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Abstract

Reconstructing a complete object from its parts is a fundamental problem in many scientific domains. The purpose of this article

is to provide a systematic survey on this topic. This reassembly problem requires understanding the attributes of individual

pieces and establishing matches between different pieces. Many approaches also model priors of the underlying complete

object. Existing approaches are tightly connected problems of shape segmentation, shape matching, and learning shape priors.

We provide existing algorithms in this context and emphasize their similarities and differences to general-purpose approaches.

We also survey the trends from early procedural approaches to more recent deep learning approaches. In addition to algorithms,

this survey will also describe existing datasets, open-source software packages, and applications. To the best of our knowledge,

this is the first comprehensive survey on this topic in computer graphics.

CCS Concepts

• Computing methodologies → Shape analysis;

1. Introduction

Reconstructing a complete object from its parts is a fundamental
problem in many scientific domains. In archaeology, we collect
fragments of one or multiple objects at an archaeological site, and
the goal is to restore the original objects. In medical applications,
we need to study how to assemble bone fragments to plan bone re-
duction surgery. This problem is also crucial in paleontology for
reconstructing fossils and in forensics for evidence reconstruction.
The challenge extends to 3D object/scene modeling, where we want
to construct a complete object/scene from parts/objects. Other rel-
evant problems are protein docking and human-object interactions,
in which the difference is that the transformation of each part be-
comes non-rigid. The purpose of this article is to provide a sys-
tematic survey on this topic, including algorithms, datasets, open
source packages, and applications. To the best of our knowledge,
this is the first systematic survey on this topic.

The reassembly problem is related to many shape analysis tasks.
An important task is to segment and classify the parts’ surface into
fractured and intact regions, which is a special shape segmenta-
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tion problem. Another important task is to find correspondences
between fractured regions of different pieces to find relative poses
between them. This is related to scan matching, with the difference
that the correspondences are between complementary points. In ad-
dition, many approaches utilize priors of the underlying complete
object, including symmetries and shape priors. This calls for ap-
proaches to analyze and encode such priors and use them to solve
the reassembly problem.

Similar to other problems in computer graphics, we have also
witnessed the transition from early procedural approaches to re-
cent deep learning approaches. Early approaches have explored all
aspects of the reassembly problem, including the segmentation of
fractured regions and original regions, matching of fractured re-
gions, and encoding of priors (symmetries and shape spaces) of the
underlying complete shape. However, they are restricted to hand-
crafted features, so entire systems do not generalize robustly. In
addition, it is difficult to encode shape priors among objects with
large geometrical and topological variations. These issues can be
addressed using deep learning approaches. In addition to the fact
that the shape segmentation and shape matching problems become
more robust, we also have approaches that perform shape segmen-
tation and shape matching together, which benefit from end-to-end
training in deep learning. In addition, with advances in learning 3D
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shape generative models, it becomes possible to apply learned di-
verse shapes prior to reassembly.

Despite tight connections to relevant problems in shape analy-
sis, applying existing approaches to the 3D reassembly problem is
not straightforward. This is the case for both procedural and deep
learning based approaches. While reassembly shares many techni-
cal components with other geometry processing tasks, it has not
been formally recognized as a distinct sub-area within geometry
processing and shape analysis. Through this survey, we aim to sys-
tematically organize state-of-the-art results in this domain and es-
tablish a structured foundation for this important research direction.

1.1. Related Surveys

The most relevant survey is geometric analysis in cultural her-
itage [PPY∗16], in which reassembling fractured objects is a cen-
tral topic. The difference between our survey and [PPY∗16] is two-
fold. First, in contrast to their survey which focuses mostly on pro-
cedural techniques, our survey covers recent advances using deep
learning. Second, in contrast to the specific application of assem-
bling fractured objects, this survey covers many applications, in-
cluding bone fracture reduction, shape modeling by assembling
parts, and applications in biology, geoscience, and paleontology.

Another relevant survey is [WSP21], which studies how to de-
compose a shape into rigid parts. Its focus is different in the sense
that it focuses on optimizing decompositions with respect to dif-
ferent geometric and physical criteria for manufacturing and fab-
rication. In contrast, we focus on solving the inverse problem of
reconstructing complete objects from parts. [GLG∗23] discussed
techniques for reconstructing fractured archaeological textiles. It
focuses more on using textiles as guidance for puzzle solving and
archaeological reassembling in both 2D and 3D cases. Our work
demonstrates more general cases and applications where textiles
might not exist.

Our survey also discusses geometry processing techniques,
including 3D reconstruction [BR02, BTS∗17], mesh segmenta-
tion [Sha08, RMG18], primitive segmentation [KZB19], shape de-
scriptors [RBRY19] and correspondences [vKZHC11], symmetry
detection [MPWC13], and data-driven shape analysis and process-
ing [XKHK17]. Although the process of reassembling parts uses
these techniques, this article focuses on approaches tailored for this
particular class of applications, which usually have modified inputs,
outputs, and problem setups.

Many reassembly techniques utilize shape priors of the under-
lying complete priors. This is an area in which we have seen
great progress in adopting machine learning models to learn shape
priors from data under suitable 3D representations. Recent sur-
veys [CRW∗20, LSC24, PYL∗24] provide excellent coverage of
state-of-the-art results. In contrast, this survey focuses on how to
use such parametric shape priors to solve the reassembly problem.

There are also other relevant review articles. [PSA∗17] survey
related approaches for each step in the pipeline that starts from re-
assembly to object completion, which also addresses missing re-
gions. [DDG15] present a survey article on the specific problem
of reassembly of pottery fragments. [GSP∗14] survey related work

on reassembly of defective cultural heritage objects. Our survey
presents a comprehensive review of general fractured object re-
assembly and connections to relevant research results in geometry
processing.

1.2. Paper Organization

We organize the remainder of this paper as follows. In Section 2,
we provide a more detailed overview of this paper. In Section 3,
we describe existing approaches for analyzing individual pieces. In
Section 4, we discuss existing approaches for analyzing multiple
pieces, focusing on problems of matching pairs of pieces and mul-
tiple pieces jointly. In Section 5, we introduce existing methods
for encoding prior knowledge of the underlying complete object.
In Section 6, we review approaches that utilize priors about the
complete object to solve the reassembly problem. In Section 7, we
discuss various applications of the reassembly problem. Section 8
presents available datasets and software packages. In Section 9, we
present current trends and future directions on this topic. Finally,
we conclude this survey in Section 10.

2. Overview

This section presents an overview of this survey (See Figure 1 and
Figure 2).

Single piece processing and analysis (Sec. 3). Single piece pro-
cessing and analysis concern individual pieces of fractured objects.
Topics include how to digitize physical fragments into digital 3D
models and how to segment each fragment into regions of original
surfaces and fractured surfaces. Although these topics are central
topics in the field of geometry processing and shape analysis, we
focus on techniques that are tailored to the particular characteris-
tics of fragments of physical objects. We will cover both procedural
approaches and more recent deep learning approaches.

Multi-piece analysis (Sec. 4). Multi-piece analysis studies the crit-
ical problem of establishing correspondences between fragments
to match them. We begin with pairwise matching techniques using
geometric and textural features extracted from the fracture surfaces
and original surfaces. We will survey global techniques that do not
require prior knowledge of the relative pose between a pair of frag-
ments and local techniques that start from reasonable initial rela-
tive poses. We then proceed to discuss methods that involve more
than two pieces, in which there is a cycle-consistency constraint
among the relative poses along a cycle of pieces. In addition to
fragment matching, we will also discuss approaches that solve the
correlated problems of fragment segmentation and fragment match-
ing together. Similarly to single-piece analysis, we will cover both
procedural approaches and deep learning approaches.

Template shape space (Sec. 5). Template analysis studies how to
encode prior knowledge of the underlying complete object. We fo-
cus on techniques that learn the shape spaces of complete objects
from the data. Early approaches of this type focus on learning lin-
ear shape spaces. Recently, we have seen great progress in adopt-
ing generative modeling techniques to learn more complex shape
spaces. Challenges on how to apply the learned shape priors for
fractured object reassembly are discussed.
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(a) Single-piece Processing and Analysis (b) Multi-piece Analysis (c) Template Shape Space and Template-Based Reassembly
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Figure 1: Overview of the methods presented in this survey. (a) Single-piece processing and analysis. (b) Multi-piece analysis. (c) Template

shape space and template-based reassembly.
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Figure 2: Overview of applications presented in this survey.

Template-based reassembly (Sec. 6). We then discuss approaches
that used priors of the underlying complete objects to solve the re-
assembly problem. These include approaches that enforce priors of
symmetries and primitive structures and those that optimize a com-
plete object in the learned shape space. In the latter case, a central
problem is to establish correspondences between points on the orig-
inal surfaces of the fragments and points on the template surface.

Applications (Sec. 7). After discussing technical approaches to
solving the reassembly problem, we will discuss various appli-
cations of the reassembly problem. We will discuss five areas of
fractured object reassembly application, including bone reduction,
restoring thin-shell, planar, and stone fragments, and reassembly
problems in science. Finally, we discuss the relevant problem of
assembling parts to form complete objects.

Datasets and open source (Sec. 8). We discuss publicly available
datasets and open source packages. Datasets include early small-
scale datasets and recent large-scale real- and synthetic datasets.

Future directions (Sec. 9). The last section of this survey summa-
rizes existing approaches and discusses future directions. We will
emphasize how to advance existing reassembly problems by devel-
oping better learning approaches, focusing on challenges in rep-
resentations, data, and utilizing foundation models. Moreover, we
will also discuss potential new applications of reassembly in natu-
ral and life sciences.

3. Single Piece Processing and Analysis

This section presents techniques for single-piece analysis. We be-
gin by examining relevant work on digitizing fragment shapes in
Section 3.1. We then discuss prior work on segmenting a piece into
fracture surfaces and original surfaces in Section 3.2.

3.1. Reconstruction

Converting physical fragments into digital 3D models involves
two key stages: digitization through various scanning technologies
and registration to create complete 3D models. Although scanning
choices influence data quality, the registration process shares fun-
damental algorithmic similarities with the assembly task itself. This
section discusses how fragmented pieces can be captured using sen-
sors, each of which requires specific reconstruction techniques.

Scanning Technologies. Several technologies are available for
fragment digitization (Figure 3):

Laser Scanning captures high-resolution geometry (∼ 0.01 mm)
by measuring reflected laser beams. High-frequency systems like
HandySCAN (1.8M points/second) enable rapid capture [BPM∗16,
RBL∗24], while lower-frequency options like NextEngine provide
more affordable alternatives. Laser scanning excels in outdoor envi-
ronments and has enabled major digitization efforts like Stanford’s
“Forma Urbis Romae” dataset [LPC∗23] and the “Reconstructing
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Table 1: Category of scanning technology.

Categories Accuracy Efficiency Cost($) Key features

Laser 0.01 ∼ 3 mm several minites 500 - 5k Fast capture of large pieces
Photogarmmetry <= 0.15 mm minutes to hours 200 - 5k Capture of color and texture information
Structured light 0.1 mm seconds to minutes 50 - 5k High efficiency and precision

CT 0.001 ∼ 0.5 mm minutes to hours 1k - 10k Internal structure detail capture

Thera Frescoes” project [BTFN∗08]. However, the lack of color
capture and high equipment costs are notable limitations.

