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Abstract

Fragmented image recovery is of significant im-
portance in computer vision, such as cultural relic
and artwork restoration, archival document recov-
ery, and digital forensics. The goal is to recover
the original image topology from an unordered set
of fragments and spatially align and stitch them to-
gether. The adjacency relationships among frag-
ments are discrete, sparse, and highly structured,
making it difficult for traditional methods to effec-
tively handle global topological consistency. To
address this challenge, we propose a fragment ad-
jacency recovery method based on a conditional
graph diffusion model. First, we perform dis-
crete denoising pretraining with structural masking
to learn structure-aware node representations from
perturbed adjacency matrices, using graph neural
networks for message passing. Building on this, we
design a masked discrete diffusion process tailored
for fragment reconstruction, which progressively
restores the connectivity between fragments. Fur-
thermore, to enhance the controllability of the gen-
eration process, we introduce a_topology-guided
mechanism that steers the generation of adjacency
structures via a topological scoring function, en-
suring that the reconstructed fragment graph sat-
isfies global topological constraints. Experimental
results demonstrate that our method achieves state-
of-the-art performance on hand-torn calligraphy,
painting replica datasets and document datasets,
outperforming existing approaches in both accu-
racy and robustness.

1 Introduction

Fragmented image recovery aims to reconstruct a complete
image from a set of non-overlapping fragments, a problem
that arises naturally in cultural relic restoration [Zhang e al.,
2023; Zhang et al., 2024], archival document recovery [Salih
et al., 2019], and digital forensics [Paixdo et al., 2022]. Un-
like conventional image stitching that relies on overlapping
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Figure 1: Overview of the fragment reconstruction pipeline.

regions for alignment, fragment reassembly must infer spa-
tial relationships purely from fragment boundaries and visual
compatibility, making it a structured prediction problem over
discrete adjacency relationships[Tang et al., 2020].

The core challenge lies in balancing local compatibility
with global topological consistency. While pairwise frag-
ment matching can identify locally plausible connections,
it lacks awareness of global structural constraints, such as
sparsity, bounded degrees, and overall connectivity [Abit-
bol et al., 2021; Pirrone et al., 2021]. As a result, greedy
or heuristic-based assembly strategies often propagate local
errors, leading to topologically invalid configurations. This
limitation becomes particularly severe in large-scale scenar-
ios, where a single incorrect adjacency decision may cascade
into widespread structural failure, while exhaustive combina-
torial search remains computationally infeasible.

From a structural perspective, fragment adjacency rela-
tionships are inherently discrete, sparse, and highly con-
strained. Conventional reconstruction methods struggle to
effectively model such structured dependencies, especially
when global connectivity and topology consistency must be
preserved. Although recent generative models, including
GANSs [Talon et al., 2025], VAEs [Liu ef al., 2022; Liu et
al., 2024b], diffusion models [Xie et al., 2023; Liu et al.,
2024al, and large vision-language models [Wu et al., 2023;
Yu et al., 2023], can synthesize visually plausible content,
the generated pixels lack objective authenticity. In sensi-
tive applications such as art restoration and forensic analy-
sis, relying on hallucinated content is unacceptable, as it may
compromise historical credibility or legal validity. Conse-
quently, most existing studies focus on recovering the geo-
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metric and topological structure of fragments rather than gen-
erating missing content.

To address this challenge, we propose a Structured condi-
tional graph Generation framework (as show in Figure 1.) that
formulates fragment adjacency recovery as reversing a con-
trolled corruption process on graph structure. Our key insight
is to leverage the iterative refinement nature of diffusion mod-
els to progressively denoise masked adjacency matrices while
explicitly enforcing global topological constraints. Specif-
ically, we introduce a structure-masked discrete denoising
pretraining scheme that perturbs adjacency matrices and em-
ploys graph message passing to learn topology-aware node
representations. Building upon this foundation, we design
a masked discrete diffusion process that reconstructs frag-
ment connectivity directly in adjacency space, enabling glob-
ally consistent topology recovery. Furthermore, we propose a
topology-guided sampling mechanism that incorporates spar-
sity, degree constraints, and connectivity priors through ex-
plicit structural scoring, providing principled controllability
during inference.

