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OPEN A multi-level feature enhancement

framework for named entity
recognition in power system texts

Ziming Wei?, Hongchao Gao?, Shaocheng Qu'™, Li Zhao?, Qiangian Shi* & Chen Zhang*

Power equipment maintenance work orders, a critical type of power system texts, are rich in
operational details such as faulty components and maintenance procedures. However, automated
information extraction from these orders is impeded by complex domain-specific terminology

and intricate semantic structures. This paper proposes a novel multi-level feature enhancement
framework to overcome these challenges. The framework’s contributions are threefold: Firstly,

a Hierarchical Knowledge-Driven Data Completion method is proposed to construct the Power
Equipment Maintenance Named Entity Recognition (PEM-NER) dataset, leveraging raw data from

the State Grid Corporation. Secondly, a Position-Aware Global Attention mechanism is developed and
integrated within the transformer architecture. This mechanism effectively captures relative positional
information and dataset-scale features, significantly enhancing contextual understanding for NER
tasks. Thirdly, a Fine-Grained Information Enhancement Module is designed to refine character-

level dependency analysis, thereby improving the precision of entity boundary detection. Extensive
evaluations on the PEM-NER dataset and three public benchmarks demonstrate the proposed model’s
superior performance, especially in recognizing entities within power system texts. The framework
exhibits promising applications in knowledge graph construction and question-answering systems
within the field of power equipment maintenance.
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With the rapid growth of global industrialization and increasing power demand, power systems face great
pressure to operate safely and stably, which has led to alarge increase in power equipment maintenance work. The
data generated from these frequent and intensive maintenance activities is important for evaluating equipment
operating conditions, predicting potential failures, and developing data-driven smart grids"2. Therefore, how
to use large amounts of maintenance data efficiently has become an urgent challenge for power companies
seeking to improve system performance and sustainability. It is important to note that a large part of power
system text comes from maintenance work orders, which record detailed information about equipment and
the complete process of defect repairs. However, as shown in Table 1, most existing work orders are recorded as
unstructured text, and extracting accurate information from these unstructured records is both challenging and
time-consuming.

Named Entity Recognition (NER) is a key task in Natural Language Processing (NLP) that aims to identify
entities with specific meanings in natural language text and classify their types accurately®. It is a basic step for
building structured knowledge bases and information retrieval systems®°. Although deep learning has made
significant progress in NER, its application in the power sector remains limited. Specifically, extracting entity
information from power equipment maintenance work orders faces three major challenges: First, complex
language features. The text contains many domain-specific terms and abbreviations, and Chinese text lacks
clear word boundaries, which makes semantic understanding more difficult. Second, varying recording styles.
Different maintenance personnel have very different writing habits, which leads to multiple ways of expressing the
same type of entity. This variation in recording style makes entity recognition more difficult. Third, incomplete
data. Because recording standards are not well-developed, the raw data often has missing key information. This
not only damages the semantic completeness of sentences but also seriously affects the training performance of
supervised learning models.

Existing general-purpose NER models often struggle when processing such complex power domain data.
Traditional sequence labeling models and methods based on general pre-trained language models often fail
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Case Description

35kV Baling Substation added 35kV main transformer door frame A-type pole top plate welding, added 35kV main transformer

Example 1 neutral point arrester equal diameter pole top plate welding and grounding lead wire welding.

Xi#1 main substation body, 110KV side neutral arrester pre-test, Xi#1 main substation 10kV bus bridge, Xi#1 main substation

Example 2 35kV side neutral arrester, Xi31 lightning arrester, Xi#1 main substation 10kV bus bridge routine test.

AC 220kV Yuwang Substation: 220kV equipment area, 110kV equipment area weed removal, main transformer fire sandbox

Example 3 debris cleaning; 10kV high-voltage room, protection room, battery room, safety equipment room hygiene cleaning.

Liugiao substation Liu #2 main transformer, Liu 35KV arc extinguishing coil, Liu 107, 302, 502 switching unit equipment pre-test

Example 4 and maintenance overhaul, Liu #2 main transformer gas relay calibration and on-load voltage regulator core lifting inspection.

Table 1. Example of raw data sample. (English translation version).

to accurately identify complex entity boundaries and lack the ability to effectively capture global information
from the dataset. Furthermore, most existing methods overlook the negative impact of missing data on model
training performance. To tackle the aforementioned challenges, we develop a multi-level feature enhancement
framework focusing on effectively extracting critical information units from textual records. This framework
combines domain knowledge-driven data completion, global attention mechanisms, and fine-grained feature
enhancement to form an integrated system. The proposed framework demonstrates superior performance
compared to existing approaches, with validation conducted on multiple benchmark datasets.
The main contributions of this paper are as follows:

« We present the Hierarchical Knowledge-Driven Data Completion method, through which we constructed the
Power Equipment Maintenance Named Entity Recognition (PEM-NER) dataset using maintenance records
from the State Grid Corporation of China. This dataset encompasses seven entity classes pertinent to power
equipment maintenance processes, comprising 6,371 sentences and 235,796 characters.

« We propose a novel Position-Aware Global Attention mechanism. This attention mechanism emphasizes rel-
ative positional information during computation and employs two global memory units to capture feature
information at the scale of the entire dataset. Within this mechanism, we propose a novel Learnable Double
Normalization (L-DNorm) method.

o We designed a Fine-Grained Information Enhancement Module to capture character-level local dependen-
cies, enhancing the model’s entity boundary detection capabilities.

« Through extensive experimental validation, our proposed model demonstrates superior recognition perfor-
mance on both the PEM-NER dataset and three public benchmark datasets. This work not only provides new
solutions for power system information extraction, but also creates new ideas for data research in related
industrial scenarios.

Related work

Named Entity Recognition has made significant progress since its introduction at the Sixth Message
Understanding Conference (MUC-6) in 1995. This section reviews the development of NER, from general deep
learning models to domain-specific applications, and analyzes the limitations of existing methods in processing
power system texts.

Deep learning-based NER model

Early NER research was mainly based on rule-based and statistical models, but deep learning techniques have
become the main approach in recent years®. Huang et al.” were the first to propose a model that integrates
bidirectional long short-term memory networks (BiLSTM) with conditional random fields (CRF) for NER. This
model demonstrated high accuracy and robustness, establishing itself as a classical approach in the field of NER.
Chiu et al.® introduced convolutional neural networks (CNNS) to capture character-level features, combining
them with BiLSTM to efficiently enhance NER performance.

In recent years, the emergence of pretrained models such as Transformer and BERT has revitalized the
field of NER. Yan et al.? proposed TENER, an NER model based on the Transformer encoder architecture,
which effectively captures both character-level and word-level features. Building on the multi-head attention
mechanism within the Transformer framework, Liu et al.!? developed a multimodal Chinese NER model named
USAE which integrates textual and acoustic features to achieve superior performance in Chinese NER tasks.

