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In response to the problems of poor domain adaptability and the weak knowledge fusion ability of traditional language models in NLU (Natural
Language Understanding) tasks, which prevent them from fully capturing deep relationships in context, this studyaims to integrate power knowledge
graphs to enhance the effectiveness of BERT (Bidirectional Encoder Representations from Transformers) models in NLU tasks, enabling them to
more accurately infer the terminology and contextual meanings pertaining tothe electricityfield, thereby improving training efficiency and model
performance, and promoting the development of automation in this field. The performance evaluation results of the BERT model integrating power
knowledge graph in NLU tasks were: an average path length of 3.8, language similarity of 0.9, and vocabulary coverage of 0.8, all of which were
superior to other models used for comparison. The experimental results showed that the BERT model integrating a power knowledge graph had better
performance compared to other models commonly used for processing NLU tasks.
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1. INTRODUCTION

Natural Language Understanding (NLU) is a significant
research area in the field of artificial intelligence (AI) that
aims to enable computers to understand and interpret human
language. As deep learning techniques develop, neural
network-based language models, such as the BERT model,
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have made significant progress in various NLU tasks [1-3].
However, these general-purpose language models tend to
perform poorly when dealing with domain-specific texts,
mainly because of their lack of understanding and integration
of domain-specific knowledge. Particularly in the highly
specialized field of electricity, language models need to have
a rich background of professional knowledge in order to
accurately understand and reason about relevant terms and
contexts.

Although the BERT model has demonstrated strong per-
formance in natural language processing tasks, its application
in the field of power still faces many challenges. Firstly, the

17



EXPLORATION OF ENHANCEMENT EFFECT IN NATURAL LANGUAGE UNDERSTANDING TASK BASED ON BERT MODEL

training data for traditional BERT models are mostly generic
corpora, lacking specialized terminology and knowledge for
the power field, resulting in insufficient comprehension when
processing text in this field. Secondly, the BERT model
fails to effectively integrate the power knowledge graph (KG)
during the pre-training stage, and is unable to fully utilize
existing domain knowledge to enhance its understanding and
reasoning ability of the text. This makes it difficult for the
model to capture deep relationships and semantics when faced
with complex power domain contexts. In addition, how to
effectively evaluate the BERT model’s performance in the
NLU task after integrating the power knowledge graph is also
an urgent issue.

This study addresses the aforementioned issues by con-
structing and integrating a power knowledge graph to
improvethe effectiveness of BERT models in NLU tasks.
Firstly, the method used to construct a power knowledge
graph is explainedin detail, and includesdata collection and
processing. Next, how to effectively integrate the power
knowledge graph with the BERT model is discussed. By
applying knowledge embedding techniques, the BERT model
can fully utilize professional knowledge in the power field
during the pre-training and fine-tuning stages. Then, a
fused model framework is designed and appropriate model
metrics are selected to evaluate its performance. Finally,
a series of simulation experiments are conducted to verify
the effectiveness of the BERT model incorporating the power
knowledge graph in the NLU task, and a comparative analysis
is conducted with the traditional BERT model to evaluate
its enhancement effect in terms of text comprehension and
reasoning ability in the electric power domain.

2. RELATED WORK

There has been a considerable amount of research grounded
in the BERT model, which is utilized mainly for text
classification tasks in different languages [4-6]. In order
to extract important geographic application information from
temporalinformation in social media messages, Ma et al. [7]
used the BERT model and proposed an automatic extraction
algorithm for social media message time information based
on deep learning, effectively derivinggeographic application
information from time information in social media messages.
In response to the lack of sentiment analysis models for
Hebrew language used in NLU, Chriqui et al. [8] proposed
HeBERT and HebEMO for Hebrew text analysis, polarity
analysis, and sentiment recognition, and demonstrated their
feasibility through research.  Against the backdrop of
the development of an increasing number of digital text
corpora and NLP (Natural Language Processing) tools and
methods, scholars such as Uveges [9] successfully created
a Transformer-based fine-tuning model and used this finely-
tuned BERT model to classify emotions and feelings in
Hungarian political communication.