Photogrammetry achieves resolution comparable to that of laser
scanning (∼ 0.15 mm) [WS22, WZW∗23] using a regular camera.
State-of-the-art multi-view stereo algorithms achieve pixel-level
accuracy for 90% of reconstructed points [FP10]. This approach
is particularly suited for field work due to its low cost and minimal
equipment requirements. Porter et al. [Por14] designed a special-
ized rig for field collection without electricity, requiring approx-
imately 20 minutes and 100 photographs per artifact [BDS∗17].
Although sensitive to lighting conditions and require controlled il-
lumination [Mag14], recent protocols have demonstrated a high
throughput of 730 fragments per day [WZW∗23]. However,
photogrammetry struggles with certain materials such as water,
glass, and steel [KAP15], and requires careful selection of focal
length [BLL22].

Structured Light balances speed and accuracy (∼ 0.1-0.2 mm)
by projecting patterns onto objects [RTA21]. It can process 60
pottery fragments per hour [KS08] or 5-6 reflective artifacts per
hour [GSS08]. While capturing both geometry and color, it works
best indoors and may struggle with shiny or dark surfaces. Notable
applications include the work by Fan et al. [FZBR16].

CT Scanning is uniquely capable of capturing internal
structures [KW18, LDHF10] at micron-scale resolution
(1-500 microns) [APA∗11]. It has been applied success-
fully to rocks [RMA17], stones [GKF22], fossils [Lau16],
bones [LWA∗14], and teeth [OG06]. Recent work demonstrates
batch processing of 220 artifacts in two hours at 140-micron reso-
lution [GKF22]. Important datasets include skull scans [MRS21]
and detailed anatomical structures [BM14].

Registration and 3D reconstruction. In order to obtain the com-
plete geometry of an object, it is necessary to scan from multiple
angles and then use point cloud registration to align these scans in a
common coordinate system. When reference markers are possible,
such as small disc-shaped stickers [BPM∗16] or unevenly spaced
grid lines drawn on a turntable [Mag14], they facilitate point cloud
registration by serving as common reference points. When using
such markers is infeasible, markerless registration such as the It-
erative Closest Point (ICP) algorithm and its variants are utilized
to align the point clouds [KS08]. A good initial alignment is es-
sential for the ICP algorithm, as it directly affects how quickly and
accurately the algorithm can find the final alignment [YLCJ16].
Therefore, careful manual annotations are essential for optimum
outcomes. In order to improve registration efficiency, [WZW∗23]
devised an automated and robust registration technique that lever-
ages the bilateral boundary ICP, offering reliable initial relative

Figure 3: Four types of sensors for digitizing fragment shapes.

(Top-left) Laser scanning [LPC∗23]. (Top-right) Photogramme-

try capturing [WZW∗23]. (Bottom-left) Structured light captur-

ing [Tec24]. (Bottom-right) CT Scanning [YWCS∗22].

pose estimates to initiate the ICP. After forming the dense point
cloud, a mesh modeling algorithm, such as marching cubes [LC98]
or Poisson reconstruction [KBH06] is used to generate the surface.
Unlike traditional methods that separate scanning and surface re-
construction, [QAW07] combines these steps into a single process
to create cleaner and more complete 3D models. Using joint regis-
tration, the method significantly improves reconstruction accuracy,
ensuring better consistency when combining different views. The
experimental results indicate that it can perfectly reconstruct the
surfaces of archaeological fragments. This approach was used to
reconstruct the fragments of the Octagon project [TFK∗09].

Batch processing in scanning improves efficiency and reduces
the need for manual intervention. This approach is widely adopted
in large-scale applications. [FZBR16] developed an automated sys-
tem that can scan multiple 3D objects by intelligently planning
camera views and scanning paths, reducing the need for human
input. It enhances scanning efficiency and quality with structured
light scanning and calibrated positioning, making it ideal for large-
scale applications like archaeological documentation. [BTFN∗08]
introduced a batch processing system that achieves efficient scan-
ning through parallel operation of multiple devices, automated pro-
cessing, and a fast matching algorithm. A single operator can man-
age up to four 3D scanners, while another uses a flatbed scanner to
capture high-resolution images and normal maps. The system auto-
matically aligns and processes data in the background, minimizing
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manual intervention. The fast geometry-based matching further op-
timizes efficiency, allowing the system to process approximately 10
fragments per hour. [WZW∗23] presented another batch system to
scan two sides of fragments and developed custom registration and
reconstruction techniques to process the paired scans.

3.2. Segmentation

Surface segmentation is a common preprocessing step in the anal-
ysis of individual fragments for reassembly tasks, aimed at break-
ing down complex surface geometries into simpler, meaningful re-
gions. Typically, this involves distinguishing between the original
and fracture surfaces, facilitating easier analysis and subsequent
matching with other fragments to achieve successful reassembly.

Geometry-based methods. Geometry-based surface segmentation
methods rely on the intrinsic geometric properties of the fragment’s
surface, such as curvature, edges, and other spatial features. These
methods are among the most established techniques in the field
due to their reliance on fundamental geometric principles (see Fig-
ure 4 (Top)). Several geometry-based methods have been developed
for surface segmentation. For example, [PKT00] employs a sim-
ple region-growing algorithm based primarily on normal vectors,
along with a facet segmentation threshold, to initially segment the
original object into distinct surface regions. Following this segmen-
tation, bumpiness is used to detect fractured surfaces. [HFG∗06]
first perform multi-scale edge extraction on point-sampled sur-
faces, which is constrained to return closed cycles to obtain ini-
tial face cycles. These face cycles are then partitioned into original
and fracture surfaces using an iterative normalized cut method on
a weighted graph, constructed considering surface sharpness and
roughness. [AMP14] use a hierarchical agglomerative clustering
algorithm that starts with each element as its own cluster, merg-
ing the closest clusters based on a user-defined metric until no fur-
ther merges are possible. A custom 2-level caching scheme is used
to reduce redundant distance calculations and sorting, enhancing
efficiency. [XZW∗15] first apply the Laplace operator to smooth
the surface, and then use a clustering algorithm based on a ver-
tex normal vector to acquire rough surface segmentation, remove
noise surfaces, and then refine the segmentation by merging adja-
cent faces using surface roughness and face normal vectors. In ad-
dition to these, various other clustering and graph segmentation al-
gorithms, such as K-means clustering [LWX∗13], hierarchical clus-
tering [YWLY12], mean-shift clustering [YLL∗05], spectral clus-
tering [CMFG14] and random walks [LT20], can also be adapted
for fractured surface segmentation. These techniques leverage ex-
plicit geometric rules and properties, making them interpretable
and efficient with limited data. However, their performance may
decrease when handling complex surfaces or noisy input.

Learning-based methods. Learning-based surface segmentation
techniques have emerged as a promising direction, as they can auto-
matically discover patterns and features from data without requir-
ing hand-crafted geometric rules. These methods offer new pos-
sibilities for surface segmentation in fragment reassembly tasks.
Although some learning-based fractured object reassembly meth-
ods take the entire fragments as input for analysis, bypassing prior
surface segmentation, there are still methods that decouple the re-
assembly pipeline, retaining segmentation to achieve better match-

(a) original object

(b) surface regions 

after region growing

(c) surface regions 

after clean-up

(d) region boundaries

segmentation based on region growing

segmentation based on learning FMIs

Figure 4: (Top) Procedural methods for fracture surface segmenta-

tion [PKT00]. (Bottom) Deep learning methods for fracture surface

segmentation [LWN∗21].

ing and reduce computational costs. Learning-based segmentation
methods are predominantly based on graph learning techniques.
The initial segmentation process can be conceptualized as a bi-
nary classification task. For example, [LWN∗21] utilize a con-
volutional neural network (CNN) to learn the labels of the ridge
and non-ridge cells (see Figure 4(Bottom)), facilitating the extrac-
tion of the fracture margins of the fragments. Subsequently, frac-
tured surfaces can be well segmented by trimming fragment mod-
els along these margins. [LSH23] employ Multi-Layer Perceptron
(MLP) layers combined with a sigmoid activation function to pre-
dict confidence in the identification of a fracture point. If we gen-
eralize segmenting fractured surfaces to 3D semantic segmenta-
tion, we can also leverage advanced general-purpose graph learn-
ing algorithms like PointNet [QSMG17], PointNet++ [QYSG17]
and DGCNN [WSL∗19] to perform segmentation. These power-
ful frameworks offer robust solutions for intricate 3D data analysis,
and they will also be mentioned in the next section. These frame-
works provide effective tools for analyzing complex 3D data, as
we will discuss further in the next section. While these approaches
can potentially handle challenging cases with complex surfaces and
noise, they typically require large training datasets and substantial
computational resources.

4. Multi-Piece Analysis

This section reviews the literature on multi-piece analysis, which
considers two or more fragments. In Section 4.1, we review pair-
wise matching techniques. In Section 4.2, we discuss multi-piece
matching techniques, including early optimization-based tech-
niques and recent techniques based on deep pose regression. Fi-
nally, we discuss the correlated problem of joint segmentation and
matching in Section 4.3.
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(a) initial segmentation
(b) original and 

fracture surfaces

(c) final segmentation (b) feature selection

(a) feature extraction and descriptors

(b) multi-piece matching

(a) multi-piece merging

Data segmentation Feature selection Pairwise matching
Multi-piece 

matching

Merge / Update

Figure 5: A representative multi-piece shape analysis framework presented in [HFG∗06]. Pair-wise matching use patch features extracted

from the fracture surface and segment features extracted from fracture surface boundaries. A voting-based approach is used to find consistent

correspondences between geometric features. Matching among pieces employs a greedy approach.

4.1. Pairwise Matching

Rigid scan matching. A relevant problem of pairwise piece match-
ing is rigid scan matching, which finds the relative rigid pose be-
tween two depth scans. Given two point sets P and Q, rigid scan
matching aims to find a rotation R ∈ SO(3) and translation t ∈ R

3

that minimize:

min
R,t

n

∑
i=1

min
j
||Rpi + t −q j||

2 (1)

where pi ∈ P and q j ∈ Q are points from the respective scans. A
standard pipeline of rigid scan matching consists of feature extrac-
tion, feature matching, and rigid pose fitting. Early approaches use
hand-crafted geometric descriptors, e.g., SpinImage [JH99] and In-
tegral invariant [PWHY09] features. These features usually only
encode local information; therefore, the resulting feature matches
have many false positives. The rigid pose fitting procedure ad-
dresses this issue by enforcing the rigidity constraint, which finds
a subset of feature matches that share a rigid transformation. Popu-
lar rigid pose fitting approaches include RANSAC [SWK07], gen-
eral Hough transform [MGP06,PMW∗08,MAM14], and their vari-
ants [AMC08, BTP13]. Another category of methods formulates
rigid scan matching as spectral matching [LH05], which computes
a consistency matrix among candidate feature matches. The ele-
ments of this consistency matrix encode whether distances and an-
gles are preserved between the corresponding pairs of correspon-
dences. Rigid pose fitting is formulated as computing a sub-matrix
in which all elements are consistent, and is done using spectral
techniques.

More recent approaches develop deep learning techniques
for rigid scan matching. These approaches employ deep neu-
ral networks to extract features and develop differentiable lay-
ers to fit rigid poses. Examples include differentiable RANSAC
and attention-based rigid regression. Representative methods
in this category include DCP [LWZ∗19], PNetLK [AGSL19],
FCGF [CPK19], Predator [HGU∗21], RoReg [WLH∗23], and
GeoTF [QYW∗23]. These approaches demonstrate promising re-
sults on benchmark datasets with similar training and testing con-
ditions. Developing approaches that generalize well to diverse real-
world scenarios remains an important research direction.

(a) Fragment extrapolation
(b) Transformation 

sampling

(c) Placement

Figure 6: Matching features on original surfaces. (Left) Stanford

project [Lev06]. (Right) The idea of matching completed objects

with fragment extrapolation [DTS21].

