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InSwAV: involution enhanced feature
clustering and swapped assignments for
porcelain relic microscopic image
classification
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Accurate classification of porcelain relic fragments is essential for restoration. Traditional methods,
which depend on visual traits like glaze color and patterns, perform poorly with visually similar
fragments, especially when microscopic image samples are scarce. To solve these issues, we
introduce InSwAV, which integrates involution-enhanced residual blocks for robust feature extraction
and employs a swapped assignmentmechanism. Thismechanism aligns deep featureswith learnable
cluster prototypes by enforcing consistency between differently augmented views of the same image.
The model is optimized by minimizing a cross-entropy loss against cluster assignments, which
reduces training time significantly. we constructed the Porcelain Relic Microscopic Images (PRMI)
dataset of five classification, with data augmentation applied to enhance model robustness.
Experimental results show that InSwAV achieves a classification accuracy of 96.2% on the porcelain
relic microscopic image dataset, outperforming existing methods.

Over the past century of archeological excavations, numerous porcelain
relics have been unearthed, serving not only as remnants of ancient man-
ufacturing techniques but also as significant symbols of cultural evolution
and technological advancement1. However, due to their inherent fragility
and the cyclical processes of production, replacement, and degradation,
archeological excavations frequently yield vast quantities of porcelain
fragments.Traditional restoration faces significant challengesdue to the vast
quantity, diverse types, and wide geographical distribution of unearthed
porcelain fragments, as illustrated in Fig. 1a. To address these challenges, we
propose a comparative learning framework for the PRMI dataset based on
involution and contrasting cluster assignments, which not only enhances
restoration efficiency but also contributes substantially to cultural heritage
preservation. Our laboratory has compiled and sorted out extensive por-
celain fragments, as illustrated in Fig. 1b.

Prior to porcelain relic restoration, the accurate classification of frag-
ment assemblages presents a technically demanding prerequisite task.
Conventional manual classification approaches remain limited by their
reliance on expert experience and low work efficiency. In contrast,
computer-aided virtual restoration technology offers distinct advantages by
minimizing human interference, operating without temporal or spatial
constraints, and achieving a non-contact and reversible restoration process
that effectively prevents the secondary damage to relics2,3.

Due to the visual similarities among numerous specimens, reliable
classification of porcelain fragments based solely on macroscopic appear-
ance remains challenging. To address this,microscopic analysis of porcelain
microstructure has emerged as a valuable alternative approach4. Micro-
scopic analysis reveals the distinctive bubble structures within porcelain
fragments, providing critical diagnostic features that enhance both the
efficiency and accuracy of classification. Moreover, these microstructural
characteristics provide a robust scientific foundation for the authentication
of porcelain relics5.

The formation of bubbles in porcelain is intricately linked to multiple
stages of the manufacturing process, including material selection, crushing,
slurryprocessing, clay refinement, shaping, cooling, glazing, andfiring. Each
of these stages exerts a direct influence on the development of bubble
structures. Because most of the ancient porcelain production techniques
were mastered by private workshops, even the porcelain produced by the
sameworkshop had significant differences in the characteristics of bubbles6.
These variations serve as critical diagnostic markers for classifying and
authenticating porcelain relics.

In recent years, with the emergence of various microscopic instru-
ments, people have begun to analyze and study microscopic images in
various fields. Jin et al.7 pioneered macroscopic ophthalmological exam-
ination of ancient porcelain, systematically categorizing distinct
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microstructural features that provide new dimensions for porcelain iden-
tification. Li et al.8 developed awavelet-based denoising approach combined
with watershed segmentation, significantly improving bubble feature
extraction frommicroscopic images. Zhu et al.9 conducted a comprehensive
analysis of bubble distribution patterns in Yaozhou porcelain across dif-
ferent eras, establishing scientific foundations for chronological classifica-
tion while revealing technological influences on bubble formation. Liu10

advanced this field through curvelet transform-based denoising and feature
enhancement, achieving superior bubble boundary clarity via optimized
watershed segmentation.While these traditional image processingmethods
offer certain improvements, they retain their sensitivity to noise and their
inability to extract high-level semantic features.

