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Figure 1: A subset of the RePAIR dataset, containing over one thousand real-life object fragments.
The dataset is unique in its doing, with an international team of archaeologists providing the puzzle
ground truth through years of fieldwork in the Pompeii archaeological park. This dataset stands as a
realistic computational challenge for both methods on 2D and 3D puzzle solving, as modern baselines
struggle to achieve competitive results on the RePAIR dataset.

Abstract

This paper proposes the RePAIR dataset that represents a challenging benchmark
to test modern computational and data driven methods for puzzle-solving and
reassembly tasks. Our dataset has unique properties that are uncommon to current
benchmarks for 2D and 3D puzzle solving. The fragments and fractures are realistic,
caused by a collapse of a fresco during a World War II bombing at the Pompeii
archaeological park. The fragments are also eroded and have missing pieces
with irregular shapes and different dimensions, challenging further the reassembly
algorithms. The dataset is multi-modal providing high resolution images with
characteristic pictorial elements, detailed 3D scans of the fragments and meta-
data annotated by the archaeologists. Ground truth has been generated through
several years of unceasing fieldwork, including the excavation and cleaning of
each fragment, followed by manual puzzle solving by archaeologists of a subset of
approx. 1000 pieces among the 16000 available. After digitizing all the fragments
in 3D, a benchmark was prepared to challenge current reassembly and puzzle-
solving methods that often solve more simplistic synthetic scenarios. The tested
baselines show that there clearly exists a gap to fill in solving this computationally
complex problem.
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1 Introduction

Archaeologists and historians face the very same problem of reconstructing the past. Unlike historians,
though, for archaeologists, the reconstruction process has almost invariably a physical dimension.
Indeed, after a long and painstaking work involving site surveys and excavations, archaeologists
are often confronted with the challenging problem of reassembling countless fragments of different
size, shape and appearance to recreate ancient artifacts or artworks. Depending on the size of the
artifact, the reassembly work might last months, years, or even decades, and in the presence of a large
number of pieces, it simply becomes hopeless, notwithstanding the skillfulness of the operators. It is,
therefore, quite common for many museums and archaeological parks to set up large storerooms to
stow hundreds or thousands of such fragments, just waiting for someone (or something) to reassemble
them for the benefit of scholars, laypersons, and our collective cultural heritage alike.

We, therefore, frame the RePAIR dataset to address the computational challenge of assembling
frescoes from their constituent fragments. Together with the UNESCO World Heritage site of
Pompeii we created a unique dataset of an iconic case study of large-scale fragmented painted wall
fresco. We meticulously 3D reconstruct the fragments using State-of-The-Art (SoTA) Computer
Vision techniques, providing both sub-millimeter accuracy for geometry and high-resolution texture
details. Then, with the support of an international team of archaeologists, we provide a ground-truth
solution to the 2D and 3D puzzle-solving problems that are at the basis of our benchmark. Unlike
prior datasets, the RePAIR is a real-world dataset of greater scale and complexity that offers new
challenges to the machine learning and computer vision communities.

The RePAIR dataset provides real complex geometries, large variations in fracture volumes due to
physical causes, and differing numbers of fractured and missing pieces per shape as shown in Fig.
1. The 1070 digitized pieces have been manually assembled into 117 coherent groups by the team
of archaeologists and used to provide a set of equivalent puzzles to solve, both in 2D and 3D. In
our dataset, we do not only provide the puzzle solutions in terms of the translation and rotation of
each fragment but also augment each piece with archaeologists-provided metadata. For instance, the
distinct 3D structures on the back sides of fragments, reflecting their historical use, offer alignment
cues. For this reason, we annotate each object with variations in material features—such as material,
weight, dimensions, and size—serve as additional indicators of successful matches.

We analyze RePAIR by introducing standardized metrics for puzzle-solving and reassembly and we
benchmark several state-of-the-art models under various settings. Extensive experiments against the
RePAIR dataset reveal that fractured shape reassembly is still an open problem, especially when
methods are confronted with a realistic task as represented by the RePAIR dataset.

Summary of contributions: i) We reconstruct high-quality 3D fresco fragments and include corre-
sponding 2D high-quality rendered image of the painted surface of each fresco fragment, offering
a unique link between a 3D and a 2D dataset. ii) We introduce a large-scale dataset of irregular
fractured objects for the puzzle solving task both in 2D and 3D. iii) We provide a geometric analysis of
the digitized fragments and include this information as metadata files. iv) We propose two approaches
for the irregular 2D puzzle-solving task, for which only one previous method was available. v) We
benchmark SoTA methods for puzzle solving in 2D and 3D on our dataset, with open source code to
ensure reproducibility and facilitate future research. vi) We will publicly release this dataset, including
images and 3D models, to facilitate comparative studies in fragment registration and reconstruction
methods, as well as related research, such as 3D reassembly and restoration.