In addition, there is also a very close connection between the
BERT model and NLU tasks. The BERT model can capture
contextual semantics and is therefore widely used forNLU
tasks, including sentiment analysis [10—12] and multi-label
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text classification [ 13—15]. In order to better enable computers
to understand human language, researchers have integrated
BERT models with other advanced technologies to construct
new methods for different NLU tasks. Due to the tendency
of BERT models to overlook the dependency relationships
between predicted tokens during pre-training, and the issue
of positional differences between pre-training and fine-tuning
when applying XLNet, Song K et al. [16] proposed
a successful new pre-training method for NLU tasks by
integrating the advantages of BERT and XLNet. Wang B et al.
[17] presented a new sentence-embedding method by studying
the hierarchical pattern of word representations in deep
contextualization models, and demonstrated its effectiveness
through experiments. In response to BERT’s heavy reliance
on global self-attention modules, which leads to high memory
usage and computational costs, Jiang Z H et al. [18] proposed
a new span-based dynamic convolution to replace these self-
attention heads, successfully reducing training costs and
model parameters.

However, in the field of electricity, there is little research
on BERT models that integrate power knowledge graphs.
Although researchers are committed to building BERT models
that integrate knowledge graphs [19-21], such models are still
rare [22]. Therefore, this present studyconstructs a BERT
model that integrates power knowledge graphs, enabling it to
perform better in NLU tasks, thereby enriching the relevant
research on the NLU tasks of BERT models that integrate
power knowledge graphs in the electricityfield.

3. BERT MODEL INTEGRATING
POWER KNOWLEDGE GRAPH

3.1  Construction of Power Knowledge Graph

A power knowledge graph is a tool that represents professional
knowledge in the field of electric power by means of a graph
structure, the nodes and edges of which represent entities
and their relationships. The construction of a knowledge
graph involves three main stages: knowledge acquisition,
modeling, and graphing. These processes organize structured
and unstructured information in the field of electricity into
computable and searchable knowledge graphs, and provide
professional knowledge in areas such as power equipment,
process flow, and technical standards.

The first step in building a power knowledge graph is
knowledge acquisition, which involvesextracting professional
knowledge from various data sources in the power industry.
To extract useful information from these unstructured data,
NLP techniques such as Named Entity Recognition (NER)
and relationship extraction [23-24] are used, which can
automatically identify and extract important entities in text
(such as transformers, generators) and their relationships
(such as “transformer-transformer ratio-generator”). In the
knowledge modeling stage, RDF (Resource Description
Framework) and OWL (Web Ontology Language) are used
to describe these entities and their relationships. Through the
application of graph databases (such as Neo4j) [25], modeled
knowledge is input into the graph database to form a complete
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Figure 1 Diagram of a power knowledge graph.

knowledge graph, achieving efficient storage, querying, and
reasoning of data.

Figure 1 depictsa power knowledge graph.

Figure 1 illustrates the interrelationships and information
flow between various components ofthe power system. The
main elements include power generation equipment (such
as power plants, wind turbines, solar panels), transmission
equipment (such as transformers, transmission lines), distribu-
tion systems (such as substations, distribution transformers),
smart devices (such as smart meters, electric vehicle charging
stations), and control centers. In Figure 1, arrows represent
the flow relationship of electricity or information, such as
power generation equipment providing energy to transmission
equipment, and the control center monitoring and regulating
the operation of the entire system.

3.2  Integration Mechanism of Knowledge
Graph and BERT

The power knowledge graph is fused with the BERT model
to enhance the adaptability and reasoning ability of the
BERT model in the power domain[26]. The rich domain
knowledge in the knowledge graph is utilized to compensate
for BERT’s shortcomings in specific professional knowledge
in general corpus pre-training. Bycombining the entity and
relationship information in the knowledge graph with the word
vectors of the BERT model, more semantic and background
knowledge can be embedded in the model, thereby enhancing
its understanding of the power field [27].