Meanwhile, unsupervised and self-supervised learning paradigmshave
emerged as powerful alternatives, enabling effectively learning of repre-
sentative features from unlabeled data. Notable among these are deep
clustering techniques, such as Deep Embedding for Clustering11 and
Semantic Clustering by Adopting Nearest Neighbors12, which iteratively
refines feature representation and cluster assignments, demonstrating sig-
nificant potential. Similarly, contrastive learning frameworks, including
MoCo13 and BYOL14, have achieved performance comparable to supervised
learning by constructing positive and negative sample pairs for instance
discrimination. The success of these foundational methodologies extends
beyond image classification; they have also been successfully adapted to
more complex visual tasks such as 3D human pose estimation15–18, high-
lighting their versatility and robustness in capturing intricate data patterns.
Inspired by the success of methods that model complex relationships in
data, such as graph-based approaches for 3D pose estimation16,17, our fra-
mework is designed to learn meaningful semantic structures within the
feature space. Instead of direct instance comparison, we employ online
clustering and swapped assignment to guide the model in discovering
consistent and robust data groupings, effectively learning a structured
representation of the porcelain microscopic features. Inspired by these
advancements, our work seeks to adapt and tailor these powerful approa-
ches to the unique challenges inherent in porcelain relic microscopic image
analysis.

Image classification techniques can mainly be divided into two cate-
gories, comprising traditional feature extraction methods and deep
learning-based techniques.Traditionalmachine learning approaches19, such
as decision tree20, k-nearest neighbor21 and support vector machines22,
exhibit limitations in generalization performance, noise robustness, and
complex image processing capability. while deep learning approaches23

demonstrate superior performance in both efficiency and accuracy.
In computer vision, image classification techniques are primarily

classified as supervised or unsupervised based on annotation
requirements24. Given the considerable time and effort demanded by
manual labeling, unsupervised learning approaches have emerged as viable
alternatives that operate without labeled training data25. Unsupervised
image classification techniques can be classified into methods based on
traditional machine learning and deep learning. Traditional machine
learning primarily relies on statistical methods, which are susceptible to

overfitting26. Deep learning-based methods that integrate unsupervised
principles with neural networks, utilizing contrastive learning to extract
robust features from unlabeled data27.

In unsupervised deep learning classification, Wu et al.28 first proposed
InstDisc, a pioneering contrastive learning framework in computer vision.
Their approach selects the computed image and its augmented version as
positive samples, while treating all other images in the datasets as negative
samples stored in a memory bank. However, this method demands sub-
stantial computational resources for large datasets. To address this limita-
tion, Ye et al.29 introduced an alternative negative sample selection strategy
using mini-batches, where each image’s augmented version served as the
positive sample and other images in the batch as negative samples. This
approach significantly reduced the negative sample quantity, leading to
suboptimal performance. He et al.13,30,31 subsequently developed a dynamic
contrastive learning method employing a gradient-free queue to store
numerous negative sample features, albeit with increased network com-
plexity. Building upon these works, Chen et al.32 proposed a simplified
framework where features from the same encoder were processed through
an MLP layer for contrastive training. More recently, Caron et al.33 intro-
duced SwAV, which utilizes cluster centers for comparison, achieving near-
supervised classification accuracy while maintaining computational
efficiency.

While recent foundation models like DINOv234 have set new bench-
marks in self-supervised learning by leveraging large-scale curated data and
distillation techniques, their computational demands and data require-
ments pose challenges for resource-constrained, domain-specific applica-
tions like cultural heritage analysis. In this work, we therefore focus on
enhancing the data-efficient clustering-based paradigmof SwAV33, tailoring
it with novel architectural designs to address the unique challenges of
porcelain relic microscopic image classification under limited samples.

Regarding image classification methods for Porcelain relic fragments.
Wang et al.35 developed an IGabor filter-based color-texture feature
extraction model with SVM classification, achieving high accuracy in por-
celain fragment categorization. Li et al.36 proposed a lightweight capsule
network incorporating ChannelTrans modules andMF-R loss functions to
address feature extraction speed and class imbalance. Inmicroscopic image
analysis, Wang et al.37 conducted a comprehensive comparative analysis of
four deep learning architectures for archeological porcelain provenance
classification, including VGG-16, Inception-v3, GoogLeNet and their
ensemble model, while Liu et al.38 introduced a multi-channel GCN archi-
tecture withmulti-directional Gaussian filtering to handle noise and feature
distribution challenges.

