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ABSTRACT. Monitoring and maintaining insulators is a critical task to ensure the safe
and stable operation of electrical grid systems. However, traditional deep learning-based
fault recognition methods typically struggle when faced with learning new types of faults
with limited samples without degrading performance on previously learned classes—a
challenge known as catastrophic forgetting. This phenomenon is further exacerbated in
few-shot scenarios, where models are particularly prone to overfitting. To address these
challenges, we propose framing the insulator fault recognition problem as a Few-Shot
Class-Incremental Learning (FSCIL) task. In this paper, we introduce a novel frame-
work, Attention-aware Adaptive Prompting for Insulator Diagnosis (AAPID), inspired
by the Attention-aware Self-adaptive Prompt (ASP) method. Our approach utilizes a pre-
trained Vision Transformer as a visual encoder and keeps its parameters fixed to avoid
overfitting, thus leveraging its strong generalization capabilities. The core of AAPID
is an adaptive prompting system, consisting of: (1) task-invariant prompts designed to
capture general, shareable knowledge about insulator characteristics, and (2) task-specific
adaptive prompts to encode discriminative information for each specific fault type. This
facilitates effective knowledge transfer from known classes to newly introduced ones, even
when training data is extremely limited. Experimental results on our constructed insula-
tor image dataset demonstrate that our method effectively learns new fault classes with
only a few training samples while maintaining high performance on previously learned
fault classes, significantly outperforming state-of-the-art FSCIL and CIL methods.
Keywords: Few-shot learning, Class-Incremental Learning, Insulators identification

1. Introduction. Insulators are essential components in electrical transmission and distribution systems

[1],[21], serving the critical role of isolating and supporting power lines. Damage to insulators, such as

cracks, breaks, or surface contamination, can cause electrical discharge incidents, disrupting power supply

and threatening the safety of the entire grid. Therefore, early detection and monitoring of these faults
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is paramount. Traditional manual inspection methods are time-consuming, costly, and pose risks to
operational staff, leading to a promising shift toward automated inspection systems using computer
vision and deep learning.

However, applying traditional deep learning models to this problem encounters two significant chal-
lenges. First, data regarding fault types is typically imbalanced and scarce. In practice, assembling a
large and diverse dataset covering all possible faults on various insulator types is difficult. Second, the
real world constantly changes; new types of insulators might be installed, or previously unseen fault
patterns could emerge over time. An ideal model needs the ability to continuously learn new fault classes
without retraining from scratch on the entire dataset—a task known as Class-Incremental Learning (CIL)
[2]. The main challenge in CIL is catastrophic forgetting, wherein the model tends to lose knowledge of
previously learned classes when trained on new ones.

Combining these two challenges creates an even more complex scenario, known as Few-Shot Class-
Incremental Learning (FSCIL) [3]. In FSCIL, the model must learn new classes with only a few samples
while still retaining knowledge of previously learned classes. This precisely reflects the problem encoun-
tered in insulator monitoring. Existing FSCIL methods typically fine-tune all neural network parameters,
leading to overfitting on limited new samples and reducing the model’s generalization capabilities on base
classes. Conversely, recent prompt-based CIL methods, effective in preventing forgetting, require sub-
stantial amounts of data in incremental steps to train new task-specific prompts. This requirement makes
them unsuitable for the FSCIL setting, where data for new tasks is extremely limited.

To address these limitations, we propose a new framework called Attention-aware Adaptive Prompting
for Insulator Diagnosis (AAPID), strongly inspired by the Attention-aware Self-adaptive Prompt (ASP)
method. Similar to ASP, our approach keeps the parameters of a pre-trained Vision Transformer (ViT)
fixed to leverage its strong representational capabilities and avoid overfitting. The core of AAPID is
an adaptive prompt system, divided into two components: (1) Task-Invariant Prompts (TIPs): These
prompts are designed to learn general knowledge shared across all classes, such as basic shape, color,
and structural features of insulators. (2) Self-adaptive Task-Specific Prompts (TSPs): These prompts
are generated by a prompt encoder to capture distinctive identification information for each fault type.
Critically, this encoder facilitates knowledge transfer from known classes to new classes, eliminating the
need for substantial data to learn prompts for new tasks.

