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Abstract

Oracle bone rejoining is central to oracle bone studies and digital cultural heritage cura-
tion, but many computer-assisted methods still rely on manually selected contour curves,
candidate fracture edges, or local preprocessing. We introduce the Fast Siamese Diffusion
Network for Oracle Bone Fragment Rejoining (FaSDiNet), a FasterNet-based Siamese frame-
work with a latent-diffusion-based data augmentation module for full-fragment-image
candidate screening and assisted rejoining of oracle bone fragments. FaSDiNet combines
latent diffusion augmentation, a FasterNet-based Siamese feature encoder, and joint opti-
mization of contrastive loss and binary cross-entropy loss to improve pairwise matching
under limited training data. On the self-built OBF dataset, FaSDiNet achieves Top-1, Top-
5, Top-10, and Top-15 recall values of 23.68%, 60.53%, 76.32%, and 84.21%, respectively.
Among the evaluated OBF methods, its strongest comparative performance appears at
broader candidate ranges, where it obtains the best Top-5, Top-10, and Top-15 recall values.
On the public COBD dataset, FaSDiNet achieves Top-10 and Top-15 recall values of 93.8%
and 96.9%, respectively, showing competitive candidate-retention performance at larger
candidate ranges. These quantitative results indicate that FaSDiNet is especially effec-
tive for preserving truly rejoinable fragments within manageable ranked candidate lists,
supporting efficient expert-assisted screening and offering a practical visual-computing
workflow for oracle bone collation.

Keywords: oracle bone rejoining; digital cultural heritage; Siamese network; FasterNet;
latent diffusion augmentation; candidate screening; visual retrieval

1. Introduction
Oracle bone inscriptions are among the earliest mature writing systems discovered

in China and remain important to historical studies, paleography, and digital cultural
heritage. Yet many oracle bones survive only as scattered fragments because of long-term
burial, weathering, excavation damage, and later dispersal. Rejoining these fragments is
therefore more than a physical matching problem: it directly affects character restoration,
textual reconstruction, and the recovery of historical information [1]. As shown in Figure 1,
the value of oracle bone rejoining lies in restoring both fragment continuity and broken
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textual relations. Figure 1a shows the separated fragment rubbings before rejoining, where
each rubbing preserves only partial visual and textual evidence. After rejoining, Figure 1b
presents the rejoined rubbing image, in which the spatial relationship between the frag-
ments and the continuity of the inscriptions become clearer. Figure 1c further shows the
traced rejoined image, where the reconstructed character structure provides a more reliable
basis for later interpretation.

Figure 1. Example of oracle bone fragment rejoining. (a) Separated oracle bone fragment rubbings
before rejoining, where each fragment preserves only partial visual and inscriptional evidence.
(b) Rejoined rubbing image, showing the restored spatial relationship between the fragments and the
improved continuity of the inscriptions. (c) Traced rejoined image, in which the reconstructed charac-
ter structure and fragment relationship are further clarified for subsequent scholarly interpretation.

Traditional oracle bone rejoining relies heavily on expert knowledge and manual
comparison, which makes the process labor-intensive, inefficient, and difficult to scale
to large digital curation projects [1,2]. Recent computer-assisted studies have introduced
image processing, pattern recognition, and data-driven analysis into this task, moving
oracle bone rejoining beyond purely experience-based workflows [3–6]. However, practical
limitations remain clear. Verified rejoin samples are still scarce [7], and many existing
methods continue to depend on contour curves, candidate fracture edges, or manually
prepared local regions [8–10]. Such designs can be effective in constrained settings, but
they do not fully exploit the joint evidence carried by boundary shape, internal texture, and
engraved traces. This weakens robustness when fragment boundaries are worn, incomplete,
or visually complex, and it also limits the practical value of these methods for large-scale
candidate screening in digital cultural heritage workflows.

To address these issues, this article presents FaSDiNet, a FasterNet-based Siamese
framework with latent diffusion augmentation for full-fragment-image candidate screening
and assisted rejoining of oracle bone fragments. Instead of requiring manually selected
candidate edges, FaSDiNet works directly on full fragment images and combines latent
diffusion augmentation, a FasterNet-based Siamese feature encoder, and joint optimization
of contrastive loss and binary cross-entropy loss. The goal is not to replace expert judgment
with a fully automatic final decision, but to preserve truly rejoinable fragments near the top
of a ranked candidate list and thereby reduce manual review cost. In this way, FaSDiNet
frames oracle bone rejoining as a practical visual-computing workflow for expert-assisted
screening under limited training data.

The methodological contribution of FaSDiNet lies in its task-oriented coordinated
design for full-fragment-image candidate screening in oracle bone rejoining, a specific
cultural-heritage retrieval problem. This design is motivated by the practical characteristics
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of oracle bone collation, where verified rejoining pairs are scarce, fracture boundaries are
often worn or incomplete, and candidate search requires preserving plausible matches for
expert verification. First, the proposed framework directly processes complete fragment
images and jointly exploits fracture-boundary shape, internal texture, engraved strokes,
and global fragment appearance without requiring manually selected candidate edges.
Second, relation-preserving latent diffusion augmentation is introduced before Siamese
training to enrich the visual variation of training fragments while retaining their original
rejoining-group relationships. Third, the shared FasterNet-based Siamese encoder learns
comparable full-fragment representations in a unified feature space, so that boundary-level
and interior visual cues can be used jointly for candidate ranking. Fourth, contrastive
distance supervision and binary classification supervision are jointly optimized to con-
nect feature-space organization with the matching probabilities used for Top-K retrieval.
Through this coordinated design, data augmentation, full-image representation learning,
and similarity-based candidate screening form a unified workflow for expert-assisted oracle
bone rejoining. Experiments on the self-built OBF dataset and the public COBD dataset
demonstrate the effectiveness of the proposed framework under full-image screening and
public benchmark settings.

2. Related Work
2.1. Oracle Bone Rejoining

Oracle bone rejoining is an important task in oracle bone studies and digital cultural
heritage curation. Traditional rejoining work mainly relies on expert experience and rule-
based judgment. Researchers usually examine fracture continuity, curvature variation,
local shape complementarity, inscription continuity, and contextual clues from incomplete
characters to determine whether separated fragments can be rejoined [1,2]. Although such
manual analysis remains indispensable for scholarly verification, it is labor-intensive and
difficult to scale to large fragment collections.

With the development of computer technology, image processing, pattern recognition,
and data-driven analysis have gradually been introduced into oracle bone rejoining [3–6].
Existing computational studies mainly follow two technical routes. One route focuses on
contour curves or fracture boundaries and evaluates rejoinability through curve matching,
curve fitting, correlation analysis, or local contour comparison [8]. These methods are
effective when fragment boundaries are relatively clear and well preserved, but their
performance can be affected by noise, weathering, missing edges, and irregular fracture
morphology. Another route introduces deep learning into oracle bone rejoining and shifts
the task from hand-crafted matching rules to learned visual representation and similarity
modeling [7,9–11].

For example, Zhang et al. [9] proposed deep rejoining models that combine edge local-
ization, target-area cropping, and convolutional neural networks for fragment matching.
Zhang et al. [7] employed self-supervised learning and data augmentation to improve
contour-based representation. Yuan et al. [10] further proposed SFF-Siam, a Siamese-
network-based method that strengthens contour-curve matching through similarity feature
fusion and a forward feedback network. These studies have promoted the automation of
oracle bone rejoining and demonstrated the potential of computer-assisted analysis.

However, several limitations remain. Verified rejoin samples are still scarce, which
constrains stable training and generalization under small-sample conditions [1,7]. In
addition, many existing methods still depend on annotated contour curves, candidate
fracture edges, or cropped local regions [8–10]. As a result, they tend to emphasize local
boundary compatibility while making limited use of complementary cues from internal
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texture, engraved traces, and overall fragment appearance. This restricts their applicability
to full-fragment candidate screening in large-scale digital heritage collections.

