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ABSTRACT: High voltage direct current (HVDC) systems play a pivotal role in long-distance, high-capacity, and
cross-regional power transmission. However, their complex structure, wide-ranging impact of faults, and stringent
safety requirements pose significant challenges to operational stability. Conventional model-based and data-driven
methods for tasks such as text classification, fault diagnosis, and operation and maintenance support suffer from
limited scalability and interpretability. Recent advances in large language model (LLM) provide new opportunities
to address these issues. This paper provides a systematic review of LLM applications in HVDC systems. Firstly,
it introduces the core architecture and training mechanisms of LLM. Subsequently, a comprehensive evaluation
framework is established for LLM’s application in HVDC systems across four dimensions: accuracy, generalization
capability, interpretability, and complexity. Secondly, this paper examines the applications of LLM in three key domains:
text classification, fault diagnosis, and question answering. It further extends the discussion to additional application
areas while evaluating the performance of various methodological approaches. Specifically, in text classification, LLM
enhance the semantic interpretation of operation and maintenance reports. In fault diagnosis, LLM achieve accurate
fault identification through multi-source data fusion and reasoning. In question answering applications, LLM provide
intelligent decision support through retrieval-augmented and multimodal frameworks. Finally, from the perspectives
of real-time performance, interpretability, and applicability, this paper presents three key conclusions and discusses two
critical aspects. It further outlines three forward-looking research directions focusing on multimodal data fusion and
real-time decision-making. The goal is to provide an up-to-date and comprehensive reference for researchers exploring
the integration of LLM into HVDC system analysis, operation, and management.
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1 Introduction

The emergence of large language model (LLM) marks a revolutionary advancement in the field of
artificial intelligence [1]. Relying on massive datasets and largescale neural network architectures, LLM
demonstrate exceptional capabilities in language understanding and text generation, including reasoning,
few shot learning, and the integration of extensive world knowledge from pre-trained models [2-4]. These
advances have accelerated progress in diverse application domains, such as natural language processing,
machine translation, creative content generation, and chatbot development, but has also triggered pro-
found reflections within the industry on the transformative power of LLM and their potential to drive
advancements in artificial intelligence. In particular, the emergence of models such as ChatGPT has further
intensified attention and discussion in this field.
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High voltage direct current (HVDC) systems, as a cornerstone of modern power transmission
[5-7], play a vital role in enabling long-distance power delivery and interconnection between asynchronous
grids, asillustrated in Fig. 1 [8,9]. However, their intrinsic complexity, coupled with diverse and fast-evolving
fault mechanisms, places stringent demands on accurate diagnosis and intelligent operation [10-12]. In the
actual operation and maintenance of HVDC, the following three main challenges are encountered [13].
First, HVDC systems generate massive amounts of unstructured data, such as inspection logs, maintenance
reports, and fault analyses, yet lack effective tools for semantic understanding and information extrac-
tion, leading to underutilization of valuable diagnostic knowledge. Second, fault mechanisms in HVDC
systems are highly coupled, with subtle precursors and rapid propagation, making manual or rule-based
diagnosis difficult to scale and prone to delay or misjudgment. Third, operation still depends heavily on a
small number of domain experts whose tacit knowledge is difficult to formalize and inherit, resulting in
fragmented expertise and inconsistent decision-making. In text-classification tasks, traditional techniques
represent documents with term frequency-inverse document frequency and then apply machine-learning
algorithms, yielding limited feature expressiveness. By contrast, LLM can directly model and classify large-
scale operation logs and reports, providing richer inputs for subsequent monitoring and decision-making.
Traditional fault diagnosis approaches for HVDC systems, encompassing model-driven, data-driven, and
knowledge-driven methods, each method exhibits their own limitations and challenges [14]. Mathematical
model- or physics model-based fault diagnosis approaches are prone to the “curse of dimensionality” when
dealing with complex systems [15]. For instance, the parity equation model-based approach proposed
in [16], while avoiding a large number of parameter adjustments, did not significantly improve the “curse of
dimensionality” Data-driven methods mostly rely on simulation models, and their applicability to real-world
engineering remains to be verified [17]. Reference [18] introduced the Sparse Counterfactual Generation
Network (SCF-Net), which was tested in two real-world case studies within the oil and gas industry
and yielded promising results. However, it has yet to be implemented in actual engineering applications.
Knowledge-based approaches, due to long fault causality chains, generally cannot determine the root
cause through a single inspection. For example, the fault diagnosis method based on knowledge-enhanced
domain adversarial learning proposed in reference [19], while demonstrating strong adaptability to various
operating conditions and unknown fault types, still has limitations in terms of computational complexity
and training efficiency. However, LLM can integrate multiple diagnostic paradigms and process intricate
fault data to deliver accurate diagnostic results. Moreover, as society advances, power-sector users exhibit
growing demand for specialized information, yet conventional retrieval entails considerable difficulty. To
overcome this bottleneck, a question answering system is urgently needed to furnish operators and engineers
with real-time technical support, thereby enhancing operational efficiency and response speed. Therefore,
investigating the applications in these three domains can demonstrate the potential of LLM in enhancing the
diagnostic capabilities, text processing, and information retrieval of HVDC systems, which is of significant
importance for improving the overall performance and reliability of the systems.