Porcelain relic microscopic images show special features that differ
from regular image datasets. These data face three main problems. First,
annotations rely on expert experience due to complex variations in texture,
color, andmorphology, along with potential interference from damage and
stains. Second, sample sizes are typically limited, and category distributions
are imbalanced due to excavation and preservation constraints. Third,
taking microscope pictures is hard. To address these problems, we employ
contrastive learning for microscopic image classification of porcelain relic

Fig. 1 | Sort out a large number of porcelain
fragments. aA large number of porcelain fragments
excavated, b sorting porcelain fragments in the
laboratory.
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fragments. Compared with the supervised method, the unsupervised
method is more suitable for small sample datasets.

For the porcelain relic microscopic images, Geng et al.39 developed an
enhanced SimCLR32 framework incorporating multi-scale feature extrac-
tion of Res2Net, significantly improving local and global feature repre-
sentation. Their method optimizes feature precision through contrastive
learning that maximizes positive sample similarity while minimizing
negative sample differences, achieving high-accuracy unsupervised classi-
fication. Zhou et al.40 developed HySiam, a novel contrastive learning
approach integrating dual-channel attention mechanisms. This hybrid
attention system combines with convolutional networks to enhance
semantic feature extraction while maintaining computational efficiency
through reduced parameters, demonstrating improved network perfor-
mance for porcelain analysis.

Although traditional convolution has achieved remarkable results in
computer vision tasks, its inherent characteristics have gradually exposed
limitations in the processing of microscopic images. The spatial invariance
and channel specificity of the convolution kernelmake it difficult to adapt to
the diverse feature patterns of microscopic images of porcelain relic frag-
ments. These constraints are particularly evident in two critical aspects: (1)
The fixed-size convolution kernel cannot effectively capture the multi-scale
characteristics of key features such as the distribution of glaze bubbles; (2)
The parameter-sharing mechanism leads to computational redundancy
when extracting distinctive textural features, including clay-glaze interfaces
and crack propagation patterns.

To overcome these limitations, we present an innovative framework
incorporating three key technical contributions. First, we introduce invo-
lution operations41 to replace standard convolution, leveraging their
dynamic kernel generation capability to enhance feature adaptation.
Building upon this, we introduce InSwAV, a framework for porcelain relic
microscopic image classification based on contrastive clustering and invo-
lution, which effectively addresses the core problems of imprecise feature
extraction and low training efficiency. For model optimization, we adopt a
dichotomy strategy with two components: (1) Quantitative evaluation of
feature module stacking configurations to determine optimal architectural
depth; (2) Systematic binary searchwithin the [0, 300] range to identify ideal
cluster center quantities. Experimental validation on the PRMI dataset
demonstrates that our method significantly reduces computational com-
plexity while maintaining classification accuracy. The proposed approach
achieves a classification accuracy of 96.2%, representing improvements of
2.1%, 4.6%, and 12.8% over SwAV, SimCLR, and MoCo, respectively.

Overall, our contributions are as follows:
• We propose ResInv, a novel model combining involution operations

with conventional convolution layers. This hybrid architecture effec-
tively captures long-range spatial dependencies in porcelain relic
microscopic images through position-sensitive modeling capability of
involution. The proposed method overcomes the inherent limitations
of conventional convolutional kernel dimensions, substantially
mitigates inter-channel feature redundancy, and strategically employs
large-scale convolutional kernels to expand the network’s receptive
field, thereby achieving refined extraction of microstructure
characteristics.

• We perform feature clustering on the features extracted by ResInv
through cross-prediction mechanisms, and we enforce consistency in
cluster assignments across multi-view augmented samples. The
optimization process employs cross-entropy loss minimization in an
iterativemanner.This indirect comparisonmechanismnot only avoids
the consumption of computing resources caused by direct feature
comparison in traditional methods, but also significantly improves the
model training efficiency, achieving a balance between accuracy
and speed.

