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Abstract—Metal surface defect recognition (MSDR)
based on deep learning encounters the challenge of
few-shot expert-labeled data. In this study, we proposed
a CLIP-vision guided self supervised learning (CVGSSL)
framework for representation learning of unlabeled data,
completing MSDR using few-shot labeled data. This frame-
work initially generates rich and diverse representation
information through multiple CLIP-Vs to ensure effective
SSL pretraining, followed by the design of an MLP-adapter
to distill knowledge and adapt these representations
to recognition tasks. In addition, we constructed a
self-constrained loss to address the inherent problem
of intraclass and interclass distance ambiguity that causes
the representation to fall into an equivocal decision
margin. Following label-free pretraining of CVGSSL, the
downstream model adapts to one-shot to four-shot defect
recognition tasks through fine-tuning. Experimental results
demonstrate that CVGSSL outperforms state-of-the-art
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SSL methods across three public metal surface defect
datasets, with the efficacy of the approach validated
through extensive ablation experiments.
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(SSL), surface defect recognition.

[. INTRODUCTION

ETAL surface defect recognition (MSDR) has been a

popular research topic in quality inspection of industrial
products. MSDR not only ensures the appearance, quality, and
durability of products, but also provides accurate feedback for
the production process, which is of great significance in the civil
field and military field [1].

In recent years, MSDR has transitioned from artificial defect
recognition, based on manually extracted features, to intelligent
recognition based on deep learning [2]. However, further re-
search has shown that these methods struggle to work under
the condition of scarce labels. Meanwhile, labeling specific
defects in industrial production requires a significant amount of
expert knowledge, which leads to few-shot exploitable labels in
defect samples [3]. Several previous works have been explored to
tackle the few labeled sample problem in MSDR, including data
augmentation using generative adversarial networks (GANs)
and metric learning [3], [4]. However, these methods typically
necessitate a certain quantity of high-quality labeled data for
guidance during the training phase and may not directly leverage
existing expert knowledge for the unlabeled data collected dur-
ing production [5]. Leveraging expert knowledge can alleviate
the burden of quality inspection tasks and provide robust support
for remedial actions. To this end, it is necessary to explore a
representation learning method for unlabeled data so that the data
representation can be adapted to the expert empirical knowledge
to complete few-shot recognition [6].

Recently, self-supervised learning (SSL) stands out as the
most prominent representation learning method for unlabeled
data [7]. Specifically, SSL acquires the data clustering capa-
bility through unlabeled training, which can be subsequently
adapted to downstream tasks via few-shot labeled data. This
typically relies on rich and diverse data representations, imbued
with dense domain knowledge, to effectively adjust with expert
labels [8]. However, metal surface defects (MSDs) are generated
with low probability, and these defects do not present clear
instance information, such as that found in general datasets
(e.g., people, plants, animals), making it challenging to cover
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Fig. 1. Diagram of model representation behavior, the dots of the
same color represent common features, which may belong to the same
category. (a) Indicates that the representation space obtained by CLIP-V
for processing MSDs is extremely large. (b) Depicts the equivocal deci-
sion margin caused by samples with ambiguity intraclass and interclass
distances in MSD.

a sufficiently diverse defect representation space. Furthermore,
it constrains the process of fine-tuning (FT) the model with few-
shot expert experiential knowledge because the lack of a diverse
representation spaces struggle to capture the common features
of defect characteristics, making it challenging to achieve ef-
fective label-free clustering that can be fine-tuned to align with
expert knowledge. Nevertheless, the label-free training nature
of SSL makes it a powerful means of addressing the few-shot
MSDR problem, as it not only alleviates the burden of expert
labeling but also utilizes unlabeled defect data collected during
production to align with prior expert experience. Consequently,
SSL retains significant potential in few-shot MSDR, provided
there is sufficient guidance diversity.

Currently, contrastive language-image pretraining (CLIP) has
garnered significant attention for its remarkable instance dis-
crimination capability and its diverse, expansive representation
space [9]. Previous studies have utilized CLIP-text and CLIP-
vision (CLIP-V) as teacher models to guide student models
(downstream models, DMs), thereby endowing the latter with
broader domain knowledge for downstream tasks [10]. This is
enlightening for achieving efficient few-shot MSDR. However,
MSDR often lacks authoritative defect description texts, posing
achallenge for integrating existing CLIP-related research. Given
the intertwining of the few-shot problem of MSDR and the
diverse representation of CLIP-V, an attractive research question
arises: is it possible to construct an SSL framework solely
through CLIP-V, which acquires simple yet efficient few-shot
MSDR? By distilling diverse CLIP-V representations into the
DM, it enables the model to acquire a broader range of defect
data representation capabilities. However, leveraging CLIP-V
representation as a guide for SSL in MSDR still presents several
challenges. First, the better representation of CLIP-V is based
on vision transformer (ViT) [11], while MSDR models often
employ convolutional neural network (CNN) architectures for
lightweight models. This results in an inherent representation
gap between DM and CLIP-V. Second, as the representation
basis of CLIP-V is derived from 400 million image-text pairs,
the representation space generated by CLIP-V for defect data is
too large to be effectively clustered, as shown in Fig. 1(a).

To address the problems discussed previously, we proposed a
novel SSL pretraining approach for MSDs, CLIP-vision guided
self-supervised learning (CVGSSL). As shown in Fig. 2, we
utilized diverse representations from multiple CLIP-Vs to guide
the update of DM, as these varied representations can further
enhance the diversity of feature representations [12]. Then,
the DM undergoes FT using few-shot labeled samples with
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expert knowledge to accomplish the few-shot recognition task.
Specifically, within the CVGSSL framework, we introduced an
MLP-adapter to align the representations between CLIP-V and
DM, thus mitigating the inherent representation differences be-
tween them. Meanwhile, we propose a regularization of diversity
constraints, which aims to prevent the representations space of
CLIP-V being extremely large. However, due to the inherent
ambiguity of intraclass and interclass distances within defect
data, the model’s decision margin often becomes equivocal [13],
as shown in Fig. 1(b). Learning diversified representations
through CLIP-V results in more representations deviating from
the cluster center and falling within this decision margin. This
undoubtedly hampers the DM’s ability to learn more robust data
feature clustering. To mitigate this problem, we introduced a
self-constrained loss function that encourages DM to remain
close to their high-level representations, which are abstracted
from the projector, thereby preventing the model’s learned data
representation capability from residing within this ambiguous
margin. The main contributions of this article are as follows.

1) A novel SSL framework called CVGSSL was proposed,
which combines the advantages of diverse characteriza-
tion of CLIP-V and achieves efficient few-shot MSDR.
To the best of our knowledge, this is the first and most
cutting-edge SSL framework in MSDR.

2) We proposed an MLP-adapter to adapt the representation
of CLIP-V and drive DM to learn these representations.
In addition, we regularized the MLP-adapter to prevent
marginalization or noise representation from affecting
DM.