2.2. Deep Visual Networks for Oracle Bone Fragment Representation

Deep visual networks have become an important tool for learning discriminative rep-
resentations from complex images. Compared with hand-crafted descriptors, convolutional
neural networks and their variants can learn hierarchical features from raw visual data,
including low-level edge patterns, mid-level texture structures, and high-level semantic
representations. This ability is particularly relevant to oracle bone fragment analysis, be-
cause reliable rejoining cues may appear not only along fracture boundaries but also in
internal texture continuity, engraved strokes, surface degradation patterns, and global
fragment shape.

In oracle bone rejoining, deep learning methods have been used to improve feature
extraction and fragment matching [7,9–11]. Nevertheless, some existing deep models still
require manually selected edges, target-area cropping, contour extraction, or manually
prepared local regions before similarity estimation [7,9,10]. Such preprocessing can reduce
the complexity of local matching, but it may also discard useful full-image evidence. For
practical candidate screening, a network should be able to extract robust representations
directly from full fragment images while preserving both boundary-level and interior
visual cues.

Efficiency is another important requirement for oracle bone fragment screening. In
practical rejoining scenarios, the model is often expected to compare one query fragment
with a large number of candidates. Therefore, the visual encoder should not only have
sufficient representation capability, but also support repeated pairwise comparison with
acceptable computational cost. FasterNet provides a favorable balance between feature
representation and computational efficiency by reducing redundant computation and
memory access through partial convolution [12]. This makes it suitable as a lightweight
backbone for large-scale candidate screening, where high-recall ranking is more important
than one-off image classification.

Data scarcity further increases the difficulty of training deep networks for oracle bone
rejoining. Unlike common vision datasets, verified rejoin pairs are limited and usually
require expert confirmation [1,7]. Therefore, data augmentation is important for improving
representation robustness. Conventional transformations such as rotation, scaling, flipping,
and cropping can simulate geometric variations, while diffusion-based augmentation can
enrich local texture and surface-detail variations while better preserving the underlying
image distribution [13]. These augmentation strategies provide additional support for
training visual encoders under small-sample conditions.

Recent developments in visual representation learning provide a broader method-
ological context for image retrieval under limited annotations. Residual networks improve
the optimization of deep convolutional encoders [14], whereas Vision Transformers model
long-range visual dependencies through self-attention [15]. Masked autoencoders fur-
ther demonstrate that reconstruction-based self-supervised pretraining can learn scalable
visual representations [16]. In vision-language pretraining, CLIP learns transferable rep-
resentations from image–text pairs [17], while Tip-Adapter adapts such representations
to few-shot tasks using limited labeled samples [18]. More recently, DINOv2 has shown
that self-supervised pretraining can produce general-purpose visual features transferable
across image-level and dense prediction tasks [19]. These developments are relevant to
oracle bone fragment retrieval because verified rejoining pairs are scarce and candidate
screening requires transferable full-fragment representations.
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2.3. Contrastive Learning for Pairwise Similarity Modeling

Oracle bone rejoining is naturally a pairwise matching problem. The key question is
not to assign each fragment to a fixed semantic category, but to determine whether two
fragments can form a valid rejoining relation. This makes pairwise similarity modeling
more suitable than ordinary multi-class classification. Siamese networks provide a classical
framework for this type of problem. By using two weight-sharing branches, a Siamese
network maps two input samples into a shared feature space and estimates their similarity
through feature distance or binary decision objectives [20,21].

Contrastive learning provides an effective optimization mechanism for pairwise sim-
ilarity modeling. Its basic idea is to reduce the distance between positive pairs while
enlarging the distance between negative pairs in the embedding space [21,22]. This is
highly consistent with the requirement of oracle bone rejoining: fragments that truly be-
long to the same rejoinable relation should be close in feature space, whereas unrelated
fragments should be separated. Compared with a single classification objective, contrastive
constraints can directly shape the geometry of the learned embedding space and improve
the discriminability of pairwise representations. Self-supervised frameworks such as Sim-
CLR extend this principle by maximizing agreement between independently augmented
views of the same image while contrasting other images within a minibatch, thereby
learning transferable representations without class labels [23].

Siamese and contrastive learning have already shown potential in oracle bone rejoining.
S3-Net introduced self-supervised learning and contrastive constraints for contour-shape
representation, demonstrating the feasibility of Siamese-style modeling in this task [7]. SFF-
Siam further incorporated similarity feature fusion and a forward feedback mechanism into
a Siamese framework, achieving promising performance in contour-based rejoining [10].
These studies show that pairwise similarity learning is well suited to distinguishing rejoin-
able and non-rejoinable fragment pairs.

However, most existing Siamese-based oracle bone rejoining methods still focus on
contour-level or candidate-edge-level matching. For full-fragment candidate screening,
the model needs to combine robust visual representation, efficient feature extraction, and
discriminative pairwise similarity learning. This motivates the design of a full-image-based
Siamese framework that can jointly use fracture-boundary cues, internal texture, engraved
traces, and global fragment appearance for candidate ranking and expert-assisted oracle
bone rejoining.

To further clarify the relationship between existing oracle bone rejoining methods
and the proposed framework, Table 1 provides a qualitative comparison in terms of in-
put representation, core matching mechanism, dependence on localized contour or edge
information, visual evidence, and task orientation. Because these methods use different
input forms and levels of preprocessing, this comparison focuses on their methodological
characteristics rather than treating them as identical task settings.

As summarized in Table 1, existing methods have progressively advanced oracle
bone rejoining from handcrafted curve comparison to learned contour representation and
Siamese similarity modeling. However, most representative methods still operate on local-
ized contour curves, candidate fracture edges, or cropped target regions. FaSDiNet differs
in its task formulation: it directly processes full fragment images and ranks potentially
rejoinable candidates for subsequent expert verification. This design retains complemen-
tary evidence from fragment boundaries, internal textures, engraved strokes, and overall
appearance, which is particularly important when fracture edges are worn, incomplete, or
visually ambiguous.
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Table 1. Qualitative comparison of representative oracle bone rejoining methods.

Method Input and Preprocessing Core Mechanism Visual Evidence and Task
Orientation

CAP&CFDA [8] Contour curves; contour
input is required

Curve fitting and Pearson
correlation analysis

Uses fracture-boundary geometry
for contour-level matching

Deep Rejoining
Model [9]

Localized and cropped
target regions

Edge localization, target-area
cropping, and CNN-based
matching

Uses local image regions and
requires edge localization before
fragment matching

S3-Net [7]
Contour-shape sequences;
contour input is required

Self-supervised
representation and Siamese
similarity learning

Learns contour-shape
representations for candidate
retrieval

SFF-Siam [10] Candidate contour-curve
pairs

Similarity feature fusion and
forward feedback

Strengthens local contour
similarity for pairwise rejoining
decisions

FaSDiNet
Full fragment images; no
manually selected
candidate fracture edges

Latent diffusion
augmentation,
FasterNet-based Siamese
encoding, and joint loss
learning

Jointly uses boundary shape,
internal texture, engraved strokes,
and global appearance for ranked
candidate screening

3. Materials and Methods
3.1. Problem Formulation and Overall Framework

In this study, oracle bone fragment rejoining is formulated as a full-fragment candidate-
screening problem rather than as a one-shot automatic reassembly task. Given an input
fragment pair (X1, X2), the model aims to estimate a rejoining similarity score or matching
probability. A positive pair corresponds to two fragments that have a verified rejoining
relation, whereas a negative pair corresponds to two fragments without a valid rejoining
relation. Under this formulation, the key objective is not only to determine whether two
fragments match in isolation, but also to preserve truly rejoinable fragments near the top
of a ranked candidate list when the search space is large and the available training data
are limited.

This formulation is consistent with the practical workflow of oracle bone collation.
In real scholarly practice, automatic methods are expected to reduce the search space
and provide credible candidates for expert verification, rather than directly replace final
expert judgment. Accordingly, for each query fragment, FaSDiNet expresses its output
as pairwise matching scores and a ranked Top-K candidate list. Therefore, a suitable
model should satisfy three requirements. First, it should improve training robustness
under limited verified rejoining samples. Second, it should extract discriminative full-
fragment representations from boundary shape, internal texture, engraved traces, and
global fragment appearance. Third, it should learn a pairwise similarity structure that
supports candidate ranking and binary matching decisions.