• We constructed the PRMI dataset of five classifications and validated
the proposed method on this dataset. This PRMI dataset will be pub-
licly available, providing extensive support for both academic research
and practical applications.

Methods
Overall framework
The InSwAV network architecture proposed in this paper is illustrated in
Fig. 2, which consists of five key modules: (1) Data Augmentation: We
generate eight augmented views for each input image through random
cropping, followed by multiple transformations including Gaussian blur
and color jitter to enhance feature diversity while preserving essential
microstructure characteristics. (2) Feature Extractor: We propose ResInv,
which combines Residual Block(Res Block) with involution operations,
effectively capturing both local and global features of porcelain fragments
while reducing channel redundancy. (3) Online Clustering: The extracted
features are clustered onto trainable prototype vectors that are generated by
random initialization. The resulting cluster assignment probabilities are
normalized using the Sinkhorn-Knopp algorithm to prevent the model
from lazily assigning all image features to the same or a few cluster centers.
(4) Swapped Prediction: The cluster assignments of different augmented
views of the same image are swapped and compared using a cross-entropy
loss. (5) Cross-Entropy Loss: We employ a cross-entropy loss function to
optimize feature distribution in the embedding space,minimizing distances
between features from the same image while maximizing separation
between different images.

Involution
Involution enhances model performance and computational efficiency by
inverting the fundamental properties of conventional convolution opera-
tions. Figure 3 illustrates the comparative schematics between conventional
convolution and involution operations. Involution reverses the spatial
invariance and channel specificity characteristics of convolution to achieve
spatial specificity and channel invariance. That is, differentiatedconvolution
kernels are used at different positionswithin the same channel, while shared
weights are employed across all channels at each position, thereby enhan-
cing both spatial and channel-wise feature representation capabilities.

In the computation of involution, individual pixels serve as the fun-
damental processing units. Specifically, each pixel Xi;j 2 RC uses different
involution kernelsHi;j;�;�;g 2 RK ×K ,g = 1, 2,…,G. The output feature map
of involution is derived by performing Multiply-Add operations on the
input with such involution kernels, defined as

Yi;j;k ¼
X

ðu;vÞ2ΔK
Hi;j;uþbK=2c;vþbK=2c;bkG=CcXiþu;jþv;k: ð1Þ

For an image Xwith a size ofH ×W × C, all channels are divided into
groups G (G = 1 in this example for ease of demonstration). The shape of
involution kernelsHdepends on that of the input featuremapX. The kernel
generation function is symbolized as ϕ, and the function mapping at posi-
tion (i, j) is abstracted as

Hi;j ¼ ϕðXi;jÞ; ð2Þ

where the kernel generation function ϕ dynamically generates spatially
adaptive convolution kernels at each position through a lightweight multi-
layer perceptron(MLP):

ϕðXi;jÞ ¼ W1σðW0Xi;jÞ; ð3Þ

where σ implies the Batch Normalization and non-linear activation
functions that interleave two linear projections:

σðxÞ ¼ ReLUðBN ðxÞÞ: ð4Þ

In Formula(3), W0 2 R
C
r ×C and W1 2 RðK ×K ×GÞ × C

r represent two
linear transformations that constitute the generation function of the invo-
lution kernel, the hyperparameter r is the channel compression ratio, andG
is the number of channel groups. Each pixel is rearranged following com-
putation by this function, which flattens the channel dimension into the
spatial dimension to generate respective inner convolution kernels. Finally,
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the convolution kernels obtained at each pixel will be multiplied and added
to itsK×Kneighborhood.After the calculation, 1 × 1×Cpixel in the output
image Y is obtained.

Feature extractor
To more effectively capture long-range dependencies in image data,
enhance semantic correlations among similar images, and increase the

adaptability of convolution kernels, we propose a feature extraction feature
extraction model called ResInv. We introduce involution to Res Block and
propose Involution Block(Inv Block). As illustrated in Fig. 4, the Involution
Block architecture sequentially consists of 1 × 1 convolution layer, 7 × 7
involution layer, and 1 × 1 convolution layer.