3) A self-constrained loss was proposed to achieve the con-
straint goal by enabling DM to learn its high-level repre-
sentations, thereby preventing the model’s representation
from falling into the equivocal decision margin of MSD.

4) In our experiments, we evaluated the proposed CVGSSL
on three MSD datasets, demonstrating its superiority
and effectiveness in few-shot cases. Notably, CVGSSL
exhibits stronger performance on imbalanced datasets.

The rest of this article is organized as follows. Section II
presents the related work. Section III describes the details of the
method. Section IV presents the results of experiments. Finally,
Section V concludes this article.

Il. RELATED WORKS

In this section, we will review the MSDR based on deep
learning models in recent years, and briefly introduce SSL and
CLIP-based works.

A. Surface Defect Recognition

In the past decade, researchers have discovered that CNN can
autonomously and effectively extract image features, eliminat-
ing the need for manual feature extraction. For instance, Liu
et al. [2] proposed a pyramid network to deal with multisize
MSDs. Lian et al. [15] further improved the defect recognition
performance by strengthening the generative capacity of model.
While these methods can achieve intelligent recognition, they
often depend on a large number of expert-labeled samples, pos-
ing a challenge for deep learning models dealing with few-shot
scenarios. Furthermore, researchers have explored methods to
expand existing image databases using image generation tech-
niques to mitigate the few-shot problem. Wen et al. [16] and Gao
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Fig. 2.

CVGSSL framework. During the pretraining process, unlabeled data U is used for representation learning of the DM. The learning of

various CLIP-V representations by DM is driven by Ly,., while £ is employed to constrain the representations learned by DM, preventing excessive
divergence. Subsequently, the pretrained DM is fine-tuned using few-shot expert-labeled data D with standard cross-entropy loss (Lcg), ensuring
that the representations learned during pretraining align with the actual labels. The performance of the model is then validated using the test data
T. Ultimately, a few-shot MSDR based on self-supervised pretraining is implemented. In addition, when calculating losses during the pretraining
stage, gradient stopping helps support the model’s learning process and prevents instability during backpropagation, particularly when both models
are updated simultaneously [14]. (a) Pre-training. (b) Fine-tuning. (c) Testing.

etal. [4] employed GANs to augment surface defect samples and
devised an attention module for robust training with additional
samples. In addition, researchers have employed metric learning
to tackle few-shot tasks for surface defects [17], [18]. However,
these methods often overlook the potential of unlabeled data.
In reality, unlabeled data generated during production can offer
insights similar to past expert experience, facilitating subsequent
processing measures. By mining the structural characteristics of
unlabeled data, models can acquire reliable data representation
capabilities, maximizing the utilization of few-shot expert ex-
perience knowledge.

B. Self-Supervised Learning

SSL derives a recognition model suitable for transfer to down-
stream tasks by learning structured information of unlabeled
data. Such a recognition model typically requires only a single
labeled sample per class for adaptation to downstream few-shot
tasks. SSL typically relies on the rich and diverse structural infor-
mation provided by the same batch of data to effectively explore
the similarities and differences between data, exemplified by
MoCov2 [14], SimCLR [19], SimSiam [20]. However, data in
MSDR are often scarce and lacks diversity, posing challenges
for SSLL models. While related works [21], [22] enhance SSL
representation learning by enriching unlabeled MSDR data,
it is constrained by the original data representation and lacks
diversity. By leveraging rich and diverse representations, models
can better learn the structural characteristics of data to align
with past expert experience knowledge. Thus, the objective of

this article is to propose an SSL framework aimed at addressing
the challenge of few-shot MSDR by utilizing diverse and rich
representation information as guidance.

C. CLIP-Based Works

The CLIP model, trained jointly on language and images,
stands as a state-of-the-art (SOTA) deep learning model aimed
at achieving high generalization [9]. Through aligning image
instances with language descriptions, CLIP enhances the dis-
crimination capabilities of CLIP-V toward instances and en-
riches the representation within the “vision vocabulary” [23].
CLIP visual representations, based on 400 million text-image
pairs, generally exhibit superior data representation capabilities
compared to certain models that based on ImageNet, particularly
when utilizing models with ViT structures [24]. Some cutting-
edge works have successfully accomplished one-shot tasks by
harnessing CLIP’s remarkable generalization ability [25]. In
addition, there are studies that leverage CLIP to enhance the
representation of instance information in various tasks [10].
Motivated by these encouraging works, we aim to use the data
representation advantages in CLIP-V to guide SSL for few-shot
MSDR.

[ll. PROPOSED METHOD

A. Overview

The goal of the CVGSSL framework is to enhance the data
representation ability of SSL on unlabeled MSDs to better
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respond to few-shot MSDR. One of the significant contributions
of this work is the discovery that the diverse characterizations
offered by CLIP-V can address the limitations of SSL appli-
cation in MSDR. However, the primary goal of CVGSSL is
for the DM to learn how to maximize the similarity between
the representations of identical instances (i.e., the same images
processed by different models), which facilitates the discovery
of the data structure for MSDs. Specifically, we aim for the
representations of the same images, after passing through both
DM and CLIP-V, to be as similar as possible. Therefore, we
define the expected loss for the process of DM learning from
CLIP-V as follows:

exp(Sii)
Lipe =—Ep|log)) —p——
;ijlexp(s )

where Lp;. represents the loss for DM learning the diversity
from CLIP-V, the B stands for batchsize, the .S;; denotes the
element in the ¢th row and ¢th column of the similarity matrix
S. In addition, we use a function of the form SoftMax (x) to cal-
culate the expectations for each batch. The reason we utilize the
SoftMax () function to achieve this process is that it aligns with
traditional classification tasks, where a negative log-likelihood
estimate can be constructed to maximize the similarity between
identical instances essentially maximizes the predicted proba-
bility of similarity between identical instances [7]. Furthermore,
we define the corresponding empirical loss for entire dataset as
follows:

ey

w/B
exp(S.

— lo 2
Z<gz AT ))l @

where u represents the number of samples in the dataset, and

E;zc indicates the empirical loss for the entire dataset. However,
due to the large representation space of CLIP-V, we introduce
an MLP-adapter module and design the L. loss to constrain
CLIP-V’s representation. In addition, we incorporate a projector
to project DM’s representations into a higher level space, design-
ing the self-constraining regularization £ to prevent DM’s rep-
resentations from falling into ambiguous decision boundaries.
Finally, add the three (Lyy¢, Lye, L) together to obtain Lyggy. It
is important to note that, for clarity and simplicity, we will use
the expected loss as defined in (1) for the subsequent analysis.
For formula 1, the S;; typically exists within S, which is
derived from the product of two sets of normalized represen-
tations, with one vector required to be transposed to obtain
the similarity between the two sets, where .S;; represents the
diagonal elements of S. Specifically, the similarity matrix S
between representations is obtained using the following formula:

Ly =

Sll SlZ Sl]
) So1 Sw»n ... Szj
S =sim(F}, ) = : - : (3)
Sit S .. Su
F B
F. F — 4
sim(FiL F2) = 1R TR @

where | € RP*N and F;, € RP*Y | which indicate representa-
tions of different model outputs from the same batch of images,
B and N represent batchsize and dimension of representation.
Importantly, the F> needs to be transposed for this computation.
Both i and j range from 1 to B. In particular, S;; through S;;

IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS

represent the set ST. In CVGSSL, maximizing ST is accom-
plished by minimizing L(#) through the backpropagation
mechanism, enabling the 6 parameter of the downstream model
to learn how to identify similar data representations.