The fusion mechanism of the knowledge graph and the
BERT model consists of three main steps: knowledge
embedding, semantic matching, and model integration. In
the knowledge embedding stage, graph embedding techniques
(such as TransE, TransH, and RotatE) are used to transform
entities and relationships in the power knowledge graph into
low dimensional vectors [28-29]. These methods embed
entities and relationships into the same vector space through
different mapping strategies, enabling them to be processed
and optimized in neural networks. In the semantic matching
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stage, natural language processing techniques [30-31] are
used to identify entities in the power field in the input text
and align them with entities in the knowledge graph, and
includeusing similarity calculation methods (such as cosine
similarity) to compare the input text with entities in the graph
to ensure that the model containsthe most relevant knowledge.
In the model integration stage, a fusion strategy is designed
to combine the embedding vectors in the knowledge graph
with the word vectors of the BERT model. A knowledge
enhancement layer is added to the Transformer encoder of
BERT, which integrates the information in the knowledge
graph with the contextual features of BERT through an
attention mechanism or a gating mechanism [32-34]. This
integration approach enables the BERT model to better
understand the semantics and context of the power field,
improving its ability to understand professional terminology
and complex relationships.

3.3 Integrated Model Framework

The BERT model framework that integrates power knowledge
graph has four main components: input module, encoder
module, knowledge enhancement layer, and output layer.
Figure 2 shows the fused model framework.

As illustrated in Figure 2, the input module is responsible
for simultaneously receiving and processing text data and
knowledge graph information. After the text is segmented
and tokenized, the word vectors required for BERT are
generated. At the same time, entities and relationships related
to the input text are extracted from the power knowledge
graph and converted into knowledge embedding vectors. The
encoder module adopts a multi-layer Transformer architecture
to encode text word vectors and knowledge graph vectors. By
using a self-attention mechanism to calculate the attention
weights between different modal information, important
semantic relationships can be captured. Specifically, in the
encoding layer of Transformer, a knowledge enhancement
layer is applied to integrate the knowledge graph embedding
vector with text features. The knowledge enhancement
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Figure 2 The fused model framework.

layer is designed to embed domain knowledge more deeply
into BERT’s encoder. By utilizing an attention mechanism,
this layer can selectively combine information from the
knowledge graph and integrate it with the text context by
means ofconcatenation or weighted fusion strategies. The
output layer generates the final model output based on specific
task requirements, such as text classification or sequence
annotation.

34 Model Indicator Selection

Four aspects of metrics are selected to assess the BERT
model’s performance incorporating the power knowledge
graph in the NLU task, namely path reasoning ability,
semantic understanding, professional terminology processing
ability, and model accuracy and generation performance.

The indicators of path reasoning ability include the average
path length A; the indicators for semantic understanding
include semantic similarity; the indicators of professional
terminology processing ability include the vocabulary cov-
erage rate &; the indicators for the accuracy and generation
performance of the model include Top-n accuracy (Atop-N),
perplexity 1, Mean Absolute Error (MAE), Precision, Recall,
and F1 score.

The formula for the average path length X is:

L
s 1 ﬁ: Y i d (ks v o
= m

i=1

In Formula (1), N depicts the total number of reasoning
tasks; M; depicts the number of possible reasonings for the
i-th task; L;; represents the specific length of the j-th path
in the i-th task; d (v, vi+1) represents the distance between
node v and node vg41.
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The indicator of semantic similarity is generally represented
by the cosine similarity between two text word vectors. The
formula for vocabulary coverage £ is:

S s (w)
YL o(w)

Among them, 6 (w;) and o (w;) are both indicator functions.
When the word wj; is correctly recognized by the model as a
professional term, § (w;) = 1, otherwise itis 0; when the word
w; is a professional term, o (w;) = 1, otherwise it is 0.

Top-n accuracy Arop-n is the frequency of correct answers
being included in the first n predictions, and the formula is:

£ = x 100% )

T

n
Aopa =7 3 [ T8 €1y )
i=1 j
When the true label #; is among the first n possible outcomes
predicted by the model, §(#; € 1; ;) = 1, otherwise it is 0.
The perplexity ¢ refers to the predictive ability of the
language model for the next word, and the formula is:

T &

¢=2—%2210g2 P(ijlni<j) “

i=1 j=1

Where ¢; shows the number of words in the i-th sample; n; ;
shows the j-th word in the i-th sample; 1; ; represents all
words before the jth word in the i-th sample; P(n; j|ni <;)
shows the probability of predicting the next word given a
previous word sequence. MAE, Precision, Recall, and F1
values are indicators commonly utilized to determinemodel
accuracy and generation performance, and the formulas are
no longer written.
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Table 1 Data collection status.