Extensive experiments on three public benchmarks and
challenging real-world datasets, including manually torn art-
work replicas and shredded documents, demonstrate that
the proposed method consistently outperforms existing ap-
proaches in both reconstruction accuracy and robustness.

Our main contributions are summarized as follows:

* By formulating pretraining as structure-masked discrete
denoising on adjacency matrices, our approach learns
transferable topology-aware representations that capture
both local pairwise compatibility and global graph struc-
ture, eliminating the need for hand-crafted features.

L]

By operating directly in discrete adjacency space with
iterative diffusion-based refinement, our framework pro-
gressively reconstructs fragment connections through
learned reverse processes, naturally preserving global
topological consistency via graph Transformer message
passing without requiring post-hoc cotrection.

Through topology-guided sampling with explicit struc-
tural scoring, our method enforces hard constraints on
sparsity, degree distribution, and connectivity during in-
ference, providing principled controllability that bridges
the gap between learned generation and domain require-
ments.

2 Related Work

2.1 Fragmented Image Recovery

Fragmented image recovery aims to reconstruct a complete
image from a set of non-overlapping fragments and has been
extensively studied in traditional jigsaw puzzles, shredded
documents, and irregular fragment reconstruction. Early
approaches primarily relied on geometric shape cues [Hoff
and Olver, 2014] or hand-crafted visual features to estab-
lish fragment correspondences. With the development of
deep learning, recent methods employ neural networks to pre-
dict fragment compatibility, relative positions, or matching
scores [Sokic et al., 2024].

Several learning-based approaches have been proposed, in-
cluding coordinate regression models based on vision trans-
formers [Kim et al., 2025], evolutionary reinforcement learn-
ing frameworks [Song et al., 2025], and compatibility-based
matching networks [Rika et al., 2025]. For mechanically
shredded documents with regular boundaries, prior work ex-
plored spatial feature classification, gray-level co-occurrence
analysis [Huang, 2025], and human-in-the-loop recommen-
dation systems [Paix@o et al., 2022]. Self-supervised learn-
ing has also been introduced for fragment boundary match-
ing, such as S3-Net based on shape similarity [Zhang et al.,
2022] and transformer-based models with rotation-aware po-
sitional encoding for adjacency prediction [Dongmo er al.,
2025]. To address fragment alignment and matching [Yang
et al., 2023], ReassembleNet [Islam et al., 2025] reduces
computational complexity using contour keypoints and graph
neural networks, while PairingNet [Zhou er al., 2024] inte-
grates graph models with linear transformers for fragment
pair search. Other representative methods include Jigsaw-
GAN [Li et al., 20211, Jigsaw-ViT [Chen et al., 2023], and
JigsawNet [Le and Li, 2019]. However, except for JigsawNet,
most of these methods are designed for regular square puzzles
with limited boundary complexity, making them less effective
for irregular fragments. CG2AN [Zhang et al., 2025b] for-
mulates fragment reassembly as a graph reconstruction prob-
lem and generates adjacency matrices using conditional graph
adversarial networks. While graph-based formulations pro-
vide a promising direction, existing methods still struggle to
recover globally consistent topology under irregular bound-
aries, noise, and large-scale fragment settings, motivating the
need for more structured and topology-aware graph genera-
tion approaches.

2.2 Discrete Graph Diffusion Models

Diffusion models have recently emerged as powerful genera-
tive frameworks, achieving remarkable success in image syn-
thesis and structured data generation by learning a reverse de-
noising process from progressively corrupted data [Ho er al.,
2020]. This paradigm has been extended to graph-structured
data, leading to graph diffusion models that explicitly model
joint distributions over nodes and edges while preserving per-
mutation invariance and enabling conditional generation [Niu
et al., 2020; Jo et al., 2022; Vignac et al., 2022; Huang et al.,
2022; Huang et al., 2023]. Such models have demonstrated
strong performance in applications including molecular graph
generation and physical simulation [Hoogeboom et al., 2022;
Valencia et al., 2025].

Graph diffusion methods can be broadly categorized into
continuous embedding diffusion and discrete structure dif-
fusion. The latter directly operates on discrete graph com-
ponents, such as edge existence, making it particularly suit-
able for fragment adjacency recovery tasks with inherently
discrete and sparse structures [Austin et al., 2021].