In the remaining contents of this section, we will elucidate
the entire framework’s implementation process by revealing
the principles and motivations behind the CVGSSL design, as
shown in Fig. 2. In addition, we will derive how to achieve
maximize ST. Specifically, we will introduce the data forward
propagation framework first, encompassing model selection and
the acquisition of model inputs and outputs. Second, we will
explain the guidance mechanism of CLIP-V and outline the
relevant motivations and principles. Next, we will elaborate on
how to constrain DM through self-constraint loss. Finally, we
will utilize the backpropagation process of CVGSSL pretraining
to briefly analyze the impact of L, on the model learning
process.

B. Data Forward Propagation Framework

SSL often requires ample and diverse samples for successful
label-free representation learning, but MSD samples lack this
characteristic. Nonetheless, there is an urgent need to grasp
the data structure characteristics of unlabeled samples in the
production process to match the existing few-shot expert-labeled
samples. Consequently, this poses a significant challenge: how
to construct a straightforward and efficient SSL implementation
for few-shot MSDR.

Motivated by the generalization performance demonstrated
by knowledge distillation of SSL and diverse representations of
CLIP-V [9], we developed the CVGSSL framework. CVGSSL
begins at the diversified representation level of data, focusing on
diversity across representations rather than individual instances
or samples. Within CVGSSL, we incorporated multiple CLIP-V
to process the same batch of images using various data aug-
mentations. This typically introduces implicit representations
of more instances [12], further enhancing the rich and diverse
representations of CLIP-V. In addition, we constructed an MLP-
adapter, composed of n stacked combinations of Linear(x) and
BatchNorm1d(*) layers, designed to enhance and adapt these
representations. These representations act as a powerful teacher,
guiding the DM model as a student. The specific forward process
on the teacher side can be articulated as follows:

& — CLIP-V*(I*) ¢ REXB*N (5)

F§ = MLP-Adapter(F¥) ¢ RE*BxN (6)

a

where K, B, and N represent the number of CLIP-V, batchsize,
and dimension number of representation, k € [1, K|. F* rep-
resents the latent generated by CLIP-V, I* represents the same
batch image of different data enhancement, and F)} represents
the clustering result of the MLP-adapter on the latent repre-
sentations. As DM, we selected ResNet18, a neural network of
CNN structure, which has reliable inductive bias. Once the DM
receives the same batch of images as CLIP-V, it generates its
own representation. Subsequently, we construct a projector to
enhance these representations further

F, = f([) S
F,, = Projector([},) € RV B*N 8)

RIXBXN (7)

where f(x) represents DM. F}, represents the representation of
the DM, while F}, denotes its high-level representation. The main
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purpose of the projector is to offer the DM a more abstract high-
level representation to serve as a learning objective, enabling the
DM to learn from diverse representations without losing focus
on defect-specific characteristics. Notably, the projector shares a
similar structure with the MLP-adapter, consisting of m stacked
combinations of Linear(x) and BatchNorm1d(x) layers, is preva-
lentin SSL models [8]. By performing an operation analogous to
clustering on Fy, the representation can be further aggregated to
produce more abstract features of F},. These features help guide
the DM toward a more advanced self-representation.

C. Guidance Mechanism of CLIP-V

Traditionally, diverse information is conveyed to DMs
through knowledge distillation. Therefore, the diversified repre-
sentations of CLIP-V, as outlined in Section I1I-B, can be lever-
aged to guide the DM in transmitting a broader representation
space. This enables DM to cover the data representation domain
of MSDR more comprehensively, facilitating better alignment
with expert knowledge in few-shot scenarios. However, CLIP-
V’s diverse representation is derived from the ViT structure,
which significantly differs from the CNN structure of DM.
Moreover, CLIP-V’s representation, trained with 400 million
image-text pairs, often encompasses a data representation space
that is excessively broad, potentially causing the DM to learn
marginalized information. Consequently, we adapt CLIP-V’s
representation and design the MLP-adapter. We efficiently distill
CLIP-V’s representation by aligning the DM’s output with that
of the MLP-adapter.

Initially, this idea is quite intuitive: if the output of DM closely
resembles that of the MLP-adapter, its representation space will
approximate CLIP-V’s, resulting in higher diversity. Therefore,
we devise a loss function, Ly;., aimed at aligning the DM
representation with the output of the MLP-adapter, facilitating
maximal learning of diverse information by the DM. Moreover,
owing to the spatial sparsity of defect data and the varying sizes
of defect targets, cosine similarity prioritizes variate direction
over location, rendering it particularly suitable for defect target
recognition. Thus, Ly, quantifies the relationship between two
outputs using cosine similarity. Specifically, the expression for
Lo 1s as follows:

K
Lipe = — Z log
=1
)

where sim(x) represents the cosine similarity between two
representations. This loss takes the form of SoftMax [14]. In
this context, the sg(x) signifies the cancellation of parameter
backpropagation, indicating the stop gradients. Féfi and I}, ;
represent the same position in the two representations, otherwise
they are different positions. L. aims to make the representa-
tions of the same image from different views of Fg and F),
similar, promoting the DM to be close to CLIP-V. Besides, F¥
will cancel the gradient as L. drives the DM, which means
that it will only be a constant and serve as a benchmark to guide
the model.

Second, due to the broad nature of CLIP-V’s representation,
certain representations may contribute to marginalized and noisy
representations, as show spike peaks of Fig. 3(a)—(c). Thus, we
aim to constrain CLIP-V’s representation space to better suit

EB: exp(sim(sg(£y ), Fy
B
Z (éc,’i)’

=1 exp(sim(sg(F,

i)
Fm’))

i=1

NEU-CLS X-SDD-CLS GCL0-CLS.

| YZM%YZWJY
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@ 28 © X [0}

Fig. 3. Representation space diagram. X, Y, and Z indicate the num-
ber of samples, dimension number of representation, and representation
value, respectively. (a)—(c) Depict the representation of CLIP-V, while
(d)—(f) show the representation after £ constraints.

defect data. However, direct adjustment of CLIP-V is impractical
due to its vast number of parameters. Consequently, we utilize
L to guide the adaptation of the MLP-adapter. Specifically, the
expression for L is

K
Le=— Z log
k=1
(10)

Notably, I}, cancels the gradient, rendering it equivalent to a
constant, thus serving as the target for MLP-adapter learning.
L. and L can be seen as adversarial, while £, necessitates
the model to learn diverse features, L, restricts diversity and
enhances relevance to defect data. Besides, we implemented
the stop gradient operation to prevent model collapse during
training, ensuring a more stable training process [ 14]. Regardless
of whether it is DM learning from CLIP-V or the MLP-adapter
learning from DM, one component maintains a fixed learning
objective. If gradient stopping is removed, the model may be
updated twice using the same output, resulting in unpredictable
variations between the initial and subsequent updates. This
may lead to a loss of direction in model updates, ultimately
destabilizing the learning process.