Although these models perform well on general datasets, they usually focus on local or long-distance
dependencies within sentences. When processing power maintenance work orders, these models often ignore
global dataset features across samples, and standard attention mechanisms cannot accurately handle complex
relative position information in power texts. This leads to limitations in recognizing dense and structurally
complex technical terms.

Domain-specific NER research

With the rapid advancement of deep learning, its applications have expanded across a growing number of
research domains!!~!4. This pattern is especially noticeable in the area of NER, where domain-specific NER tasks,
tailored to various types of textual data, have become a focal point of academic research. Yu et al.'® proposed
a mineral named entity recognition model based on deep learning, leveraging BERT combined with CRF to
effectively identify seven categories of entities within mineralogical texts. Liu et al.!® employed a CNN to filter
a corpus of railway faults caused by electromagnetic interference and further integrated BiLSTM and BERT to
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construct an NER model for extracting fault-related entities. Nath et al.'” modeled the NER task for clinical texts
as a multi-label supervised annotation problem, introducing three multi-label entity annotation frameworks
aimed at simultaneously identifying entities and their associated attributes. Chu et al.!® proposed a NER model
based on a multi-feature fusion Transformer, which innovatively combines three features, character, word, and
radical, to enhance the model’s recognition accuracy in aerospace domain texts.

However, NER research for the power industry is relatively limited. Compared to other domains, power
equipment maintenance work orders have unique challenges: inconsistent text recording styles and many
missing fields (such as missing equipment names or fault locations). Most existing domain-specific models focus
on feature fusion or multi-label classification, but have not proposed effective strategies to address the common
industrial problem of incomplete data. They also lack fine-grained processing mechanisms for handling unclear
entity boundaries in power texts. Therefore, developing a framework that can address missing data, capture
global information, and accurately identify complex entity boundaries is important for power system text mining.

Dataset construction

Initial construction

Data annotation

The data used in this study were sourced from maintenance work orders recorded in the Production Management
System (PMS) of the State Grid, covering the period from 2016 to 2023. Each work order consists of unstructured
textual data in Chinese, as illustrated in Table 1. After initial data cleaning and transformation, a raw dataset
containing 6371 samples totaling 205,375 characters was constructed.

The primary objective of the NER task for power equipment maintenance work orders is to extract key
information to facilitate further management and analysis by power enterprises. This includes applications
such as equipment life prediction, defect correlation analysis, and smart grid construction. To this end, we
identified seven entity categories of highest analytical value: EN(Equipment Name), VL(Voltage Level), Line,
Sub(Substation), DP(Damage Part), MS(Maintenance Status), and Time. The dataset annotation process utilized
the BMES (Begin-Middle-End-Single) sequence labeling framework, which categorizes entity boundaries as
follows: B designates the initial position of multi-character entities, M and E sequentially identify subsequent
and terminal segments of such entities, while S exclusively labels standalone single-character entities.

Quality control

The annotation process for this study was conducted by a team of four annotators to address the demands
of processing a large-scale sample set. To ensure annotation quality, we implemented a strict quality control
process: first, all annotators underwent systematic training based on equipment maintenance specification
documents from power grid companies; subsequently, quantitative assessment of inter-annotator consistency
was conducted using the Fleiss Kappa coefficient!?. Specifically, 10% of samples were randomly selected from the
entire dataset for independent annotation by all four annotators. Calculations revealed a Fleiss Kappa coefficient
of 0.83 among annotators, which according to the classification standards of Landis and Koch (1977), falls
within the “almost perfect agreement” range (0.81-1.00), indicating high reliability and consistency in the
annotation process of this study. To further ensure reliability, any inconsistent annotations identified during the
process were reviewed and resolved through group discussions and final adjudication by a senior domain expert.

Hierarchical knowledge-driven data completion

Early maintenance work orders for power equipment suffered from incomplete documentation rules and
heterogeneous recording practices across personnel, resulting in substantial missing data fields. Critical omissions
included equipment name, damage parts, maintenance status, and location information (e.g., grid lines or
substations). These data deficiencies significantly compromised the training efficacy and practical utility of NER
models. Conventional imputation methods, such as Lagrange interpolation, K-nearest neighbors (KNN), and
Markov models, rely on statistical correlations to estimate missing values, prioritizing global data distribution
repair over discrete textual field reconstruction. Such approaches fail to address semantic interdependencies
in unstructured text. Meanwhile, deep learning-based methods (e.g., generative adversarial networks, GANs)
exhibit opaque decision-making processes and risk generating entities violating equipment-type constraints,
potentially contravening safety protocols. To address this issue, we propose a Hierarchical Knowledge-Driven
Data Completion (HKDC) method, which achieves targeted data completion by integrating domain prior
knowledge and hierarchical relationship constraints.

Hierarchical knowledge base construction

To ensure the semantic and rationality of the operation and maintenance work orders after data completion,
we constructed two hierarchical dictionaries based on the power equipment operation and maintenance
specification documents of the power grid company and historical operation and maintenance work orders:

 Equipment Maintenance Dictionary A three-tier tree-structured entity constraint repository, with equipment
names as root nodes, damage parts as secondary nodes, and maintenance status as leaf nodes. Figure 1 shows
some of the contents in this dictionary.

« Grid Topology Dictionary A hierarchical system designating substations as parent nodes and their affiliated
power lines as child nodes, enabling bidirectional substation-line mapping.

Data deficiency detection and completion
After annotating entities in original work order texts, rule matching is used to locate the missing fields. If
the sentence appears to contain the name of the equipment but no defective part, or contains the line but no
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Fig. 1. Example of equipment maintenance dictionary content.

substation, etc., it is judged as a missing entity. Aiming at the samples with missing entities, a dynamic inference
strategy is used to make up the data. First, the existing entity category information in the current sample is
extracted based on the labeled BMES labels. Then, query the hierarchical knowledge base according to the
existing entities to obtain the set of candidate entities, and finally randomly select the corresponding entities to be
inserted into the current sample and annotate the inserted entities. For instance, if a sentence includes the terms
“main transformer” (EN) and “oil conservator” (DP), the corresponding operation and maintenance statuses
(MS), such as “oil quality testing” and “abnormal heat handling,” are retrieved from the equipment operation
and maintenance dictionary. Subsequently, one of these statuses is randomly selected and incorporated into the
current sentence, followed by the completion of the BMES annotation for the entire sentence.

Considering the existence of incomplete information of certain equipment operation and maintenance
records in real industrial scenarios, excessive data complementation may introduce noise or bias, which in turn
affects the accuracy of the model in practical use. In order to avoid this situation, we only complemented the
data in the training set, and in addition, we complemented only 40% of the data sample, so that the model has
the ability to handle incomplete data.

In conclusion, our proposed HKDC method solves the pain points of missing logic and semantic conflicts
in textual completion for power operation and maintenance through hierarchical knowledge-driven approach.
Compared with the traditional interpolation method and deep generative model, it has significant advantages in
text-based data processing, domain rule compliance, and result interpretability. After data annotation and data
completion, we constructed the Power Equipment Maintenance NER (PEM-NER) dataset. The dataset contains
a large number of typical maintenance data of various types of power equipment, covering 7 types of entities, a
total of 6,371 sentences and 235,796 characters. The specific number and percentage of each entity category is
shown in Fig. 2.