However, existing graph diffusion models largely target
general graph domains and insufficiently incorporate vi-
sual semantics or strong domain-specific topological pri-
ors, such as sparsity and global connectivity. DiffAssem-
ble [Scarpellini et al., 2024] applies diffusion to image assem-
bly but is limited to idealized regular fragments and does not
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address real-world challenges such as boundary uncertainty,
degradation, or missing fragments.

2.3 Topology-Guided Mechanism

The sampling stage of diffusion models plays a critical role
in determining the quality and plausibility of generated struc-
tures. Unconstrained sampling may lead to topologically im-
plausible graphs that violate domain-specific priors. To ad-
dress this issue, recent studies have explored incorporating
topological guidance during the sampling process. In topol-
ogy optimization, TopoDiff [Mazé and Ahmed, 2023] intro-
duces conditional diffusion with surrogate-guided sampling
to generate structures that balance performance and manufac-
turability. In mesh analysis, MTGNet [Zhang et al., 2025a]
employs topology-aware graph neural networks to generate
structured mesh representations. For trajectory generation,
ControlTraj [Zhu er al., 2024] integrates diffusion models
with topological constraints imposed by road networks to en-
hance geographic consistency. Inspired by these works, we
introduce topology-guided sampling tailored to fragment ad-
jacency reconstruction. By explicitly incorporating sparsity,
local degree constraints, and global connectivity into a uni-
fied scoring function, our method adjusts the reverse diffu-
sion process without modifying model training. This de-
sign ensures that the generated adjacency structures satisfy
task-specific global topological requirements while preserv-
ing stochasticity and flexibility during generation.

3 Methodology

In this section, we introduce the proposed SCG?M framework
in detail, including problem formulation, structured discrete
graph diffusion, and topology-guided sampling.

3.1 Problem Formulation

Given a set of fragment images X = ;¥ |, our goal is to
recover the true adjacency structure among the fragments,
which serves as a topological constraint for subsequent ge-
ometric alignment and global reconstruction. We model the
fragment set as an undirected graph G = (V; E), where the
node set V' = {1,2,..., N} corresponds to individual frag-
ments, and the edge set is represented by a binary symmetric
adjacency matrix B € {0,1}¥*N. An entry Ei(?) = 1lin-
dicates that fragments ¢ and j are adjacent in the target struc-
ture. Unlike continuous geometric parameters, fragment ad-
jacency relations are discrete, sparse, and highly structured:
each fragment is connected to only a small number of neigh-
bors, and strong dependencies exist among different edges.
Treating edge prediction as independent binary classification
fails to capture global topological consistency. To address
this issue, we formulate fragment structure recovery as a dis-
crete graph generation problem, where the goal is to learn the
underlying distribution of adjacency matrices and model it us-
ing a denoising paradigm. This enables the model to capture
high-order structural dependencies among fragments beyond
local edge-wise decisions.

3.2 Structured-Masked Pretraining

To learn structure-aware node representations, we introduce
a structure-masked pretraining strategy, as illustrated in Fig-

ure 2(a). Given the ground-truth adjacency matrix £(©), we
randomly sample a set of node pairs S C V x V, and ap-
ply symmetric discrete perturbations to construct a corrupted
adjacency matrix E:

s (©)
Eij = Fii's (0)
1-F;;

2]7

PTG G hes, )
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with E;; = Ej;. This symmetric flipping noise perturbs ex-
isting edges and non-edges with equal probability, introduc-
ing local structural uncertainty without imposing systematic
bias. As a result, the model is forced to infer masked relations
from the contextual structure rather than memorizing individ-
ual edge labels.

Each fragment image is affinely normalized (AT) and pro-
cessed by the deformable convolutional network (DCN) to
extract visual features, which are mapped to initial node em-
beddings. The Message passing is then performed on the cor-
rupted graph E using a graph neural network. After L prop-

agation layers, we obtain node embeddingsH (") = {}LEL) |
i € V'}. For each pair of masked nodes(i, j) € S, the model
predicts the edge probability p;; = o (¢([h"; hg-L)])), where
¢(+) denotes a learnable edge prediction function and o(+) is

the sigmoid function. The pretraining objective is a weighted
Bernoulli negative log-likelihood:

Lpre=— Y wj [Ei(;-)) log pi;+H(1 — Ei(]('))) log(1 — piz)], ?)
(i,5)€S

where the weights w;; mitigate the imbalance between posi-
tive and negative edges.