In summary, our contributions include:

e Being the first to formulate the real-world insulator fault recognition problem as an FSCIL task
and analyze the limitations of existing methods in this application context.

e Proposing AAPID, a novel prompt-based framework designed to learn new fault classes with limited
samples while minimizing catastrophic forgetting.

e Demonstrating through experiments on our constructed insulator image dataset that AAPID sig-
nificantly outperforms state-of-the-art CIL and FSCIL methods in both learning new classes and
maintaining performance on previously learned classes.

2. Related Works. Early automated methods for fault detection [4] in insulators relied primarily on
traditional image processing techniques for manual feature extraction; however, these approaches were
often sensitive to environmental variations. Recently, deep learning models, particularly Convolutional
Neural Networks (CNNs) [5],[20], have demonstrated superior effectiveness. Nevertheless, these models
inherently have limitations: they are designed for a fixed set of fault classes and require large, static
datasets for training, lacking adaptability to new fault types emerging in real-world scenarios.

To overcome these limitations associated with static models, the field of Class-Incremental Learning
(CIL) [6] has emerged, aiming to enable models to sequentially learn new classes without forgetting previ-
ously acquired knowledge. Major CIL methodologies include rehearsal-based approaches that store previ-
ous samples, regularization techniques designed to preserve important model parameters, and knowledge
distillation methods [7] intended to transfer knowledge from older models. However, a common weak-
ness across these approaches is the necessity for substantial data during each incremental learning task.
In industrial monitoring practice, data on newly emerging faults is often scarce, creating an even more
challenging scenario known as Few-Shot Class-Incremental Learning (FSCIL), which requires models to
learn from only a few samples.

Current FSCIL [8] methods typically emphasize developing feature extractors with strong generaliza-
tion capabilities or devising learning strategies to avoid overfitting on limited data. Nonetheless, most
existing methods usually fine-tune all network parameters during base class training, potentially leading
to overfitting on these classes and impeding the model’s ability to transfer knowledge [9] to new classes.
In contrast, our proposed Attention-aware Adaptive Prompting for Insulator Diagnosis (AAPID) method
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keeps the pretrained encoder parameters fixed to mitigate this risk. Thus, the primary differentiator of
our work from these FSCIL methods is our use of a fixed encoder and an adaptive prompt system, which
specifically avoids the overfitting and knowledge degradation common in full-network fine-tuning.

Recently, prompt-based approaches have become a promising direction within CIL, maintaining the
parameters of large-scale models such as Vision Transformers (ViTs) [10] fixed while only fine-tuning
a small set of new parameters known as ”prompts.” Methods such as L2P and DualP have effectively
demonstrated the use of prompts to store task-specific knowledge. However, a significant limitation of
these approaches in FSCIL contexts is their requirement for substantial data in incremental tasks to
effectively train new prompts. With very limited data, training these prompts typically results in severe
overfitting, rendering them unsuitable for FSCIL scenarios. Our proposed AAPID method addresses
precisely this limitation by adaptively generating prompts without requiring extensive amounts of new
data. Specifically, while methods like L2P and DualP require significant data to train new task-specific
prompts, AAPID’s key innovation is its ability to generate these prompts from the input itself via an
encoder, making it uniquely suited for the data-scarce FSCIL scenario.

3. Proposed Method.

3.1. Problem Definition. The Few-Shot Class-Incremental Learning (FSCIL) problem in the context
of insulator fault recognition can be formally defined as follows:

The model sequentially learns from a series of sessions ¢ € {0, 1,...,T}, each associated with datasets
Dg, Dy,...,Dp. At learning session ¢, the model does not have access to data from previous sessions
{0,...,t—1}.

Each session t has a dataset:

N
Dy = {(%1,i,Yr.i) Yt (1)
where z; ; is an insulator image, and y;; € Y; is the corresponding fault class label. The label sets of
different sessions are disjoint:

Y;NYy =0 forall t#t. (2)

Thus, each incremental learning session introduces completely new fault classes.

The initial learning session (¢t = 0) is called the base task. In this session, the model is trained on a
large dataset Dy, consisting of abundant samples of common fault types (e.g., "Normal,” ”Minor cracks”).
Subsequent sessions (¢ > 0) represent incremental tasks, formulated as an N-way K-shot problem. For
instance, a 5-way 5-shot session indicates that the model must learn 5 new fault classes, each represented
by only 5 images.