Dataset feature analysis
The PEM-NER dataset, specific to the power sector, presents four distinct characteristics that also pose challenges
for named entity recognition:

o Text complexity in Chinese The dataset is in Chinese, which lacks obvious morphological changes and spaces
between words, making it difficult to identify word boundaries.

o Inconsistent writing styles Different staff members record maintenance work orders in unique writing styles,
so recording styles and completeness of records vary widely.
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Fig. 2. Number and percentage of each entity category in PEM-NER dataset.

o Variable text length The varying complexity of faults and maintenance procedures across different types of
equipment results in substantial differences in the length of maintenance work order texts. Based on statistical
analysis of the existing data, the shortest work order contains 8 characters, while the longest extends to 362
characters.

o Domain-specific terminology and abbreviations The dataset contains numerous specialized terms and acro-
nyms unique to the power industry, with a wide variety of entities and complex semantics, increasing the
difficulty of accurate entity recognition.

Proposed method
Figure 3 depicts the general structure of our proposed model. Based on the transformer framework, we
propose a novel position-aware global attention(PAGA) mechanism, and construct a fine-grained information
enhancement module(FIEM) as another branch to better capture local information. Additionally, we introduce
ELECTRA? for character embedding to enhance contextual representations and employ CRF to obtain optimal
label sequences.

Following a brief overview of transformer fundamentals, this section provides detailed descriptions of each
component within our proposed model.

Preliminary of self-attention and position encoding
The Transformer model’s success stems from its attention mechanism??, which excels in capturing long-range
dependencies and enabling parallel processing®.

The self-attention mechanism enables bidirectional contextualization across sequence positions through
inter-token dependency modeling. For an input sequence X € R"*? comprising # tokens, three parameterized
projection heads derive the fundamental operators:

Q=XW,K=XW,V=XW,, (1)

where W, Wi, W, denote trainable projection matrices. The contextual aggregation is then formulated as:

T
Attention = ¢ (?/I;; ) Vv, (2)
k

with ¢(-) representing the row-wise softmax normalization and dj corresponding to the latent subspace
dimensionality of attention heads.

While parallel processing improves computational efficiency, it eliminates sequential information?. Position
encodings address this by encoding token positions into fixed-length vectors using sine and cosine functions:

pos

PE(wos 2 = sin (W

. pos
) 7PE(pos,27,'+1) = COs (W) s (3)

where pos stands for the position, d is the encoding dimension and i is the dimension index.

Character embedding
Character embeddings constitute a fundamental component in named entity recognition systems, transforming
discrete symbolic tokens into dense numerical embeddings that capture latent semantic features.?®. This
process effectively decreases the dimensions of the lexical representation, generating a compact and continuous
embedding. By incorporating character-level information, the model gains a richer understanding of word
semantics within the surrounding text, improving its ability to interpret context and identify entities accurately.
Numerous NER models rely on approaches like Word2Vec or CNN to achieve character embedding, though
these techniques come with certain limitations?®?’. Notably, they often fail to recognize distant connections in
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Fig. 3. The overall architecture of our proposed model.

string-based inputs because their learning depends on short segments of context, causing important structural
patterns to be overlooked?®. The emergence of pre-trained language models such as BERT, XLNet and RoBERTa
has effectively addressed prior limitations, establishing them as the predominant methods for character
embedding.

In this study, motivated by industrial deployment requirements that necessitate enhanced computational
efficiency, we implemented ELECTRA for character embedding of input text. ELECTRA’s innovation lies in its
Replaced Token Detection task, which supplants BERT’s Masked Language Modeling (MLM) approach. This
architecture employs a Generator to produce replacement tokens and a Discriminator to determine whether
original tokens have been substituted, thereby utilizing all input tokens for learning and substantially improving
training efficiency. With the same number of parameters, ELECTRA has better performance compared to
models such as Bert and RoBERTa, and is computationally efficient, e.g., only 1/4 of the training volume is
needed to reach the ROBERTa level.

Position-aware global attention mechanism

In the original Transformer, position encoding is achieved through linear combinations of sine and cosine
functions. While this position encoding approach enhances the model’s capacity to perceive distances, it exhibits
limitations in discriminating the directional relationships among tokens®. Additionally, the conventional self-
attention mechanism exclusively focuses on correlations between different positional features within individual
samples, neglecting potential latent associations across different samples®®. To address these limitations,
we propose position-aware global attention(PAGA) mechanism. The PAGA mechanism implements novel
positional embedding and attention score computation methodologies, incorporating two learnable global units
to capture inter-sample correlational information. The process initiates with the computation of query (Q), key
(K), and value (V) representations:

Q:XWlI7K:XWk7V:XWU7 (4)
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where the matrices Q, K, and V all belong to R** %, with W, Wy, W, € R?*% serving as their respective
learnable projection parameters. Subsequently, we compute the relative positional embedding vector
representation between two tokens:

P, -:[ sin( t—J ) cos( t=j ) ]T (5)
T T 1000024 dr 100002i/dx’ "]

where ¢ represents the current position (position of query), j represents the position to be attended (position of
key), and P;_; depends only on the relative distance (#-j), not on the specific positions t or j. To fully utilize the
positional information contained in P;_; and enhance the expressive capacity of the attention mechanism, we
introduce an improved position-aware attention score computation method. Specifically, for the position-aware
attention score M ¢ ; between positions t and j, we decompose it into four components:

M.;=Q.K, +Q,P{ ; +uK, +vP/ (6)

where Q, KT represents the basic content attention term, computing the content correlation between query
position t and key position j, reflecting the semantic associations between tokens in the sequence; QtPtT,j
is the interaction term between query and relative positional embedding, enabling the query to perceive
relative positional information and allowing the model to learn position-based attention patterns; u# and v are
two learnable bias vectors which, through their interactions with relative positional embeddings and content
information, enhance the model’s capability to capture both positional and content relationships within the
sequence.

In calculating the relative positional embedding of the tokens at position ¢ (j=0) and -t (j=2tf), it is obtained
according to (5):

P, = [ sin(zot) cos(zot) --- sin(za_,t) cos(za_,t) ] ,
. ; ’ (7)
P_,= [ —sin(zot) cos(zot) -+ —sin(zga_,t) cos(za_,t) ] ,
2 2
where z; = —————. From the results, it can be seen that P, # P_;, which indicates that the positional
100002%/ 4k

embedding is different in the two directions. So by calculating the attention score in the above way the positional
information between different tokens can be perceived.

In standard self-attention mechanisms, dependency modeling is limited to local context within a single input
sequence. This prevents the model from directly using information from the entire dataset. To address this
limitation, we introduce two global shared learnable memory units, denoted as Uy and U,,. These global memory
units are shared across all attention heads and all training samples. They serve as a global latent dictionary that
captures high-level semantic prototypes specific to the power maintenance domain. Specifically, Uy acts as a set
of semantic keys representing different entity patterns or clusters observed across the entire corpus, while U,
stores the corresponding feature representations.