Procedural fragment matching. Similar approaches have been
developed for rigid fragment matching, which also combines fea-
ture extraction, feature matching, and rigid pose fitting. However,
rigid fragment matching and rigid scan matching have several no-
table differences. These differences come from several aspects, in-
cluding where to extract features and what constraints are induced
by feature matching. Another important difference is the robustness
of the extracted features, the feature descriptors, and the matching
procedure, as the surfaces of the fragments may be severely dam-
aged or there are tiny fragments between two fragments, causing
geometric differences. Figure 5 shows a representative framework
for fragment matching.

Most approaches use features extracted from the fracture sur-
faces. This requires fracture surface segmentation as discussed in
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Section 3.2. Robustness has been a major concern when extract-
ing features from fracture surfaces. Therefore, many features intro-
duced in the literature are patch features that are developped to im-
prove robustness. [HFG∗06] use patches defined by sub-level sets
of the integral invariant descriptors and summarize geometric de-
scriptors derived from performing principal component analysis of
patch shapes. [LGZ20] introduced an approach to smooth the frag-
ments and segment the concave and convex regions of the fracture
surfaces for robust matching. [JHY∗20] studied multi-scale covari-
ance matrix based point descriptors. [WW08] introduced an algo-
rithm based on cluster-tree tailored for matching fragments with
salient fractured surfaces. A key issue in matching fracture sur-
faces is developing descriptors that can be used to identify geo-
metric patches that can be tucked together [AMK14]. A recent pa-
per [LSH23] also addresses this issue by introducing a primal-dual
descriptor in the deep learning approach.

Many papers focus on extracting boundary curves of fracture
surfaces [AMK14, LGZ20]. Such features are more robust in the
setting where the areas of the fracture surfaces are small, making it
difficult to compute and extract geometric descriptors. [PK03] per-
forms (potentially partial) contour matching of the break bound-
aries to constrain the pairwise surface registration. [SDF∗12a] an-
alyze and simulate fracture patterns of Theran wall paintings. It
builds statistical models of boundary curves of wall painting frag-
ments, which can be applied to match boundary curves. [AMK14]
detect boundary curves based on curvature computation and apply
FFT to compute the descriptors of points on the boundary curves
for fragment matching. [ON13] introduced a multi-channel bound-
ary contour representation for matching sub-contours via 2D partial
image registration. [CLT13] perform curvature computation to de-
tect parabolic contours, whose descriptors are determined by mo-
ments. [ZHLW14] studied how to detect boundary curves of thin
fragments. Fragment matching is done using voting. [ZCS∗17] in-
troduced a fast algorithm for 2D fragment assembly based on a
partial EMD distance. [SLLL18] introduced a descriptor based on
the convex/concave information of a point on the boundary curves
of the fractured surface. The similarity between two fractured sur-
faces is calculated based on the spin images of the point of the fea-
ture curve and the distance and normal deviation between the two
feature curves to find the matching fractured surface. [APA∗23] uti-
lized the detected breaking curves as cues for fracture surface seg-
mentation and registration. [AYA∗24] introduced a new matching
algorithm for stone tool reassembly based on detecting and match-
ing contour points on flake surfaces. Matching is done using a five-
point method, which extends Super4PCS. For efficiency concerns,
it focuses on matching flake surfaces to a core stone, which is ap-
plicable in this specific setting. In [WZL∗21], a set of matching
units is detected and described by the 2D Link-Chain Descriptors
(LCD) and the 3D Spatial-Distribution Descriptors (SDD). Second,
the pairwise reassembly probability is calculated using LCD and
SDD descriptors; then, collision detection is performed to elimi-
nate the incorrect overlapping pairs.

Several approaches rely on the features on the original surfaces
for matching (see Figure 6). Early work by [WC08] discussed how
to use original surface features for geometric matching. Examples
include the continuity of texture patterns or matches between curve
features extracted from original surfaces. [ON13] introduced a sim-

ilar approach to enforce the original surface consistency. The for-
mer approach can be found in most reassembly pipelines of wall
painting fragments, e.g., [Lev06]. [DTS21] studied how to match
fragments that are under erosion and proposed an approach that
completes the original surfaces of the fragments and matches the
completed surfaces. In this approach, the original non-overlapping
surfaces become overlapping, allowing us to detect and match ex-
tracted feature points.

In many cases, the approach of extracting and matching features
is not robust when fragments are undergoing serious erosion, which
is the case for most real datasets. In [LZG12], the authors find that
detecting and matching feature points from fractured surfaces is
much more challenging than matching scans. They proposed confi-
dence scores on potential matches. Several approaches define scor-
ing functions over the space of transformations and develop global
search strategies for global optimal solutions. [PKT02] uses simu-
lated annealing to search the space of the source to transformation,
while employing hardware-accelerated rasterization to extract sur-
face distances based on depth maps and compute a similarity score
using distance gradients. [VB14] introduced an approach that fo-
cuses on wall-painting fragments and applies a discrete search of
relative poses to identify global solutions to reassembly. [PAE∗12]
introduced four criteria for fragment matching (see Figure 7). The
first criterion exploits the volume of the gap between two properly
placed fragments. The second considers the overlap of the frag-
ments in each possible matching position. Criteria 3 and 4 employ
principles from the calculus of variations to obtain bounds for the
area and the mean curvature of the contact surfaces and the length
of contact curves, which must hold if the two fragments match.

In addition to geometric matching, another difference between
scan matching and fragment matching is that the matches should
be free of penetrations. This constraint is easy to integrate for
RANSAC and stochastic global optimization approaches [SWK07,
MAP15]. An open question is how to enforce this under global
optimization approaches such as spectral matching. Regarding lo-

Figure 7: Robust scoring functions to evaluate the quality of a

match proposed in [PAE∗12]. (Top-left) Criteria 1, gap volume.

(Top-right) Criteria 2, contact area. (Bottom) Criteria 3 and 4,

bounds for the area and the mean curvature, and the length of con-

tact curves.
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Figure 8: Enforcing non penetration via constrained optimiza-

tion [HFG∗06, Flö09, SW15, SW18].

cal refinement methods, several papers [HFG∗06, Flö09, SW15,
SW18] studied how to formulate constrained optimization tech-
niques to enforce non-penetration constraints (See Figure 8 (Left)).
[TFK∗09] introduced a gradient field to optimize the packing of a
collection of objects, enforcing the non-penetration constraint (See
Figure 8 (Right)).

Finally, several systems employ users in the loop and de-
velop semi-automatic approaches for fractured object reassembly.
In [MRS10], user input is used to prune incorrect matches.

Deep fragment matching. In the deep learning era, the research
community has studied developing deep neural networks to solve
the multi-piece reassembly problem. Early work includes Deepz-
zle [PPT20], which studied image reassembly, a special case of
fractured object reassembly. Deepzzle explored methods to han-
dle real-world challenges such as erosion, missing pieces, and the
presence of unrelated fragments. Due to the emergence of 3D
benchmark datasets for fractured object reassembly, there is in-
creasing interest in developing deep learning approaches to solve
the 3D fractured object reassembly. [VLS23] proposed MatchMak-
erNet (see Figure 10(Left)), a network architecture designed to
automate the pairing of object fragments for reassembling. The
approach takes two point clouds as input and its network lever-
ages graph convolution alongside a simplified version of DGCNN
for prediction. Current approaches have primarily focused on fea-
ture learning while incorporating rigidity constraints and domain-
specific knowledge remains an important direction for future re-
search. Bridging deep learning methods with practical applications
continues to be an active area of investigation.

4.2. Multi-Piece Matching

Optimization-based based approaches. The difference between
multiple-piece matching and pairwise matching is the cycle-
consistency constraint [ZKP10, NBW∗11, HZG∗12] among cycles
of fragments. Specifically, when composing relative transforma-
tions Ti j along a cycle of fragments (i1, i2, ..., ik), we should have:

Ti1i2 Ti2i3 ...Tik−1ik Tik i1 = I (2)

where I is the identity transformation. If this constraint is violated,
then at least one of the relative poses along the cycle must be in-
correct. This cycle-consistency constraint is used to prune incorrect
pair-wise matches computed between pairs of objects in isolation.

In the literature on scan matching, early approaches enforce
combinatorial optimization to search for consistent matches. A
popular way is to optimize a spanning tree among the input graph of
pairwise matches [Hub02, HH03, HFG∗06]. The advantage is that

Correct Matches

Wrong Matches

Interpenetrate Area

(a) Cluster growth with relaxation on best candidate (b) Cluster growth with relaxation during search process

Figure 9: Multi-fragment matching [CBR∗11], which enforces the

consistency of matching along loops.

it is easy to incorporate the non-penetration constraint among frag-
ments. For example, in the case of scan matching Huber and Her-
bert [HH03] showed how to incorporate the visibility constraint in
multi-scan matching. On the other hand, combinatorial optimiza-
tion approaches are typically greedy and can easily return sub-
optimal solutions.

Another category of approaches formulates multi-piece match-
ing as Markov-random field (MRF) inference. This is formulated
as sampling a discrete set of candidate poses of each object and
model pairwise matches as pairwise potentials to optimize the best
candidate of each object. This approach was first introduced to
solve the Jigsaw puzzle problem in images [CBAF08, CAF10],
where the candidate positions of each image patch are given by
the grid of image patches of a given image. A relevant approach
is [YRA16], which presents a linear programming (LP) relaxation
to the MRF formulation on the image-based square patch puz-
zle problem. This MRF formulation was later applied in MRF-
SFM [COSH11,COSH13] to solve the structure-from-motion prob-
lem. The nice properties of this MRF formulation are that it pos-
sesses better solvers that offer better solutions compared to greedy
approaches. Moreover, it is easy to incorporate the non-penetration
constraint, i.e., if two fragment penetrates under two candidate
poses, then the corresponding pairwise potential is infinite. The
limitation of this MRF formulation is that it requires many pose
samples to obtain accurate solutions.

Modern multi-piece matching typically formulates low-rank ma-
trix recovery by establishing the equivalence between the cycle-
consistency constraint and the fact that the matrix that encodes
pairwise maps in the block is low-rank, c.f., [HG13]. The opti-
mization approaches fall into categories of semidefinite program-
ming relaxation [Sin11, WS13, HG13, HWG14, CGH14, RCBL19,
DRW∗20], spectral techniques [StW12,KLM∗12,HZG∗12,PKS13,
PKSS14, SHSS16, SLHH18, ARF16, AFR16, BTG∗15, HLZ∗19,
SH23], and non-convex optimization [CG13, ZZD15, CZK15,
LZD17,HLBH17,LSL22,YHS∗24]. Their advantages are superior
empirical performance and theoretical guarantees. However, it is
not easy to enforce the penetration-free constraints under them.

Applications of these multi-object matching approaches in the
context of multi-fragment reassembly have been limited. Most ap-
proaches follow greedy approaches [HFG∗06, APM15, WCF24].
There are a few exceptions. [SF17] introduced an unsupervised ge-
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Figure 10: Recent advances on deep fragment matching. (Left) Techniques that extend rigid matching [VLS23]. (Middle) Transformer-based

techniques [WCF24]. (Right) Equivariant techniques [WTD∗23].

netic algorithm to reassemble fragments of wall paintings. The ap-
proach evolves a pool of partial reconstructions that grow through
recombination and selection over the course of generations. The
authors introduced a novel algorithm for combining partial recon-
structions that is robust to noise and outliers, and a new selec-
tion procedure that balances fitness and diversity in the popula-
tion. [ON13] detect loop in the pose graph and perform loop clo-
sure to rectify pose errors. [CBR∗11] enforce global Consistency in
the Automatic assembly of fragmented artifacts. This approach ad-
dresses error accumulation problem the global reassembly of many
fragments, among which there are many potential matches with a
pair of fragments. [WZL∗21] introduced a global optimal reassem-
bly solution is obtained by iterative graph optimization with the
constrains of the loop-closures and overlap restrictions. One crit-
ical difference between multi-scan matching and multi-fragment
matching is that the underlying graph of the fragments is much
more sparse than the graph in multi-scan matching, as scans have
significant overlap, while fragments do not overlap.