2 Related Datasets and Benchmarks

Here, we introduce the background for 2D and 3D datasets (Sec. 2.1) as well as current SoTA
approaches for both solving various forms of puzzles (Sec. 2.2).

2.1 Datasets for 2D and 3D puzzle-solving

Datasets for 2D puzzle solving. Datasets for 2D puzzle solving exist as either real scanned fragments
or synthesized from images. Synthetic approaches can generate a wide range of puzzle types and
geometries, starting from square pieces [16, 64, 78], moving to polygonal fragments [33, 34] and
expanding to more complex and naturalistic-looking shapes. In the Crossing Cuts [34] and DAFNE
datasets [22], polygonal parameterized procedures were used to break images into pieces, while
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Table 1: Publicly available 2D puzzle solving datasets and their properties.

Dataset No. Groups No. Breaks
Breakdown

Type Eroded? Real/Synthetic Image Origin

Theran [9] N/A 44-129 Unrestricted X Both Frescoes
DAFNE [22] 62 100-2700 Unrestricted X Synthetic Frescoes
Derech et al. [19] 31 10-40 Unrestricted X Synthetic Frescoes

Crossing Cuts [34] 7200 10-3907
Crossing Cuts, Square,

Perturbed X Synthetic Natural Images

Dead Sea Scrolls [46] 5 N\A Unrestricted X Real Scrolls
Church of Antiphonitis [2] 2 32-36 Unrestricted X Real Frescoes
Small Temple of Petra [52] 1 78 Unrestricted X Real Frescoes
Ovetari Chapel [26] 1 80735 Unrestricted X Real Frescoes
Sholomon et al. [72] 20 5015-22834 Square 7 Synthetic Natural Images
Cho et al. [16] 20 432 Square 7 Synthetic Natural Images
Pomeranz et al. [64] 26 805-3300 Square 7 Synthetic Natural Images
Dunhuang Scrolls [1] N/A 10-60 Unrestricted X Real Scrolls
RePAIR 101* 2-44 Unrestricted X Real Frescoes

* Some fragments are decorated withStuccoand thus lack a planar surface to be transformed to 2D. Hence, fewer fragments in 2D (See Sec. 3.3).

imitating the wear and tear of real archaeological puzzles through a simulated erosion function. This
approach enabled the creators of these datasets to generate puzzles with a varying number of pieces
and an exact ground truth – a crucial feature for many machine learning implementations and a basic
tool for evaluating solvers. A similar yet different method was used to generate training data for
JigsawNet [44], where puzzles were created by slicing images using irregular curves, and the task
was the reassembly of shredded documents. A more pattern-based synthesis approach was used by
Derech et al. [20], where the authors employed natural patterns of dry mud to generate puzzles from
existing images of historic wall paintings. It was argued that the shape and gaps between mud pieces
were analogous to the fragmentation and erosion of ancient artifacts.

Datasets of scanned fragments provide more realistic data and more genuine puzzle solving challenges
but the scanning process is a labor-intensive task, often with limited examples, and almost exclusively
in 3D. Datasets in 2D are typically a byproduct of the 3D scanning, perhaps best exempli�ed in the
Theran dataset [9] of Bronze Age wall paintings from Thera (modern-day Santorini). The RePAIR
dataset belongs to this type of 2D collections, where it is the most extensive with over 100 different
puzzles. Table 1 lists many synthetic and real (scanned) 2D datasets available in the literature.