B exp(sim(sg(F).;), Fé‘z))
; Zle exp(sim(sg(F} ), ng))

)

D. Self-Constrain for Downstream Model

With the guidance of CLIP-V, DM has a decent ability to
discriminate instances. However, defects exhibit ambiguity in in-
traclass and interclass distances, which increasing the likelihood
that the diversified representations learned by DM fall within this
equivocal decision margin. This highlights a potential drawback
of utilizing large, general models for domain-specific tasks. To
address this problem, it may be necessary to incorporate more
task-specific information, even if it is implicit or abstract. Thus,
we develop a self-constrained loss (L,.) aimed at aligning the
DM’s representation with its abstract, higher level representation
to emphasize focus on the task center. By utilizing the L,
the model is able to reinforce its own output supervision and
prevent deviation from the task during CLIP-V guidance. This
process resembles human learning, where individuals need to
generalize and summarize knowledge after receiving guidance
from teachers. In order to minimize deviation during updates, we
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use F}, as the target of I},. It is worth noting that F}, is obtained
from the same batch of images, which means that I, and £},
should be very similar. For this purpose, the L. is constructed

B .
exp(sim(sg(Fy.q), Fy,i)) )
L. = —log E - . (1D
(i_l S8 | exp(sim(sg(Fp), Fy.j)

Through L, F} will approach high-level representation £},
as closely as possible, enhancing DM’s ability to find similar
representations and thus approaching the cluster centers.

E. Pretraining

Based on the above-mentioned introduction to the construc-
tion process of CVGSSL, it can be concluded that CVGSSL
is a self-supervised framework extended from CLIP-V. The
framework incorporates additional modules, such as the MLP-
adapter and projector. Ly, drives DM to learn from CLIP-V’s
diverse features adapted through the MLP-adapter, while L
constrains the representation space of CLIP-V, ensuring that
DM avoids learning excessive noise. L. addresses ambiguities
in intraclass and interclass distances by guiding DM toward the
high-level representations projected by the projector. Simultane-
ously, CVGSSL trains the DM on unlabeled data and fine-tunes
it using a few-shot labeled dataset. To achieve the objective of
CVGSSL, Ly, L, and L, are directly added without assigning
specific weights to control the importance of each loss

Lo = (Lo + £) + L (12)

Based on Ly, we further explore the influence of Ly
on model update during training through the backpropaga-
tion mechanism. Obviously, Ly, Ls, and L, share similar
structures, all focusing on instance similarity and utilizing the
SoftMax () function. Thus, to facilitate an intuitive and concise
analysis of the Ly, process, we focus solely on L. and omit
the summation symbols except for the SoftMax () function

Ll = —log ( op(Sii) > NGE)
exp(Sii) + Zj:l,j;éi Sij

When comparing two groups of images with the same image
but different views, the calculation of similarity primarily fo-
cuses on the diagonal of S. The backpropagation and gradient
analysis as carried out as follows:

0L y2e exp(Sii)

— 1 (14)
08 exp(Si) + i i Sis
!
Opew = Oola — LR x VO, VO = 8(5;? (15)

where 6 represents the DM parameters, LR represents learning
rate. The goal of the gradient descent method’s update rule is to
minimize the loss function £. Therefore, it is important to ensure
that S;; has a gradient value as close to 0 as possible in order
to achieve model convergence. In the case of L., Ls, and L,
CVGSSL utilizes Ly, to enhance DM’s ability to learn instance
discrimination and diverse instance information from CLIP-V.
L aims to maintain proximity between the MLP-adapter and
DM, while mitigating excessive representation space and re-
ducing unstable representation offset. L. enhances DM’s focus
on the clustering center to prevent representations from falling
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Fig. 4. Examples of datasets. (a)—(f), (g)—(m), and (n)—(w) belong to
NEU-CLS dataset, X-SDD-CLS dataset, and GC10-CLS dataset, re-
spectively.

(n) (0)

(s)

into equivocal margin. These processes enable CVGSSL to
construct a robust model for transfer to few-shot MSDR during
the pretraining phase.

V. EXPERIMENTS
A. Task Setup

1) Datasets: In order to verify the performance of few-
shot MSDR of the proposed CVGSSL, we selected the public
and widely studied NEU-CLS, X-SDD-CLS, and GC10-CLS
datasets [22]. The NEU-CLS dataset is a uniform dataset with
a total of six defects, each of which contains 300 image sam-
ples. The X-SDD-CLS dataset is a nonuniform dataset, which
contains seven kinds of defects, and the seven defect types
have sample counts of 203, 122, 63, 203, 397, 238, and 134.
The GC10-CLS dataset is a nonuniform dataset, with a total
of ten classes. The ten classes have sample counts of 329,
513, 265, 354, 569, 884, 347, 85, 74, 143. See Fig. 4 for
details. The 60% of NEU-CLS and GC10-CLS was randomly
selected to constitute the unlabeled training set U = {x;}}- |,
while 70% of X-SDD-CLS for U, consistent with previous
work [22]. In addition, a few-shot dataset D = {(z;,v;)}5_,
was extracted from U to facilitate FT of the model and conduct
a comprehensive evaluation. D comprises few-shot expert-label
information. Moreover, the remaining samples were built for
the test set T' = {(x;,v;) }7_,. The variables u, s, and z denote
the quantities of unlabeled samples, few-shot samples, and test
samples, respectively. In addition, both the unlabeled training
set U and the test set 7' remain identical across all methods.
However, since the dataset D is randomly sampled from U and
contains only one to four labeled samples per class, we will
sample D 100 times and conduct 100 FT experiments.

2) Evaluation Metric: SSL evaluates model performance by
FT and LE [8]. FT adjusts the parameters of the entire model
to better suit downstream tasks, and the performance of FT
is a strong indicator of the model’s generalization strength
obtained during SSL pretraining. Linear evaluation (LE) freezes
the backbone of the model and only updates the classifier layers,
which determines whether the model has learned task-relevant
capabilities. The model’s performance is presented in terms of
accuracy =+ standard deviation, where accuracy (acc) reflects
the overall performance of the model and standard deviation
indicates how the model’s performance fluctuates.