This interaction is designed as a global addressing and retrieval process. For an input token query Q, the
model computes similarity scores with the global Uy, to obtain global context:

IGiobal = L-DNorm(QU U ,, (8)

where Uy, U, € R5*4r and Sis the dimension of the global memory units, representing the number of memory
slots. This operation addresses the global memory and allows the model to match current local tokens with
learned dataset-level prototypes. Based on these addressing weights, the model then retrieves relevant global
context from U,.

During the computation of QU 7, if a token’s feature vector ¢; in Q contains abnormally large values, it
results in large dot products between g1 and all memory vectors in U. When using single softmax normalization,
this leads to extreme distributions in the corresponding row of the attention matrix, even when the token
should not have strong correlations with certain memory vectors. Applying normalization in both row and
column directions prevents anomalous feature values of individual tokens from dominating the entire attention
distribution.

However, this introduces another challenge: overly balanced attention distributions might impair the model’s
feature recognition capabilities. To address this, we introduced two learnable parameters, cv and 3, establishing a
learnable double normalization (L-DNorm) method. This enables the model to dynamically adjust normalization
intensity in different directions during training. The computation process is as follows:

A, = QUL ©)
/ eXp(A; /a)
Al = (10)
7Y, exp(A4) /)
A
Az‘,j - W (11)

Ultimately, our design of position-aware global attention mechanism can be expressed as:
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Attn = softmax(M)V + Igiopa (12)

Fine-grained information enhancement module
PAGA mechanism is adept at processing global contextual information; however, it may lack precision in
capturing finer details. Especially in the named entity recognition task, the model needs to accurately recognize a
specific entity with a relatively small number of words in a long sentence. To address this issue, we propose a fine-
grained information enhancement module (FIEM) aimed at augmenting the model’s capability to capture local
information, thereby improving its accuracy in entity recognition within text. The architecture of this module is
depicted in Fig. 3 and is primarily composed of CNNs. CNNs excel at extracting features from localized windows,
effectively capturing phrase-level characteristics that are especially beneficial for named entity recognition’!.
The FIEM employs two parallel convolutional layers with distinct kernel sizes. The smaller kernel is designed
to capture local fine-grained features, while the larger kernel is tasked with identifying broader contextual
dependencies. An interactive design is implemented between the two convolutional layers, such that the output
of each layer modulates the feature extraction of the other, facilitating feature interaction through element-wise
multiplication. The module is calculated as follows:

Out, = Norm(Conv; (X)) ® GELU(Norm(Convs(X))), (13)
Outz = Norm(Convz (X)) ® GELU(Norm(Conv; (X))), (14)
Out = Convs(Outi + Outs) + X, (15)

where Convi and Conva represent 1-dimensional convolutional layers with small and large convolutional
kernels, respectively. Norm denotes the application of layer normalization, which enhances training stability,
while GELU refers to the activation function employed in the module. Convs maps the processed features back
to the original feature dimensions. Finally, a residual connection is employed to mitigate the vanishing gradient
problem. In the experimental section, we conducted a detailed analysis of the impact of convolutional kernel
sizes in the convolutional layers on model performance.

Conditional random fields

Conditional Random Fields (CRF) represents a probabilistic framework designed to address sequence labeling

challenges in machine learning®>. This architecture excels at capturing inter-label dependencies, making it

particularly advantageous for tasks where traditional independent classification approaches prove insufficient”.
Given an input sequence X = [z1,...,2y] and its associated output sequence Y = [y1,...,Yyn], the

conditional random field defines their relationship via:

exp (Z?:1(Ayivyi+1 + Pi,yi))

ZY/ exp (Z?:1(Ay§,y,’i+1 + Pi,y§)>

P(Y|X) =

’ (16)

Ay, ;41 quantify the compatibility between adjacent labels, P;,,, evaluate the appropriateness of assigning
label y; at position i. The denominator serves as a normalization term, summing over all possible label sequences
(Y’) to ensure proper probability distribution properties. The optimization objective focuses on maximizing the
conditional probability P(Y|X) during the training phase.

Experiments

Datasets and experimental configurations

Datasets

We conducted a series of analyses and experiments on model performance using our own constructed PEM-
NER dataset. Subsequently, to validate the model’s effectiveness across diverse languages and domains, we
conducted comparative experiments on three public benchmark datasets. These included one English dataset,
CoNLL-2003%, and two Chinese datasets, namely Resume* and the China People’s Daily Corpus®. Table 2
provides the specifics of each public benchmark dataset. The detailed description of all the datasets used is
provided below.

o PEM-NER is derived from the power equipment maintenance work order, which adopts the BMES annota-
tion system, including EN, VL, Line, Sub, DP, MS, and Time with 7 categories of entities, 6,371 sentences, and
235,796 characters. It is a customized NER dataset for the power sector.

o CoNLL-2003 is a classic NER dataset with data from the Reuters News Corpus. It contains four entity types:
PER (persons name), ORG (organization’s name), LOC (place’s name), and MISC (other proper name). Since
its release, CONLL-2003 has become a standard test set for evaluating the performance of NER models, and
numerous research efforts have used the F1 score on this dataset as an important measure of model perfor-
mance.

o Resume is tailored for Named Entity Recognition applications, comprising professional profiles across di-
verse sectors and job roles. It annotates eight distinct entity types: personal names, nationalities, geographic
locations, academic qualifications, occupational fields, institutional affiliations, job titles, and ethnic groups.

o China People’s Daily Corpus, sourced from China’s official news publications, exhibits rigorous linguistic
standardization and formal discourse patterns. This resource spans multiple thematic areas such as govern-
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Dataset Type Train | Dev Test Entity type
Sentences | 15.0k | 3.4k 3.6k
CoNLL-2003 | Chars 203.6k | 51.4k |46.4k |4
Entities 235k | 5.9k 5.6k

Sentences | 3.8k 0.46k | 0.48k
Resume Chars 124.1k | 139k | 151k |8
Entities 13.4k | 1.5k 1.6k

Sentences | 20.86k | 2.32k | 4.64k
People’s Daily | Chars 979.2k | 109.9k | 219.2k
Entities 339k | 3.8k 7.7k

w

Table 2. Statistical summary of multiple datasets.

ment affairs, financial trends, cultural phenomena, and social dynamics, providing rich domain-specific lexi-
cal resources that reflect real-world NER challenges.

Evaluation metrics and hyperparameters setting
In our experiments, we used precision (P), recall (R) and F1 score to evaluate model performance. These metrics
are defined as follows:

TP
P7TP—|—FP

TP
= TP+ EN x 100%, (17)

P xR
Fl=2
“PTR

x 100%,

x 100%

where TP denotes correctly predicted positive samples, FP represents samples incorrectly predicted as positive,
and FN indicates positive samples incorrectly predicted as negative. Precision measures the accuracy of positive
predictions, recall indicates the proportion of actual positives correctly identified, and F1 score balances these
metrics by calculating their harmonic mean.