After pretraining, the predicted probabilities p;; form a soft
structural prior C' = p;;, which encodes latent dependencies
among nodes. The adjacency matrix is only used as super-
vision during pretraining; in the subsequent generation stage,
no adjacency information is provided. Instead, the learned
structural prior C' guides the discrete graph diffusion denois-
ing process.

3.3 Structured Conditional Discrete Graph
Generation Model

With structure-aware node representations and the soft struc-
tural prior C, we propose a structured discrete conditional
graph generation model to generate the global fragment
topology in the adjacency matrix space. Given the sparsity
and limited connectivity of fragment adjacency graphs, we
adopt a mask-based discrete diffusion framework, which pro-
gressively removes structural information and restores it un-
der the guidance of the conditional prior.

Let £ € 0,1V*¥ denote the original adjacency matrix.
In the forward diffusion process, edges are gradually masked
to an unknown symbol &, simulating progressive structural
degradation, as shown in Figure 2(b). To preserve undirected
graph constraints, perturbations are applied only to edges

with i < j, while enforcing (/) = 0 and E\) = E.?.
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Figure 2: Overview of the proposed topology-guided conditional discrete diffusion framework for graph generation. (a): Structural prior
pretraining via symmetric discrete perturbation of adjacency matrices, where a GNN encoder and edge predictor capture global structural

dependencies.

(b): Conditional discrete diffusion-based graph generation, in which a‘mask-aware graph transformer iteratively denoises

partially observed graphs by integrating conditional cues and learned structural priors. (¢): Topology-guided sampling that explicitly incor-
porates sparsity, degree regularization, and connectivity constraints to guide edge selection during reverse diffusion.

At diffusion step ¢, the transition probability is defined as

]-_ﬁta E,L?) _Ez(jt_l)v
0 (B 1EGY) =4 B B =2, Q)
1, EYY = g,

where 8; € (0,1) is the masking probability at step ¢. As
t increases, observable structure gradually vanishes, and the
adjacency matrix degenerates into a representation dominated
by unknown states. The forward process defines a valid
Markov chain, while the reverse process is parameterized as a
conditional denoising model that directly predicts the original
adjacency relations rather than explicitly reversing the chain.

During reverse denoising, the model progressively restores
masked relations under the guidance of the structural prior
C'. At each diffusion step, it predicts E§?) (t) = peo (Ei(](-)) =
1 | E® (), enabling recovery of the original topology from
partial structures. Unlike conventional denoising approaches,
the model is trained to recover the same original graph F(%)
from all noise levels, ensuring global topological consistency.

To enhance denoising performance, we adopt a graph
Transformer architecture. Fragment images are processed
by a DCN to extract visual features and mapped to initial

node embeddings hl(-o). Node representations are then up-
dated through MLPs and multi-layer graph Transformer at-
tention.To explicitly encode masking information, we intro-

duce a binary indicator matrix m®), where m(-;) = 1 indi-

cates a masked edge and m( ) = 0 denotes a known state.

The masking indicator and structural prior jointly influence
attention computation, preventing masked edges from being
misinterpreted as negative connections.

At each attention layer, queries keys, and values are de-
fined as Q; = Woh", = Wihl", V; = Wyh{.
Using graph mult1 head attent10n (GMHA) the attention
score integrates structural and masking biases:

QiK}
Attn;; = J
1] \/E
where v controls the influence of the soft structural prior and
¢ adjusts the reliability of masked positions. After Softmax
normalization, node updates (with time embedding e;) are
computed as

ij 5m(t),

)

“)

HY = GMHAHWY, C,m® 1)+ HO + Wiey,  (5)
followed by a feed-forward network:
HWFD = FEN(HD) 4 g+, (6)

After stacking L layers, the final node representations H (%)
are used to predict edge probabilities:

EQ @) =0 (¢ (In"5n))),

where ¢(+) is a two-layer MLP. During training, supervision
is applied only to edges masked at the current diffusion step

M, =

@)

{(%,7) | El(;) = @}, by minimizing a weighted
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Bernoulli negative log-likelihood:

0 (0
‘Cdiff = — Et Z Wy j |:Ez(_]) 10g Ez(_])(t)
(i.5)EM, (8)
(0) 72(0)
+ (1 — Ej;7) log(1 — Ej;

Through discrete denoising, the model integrates local vi-
sual cues with global structural priors to recover topologically
consistent fragment adjacency graphs, which subsequently
guide geometric alignment and image stitching.

3.4 Topology-Guided Sampling

Although the discrete conditional graph generation model in
Section 3.3 can predict fragment adjacency under joint vi-
sual and structural conditions, independently sampling edges
based solely on local probabilities may lead to globally im-
plausible structures during generation, such as overly dense
connections, excessive node degrees, or disconnected graphs.
These issues arise not from poor local edge prediction, but
from the lack of explicit global coordination among local de-
cisions.

To address this, we introduce a topology-guided sampling
mechanism during reverse denoising, as shown in Figure 2(c).
Without modifying model parameters or training, this mecha-
nism explicitly adjusts the sampling process to enforce global
topological priors.

At reverse step t, given the current structure E(t), the
model predicts py(E) | E®,C). Topology-guided sam-
pling rewrites the generation objective as maximizing

logpe(E'™Y | EM,C) + Aguiges(EY), (9

where the first term represents model confidence and the sec-
ond term s(E(t_l)) measures global topological plausibility.
The coefficient Agyi¢e balances prediction fidelity and topo-
logical constraints. This score is used only during sampling
and does not affect training or backpropagation.

The topology score is defined as a linear combination of
computable structural metrics:

S(E) = O/spa.rse sspa.rse(E) + O(leg Sdeg(E) + Oconn sconn(E);
(10)
corresponding to sparsity, degree constraints, and global con-
nectivity. To discourage redundant connections, we define a
sparsity score:

squne(E) = = Y _ Eij. (11
i<j

To limit excessive local connectivity, the degree of node ¢ is

di(E) =) By, (12)
J#i
and a soft degree constraint is imposed:
2
Saeg(E) = =Y [max(0,d;(E) — dmax)] - (13)

i
Global connectivity is encouraged using a Laplacian spectral
measure. Given the symmetric normalized Laplacian

L(E)=1-D"'?ED™1/?, (14)

the connectivity score is
Scom(E) = A2(L(E)), (15)

where A2 (-) is the second smallest eigenvalue, which is zero
for disconnected graphs and increases with connectivity. Dur-
ing reverse sampling, for each masked edge (3, j), we evalu-
ate the score difference

which adjusts the predicted edge probability to favor deci-
sions that improve global topology while preserving stochas-
ticity.

By incorporating topology-guided sampling, the model ex-
plicitly enforces global structural preferences during genera-
tion, effectively mitigating topological degeneration caused
by accumulated local predictions and producing adjacency
structures better suited for fragment reassembly.

4 Experiments

4.1 Datasets and Experimental Settings

To evaluate the effectiveness of the proposed Conditional
Graph Diffusion Model, we conduct experiments on both
public benchmarks and real-world datasets: (i) BGU and
MIT, containing digitally cropped regular fragments with
well-defined boundaries as controlled testbeds; (ii) BDW,
consisting of scanned manually torn scientific journal pages
with highly irregular boundaries representing realistic degra-
dation; and (iii) self-collected datasets including manually
torn calligraphy, painting reproductions, and fragmented doc-
uments to evaluate robustness under diverse fragment types.
All images are resized to 256x256. The DCN feature extrac-
tor is trained for 1000 epochs with batch size 32. Each dataset
is split with 80% for training and 20% for testing, with data
augmentation with data augmentation (random erosion, rota-
tion, brightness perturbation) applied during training.

4.2 Evaluation Metrics

For fair comparison with existing fragment reassembly meth-
ods, we adopt standard evaluation metrics widely used in
prior work, assessing performance from two complementary
perspectives: topological consistency of predicted adjacency
structures and visual quality of final assembly results.