Deep pose regression based approaches. The emergence of large-
scale datasets such as Breaking Bad [SCW∗22] has simulated a
wave in developing deep learning approaches that perform pose re-
gression. Many approaches adopt recent advances in 3D feature
learning using Transformers. [ZXZ∗23] developed Transfomers to
find pairs of matching fragments and their relations. Specifically,
they first employ a graph-based network to extract the local contour
and texture features of the fragments. Then, for the pair-searching
task, they adopt a linear transformer-based module to integrate
these local features and use contrastive loss to encode the global
features of each fragment. For the pair-matching task, they de-
sign a weighted fusion module to dynamically fuse extracted lo-
cal contour and texture features, and formulate a similarity ma-
trix for each pair of fragments to calculate the matching score
and infer the adjacent segment of contours. [LML∗24] introduced
Proxy Match Transform (PMT), an approximate high-order feature
transform layer that enables reliable correspondences between the
mating surfaces of parts while being efficient. Using PMT. they
introduced a new framework, dubbed Proxy Match TransformeR
(PMTR), for the geometric assembly task. [LGJ∗23] introduced a
Transformer-based encoder to extract both global and local geomet-
ric features, which are then passed to two decoders to estimate the
relative pose between two fragments. [WCF24] introduced a recur-
rent approach that aligns and merges fragments into larger groups.
The key contribution is a diffusion model that simultaneously de-
noises the 6-DoF alignment parameters of the fragments, and a

transformer model that verifies and merges pairwise alignments
into larger ones, whose process is repeated iteratively. [ZLL∗24]
introduced an approach that identifies critical stones among the in-
put fragments for efficient computation of the reassembly proce-
dure. This is implemented using the attention mechanism in an iter-
ative manner. [CYD24] use a hybrid attention module to model and
reason complex structural relationships between fragment patches.
The model has intra- and inter-attention layers, enabling the cap-
turing of crucial contextual information within fragments and rela-
tive structural knowledge across fragments. The model is enhanced
with an adjacency aware hierarchical pose estimator.

Researchers have developed equivalent networks [DLD∗21]
for point cloud learning to solve fractured object reassembly.
[WTD∗23] developed equivariant and invariant encoders of each
part to compute equivariant and invariant correlation modules to ag-
gregate extracted signals across all parts, which are used to regress
the pose of each input part. [WJ24] introduced an approach, called
SE(3)-bi-equivariant transformer (BITR), based on the SE(3)-bi-
equivariance prior to the task. Specifically, BITR first extracts fea-
tures of the inputs using a novel SE(3)×SE(3)-transformer, and
then projects the learned feature to group SE(3) as output. BITR
can not only handle non-overlapped PCs, but also guarantee ro-
bustness against initial positions. [SFG∗24] introduced DiffAssem-
ble, which follows Diffusion Probabilistic model formulations. Dif-
fAssemble models a Markov chain in which it injects noise into
the position and orientation of the pieces. The correct and random
poses at the initial time step and the final time step, respectively.
The denoising network is an attention-based GNN that takes as in-
put a graph where each node contains an equivariant feature that de-
scribes a particular piece and its position and orientation. Similarly,
[XCH∗24] and [WCF24] treated the reassembly task as a denoising
task and introduced FragmentDiff and PuzzleFusion++, methods
that apply diffusion denoising through the Transformers to predict
the pose parameters of each fragment based on their global feature
correlations and learned pose priors. While these deep learning ap-
proaches show promising results, bridging the gap between syn-
thetic training data and real-world applications remains an impor-
tant challenge. Real fragments often exhibit erosion, weathering,
or missing pieces - conditions that are difficult to fully capture in
synthetic training data. Understanding how to better generalize to
these practical scenarios is an active area of research.
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Figure 11: Joint segmentation and matching [LSH23].

4.3. Joint Segmentation and Matching

As discussed above, an important problem in fragment analysis is
segmenting the fracture surface. Typically, this is done for each
fragment in isolation. However, the segmented surfaces should
be compatible with those of adjacent fragments. This means that
the segmentation problem and the fragment matching problem are
correlated and should be solved together. This joint segmenta-
tion and matching problem first appeared in the context of joint
shape analysis, in which segments of an object provide a com-
pact representation that relates shapes that are structurally rele-
vant but differ in geometric details. [HKG11, SvKK∗11] intro-
duced joint optimization approaches to optimize the segmentations
of individual parts and the correspondences between the segments.
[WHG13,WHOG14,HWG14,HLW∗19] introduced the functional
map framework which allows us to optimize consistent segmenta-
tions by optimizing a function sub-space of each shape.

In the context of fractured object reassembly, JIGSAW [LSH23]
(see Figure 11) pioneered a deep learning approach for joint seg-
mentation and matching. It effectively utilizes transformer archi-
tecture to extract point-wise features and proposed primal-dual de-
scriptors for complementary matching. JIGSAW also demonstrates
how learning approaches can be effectively combined with clas-
sical geometric algorithms. By integrating learned point-wise fea-
tures with RANSAC and transformation synchronization methods,
it achieves robust pose estimation. This hybrid approach leverages
both the pattern recognition capabilities of deep learning and the
geometric guarantees of classical methods, suggesting that com-
bining complementary techniques may lead to more effective solu-
tions.

5. Template Shape Space

In many cases, we do not have prior knowledge of the exact shape
of the underlying complete object. However, we may have prior
knowledge about its category, which provides shape priors. There-
fore, an important problem is learning a parametric shape space
from a collection of example shapes. This problem has been stud-
ied extensively in the literature. This section presents relevant ap-
proaches that can be applied for fractured object reassembly. We
differentiate approaches that focus on organic shapes with the same
topology and man-made shapes with varying topology.

Early approaches (see Figure 12(a)) include Morphable
faces [BV23] and SCAPE [MGP06], which focus on 3D shape

spaces with the same topology. Recent examples along this line
include SMPL [LMR∗15] for humans, SMAL [ZKJB17] for an-
imals, MANO [RTB17] of hands, and 3DMM [TL18] for faces.
These models, trained on larger datasets, demonstrate significantly
improved performance in solving inverse problems. They decom-
pose shape variations from pose variations - shape variations are
captured through PCA analysis, while pose variations (as in SMAL
and SMPL) are encoded using skeletal structures. However, a key
limitation of these approaches is that they require training data with
consistent mesh topology, meaning that all meshes must share the
same vertex structure.

Recent approaches have focused on using deep neural networks
to learn generative models, which are superior to linear models.
Most approaches [RBSB18, BBP∗19, ZBP20, ZWL∗20] use graph
neural networks to decode a latent code into a mesh. Many ap-
proaches focus on network design. ARAPReg [HHS∗21] and Geo-
Latent [YSC∗23] introduced regularization losses that model shape
deformations between adjacent synthetic shapes to improve the
generalization of the shape generator. Despite significantly im-
proved performance from linear models, these approaches still re-
quire consistent inter-shape correspondences as input for learning.

DeepSDF [PFS∗19] and follow-up work show that shape genera-
tive models can be learned from raw data points without correspon-
dences. SALD [AL21] shows that MLP-based implicit surfaces can
also encode deformable shapes, but generalization of shapes that
undergo large pose changes is very limited. GenCorres [YHS∗24]
addresses the generalization issue under large pose changes by de-
veloping an approach to compute dense correspondences between
adjacent implicit surfaces, allowing us to apply ARAPReg to define
regularization losses. It leads to significantly improved synthetic
shapes under novel poses.

Significant progress has been made on learning generative mod-
els to synchronize man-made shapes. Most approaches that pro-
duce high-quality synthetic shapes are under broadly defined im-
plicit shape representations (signed distance functions, volumet-
ric grids, and neural fields), These include early efforts [WZX∗16,
CZ19,ILK21,CLL∗22,YLM∗22,ZNW22] under the generative ad-
versial network (GAN) [GPAM∗14] and variational auto-encoder
(VAE) [KW14] paradigms and recent results [HLHF22, SCP∗23,
CLT∗23, ZTNW23, CBH23, DZG∗24] under the latent diffusion
paradigm [RBL∗22]. However, one limitation of using the implicit
representation is that it is very difficult to compute the correspon-
dences between the learned template and the input fragments.

One way to address this issue is to learn generative models un-
der explicit representations such as point clouds and meshes. Many
approaches have shown promising results for point cloud gener-
ators for man-made shapes [ADMG18, LH21, YRW∗21, ZDW21,
NJD∗22]. Although it is possible to fit a point cloud generator to
shape collections with large geometric and topological variations,
there are two limitations that prevent them from serving template
models for fractured object reassembly. First, most approaches re-
quire the shapes to be consistently oriented, which only applies to
a very limited number of categories. Generalization behavior un-
der unaligned training instances is much worse. Second, the corre-
spondences induced from the point cloud generator are not good
enough across the synthetic shapes, making it difficult to prop-

© 2025 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.



J. Lu et al. / Fractured Object Reassembly Survey 11 of 32

(a) Linear shape space (b) Deep deformable shape generators (c) Implicit shape generators (d) Point cloud shape generators

Figure 12: (a) Early work on linear shape spaces [LMR∗15]. (b) Deep deformable shape generators [YSC∗23]. (c) Implicit shape genera-

tors [PFS∗19, CZ19, ZTNW23]. (d) Point cloud shape generators [ZDW21].

erly define correspondences between the dynamic template and
the input fragments. Recent results in mesh representation, such
as deep marching tetrahedra [SGY∗21], MeshGPT [SAA∗24], and
MeshAnything [CHH∗24], also show impressive synthesis results.
However, the two limitations of the point cloud representation re-
main under the mesh representation. An open question is how to
address these two limitations.

6. Template-Based Reassembly

We first discuss approaches that use (approximate) complete object
shapes in Section 6.1. We then present approaches that leverage
symmetric priors for fractured object reassembly in Section 6.2.
Finally, we discuss approaches that utilize learned template shape
priors in Section 6.3.

6.1. Complete object priors

Beyond purely feature-based approaches, using complete objects
as templates can significantly boost the reassembly process. This is
particularly valuable when working with well-documented objects
like skulls, pottery, or architectural elements, where intact reference
models often exist. Recent advances in machine learning have also
made it possible to learn these geometric priors from collections of
similar objects, offering more flexible template-based solutions.

This section discusses how a complete object model or global
prior can be used to facilitate object reassembly. We consider the
input fragments as X = {xi} and the global prior as P. As listed in
Table 2, depending on how P is obtained and used, we categorize
relevant methods into two types: methods using local-global align-

ment and methods using global evaluation. Local-global align-
ment methods directly use the global prior P as a guide and solve
the matching and alignment between xi and P to obtain poten-
tial compositions of {xi}. Global evaluation methods do not solve
local-global matching, but design a function to evaluate how well
a computed reassembly matches the global prior P. Figure 13 il-
lustrates various methods of utilizing complete object priors for re-
assembly, including explicit template alignment, implicitly learned
priors, and network-based global evaluation.