We combined Res Blocks with Inv Blocks in ResInv. Extensive
experimental comparisons demonstrate that the optimal performance is
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Fig. 3 | The framework of convolution and invo-
lution. The above figure is a schematic diagram of a
traditional convolution operation, and the following
figure is a schematic diagram of involution
operation.
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achievedwhenResBlocks and InvBlocks are alternately combined in a ratio
of 2: 2: 2: 2. The detailed architecture is shown in Table 1.

Clustering with swapped prediction
Unlike common contrastive learningmethods that rely on direct feature
comparison, our approach employs an online clustering strategy. The
features extracted by ResInv are not compared pairwise. Instead, they
are mapped to a set of K trainable prototype vectors, denoted as C = {c1,
c2, …, cK}. These prototype vectors are model parameters that are
optimized simultaneously with the backbone network weights via gra-
dient descent. Consequently, the network learns to generate features z
that better align with the current prototypes C, while the prototypes
themselves are updated to more accurately represent the distribution
centers of all feature vectors.

To ensure meaningful and balanced cluster assignments, the
Sinkhorn-Knopp algorithm42 is applied to the similarity scores between
the entire mini-batch of features and the prototype vectors to generate
soft normalized codes. For a given pair of features zt and zs produced
from the same image, their corresponding codes qt and qs are then
extracted from the resulting assignment matrix to compute the swap-
ped prediction loss.

(1) Compute Assignment Probabilities: The similarity between each
feature and all prototypes is calculated, producing a probability distribution

over the prototypes using a softmax function of eq. (5).

pðkÞt ¼ exp 1
τ z

>
t ck

� �
P

k0 exp
1
τ z

>
t ck0

� � ; pðkÞs ¼ exp 1
τ z

>
s ck

� �
P

k0 exp
1
τ z

>
s ck0

� � : ð5Þ

where τ is the temperature parameter43.
(2) Generate Robust Targets with Sinkhorn-Knopp: Without normal-

ization, the initial soft codes pt and ps would otherwise lead to a degenerate
solution, characterized by most samples being assigned to a few clusters. To
prevent this, we apply the Sinkhorn-Knopp algorithm42 to the similarity
matrixbetweenabatchof featuresZ={z1,z2,…,zB} andprototypesC={c1,c2,
…, cK}.Wedenote thismappingor codes byQ= {q1,q2,…,qB}, andoptimize
Q to maximize the similarity between the features and the prototypes:

max
Q2Q

TrðQ>C>ZÞ þ εHðQÞ; ð6Þ

where H is the entropy function, HðQÞ ¼ �P
ijQij logQij and ε controls

the smoothness of the mapping. The matrix Q is an allocation matrix
obtained through optimization, whose function is to define an optimal
representation of the results of the dot product of Z and C, making the
similarity betweenQ and the results of the dot product as large as possible.
The constraints are as follows:

Q ¼ Q 2 RK ×B Q1B ¼ 1
K 1K ; Q

>1K ¼ 1
B 1B

n o
; ð7Þ

where 1 represents a B-dimensional vector consisting entirely of ones, and
B denotes the batch size. Each row sums to 1/K, ensuring uniform
distribution across columns for each row. Each column sums to 1/B,
ensuring uniform distribution across rows for each column. We obtain a
doubly random matrix Q* after several iterations using the Sinkhorn-
Knopp algorithm.

Q� ¼ Diag ðuÞ exp C>Z
ε

� �
Diag ðvÞ; ð8Þ

where u and v are both vectors with a sum of 1.
(3) Swapped Prediction: The key idea is to predict the code of one view

from the representation of another view. The obtained codes qt and qs are
used as targets to supervise the learning. Specifically, we swap the codes and
compute a loss between the predicted probability of one view and the target
code generated from the other view.