Based on these requirements, we design FaSDiNet, a FasterNet-based Siamese
framework with latent diffusion augmentation. The overall framework is shown in
Figures 2 and 3. FaSDiNet contains three tightly coupled components. First, a latent
diffusion augmentation module expands the visual distribution of oracle bone fragments
while preserving their original pairwise relationships. Second, a FasterNet-based Siamese
encoder maps full fragment images into a shared embedding space and captures both
boundary-level and interior visual cues. Third, a pairwise similarity measurement mod-
ule jointly optimizes feature-space separation and binary matching decisions. Compared
with those methods that mainly operate on manually selected contour curves, candidate
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fracture edges, or manually prepared local regions [8–10], FaSDiNet works directly on full
fragment images and provides a unified workflow for full-image candidate screening and
expert-assisted oracle bone rejoining.
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Figure 3. Overall framework of FaSDiNet.

The three modules form a sequentially coupled processing chain. The latent diffusion
module first expands the visual variation of verified training fragments while retaining
their rejoining-group labels. The shared FasterNet-based Siamese encoder then transforms
the complete fragment images into comparable representations containing both boundary
and interior evidence. Finally, the joint similarity-learning objective organizes these rep-
resentations and converts them into matching probabilities for candidate ranking. This
coupling enables FaSDiNet to connect limited-data augmentation directly with full-image
representation learning and Top-K candidate screening.
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3.2. Latent Diffusion Augmentation

A central difficulty in automatic oracle bone rejoining is the limited number of real
rejoin samples available for supervised learning [1,7]. Unlike common vision benchmarks,
oracle bone data are scarce not only in total quantity, but especially in verified positive
pairs, which usually require long-term curation and expert confirmation. This makes
the training process vulnerable to overfitting and weak generalization. To mitigate this
problem, FaSDiNet introduces a latent diffusion model (LDM) to enrich the visual variation
of oracle bone fragment images while preserving their main structural characteristics [13].

From a methodological perspective, the augmentation process consists of three stages:
image encoding, latent-space diffusion, and image decoding, as illustrated in Figure 2.
Given an oracle bone fragment image x, the encoder E(·) maps it into a compact latent
representation z = E(x). The diffusion process is then performed in the latent space,
where noise is progressively injected and removed through a time-conditioned denoising
network. Finally, the decoder D(·) reconstructs the generated latent representation into an
augmented image sample. Compared with direct generation in pixel space, latent-space
diffusion reduces computational cost while maintaining the main visual structure of oracle
bone fragments.

For latent diffusion augmentation, this study uses the pretrained Stable Diffusion
v1.5 inpainting checkpoint, stable-diffusion-v1-5/stable-diffusion-inpainting, as
a general image inpainting prior rather than training a latent diffusion model from scratch
on the OBF dataset. In this study, the pretrained model is used only for controlled image
augmentation under structural constraints, including the original fragment image, edge or
foreground-boundary masks, controlled local repainting, and generated-sample filtering.
The generated samples are therefore treated as structurally constrained training variants
rather than as outputs based on domain-specific cultural-heritage knowledge.

The model is used in an image-to-image inpainting manner rather than as an uncondi-
tional text-to-image generator. For each oracle bone fragment, the input to the inpainting
pipeline consists of the original fragment image, an edge or foreground-boundary mask, a
text prompt, and a negative prompt. The mask constrains the generation process to local
boundary-related regions, so that the model can introduce controlled visual variations
while preserving the global fragment contour and the rejoining-related structure.

The theoretical diffusion process underlying the augmentation module is performed
in latent space. Let z0 = E(x) denote the latent representation of an input fragment image
x. At diffusion step t, the noisy latent variable is obtained as

zt =
√

ᾱtz0 +
√

1− ᾱtϵ, ϵ ∼ N (0, I), (1)

where αt = 1− βt, ᾱt = ∏t
s=1 αs, and βt controls the amount of noise introduced at step t.

The time-conditioned U-Net denoising network [13,24] predicts the added noise from zt,
the timestep t, and the inpainting condition c. Its noise-prediction objective is

LLDM = Ex,t,ϵ

[
∥ϵ− ϵθ(zt, t, c)∥2

2

]
, (2)

where c represents the conditioning information provided by the original fragment image,
the boundary mask, and the text prompt. Minimizing this objective enables the denoising
network to recover a structurally plausible latent representation. For oracle bone augmen-
tation, the boundary mask and controlled denoising strength restrict visual changes to local
regions, thereby enriching surface texture and crack-related details while preserving the
global fragment contour and the original rejoining relationship.

Figure 4 further illustrates the forward noising and reverse denoising processes in la-
tent space. The forward process progressively degrades the latent representation by adding
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noise, while the reverse process uses the denoising network and timestep information to
recover the representation and synthesize new image samples. For oracle bone fragment
images, this mechanism helps retain the global contour and main structural appearance
while introducing controlled variations in local visual details.

X0 X1 X2 Z
Add Random Noise

………………

Add Random Noise

UNet Time Scheduler
Predicted 

NoiseTrue Noise

Noisy Input Image

Latent Data Noisy Image

Loss

Figure 4. Forward diffusion and reverse denoising in latent space.

The resulting samples are further combined with geometric transformations such
as rotation, scaling, flipping, and cropping to form the augmented dataset, thereby im-
proving robustness to scale variation, pose disturbance, and local defects. The detailed
augmentation procedure is summarized in Algorithm 1.

In the grouping stage, index denotes the local image index within each rejoining group.
An index value of zero marks the beginning of a new group. OPGroup temporarily stores
the images belonging to the current rejoining group, whereas OP stores all completed
groups for subsequent augmentation.

The sampling method ξ, number of inference denoising steps λ, classifier-free guid-
ance scale ρ, and random seed in Algorithm 1 are configurable generation parameters. For
the implementation reported in this study, these parameters were selected from the corre-
sponding choices or ranges and fixed throughout the augmentation process. Specifically,
we used DDIM as the inference sampler, 50 denoising steps, a classifier-free guidance scale
of 5.0, a denoising strength of 0.30, a random seed of 20250613, a boundary-mask width of
5 pixels, and two generated variants for each original training image. The official scheduler
configuration of the pretrained checkpoint uses 1000 training timesteps and a scaled-linear
beta schedule, with β increasing from 0.00085 to 0.012.

The pretrained inpainting checkpoint provides the upstream diffusion prior used in
this study. The model documentation reports that the inpainting checkpoint was initialized
from Stable Diffusion v1.2, trained for 595 k regular steps at a resolution of 512 × 512, and
then further trained for 440 k inpainting steps at the same resolution. In the OBF augmen-
tation protocol, generated samples were accepted according to structural consistency and
visual plausibility. Generated samples with excessive contour deformation were removed,
while structurally valid samples were retained for training.

Figure 5 presents representative samples before and after augmentation. The displayed
examples illustrate the local texture and surface-detail variations introduced by the aug-
mentation process. Structural consistency was further assessed using foreground-mask IoU
and manual visual inspection, as described below. The visual examples are therefore used
to illustrate the augmentation results, while generated-sample acceptance is determined by
the quantitative contour-consistency threshold and the visual quality-control criteria.
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Algorithm 1: Latent diffusion-based data augmentation algorithm
Input: Original OBF dataset Γ = {(index, Image)} ordered by rejoining group,

where index = 0 denotes the first image of a new group
Output: Augmented oracle bone fragment image dataset RP
Initialize empty lists OP, OPGroup, and RP;
Initialize the candidate sampling method set
S = {DDIM, DPM2, DPM ++, DPM fast, DPM adaptive, SDE}, and configure
ξ ∈ S ;

Configure the number of inference denoising steps λ ∈ [1, 150];
Configure the classifier-free guidance scale ρ ∈ [0, 30];
Configure the random seed seed ∈ Z+ for reproducible generation;
Set the total diffusion timestep T according to the scheduler of the pretrained
model;

// Construct OP as a list of rejoining groups
foreach (index, Image) ∈ Γ do

if index ̸= 0 then
OPGroup.append(Image);

else
if OPGroup ̸= ∅ then

OP.append(OPGroup);

OPGroup← [Image];

if OPGroup ̸= ∅ then
OP.append(OPGroup);

foreach X ∈ OP do
z0 ← E(X);
for t = T, . . . , 1 do

if t > 1 then
Sample noise ϵt ∼ N (0, I);

else
Set ϵt = 0;

zt ← AddNoise(z0, ϵt, t);

new_image← di f f usionmodel(zt, ξ, λ, ρ, seed);
RP.append(new_image);

return RP;

Latent diffusion augmentation was performed only after the OBF training, validation,
and test subsets had been separated, and it was applied exclusively to the training subset.
The training subset contained 566 training pair groups, corresponding to 1132 original
training images. Two generated variants were produced for each original image, resulting
in 2264 generated samples and a theoretical training-set size of 3396 images. The validation
and test subsets retained only their original fragment images.