During the model training process, the improved encoder architecture consists of two layers, each comprising
six attention heads. The Adam optimizer is employed for training, with the learning rate and batch size set to
0.0009 and 128, respectively. To mitigate overfitting, a dropout rate of 0.4 is applied.

Baseline models

To comprehensively evaluate the effectiveness of our proposed method and ensure a rigorous comparison within
the power equipment maintenance domain, we selected a diverse set of baseline models ranging from classical
deep learning architectures to strong pre-trained language models. For traditional sequence labeling models, we
selected BILSTM-CRF’, which captures contextual features through bidirectional LSTM and performs sequence
decoding viaa CRF layer; BILSTM- Attention-CRF*®, which enhances recognition capabilities for key information
through attention mechanisms; and Lattice LSTM>*, which effectively integrates lexical information tailored to
the characteristics of Chinese text. In terms of convolutional network models, CNN-BiLSTM?® combines the
local feature extraction capability of CNN with the sequence modeling capability of BiILSTM; IDCNN-CRF*’
uses an inflated convolutional network to improve the efficiency and sense field of feature extraction.

In the category of pre-trained language models, we selected a diverse set of benchmarks to evaluate model
performance across different architectural strategies. We employed standard baselines including BERT-
CRF*, RoBERT2*, and SpanBERT*’. To assess the model’s capability against varied mechanisms, we also
included Longformer?! for long-sequence processing, DeBERTa*? for its disentangled attention design, and
ModernBERT*? as a representative of recent efficient architectures. Additionally, TadNER-CRF* was included
to represent hybrid frameworks combining sequence labeling with contrastive learning.

Experimental validation of hierarchical knowledge-driven data completion

We first evaluated the impact of our proposed Hierarchical Knowledge-Driven Data Completion method on
model training. Table 3 presents the performance metrics of all employed models on the PEM-NER dataset
before and after the application of the data completion strategy.

Results demonstrate that the data completion strategy consistently enhanced performance across all tested
models, underscoring the efficacy and suggesting the generalizability of our proposed method. Following data
completion, all models achieved notable performance improvements. On average, F1 scores increased by 3.2
percentage points, indicating that the HKDC method effectively mitigates the negative impact of data deficiencies
on model training. Notably, benefits were observed across architectural complexity, from simpler CNN-BiLSTM
models (3.0% F1 improvement) to more sophisticated ModernBERT models (3.6% F1 improvement), thus
highlighting the model-agnostic characteristics of our approach.

When examining changes in precision (P) and recall (R), we observed that most models demonstrated more
substantial improvements in recall following data completion. This phenomenon aligns with the conceptual
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Before After
Model P(%) | R(%) | F1(%) | P(%) | R(%) | F1(%)
CNN-BiLSTM 685 | 662 |67.3 692 | 715 |703
IDCNN-CRF 70.1 | 689 |69.5 718 | 731 |724
BiLSTM-CRF 714 | 738 |726 759 | 745 |75.2
Lattice LSTM 74 735 | 73.7 763 |77.6 |76.9
BiLSTM-Attention-CRF | 75.9 | 75.1 |75.5 781 | 789 |785
BERT-CRF 775 | 743 | 759 793 |77.1 | 782
RoBERTa 79.8 1792 | 795 814 |827 |82.0
Longformer 81.2 |80.5 |808 83.1 |83.9 |835
SpanBERT 821 |80.6 |81.3 852 |839 |845
DeBERTa 854 | 837 |845 89.6 |885 |89.0
TadNER-CRF 853 |84 84.6 88.6 |893 |889
ModernBERT 87.7 | 865 |87.1 91.1 |90.3 |90.7
Ours 89.1 |88.2 |88.6 |92.8 919 |92.3

Table 3. Comparison of model performance before and after data completion. Bold values indicate the best
results.

design of the HKDC method: through knowledge-driven completion strategies, models can identify more
potential entities, particularly those previously overlooked due to incomplete information, thereby enhancing
recall. We attribute the comparatively limited improvement in precision to the following factor: although the
completed data was constructed based on domain knowledge, differences still exist between the entity instances
introduced in specific contexts and the actual test distribution. Consequently, while models expanded their
recognition scope (improving recall), their precision judgment capabilities faced certain constraints.

The experimental results strongly suggest that our HKDC method effectively mitigates entity omission
issues in power equipment maintenance texts, notably enhancing the performance of various NER models.
By integrating domain knowledge with hierarchical constraints, the HKDC method provides richer training
samples while ensuring the rationality and consistency of the completed data, thereby strengthening model
generalization capabilities.

Performance comparison on PEM-NER dataset

This section presents a comparison between the proposed framework and baseline models on the completed
PEM-NER dataset (see the “After” column in Table 3). Our model achieves an F1 score of 92.3%, which
outperforms all baseline methods. It is worth noting that although large-scale pre-trained models such as
DeBERTa and ModernBERT provide strong semantic representation capabilities, our framework still achieves
an F1 score that is 1.6 percentage points higher than ModernBERT. This advantage comes from specific
architectural improvements that address the inherent limitations of general pre-trained models when applied to
power equipment maintenance texts.

The main limitation of standard pre-trained models is that their self-attention mechanism can only
model dependencies within a single input sequence. Although this approach works well for general language
understanding, it often fails to explicitly capture the cross-sample statistical patterns that are typical in
standardized maintenance logs. In contrast, our PAGA mechanism introduces a global memory unit to model
dataset-level features, which allows the model to use global context that cannot be obtained through single-
sequence processing. In addition, general pre-trained models typically use subword tokenization, which may
lack the necessary granularity for precisely identifying entity boundaries in domain-specific texts with dense
terminology and similar structures. Our framework addresses this problem by integrating FIEM, which uses
multi-scale convolution to extract character-level local dependencies. The model’s superior precision compared
to ModernBERT demonstrates the effectiveness of this fine-grained feature extraction. This significant
improvement in precision indicates that our method effectively reduces false positive predictions.

Ablation study

To investigate the effectiveness of different components in our proposed method, we conduct comprehensive
ablation studies on the PEM-NER dataset. Table 4 shows the precision, recall, and F1 scores of different model
variants on the test set.

The baseline model is set as Transformer+CRE The experimental results provide insights into the specific
contributions of each module. First, when the baseline attention mechanism is replaced with PAGA (without
global units), the F1 score increases to 79.4%. This shows that the relative positional embedding in PAGA
captures directional relationships between tokens more effectively than the absolute positional encoding in
standard Transformers. More importantly, adding global units further increases the F1 score to 85.3%. This
large improvement indicates that standard self-attention mechanisms are limited by processing each sample in
isolation. In contrast, global units work as a dataset-level memory bank that captures cross-sample entity co-
occurrence patterns (such as common pairs of specific substations and lines), which helps address the sparse
context and fragmented text that often appear in maintenance logs.
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Model P(%) | R(%) | F1(%)
Baseline 76.8 |73.9 |753
+PAGA without global units | 80.5 |78.3 |79.4
+PAGA 857 |849 |853
+FIEM 854 |83.1 |84.2
+PAGA+FIEM 88.3 |88.9 |88.6
+All 92.8 |91.9 | 923

Table 4. Ablation results of the proposed model. Bold values indicate the best results.