In current research on the application of LLM, various scholars and research teams have conducted in-
depth explorations and summaries from multiple dimensions. To clearly illustrate the literature screening
process, Fig. 2a provides a detailed flowchart. Statistical data on research in this field over the past decade
were collected from platforms such as Web of Science, Engineering Index, and Wiley Online Library,
and Fig. 2b presents the publication trends.
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Figure 1: Fundamental architecture of HVDC systems

Large language model

Web of science

1 i

i i

i i

1 i

1 ! High voltage direct
i ! current

| | Engineering | !

| index :

i

| [ Text classification,
i ] N .
Jr-raii e
i library i &
1 i

I Search engines :

P

(a)
160 149
140 130
122 . .
120
100 %
75
8 69 71
50
53
/ S 0 0
3 38
36
. o 25 = 30
. 1 1 20 25
20 14 2] 11/ s 9
0
> P o > > $ i & & & &
d’eﬁ & B & + & A b » -+ » o
» é&’
&

B Web of Science B Engineering Index M Others

(b)

Figure 2: Review methodology of related reference. (a) Execution procedure. (b) Research statistics
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Notably, although these studies focus on different aspects, they all demonstrate a profound awareness
of the potential risks and challenges inherent in the application of LLM, as well as a shared pursuit of
overcoming these obstacles through technological innovation. Reference [20] thoroughly investigated data
privacy in LLM, covering leakage, attacks, and protection technologies across inference stages, yet omitted
considerations for user interaction and the scalability of protections. Literature [21] reviewed LLM in
metaheuristic optimization, proposing a role-based taxonomy, but its limited literature scope undermined
the comprehensiveness and generalizability of its findings. Reference [22] provided a comprehensive review
of advanced LLM fine-tuning techniques and their impacts but may lack coverage of the latest advancements
and specific implementation guidance. Although literature [23] explored the integration of LLM with
traditional metaheuristics, it lacked detailed implementation steps, limiting its practical application value.
Study [24] systematically reviewed the application of Transformers and LLM in the energy sector but noted
that concrete evidence for foundation models in this domain remains limited. Existing studies collectively
reveal the immense potential and broad prospects of LLM in cross-domain applications. To address the gaps
in existing research and highlight the contributions of this paper, Table 1 systematically compares an overview
of this work with that of five key literature sources, alongside their main shortcomings. This effort establishes
a clear reference framework for subsequent research on large language models for HVDC systems.

Table 1: Overview and analysis of shortcomings in recent survey research on key technical areas of LLM

Focused area Contribution summary Limitation

LLM and proxy data
privacy

The role of LLMs in

Analyze privacy threats arising from
LLM and their use of proxy data. Lacks specific guidance on the

practical implementation.

Evaluate the effectiveness of existing

meta-inspired
optimization [20]

privacy protection mechanisms within
LLM.

Advanced fine-tuning
techniques for LLMs
Generative Al and LLMs in
network security [21]

Analyze the functional roles of LLM
within meta-inspired optimization
processes.

Propose a novel role-based
classification method, categorizing
LLM as Consultant, Enhancer, and

Innovator.

Incomplete research sample

and geographical
representation.

Transformer models and
LLMs in energy

Management LLM and
proxy data privacy

The role of LLMs in
meta-inspired
optimization [22]

Provide a comprehensive review and
analysis of advanced fine-tuning
techniques for LLM.

Introduce a structured classification
method, organizing methods into six
distinct categories.

Offer insights and guidance through
experimental evaluation across various
tasks.

The comparison of the
experimental data

summarized in the review

lacks rigor.

It fails to adequately analyze
the energy consumption,
inference latency, and hardware
requirements of large-scale
LLMs in real-time
cybersecurity scenarios.

Explore the applications of Generative
Al and LLMs in the field of network
security.