Datasets for 3D puzzle solvingThe available real-world 3D datasets are con�ned to scanning
multiple fragments corresponding to a limited selection of initially intact objects [38, 79, 87] or
to a limited number of breakdown patterns [43]. Previous datasets in [38] and [79] feature only 7
objects, while [87, 57] only 15 and 18 with total broken pieces for each to be counted in 101, 69,
123 and 103 pieces respectively. [43] tried to �ll this gap by publishing a relatively larger scale of
objects,i.e. 150, but their breakdown pattern is limited to two fractured pieces per object. As fracture
acquisition occurs post-damage for historical objects without known counterparts, the datasets lack
comprehensive knowledge of the complete proxies. This is also the case for the Theran frescoes
dataset [9], which reports a total amount of 412 frescoes without being able to report the originating
complete structure. The RePAIR dataset is comparable to these prior datasets while extending the
number of total amount of pieces to more than double of the maximum reported amount of pieces
(see Tab. 2). Acknowledging the necessity for extensive datasets to facilitate learning-driven repair
processes, a handful of datasets incorporate synthetic or scanned models exposed to synthetic fractures
via geometric methodologies like subtracting primitives [13] or employing physics-based fracture
models [70]. In all instances of these datasets though, mid-scale detail is depicted as cutouts using
analytical primitives, a representation method that lacks generalization to real-world fracture damage.

2.2 Puzzle solving methods

Puzzle solving in 2D.The challenge of solving 2D jigsaw puzzles, or reconstructing a coherent whole
from an unordered set of fragments, has fascinated humanity for generations. It was �rst introduced
as acomputationaltask in 1964 by Freeman and Garder [27]. Since the problem has been proven
to be NP-complete [18], research focuses on heuristics, specialized techniques, and computational
strategies. Approaches do not guarantee an optimal solution but are frequently successful.

However, most of these puzzle-solving methods relied on heavy constraints regarding shape and
other properties of puzzle pieces, or prior knowledge of the ground truth pictorial solution,a.k.a.
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Table 2: Analysis of the current 3D reassembly and puzzle datasets in the literature.
Datasets No. Pieces

No. Breaks
(Avg.) No. Groups Type

Breakdown
Type Metadata Texture Availability Data Type

Tuwien [38] 101
6-30

(14.42) 7 Artifacts Real 7 7 X 3D

Theran [9]
412

(283/129)* - - Frescoes Real 7 7 7 2D/3D

Presious [79] 69
3-30

(9.85) 7 Artifacts Real 7 7 X 3D

Breaking Bad [70] 8442044
2-100
(8.06) 10474 Groups Synthetic 7 7 X 3D

Fantastic Breaks [43] 300
2

(2) 150 Groups Real 7 7 X 3D

FIRES [87] 123
7-18
(8.2) 15 Pottery Real 7 7 X 3D

Chinaware Fragments [57] 103 N/A 18 Pottery Real 7 7 7 3D

RePAIR
1070

(951/119)*
2-44

(11.88) 117** Frescoes Real X X X 2D/3D

* Naturally/Arti�cially made ** No. Puzzles differ between 2D/3D version as some pieces are not suitable for 2D (see Sec. 3.3)

"reference image"[17], thus limiting their potential applicability. In particular, since the early 2000's
much of the literature focused almost exclusively on square jigsaw puzzles [82, 24, 97, 55, 4, 16,
64, 92, 72, 3, 5, 78, 67], then gradually expanding towards more general puzzles, such as puzzles
with unknown piece orientation [30, 54, 73, 75, 93, 77, 76, 66], cases in which pieces from multiple
puzzles were mixed together [30, 54, 58, 77, 76], missing pieces [30, 54, 58, 77, 76] noisy pictorial
content [54, 7, 66, 75, 93, 76], gaps between neighboring pieces [61, 20], restricted deformations to
the pieces' shapes [32], and puzzles of polygonal shapes [33, 17, 34]. In contrast, archaeological
puzzles are considered unrestricted puzzles. Computational tools have revolutionized [31] this �eld
by utilizing both the geometrical properties and pictorial content of pieces to match neighboring
fragments [53, 81, 12, 28, 8, 71, 59, 62, 51, 6, 7, 48]. Among these works, Derechet al. [20]
extrapolated the puzzle pieces content and attempted to resolve their spatial con�guration using
registration. Zhanget al. [96] employed an Internal Similarity Network (ISN) to score the dissimilarity
of potentially neighboring fragments, after matching them by the similarity of their contour shapes.
Zhanget al. [95] incorporated both the laminar textual content of pieces, all sampled from the
Dunhuang scrolls, and their geometric shapes to align and match potential neighbors, while employing
a hierarchical loops approach for global reconstruction. Recently, Caoet al. [11] utilized a multi-
scale MobileViT classi�cation network to evaluate the neighboring compatibility based on contour
differences.