Model Params (M) | Training speed (s) | Inference speed (ms) | FLOPs (G) | F1 (%) | Efficiency ratio
DeBERTa 183 25.8 11.7 225 89.0 3.96
ModernBERT | 149 21.7 11.2 17.8 90.7 5.10
Ours 112 17.6 13.4 13.2 92.3 6.99

Table 5. Comparison of computational efficiency and model performance. Bold values indicate the best
results.

Second, the model with only FIEM achieves an F1 score of 84.2%. This confirms its effectiveness in extracting
character-level local features. Because Chinese power equipment texts lack clear word boundaries and contain
many complex equipment codes that mix numbers, letters, and Chinese characters, FIEM’s multi-scale
convolution kernels can effectively capture these local morphological features and n-gram patterns, which allows
it to identify precise entity boundaries more accurately than pure Transformer architectures.

Finally, the combination of PAGA and FIEM achieves an F1 score of 88.6%. This demonstrates clear
complementarity between the two: PAGA handles long-distance semantic dependencies and global consistency,
while FIEM focuses on precise local boundaries. This combination effectively reduces common semantic
classification errors and boundary segmentation errors in single models, which leads to balanced improvements
in both precision and recall. The complete model (+All) achieves the highest F1 score of 92.3% after introducing
ELECTRA, which confirms that strong pre-trained semantic representations are an important foundation for
our proposed feature enhancement modules to work effectively.

Computational efficiency analysis

To evaluate the deployment potential of the model in industrial scenarios, this section compares the computational
costs of the proposed model with two best-performing baseline models, DeBERTa and ModernBERT, on the
PEM-NER dataset. The comparison covers multiple dimensions, including parameter size, training and inference
time, floating-point operations (FLOPs), and efficiency ratio. The experimental results are shown in Table 5,
where the efficiency ratio is defined as the F1 score achieved per unit of FLOPs. Overall, the proposed model
significantly reduces parameter size and computational cost while maintaining high recognition accuracy.

The proposed model has only 112M trainable parameters because it uses the more compact ELECTRA as
the underlying character embedding representation and employs a carefully designed feature enhancement
module instead of stacking multiple Transformer layers. Compared to DeBERTa with 183M parameters
and ModernBERT with 149M parameters, the proposed model reduces the model size by 38.8% and 24.8%,
respectively. This structural simplification directly improves training efficiency. Under the same hardware and
batch size settings, the proposed model requires 17.6s per training epoch, which is significantly lower than the
25.8s for DeBERTa and 21.7s for ModernBERT. In other words, within a given training budget, the proposed
model can complete more parameter updates or process more data samples. This is particularly important
for power system maintenance scenarios that require regular retraining and continuous integration of new
equipment and operational data.

In terms of inference latency, the proposed model requires an average of 13.4 ms per sample, which is
slightly higher than the 11.2 ms for ModernBERT and 11.7 ms for DeBERTa. This slight increase in latency
mainly comes from the parallel computation overhead introduced by the FIEM module and the sequential
dependency inherent in the CRF layer during decoding. The additional overhead is mainly concentrated in
the feature interaction of a few layers rather than large-scale repetitive computations across the entire network.
However, the proposed model achieves the highest efficiency ratio of 6.99, which is significantly better than the
5.10 for ModernBERT and 3.96 for DeBERTa. Although the inference time increases slightly, this investment
of computational resources is highly valuable from the perspective of performance conversion. Therefore, this
trade-off is acceptable in power system applications where real-time requirements are not extremely strict but
overall throughput and energy efficiency are more important.

Evaluation of generalization ability

In real-world power equipment maintenance, new devices, new components, and new processes appear
continuously. During training, the model cannot be exposed to all possible entity forms in advance. As a result,
its performance on seen entities alone cannot fully reflect its usefulness in practical applications. To further
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examine the model’s generalization ability on unseen entities, that is, whether it truly learns contextual semantics
and character-level structural features instead of only memorizing entity strings in the training set, we conduct
a dedicated analysis of its recognition performance on unseen entities in this section.

Based on the original PEM-NER test set, we extract entities that do not appear in the training set at the
entity level and construct an unseen entities subset. Using this subset, we compare three models: BILSTM-CRE,
ModernBERT, and our proposed model. To make it easy to compare model performance on unseen entities, we
report the F1 scores of each model on the unseen entities subset. We also show their overall F1 scores on the full
PEM-NER test set and the corresponding relative drop, as illustrated in Fig. 4.

The experimental results show that our model has the smallest performance drop. This result indicates that,
when it encounters entities that never appear in the training set, the model can still make correct predictions
by relying on contextual semantics and character-level structural information. In particular, FIEM uses multi-
scale one-dimensional convolutions to explicitly model local character-level dependencies and morphological
patterns. This design helps the model recognize device and component names that are new in surface form but
similar in morphological structure. PAGA introduces relative positional encoding and global memory units.
In this way, it captures dependencies within each sentence and also learns global co-occurrence patterns at the
dataset level. As a result, it maintains relatively stable discrimination ability even when the context changes
slightly or the entity text is completely unseen. The joint effect of FIEM and PAGA reduces boundary shifts and
label confusion in unseen entities scenarios and thus clearly alleviates the drop in F1.

Parameter sensitivity analysis

Global memory unit dimension and normalization strategies

To investigate the impact of different parameter settings on model performance, we conducted comprehensive
experiments on the dimension of global memory units and normalization strategies in PAGA. Parameter S
represents the dimension of global memory units, while the two normalization methods are: the conventional
Softmax and the L-DNorm approach proposed in this work.

As shown in Figs. 5 and 6, both parameter S and the choice of normalization method significantly influence
model performance. We observed two key findings:

Regardless of the normalization method employed, the model achieves optimal performance when S=64.
Performance deterioration is observed when S deviates from this optimal value, with particularly notable
declines at S=8 and §=256. This indicates that when S is too small, the model’s feature representation capacity
is insufficient to fully capture complex semantic characteristics of entities. Conversely, when S is too large, it
introduces excessive potentially irrelevant feature dimensions that interfere with the model’s ability to learn truly
important features. Additionally, a larger parameter space makes the optimization process more challenging.

L-DNorm demonstrates consistent advantages over Softmax across all S values. The box plots reveal that
results obtained using L-DNorm exhibit higher means and medians compared to those obtained using Softmax.
Furthermore, the F1 score distribution with L-DNorm is more concentrated, indicating more stable training
dynamics. This improvement can be attributed to normalization in both row and column directions and the
dynamic adjustment of two learnable parameters.