Topological Consistency. This metric measures the simi-
larity between the predicted adjacency matrix and the ground
truth. We adopt Cosine Similarity(CS) and Jaccard Index(JI)
to quantify adjacency matrix similarity.

Assembly Accuracy. This metric evaluates both local
matching quality and global reconstruction validity through
three metrics: (i) Pose Correct Rate (PCR), measuring the
proportion of fragments with correct spatial alignment; (ii)
Alignment Correct Rate (ACR), defined as the ratio of cor-
rectly predicted pairwise adjacencies in the final assembly;
and (iii) Error Rate (ER), computed as FR = (R — S)/S,
where R denotes the area of the assembled result and S is the
sum of all fragment areas. Higher PCR and ACR indicate su-
perior local matching, while lower ER reflects effective sup-
pression of accumulated global errors, ensuring topologically
valid reconstruction.
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Figure 3: Qualitative comparison of fragment reassembly results produced by seven methods on the BGU, MIT, and BDW datasets. While
most methods can recover fragment adjacency to some extent, inaccurate alignment and stitching errors are still observed. In contrast, the
proposed method reconstructs more coherent structures with fewer alignment errors, especially on hand-torn fragments.

BGU MIT BDW
Method CS I CS I CS )

JigsawNet 863 74.1 88.7 765 71.8 594
PairingNet 89.5 779 912 80.6 78.6 66.8
CG2AN 91.8 814 935 837 823 709
Ours 942 856 96.1 879 89.7 793

Table 1: Topological consistency comparison on different datasets
(%). Best results are in bold.

4.3 Comparison Experiments

Table 1 presents the topological consistency results across
all datasets in terms of CS and JI. Our method consistently
outperforms all baselines, achieving the highest structural ac-
curacy on both metrics. Notably, on the challenging BDW
dataset with irregular fragment boundaries, our approach sur-
passes the best competing method CG2AN by 7.4% in CS
and 8.4% in JI, demonstrating superior robustness to bound-
ary irregularity and shape variability. Similar improvements
are observed on BGU and MIT datasets. These results vali-
date that the proposed graph diffusion framework, combined
with topology-guided sampling, effectively recovers globally
consistent adjacency structures that prior deterministic or ad-
versarial approaches fail to capture.

To evaluate assembly quality, we randomly sample 50 im-
ages per dataset and partition them into 36, 9, and 8 frag-
ments for BGU, MIT, and BDW, respectively, following the
assembly protocol of CG2AN. Table 2 reports the quantitative
results in terms of PCR, ACR and ER, while Figure 3 pro-
vides qualitative comparisons of reconstruction results. Sev-
eral baseline methods produce invalid assemblies on certain
samples; these failure cases are excluded from metric com-
putation but are visible in the qualitative visualizations. Our
method consistently achieves the best performance across all

datasets and metrics. We observe several key findings: (i)
Methods relying on regular structure assumptions (Jigsaw-
ViT, JigsawGAN) perform reasonably on BGU and MIT but
suffer significant degradation on BDW, with PCR dropping
by 10-17%, as irregular boundaries violate their grid-based
assumptions. (ii) Domain-specific methods such as Pirrone
achieve competitive performance on BDW (ACR: 80.1%)
but generalize poorly to digitally cut datasets (ACR: 73.3-
76.9%), indicating over-specialization. (iii) Local matching
methods (JigsawNet, PairingNet) demonstrate stable pairwise
accuracy but struggle with global consistency, reflected in
higher ER (6.1-7.8% vs. our 4.8-5.1%). (iv) Graph genera-
tion methods (CG?AN) achieve strong baseline performance
but still produce suboptimal structures due to lack of explicit
topological constraints.

In contrast, our method progressively recovers fragment
adjacency through a graph diffusion process combined with
topology-guided sampling, ensuring global topological con-
sistency. On the BDW dataset, our approach improves as-
sembly accuracy by at least 10% over CG?>AN, demonstrating
strong robustness in irregular fragment scenarios.