Methods using local-global alignment match fragmented pieces
xi to the global prior P and use this to obtain the initial or rough ar-
rangement of the fragments. Their effectiveness depends on three
factors: (1) the design of P, (2) the modeling/extraction of fea-
tures from {xi} and P for their matching, and (3) the alignment.
The global prior P could be a selected/computed explicit template

or learned implicit parameters. Classical geometric reassembly

methods often search for a good explicit shape and use it as a tem-
plate or global prior, then design partial matching schemes to find
local-global alignments. In contrast, as discussed in Sec. 6.3, re-

cent learning-based methods tend to train neural networks to build
implicit shape priors from datasets and then train/optimize the en-
coding of both local fragments and global template so that their
latent codes can infer the matching and alignment of the fragments.

In classical geometric methods, to support effective local-global
alignment, the explicit shape template is often selected as an av-
erage or typical shape or a best-matched object retrieved from
a database. Using a typical object as the prior shape is com-
mon in skull and cultural heritage reassembly tasks. For exam-
ple, [YWLM11, WYLL11, ZYM∗15] used a standard human skull
as P to provide alignment guidance. [CNG∗22] used a complete
model from the museum’s collection as the prior to define the 3D
support surface of the fragmented disk. When a larger collection
of complete exemplar objects is available, retrieving a template
object with the most similar geometry can provide a more adap-
tive global prior. For example, in the pottery reassembly field, re-
searchers have built many digital databases of pottery. They sup-
port various types of local-global matching for the given fragments,
such as drawing sketch [KPC10], a portion of the object geom-
etry [IT11], and curve descriptors [CLT13, SKN∗14] to retrieve
relevant potteries as priors P. In the archaeological and architec-
tural reconstruction of a ruined monument task, to construct the
most similar geometry as prior P, [TFK∗09, CFB∗13] conducted
a careful study of historical texts that mention the building under
consideration. Given the selected shape prior P, as for the sec-
ond factor, feature extraction computes keypoints and their descrip-
tors on both fragments and the global prior, such as depth and ax-
ial symmetry descriptor [KPC10], salient points [IT11], parabolic
contour [CLT13], spin images [YWLM11, WYLL11], Signature
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Figure 13: Using prior knowledge from a complete object model to aid reassembly. (a) Local-global alignment with a selected explicit

template [ZYM∗15], such as a skull. (b) Implicit learned prior knowledge from a large-scale 3D object dataset [MZC∗19]. (c) A global

evaluation using neural network as complete object prior [LLW∗21, CLT∗22].

Table 2: Category of the different complete object priors with their descriptions and limitations.

Categories Descriptions Limitations

Local-global Alignment Shape prior provides reasonable initial reassembly Applicable to limited types of reassembly objects
Global Evaluation Regularize the quality of the reassembled result Hard to find a proper function for each reassembly

of Histograms of OrienTations (SHOT) descriptor [ZYM∗15].
With the extracted keypoints and features, fragment transforma-
tions are computed to roughly assemble the input parts to the
template. The researchers developed various alignment methods
using keypoint correspondences, such as iterative closed points
(ICP) [YWLM11], geometric distance [WYLL11], local affine-
invariant 3D moments [CLT13], Earth mover distance [IT11], and
the RANSAC algorithm [ZYM∗15].

Implicit prior for local-global alignment is learned from an an-
notated 3D dataset to solve the partial matching from the fragments
to the global shape. The shape prior is encoded in a neural network,
which is trained on a 3D segmentation dataset, and the weights are
adjusted to learn the semantic relationship between the fragments
and the complete objects. In the inference stage, given a set of parts
X , trained networks are used as encoders to encode the parts into
latent codes, which inherit the implicit shape prior to the possible
complete object P. Chaudhuri et al. [CKGK11] trained a Bayesian
network on a 3D segmentation dataset to encode semantic and
geometric relationships among shape components. Then a proba-
bilistic model is used to compose and align the input parts. Mo et
al. [MZC∗19] proposed a more comprehensive 3D object dataset,
named PartNet, a large-scale dataset of 3D objects annotated with
hierarchical and instance-level 3D part information. Following the
PartNet dataset, Zhan et al. [ZFM∗20] and Narayan et al. [NNR22]
trained an encoder on it to encode the query parts to semantic la-
tent codes, which inherit the shape prior to the complete object.

They framed the 3D part assembly problem as a graph-learning
problem. They took the latent codes as input and used graph neural
networks to assemble the parts into complete objects. They demon-
strated their work on 3D chairs, tables, and lamp reassembly tasks.

Global evaluation as the complete object prior P provides a reg-
ularization term to constrain the reassembled results. It has two
variants: hand-crafted functions or learnable discriminators. Hand-
crafted metrics are widely adopted in earlier reassembly tasks. In
the image stitching task, an entropy-based metric is proposed to as-
sess the quality of the stitched panoramic image [OCK∗21]. In the
document reassembly task, Optical Character Recognition (OCR)
is used for word or sentence detection [PBFOS18, LL19]. These
methods use pair-wise features to suggest candidate alignments of
the fragments. They keep the candidate alignments when the evalu-
ation results are promising, while they discard the alignments when
the evaluation results are poor. More recent approaches leverage
large-scale datasets to train neural networks that can evaluate as-
sembly quality. These networks learn to distinguish between cor-
rect assemblies and incorrect ones, helping guide the reassembly
process toward more plausible configurations. Li et al. [LLW∗21]
propose a GAN to solve the Jigsaw puzzles. They designed a
network-based discriminator and an adversarial loss to classify the
an image is reassembled or real. The adversarial loss pushes the
GAN to assemble images from pieces that look natural. Then a dis-
criminator was trained as adversarial loss to optimize the mating
configuration that should look visually realistic like an object.
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Figure 14: Symmetry-based reassembly: identification and align-

ment using axial symmetry [NHM22] (top) and completion based

on reflectional symmetry [YWLM11] (bottom).

Each approach offers distinct advantages for template-based re-
assembly. Local-global alignment is particularly effective when
working with well-defined object categories that have representa-
tive complete objects or comprehensive reference databases. The
success of these methods depends heavily on how effectively they
can capture relationships between fragments and complete objects.
Meanwhile, global evaluation approaches provide flexible guidance
for assembly without requiring explicit templates, although the de-
sign of effective evaluation metrics remains an active research chal-
lenge. Future advances may come from combining these comple-
mentary approaches.

6.2. Symmetries

6.2.1. Symmetry Detection

Axial symmetry and reflectional symmetry are the two commonly
studied symmetry types in geometry analysis and processing, es-
pecially in 3D reassembly. For a point cloud P, symmetry detec-
tion aims to find a transformation s (either axial or reflectional) that
minimizes:

E(s) = ∑
p∈P

min
q∈P

||s(p)−q||2 +λR(s) (3)

where s(p) is the transformed point under symmetry transform s,
q is its closest point in P, and R(s) is a regularizer that ensures
the transformation is a valid symmetry. For axial symmetry, s rep-
resents rotation around an axis, while for reflectional symmetry, s

represents reflection across a plane.

As shown in Figure 14 (top), axially symmetric, also referred

to as rotationally symmetric, indicates that if the complete ob-
ject’s exterior surface is intersected by a plane perpendicular to
its axis, the resulting cross section is a circle or closely resem-
bles one. As a prominent geometrical property, rotational sym-
metry can serve as a feature to guide the 3D reassembly of frag-
mented relics, such as sherds. Research on symmetry axis esti-
mation has evolved significantly over time. Early approaches fo-
cused on using differential geometric properties, including the
sphere of curvature [CM02] and normal intersection [PPR99] meth-
ods. Subsequently, enhancements of the estimated rotational axis
have been proposed using M-estimators [Hal99] or Bayesian ap-
proaches [CWA∗01, WC04]. These early methods, while founda-
tional, often struggled with real-world challenges such as geomet-
ric deformation, missing pieces, and surface noise - common is-
sues when working with fragmented objects. [AS18] suggested a
workflow for axis estimation based on minimum thickness direc-
tion. This method does not rely on differential geometric properties,
making it resilient to local defectiveness, noise, and outliers. Re-
cent studies [HKWK19, HYZ∗21, NHM22] have broadly adopted
the random sample consensus algorithm (RANSAC) to find good
initial estimates. [HKWK19] extended the Cao and Mumford’s
method [CM02], to consider both the inner and outer surfaces. This
technique introduces PotSAC, a two-stage axis estimator based on
a variant of the RANSAC algorithm followed by a robust nonlin-
ear least-square refinement, making it capable of handling noisy
surface normals. [HYZ∗21] applied beam search to explore multi-
tudes of registration possibilities, addressing false matches between
sherds inflicted by indistinctive sharp fracture surfaces. [NHM22]
showed that the identification of the symmetry axis from surface
normal lines may yield two meaningful local minima. A multi-
ple solution RANSAC algorithm is proposed for initial estimates,
followed by a coordinate descent algorithm to refine these esti-
mates. The authors showed that their method ensures convergence,
achieves a faster convergence rate, and provides state-of-the-art
performance in axis estimation.

As illustrated in Figure 14 (bottom), reflection symmetry refers
to the property that an object does not change upon undergoing
reflection. The human skull typically exhibits reflection symmetry
along the mid-sagittal plane [LYW∗11]. This kind of symmetry is
one of the main geometric priors used in skull reassembly and com-
pletion [WYLL11, YWLM11].

6.2.2. Symmetry-guided reassembly

With an estimated symmetry axis, the consistency of the symme-
try axis and the axis profile curve can be viewed as a constraint
or optimization objective during reassembling. [SAC13, KAJ∗21]
implemented a global constraint that all fragments share the same
axis, greatly reducing computational costs and improving noise re-
sistance. This method reduces the search space from 6 DOF (for
two fragments) to 1 DOF (relative position of two pieces along
the axis of symmetry). [APM15] exploits the results of an ongo-
ing reassembly to predict the shape of the resulting object using
symmetry-based expansion and then performs alignment of dis-
joint parts with the predicted shape to also assemble non-contacting
parts. [HYZ∗21] relaxed the above constraint by encoding the in-
formation about the axis as a descriptor into each break line for
efficient reassembly.
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Figure 15: (Left) TAssembly [DJC∗23]: From left to right – input, correspondence quality, assembly result, and the synthetic template shape.

(Right) Jigsaw++ [LHH24]: From left to right – input, Jigsaw++ synthetic result, and the ground truth object.

6.3. Learned Shape Spaces

Compared to approaches that rely on similar shapes or symmetric
templates to guide fractured object reassembly, few methods have
explored the use of a generic template shape space learned from
the data to enhance this process. One notable exception is TAssem-
bly [DJC∗23], which learns a linear shape space specifically for
bones. It formulates fractured object reassembly as an optimiza-
tion problem, adjusting fragment poses and the underlying com-
plete shape in the learned shape space to minimize the distance
between the fragments and the dynamic template. However, this
method is limited to bone shape spaces, where consistent mesh pa-
rameterization makes it relatively straightforward to learn descrip-
tors for predicting dense correspondences. Another promising ap-
proach is Jigsaw++ [LHH24], which employs a point cloud gener-
ation model with a rectified flow-based retargeting algorithm to in-
fer the complete shape from a partially assembled input. Although
this approach shows significant potential for reconstructing daily
objects, scaling it to handle more diverse or even open-vocabulary
input shapes requires larger models and more data. Significant chal-
lenges remain in developing effective shape priors for objects with
diverse geometries and topologies. Additionally, current methods
often lack mechanisms for establishing correspondences between
reconstructed shapes and input fragments, making it difficult to en-
force rigidity constraints between fragments.

7. Applications

We discuss four main applications areas for fractured object re-
assembly (Section 7.1 to Section 7.3) and the relevant application
in shape modeling via part assembly.