Different convolutional kernel size combinations

To further analyze the effect of the size of the convolutional kernel in FIEM on the overall performance of the
model, we conducted six sets of experiments on the PEM-NER dataset. As shown in Fig. 7, we first conducted
experiments with different combinations of convolutional kernel sizes for two convolutional layers, and then we
also investigated the impact of more complex configurations on the model performance by parallelizing three
convolutional layers.

The experimental results show that the combination of convolution kernel sizes has a significant effect on the
prediction performance of the model. When both convolution layers use a kernel size of 1 (1,1), the F1 value of
the model is as low as 87.9%, and it is clear that this combination of modules does not enable the model to obtain
sufficient fine-grained feature extraction. The performance of the model is improved by increasing the kernel
size of the second convolutional layer, the optimal performance is achieved with the kernel size combination of

o %7 s 23 {160%
|—e— PDR 5.2% 3.7 =
801 75.
112.0%2
63.8 &
60t &
o A
S 180% &
%] 7% . g
T 40t E
P~ \ 8
5
o
P1% | {4.0%
20t
— s : 0.0%
BiLSTM-CRF ModernBERT Ours
Fig. 4. Generalization analysis on unseen entities.
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(1,5), which yields an F1 score of 92.3%. However, further increasing the kernel size to 7 (1,7) leads to a slight
performance degradation, with the F1 score dropping to 91.5%. This degradation can be attributed to two main
factors: (1) larger kernels tend to introduce more noise from distant context that may not be relevant to entity
boundary detection, and (2) the increased number of parameters makes the model more prone to overfitting,
potentially compromising its ability to generalize well on unseen data.

We also investigated more complex configurations by incorporating three parallel convolution layers. The
combination (1,3,5) achieves an F1 score of 91.1%, while (1,5,7) performs slightly better at 91.6%. However,
neither of these triple-layer configurations outperforms the optimal dual-layer setup of (1,5), indicating that
simply adding more parallel convolution layers does not necessarily lead to better performance. This observation
aligns with our analysis that excessive context information and model complexity may hinder rather than help in
the fine-grained entity boundary detection task.

These results suggest that the proposed FIEM works best with a moderate kernel size combination, where the
first layer focuses on local features (kernel size 1) and the second layer captures broader contextual information
(kernel size 5). This configuration strikes an effective balance between local and global feature extraction,
enabling the model to better identify entity boundaries while avoiding the negative effects of over-extensive
receptive fields and excessive model complexity.

Visual analysis

Confusion matrix heatmaps

To assess the effectiveness of our model, we performed an extensive comparison with the baseline model,
analyzing results for each entity type. Figure 8 illustrates the confusion matrix heatmaps for both models, where
the vertical axis represents the ground truth entity categories and the horizontal axis indicates the model-
predicted categories. The color gradient transitions from deep purple to yellow, corresponding to the progression
from low to high prediction ratios, with each cell containing the corresponding prediction percentage. The
diagonal elements quantify per-class prediction accuracy, while non-diagonal elements indicate cross-category
misclassification proportions.

Analysis of the confusion matrices reveals that the proposed model demonstrates demonstrably higher
recognition accuracy (values on the main diagonal) across all entity categories compared to the baseline model.
In addition, it can be observed from the off-diagonal elements that the false recognition rate of the improved
model is notably reduced.

Specifically, MS entities usually contain variable-length unstructured descriptions with high vocabulary
diversity, making them the most difficult category to identify. By comparing Fig. 8a and b, we can see that our
model significantly reduces the error rate for MS entities. This is mainly due to the global memory units in the
PAGA mechanism, which can capture dataset-level patterns of recurring operational terms and provide global
semantic support when the context of a single sentence is insufficient.

In addition, our model shows stronger discrimination for easily confused entity pairs, such as Sub and
Line, as well as VL and Time. Sub and Line often appear together and have specific topological hierarchies. The
relative positional embedding in PAGA effectively models the directional dependency between them, which
reduces hierarchy inversion errors to some extent. For VL and Time, which both contain numeric characters,
the FIEM module plays a key role: its multi-scale convolution kernels can capture character-level morphological
features and distinguish between voltage level and time formats, which allows it to differentiate these two types
of numeric entities at a fine-grained level.
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Fig. 8. Heatmaps of confusion matrices for model predictions.
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Comparative analysis of prediction instances

To visually validate our proposed model’s entity recognition capabilities in power equipment maintenance work
order texts, particularly its performance in handling domain-specific terminology and complex entity structures,
Table 6 presents a comparative analysis of three representative model prediction cases against the baseline model
to evaluate the practical effectiveness of our proposed approach. The samples differ in sentence structure and
composition style, with each conveying separate semantic meanings.

In Instance 1, the baseline model incorrectly identifies DP as part of EN and fails to accurately determine
the boundaries of MS. This error shows the limitations of standard Transformer architectures in capturing fine-
grained local dependencies, which often causes the boundaries between adjacent entities to become unclear in
continuous Chinese text. In contrast, our model uses FIEM to explicitly capture character-level morphological
features and local boundaries, which allows the model to clearly recognize that DP is a subcomponent attached
to MS.

Instance 2 highlights the challenge of distinguishing structurally similar entities. Due to similar lexical
patterns, the baseline model confuses Line with Sub. The relative positional embedding in our proposed PAGA
allows the model to perceive the directional and distance relationships between key anchor points (such as
the voltage level ‘110kV’) and surrounding entities. By modeling these relative positions, the framework can
understand that in such contexts, entities appearing before the voltage level usually refer to Line, while entities
immediately after usually indicate Sub, which resolves the semantic ambiguity that causes confusion in standard
attention mechanisms.

In Instance 3, the baseline model incorrectly labels the task code 23008 as a Time entity, likely misled by the
surface feature that dates usually consist of numbers. This indicates that the baseline model fails to understand
the global semantic distribution at the dataset level. Our framework captures dataset-scale features and statistical
patterns through the global memory units integrated in the PAGA mechanism. Specifically, the model learns
that the context in which task codes appear is clearly different from that of timestamps. By interacting with these
global memory representations, our model suppresses false positive predictions based solely on numeric features
and correctly identifies it as non-temporal information.

These results demonstrate our model’s capability to precisely localize entities, contextual information, and
boundary information, while understanding the dependencies between entities.

Overall performance comparison

To comprehensively evaluate the effectiveness and generalization capabilities of the proposed model across
diverse languages, domains, and dataset scales, we conducted comparative experiments on three representative
public datasets: CONLL-2003, Resume, and the China People’s Daily Corpus. We compare our model with other
excellent contrast models on three datasets to verify its performance.

Table 7 presents the comparative performance between our model and other excellent contrast models across
the three public datasets. On all datasets, our model achieved competitive results, performing on par with or
exceeding the other models in most evaluation scenarios.

The experimental results demonstrate several notable performance characteristics:

Cross-lingual performance Our model achieves highly competitive F1 scores on both English (CoNLL-2003)
and Chinese datasets, which confirms the generality of the PAGA mechanism when handling different
language structures. English focuses on word order and syntactic structure, while Chinese focuses on semantic
composition between characters. PAGA does not rely on language-specific grammar rules, but instead captures
deep structural dependencies by modeling the relative distance and direction between tokens. This allows the

Instance 1 Tang 110kV #1 main transformer measurement and control device communication failure inspection.