3) Implementation Details: CVGSSL employs a batch size
of 64 and conducts pretraining for 300 iterations to obtain the
final weights for FT and LE. The SGD optimizer is utilized
in CVGSSL pretraining, as well as in the downstream models
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TABLE |
FT AND LE COMPARISON WITH SOTA ALGORITHM BASED ON NEU-CLS DATASET

Mode FT LE
Methods One-shot Two-shot Three-shot Four-shot One-shot Two-shot Three-shot Four-shot
Rotation 57.59+6.67 68.40+5.95 73.83+4.97 77.78+4.59 33.64+3.99 37.40+3.97 40.69+4.38 43.38+4.00
InstFeat 56.40+7.30 70.67+6.58 78.0045.30 82.64+4.21 46.75+6.28 56.89+5.34 62.84+4.55 67.52+4.93
MoCov2 74.67+8.28 83.05+5.01 86.48+3.82 88.52+3.48 74.49+7.35 84.43+4.82 88.20+3.71 90.37+2.57
SimCLR 75.02+7.42 85.22:+4.60 88.71+4.16 91.29+3.29 74.33+7.53 85.46+4.83 88.83+4.13 91.2443.03
Fixmatch 39.45+8.08 78.49+4.71 83.9544.65 91.9242.67 30.5146.23 75.20+4.44 82.66+4.44 92.09+2.08
SwAV 48.61+7.73 59.72+7.36 66.69+6.85 71.02+5.82 48.67+7.29 58.99+6.31 64.47+5.01 68.60+4.34
BYOL 56.37+9.87 71.83+8.39 78.58+6.54 82.44+5.21 63.52+7.68 78.31+6.49 84.44+4.38 87.35+3.73
SimSiam 49.0049.00 62.76+7.38 70.38+5.60 73.915.66 50.35+8.80 63.757.51 71.34%5.55 75.3045.03
MPL 51.83+9.97 52.58+7.38 81.79+5.61 86.00+3.61 52.23+9.75 50.14+7.13 85.28+3.92 89.16£2.35
SimMatch 79.43+6.67 90.87+4.17 92.38+4.97 93.112.11 80.05+5.44 91.38+4.14 92.77+2.12 92.48+1.86
FDCL 91.43+6.04 95.35+2.90 96.04+1.88 96.48+1.42 91.43+6.04 95.35+2.90 96.05+1.87 96.47+1.42
TSMMIS 93.77+3.59 94.27+2.16 95.20£1.55 95.51+1.37 93.77+5.68 94.56+2.39 95.33+2.69 95.78+1.71
11.56 10.7 11.05 10.93 11.00 10.63 11.14 11.02
CVGSSL 92.21+5.00 (acc) 96.05£2.43(acc) 97.0940.86 (acc) 97.41£0.86 (acc) 92.77+5.86(ace) 95.9842.10 (acc) 97.19+1.11 (ace) 97.49+1.02 (acc)
TABLE Il
FT AND LE COMPARISON WITH SOTA ALGORITHM BASED ON X-SDD-CLS DATASET
Mode FT LE
Methods One-shot Two-shot Three-shot Four-shot One-shot Two-shot Three-shot Four-shot
Rotation 52.8548.50 64.78+5.53 71.3244.55 75.96+3.87 31.66+7.94 39.73+7.31 44.67+6.99 48.36+5.64
InstFeat 44.10+6.28 57.27+5.69 65.86+4.91 71.18+4.90 40.77+6.25 57.80+5.66 65.65+4.49 70.67+4.42
MoCov2 48.23+7.50 59.30+6.82 64.81+5.74 68.00+5.06 45.67+7.21 61.50+6.85 68.38+5.15 72.31%5.18
SimCLR 46.93+7.04 62.32+6.40 70.52+5.30 75.59+4.95 48.20+7.62 59.07+6.85 64.94%5.92 67.63+5.23
FixMatch 41.70+9.40 61.99+5.79 80.09+4.53 87.02+2.51 38.30+9.54 59.52+5.88 79.60+4.43 87.19+2.40
SWAV 41.55+7.17 52.09+6.46 59.82+5.34 64.23+5.37 40.29+7.24 50.30+6.25 55.88+5.60 60.02+5.47
BYOL 43.00+7.04 57.28+6.70 66.64+6.66 71.76%5.87 43.57+7.05 60.36+6.43 68.55+5.27 73.80+5.27
SimSiam 31.56+7.30 40.17+6.22 44.11+6.78 47.88+8.00 31.13£7.39 40.24+6.67 44.39+5.21 54.38+4.47
MPL 49.28+8.54 65.75%5.07 77.96+4.00 82.42+4.09 46.59+8.59 67.53+5.23 79.96%3.77 80.71+3.98
SimMatch 49.75+9.06 65.74%6.16 76.27+5.54 81.84+4.14 49.19+8.48 65.80+6.49 75.48+6.12 78.08+3.81
FDCL 71.42+8.60 81.59+5.55 87.37+£3.36 88.46+3.70 71.42+8.62 81.58+5.57 86.40+4.08 88.48+3.70
TSMMIS 72.68+9.87 78.93+6.48 83.22+2.89 84.62+1.97 73.89+7.77 79.17+6.89 84.00+2.27 84.37+2.32
CVGSSL  81.70:7.891...) 89.39+4.16(...) 91.23+3.00 ... 92.27+2.23 ..) 82.25£6.84 ..., 89.38+3.83(, ) 9155275 v) 92.5242.24(ui)

FT and LE. The experiments are conducted on an RTX2080Ti
11 G GPU, utilizing the Python programming language within
the PyTorch framework. To ensure reliability and performance
stability, we performed 100 experiments on both FT and LE,
averaging the results across one-shot to four-shot scenarios.

B. Performance Comparison With SOTA SSL

The SOTA methods include well-known approaches, such as
Rotation [26], InstFeat [27], MoCov2 [14], SimCLR [19], Fix-
Match [28], SWAV [29], BYOL [30], SimSiam [20], MPL [31],
and SimMatch [32]. Furthermore, FDCL [21] and TSMMIS [22]
are introduced, which are the SSL methods of MSDR. These
methods learn data representations through pretraining and
transfer them to downstream tasks for FT.

1) Recognition on NEU-CLS Dataset: CVGSSL exhibits su-
perior performance in one-shot to four-shot scenarios for both
FT and LE, as illustrated in Table I. However, in the 1-shot
case, FT and LE are lower than TSMMIS by 1.56% and 1.00%,
respectively. This outcome is expected. CVGSSL guides DM
solely based on the representation of the not updated CLIP-V.
While this approach tends to introduce more diverse instance
features, it may also introduce additional noise. In the one-shot
case, the model contends with limited supervision information
to adjust for noise effects. Nonetheless, CVGSSL excels when
sufficient supervision information is available, indicating that
increased supervision mitigates noise introduced by diversity.
In addition, MoCov2, SimCLR, and other methods perform

poorly due to the limited number of instance representations
in pretraining of MSDR. Even GAN-based FDCL is impacted
by the uneven quality of generated data. These findings demon-
strate CVGSSL’s effective utilization of CLIP-V’s diversified
representation for labelless self-supervised training, yielding a
reliable recognition model for downstream tasks with robust
recognition patterns.