The quality-control procedure combined foreground-contour consistency with manual
visual inspection. Foreground masks were extracted from the original and generated im-
ages, and their intersection-over-union (IoU) was calculated. An IoU below 0.90 indicated
excessive contour deformation that could damage the original rejoining relationship. A
total of 42 generated samples showing excessive contour deformation or unreliable visual
structures were removed. Manual inspection further verified that each generated image
preserved a single oracle bone fragment, contained no watermark or text artifacts, intro-
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duced no additional objects, and avoided implausible changes to fracture edges, surface
cracks, and engraved strokes. After quality control, the final augmented training subset
contained 3354 images. All generated images inherited the rejoining-group labels of their
corresponding original fragments and did not introduce new rejoining relationships. These
checks were used to prevent synthetic artifacts from creating artificial fracture-edge or
stroke cues.

Original Images Augmented Images

Figure 5. Comparison of samples before and after data augmentation.

The choice of two generated variants per original training image was based on the
balance between data diversity and structural reliability. Oracle bone rejoining depends
strongly on fracture boundaries, fragment contours, surface texture, and engraved strokes.
Generating too few samples provides limited improvement in visual diversity, whereas
generating too many samples increases the probability of artificial contours, distorted
fracture edges, or unrealistic stroke patterns. Therefore, we used a moderate augmentation
ratio to enlarge the training distribution while keeping the generated samples close to
physically plausible oracle bone fragments.

3.3. FasterNet-Based Siamese Feature Encoder

After data augmentation, FaSDiNet requires a visual encoder that can extract discrim-
inative representations from full oracle bone fragment images. In oracle bone rejoining,
useful evidence is not limited to fracture boundaries. Internal texture continuity, engraved
stroke traces, surface degradation patterns, and overall fragment shape may also provide
important clues for judging whether two fragments can be rejoined. Therefore, an effective
encoder should jointly capture boundary-level and interior visual information rather than
relying only on manually selected contour curves or cropped local regions.
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At the same time, full-fragment candidate screening requires repeated comparison
between a query fragment and a large number of candidate fragments. This makes compu-
tational efficiency an important requirement for the feature extraction backbone. A heavy
visual backbone may improve representation capacity, but it can also increase the cost of
pairwise comparison in large candidate libraries. To balance representation capability and
efficiency, FaSDiNet adopts FasterNet as the shared backbone of a Siamese encoder [12,20].

The Siamese encoder contains two branches with shared parameters. Given two
input fragment images X1 and X2, the two branches use the same FasterNet backbone to
extract feature representations under a consistent mapping. The weight-sharing design
encourages different fragments to be encoded in the same feature space, which is important
for stable similarity measurement. It also reduces representation bias caused by imaging
variation, local damage, and surface noise. After feature extraction, the two feature vectors
are passed to the subsequent similarity measurement module for distance learning and
binary matching.

As shown in Figure 3, each input fragment image is resized to 224× 224× 3 before
being fed into the Siamese encoder. The FasterNet backbone first uses a patch embedding
layer to obtain low-level visual features, and then gradually reduces spatial resolution
through several hierarchical stages. In these stages, patch merging operations increase the
channel dimension while reducing the feature-map size, allowing the network to capture
both local details and higher-level structural information. A global pooling layer and a
fully connected layer are then used to produce the final fragment-level feature vector.

The core building unit of FasterNet is the FasterNet block, as illustrated in Figure 6.
Instead of applying spatial convolution to all channels, FasterNet uses partial convolution
to process only part of the channels and keeps the remaining channels unchanged [12].
This design reduces redundant computation and memory access while retaining sufficient
spatial feature extraction capability. For oracle bone fragment screening, such an efficient
design is valuable because the model must repeatedly compute and compare fragment
representations during candidate ranking.
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Figure 6. Architecture of the FasterNet block.

Formally, let U ∈ RH×W×C denote an input feature map. The channels are divided
into a processed subset Up with Cp channels and an unchanged subset Ur with C − Cp

channels. Partial convolution can be written as

PConv(U) = Concat
(
K ∗Up, Ur

)
, (3)
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where K is the spatial convolution kernel, and ∗ denotes convolution. Processing only part
of the channels reduces redundant spatial computation, while the unchanged channels pre-
serve complementary information. This is suitable for oracle bone fragment representation
because candidate screening requires both localized responses to fracture boundaries and
efficient preservation of texture, engraved-stroke, and global-shape information.

The visual behavior of the encoder is illustrated in Figure 7. The feature responses
suggest that the FasterNet encoder responds not only to structural regions near fracture
boundaries, but also to internal texture and engraved details. This indicates that the encoder
can preserve global structural information while highlighting local discriminative cues that
are directly relevant to rejoining. Such a representation is well aligned with the needs of
oracle bone candidate screening, where reliable candidate ranking depends on both shape
compatibility and interior continuity cues.

Figure 7. Feature responses extracted by the first FasterNet block.

Overall, the FasterNet-based Siamese encoder provides the representation basis of
FaSDiNet. It enables the model to extract full-fragment features efficiently while pre-
serving both boundary-related and interior visual evidence. The resulting feature vec-
tors are then used by the contrastive similarity learning module to measure pairwise
rejoining relationships.

3.4. Contrastive Similarity Learning

Once full-fragment representations have been extracted, the remaining problem is
how to measure the rejoining relationship between two fragments. This differs from
ordinary image classification, because oracle bone rejoining aims to determine whether two
fragments can form a valid pair rather than assigning each fragment to a fixed category.
In practical screening, the model should not only output a matching probability, but also
rank true rejoinable fragments near the top of the candidate list. Therefore, the learned
feature space should reflect the pairwise structure of the task: rejoin pairs should be
close to each other, while non-rejoin pairs should be sufficiently separated. To achieve
this, FaSDiNet uses a pairwise similarity measurement module that combines contrastive
distance supervision in the embedding space with binary classification supervision at the
decision level [21,22].

Let X1 and X2 denote the two input fragment images, and let Y denote their pair label,
where Y = 1 indicates a verified rejoin pair, and Y = 0 indicates a non-rejoin pair. Because
the two branches share the same encoder parameters W, their feature representations
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are written as f1 = FW(X1) and f2 = FW(X2). The Euclidean distance between the two
embeddings is defined as

DW(X1, X2) = ∥f1 − f2∥2, (4)

where a smaller distance indicates greater similarity in the shared feature space.
To organize the embedding space according to the rejoining relationship, the con-

trastive loss is defined as

Lcon =
Y
2

D2
W +

1−Y
2

[max(0, m− DW)]2, (5)

where m > 0 is the margin that controls the minimum desired separation between non-
rejoin pairs. When Y = 1, minimizing the first term pulls the embeddings of a rejoin pair
closer together. When Y = 0, the second term penalizes a non-rejoin pair only when its
feature distance is smaller than m. The margin is set to m = 1.0 in the experiments.