Cross-entropy loss
We select the corresponding sample columns qt and qs from the memory
bank Q*. The symmetric contrastive loss function is then computed as
follows:

Lðzt ; zsÞ ¼ ‘ðzt; qsÞ þ ‘ðzs; qtÞ; ð9Þ

where ℓ(zt, qs) is cross-entropy loss:

‘ðzt ; qsÞ ¼ �
XK
k¼1

qðkÞs log pðkÞt : ð10Þ

By substituting Equation (5) into Equation (10) and aggregating this loss
across all images and their corresponding data augmentation pairs, we
obtain the final loss function for the swapped prediction task:

� 1
N

XN
n¼1

X
s;t�T

1
τ
z>ntCqns þ

1
τ
z>nsCqnt � log

XK
k¼1

exp
z>ntck
τ

� �
� log

XK
k¼1

exp
z>nsck
τ

� �" #
:

ð11Þ

Conv 1 1 64

Involution 7 7 64

Conv 1 1 256

256-d

BN,ReLu

BN,ReLu

BN
+

ReLu

Involution Block
(Inv Block)

Conv 3 3 64
BN,ReLu

64-d

Conv 3 3 64

+
ReLu

Resdual Block
(Res Block)

BN

Fig. 4 | Residual Block and Involution Block. Res Block consists of two 3 × 3
convolutions layer, Inv Block consists of 1 × 1 convolution layer, 7 × 7 involution
layer, and 1 × 1 convolution layer.

Table 1 | Architecture comparison of ResNet50 and ResInv

Stage Output
Size

ResNet5047 ResInv (Ours)

Conv1 112
× 112

7 × 7, stride=2 3 × 3, stride=2 Involution 3 × 3,
stride=1

Conv2 56 × 56 3 × 3 max pool,
stride=2
1× 1; 64
3× 3; 64
1× 1; 256

2
4

3
5 × 3

3 × 3 max pool,

stride=2
3× 3; 64
3× 3; 64

� �
× 2

Conv3 28 × 28 1× 1; 128
3× 3; 128
1× 1; 512

2
4

3
5× 4

1× 1; 128
Involution 7× 7; 128

1× 1; 512

2
4

3
5× 2

Conv4 14 × 14 1× 1; 256
3× 3; 256
1× 1; 1024

2
4

3
5× 6

3× 3; 256
3× 3; 256

� �
× 2

Conv5 7 × 7 1× 1; 512
3× 3; 512
1× 1; 2048

2
4

3
5× 3

1× 1; 512
Involution 7× 7; 512

1× 1; 2048

2
4

3
5× 2

1 × 1 average pool
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Results
Dataset
Using a 3R Anyty microscope, we captured microscopic images at 600 ×
magnification of five types of porcelain relic fragments, constructing the
Porcelain Relic Microscopic Image (PRMI) dataset. The PRMI dataset
contains 7425 images in total, with 6282 images for training and 1143
images for testing. Representative samples of porcelain relics and their
corresponding microscopic images are presented in Fig. 5. The PRMI
dataset supports multiple research applications including intelligent clas-
sification of porcelain fragments, virtual restoration, authenticity identifi-
cation, dynastic analysis, and kiln attribution studies, providing new
opportunities for computational archeology research.

Data augmentation
To address the scarcity of microscopic image data of porcelain relics, this
study employs a data augmentation strategy to expand the PRMI dataset
while ensuring sample diversity. Using a random cropping strategy, we
generate 8 images from each input image, including 2 images of 224 × 224
pixels and 6 images of 96 × 96 pixels. Each generated view undergoes
transformations including random horizontal flipping, color jittering, and
Gaussian blurring. The specific parameters for color jittering include
adjustments to brightness, contrast, saturation, andhuewith a strength factor
of 0.8, while Gaussian blur is applied with a randomly selected kernel size.
This comprehensive augmentationapproachenhances featurediversitywhile
preserving critical microstructural characteristics of the porcelain samples.

Experimental setting
Weevaluate ourmethodusing classification accuracy as the primarymetric,
implementing the experimental framework in PyTorch with all models
trained on NVIDIA A6000 GPUs. The optimization employs stochastic
gradient descent (SGD)with an initial learning rate of 1 × 10−4, batch size of
180, and 800 training epochs. The weight decay is set to 1 × 10−6,
momentum to 0.9, and warm-up learning lasts for 10 epochs. For hyper-
parameter settings, the number of cluster centers is set to 20 for the PRMI
dataset, and the temperature coefficient τ is 0.1. The Sinkhorn-Knopp
algorithm runs for 3 iterations, and the smoothing control parameter is 0.05.