2) Recognition on X-SDD-CLS Dataset: X-SDD-CLS poses
greater challenges due to a more extensive range of categories
and an imbalanced distribution among them. Despite this diffi-
culty, CVGSSL consistently outperforms other methods in the
one-shot to four-shot scenarios, as illustrated in the Table II.
Notably, in one-shot scenarios, CVGSSL surpasses the next best
methods in FT and LE by 9.02% and 8.36%, respectively. De-
spite the long-tail and nonuniform distribution of data, CVGSSL
demonstrates unexpected performance. Diverse instance rep-
resentations facilitate a deeper understanding of differences
between instances, effectively addressing the imbalanced data
representation challenge. In addition, compared to the most
accurate one-shot to four-shot method, CVGSSL can achieve
a lower standard deviation.

3) Recognition on GC10-CLS Dataset: The GC10-CLS
dataset stands out as the most challenging due to its in-
creased class count and pronounced class imbalance. Nonethe-
less, CVGSSL consistently attains optimal performance across
the one-shot to four-shot scenarios, as illustrated in the
Table III. In FT, CVGSSL achieves performances of 61.65%,
71.78%, 74.08%, and 76.13% for the one-shot to four-shot cases,
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TABLE IlI
FT AND LE COMPARISON WITH SOTA ALGORITHM BASED ON GC10-CLS DATASET

Mode FT LE
Methods One-shot Two-shot Three-shot Four-shot One-shot Two-shot Three-shot Four-shot
Rotation 32.08+4.83 42.55+4.06 48.20+4.57 52.58+4.20 21.85+3.99 25.54+3.68 27.40+3.15 29.52+2.66
InstFeat 38.39+5.98 47.81£5.26 54.82+5.02 58.78+4.58 36.91+5.82 48.00+4.98 55.99+4.48 59.94+3.95
MoCov2 50.73£5.52 58.72+4.75 62.81+4.60 66.17+£3.99 52.98+5.16 61.09+4.98 65.69+4.80 68.84+4.15
SimCLR 43.67+£6.44 53.53+5.63 59.01+3.95 61.85+3.70 43.76+6.43 53.37+5.78 58.80+4.19 61.77+3.66
FixMatch 26.46+3.63 33.85+3.60 49.15+5.08 54.83+3.93 24.97+3.34 29.99+2.81 49.78+4.42 54.34+3.84
SWAV 36.06+6.70 44.13+6.07 47.88+5.42 51.50+3.85 36.59+5.90 43.96+5.41 47.92+4.14 51.19+3.66
BYOL 37.60+6.08 47.77+5.68 55.17+5.83 60.13+5.23 45.31+£5.93 57.83+5.34 65.43+4.53 69.71+4.32
SimSiam 21.91+2.32 24.41+2.45 25.26+2.76 25.58+2.72 21.87+2.81 24.15+£2.78 25.32+2.59 26.23+2.61
MPL 28.56+4.52 48.85+5.07 57.15+4.03 60.47+4.49 28.65+5.25 48.07+4.25 58.41+4.15 61.65+4.47
SimMatch 44.81+6.45 57.37+5.01 61.72+3.88 71.68+4.03 43.97+£6.99 57.49+4.84 60.53+4.17 72.81+3.87
FDCL 58.47+5.35 65.81+4.79 70.66+4.29 73.40+3.78 58.47+5.35 65.82+4.80 70.69+4.29 73.43+3.78
TSMMIS 58.50+5.20 67.10£5.05 72.51£5.25 74.24+5.01 58.49+5.79 67.03+£5.93 73.47+4.17 74.65+4.46
13.18 14.68 11.57 11.89 13.33 13.5 10.76 10.82
CVGSSL 61.65+£5.23 (acc) 71.78+4.98 (acc) 74.08+4.21 (acc) 76.13+3.74 (acc) 61.8245.41 (acc) 70.53+4.91(ace) T4.23+4.49 (acc) 75.47£3.99 (acc)

respectively. Similarly, in LE, CVGSSL demonstrates perfor-
mances of 61.82%, 70.53%, 74.23%, and 75.47%, respectively,
while maintaining a relatively low standard deviation.

The experimental results demonstrate that CVGSSL ex-
hibits superior representation learning capabilities for unla-
beled defect data when compared to other SSL methods.
CVGSSL introduces diverse representations derived from the
visual-language pretrained CLIP-V, enabling the DM to
encompass a broad spectrum of representations, thereby facili-
tating adaptation to few-shot expert-labeled data. Particularly
noteworthy is CVGSSL’s superior performance in handling
imbalanced samples, attributed to the augmented diversity in
instance representations, which expands sample coverage and
bolsters the model’s generalization capabilities. Moreover, the
heightened richness of features contributes to an enhanced ca-
pacity for discerning and capturing distinctions between fea-
tures. Furthermore, the incorporation of £ in CVGSSL directs
the model to explore diversity in a contextually relevant manner,
mitigating the risk of the model becoming disoriented during
label-free training. To this end, CVGSSL attains the SOTA
few-shot MSDR capability.

C. Ablation Results and Discussion

In our ablation experiment, we first discussed the effects of the
selected hyperparameters /' and n, as well as the choice of CLIP-
V and DM model structures, on model performance. In addition,
we assessed the impact of the projector level on performance.
Furthermore, we investigate the impact of Lyy., L5, L on the
training process of CVGSSL. Unless otherwise specified, all
experiments were conducted on the category-balanced datasets
NEU-CLS and the category-imbalanced X-SDD-CLS.

1) Ablation of Key Factors: Regarding the choice of K and
n, we examined their impact on model performance under
various CLIP-V structures (e.g., ViTB16 and RN50) and DM
architectures (e.g., ViTB16 and RN18) in both one-shot and
four-shot conditions. We set the number of MLP-adapter layers
to n = 3 to align with the layer count typical in general SSL
models. Notably, this MLP structure in CVGSSL is designed
to accommodate the characterization of CLIP-V rather than
to project or predict specific representations. Our guideline
for determining optimal values for K and n is as follows: A
parameter that is too small may fail to achieve the desired effects,
whereas one that is too large risks overfitting. As illustrated
in Fig. 5(a)-(b), increasing K results in greater performance
variance for DM models based on the ViT structure, particularly

for the nonuniform dataset X-SDD-CLS (yellow curve). When
RN18 is used as the downstream model (blue and red curves),
selecting ViTB16 as CLIP-V yields better performance. Here,
model performance initially improves with increasing K before
declining, with the optimal value identified at X' = 4. Moreover,
while an increased number of instances can enhance learning
outcomes, which is due to richer features of multiple enhanced
views [12], an excessive quantity may introduce unavoidable
noise. Fig. 5(c)—(d) demonstrates that when K = 4 is fixed, vari-
ations in n affect performance similarly. The optimal scenario
occurs with ViTB16 as CLIP-V and RN18 as DM, where the
ideal n value is 3, particularly for nonuniform datasets. Notably,
while the choice of K and n values is influenced by the structures
of CLIP-V and DM, the best performance occurs when ViTB16
is selected as CLIP-V and RN18 as DM. This highlights the
strength of the CVGSSL framework, which effectively narrows
the differences between various model structures. In summary,
the selection criteria for hyperparameters K and n lead us to
choose n =3 and K =4 as the optimal configuration, con-
sidering the performance across both uniform and nonuniform
datasets.