In addition to feature-space distance learning, FaSDiNet produces a probability-based
rejoining decision. The element-wise absolute difference between the two embeddings is
denoted by d = |f1 − f2|. A trainable decision head hϕ(·) maps this difference vector to a
scalar logit x, which is converted into a rejoining probability p by the sigmoid function:

x = hϕ(d), p = σ(x) =
1

1 + e−x . (6)

Here, p ∈ [0, 1] represents the predicted probability that the two input fragments can be
rejoined. The corresponding binary cross-entropy loss is

Lbce = −[Y log(p) + (1−Y) log(1− p)]. (7)

The contrastive loss and binary cross-entropy loss provide complementary supervision.
The former constrains the relative geometry of fragment embeddings, whereas the latter
directly optimizes the probability-based rejoining decision used for candidate ranking.
They are combined as

LTotal = W1Lcon + W2Lbce, (8)

where W1 + W2 = 1. In the experiments, W1 and W2 are both set to 0.5, so that feature-
distance learning and binary decision learning contribute equally to the overall objective.
The Adam optimizer minimizes LTotal to jointly update the shared encoder and the decision
head. Algorithm 2 summarizes the computational procedure of this similarity module.

Algorithm 2: Contrastive learning-based similarity measurement algorithm
Input : Batch image features

ΦBatchImagesFeatures =
[
δ1MatchImageFeature, δ2MatchImageFeature

]
, ΥLabel

Output : ξSimilarity ∈ [0, 1],LTotalLoss

foreach
(

δ1MatchImageFeature, δ2MatchImageFeature

)
∈ Φ do

LContrastiveLoss ← ContrastiveLoss
(

δ1MatchImageFeature, δ2MatchImageFeature

)
;

λ1Flattened, λ2Flattened ← Flattening
(

δ1MatchImageFeature, δ2MatchImageFeature

)
;

γ← L1Norm(λ1Flattened − λ2Flattened);
ξSimilarity ← MLP(γ);

LBCELoss ← BCELoss
(

ξSimilarity, ΥLabel

)
;

LTotalLoss ←W1 ×LContrastiveLoss + W2 ×LBCELoss;

return ξSimilarity,LTotalLoss;
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Overall, this similarity module does not rely on a single distance function or a single
classification function. Instead, it uses composite-loss learning to jointly model feature
closeness and matching feasibility. This improves the model’s sensitivity to interior details
and local engraved cues while increasing the stability of final rejoining decisions. As
a result, FaSDiNet provides a more reliable basis for candidate ranking and full-image
screening in oracle bone rejoining.

3.5. Datasets

Automatic oracle bone rejoining is highly dependent on data, yet the amount of oracle
bone imagery that can be directly used for model training and public comparison remains
limited [1,7]. On the one hand, oracle bone fragment images are costly to collect and
curate [1]. On the other hand, verified rejoin samples usually require long-term manual
screening and expert confirmation [1,7], which makes the number of available positive pairs
far smaller than that in common visual tasks. To validate the proposed method, this study
uses a self-built OBF dataset together with the public COBD dataset. The former is used to
evaluate full-image candidate screening under weak manual intervention, while the latter
serves as a public benchmark for comparison with existing oracle bone rejoining methods.

3.5.1. OBF Dataset

The OBF dataset is built for raw oracle bone fragment images and is intended to
support automatic rejoining retrieval directly from full fragment images. Its positive pairs
are constructed through manual screening and verification based on published oracle bone
collation results [1] and are standardized according to data organization practices used in
prior computer-assisted oracle bone rejoining studies [7]. Figure 8 shows representative
rejoinable oracle bone fragment pairs in the OBF dataset.

Figure 8. Representative rejoinable oracle bone fragment pairs in the OBF dataset.
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The final OBF dataset contains 1254 oracle bone fragment images, including
587 rejoinable relationships that are further split into 627 positive pairs. The rejoining
labels in OBF are derived from published oracle bone rejoining records, including the Jia
Gu Pin He Ji series. These records provide literature-confirmed rejoinable relationships and
are used as the ground-truth basis for constructing positive pairs. The dataset is organized
by rejoining pair groups. Images belonging to the same rejoining group are regarded as
positive candidates, whereas images from different groups are used to construct negative
pairs. After cropping, denoising, restoration, and scale normalization, all images are re-
sized to 224× 224 pixels. Unlike methods that mainly rely on contour curves or candidate
fracture-edge fragments [8–10], OBF preserves the complete visual information of full
fragment images and therefore better supports the workflow emphasized in this paper:
full-image input, automatic candidate screening, and subsequent similarity ranking.

During preprocessing, each fragment image retains the orientation provided by its
source record, and no additional rotation normalization is applied. This preserves the natu-
ral visual variation of oracle bone fragments and supports full-image candidate screening.

3.5.2. COBD Dataset

In addition to the self-built OBF dataset, the public COBD dataset is used as a bench-
mark platform for comparison. In existing oracle bone rejoining research, contour-curve-
based evaluation has remained an important setting for public comparison [7,8,10]. Unlike
OBF, which focuses on raw fragment images, COBD emphasizes contour-level rejoining
cues, and the two datasets therefore differ in both data form and task setting.

Experiments are conducted on both OBF and COBD. The former is used to evaluate
the automatic screening capability of FaSDiNet under full-image conditions, while the
latter supports comparison with existing public methods. Their combination allows the
proposed method to be evaluated from two complementary perspectives: practical full-
image candidate screening and public benchmark comparison.

3.6. Implementation Details

All experiments are implemented in PyTorch 1.13.1 with CUDA 11.7. The principal
hyperparameters used for FaSDiNet training and latent diffusion augmentation are sum-
marized in Table 2. The network-training settings follow the experimental configuration of
the FasterNet-based Siamese model, while the augmentation settings correspond to the
final configuration used to generate the OBF training samples.

The shared Siamese backbone uses FasterNet-T1 initialized with pretrained weights.
For each input fragment, the final 7× 7× 512 feature map is aggregated by global pooling
and further transformed by a 1× 1 convolution and a fully connected layer to obtain a
fixed-length fragment representation. All encoder parameters are shared between the two
Siamese branches. For binary matching, the fragment representations are flattened, and
their element-wise absolute difference is mapped to a scalar logit by a linear decision layer.
The logit is then converted into a matching probability through the sigmoid function.

The experiments are conducted on a workstation equipped with an NVIDIA GeForce
RTX 3060 GPU with 12 GB memory, an 8-core Intel Core i7-12700K CPU @ 3.6 GHz, and
16 GB RAM. The same implementation environment is used for the comparative, ablation,
and case-study experiments to ensure consistency across different experimental settings.

Before latent diffusion augmentation, the OBF data were divided by rejoining-pair
group into training, validation, and test subsets. The split contains 566 training pair groups,
42 validation pair groups, and 19 test pair groups. All images associated with the same
original fragment identity and rejoining group were assigned exclusively to one subset.
Therefore, an original fragment could not appear in different subsets through different
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pair combinations. The split was completed before augmentation, and latent diffusion
augmentation was applied only to the training subset. All generated variants remained in
the same training subset as their corresponding original fragments, while the validation
and test subsets retained only their original images.

Table 2. Principal hyperparameters used in FaSDiNet training and latent diffusion augmentation.

Hyperparameter Setting

FaSDiNet training
Backbone and initialization FasterNet-T1 initialized with pretrained weights
Input resolution 224× 224× 3
Optimizer and batch size Adam; batch size 2
Training schedule 500 epochs in total
Initial learning rates 1× 10−4 for stage 1 (epochs 1–50); 1× 10−5 for stage 2 (epochs 51–500)
Learning-rate scheduler StepLR; step size 1 epoch; γ = 0.96
Weight decay 0.001 in the second training stage
Contrastive margin m 1.0
Loss weights W1 = 0.5 for contrastive loss; W2 = 0.5 for BCE loss

Latent diffusion augmentation
Pretrained checkpoint Stable Diffusion v1.5 inpainting
Inference sampler and iterations DDIM; 50 inference iterations per generated image
Guidance scale and denoising strength 5.0 and 0.30, respectively,
Random seed and boundary-mask width 20250613 and 5 pixels, respectively,
Generated variants Two variants per original training image
Pretrained scheduler configuration 1000 training timesteps; scaled-linear beta schedule from 0.00085 to 0.012

Pair construction follows the rejoining-group organization of the OBF dataset. During
training, two images sampled from the same rejoining group form a positive pair with label
Y = 1. A negative pair with label Y = 0 is formed by combining one image from the selected
group with an image randomly sampled from a different rejoining group. Diffusion-
augmented images inherit the group labels of their corresponding original fragments and
therefore do not create new rejoining relationships. Each training sampling unit contains
one positive pair and one negative pair, producing a balanced positive-to-negative ratio
of 1:1. For validation, the positive and negative pairs are constructed in advance and
remain fixed across epochs, thereby reducing randomness in validation loss and checkpoint
selection. No explicit hard-negative mining is used in the current implementation; all
negative pairs are randomly sampled from different rejoining groups. During test-time
retrieval, each query fragment is ranked against all other candidate fragments rather than
against an artificially balanced set of test pairs.