Correct Label | [Tang]g, [110kV],, [#1 main transformer], [measurement and control device],, [communication failure inspection] .

Baseline [Tang]g, [110kV],, [#1 main transformer measurement and control device],\ communication |failure inspection],q.

Our Model [Tang]g, [110kV],, [#1 main transformer] [measurement and control device],, [communication failure inspection] MS*

Instance 2 Yunzhang second circuit 110kV Chang 04 isolation switch Phase C closing stop contact damage defect handling.

[Yunzhang second circuit] ;. [110kV],, [Chang], , [04 isolation switch], Phase C [closing stop contact],, [damage

Correct Label | jofect handling], .

[Yunzhang second circuit]g, [110kV]; Chang [04 isolation switch] . Phase C [closing], stop [contact damage defect

Baseline handling] .

Our Model [Yunzhang s'econd circuit] ; . [110kV],, [Chang]y  [04 isolation switch] Phase C [closing stop contact],, [damage
defect handling] ;.
Defect elimination task: Eliminate QX23008 Huashan substation 110kV bus coupler Hua 23 circuit breaker operating

Instance 3 mechanism energy storage motor damage treatment.

Correct Label Defect eliminationltask: Elimir}ate QX23008 [Huashan substation]g . [110kV],, bus coupler [Hua]g, [23 circuit
breaker] [operating mechanism energy storage motor],, [damage treatment] .

Baseline Defect eliminatio_n task: Eliminate QX[23008] ;. [Huashan substation]g , [110kV],, [bus coupler Hualg, [23 circuit
breaker] .\ operating mechanism [energy storage motor],, [damage treatment], .

Our Model Defect elimination task: Eliminate QX23008 [Huashan substation]g , [110kV],, bus coupler [Hua]g , [23 circuit

breaker], [operating mechanism energy storage motor],, [damage treatment] .

Table 6. Assessing the prediction outcomes of the baseline model versus the proposed model. (Incorrect
predictions are shown in italics).
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CoNLL-2003 Resume China People’s Daily Corpus

Model P(%) |R(%) |F1(%) | Model P(%) | R(%) | F1(%) | Model P(%) | R(%) | F1(%)
Zhang etal.®® | 94.71 | 92.42 | 93.64 | Guoetal.®® 94.9 | 94.56 |94.62 | Zhangetal’” |93.23 |92.42 |92.82
Shahetal®® |93.13 |95.67 | 953 | Wangetal® |- - 96.53 | Zhangetal®® | 94.71 |92.42 | 93.64
Chenetal® |- - 93.09 | Mai etal’! 96.91 | 96.26 | 96.58 | Wangetal.®? |- - 95.32
Fei et al.> 92.96 | 93.85 | 93.4 Chen et al.>* 96.14 | 96.52 | 96.33 | Liuetal>® 92.17 | 90.63 | 91.4
Changetal®® |- - 93.46 | Zhangetal®”” |96.09 | 96.44 | 96.26 |Lvetal®® 97.12 | 96.11 | 96.61
Yu et al.*’ - - 93.42 | Chenetal® |96.54 |96.41 |96.58 | Wangetal®' |- - 95.62
Gan et al.? 93.84 | 93.6 |93.72 |Panetal® - - 96.35 | Keetal.% 95.93 | 96.45 | 96.19
Ours 94.65 | 94.44 | 94.55 | Ours 96.54 | 97.25 | 96.89 | Ours 97.45 | 96.93 | 97.19

Table 7. Performance comparison of different methods on multiple datasets. Bold values indicate the best
results.

model to maintain sharp perception of entity boundaries when handling both English SVO structures and
Chinese compact phrase structures.

Adaptation to entity density & local features The model’s excellent performance on the Resume dataset is
particularly noteworthy, as this dataset contains many short technical terms and abbreviations with very high
entity density. This is highly similar to the characteristics of power equipment maintenance texts. This result
strongly demonstrates the effectiveness of our designed FIEM. FIEM has local receptive field properties that
can very efficiently capture local morphological features (such as abbreviation patterns) in these texts, which
addresses the limitations of pure Transformer architectures when handling such high-density, short-span
entities.

Robustness to dataset scale Although the data scales differ greatly (Resume ~ 3.8k sentences, People’s Daily
~ 21k sentences), the model still maintains stable high performance. This robustness is largely due to the global
memory units introduced in PAGA. On smaller datasets (such as Resume), these learnable memory units serve
as anchor points for global prior knowledge, helping the model quickly identify dataset-specific distribution
patterns, which reduces the risk of overfitting with small samples. On larger datasets (such as People’s Daily),
they effectively aggregate broad contextual information, which enhances the model’s ability to distinguish long-
tail entities.

These results indicate that our model not only performs well on power industry data but also achieves good
results on public datasets, supporting our proposed model’s generalization ability and robustness in handling
various NER scenarios.

Conclusion

We propose a multi-level feature enhancement framework for automated parsing of critical operational data from
power maintenance texts. By leveraging the operation and maintenance data of the State Grid, we established a
comprehensive PEM-NER dataset using the proposed HKDC method and conducted a detailed analysis of its
linguistic features. Based on these analyses, we propose a novel NER model specifically optimized for power
equipment maintenance documentation.

Our model introduces several innovative architectural elements built upon the transformer framework. A
key contribution is the Position-Aware Global Attention mechanism, which incorporates relative positional
embedding between tokens during attention score computation and utilizes dual global memory units to capture
dataset-scale feature representations. We further enhanced the model’s capabilities through a Fine-Grained
Information Enhancement Module, implementing an interactive convolutional neural network architecture that
captures character-level local dependencies, complementing the attention mechanism where the latter captures
global context while the former focuses on local features.

The modelarchitecture integrates ELECTRA for character embedding to strengthen contextual representations
and employs CRF for optimal label sequence determination. Empirical evaluation demonstrated strong
performance, achieving a competitive F1 score of 92.3% on the PEM-NER dataset. The model’s effectiveness was
further validated through comparative analyses across three diverse public benchmark datasets, encompassing
multiple languages and domains, thereby demonstrating its strong generalization capabilities.

Limitations

Despite the promising results, we acknowledge several limitations that provide directions for future research.
First, since the PEM-NER dataset originates from a single organization, the model’s robustness against varied
terminologies and recording styles from other power utilities requires further validation. Second, our work is
currently confined to NER; a crucial next step is to extend the framework to perform relation and event extraction
to construct more comprehensive knowledge graphs of maintenance activities. Additionally, the model’s ability
to adapt to novel or unseen entity types is an open question, suggesting a need to explore few-shot or zero-shot
learning techniques. Despite these limitations, this work holds promising implications for industrial applications
by enhancing equipment management efficiency. The developed methodology offers an effective framework for
information extraction tasks, with potential applicability across various engineering domains, thus contributing
to the broader field of industrial text analytics.
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