7.1. Bone Reduction

3D bone reduction is essential for preoperative surgical plan-
ning [LLZ∗24, YLS∗23, LLH∗14] and intraoperative naviga-
tion [HUV∗21, ZWT∗24], including robotic surgery [LJH∗22,
SHS∗21](see Figure 16). The objective of bone reduction is to re-
store the anatomical alignment of fractured bones. Bone fragments

Figure 16: The surgical robot designed for bone reduction is de-

tailed in [ZCS∗23, GZWW22]. At the top, the figure illustrates the

components of the surgical robot during a bone reduction proce-

dure within a surgical setting. At the bottom, the figure presents the

surgical planning system associated with the robot.

have two unique characteristics that distinguish them from other
fractured objects: First, human bones have strong shape priors due
to their anatomical nature, including bilateral symmetry which al-
lows the use of contralateral bones as templates (see Section 6).
Second, bones have complex internal structures including cortical
bone, cancellous tissue, and cartilage. When fractures occur in can-
cellous regions, especially in metaphyseal areas of long bones, the
irregular fracture surfaces can make precise alignment challeng-
ing [DJC∗23, DJH∗23].

Skull reconstruction, as a specialized case in bone reduc-
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tion, presents unique characteristics and challenges. Unlike long
bones, skull fragments are typically modeled as a collection of
surfaces, where boundary loops serve as key features for match-
ing [YWLM11, WYLL11]. Feature descriptors computed on these
boundary curves enable reliable fragment matching. The recon-
struction process leverages the skull’s natural bilateral symme-
try [LYW∗11], particularly useful when fragments are missing
from one side. For cases involving multiple feature curves on a
single fragment, the matching problem can be formulated as the
Largest Common Point-set (LCP) problem [ZYM∗15]. Statistical
shape models trained on skull datasets provide additional guidance
for cases with severe damage [DJC∗23]. The precision require-
ments are particularly stringent due to the skull’s critical role in
both surgical planning and forensic analysis.

The bone reduction workflow typically consists of four steps: CT
bone segmentation, template matching, pairwise fragment match-
ing, and multi-fragment matching.

CT bone segmentation endeavors to separate fractured bones
from surrounding healthy tissue and divides individual frag-
ments in CT images. A key challenge is distinguishing between
fracture zones and intact zones. This can be done using au-
tomatic methods like watershed [LLZ∗24], probabilistic water-
shed [LHSW21], template-matching [DJH∗23], or semi-automatic
approaches like region growing [VSGF18, PJP14] and continuous
max-flow [HUV∗21]. Recent deep learning approaches include su-
pervised contrastive learning [ZWX∗23], synergistic segmentation
with contralateral bone templates [DJH∗23] (see Figure 17), and
dual-stream learning [ZWJC24]. The outer surface of the intact
zone [LHSW21,DJH∗23] serves as a template and can be extracted
using the MarchingCube algorithm [LC98].

Template matching provides initial coarse alignment between
bone fragments and a template. Most commonly, the healthy con-
tralateral bone serves as a template [LLZ∗24, DJH∗23, OIK∗08,
LHSW21, EWP∗20, HZL∗13], though this approach has limita-
tions due to anatomical variations [VDG∗16] and may not always
be available. As an alternative, parametric statistical shape mod-
els (SSM) [DJC∗23, YLS∗23, HUV∗21] can be used. For com-
plex cases involving joint dislocations, statistical pose models
(SPM) [HUK∗20] have been developed. A notable advancement
by [HUV∗21] combines both SSM and SPM in an iterative proce-
dure that alternates between fragment alignment, SSM adaptation,
and SPM adaptation.

Pair-wise matching aligns two fragments by matching their
fracture boundaries, involving fracture boundary identification fol-
lowed by boundary matching. Early pioneering work [WAT∗07]
introduced a computational framework combining geometric anal-
ysis with medical imaging for pairwise bone fragment registra-
tion. After template matching brings fragments into rough align-
ment, fracture boundaries can be identified using Euclidean dis-
tance [LLZ∗24]. For fractures in the cortical bones, pronounced
curvature helps to identify boundaries [OIK∗08, FSG∗12, KJ13,
BFPK15, LHSW21, LLPCJD21]. However, fractures in trabecular
bone often appear planar, requiring manual annotation [LXL∗20,
OIK∗08]. For cortical bone fractures, matching techniques simi-
lar to those used in the restoration of cultural artifacts [WW08,
VSGF18,BFPK15] are employed, using criteria like tangential con-

Optimize

Template

(The contralateral bone)

Segmentation Reduction

Figure 17: Synergistically segment and reassemble the fragments

by utilizing the contralateral bone as a template [DJH∗23].

tact points and opposing surface normals. ICP is also commonly
used [WAT∗07,OIK∗08,KJ13,LLPCJD21,LLZ∗24]. For trabecular
bone fractures or cases with missing fragments, template matching
becomes essential.

Multi-fragment matching optimizes the poses of multiple
fragments globally, using poses from template and pair-wise
matching as input. The goal is to maximize region match-
ing scores [ZYM∗15] through either exhaustive [VSGF18] or
greedy search [Pul99]. The greedy search method incorpo-
rates heuristic rules for matching and nex-bone selection, where
various criteria, including template and pair-wise matching
scores [ZYM∗15], fragment-to-set distance [FSG∗12], fracture sur-
face area [LLPCJD21], and fragment size [LLZ∗24]. To avoid lo-
cal minima, beam search can select multiple fragments simulta-
neously [ZYM∗15]. Error accumulation is addressed through the
ideal mates concept [FSG∗12,LHSW21,Pul99] or graph optimiza-
tion [ZYM∗15]. Similar to stone fragment matching, bone reduc-
tion approaches often incorporate domain-specific knowledge.

Deep learning models were trained to segment the cortical sur-
face of bone fragments [DJH∗23] and fractured bones [LYS∗23],
identify and localize bone fractures [ZWX∗23], and compute bone
features [DJC∗23, DJH∗23] for template matching. A notable ad-
vancement [ZWT∗24] introduced a bidirectional framework com-
bining fracture simulation and structural restoration, where the sim-
ulation considers patient-specific anatomy and bone properties to
generate training data. This approach uses both simulated scenar-
ios and real fracture data, where contralateral healthy sides provide
ground truth, to train a network that reconstructs pre-fracture states
for template matching.

7.2. Fractured Cultural Heritage Reassembly

Cultural heritage restoration represents a primary application do-
main for computational reassembly techniques. Reconstructing
damaged artifacts preserves historical objects and provides insights
into past civilizations and artistic practices. We examine four cat-
egories of heritage objects: thin-shell artifacts like pottery, stone
fragments from sculptures and buildings, planar objects such as
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Figure 18: Photo from [CLT13] that shows a project that re-

construct thin-shell objects from its fragments. (Left) fragments.

(Right) A digitized fragment.

maps and inscribed tablets, and larger-scale archaeological site re-
constructions. Each category presents distinct geometric challenges
- from pottery’s axial symmetry to stone’s complex fracture pat-
terns - requiring specialized computational approaches that build
upon core reassembly techniques discussed earlier.

Thin-shell objects. The reassembly of thin-shell archaeologi-
cal artifacts, particularly pottery [CLT13, NWLZ22] and ceram-
ics [KS08, HYZ∗21], presents unique challenges due to their dis-
tinctive geometric properties. These objects are characterized by
surfaces where thickness is negligible compared to other dimen-
sions, requiring specialized computational approaches. Early work
by Cohen et al. [CLT13] established a foundational pipeline us-
ing digitized fragments from 3D scans, computing parabolic con-
tours on surfaces, and employing affine-invariant 3D moments for
contour matching and alignment. This approach demonstrated sig-
nificant speed improvements over manual methods. For ceramics
specifically, researchers have leveraged their inherent axial symme-
try properties. Karasik and Smilansky [KS08] developed efficient
scanning protocols specifically for ceramic fragments, while Hong
et al. [HYZ∗21] introduced an incremental 3D reassembly method
that exploits axial symmetry for more robust matching.

Subsequent research enhanced the reconstruction process
through various specialized techniques. [DADSP18] developed a
recognition system that segments fragments into distinct regions
(rim, walls, and base), designing region-specific descriptors to
guide the matching process. [FWTS20] introduced a curve-based
matching approach using curvature and torsion descriptors com-
bined with derivative dynamic time warping (DDTW), incorpo-
rating voting mechanisms and ICP refinement. A recent break-
through [WZW∗23] addressed a critical challenge in thin-shell re-
assembly - the lack of distinctive geometric features inside re-
gions. Their method combines contour-based batch matching with
boundary-aware ICP registration, achieving remarkable efficiency
by processing over 700 fragments within 10 hours while maintain-
ing high accuracy. This progression of research demonstrates the
evolution from basic geometric matching to sophisticated systems
that can handle large-scale reconstruction tasks.

Planar heritage. Planar heritage objects represent a significant cat-
egory in computational reassembly, encompassing artifacts such
as ancient maps, floor plans, frescoes, and inscribed tablets. A
landmark project in this domain is Stanford’s Forma Urbis Ro-
mae project [KTN∗06] (Figure 19 (Top-Left)), which aimed to re-
construct an ancient marble map of Rome. Despite scanning 1186

fragments (approximately 20% of the estimated total), the project
faced significant challenges due to missing pieces. Their method-
ology combined multiple matching approaches: boundary incision
matching using surface textural features, location prediction using
map features, and multivariate clustering that considered character-
istics like marble veining direction and fragment thickness [Lev06].

The Theran wall paintings project [KM13, TFBW∗10,
BTFN∗08,FSTF∗11,CBR∗11,SDF∗12b,SF17] represents another
significant body of work in planar heritage reconstruction, in-
cluding a series of work at Princeton University on reconstruc-
tion [BTFN∗08], matching [TFBW∗10, FSTF∗11, CBR∗11], and
analysis of fragment boundary patterns for fragment pattern simu-
lation [SDF∗12b]. Moreover, [SF17] presents a generic algorithm
for reassembling wall paintings. One major difference between wall
fragments and fragments of bones and thin-shells is that the num-
ber of wall fragments is much larger. In other words, it is important
to develop computational solutions to fractured object reassembly.
Another consequence of having a large number of fragments is that
the global consistency constraint [CBR∗11, SF17] becomes impor-
tant for multi-fragment matching.

For inscribed tablets, researchers have addressed the challenge
of preserving both geometric and textual information. [MKJB10]
developed methods for cuneiform tablet reconstruction considering
both wedge impressions and surface geometry, while [CWM∗14]
introduced a system combining geometric and semantic analysis.
More recent work [RFM∗15] has used machine learning to analyze
cuneiform characters for matching purposes.

Recent advances in this field include RePAIR dataset [TPK∗24],
which provides both 2D and 3D puzzles from collapsed fres-
coes, incorporating real-world challenges such as missing pieces
and irregular fragment shapes. Related work on flat document
restoration, such as papyrus reconstruction [ASBD21], has lever-
aged modern machine learning techniques, combining convolu-
tional neural networks with traditional classifiers to address the
unique challenges of document reassembly.

Figure 19: The top row shows projects of restoring pla-

nar fragments. The bottom row shows projects of restoring

building fragments. (Top-left). Stanford’s Forma Urbis Romae

project [KTN∗06]. (Top-right) Princeton’s . Theran wall paintings

project [BTFN∗08]. (Bottom-left). Restoration of the Octagon mon-

ument in Ephesos [TFK∗09]. (Bottom-right) Reconstruction of the

Arch of Titus at the Circus Maximus in Rome [CFB∗13].
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Figure 20: Applications in scientific domains. (Top-Left) DNA se-

quencing [MB07] (Top-Right) Protein docking [SJ22] (Bottom-

Left) Fossil reconstruction of a bird [CTN∗05]. (Bottom-Right) Vol-

cano crystal reconstruction [CSB∗20].