Advanced fine-tuning
techniques for LLMs

(Continued)
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Table 1 (continued)

Focused area Contribution summary Limitation
Evaluate the performance of 42 LLM
Generative Al and LLMs in models in terms of their network
network security [23] security knowledge and hardware

security understanding.

Review the application of Transformer
Models and LLMs in energy
forecasting, efficiency optimization,
Transformer models and and smart grid management.
LLMs in energy
management [24]

Limited in concrete evidence of
foundation models application
Introduce the concept of digital twins in the energy domain.
for proxy systems, discussing their role
in enhancing situational awareness and
autonomy.

Delve into the comprehensive
application capabilities of LLM in text

classification, fault diagnosis, and L. .
& Limited to the three main

Applications of LLM _in question answering systems. application directions of LLMs
HVDC systems (This Outline potential future research in HVDC systems, without
Work) directions for LLM in HVDC systems, detailed consideration of other
including multimodal data fusion, real more specific uses.

time fault prediction, adaptive
operation and maintenance strategies.

However, despite the promising potential demonstrated by LLM across multiple domains, its roles,

challenges, and potential benefits within HVDC systems remain insufficiently defined. To bridge this
research gap, this paper aims to address the following key questions:

©)
(2)
(3)

What are the potential application scenarios and key technical challenges of LLM into HVDC systems,
particularly for text classification, fault diagnosis, and question answering?

What are the potential application scenarios and key technical challenges of integrating LLM into
HVDC systems, particularly for text classification, fault diagnosis, and question answering?

What future directions should be pursued to enable multimodal data fusion, adaptive reasoning, and
real-time decision-making in LLM-driven HVDC systems?

To address these questions, this paper systematically reviews the emerging literature on LLM in HVDC

systems, with particular focus on three representative areas: text classification, fault diagnosis and question

answering. The main contributions are as follows:

©)

(2)

(3)

Systematic literature review of LLM research in HVDC system. This paper, for the first time, system-
atically presents the first structured review of existing studies, providing a comprehensive reference
framework for subsequent research.

Comprehensive application capability evaluation and optimization. This paper delves into the
comprehensive application capabilities of LLM in text classification, fault diagnosis, and question
answering systems.

Proposal of future research directions. Based on the current research status, this paper outlines
potential future research directions for LLM in HVDC systems, including multimodal data fusion, real
time fault prediction, adaptive operation and maintenance strategies, etc., offering valuable references
for subsequent research.
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The remainder of this paper is organized as follows: Section 2 introduces the LLM architecture in
detail, laying the foundation for subsequent discussions; Section 3 presents a comprehensive evaluation
framework for LLM applications in HVDC systems; Section 4 discusses the applications of LLM in HVDC
systems targeting text classification, fault diagnosis, and question answering systems; Section 5 summarizes
the main findings of this paper and Section 6 proposes future application and research directions for LLM
in HVDC systems.

2 Large Language Model
2.1 Principles of Large Language Model

LLM was initially applied in the field of natural language processing (NLP), serving two primary func-
tions: (1) evaluating whether the outputs of language generation tasks conform to human linguistic patterns,
thereby aiding natural language understanding; (2) performing statistical analysis on large-scale corpora
to provide linguistic knowledge for language models. Early language models were mainly categorized into
statistical language model (SLM) and neural network language model (NNLM), with current mainstream
LLM evolving from the latter.

2.1.1 Statistical Language Model

SLM originated from research in natural language processing systems based on statistical methods. It
is used to represent the probability distribution of basic linguistic units and describe the statistical rules
underlying language generation. Typically, SLM decompose the probability of a sentence into the product of
the conditional probabilities of individual words [25]. The probability of a sentence is expressed as:

P(S)=P(w1,w2,---,wn)=I£[P(wi |w{_1) (1)
i=1

where S denotes; 7 is the length of the sentence; and w; represents the i-th word in S.

Due to the problem of excessive parameter size in the original model, the N-gram model based on the
Markov assumption was proposed. The N-gram model assumes that each predicted word depends only on
the preceding N — 1 words as its context, and is represented as:

P(S)=]]P(wi|wihy) (2)
i=1

where N is the order of the model, which determines both its accuracy and complexity.

The main focus of the N-gram model is to achieve data smoothing, and the language it models differs
significantly from natural language. Limited by data availability and scale, statistical language models struggle
to integrate massive data into coherent linguistic knowledge.