Document Type Total Number of Number of Number of Number of Test

Documents Training Set  Validation Set Set Documents
Documents ~ Documents

Maintenance Record of Power 400 280 60 60

Equipment

Technical Tutorial Document for 500 350 75 75

The Power Industry

Power Industry Policy Document 70 49 11 10

Standard Specification Documents 600 420 90 90

for The Power Industry

Excellent Paper Documents in The 65 45 10 10

Power Industry

Table 2 Schematic table of part of dataset preprocessing.

Document Document Type

Partial Participle Content

Number

0016 Maintenance Record of Power transformer oil, cooling, aging, oil tank
Equipment cleaning, ...

0537 Technical Tutorial Document for the  insulated gloves, insulated boots, half bridge
Power Industry switching power supply,...

0602 Power industry policy document power grid, operation, electricity market, ...

1109 Standard specification documents cable, instance, substation, ...
for the power industry

1632 Excellent paper documents in the circuit breaker, low voltage incoming line,

power industry

withstand voltage, ...

4. SIMULATION EXPERIMENT

4.1 Experimental Setup and Data Collection

During the experimental preparation phase, a dataset contain-
ing textual data in the field of electricity wascollected. The
dataset wassourced from Dianzhi Network. The collected
dataset waspartitioned into training set, validation set and
test set in the ratio of 70%, 15% and 15% respectively. The
relevant dataset information is displayed in Table 1.

Table 1 shows the specific situation of the collected dataset
and the data volume of each dataset after partitioning. It can
be seen that the dataset comprises1635 data documents related
to electricity knowledge from Dianzhi Network, covering
different aspects of the electricity field.

The hardware configuration used for the experiment
comprisedNVIDIA Tesla V100 GPU, Intel Xeon E5-2690
v4 CPU, and 128GB of memory; the software configuration
includedUbuntu 20.04 operating system, PyTorch 1.7 deep
learning framework, and Python 3.8 programming language;
the device wasa GPU (Graphics Processing Unit) server.
During the training process, the model usedthe Adam
optimizer with an initial learning rate of 0.00005, a batch size
of 32, 10 training epochs, and an early stopping strategy.

Table 2 shows some examples of the dataset after data
cleaning and segmentation.

From Table 2, it can be seen that during data preprocessing,
the collected data documents are numbered and classified
accordingly. In addition, data cleaning, document labeling,
word segmentation, stop word removal, and lowercase
conversion are performed on the document content.
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4.2  Experimental Results

The preprocessed training set and validation set data wereim-
ported into the BERT model that integrates the power
knowledge graph for model training and parameter tuning.
The parameter configuration of the BERT model integrated
with apower knowledge graph is displayed in Table 3.

Table 3 lists the initial configuration, optimal configuration,
and parameter range of the BERT model that integrates power
knowledge graph. It can be clearly learned from Table 3 that
in the parameter tuning of the BERT model that integrates
a power knowledge graph, the experiment focuses more on
the model’s learning rate, batch size, training rounds, hidden
layer size, attention head number, weight decay, dropout
probability, maximum sequence length, and knowledge
embedding dimension. By adjusting the configuration of
these parameters, the model can ensure optimal performance
in NLU tasks after integrating the power knowledge graph.
Additionally, it can be noted that the batch size of the model
has been optimized from 32 to 16, reducing the number of
samples updated each time; the number of iterations has been
optimized from 10 to 15, increasing the number of training
rounds by 5. The hidden layer size, number of attention
heads, weight decay, and dropout probability of the model
remain unchanged at 768, 12, 0.01, and 0.1. The maximum
sequence length of the model has been optimized from 128 to
256, increasing the length of text paragraphs processed by the
model. The knowledge embedding dimension of the model
has been optimized from 100 to 200, improving its ability
to represent complex relationships and concepts in the power
knowledge graph.
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Table 3 Parameter configuration of BERT model integrating power knowledge graph.