Stone fragments. The reassembly of stone fragments encompasses
both individual artifacts like sculptures and large-scale architec-
tural remains, presenting unique challenges due to material prop-
erties, scale, and frequent missing pieces. Early work [HFG∗06]
introduced geometric matching techniques specifically designed
for fractured objects, combining patch-based features with global
optimization to handle stone fragments effectively. For sculptural
fragments, [WC08] developed methods based on original sur-
face features, while [PAE∗12] introduced robust scoring functions
considering gap volume and contact surface properties. Recent
work [AYA∗24] proposed specialized methods for stone tool re-
assembly using contour points and flake surfaces.

In architectural reconstruction, the challenges scale signifi-
cantly with fragment size and quantity. The Octagon monu-
ment project [TFK∗09], employing techniques from [HFG∗06]
for pairwise matching and multi-piece assembly, demonstrated
semi-automatic restoration using only 20% of original fragments.
The Arch of Titus at the Circus Maximus in Rome reconstruc-
tion [CFB∗13] leveraged architectural symmetry to handle ex-
tensive missing pieces. Similar approaches have been applied to
other significant sites, including the Maritime Theatre [ACF19]
and Macedonian Tombs [STT∗20]. For specific architectural ele-
ments, such as column drums, [SP16] developed specialized pattern
matching techniques. Recent advances [DTS21] address eroded
fragments by developing completion methods before matching. A
key trend across both domains is the integration of computational
methods with expert knowledge, particularly crucial when dealing
with weathered surfaces or significant missing portions.

7.3. Fractured Object Reassembly in Science

There are many scientific applications for fractured object reassem-
bly. One such example is docking of proteins and DNA Sequenc-
ing. In [MB07], which mitochondrial genes from the unicellular eu-
karyote Diplonema are systematically fragmented into small pieces
that are encoded on separate chromosomes and individually tran-
scribed. The reassembly problem is to concatenate them into con-
tiguous messenger RNA molecules. Another biological application

is protein docking [Vak14, SJ22], where the goal is to find a rigid
and non-rigid transformation of one 3D protein to interact with an-
other protein.

Another application is in paleontology, in which we can recon-
struct fossils from fragments precisely in 3D, to allow 3D analy-
sis of the whole shape. A semi-automatic approach was introduced
in [CTN∗05] to reconstruct an extinct bird. It is desirable to de-
velop automatic approaches for more accurate and faster recon-
structions. [GMN∗09] studied the virtual reconstruction of huminin
crania to understand human evolution. [DSVB22] introduced an in-
teractive approach in Blender to restore a dorsal rib and frontal bone
of a small-bodied Jurassic-age armored dinosaur from Africa, The
digital restoration engaged all modalities of deformation (transla-
tion, rotation, scaling, distortion) and reconstruction (fracture in-
filling, adding missing bone, surface smoothing).

One other potential scientific application is the reconstruction of
crystals that “blew up” during eruption because of the fast decom-
pression of trapped gases [CSB∗20]. In this setting, it is important
to reconstruct not only the particles but also the voids within them
that originally held the gases. Such reconstructions have great im-
plications in geosciences.

7.4. Part Assembly

Part assembly refers to the process of assembling components that
are decomposed in a semantically meaningful way, such as furni-
ture components like table legs [MZC∗19] and mechanical parts
like screws [TXL∗22]. Although closely related to fracture assem-
bly problem, part assembly introduces several key differences. It
generally assumes that each part has an independent semantic func-
tion and that each component is complete and functional on its own,
unlike fractured pieces in fracture assembly. Moreover, part assem-
bly allows for duplicated components, and solutions are often non-
unique. Unlike fracture assembly, where local or global geometry
provides significant clues, part assembly relies more on semantic or
functional understanding of the individual parts and the assembled
object. However, despite these differences, we can identify valuable
connections between the two problems, and both fields can benefit
from exploring the shared foundations of these challenges.

A notable branch of part assembly research is the object assem-

back seat leg

chairinput

input mechanical assemble steps

clustered parts

Figure 21: Part Assembly examples. (Top) Object assem-

bly [DGHL24]. (Bottom) Mechanical assembly [TXL∗22].
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Table 3: Comparison of publicly available datasets for fractured object reassembly. Datasets are listed chronologically.

Datasets Objects/Groups Pieces per Object Total Pieces Breakdown Type Data Type Data Origin Ground Truth

TU Wein [HFG∗06] 7 6-30 101 Real 3D Artifacts Roughly
Presious [TP13] 7 3-30 69 Real 3D Cathedrals Partial
BreakingBad [SCW∗22] 10474 2-100 8442044 Synthetic 3D - ✓

FantasticBreaks [LPM∗23] 150 2 300 Real 3D Household ✓

FIRES [WZW∗23] 15 7-18 123 Real 3D Pottery ✓

RePAIR [TPK∗24] 18 2-44 1070 Real 2D/3D Frescoes Partial

bly problem, which focuses on assembling parts to create com-
plete daily objects such as tables, lamps, and chairs. Early work
in this domain addressed two primary questions: how to collect
relevant parts and how to combine them effectively. The foun-
dational work in this area was proposed in Modeling by Exam-
ple [FKS∗04], where the authors introduced a method to retrieve
parts from a repository of segmented 3D objects and combine them
to create new objects from different parts. Building on this, Snap-
Paste [SBSCO06] further developed the concept by focusing on
how to align and model the mesh at the connecting areas of these
parts. Several subsequent papers [KCKK12, KCKK12, JHR16] in-
troduced graphical probabilistic models to improve the selection
and organization of retrieved parts. Additionally, research such
as [CK10, SFCH12, SSK∗17] explored retrieving or generating
parts in an assembly process to complete objects from partial input,
image data, or artist-created models. These developments laid the
groundwork for later efforts to apply object assembly techniques to
3D asset generation [MGY∗19, SKZCO19, LNX19].

More recent work in object reassembly has shifted towards es-
timating the 6-DoF pose of input parts. Unlike earlier methods,
these approaches typically assume that the provided parts are suf-
ficient to form a complete object, similar to the process of assem-
bling IKEA furniture. In support of this area, IKEA has released
the IKEA 3D Assembly Dataset [SLR∗21], which includes mod-
els and assembly manuals for six of their products. Additionally,
the IKEA ASM Dataset [BSYS∗21] focuses on assembling IKEA
objects using human demonstrations. On a broader scale, Part-
Net [MZC∗19] has become a major benchmark for this research
area. For example, Li et al. [LMS∗20] used 2D images to guide
the estimation of 3D poses for input parts. Techniques such as dy-
namic graph learning (DGL) [ZFM∗20] were proposed to generate
part pose proposals, with later works incorporating RNNs [NNR22]
and transformers [ZKW∗22, XZJ24] for improved accuracy. Re-
searchers have also refined these methods by incorporating match-
ing information [LMD∗24] and hierarchical structures [DGHL24]
to improve assembly precision.

Another key focus is the mechanical assembly problem, which
differs from object assembly in that the provided parts are complete
functional units, and the goal is to build a working mechanism.
This problem often involves parts in the B-Rep format specific to
mechanical engineering. Although this is a relatively new field,
several papers have addressed different aspects of the problem.
AutoMate [JHC∗21] presented an assembly-manual-based dataset
of mechanical assemblies with 92,529 instances and proposed a
graph convolutional network to predict mating locations and types
for two input parts. JoinABLe [WJC∗21] introduced an assembly

Figure 22: Datasets used for deep learning research in fractured

object reassembly. (Top-Left) Fantastic Breaks dataset [LPM∗23]

which combines both isolated fragments (top) and paired complete

objects and their fragments (bottom). (Top-Right) A real dataset of

fragments with ceramic material [WZW∗23] is captured using the

system shown here. (Bottom-Left) Synthetic dataset created by per-

forming fracture simulation on a diverse set of objects [SCW∗22].

(Bottom-Right) RePAIR dataset [TPK∗24] which contains scans of

a fresco at Pompeii archaeological park and ground truth provided

by archaeologists.

dataset from the Fusion360GalleryDataset with 8,251 assemblies
and 154,468 separate parts, along with a joint axis prediction net-
work and a joint pose search algorithm based on predicted axes.
Assemble Them All [TXL∗22], which included 12,970 assemblies,
addressed the challenge of multi-part, multi-scale input data with a
disassembly-guided BFS algorithm.

Apart from these two areas, object assembly also emerged in
LEGO assembly. [WZM∗22] proposed a segment and pose estima-
tion network to translate the LEGO manual to executable planing,
and StableLego [LDWL24] introduced an evaluation method to as-
sess the stability of a LEGO assembly.

Implicit in these assembly approaches are priors about the under-
lying complete objects and priors on how pairs or a subset of prim-
itives interact. These two pairs are related to the global template
shape priors and pairwise fragment matching in fractured object
reassembly. As stated previously, the major difference is that part
assembly focuses on semantic while fracture reassembly focuses
on geometry.
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Table 4: Benchmark performance of published methods on the Breaking Bad Dataset. All approaches were initially trained and tested on

the everyday object subset. They are then fine-tuned and tested on the artifact subset (unless noted with b). Testing was conducted on

objects containing 2-20 fragments. Methods are listed chronologically.

everyday artifact

RMSE(R) MAE(R) RMSE(T) MAE(T) CD PA time RMSE(R) MAE(R) RMSE(T) MAE(T) CD PA
degree degree ×10−2 ×10−2 ×10−3 % ms degree degree ×10−2 ×10−2 ×10−3 %

Global [LNX19] 80.7 69.7 14.8 11.8 14.6 21.8 23.7 83.8 71.8 16.6 13.8 19.0 13.3
LSTM [WZX∗20] 84.2 72.7 16.2 12.7 15.8 19.4 29.9 84.6 73.1 16.8 14.0 21.5 11.7
DGL [ZFM∗20] 79.4 67.8 15.8 12.5 14.3 23.9 28.7 81.7 69.7 16.6 13.8 17.3 19.4
SE(3)-Equiv [WTD∗23]c 79.3 - 16.9 - 28.5 8.4 129.9 - - - - - -
Jigsaw [LSH23] 42.3 36.3 10.7 8.7 13.3 57.3 1063.5 52.4 45.4 22.2 19.3 14.5 45.6 b

PHFormer [CYD24] 26.1 22.4 9.3 7.5 9.6 50.7 10.7 32.1 27.7 11.4 9.5 11.8 37.1
DiffAssemble [SFG∗24] 73.3 - 14.8 - 27.5 - - - - - - -
PuzzleFussion++ [WCF24] 38.1 - 8.0 - 6.0 70.6 928.5 52.1 - 13.9 - 14.3 49.6 b

PMTR [LML∗24] a 31.6 - 9.9 - 5.6 70.6 - 31.6 - 10.1 - 4.3 71.6
FragmentDiff [XCH∗24] a 13.7 11.5 7.4 5.8 - 90.2 - 18.2 - 8.1 - - 82.3 b

a Reported model is trained and tested on the “volume-constrained” subset.
b Reported model is only trained on everyday subset and is not finetuned on the artifact subset.
c Original paper tested on 2-8 fragments; results for 2-20 fragments are cited from PuzzleFusion++.

8. Datasets and Open Source

We first discuss existing datasets in Section 8.1 and the evaluation
metrics used in benchmarks in Section 8.2. We then discuss existing
open-sourced methods in Section 8.3.

