-tuned) model using the test set from our
generated dataset. The models outputs are quantitatively com-
pared using metrics that follow the evaluation protocols adopted
in the original GARF paper and are widely adopted in the liter-
ature (Lu et al., 2023; Wang et al., 2024), facilitating consistent
comparison and benchmarking.

Rotation and Translation Errors We compute the root
mean square error for both rotation (RMSE(R)) and transla-
tion (RMSE(T)) between the predicted and ground-truth frag-
ment poses. Rotation error measures the angular difference
(in degrees) between the predicted and ground-truth orienta-
tions. Translation error quantifies the Euclidean distance (in
the same units used for the point clouds) between the predicted
and ground-truth fragment positions. Lower RMSE values in-
dicate better alignment accuracy. These metrics directly assess
the model’s ability to recover the correct 6-DoF transformations
of individual fragments.

Chamfer Distance Chamfer distance (CD) measures the geo-
metric fidelity of the assembled object relative to the ground
truth object. Given two point sets representing the assembled
and ground-truth surfaces, the CD computes the average dis-
tance from each point in one set to the other, and vice versa.
A lower CD indicates closer geometric alignment between the
reconstructed and reference objects, capturing both global and
local discrepancies in shape reconstruction.

Part Accuracy Part accuracy (PA) is the proportion of frag-
ments that are correctly placed in the final assembly. A frag-
ment is considered correctly assembled if the CD between
the fragment and its corresponding ground-truth position, once
transformed by the predicted pose, is below a predefined
threshold (0.01 in our case). The PA metric, expressed as a per-
centage, emphasizes pose precision and the combined effects of
rotation and translation on assembly quality. Higher PA indic-
ates more reliable reassembly performance.

These metrics provide an overall evaluation of the quality of the
reassembly in terms of pose estimation and geometric recon-
struction. This enables a fair and rigorous comparison between
the fine-tuned and baseline GARF models on CH structures.

3.3.3 Missing fragments evaluation In CH contexts, ob-
jects and structures are often incomplete due to erosion, dam-
age, or loss of material. To evaluate the robustness of reas-
sembly models under these conditions, we perform a further
analysis, assessing the pretrained and LoRA-fine-tuned GARF
models in a missing-fragment scenario. For each test instance,
one fragment is randomly removed before reassembly. Then,
the model is asked to reconstruct the object using only the re-
maining fragments, with no explicit indication of the missing
part. This setting introduces additional ambiguity in fragment
alignment and more accurately reflects real-world CH restora-
tion challenges. We evaluate reassembly performances using
the same metrics described in Section 3.3.2, computed on the
partial reconstruction.

4. Experiments and results
4.1 Experimental settings

All experiments were conducted on a workstation running
Ubuntu 22.04, equipped with an Intel Core 17-11700K CPU and
an NVIDIA GeForce RTX 3090 GPU with 24 GB of VRAM.
All training, inference, and evaluation stages were executed on
a single GPU. The fragmentation stage was performed follow-
ing Breaking Good, with a dedicated Python 3.8 environment.
Subsequent assembly, evaluation, and fine-tuning were carried
out using the GARF framework, leveraging Python 3.11 with
CUDA 12.4 and Pytorch 2.5.1. The complete software stack
and training configuration are summarized in Table 2.

Category Specification
Python (GARF) 3.11.14
Python (Breaking Good) 3.8.20
PyTorch 2.5.1
PyTorch Lightning 25.0
CUDA 12.4

GPU driver NVIDIA 580.95.05
Numerical libraries NumPy, SciPy
Geometry processing Open3D
Fine-tuning method LoRA (PEFT)
Training precision Mixed precision (FP16)

Training epochs
Initialization strategy

100 (checkpoint at epoch 86)
One-step initialization

Table 2. Software stack and training configuration used in the
experiments.

Fine-tuning was performed using Low-Rank Adaptation
(LoRA), keeping the feature extractor frozen and updating only
the denoiser parameters. Training was run for 100 epochs, us-
ing an Early Stopping approach based on the aforementioned
metrics. Based on this, epoch 86 was selected for all evalu-
ations, as it provided the best trade-off between rotation error,
translation error, and CD. All experiments employed one-step
initialization during inference.

4.2 Results

Table 3 reports the quantitative comparison between the ori-
ginal GARF model and our LoRA-fine-tuned variant, GARF-
CH, on the proposed large-scale CH fracture dataset.

Overall, the results demonstrate that GARF-CH outperforms
the base GARF model consistently across all pose- and
geometry-related metrics. GARF-CH achieves notably lower
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Figure 3. Qualitative results of the proposed approach, comparing the original GARF model, our LoRA fine-tuned version
(GARF-CH) and the ground truth.

RMSE(R)| RMSE(T)] CDJ PAT
Method degree x1072 x1073 %
GARF 13.71 1.88 2.38 83.33%
Ours 11.95 1.58 1.67 83.33%

Table 3. Quantitative comparison between GARF and our
proposed approach on the novel dataset. RMSE(T) and CD
values are computed within a unit cube.

rotational error (11.95° vs 13.71°) and translational error
(0.0158 vs 0.0188), indicating more accurate estimation of frag-
ment poses in large-scale heritage scenarios. Similarly, the
CD is substantially reduced (0.00167 vs 0.00238), reflecting
improved geometric consistency in the reconstructed assem-
blies. Both approaches achieve the same placement accur-
acy (83.33%), suggesting that the original GARF framework
already exhibits generalization beyond object-scale settings.
However, the consistent improvements in pose estimation and
geometric reconstruction highlight the necessity of domain ad-
aptation to address the unique characteristics of large-scale CH
data effectively. The performance gains achieved by GARF-CH
are due to its LoRA-based fine-tuning strategy. This strategy
allows the original model to be adapted to large-scale heritage
fragments. These fragments are characterized by increased size,
structural complexity, and variability. At the same time, the
strategy preserves the core reasoning and reassembly capabilit-
ies of GARF. These results demonstrate that, although GARF
provides a strong baseline, lightweight fine-tuning is necessary
to improve its predictions and bridge the gap between object-
centric and monument-scale fracture reassembly.

