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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.

Index Terms—Contrastive language-image pretraining
(CLIP), deep learning, few-shot, self-supervised learning
(SSL), surface defect recognition.

I. INTRODUCTION

M 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
a challenge 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

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.

II. 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 L b2c , while L s 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 (L CE), 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.

et al. [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 SSL 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.

III. 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:

L b2c = ŠEB

�

log
B�

i = 1

exp(Sii )
� B

j = 1 exp(Sij )

�

(1)

where L b2c represents the loss for DM learning the diversity
from CLIP-V, the B stands for batchsize, the Sii denotes the
element in the i th row and i th column of the similarity matrix
S. In addition, we use a function of the form SoftMax(� ) 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:

L̂ b2c =
u
B

u/B�
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log
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exp(Sii )
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j = 1 exp(Sij )
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where u represents the number of samples in the dataset, and
ˆL b2c 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 re 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 L s to prevent DM’s rep-
resentations from falling into ambiguous decision boundaries.
Finally, add the three (L b2c, L re, L s) together to obtain L total. 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 Sii 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 Sii represents the
diagonal elements of S. Specifically, the similarity matrix S
between representations is obtained using the following formula:

S = sim(F1, F2) =

�
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(3)

sim(F1, F2) =
F1

� F1�
×

F2

� F2�
(4)

where F1 � RB × N and F2 � RB × N , 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 F2 needs to be transposed for this computation.
Both i and j range from 1 to B . In particular, S11 through Sii

represent the set S+ . In CVGSSL, maximizing S+ is accom-
plished by minimizing L total(� ) through the backpropagation
mechanism, enabling the � 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 S+ . 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 total 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(� ) 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:

F k
c = CLIP-Vk (I k ) � RK × B × N (5)

F k
d = MLP-Adapter(F k

c ) � RK × B × N (6)

where K , B , and N represent the number of CLIP-V, batchsize,
and dimension number of representation, k � [1, K ]. F k

c rep-
resents the latent generated by CLIP-V, I k represents the same
batch image of different data enhancement, and F k

d 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

Fb = f (I ) � R1× B × N (7)

Fp = Projector(Fb) � R1× B × N (8)

where f (� ) represents DM. Fb represents the representation of
the DM, while Fp denotes its high-level representation. The main
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