Then, to investigate the impact of different CLIP-V structures
on DM, we adopted two structural systems: the ViT series and
the RN series. At this stage, we set K =4 and n = 3 for the exper-
iment. From Fig. 5(e)—(f), it is evident that the ResNet structure
models of RN50 and RN101 exhibit lower pretraining effects
on DM compared to the ViT structure, particularly evident in
the nonuniform dataset X-SDD-CLS. This suggests that the
ViT structure of CLIP-V offers more diverse characterizations,
attributed to its enhanced focus on global features. Particularly
in the one-shot scenario, the model guided by ViT-B16 demon-
strates a recognition performance 8.88% higher than the model
guided by RN50. This underscores the necessity of employing
the ViT structure for CLIP-V.

Furthermore, we examined DMs with varying parameter
counts and architectures in the NEU-CLS dataset. In this con-
text, we utilized ViT-B16 as CLIP-V. Fig. 5(g) illustrates that
ResNet18 outperforms ViT-based DMs, suggesting that CNN
structures are more suitable for industrial data, particularly metal
defect data. This also depends on the properties of the defective
data. Defects tend to exist in local space, and the CNN structure
exhibits a stronger inductive bias toward local features compared
to the ViT structure. In addition, lightweight models, whether
ViT or ResNet, tend to exhibit better performance on defect
data due to their parameter-data match, preventing overfitting.
Based on the parameters K = 4,n = 3, CLIP-V = ViTB16, and
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Influence of key factors. (a)—(b) Are obtained when n = 3, while (c)—(d) are obtained when K = 4, which illustrate the relationship between

the values of K and n with the CLIP-V structure (ViTB16, RN50), downstream model architectures (ViTB16, RN18), and the datasets (NEU-CLS,
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TABLE IV TABLE V
ACCURACY IN ONE-SHOT TO FOUR-SHOT SETTINGS FOR DATASETS AND ACCURACY IN ONE-SHOT TO FOUR-SHOT SETTINGS FOR DIFFERENT
PROJECTOR DATASETS AND MODES
DATASETS m One-shot Two-shot Three-shot Four-shot DATASETS Mode One-shot Two-shot Three-shot Four-shot
0 88.48+6.23 94.3142.65 96.29+1.36 96.85+1.00 None 71.57£7.15 80.87+6.11 85.83+3.73  88.42+2.73
1 8554+631 917143.80 94.0642.81 94974162 NEU-CLS Lpze T 74.16+821  83.76+5.82  88.9243.67  90.49+2.80
Looe + Ls T 88484623 94314265 96.29+1.36  96.85+1.00
NEU-CLS 2 9221500 96.05+2.43  97.09:0.86  97.41+0.86 Lol 9221500  96.05:2.43 97.09:0.86 97.41:0.86
3 89.48+5.84  93.99+2.52  95.80+1.28  96.25+1.18
4 85.67+6.69 92.06+3.48 93.2242.55 93.93+1.70 None 61.50£10.22  73.17£7.69  79.34+4.35  82.01+3.81
Lize T 62.76£9.60  75.52+4.93  78.77+4.32  81.92+3.49
5 8850512 92.75+2.97  9437+1.82  95.13£1.64 X-SDD-CLS o "YLo 1 7533t7.68  84.67+6.00 88.30+2.78  89.86+2.29
0 75.33+7.68 84.67+6.00 88.39+2.78 89.86+2.29 Liotal T 81.70+7.89 89.39+4.16  91.23+3.00  92.27+2.23
1 74504931  78.98+8.38  84.49+2.99  86.33+2.19 None 41.78+5.60  49.32+4.54  52.48+3.99  53.81+3.88
X-SDD-CLS 2 81.70+7.89  89.39+4.16 91.23+3.00  92.27+2.23 GCL0-CLS Lize 41534545  46.64+4.82  48.46%3.56  49.71%3.54
; B 3 79.56+8.86  87.66+4.81  89.87+2.24  90.24+1.61 Lyge + Ls T 57694592 62.75+437 64594372  65.29+3.38
4 79.5149.90 88.56+2.65 89.93+2.28 90.31+1.90 Liotal T 61.82+5.41 70.53+4.91 74.23+4.49  75.47+3.99
5 76.7049.45  86.18+4.81  88.36x1.94  89.42+235

DM = ResNetl8, we test the robustness of the model against
fuzzy samples in this scenario. Fig. 5(h) indicates that the
DM pretrained by CVGSSL exhibits robustness within the blur
level [0-1.5]. However, there is a notable performance drop
when identifying more ambiguous samples. Nevertheless, the
CVGSSL pretrained DM demonstrates strong adaptability to
sampling blur induced by machine jitter and other conditions in
industrial production.

Regarding the parameter m, the projector is acommon module
in self-supervised models, and exploring its layers can improve
the projection of DM representations into higher level represen-
tations. As shown Table IV, the optimal performance is achieved
when the projector is set to m = 2. Regardless of whether it
is for one-shot or four-shot settings, the performance initially
increases and then decreases as the number of layers grows. This
is because a shallow projector struggles to effectively project the

higher level representations of the DM, leading to poor learning,
while a deeper projector carries the risk of overfitting.

Based on the above-mentioned analysis, we can identify the
optimal key factors. When K = 4, n = 3, m = 2, and the
DM selects ResNet18 while the CLIP-V pretraining structure
chooses ViTB16, the DM can achieve optimal few-shot recog-
nition performance.

2) Ablation of Loss Function: We first conduct a quantita-
tive analysis of the effects of different loss functions. From
Table V, it is evident that the model has already achieved
certain performance without any additional special losses, in
cases (none) where the MLP-adapter does not exist. Across the
three datasets, as the proposed loss functions were gradually
incorporated, the model performance exhibited an increasing
trend, with £, and £, demonstrating the most significant effects.
However, for GC10-CLS, L. resulted in performance degra-
dation, possibly due to the absence of constraints on CLIP-V
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Fig. 6. Clustering visualization. The dots of the same color represent the same cluster, while the numbers in the legend indicate different clusters,

as there are no true labels during the pretraining phase. The black ellipse represents the appearance of equivocal decision margins, which are

alleviated by Lye.

representation, leading to downstream models blindly learning
more noisy data. Therefore, we proposed L to constrain the
representation space. Furthermore, we delve into the behavior
of data representation underlying the performance improvement
of the model through qualitative analysis. Fig. 6 illustrates that
transitioning from Ly, to Ly + L, the clustering effect of
the model on unlabeled data becomes more compact, indicating
that L4 has a significant compressive effect on the extensive
CLIP-V representation space. The clustering effect of unlabeled
samples in the second column of the Fig. 6 illustrates that, in the
absence of L., DM clusters exhibit partial overlap (as indicated
by the black ellipse). This overlap arises from equivocal decision
margin between clusters, making it challenging for samples with
unclear distances within and between classes to escape this
margin. Consequently, this overlap leads to a deterioration in
defect recognition, as shown in Table V. Further transitioning
to Ly, there is less overlap in the representation of instances
between different clusters, indicating that £,.. has the ability
to handle samples at the equivocal decision margin, effectively
alleviating the problem of difficult discrimination of equivocal
margin samples due to the ambiguity distance between intra-
class and interclass. Importantly, CVGSSL effectively captures
critical representations within the diverse CLIP-V representation
space by leveraging three synergistic loss functions to guide DM.
This guidance enables the DM’s representation space to better
encompass the shared characteristics of MSD data, leading to
enhanced clustering performance. This improvement is evident
in the transition from scattered clusters in the “none” stage to
more cohesive clusters in the “Ly,” stage.