Table 3 reports qualitative reassembly results for three repres-
entative CH scenes, comparing the original GARF model with

our GARF-CH, and the corresponding ground truth. For Scene
1, GARF-CH achieves substantially more accurate reassembly
than the base GARF model. While the base model struggles
to correctly align multiple fragments and exhibits noticeable
rotational and translational inconsistencies, the fine-tuned ver-
sion produces a coherent reconstruction that closely matches
the ground truth. In Scene 2, both GARF and GARF-CH suc-
cessfully reconstruct the dominant, larger fragments, indicating
that the base model already exhibits a certain degree of gen-
eralization. However, both methods have difficulty precisely
aligning smaller fragments, which remain partially misaligned.
Nevertheless, GARF-CH alignment results closer that the ori-
ginal GARF aligment even for the smaller fragments. This sug-
gests that fine-grained fragment interaction remains challenging
in highly complex scenes, though some progress can be seen.
For Scene 3, both approaches yield visually plausible recon-
structions that are largely consistent with the ground truth. Not-
ably, GARF-CH correctly reassembles an additional small ceil-
ing fragment misaligned or omitted in the GARF reconstruc-
tion. This highlights the improved robustness of the fine-tuned
model when dealing with smaller yet structurally relevant com-
ponents. Overall, the visual results confirm the quantitative val-
ues, demonstrating that, while the original GARF model shows
promise in generalizing to CH data, the proposed GARF-CH
results in more accurate and complete reassembles, especially
in challenging, large-scale scenes and when dealing with smal-
ler fragments.

4.3 Missing fragments results

Table 4 shows the quantitative performance of GARF-CH when
reassembling complete objects and objects with one missing
fragment.
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Figure 4. Qualitative results of the GARF-CH reassembly with a missing fragment.

RMSE(R)| RMSE(T)] CD| PA7
Method degree x1072 x1073 %
Complete 11.95 1.58 1.67 83.33%
Missing
fragment 11.19 2.99 7.61 86.67 %

Table 4. Quantitative comparison between the complete and
incomplete reassembly.

This reflects a common scenario in CH applications, where
parts of a structure are lost or unavailable. The results show
that the rotation error remains largely unchanged between the
two settings, indicating that the model can estimate consistent
global orientations for the remaining fragments, even without
complete geometric information. In contrast, the translation er-
ror and CD increase in the missing-fragment scenario, as ex-
pected, due to reduced spatial constraints and ambiguity from
incomplete geometry. Interestingly, PA increases when a frag-
ment is missing. This can be explained by the smaller num-
ber of fragments that must be correctly placed, which simpli-
fies the combinatorial aspect of the reassembly task while still
requiring accurate alignment of the main structural compon-
ents. The qualitative results for the missing-fragment scenario,
shown in Fig. 4, further support the quantitative findings. Des-
pite the absence of one fragment, GARF-CH can generally pro-
duce visually coherent reassemblies, correctly positioning the
remaining major components and preserving the overall struc-
tural layout. Minor inconsistencies are present, but, neverthe-
less, the reconstructed scenes remain plausible and structurally
consistent. Taken together, these results suggest that GARF-CH
exhibits robust behavior under incomplete conditions, support-
ing its suitability for real-world CH scenarios in which missing
fragments are common.

5. Conclusions and future works

In this work, we investigated the applicability of learning-based
3D fragment reassembly methods to large-scale CH structures,
a scenario that remains largely underexplored in the literat-
ure. Starting with the ArCH dataset, we created a new frac-
tured dataset derived from real-world CH point clouds. This
new dataset is designed to support the systematic evaluation
of fragment reassembly at an architectural scale. Based on

the state-of-the-art GARF framework, we analyzed its gener-
alization capabilities in this challenging domain. We also pro-
posed GARF-CH, a lightweight, parameter-efficient adaptation
strategy of the original model using LoRA fine-tuning. Extens-
ive quantitative and qualitative experiments demonstrated that,
while the original GARF model exhibits a certain degree of ro-
bustness when applied to CH data, domain adaptation is crucial
to addressing the geometric complexity, scale variability, and
acquisition noise characteristic of heritage structures. Further-
more, robustness analysis under missing-fragment conditions
highlighted the approach’s practical suitability for real-world
CH restoration scenarios where incomplete data is the norm.
Several areas could be explored in the future. One primary ex-
tension would be to expand the proposed dataset to include a
larger number of CH structures with a wider variety of architec-
tural typologies, historical periods, materials, and levels of de-
gradation, as smaller datasets limit generalization. Large public
repositories of digitized heritage assets, such as the recently re-
leased Global Digital Heritage collection?, are valuable sources
for increasing dataset diversity and improving model general-
ization. Beyond expanding the dataset, future research could
investigate multi-fragment loss scenarios, progressive or hier-
archical reassembly strategies for very large scenes, and integ-
rating semantic or structural priors to guide reassembly in am-
biguous cases. Finally, combining fragment reassembly with
complementary restoration tasks, such as point cloud comple-
tion or semantic segmentation, could enhance the reliability and
usability of learning-based approaches in real-world CH con-
servation workflows.
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