Puzzle solving in 3D.Puzzle solving in 3D can also be considered a reassembly problem with
approaches such as furniture assembly [45]. However, these rely on the semantic properties (i.e.
label or class) of the parts. In contrast, within the archaeological domain, frescoes have been
extensively studied. [14, 29]. However, such approaches are sti�ed by limited data, which was
addressed with the introduction of theBreaking Baddataset [70]. In the syntheticBreaking Bad, the
challenge is reconstructing a broken object from multiple arti�cially fractured fragments. However,
those fragments do not have any semantics as in many real-world applications [9]. NSM [14]
tried to address the two-part mating problem by emphasizing shape geometries over semantic
information.SE(3)-Equiv[89] tackles the problem with speci�c design choices that go beyond object
reassembly,e.g., adversarial and reconstruction losses. [88] and [80] examine methods to ef�ciently
plan physically plausible assembly motion and sequences for CAD based real-world assemblies by
using physics-based simulations to ef�ciently explore a reduced search space. On the other hand,
Jigsaw [50] is the �rst approach that tries to combine an approach using global and local hierarchical
geometry features in order to match and align the fracture surfaces. Finally, DiffAssemble [67] is
a Graph Neural Network (GNN) based architecture which learns to solve reassembly tasks using a
diffusion model formulation.

3 Building the RePAIR dataset

The RePAIR dataset encompasses1070reconstructed 3D fragments (F ) with high resolution shape
and texture, whereF = f f i gi =1 ;:::;n . The fragments are organized into 117 groups (G), as reassem-
bled by the archaeologists, containing between 2 and up to 44 connected fragments per group. There
is also a set of 150 (over the total 1070) ungrouped fragments, denoted as"Isolated", for which their
solution is still to be discovered, and supporting this wayopen discoverywithin the dataset. Following

4



Figure 2:Décor 1is composed of �ve plaques, highlighted as islands of pieces in different colors.
Each plaque is reconstructed by archaeologists through meticulous fragment connections and attribute
analysis. (See Appendix E for more details).

the description of the dataset's archaeological context in Section 3.1, we detail the digitization process
in Section 3.2 and the generation of ground truth data in Section 3.3.

3.1 Background archaeological activities at Pompeii park

The RePAIR dataset is a real-world example of years of archaeological �eldwork in the Pompeii
Archaeological Park. It consists of fragments from several frescoes originally located in theHouse of
Painters at Workwhich was destroyed both during the AD 79 eruption and by World War II bombings.
The process of reassembling incomplete frescoes for archaeologists starts with painstaking cleaning
and preparation of fragments. The assembly is then based on the analysis of several characteristics of
the pieces, such as mortar layers and composition, traces of adhesion on the reverse side, smoothing
stroke patterns of the plaster, and preparatory lines, alongside painted elements like background color
and motif descriptions. Frescoes are assembled in a hierarchical manner starting from small clusters
thanks to matching cues or comparison to similar patterns in related artworks and extending to larger
clusters called “Plaques”. Plaques are groups of attached fragments where no additional fragments
can be added at that time, see Fig. 2.

The dataset contains more than a hundred groups solved by archaeological experts. Some of these
groups can be connected to form an even larger part of a fresco. In fact, the fresco denoted asDécor
1 has been studied and its schema identi�ed, leading to a reassembly of large parts of it, see Fig. 2.
Notably, not all fragments withinDécor 1have been recovered and the �nal solution is still unknown,
as the schematic solutions allow for more than one solution (see Appendix E).

The data acquisition process was conducted under the strict supervision of professional archaeologists,
following best practices to ensure the safety of the fresco fragments. Our collaboration with the
team onsite ensured a non-destructive process that staff was trained on the manipulation of ancient
artifacts.

3.2 Digitizing Pompeii's fragments

Each fragment consists off = f P; Tg with P being a 3D point cloudP 2 R3 andT 2 R2 the
corresponding texture coordinates. To acquireP, we used a Polyga H3 3D scanner [63], which
captures geometric accurate models of the fragments, at0:08 mm accuracy, through a structured
light sensor. Then, to acquire high-resolution textural content, we additionally used a Sony� 7c at
24.2-megapixel per image. To minimize environmental factors, including shadows and re�ections,
the scanner and camera were placed in a lighting box (as in Fig. 3) with the fragment placed on a
turntable capturing18 viewpoints of the fragments. In addition, the top and bottom are captured
and aligned. This dual con�guration requires the registration of high-resolution images onto the
geometric data by employing photogrammetric techniques to compute the textureT. We outline the
key steps of the digitization pipeline in Figure 3 and metadata below, then refer the reader to the
Appendix F for further details on the digitization process and metadata (Sec. F.1).
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