8.1. Datasets

Machine learning approaches have shown great advancements in
the task of reassembly of fragments, but are highly dependent on
large-scale datasets. However, the first data sets used in fragment
reassembly research are primarily small-scale, often manually cre-
ated [HFG∗06, BLD∗12, KTN∗06, TP13] or derived from auto-
mated semantic segmentation [JHC∗21, MZC∗19].

Several recent efforts have focused on scanning fragmented ob-
jects at scale. The first example is Fantastic breaks [LPM∗23],
which includes a small collection of objects with broken frag-
ments and more objects that were broken into fragments by the
authors (see Figure 22(Top-Left)). Both fragments and complete
objects (if they exist) are scanned. [WZW∗23] developed a sys-
tem to batch scan fragments of objects with ceramic material (see
Figure 22(Top-Right)). This dataset has ground-truth complete ob-
jects for evaluation. In addition, the scale of these two datasets
makes it possible to develop deep neural networks for reassem-
bly. However, the number of categories in these datasets is still
small, presenting generalization issues in novel categories. The Re-
PAIR dataset [TPK∗24] (see Figure 22(Bottom-Right)) represents
a new advance in real-world fragment assembly datasets, built from
a collapsed fresco excavated from archaeological sites. It provides
both 2D and 3D puzzles along with high-resolution texture infor-
mation and expert archaeological annotations. It includes scenar-
ios with missing pieces, highly irregular fragment shapes, and un-
known matching relationships between pieces, which breaks a key
assumption present in most existing object-level assembly datasets
- that all pieces originate from a single, complete object.

In addition to real data sets, Breaking Bad [SCW∗22] is a syn-
thetic data developed by running a simple fracture simulation pro-
cedure to generate fragments of shape collections that undergo

large geometric and topological variations (see Figure 22(Bottom-
Right)). This dataset is interesting for fractured object reassembly
because the underlying objects belong to diverse object categories.
For example, template-based reassembling techniques can be de-
veloped by learning a shape prior of the complete objects in this
dataset. Just as the role of ShapeNet [CFG∗15] in boosting 3D
deep learning rich, we envision that research progress on algorith-
mic reassembly of fractured objects will be accelerated with Break-
ing Bad and similar datasets. However, the fragments are generated
using non-physics based fracture simulation. The question is how
the reassembly pipelines derived from such synthetic datasets gen-
eralize to real data. We present a comparison of publicly available
datasets in Table 3.

8.2. Evaluation Metrics

To quantitatively evaluate reassembly methods, the research com-
munity has adopted several standard metrics that measure both the
accuracy of predicted transformations and the quality of the final
assembly.

For rotation evaluation, two primary metrics are commonly used:
the Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE). Given a predicted rotation R̃ and ground-truth rotation
Rgt represented in Euler angles, these metrics are defined as:

MAE(R) =
1
3
||R̃−R

gt ||1, RMSE(R) =
1√
3
||R̃−R

gt ||2 (4)

Similarly, for translation evaluation, given a predicted translation t̃

and ground-truth translation tgt , the corresponding metrics are:

MAE(T) =
1
3
||t̃ − t

gt ||1, RMSE(T) =
1√
3
||t̃ − t

gt ||2 (5)

To evaluate the quality of the assembled result, two additional met-
rics are widely used. Chamfer Distance (CD) evaluates the overall
assembly quality by measuring the bi-directional point cloud dis-
tance between the assembled result and the ground truth shape:

CD(X ,Y ) =
1
|X | ∑

x∈X

min
y∈Y

||x− y||2 +
1
|Y | ∑

y∈Y

min
x∈X

||y− x||2 (6)
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Figure 23: Illustrations of future directions (Left) Representations and algorithms for matching complete template shapes with large ge-

ometric and topological variations and end-to-end learning of the entire reassembly pipeline. (Middle) Leveraging foundation models to

solve sub-tasks such as segmenting fractured surfaces, matching fragments, predicting complete template shapes from input fragments, and

matching complete template shapes and fragments. (Right) Learning to generate synthetic datasets of 3D fragments and doing so jointly with

learning the reassembly network.

Part Accuracy (PA) measures the percentage of correctly placed
fragments. A fragment is considered correctly placed if its Chamfer
distance to the ground truth is below a threshold (typically 0.01):

PA =
number of fragments with CD < 0.01

total number of fragments
(7)

Finally, computational efficiency is measured through the total
execution time of the algorithm, typically measured in millisec-
onds. This metric is particularly important for practical applications
where real-time or near-real-time performance is desired.

For multi-piece reassembly tasks, the transformation errors
(MAE and RMSE) and CD are typically computed as the mean
error across all constituent pieces of each object. The overall per-
formance of a method is then evaluated by averaging these object-
level metrics across the entire test set. While these metrics provide
a standardized way to compare different reassembly approaches,
it is worth noting that they may not fully capture aspects such as
physical validity or aesthetic quality of the final assembly.

8.3. Open Source

Few early approaches to fractured object reassembly released code.
A major factor is that in the early days, we did not have estab-
lished benchmark datasets for experimental evaluation. For exam-
ple, there are rich benchmark datasets in computer vision and re-
searchers deliver open-source codes that execute on benchmark
datasets. With the introduction of large-scale benchmark datasets,
we see the trend to release codes. For example, many papers that
evaluate using Breaking Bad have open-source implementations,
including Jigsaw [LSH23], SE(3) equivariance [WTD∗23], PH-
Former [CYD24], DiffAssemble [SFG∗24], PMTR [LML∗24], and

PuzzleFusion++ [WCF24]. We provide a comprehensive bench-
mark performance on these open-sourced methods in Table 4. For
procedural methods such as ICP on the large-scale dataset, we en-
courage the readers to refer to the results presented in Neural Shape
Mating [CLT∗22].

9. Future Directions

We are in the deep learning era, in which there are breakthrough
results after breakthrough results on developing deep learning ap-
proaches to solve core problems in geometry processing and 3D
vision. Undoubtedly, the future of tackling the reassembly prob-
lem lies in deep learning approaches. Although we have discussed
many recent advances on this front, there are open questions from
neural representations to algorithms to training data, which should
be addressed before deploying reassembly pipelines in practice.

On the representation and algorithm side, there are open ques-
tions on how to learn shape priors of diverse complete objects.
When targeting general object categories that have large topo-
logical and geometrical variations, implicit shape representations,
which can encode shapes with varying topology, become the only
choice. However, establishing reliable correspondences between
implicit representations of complete shapes and the underlying ge-
ometric structure of fragments remains an open research challenge.

Once we have addressed this open problem, it makes sense to
study how to integrate all components of the reassembly pipeline
in an end-to-end manner, enabling effective training. Currently, it
remains an open question on how to do so when the reassembly
pipeline uses deforming template shapes.

In addition, having sufficient training data is critical to the suc-
cess of developing deep neural networks. However, this becomes

© 2025 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.



J. Lu et al. / Fractured Object Reassembly Survey 21 of 32

challenging in the case of the fragment reassembly problem. First
of all, the number of complete objects that have fragments remains
sparse. In addition, developing software and hardware systems to
scan these fragments is very costly. There are two interesting top-
ics related to addressing this data issue.

The first topic explores boosting reassembly performance us-
ing vision foundation models. Many subtasks in the reassembly
pipeline - including fracture surface segmentation, establishing cor-
respondences between pairs of fragments, predicting the underly-
ing complete object from fragments, and matching fragments with
a complete object - have counterparts in core geometry processing
and 3D vision problems. However, these tasks face unique chal-
lenges in the reassembly context. For correspondence establish-
ment, current methods primarily rely on geometric matching using
surface features or contours, which shows limited generalization
ability across different object categories and fracture patterns. The
assembly problem requires both geometric matching between frag-
ments and semantic matching between fragments and templates - a
dual objective that few existing approaches address. Additionally,
while there has been significant progress in 3D shape generation us-
ing implicit representations and neural fields, predicting complete
objects from fragments remains challenging. Most point cloud gen-
eration methods struggle with the diversity of possible completions,
especially when handling rotated or partially observed objects. Re-
cently, we have seen that 2D foundation models, either through ren-
dered images or lifted 2D features, have led to breakthrough results
on these tasks. 2D pretrained model, e.g. DINOv2 [ODM∗24] and
Stable Diffusion [RBL∗21], have shown potential as depth estima-
tion backbone. The extracted features have also shown success in
finding correspondences [ZHH∗23,TJW∗23,HSM∗23] with a 30%
improvement. This brings interesting questions on how to adopt
these approaches in the corresponding subtasks in reassembly. For
example, a recent paper [ZSC∗24] has shown that vision-language
models can effectively understand the material properties of ob-
jects from rendered images. However, rendering fragments presents
unique challenges compared to complete objects, as fracture re-
gions need special consideration for effective visual understand-
ing. Developing rendering techniques that can reveal and empha-
size fracture characteristics while maintaining other geometric and
material properties remains an open research question.

The second topic is on generating synthetic fracture data to train
fracture reassembly networks. The advantage of this approach is
that we have abundant complete 3D objects, allowing us to learn
shape priors. Moreover, we have ground-truth poses and correspon-
dences from synthetic data, which are hard to obtain from real data.
In fact, several synthetic datasets [SCW∗22] have been introduced
in the past few years. As discussed in this survey, these datasets
have led to a wave of research activities on developing deep learn-
ing pipelines to solve the reassembly problem. However, a funda-
mental challenge when applying these deep reassembly pipelines
in practice is the domain gap between synthetic data and real data.
To this end, it is important to develop an end-to-end learnable frac-
ture simulation pipeline, so that we can control the characteristics
of the simulation output, e.g., the number of fragments and erosion
among fracture surfaces. This network should be physics-aware, so
that we do not need to generate a lot of accurate but costly train-
ing data for supervision. This network should also properly model

the weathering effects, which are prevalent in real datasets. Such a
network allows us to learn hyper-parameters of fracture simulation,
e.g., material properties and distribution of external forces, from
simulated data to maximize its performance on real data.

Once we have an end-to-end learnable fracture simulation
pipeline, another important problem is studying how to combine
fracture reassembly and simulation in an end-to-end manner. This
allows optimizing the simulation network so the reassembly net-
work generalizes optimally when trained from simulation output.
This task goes beyond standard end-to-end training, as we must de-
velop losses on the output distribution of the simulation network.

From a community-building perspective, it is important to create
large-scale benchmark datasets for experimental evaluation. This
will attract more researchers to work on this problem and, accord-
ing to the trend in computer vision, will stimulate more researchers
to release open-source codes. We do observe a good initial trend
from the Breaking Bad dataset [SCW∗22].

Finally, it is also important to identify more applications of frac-
tured object reassembly in scientific domains. This will amplify the
broader impacts of this research community.

10. Conclusions

In this survey, we have provided a thorough survey of the re-
assembly problem, which finds rich applications in cultural her-
itage restoration, bone fracture restoration, and object/scene mod-
eling from parts and objects. We have covered early procedural ap-
proaches to more recent deep learning based approaches. Due to
connections to core geometry processing problems in shape seg-
mentation, shape matching, symmetry and primitive detection, and
learning shape priors, we also discussed relevant approaches to
these problems, emphasizing similarities and differences. We also
covered current state-of-the-art methods for solving real problems
in these application domains.

We envision that this topic will undergo significant progress in
the coming years from the perspective of developing deep learning
based approaches. We have highlighted two promising venues for
future research. The first studies how to leverage foundation mod-
els to boost various sub-problems of reassembly. The second exam-
ines how to generate synthetic data in a controlled manner, which
enables joint learning of reassembly and fracture simulation. We
conclude that this very fundamental research field can also benefit
from having more scientific applications.
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