Furthermore, to gain a more intuitive understanding of the
equivocal decision margin problem caused by the ambiguity of

NEU-CLS X-SDD-CLS GC10-CLS

Practical Examples
Control Group

Different
0.7500

Different
0.9105

Different
0.9247

Type

who £, 0.8982 09116

w L,

0.7253 0.8490 0.8901 0.8818 0.8900

Fig. 7. Diagram illustrating the similarity between practical examples.
The “different” column indicates that two images are similar but belong
to different categories, while the “same” column denotes images that
belong to the same category.

intraclass and interclass distances between instances, we discuss
this by analyzing samples that appear similar but actually belong
to different categories. In Fig. 7, “different” and “same” indicate
that the control group belongs to different and same categories,
respectively, with the numbers representing the similarity within
the control group. As illustrated in Fig. 7, the similarity between
“different” and ‘“same” is not significantly different, causing
DM to fall into an equivocal decision margin, making it chal-
lenging to distinguish between the two accurately. However,
across all three datasets, there was a notable decrease in sim-
ilarity after implementing L., indicating that L,. effectively
prevents instances from becoming overly similar. In particular,
L. exerts a stronger limiting effect on different yet similar
samples, resulting in increased distance between “different” and
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TABLE VI
ACCURACY IN ONE-SHOT TO FOUR-SHOT SETTINGS FOR DIFFERENT
WEIGHTS OF LOSS FUNCTION

DATASETS [Ly2es Ls, Lre]  One-shot Two-shot Three-shot Four-shot
None 92.21+5.00  96.05+2.43  97.09+0.86  97.41+0.86
[0.3,0.3,0.4] 83.98+7.82  90.87+4.05  92.83+x2.29  93.87+1.79
NEU-CLS [0.3,0.5,0.2] 79.52+8.29  88.23+4.45  91.51+2.54  92.29+2.03
[0.4,0.4,0.2] 83.41+7.20  89.95+3.96  92.82+2.59  93.81+1.77
[0.5,0.3,0.2] 84.36+6.39  91.35+3.24  93.17£1.90  93.69+1.69
None 81.70+7.89  89.39+4.16  91.23+3.00  92.27+2.23
[0.3,0.3,0.4] 77.08+6.16  83.83+5.39  86.274#4.06  88.64+2.53
X-SDD-CLS [0.3,0.5,0.2] 73.83+8.31  83.65+4.55  85.75+£3.69  88.00£1.76
[0.4,0.4,0.2] 72.49+8.62  83.42+6.18  86.87+2.64  88.18+2.08
[0.5,0.3,0.2] 74.96+£9.40  83.66+4.62  87.43+3.13  88.54+2.40

“same” after applying L. This is attributed to L, enabling
DM to learn higher level and more abstract features, enhancing
DM’s understanding of common defect features, and effectively
distinguishing samples with equivocal distances both within
and between classes, thereby alleviating equivocal decision
margins.

On the other hand, by assigning different weights to Ly, L,
and L., we discuss the emphasis of each loss function within the
overall loss. In Table VI, “none” indicates no weight assignment.
Since Ly, and L function as a pair and are adversarial, we
will initially set the weights of L. and L to be equal and then
analyze the performance impact when varying the weight of L,
either increasing or decreasing it. Specifically, when the weights
are set to [0.3, 0.3, 0.4] and [0.4, 0.4, 0.2], only for the nonuni-
form dataset X-SDD-CLS does L, receive a larger weight,
resulting in better one-shot performance. Even when a weight
configuration of [0.4, 0.4, 0.2] is used, with greater emphasis on
Ly and L4 and a smaller weight for L., it does not effectively
reduce the risk of a equivocal decision margin. This suggests that
when supervisory information is limited, £,. can better leverage
DM’s higher level representations to enhance the model’s task
relevance. Furthermore, weights from [0.3, 0.5, 0.2] and [0.5,
0.3, 0.2] indicate that for both NEU-CLS and X-SDD-CLS, a
greater weight on Ly, improves model performance. Intuitively,
the significance of these three loss functions is challenging to
optimize through manual intervention. In contrast, allowing the
model to operate without interference in weight assignments
can encourage it to achieve balance adaptively. However, as-
signing specific weights can artificially disrupt this balance.
Consequently, the model often achieves optimal performance
when no fixed weight is assigned.

D. Interesting Region Visualization

Visualizing the region of interest of the DM during the un-
labeled pretraining stage provides insight into whether the DM
has focused on relevant defect information. Fig. 8 demonstrates
that for most defects, the DM accurately focuses on their shape
and position, as evidenced by the second and last columns of
defects in NEU-CLS. In addition, the DM appears to have
acquired ViT’s excellent boundary recognition and potential
segmentation abilities, as seen in the third and third-to-last
columns of defects in GC10-CLS. Overall, CVGSSL enables
the DM to accurately focus on defect location, shape, and
even boundary information, offering valuable insights for en-
hancing intelligent and systematic industrial quality inspection
systems.

NEU-CLS
£

X SDD-CLS

GC 10- CLS

2.
VA s N 3

Fig. 8.
represent the regions that the model focuses on more prominently.

Visualization of CVGSSL Interested region. The areas in red

V. CONCLUSION

In this article, we introduced a novel self-supervised frame-
work, named CVGSSL, tailored for few-shot MSDR. CVGSSL
comprises two key parts. First, we utilized CLIP-V to provide
rich and diverse characterization guidance for SSL. In addition,
we constructed an MLP-adapter to adapt these characterizations.
Second, we proposed a self-constrained loss to alleviate the
negative impact of intraclass and interclass distance ambiguity
on the DM learning process of MSD data. A large number of
experiments demonstrate that CVGSSL is progressive and ef-
fective for unlabeled representation learning to few-shot MSDR.
Specifically, the powerful representational ability of CVGSSL
has not been explored across a broader spectrum of tasks, such
as shape segmentation and position recognition. In addition,
further theoretical analysis of model performance to achieve
interpretable models is lacking. Therefore, in future work, we
will endeavor to integrate the capabilities of CVGSSL into
a broader range of tasks and conduct theoretical analyses to
evaluate the model’s generalizability.
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