3.7. Evaluation Metrics

Because the goal of this work is not to output a single fully automatic final rejoin-
ing result, but to perform candidate screening and ranking in a large fragment library,
Top-K recall is adopted as the core evaluation metric. For a given query fragment, re-
trieval is considered successful if the true matching fragment appears within the top K
returned candidates.

Let Q denote the number of query fragments, let CK
q denote the set of the first K

candidates returned for query q, and let Gq denote the set of its verified rejoinable fragments.
Top-K recall is defined as

Recall@K =
1
Q

Q

∑
q=1

1
(
CK

q ∩ Gq ̸= ∅
)

, (9)
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where 1(·) is the indicator function. A query is counted as successfully retrieved when at
least one verified rejoinable fragment occurs within its first K candidates.

Top-K recall is used because oracle bone rejoining in this study is formulated as a
ranked candidate-screening task rather than an isolated binary classification task. Top-1 re-
flects whether the true rejoinable fragment is returned as the first candidate, whereas Top-5,
Top-10, and Top-15 measure whether it is preserved within progressively broader candidate
ranges for expert verification. These settings correspond to the practical workflow in which
an automatic system narrows a large fragment collection to a manageable candidate list,
while the final rejoining decision remains subject to scholarly examination. Top-K recall
therefore directly evaluates the candidate-preservation capability that FaSDiNet is designed
to provide.

In the experiments on the OBF dataset, Top-1, Top-5, Top-10, and Top-15 recall are
reported to evaluate the full-image candidate-screening capability of the proposed method.
In the experiments on the public COBD dataset, Top-1, Top-3, Top-5, Top-10, and Top-15
recall are reported following the comparison protocol of existing oracle bone rejoining
studies. Based on these metrics, comparative and ablation experiments are conducted
to evaluate the automatic screening capability of FaSDiNet, its performance on a public
benchmark, and the contribution of its key components.

4. Results
This section reports the experimental results of FaSDiNet based on the datasets, imple-

mentation details, and evaluation metrics described above. The results include comparison
on the self-built OBF dataset, benchmark evaluation on the public COBD dataset, ablation
analysis, and a representative rejoining case study.

4.1. Results on the OBF Dataset

To strengthen the comparison under full-fragment-image conditions, six methods
were evaluated on the self-built OBF dataset. In addition to the typical Siamese net-
work [20,21] and typical triplet network [25], three representative modern baselines were
introduced: ResNet50-Siamese as a conventional deep CNN baseline [14], ViT-Tiny-Siamese
as a lightweight Vision Transformer baseline [15], and ImageNet-initialized SimCLR-based
retrieval as a self-supervised representation-learning baseline [23]. The newly added base-
lines were evaluated using the same OBF data split and all-candidate test-time ranking
protocol. Because OBF directly uses full fragment images without manually annotated
candidate fracture edges, this comparison evaluates the candidate-screening capability
of different visual representation architectures under the intended task setting. Table 3
presents the corresponding Top-K recall results.

Table 3. Top-K recall on the OBF dataset (%).

Method Top-1 Top-5 Top-10 Top-15

Typical Siamese Network 7.89 28.95 42.11 57.90
Typical Triplet Network 5.26 26.32 39.47 50.00
ResNet50-Siamese 21.05 42.11 52.63 78.95
ViT-Tiny-Siamese 26.32 47.37 60.53 68.42
SimCLR-based Retrieval 31.58 55.26 68.42 76.32
FaSDiNet 23.68 60.53 76.32 84.21

As shown in Table 3, SimCLR-based retrieval achieves the highest Top-1 recall of
31.58%, followed by ViT-Tiny-Siamese at 26.32% and FaSDiNet at 23.68%. This result
reflects the different representation and ranking characteristics of the compared methods.
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The SimCLR-based baseline uses instance-discriminative contrastive learning and ranks
normalized representations by cosine similarity, which is beneficial for nearest-candidate
retrieval. ViT-Tiny-Siamese uses global self-attention to capture long-range visual context
and overall fragment appearance. By contrast, FaSDiNet combines FasterNet-based spatial
feature modeling with contrastive and binary-classification supervision, enabling fracture-
boundary shape, internal texture, engraved strokes, and overall fragment appearance to
contribute jointly to candidate ranking.

At broader candidate ranges, FaSDiNet achieves the highest Top-5, Top-10, and Top-15
recall values of 60.53%, 76.32%, and 84.21%, respectively. Compared with the strongest
newly added baseline at each candidate range, the corresponding improvements are
5.27, 7.90, and 5.26 percentage points. This performance pattern is consistent with the
intended role of FaSDiNet: preserving true rejoinable fragments within a manageable
ranked candidate list for subsequent expert verification. Its stronger performance at Top-5,
Top-10, and Top-15 demonstrates more reliable candidate retention as the expert-review
range expands.

To further evaluate training stability, FaSDiNet was independently trained ten times
using different random seeds under the same data split and experimental configuration.
Table 4 reports the mean and standard deviation of the Top-K recall results. The mean
results are consistent with the primary results reported in Table 3, while the relatively
limited standard deviations indicate stable performance across independent runs.

Table 4. FaSDiNet performance over ten independent runs on the OBF dataset (%).

Metric Mean ± SD (%)

Top-1 Recall 22.89± 2.50
Top-5 Recall 59.47± 2.22
Top-10 Recall 75.53± 1.27
Top-15 Recall 83.42± 2.50

Beyond candidate-retention performance, computational efficiency is also important
for practical expert-assisted screening of large oracle bone fragment collections. We there-
fore profiled the final FaSDiNet model on an NVIDIA GeForce RTX 3090 using FP32
precision, an input resolution of 224× 224, and a batch size of one. The model contains
25.18 million parameters. Single-image feature extraction requires 1.72 GFLOPs, while a
complete Siamese forward pass for one fragment pair requires 3.46 GFLOPs.

For the retrieval-efficiency evaluation, candidate features were precomputed from
the 38 OBF test images, and each query was ranked against the remaining 37 candidates.
After 50 warm-up iterations, 200 measurements were performed with CUDA synchro-
nization. The median feature-extraction time was 6.38 ms, and the median end-to-end
retrieval latency was 6.60 ms, including query-feature extraction, similarity computation,
and candidate sorting. The peak GPU memory consumption was 233.41 MB, including
the model and candidate feature bank. These results demonstrate that FaSDiNet supports
millisecond-level full-image candidate retrieval with moderate memory consumption and
a low computational cost, making it suitable for practical oracle bone fragment screening.

4.2. Results on the COBD Dataset

In addition to the self-built dataset, further comparative experiments are conducted
on the public COBD dataset. Unlike OBF, which is based on full fragment images, COBD
emphasizes contour-curve-level rejoining cues. This experiment is therefore mainly used to
evaluate the comparability of FaSDiNet against representative contour-based and Siamese-
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based oracle bone rejoining methods [7,8,10]. Table 5 presents the Top-K recall results of
different methods on COBD.

Table 5. Top-K recall on the COBD dataset (%).

Method Top-1 Top-3 Top-5 Top-10 Top-15

CAP&CFDA 27.5 48.1 65.0 80.0 85.5
S3-NetBCE 51.8 71.5 80.3 87.2 91.6
S3-NetFocal 56.2 77.5 83.1 91.2 92.8
SFF-Siam 74.4 83.5 90.5 92.4 94.8
FaSDiNet 50.0 71.9 81.3 93.8 96.9

As shown in Table 5, different methods show different performance characteristics
under different Top-K settings.