An FSCIL model typically consists of two main components: a feature extractor fy parameterized by
0, and a classifier h,, parameterized by 1. The ultimate goal is that after each session ¢, for any input
image = belonging to any class observed from session 0 to session ¢, the model accurately predicts the
fault class label:

y = hy(fo(@))- (3)

3.2. Model Architecture. To address the Few-Shot Class-Incremental Learning (FSCIL) problem in
insulator fault recognition, we propose a novel framework called Attention-aware Adaptive Prompting
for Insulator Diagnosis (AAPID). An overview of the AAPID architecture is depicted in Figure 1. In-
stead of fine-tuning the entire neural network, our method keeps the parameters of a pre-trained Vision
Transformer (ViT) fixed and only learns a small set of parameters called ” prompts.” This approach lever-
ages the robust generalization capabilities of the ViT model and prevents overfitting when learning from
limited data.

The core of AAPID is an adaptive prompting system, separated into two primary components designed
to learn distinct types of knowledge: task-invariant prompts and task-specific prompts. Task-invariant
prompts, labeled as ” Prompt init” in Figure 1, are crafted to capture general, shareable knowledge across
all classes. In our problem setting, these represent common insulator characteristics unrelated to specific
fault types, such as circular shape, ceramic material, and basic color. Inspired by the ASP paper, to
ensure these prompts remain truly invariant, all tokens within the prompt are initialized with the same
values. This encourages the attention mechanism of the ViT to consistently process these prompts across
different tasks, thereby encapsulating only non-specific fault information.
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FIGURE 1. Overview diagram of the architecture of the proposed AAPID
method. The model consists of attention blocks from ViT, a prompt learn-
ing module (" Update learning” ), and is optimized by two loss functions, IB
loss and Anchor loss.

To distinguish various fault types, the model must grasp task-specific information. Rather than training
new prompts for each fault type with extensive data, we employ an ”Update learning” module (prompt
encoder) to automatically generate task-specific prompts ("Prompt result” in Figure 1) from an input
image.

To ensure the prompt encoder generalizes effectively to unseen fault types, we adopt the Information
Bottleneck (IB) principle. The encoder training is optimized by an IB loss function, aiming to: (1)
maximize mutual information between the generated prompts and fault labels (embedding semantic fault
information), and (2) minimize mutual information between the prompts and the input data (excluding
irrelevant noise from the images). This directs prompts to focus on core fault characteristics, enhancing
recognition performance for classes with limited samples.

Alongside the IB loss, we implement an additional similarity-based loss called Anchor Loss to enhance
differentiation between fault classes. After passing through attention blocks, the model produces a feature
vector for each input image. Anchor Loss aims to cluster feature vectors of images belonging to the
same fault class closely together and near the class prototype in the feature space, while simultaneously
pushing prototypes of different classes apart. This yields clear, distinct feature clusters for each fault
class, facilitating more effective performance of the final classification layer (”prediction”).

Ultimately, the overall loss function of the AAPID model is a weighted combination of the IB loss and
Anchor Loss, enabling the model to effectively generate meaningful prompts and robustly discriminate
between different fault classes.

3.3. Loss function. The training process of the AAPID model is guided by a composite loss func-
tion consisting of two main components: Information Bottleneck (IB) Loss to learn highly generalizable
prompts and Anchor Loss to optimize the discriminative capability of the feature space.

3.3.1. Information Bottleneck (IB) Loss. To ensure that the task-specific prompts (TSP) generated by
the prompt encoder contain useful information regarding fault classes while eliminating unnecessary noise
from input images, we employ the Information Bottleneck (IB) principle. The objective of IB is to achieve
an optimal balance between compressing input data and retaining important predictive information. The
IB objective function can be represented as follows:

Lip =1(P;X)—~I(P;y) (4)
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where I(P; X) is the mutual information between prompt P and input image X, and I(P;y) is the
mutual information between prompt P and fault label y. Minimizing this loss is equivalent to minimizing
the information from input images retained by prompts while maximizing label-relevant information.