Parameter Initial Configuration Optimal Configuration ~ Parameter Range
Learning Rate 0.00005 0.00003 [0.00001, 0.00005]
Batch Size 32 16 [8, 32]
Epochs 10 15 [10, 30]
Hidden Size 768 768 [768, 1024]
Attention Heads 12 12 [8, 16]
Weight Decay 0.01 0.01 [0,0.1]
Dropout Probability 0.1 0.1 [0.1,0.3]
Max Sequence Length 128 256 [128,512]
Knowledge Embedding Dimension 100 200 [50, 300]
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Figure 3 Performance of Top-n accuracy and perplexity in the training, validation, and test sets. Figure 3(a) Performance of Top-n accuracy on various datasets.

Figure 3(b) Performance of confusion in various datasets.

Figure 3 shows the variation of Top-n accuracy and
perplexity of the BERT model fused with power knowledge
graph on the training set, validation set, and test set with the
number of iterations.

Figure 3 illustrates the performance of Top-n accuracy
and perplexity on the training, validation, and test sets.
Top-n accuracy is utilized to assess the accuracy of model
predictions, with a higher value indicating a higher proportion
of correct answers in the first n results. From Figure 3(a), it
can be learned that the Top-n accuracy of the BERT model
that integrates the power knowledge graph increases with
the number of iterations on all datasets. The perplexity
level is utilized to assess the text quality generated by the
model, with lower values showing that the generated text is
closer to the real corpus. In Figure 3(b), the perplexity of
the model decreases with increasing iteration times on all
datasets. Furthermore, the perplexity of the training and test
sets does not change significantly in the 13th to 15th iterations,
indicating that the perplexity tends to stabilize and reaches a
convergence state; the perplexity of the validation set does not
change significantly during the 14th and 15th iterations. The
Top-n accuracy tends to stabilize in all datasets at the 14th
iteration.
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Figure 4 shows the BERT model’s performance incorporat-
ing the power knowledge graph for MAE, Precision, Recall,
and F1 values.

Figure 4 shows the variation of MAE, Precision, Recall, and
F1 values of the BERT model integrating power knowledge
graph on the training set, validation set, and test set with the
number of iterations. As shown in Figure 4(a), the MAE of the
model gradually decreases with the increase of iteration times.
MAE represents the mean absolute difference between the
predicted value and the true value, and a lower MAE indicates
a smaller prediction error of the model. Figures 4(b), (c), and
(d) show that Precision, Recall, and F1 values fluctuate to
some extent in the training, validation, and test sets, but show
an increasing trendoverall. These indicators are commonly
used to evaluate model performance, and the larger the value,
the stronger the overall performance of the model. From the
comprehensive performance depicted in Figures 4(b), (c), and
(d), it is evident that the BERT model integrating the power
knowledge graph performs well in terms of Precision, Recall,
and F1 values.

Figures 3 and 4 show that the metrics in the training set
outperform the validation set overall, while the validation set
outperforms the test set, with only a few exceptions in a few
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Figure 4 Performance of MAE, Precision, Recall, and F1 values on the training set, validation set, and test set. Figure4(a) Performance of MAE. Figure.4(b)
Performance of Precision. Figure4(c).Performance of Recall. Figure4(d).Performance of F1 values.
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Figure 5 Comparison of Top-n accuracy and perplexity of various models. Figure 5(a). Comparison of Top-n accuracy among various models. Figure5(b).

Comparison of perplexity among various models.

iterations. The reason for this phenomenon is that the model
is trained on the training set and the parameters are adjusted
on the validation set, so it performs better on both sets. It
is normal for the model to perform slightly worse than the
training and validation sets when faced with unknown data
on the test set. From the data of the BERT model integrating
power knowledge graph on the test set, although the test set
does not perform as well as the training and validation sets, it
still maintains at a high level, which indicates that the model
can perform strongly.

4.3 Model Comparison

Figure 5 shows the comparison of Top-n accuracy and
perplexity indicators between the BERT model fused with
a power knowledge graph and the other four models on the
test set.