First, the CAP&CFDA method uses curve fitting and Pearson correlation analysis to
complete oracle bone fragment rejoining based on contour-curve matching [8]. It achieves
27.5%, 48.1%, 65.0%, 80.0%, and 85.5% on Top-1, Top-3, Top-5, Top-10, and Top-15 recall,
respectively. This method can effectively describe the geometric similarity of fragment
contours when the boundaries are clear. However, because it mainly depends on contour
curves, its robustness is insufficient when oracle bone fragment boundaries are worn,
incomplete, or locally damaged. Therefore, its recall is lower than that of learning-based
methods on all Top-K metrics.

Second, S3-NetBCE transforms the edge information of oracle bone fragments into a
sequential shape representation through self-supervised learning and uses binary cross-
entropy loss to train the network [7]. Compared with CAP&CFDA, its Top-1, Top-3, Top-5,
Top-10, and Top-15 recalls increase by 24.3%, 23.4%, 15.3%, 7.2%, and 6.1%, respectively.
This shows that self-supervised contour representation can significantly improve the dis-
criminative ability of oracle bone fragment matching. However, this method still mainly
relies on contour-level information, and its use of internal texture, engraved traces, and
global fragment appearance is limited.

Third, S3-NetFocal keeps the same network architecture as S3-NetBCE but uses focal
loss to complete network training [7]. It achieves 56.2%, 77.5%, 83.1%, 91.2%, and 92.8% on
Top-1, Top-3, Top-5, Top-10, and Top-15 recall, respectively. Compared with S3-NetBCE, the
recall improves by 4.4%, 6.0%, 2.8%, 4.0%, and 1.2%, respectively. This indicates that a more
suitable loss function can improve the rejoining performance of the network, especially
by enhancing the model’s attention to difficult contour-matching samples. Nevertheless,
because its input still focuses on contour representation, its ability to use full-fragment
visual evidence remains limited.

Fourth, SFF-Siam uses a similarity feature fusion module to enhance the feature
extraction ability of the Siamese network for rejoinable fragment images and candidate
fragment images, and uses a forward feedback network to calculate the rejoining probability
between fragment images [10]. It achieves 74.4%, 83.5%, and 90.5% on Top-1, Top-3, and
Top-5 recall, respectively, which are the best results among all compared methods at
smaller K values. Compared with S3-NetFocal, SFF-Siam improves Top-1, Top-3, and Top-5
recall by 18.2%, 6.0%, and 7.4%, respectively. This demonstrates that similarity feature
fusion and forward feedback are effective for local contour-based similarity modeling.
However, at Top-10 and Top-15, SFF-Siam achieves 92.4% and 94.8%, which are lower than
FaSDiNet. This suggests that although SFF-Siam is strong in returning the most likely
contour candidate at the very top, its candidate retention ability becomes less advantageous
when the candidate range is expanded.
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Fifth, FaSDiNet achieves 50.0%, 71.9%, 81.3%, 93.8%, and 96.9% on Top-1, Top-3, Top-5,
Top-10, and Top-15 recall, respectively. Compared with CAP&CFDA, FaSDiNet improves
Top-10 and Top-15 recall by 13.8% and 11.4%, respectively. Compared with S3-NetBCE, the
improvements at Top-10 and Top-15 are 6.6% and 5.3%. Compared with S3-NetFocal, the
improvements are 2.6% and 4.1%. Compared with SFF-Siam, FaSDiNet further improves
Top-10 and Top-15 recall by 1.4% and 2.1%, respectively. These results show that FaSDiNet
has stronger high-recall candidate preservation ability at larger candidate ranges.

The differences at smaller and larger Top-K values should be interpreted in relation
to the input preparation and intended functions of the compared methods. SFF-Siam and
other contour-oriented methods use contour curves or candidate fracture-edge regions that
have been prepared or localized before similarity calculation. This prior localization allows
these methods to concentrate directly on local boundary compatibility and is particularly
beneficial for returning the most likely contour match within the first few ranking positions.
Their stronger Top-1 and Top-5 recall is therefore consistent with the use of localized
contour information.

FaSDiNet is designed for full-fragment-image candidate screening without requiring
experts to interactively select candidate fracture positions or annotate candidate edge seg-
ments before retrieval. Its intended output is a ranked candidate list for expert verification
rather than a single automatic final decision. Accordingly, OBF is used to evaluate the
intended full-image candidate-screening workflow, whereas COBD provides a comple-
mentary public comparison with existing contour-oriented methods. On COBD, FaSDiNet
achieves Top-10 and Top-15 recall values of 93.8% and 96.9%, exceeding the 92.4% and
94.8% achieved by SFF-Siam. This performance pattern reflects the different input prepara-
tion and task orientation of the compared methods rather than an overall superiority claim.
The larger-K results demonstrate the candidate-retention capability of FaSDiNet and its
intended role in reducing preliminary manual screening while preserving true rejoinable
fragments for expert verification.

4.3. Ablation Study

To validate the contributions of the major components of FaSDiNet, ablation ex-
periments are conducted on the OBF dataset. Two aspects are examined: the effect
of latent diffusion augmentation and the contributions of different backbone, loss, and
augmentation combinations.

First, Table 6 reports the recall changes before and after applying latent diffusion
augmentation [13] under K = 1, 5, 10, and 15.

Table 6. Top-K recall before and after data augmentation (%).

Top-K Before Data Augmentation After Data Augmentation

Top-1 15.79 23.68
Top-5 55.26 60.53

Top-10 63.16 76.32
Top-15 73.68 84.21

As shown in Table 6, the model improves on all Top-K metrics after data augmentation:
Top-1 increases from 15.79% to 23.68%, Top-5 from 55.26% to 60.53%, Top-10 from 63.16%
to 76.32%, and Top-15 from 73.68% to 84.21%. These results indicate that latent diffusion
augmentation effectively expands the visual variation of training samples and improves
both representation quality and candidate retention under small-sample conditions, with
especially clear gains at larger candidate ranges.
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Second, five module combinations are tested to further analyze the contribution of
each component. Specifically, V0 consists of a VGG16-based Siamese network [20,26] with
cross-entropy loss; V1 adds the composite loss to V0; V2 further adds conventional data
augmentation to V1; V3 replaces the feature backbone with FasterNet [12] while retaining
the composite loss and data augmentation; and V4 further introduces latent diffusion
augmentation [13] on top of V3, corresponding to the complete FaSDiNet framework.
Figure 9 presents the Top-5 recall changes of these five variants. This progressive ablation
focuses on Top-5 recall because Top-5 corresponds to a compact candidate list that can be
efficiently examined by experts while still testing whether the true rejoinable fragment is
retained near the top of the ranking. The full Top-K behavior of the complete model is
reported in the main comparison experiments and in the augmentation ablation analysis,
whereas the module-combination ablation is used to show the stepwise contribution of the
major design choices.

Figure 9. Ablation results of different module combinations.

As shown in Figure 9, performance increases steadily as the module design becomes
more complete. The improvement from V0 to V1 indicates that a single cross-entropy
loss is insufficient to constrain pairwise feature structure, whereas the composite loss
enables better discrimination between rejoin and non-rejoin pairs. The improvement from
V1 to V2 shows that conventional augmentation enhances robustness to scale changes,
pose variation, and local defects. The change from V2 to V3 suggests that replacing
VGG16 with FasterNet yields a more efficient feature representation while maintaining
expressive power. Finally, V4 achieves the best performance after adding latent diffusion
augmentation, indicating clear complementarity among diffusion augmentation, FasterNet
backbone, and composite similarity learning. Taken together, the ablation study verifies
the effectiveness of the proposed method from two aspects: latent diffusion augmentation
significantly improves candidate recall under small-sample conditions, and the progressive
combination of FasterNet, composite loss, and augmentation steadily enhances similarity
modeling performance.