Since direct computation of mutual information is infeasible, we utilize a variational lower bound
approximation. The practical IB loss we minimize is formulated as:

Lip = E[=log P(y|x)] + Bxr - KL(P(plz)||r(p)) (5)
This loss function consists of two components:

o Classification Loss: The first component, E[—log P(y|x)], is the standard cross-entropy loss, en-
suring accurate prediction of fault labels from input images.

e KL Divergence Regularization: The second component is the Kullback-Leibler (KL) divergence
between the prompt distribution P(p|z) generated by the encoder and a prior distribution r(p)
(usually Gaussian). This component acts as a regularization mechanism, preventing prompts from
encoding excessive irrelevant information from specific samples, thereby enhancing generalization.

3.3.2. Anchor Loss. To further enhance the discriminative capability of the model, we employ an addi-
tional similarity-based loss termed Anchor Loss. The goal of this loss function is to minimize intra-class
feature distances and maximize inter-class feature distances. Specifically, we aim to bring features of
images belonging to the same fault class closer to their class prototype.

The Anchor Loss is defined based on cosine similarity as:

égf 0,p(Tk) 6
- (6)
ek |l - 1 fo.p ()l
where fp ,(x)) is the feature vector of image ) belonging to fault class k. Instead of calculating the
class centroid ¢ using the entire dataset at each step, we employ a more efficient approach by selecting
an anchor sample Z; at the beginning of each epoch. This anchor sample is the one most similar to
the true class centroid, and its feature vector é; = fg ,(&x) serves as an estimated class centroid for loss
computation.

Lancho’r =1

3.3.3. Owverall Loss Function. The final loss function for training the AAPID model is a weighted com-
bination of the above two components:

Ltotal = LIB + )\Lanchor (7)

4. Experiments.

4.1. Dataset. To comprehensively evaluate the effectiveness of our proposed AAPID method, we con-
ducted experiments on two datasets: a standard benchmark dataset, CIFAR100 [11], for comparison with
state-of-the-art methods, and a practical application dataset constructed by our team, named VPI-Fault-
2500, to validate real-world applicability.

The first dataset, CIFAR100, is widely used as a standard in image classification tasks, consisting of
60,000 color images sized 32x32 pixels across 100 distinct classes. Following the standard setup in FSCIL
research, we divided these 100 classes into 60 base classes used for initial model training. The remaining
40 classes were allocated to 8 consecutive incremental learning sessions, each configured as a 5-way 5-shot
task. This arrangement allows assessment of the model’s capability in continuously learning a sequence
of few-shot tasks and its resilience against catastrophic forgetting.

In addition to the standard dataset, we constructed the VPI-Fault-2500 dataset to evaluate the model’s
effectiveness in practical scenarios. This dataset contains 2500 insulator images classified into five labels:
Normal, Surface Crack, Rim Chip, Body Breakage, and Severe Surface Contamination, with 500 images
per label. We simulated the FSCIL scenario by dividing this dataset into three base classes (Normal,
Surface Crack, Rim Chip) and a single incremental learning session. The incremental session involves
the remaining two rare fault classes (Body Breakage and Severe Surface Contamination), configured as
a 2-way b-shot task, meaning the model learns from only 5 images per new fault class. This scenario
realistically emulates situations where a system, initially trained on common faults, must rapidly adapt
to recognizing new fault types with limited examples.

4.2. Experiment setup. In this section, we detail the research questions, evaluation metrics, com-
parative methods, and implementation settings used to assess the effectiveness of the proposed AAPID
approach.
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4.2.1. Research Questions (RQs). Our experiments are designed to address three key research questions:

RQ1: How does the overall performance of our proposed AAPID compare against state-of-the-art
CIL and FSCIL methods on both benchmark and practical application datasets?

RQ2: To what extent does each component of the AAPID architecture (Task-Invariant Prompts,
Self-adaptive Task-Specific Prompts, and Anchor Loss) contribute to the model’s final performance?
RQ@3: Does the AAPID method effectively learn a feature space in which different fault classes
(both base and few-shot classes) are distinctly separated?

4.2.2. Evaluation Metrics. We utilize standard metrics in FSCIL research for comprehensive performance
evaluation:

o Average Accuracy (Aqvg): The mean accuracy across all classes observed throughout all learning
sessions (t = 0,...,T). This metric assesses the model’s overall performance.

e Performance Dropping (PD): The decline in performance, calculated as Ag — Ar, where Ay is the
accuracy on base classes after the first session and Ap is the accuracy on the same classes after the
final session. This metric quantifies catastrophic forgetting.

e Harmonic Accuracy (HAcc): The harmonic mean between the accuracy on base classes (A,) and
the average accuracy on new classes (4,,) after the final session. This metric evaluates the balance
between learning new classes and retaining knowledge of old classes.