Comparison to SOTA methods
To validate the effectiveness of our proposed InSwAVmethod on the PRMI
dataset, we conducted comprehensive comparisons with the methods of
MoCo13, SimCLR32, and SwAV33. As demonstrated in Fig. 6, InSwAV

exhibits superior performance stability and achieves significantly higher
accuracy compared to these baseline methods. Specifically, our method
attains a classification accuracy of 96.2%, outperforming MoCo by 12.8%,
SimCLR by 4.6%, and SwAV by 2.1%, thereby establishing its superior
capability for porcelain relic microscopic image analysis.

While MoCo initially demonstrates relatively low accuracy, its per-
formance gradually improves with increasing training epochs, albeit with
slower convergence speed. In contrast, our InSwAVmethod achieves stable
accuracy after 300 training epochs, demonstrating significant advantages.
After training for the full 800 epochs, InSwAV reaches 96.2% classification
accuracy. The comparison demonstrates that while MoCo’s momentum
encoder and queue-based negative sampling are effective, they cannot
match the efficiency of InSwAV. Notably, RedNet, as a supervised learning
approach, fails to exceed the accuracy achieved by any of the four unsu-
pervised contrastive learningmethods in our study, including InSwAV.This
clearly indicates that the PRMI dataset is particularly well-suited for con-
trastive learning methodologies, especially given its limited sample size. As

Fig. 5 | Porcelain relic images andPorcelain relicmicroscopic images.The figure showsfive categories of porcelain fragments and their correspondingmicroscopic images.

Fig. 6 | The accuracy-parameter envelope on PRMI dataset. Comparison of the
proposed algorithm with state-of-the-art algorithms (SwAV, SimCLR, RedNet and
MoCo) for porcelain relic microscopic image classification. The performance is
evaluated across different epoch.

https://doi.org/10.1038/s40494-026-02391-0 Article

npj Heritage Science |          (2026) 14:117 6

www.nature.com/npjheritagesci


shown in Table 2, quantitative results further demonstrate that InSwAV
substantially outperforms all four mainstream contrastive learning net-
works in both final accuracy and training efficiency metrics. These advan-
tages make InSwAV particularly suitable for time-sensitive porcelain
fragment classification scenarios, offering both faster convergence and
reduced training time compared to existing approaches.

Architectural ablation study
To validate the effectiveness of the proposed components, we performed
extensive ablation studies on the PRMI dataset.We varied the stacking ratio
and arrangement of Residual Blocks (Res Blocks) and Involution Blocks
(Inv Blocks) within the feature extractor. The results are presented in
Table 3. We used an approximate binary search strategy to efficiently
explore theparameter space that spans stacking ratios from1: 2: 2: 1 to3: 3: 6:
9, and experimented by changing from using the Involution Block in each
layer initially to using only one layer. We found that directly using the
hierarchical structure of ResNet50or a deeper network structurewould lead
to overfitting, resulting in a very low precision in our experiments. There-
fore, this chapter improves the network performance by appropriately
simplifying the network. The results clearly demonstrate that simply using a
deeper network or stacking only Involution block leads to overfitting and
performance degradation. The optimal configuration, which alternates Res
and Inv blocks in a ratio 2: 2: 2: 2, strikes a balance between capturing long-
range dependencies and maintaining representational stability. This vali-
dates the core design of our hybrid ResInv backbone.

Parameter sensitivity analysis
We specifically analyzed the accuracy influenced by the number of cluster
prototypes K, a crucial hyperparameter in our framework. We performed a
binary search over the range [0, 300], and the results are summarized in
Table4.The results indicate thatourmethod isnotoverly sensitive toKwithin
awide range from20 to 50, where the performance plateaued at its peak. This
robustness is adesirableproperty, suggesting that themethoddoesnot require
anexact andhard-to-findparameter value.ThechoiceofK = 20represents an
optimal trade-off between accuracy and computational efficiency.