4.4. Rejoining Case Study

To further illustrate the practical performance of FaSDiNet from a qualitative per-
spective, a representative sample from the OBF dataset is selected for case analysis. For
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the input fragment No. 28035 from Jiaguwen Heji, the top-ranked result among the Top-5
candidates retrieved by FaSDiNet is fragment No. 26885, which is the true rejoinable
counterpart, with a similarity score of 0.908. The similarity score is used as a relative
model-based ranking value for ordering candidates rather than as a direct numerical rep-
resentation of expert confidence. The final validity of a proposed rejoining relationship
remains subject to expert examination of fracture boundaries, surface textures, engraved
strokes, inscriptional content, and the broader scholarly context. Further observation shows
that the two fragments exhibit not only good contour complementarity along the fracture
boundary, but also high consistency in internal texture continuity and the trajectory of
incomplete character strokes. This result indicates that FaSDiNet does not rely solely on
local geometric boundary matching, but instead learns higher-level integrated rejoining
cues across oracle bone fragments.

Figure 10 presents the full visualization of this case. Figure 10a shows sample images
after latent diffusion augmentation on the OBF dataset. Figure 10b presents the Top-5
retrieval results from the 1254 fragment images in OBF when fragment No. 28035 is used as
input, with fragment No. 26885 ranked first. Figure 10c further shows the actual rejoining
effect of the two fragments. The two pieces form a valid upper-lower rejoining relation,
with natural contour continuity at the fracture boundary and continuous internal texture
and stroke structure.

Oracle Bone 
Fragment 1
Oracle Bone 
Fragment 1

Oracle Bone 
Fragment 2
Oracle Bone 
Fragment 2

Oracle Bone 
Fragment 1

Oracle Bone 
Fragment 2

Latent 
Diffusion

Latent 
Diffusion

Similarity:0.610Similarity:0.610Similarity:0.614Similarity:0.614Similarity:0.692Similarity:0.692Similarity:0.908Similarity:0.908 Similarity:0.853Similarity:0.853

Oracle Bone 
Fragment 1

Oracle Bone 
Fragment 2

(a) Comparison of Latent Diffusion Results

(b) Top-5 Similarity Ranking

(c) Rejoining Result of Oracle Bone Fragments

Figure 10. Oracle Bone rejoining example of FaSDiNet on the OBF dataset: (a) Samples after latent
diffusion augmentation; (b) Top-5 retrieval results for the input fragment; (c) Rejoining Effect of the
True Rejoinable Pair, where the red and green colors distinguish the two rejoined fragments.

From an application perspective, this case indicates that the value of FaSDiNet does
not lie in directly replacing experts in making the final rejoining judgment, but in its
ability to rapidly retain highly credible candidates from a large-scale fragment database
and consistently rank truly rejoinable samples near the top. For oracle bone inscription
collation, this means that the system can narrow the scope of manual retrieval at the front
end, thereby supporting expert verification and subsequent scholarly judgment. Combined
with the quantitative results on OBF and COBD discussed above, this representative case
illustrates how the ranked candidates produced by FaSDiNet can be examined together
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with fracture-boundary, texture, and engraved-stroke evidence. A more systematic expert-
validation protocol and detailed analysis of incorrect retrieval cases are still needed to
further evaluate its practical reliability in cultural-heritage applications.

5. Discussion
The experimental results indicate that the effectiveness of FaSDiNet is closely related

to the practical task setting of oracle bone rejoining. On the self-built OBF dataset, FaSDiNet
performs better than the typical Siamese network and the typical triplet network at all
reported Top-K levels. Because OBF directly uses full fragment images rather than manually
selected contour curves or candidate fracture-edge regions, this improvement suggests
that the proposed method can use complementary evidence from boundary shape, internal
texture, and engraved traces. This is important for practical oracle bone collation, where
the key requirement is not a one-shot final decision but effective candidate screening from
a large fragment library.

The results on COBD further reveal the task-oriented characteristics of the proposed
method. FaSDiNet shows its strongest comparative performance at broader candidate
ranges, particularly Top-10 and Top-15, which is consistent with its design goal. Contour-
oriented methods concentrate directly on localized edge compatibility at smaller candidate
ranges, whereas FaSDiNet is designed for full-image-based candidate screening and em-
phasizes high-recall preservation of credible matches for subsequent expert review. Its
performance at broader Top-K ranges is therefore consistent with the practical needs of
assisted oracle bone rejoining.

The ablation study helps explain these results. The gains brought by latent diffusion
augmentation show that limited verified rejoin pairs remain a major bottleneck in oracle
bone rejoining. Rather than creating new semantic relations, the augmentation strategy
enriches the visual variation of existing samples and improves robustness under small-
sample conditions. At the same time, the progressive improvement from V0 to V4 suggests
that the final performance comes from the combination of three factors: the efficient
FasterNet-based Siamese encoder, the joint optimization of contrastive loss and binary
classification loss, and the diffusion-enhanced training distribution. Their interaction makes
the model more suitable for large-scale candidate screening.

Despite these advantages, several limitations remain. First, the scale of the self-
built OBF dataset is still limited. The ten-run stability analysis provides an initial assess-
ment of training robustness under the current group-level evaluation protocol. To further
strengthen the evaluation from the perspective of data partitioning and dataset diver-
sity, future work will quantify the robustness of FaSDiNet through repeated group-wise
cross-validation across different data partitions or through larger independently curated
oracle bone datasets, while maintaining strict separation of verified rejoining identities
between subsets. Second, the current framework is still limited to pairwise matching and
does not explicitly model multi-fragment global consistency. In real oracle bone collation,
one fragment may be related to multiple surrounding fragments, and the final rejoining
result may depend on global structural constraints among several pieces. Third, although
full-image screening improves practical applicability, it may also introduce irrelevant visual
information in some cases, especially when the fragment contains complex background
texture, severe surface damage, or visually similar but non-rejoinable regions. Future
extensions will also incorporate structured evaluation by oracle bone specialists, systematic
analysis of false-positive and false-negative retrieval cases, and attention- or activation-
based visualization of model evidence to further examine the relationship between learned
visual representations and expert reasoning.
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Future work may therefore focus on three directions. First, pairwise screening can
be extended to multi-fragment reasoning so that local matching results can be further
constrained by global rejoining consistency. Second, finer-grained geometric verification
and more interpretable rejoining analysis can be incorporated after candidate screening
to improve the reliability of final expert review. Third, larger-scale digital oracle bone
resources, interactive expert feedback, and openly shared data and code platforms can be
introduced to support more sustainable digital curation tools for oracle bone studies.

6. Conclusions
FaSDiNet shows that oracle bone rejoining should not be treated only as a local

boundary-matching problem. For practical digital curation, this study formulates rejoining
as a visual retrieval and candidate-screening task that helps experts narrow a large fragment
library to a manageable set of plausible candidates. Under this formulation, the model
supports candidate screening rather than confirmed rejoining: it ranks potentially rejoinable
fragments, while the final confirmation of rejoining relationships remains the responsibility
of domain experts. Full fragment images are therefore valuable because they allow the
model to jointly use boundary shape, internal texture, and engraved traces instead of
relying only on manually selected contour curves or candidate fracture edges.

In this study, FaSDiNet combines latent diffusion augmentation, a FasterNet-based
Siamese feature encoder, and joint optimization of contrastive loss and binary cross-entropy
loss to support full-fragment-image candidate screening for oracle bone rejoining. Experi-
ments on the self-built OBF dataset and the public COBD dataset show that the proposed
method is most effective in broader Top-K candidate-retention settings, where the goal is to
preserve truly rejoinable fragments within a manageable ranked list for subsequent expert
verification. These results suggest that full-image-based screening can provide a practical
visual-computing workflow for oracle bone collation and expert-assisted digital cultural
heritage curation, whereas confirmed rejoining still requires domain-expert examination of
fracture continuity, surface texture, engraved strokes, inscriptional content, and the broader
scholarly context.

Several directions remain worth pursuing in future work. First, the current framework
mainly focuses on pairwise fragment matching and can be extended to multi-fragment
joint ranking and more complex rejoining relations. Second, although the proposed method
already achieves high-recall candidate screening at the full-image level, there is still room
to improve finer-grained geometric alignment, rejoining interpretation, and result visual-
ization. Third, if larger-scale digital oracle bone resources, interactive expert feedback, and
openly shared data and code platforms can be incorporated in the future, such methods
will be more likely to evolve from isolated algorithmic validation into sustainable digital
curation tools.
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