4.2.3. Comparative Methods (Baselines). We compare AAPID against three main categories of methods
to provide a comprehensive view:

o Classic CIL methods: iCaRL [12], Foster [13].

o Advanced FSCIL methods: CEC [14], FACT [15], TEEN [16].

e Prompt-based CIL methods: L2P [17], DualP [18], CodaP [19]. Since these methods were initially
not designed for few-shot scenarios, we also implemented enhanced versions (L2P+, DualP+, Co-
daP+) by replacing their linear classifiers with prototypical networks, a technique demonstrated to
significantly improve performance.

4.2.4. Implementation Details. All experiments were conducted using PyTorch. We used the pre-trained
ViT-B/16 model on ImageNet-1K as the backbone encoder. Input images were resized to 224 x224 pixels.
The model was trained for 20 epochs in the base learning session using SGD as the optimizer, with a
learning rate set to 0.01 for both datasets. Batch size was set to 48. The prompt length was 3 for
CIFAR100 and 5 for VPI-Fault-2500. The hyperparameter A in the loss function was selected through
cross-validation.

4.2.5. QOwverall Performance Comparison (RQ1). Tables 1 and 2 present detailed performance comparisons
between AAPID and other methods on the CIFAR100 and VPI-Fault-2500 datasets.

On the CIFAR100 dataset (Table 1), AAPID demonstrates superior performance across all primary
metrics. Specifically, the Average Accuracy (Aqyg) of AAPID is the highest at 89.5%), indicating the best
overall performance across all learning sessions. Critically, AAPID has the lowest Performance Dropping
(PD) value of 4.8%, highlighting its exceptional capability to mitigate catastrophic forgetting. Moreover,
the highest Harmonic Accuracy (HAcc) of 86.1% confirms an excellent balance between retaining old
knowledge and acquiring new knowledge. Original prompt-based CIL methods (L2P, DualP, CodaP)
exhibit significantly lower HAcc values, verifying their unsuitability for few-shot scenarios.

On the VPI-Fault-2500 dataset (Table 2), a similar trend is more pronounced. AAPID achieves an
Agvg of 94.2% and an HAcc of 92.5%, significantly outperforming the second-best method, TEEN. This
clearly indicates that AAPID is not only effective on benchmark datasets but also highly efficient for
practical applications in insulator fault recognition, where the capability to learn from limited examples
is critical.

4.2.6. Ablation Study (RQ2). To clearly understand the role of each component, we conducted an ablation
study by systematically removing individual modules from AAPID. The results are presented in Table
3. Removing any component resulted in decreased performance on the $A_avg$ metric for both datasets,
validating the rationale behind our design and indicating that the components mutually support each
other. Notably, omitting the Task-result Prompts (w/o TRP) caused the most significant performance
drop, emphasizing its crucial role in learning new classes.
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TABLE 1. Performance comparison on CIFAR100 dataset (setup: 60+8x5-

way 5-shot)
Method Agug (%)t PD(%)) HAce(%)1
iCaRL 78.4 27.2 57.5
Foster 73.9 35.9 11.0
CEC 81.0 19.0 64.1
FACT 78.6 21.7 95.5
TEEN 87.3 8.8 81.2
L2P 71.1 37.0 0.0
DualP 70.6 36.9 0.1
CodaP 72.0 374 0.0
DualP+ 81.1 8.5 75.3
AAPID (Ours) 89.5 4.8 86.1

TABLE 2. Performance comparison on VPI-Fault-2500 dataset (setup:
3+2-way 5-shot)

Method Agug (%)t PD(%)) HAce(%)?1
iCaRL 85.1 15.4 78.2
Foster 82.6 20.1 65.7
TEEN 91.5 6.2 88.3
DualP+ 88.9 8.0 85.1
AAPID (Ours)  94.2 3.1 92.5

TABLE 3. Ablation Study Results on Average Accuracy ($A_avg$) (%)