Visualization
To better understand the feature extraction capabilities of our method, we
conducted comparative visualization analysis by generating channel heat

maps for both our proposed ResInv architecture and ResNet50, as shown in
Fig. 7. The results demonstrate that ResNet50 predominantly focuses on
background information when processing the PRMI data, failing to effec-
tively identify and extract the most discriminative features. In contrast, our
ResInv architecture achieves the effective extraction of bubble features in the
PRMIdataset through an efficient design of just 8 convolutional blocks. This
streamlined architecture not only maintains computational simplicity but
also significantly outperforms ResNet50 in capturing clear bubble contour
information, demonstrating superior feature localization capabilities despite
its relatively shallow network depth. The comparative visualization clearly
illustrates the enhanced abilityofResInv to focuson relevantmicrostructural
characteristics while effectively suppressing irrelevant background noise, a
critical advantage for accurate analysis of cultural heritage materials.

Discussion
In this work, we introduce InSwAV, an image classification network for
porcelain relics based on contrastive clustering and involution. We intro-
duceResInv, anovel feature extractionmodel that combines involutionwith
convolution to accurately identify the most distinguishable bubble features
in the PRMI dataset. The features extracted by ResInv are clustered, and
cluster assignment consistency across different augmented views is enforced
via a cross-prediction mechanism, with iterative optimization performed
using a cross-entropy loss function. Additionally, we implement a new
random-cropping data augmentation strategy that effectively captures both
global and local features without significantly increasing computational
overhead, thereby improving classification accuracy. Experimental results
demonstrate that InSwAV achieves significant accuracy improvements on
the PRMI dataset.

This study highlights the potential of deep learning in analyzing por-
celain relic microscopic images for digital cultural heritage restoration.
While the current work establishes a strong baseline accuracy for unsu-
pervised classification, we acknowledge that small-sample classification
remains a fundamental challenge in artifact digitization. In future work, we
plan to employ K-fold cross-validation and conduct a more extensive
hyperparameter search to further validate model robustness. We will also
evaluate the proposed method on public benchmarks such as ImageNet to
better assess its broader applicability and generalization capability. Mean-
while, we plan to evaluate the transferability of the features learned by
InSwAV in supervised settings on larger datasets and to benchmark against
state-of-the-art supervised architectures.

We also envision further enhancing the practical deployment potential
of the model by integrating advanced efficiency-aware techniques such as
neural network pruning44, tensor decomposition45, and compact module
design46. These approaches could be synergistically combined with the
inherent efficiency of involution parameters to enable faster inference and
lower memory footprint, facilitating real-time analysis on resource-
constrained devices in field environments.We also intend to establish a
comprehensive PRMI database through systematic collection and expert
annotation, develop multimodal data sets that integrate microstructural,
material composition, and 3D data, and explore cross-domain adaptation
techniques to mitigate data scarcity. Furthermore, future iterations of the

Table 2 | Comparison of training time and accuracy (300
epochs)

Method Training time Accuracy (%)

SimCLR32 18h 31min 91.2

MoCo13 18h 27min 83

RedNet41 10h 20min 85.1

SwAV33 18h 24min 93.7

InSwAV (Ours) 4h 45min 95.8

Table 3 | Architecture configurations and accuracy
comparison

Layer1 Layer2 Layer3 Layer4 Accuracy (%)

Inv Block × 3 Inv Block × 3 Inv Block × 6 Inv Block × 9 20.9

Inv Block × 3 Inv Block × 4 Inv Block × 6 Inv Block × 3 25.9

Inv Block × 2 Inv Block × 2 Inv Block × 2 Inv Block × 2 47.1

Res Block × 2 Res Block × 2 Res Block × 2 Inv Block × 2 82.7

Inv Block × 2 Res Block × 2 Res Block × 2 Inv Block × 2 94.6

Res Block × 2 Inv Block × 2 Res Block × 2 Inv Block × 2 96.2

Res Block × 1 Inv Block × 2 Res Block × 2 Inv Block × 1 87.3

Table 4 | Clustering centers setting and accuracy

Prototypes setting Accuracy (%)

300 89.3

200 89.3

150 94.7

70 95.8

50 96.2

20 96.2

15 96.0

10 95.8
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framework will explore architectural extensions to enable probabilistic
output, facilitating a more comprehensive evaluation including ROC and
precision-recall analysis.

Data availability
The PRMI dataset is hosted on GitHub to enable access and use by the
research community. Dataset link: https://github.com/sunocean0716/
InSwAV.
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