Figure 5 demonstrates the comparison of Top-n accuracy
and perplexity metrics for each model on the test set. From
Figure 5 (a), it can be learned that the BERT model that
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integrates the power knowledge graph has a higher Top-n
accuracy than the other four models, followed by the BERT
model with an improved attention mechanism, whilethe
traditional NLP model performs the worst. Figure 5 (b) shows
that of the five models, the BERT model that integrates the
power knowledge graph has the lowest perplexity, followed
by the BERT model with an improved attention mechanism,
and the traditional NLP model has the highest perplexity.
Among them, the BERT model and the attention mechanism-
improved BERT model have similar performance in Top-n
accuracy and perplexity, while the traditional NLP model
performs the worst in Top-n accuracy and i aspect.

Figure 6 shows the comparison of each model’s MAE,
Precision, Recall, and F1 values for the test set.

Figure 6 shows the performance of each model on the
MAE, Precision, Recall, and the F1 values on the test set.
A comparison of Figures 6(a), (b), (c), and (d) concludes that
the BERT model incorporating the power knowledge graph
is the best in the results of model comparison in terms of
MAE, Precision, Recall, and F1 value. The values of both
MAE, Precision, Recall and F1 are significantly better than
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those of the other four models. Except for the BERT model
incorporating the power knowledge graph, the BERT model
improved by the Attention mechanism performs the best and
outperforms the other models in terms of MAE, Precision,
Recall, and F1 value.

4.4 Performance Evaluation of BERT

Model Integrating Power Knowledge
Graph in NLU Tasks

Figure 7 shows the evaluation of the average path length A,
semantic similarity, and vocabulary coverage £ of each model
in the NLU task.

Figure 7 shows the radar chart of performance evaluation
metrics for each model in the NLU task. Figure 7(a) shows
the comparison results of each model in terms of average path
length A. The average path length A is used to evaluate the
path reasoning ability of each model; the smaller theX, the
higher is the reasoning ability. Figure 7(a) clearly shows that
the traditional NLP model has the highest A at 6.2; next is the
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BERT model, which is 5.3; the smallest A (3.8) is the BERT
model that integrates power knowledge graph. The semantic
similarity between the text generated by each model and the
reference text is calculated by calculating the similarity cosine,
with the larger similarity indicating that the text generated
by the model is closer to the reference text. Figure 7(b)
shows that the semantic similarity of the BERT model fused
with the power knowledge graph is the highest, at 0.9; next is
the BERT model with improved attention mechanism, which
is 0.8; the remaining models do not reach 0.8 in terms of
semantic similarity. The vocabulary coverage & evaluates the
ability of each model to process terminology pertaining to the
field of electricity. It measures the ability of each model to
process such terms by calculating the proportion of relevant
terms that can be correctly identified and processed by each
model when processing electricity-related text, and compare
this to the total number of professional terms. The larger
the vocabulary coverage &, the stronger the model’s ability to
handle professional terminology. It can be clearly seen from
Figure 7(c) that the vocabulary coverage & of the BERT model
that integrates the power knowledge graph is the highest at 0.8;
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next, at 0.75is the BERT model with the improved attention
mechanism; the traditional NLP model performs the worst,
with a vocabulary coverage rate £ of only 0.6.

S.  CONCLUSIONS

In this study, the performance of BERT models in NLU tasks
was enhanced by integrating power knowledge graphs. The
problem of poor adaptability and the weak knowledge fusion
ability of traditional language models whenhandling specific
tasks in the field of electricity, which leads to the inability
to fully capture deep relationships in context, was examined.
Hence, a BERT model that integrated a power knowledge
graph was constructed to solve this problem. The results
of simulation experiments verified that the BERT model
integrating a power knowledge graph performed well on NLU
tasks in the power field. However, there are also shortcomings
in this article. The construction and preprocessing process
of the dataset is relatively complex and time-consuming. In
addition, the exploration of other factors that may affect
the performance of the model is not comprehensive. In
future research, it is necessary to further optimize the fusion
mechanism of knowledge graph and BERT model, and extend
this method to other application fields in order to promote the
development of NLU tasks in more fields.
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