Method CIFAR100 VPI-Fault-2500
AAPID (Full model) 89.5 94.2
w/o Task-init Prompts (TIP) 88.9 93.6
w/o Task-result Prompts (TRP) 87.8 92.1
w/o Anchor Loss 88.7 93.4
w/o IB Loss 88.2 92.9

4.2.7. Quality Study (RQ3). To address the third research question (RQ3), "Does the AAPID method
effectively learn a feature space in which different fault classes are distinctly separated?”, we employed
the t-SNE technique for dimensionality reduction and visualization of the features extracted from the test
samples (Query Set) on the VPI-Fault-2500 dataset. The figure 2 above provides a visual comparison
between the feature spaces learned by a baseline method and our AAPID method.

Baseline Feature Space (Left Column): The baseline method results in a chaotic and ineffective feature
space. In the Query Set plot, data points from all five classes (represented by five different colors) are
densely mixed and indistinguishable, forming a large, central cluster. There is no evident structure or
separation among classes. This indicates that the baseline model completely failed to learn discriminative
features, resulting in an inability to differentiate between base classes and new few-shot classes. This
scenario vividly illustrates catastrophic forgetting and the baseline’s incapability of learning effectively
from limited data.

AAPID Feature Space (Right Column): In stark contrast, our AAPID method yields a highly struc-
tured and well-organized feature space. In the Query Set plot, the five distinct classes are clearly separated
into five discrete and coherent clusters. Each cluster is dense, homogeneous in color, and maintains a clear
margin from other clusters. This demonstrates that AAPID not only preserves knowledge of previously
learned classes but also effectively captures unique features for new classes using only a few examples,
subsequently organizing them systematically within the feature space.

This visual analysis strongly affirms RQ3, demonstrating that AAPID indeed learns a superior feature
space, where classes are distinctly represented with high separability. The quality of this feature space
fundamentally supports the impressive quantitative performance reported in previous result tables.
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F1GURE 2. The t-SNE visualization of ablation study on VPI-Fault-2500.

5. Conclusions. In this work, we highlighted critical challenges inherent to practical insulator fault
recognition: the scarcity of data for rare fault types and the limited adaptability of traditional deep
learning models when learning new fault classes. We formalized this problem within the framework of
Few-Shot Class-Incremental Learning (FSCIL) and analyzed the limitations of existing Class-Incremental
Learning (CIL) and FSCIL methods in this specific context.

To address these challenges, we proposed Attention-aware Adaptive Prompting for Insulator Diagnosis
(AAPID), a novel prompt-based incremental learning framework inspired by the ASP method. By keeping
the parameters of a pre-trained Vision Transformer model fixed and only learning an adaptive prompt-
ing system—comprising task-invariant prompts to capture general knowledge and task-specific prompts
generated by an encoder guided by the Information Bottleneck principle—our method effectively learns
new classes with just a few samples without needing to retrain the entire network.

Experimental results conducted on both the benchmark dataset CIFAR100 and our constructed prac-
tical application dataset VPI-Fault-2500 demonstrated the superior performance of AAPID compared
to various advanced CIL and FSCIL methods. Quantitative analysis through performance tables and
qualitative analysis via t-SNE visualization of feature spaces consistently showed AAPID’s exceptional
capability to learn new fault classes while robustly retaining knowledge of previously learned classes. Our
study not only provides an effective solution for insulator monitoring but also establishes a promising
pathway for applying FSCIL to a broader range of industrial inspection problems where data on novel
fault classes is inherently limited.
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While our proposed AAPID method demonstrates strong performance, we acknowledge its limitations.
First, the method’s effectiveness is closely tied to the quality of the pre-trained ViT backbone. As
the encoder parameters are kept fixed to mitigate catastrophic forgetting , a significant domain gap
between the pre-training data (e.g., ImageNet ) and the specific target domain of insulator faults could
potentially limit the upper bound of performance. The adaptive prompts are designed to bridge this
gap, but their effectiveness may be constrained by the quality of the frozen features. Second, from a
practical deployment perspective, while AAPID is highly efficient during training, the inference phase
still requires a full computational pass through the large-scale ViT model. This inference cost might be a
consideration for real-time monitoring systems with constrained hardware resources. Future work could
explore domain-specific pre-training for the encoder or investigate lightweight, efficient ViT architectures
as an alternative backbone.
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