4.4 Robustness and Ablation Studies

To validate the effectiveness of each component, we system-
atically ablate graph diffusion (GD), topology-guided sam-
pling (TGS), and structure-masked pretraining (SMP). Ta-
ble 3 reports the results. We observe three key findings:

(i) Removing GD (i.e., w/o GD) causes the most signifi-
cant performance drop, with CS and JI decreasing by 15%
and 18%, respectively. Without diffusion, the model degen-
erates to deterministic prediction, failing to capture the inher-
ent ambiguity in fragment relationships. (ii) Disabling TGS
(i.e., w/o TGS) leads to moderate degradation, with CS and
JI dropping by 5% and 6%, respectively. While the diffu-
sion process remains intact, the lack of explicit structural con-
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PCR (%) 1 ACR (%) 1 ER (%) |
Method BGU MIT BDW BGU MIT BDW BGU MIT BDW
JigsawNet 852 90.1 763 894 857 785 98 85 123
JigsawGAN 794 72.8 625 821 793 682 111 104 156
Pirrone 705 819 748 733 769 80.1 154 143 115
Jigsaw-ViT ~ 73.1 749 653 755 792 71.1 136 128 154
PairingNet 913 945 882 942 953 897 61 54 78
CG2AN 932 974 925 961 973 921 53 43 62
Ours 947 982 938 975 984 947 48 37 5.1

Table 2: Comparison of assembly accuracy on different datasets. 1 indicates higher is better, | indicates lower is better.

Method CS(%) JI(%) RT (min)
GD+TGS+SMP 88 79 18.3
w/o TGS 84 74 16.9
w/o SMP 81 72 17.2
w/o GD 75 65 15.4

Table 3: Ablation results on topological consistency (CS, JI) and
runtime (RT).
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Figure 4: Reconstruction results on real-world artwork datasets. (a,
b, ¢) Input fragments from Dunhuang murals, Egyptian wall paint-
ings, and Portrait oil paintings. (d, e, f) Corresponding reconstruc-
tions by our method.

straints allows generation of invalid graphs that violate spar-
sity or connectivity requirements, demonstrating that hard
topological priors are essential. (iii) Removing SMP (i.e., w/o
SMP) causes 8% and 9% performance loss in CS and JI. This
indicates that large-scale self-supervised learning of struc-
tural patterns significantly improves generalization across di-
verse fragment shapes, compared to training from scratch.
Regarding computational efficiency, ablated variants reduce
average runtime (RT) by 1.1-2.9 minutes due to simplified
architectures, but at the cost of substantial accuracy degrada-
tion, validating the necessity of each component.

In applications such as art restoration, we further evaluate
our method on self-collected datasets containing fragments
from Portrait oil paintings, Dunhuang murals, and ancient

Figure 5: Robustness evaluation under image degradation and miss-
ing fragments.

Egyptian wall paintings, as illustrated in Figure 4. These
datasets simulate challenging real-world restoration scenar-
i0s. Our method achieves high reconstruction accuracy and
topological consistency, effectively restoring damaged art-
works while preserving authenticity.

To further assess robustness, we conduct three perturbation
experiments: overexposure degradation, missing fragments,
and color contamination of fragments. As shown in Fig-
ure 5(a), even when fragment images suffer from severe over-
exposure, our model successfully recovers the underlying ad-
jacency topology, demonstrating strong robustness to bound-
ary degradation. In Figure 5(b), we simulate the absence
of two fragments; despite incomplete data, the reconstruc-
tion quality remains stable with no significant performance
degradation. Figure 5(c) further illustrates a scenario where
fragment colors are heavily contaminated, yet the proposed
method remains capable of inferring correct fragment adja-
cency, indicating robustness to appearance corruption. These
results confirm that our method maintains reliable reconstruc-
tion performance under noise and incomplete data conditions.

5 Conclusion

We propose SCG?M, a structured discrete graph generation
framework for fragmented image recovery. It formulates
fragment reassembly as a conditional graph diffusion process
to model adjacency relationships with visual and topologi-
cal guidance. A topology-guided sampling strategy further
constrains sparsity, node degrees, and global connectivity,
reducing structural errors. Experiments on benchmarks and
real-world cases show that SCG?M achieves state-of-the-art
performance and strong robustness under degradation and in-
complete data.
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