2.1.2 Neural Network Language Model

With the development of deep neural network learning techniques, the use of neural networks for
natural language processing has developed rapidly. Bengio published a pioneering study that used neural
networks to estimate the probability distribution of N-gram model, thereby proposing the NNLM [26]. The
objective function optimized by NNLM is defined as:

F = Zp(wi | Wi_(n-1)>Wi—(n-2)> " ')wi—l) (3)
D
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where D denotes the collection of text sequences derived from S, where each element in D is a text sequence
of length n.

Due to the fixed-length context limitation of NNLM, its ability to capture long-range dependencies in
historical text is limited. To address this, Mikolov proposed training language models using recurrent neural
network (RNN) with directed loops. However, RNN suffer from the long-term dependency problem: when
processing complex linguistic contexts, it tends to rely primarily on the most recent inputs and struggle to
retain earlier information. To overcome this limitation, long short-term memory (LSTM) introduces a gating
mechanism that regulates the retention and forgetting of information. Experimental results have shown that
LSTM achieve better performance as the size of the training dataset increases.

To enhance the expressive capability of NNLM, embedding and SoftMax layers are incorporated at both
ends of the network. The embedding layer digitizes natural language symbols by converting words into dense
vector representations. Popular models for training embedding include Word2Vec and GloVe. The SoftMax
layer transforms the network’s output into a probability distribution over the vocabulary.

2.1.3 Large Language Model

LLM is a language training model based on deep neural networks. It learns complex linguistic patterns
and semantic representations through unsupervised pretraining on massive volumes of unlabeled text data.
By leveraging hundreds of billions of parameters and extremely large-scale training datasets, LLM exhibits
high scalability, enabling strong contextual understanding and effective long-text processing capabilities [27].
LLM is further enhanced through key techniques such as instruction tuning and alignment, ultimately
achieving multi-domain language capabilities including text generation, logical reasoning, and common-
sense dialogue. At present, LLM has been widely applied in power systems and have achieved remarkable
results [28].

Principle of Transformer

The transformer, a self-attention-based feature extractor proposed by Google, has become the foun-
dational neural network architecture for most LLM. The transformer architecture consists primarily of
encoder and decoder. The encoder integrates features from the input sequence through a stack of identical
layers, transforming the input text into high-dimensional representations that facilitate hierarchical feature
extraction. The decoder incorporates masked multi-head attention (MHA) to model dependencies between
the input sequence and the partially generated output, thereby enabling accurate sequence generation [29].
The architecture of the Transformer is illustrated in Fig. 3.

The transformer primarily consists of two sublayers: MHA and a feed-forward network (FFN). Both
MHA and FFN are equipped with residual connections and layer normalization to enhance the model’s
trainability, as illustrated below.

{z; =MHA (LN (z;_1)) + 211 (4)

21 =FFN (IN(2,)) + 2,

where z;_; and z; denote the input features to the MHA and FFN at layer /, respectively, while z; represents
the output features of layer /.
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Figure 3: Transformer framework schematic diagram

MHA divides the input sequence into multiple sub-sequences and applies the attention mechanism
to each sub-sequence independently. Since the attention weight parameters of each head Hj, are learned
independently, MHA can capture diverse features in parallel and concatenate them for integration, thereby
enhancing the large-scale parallel computing capabilities of LLM.

{MHA(Q,K, V) = Concat (H,, H;, - --, Hy) W° %)

H; = Attention (QWS2, KWK, VvWY)i=12,---,h

where WO, WiQ, WX and W) are linear projection matrices, and h denotes the number of parallel

1 1
attention heads.
The input to the self-attention mechanism consists of the query matrix, the key matrix, and the
value matrix. The output attention weights are computed using the SoftMax function. The self-attention
mechanism is formally defined as follows:

Attention (Q, K, V) = softmax ( QKT) vV (6)
A Vd

where d denotes the dimensionality of the Q and K.

The Transformer consists of the encoder and the decoder. The encoder encodes the input sequence,
while the decoder decodes the encoded information to generate the output. Different LLM adopt varying
transformer architectures: models such as GPT, ERNIE Bot, and DeepSeek use the decoder-only structure;
BERT and RoBERT employ the encoder-only structure; and T5 adopts the encoder-decoder structure.
Currently, the most widely used underlying architecture in LLM is the decoder, as it is well suited for text
generation tasks.

Training Process of Large Language Model

The training process of LLM is typically divided into two stages: pretraining and tuning. The pretraining
stage is a critical phase in the development of LLM capabilities. It involves learning from massive volumes
of unlabeled data to capture linguistic patterns, structures, and features. The amount of data used during
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pretraining often reaches the scale of hundreds of billions of tokens, encompassing sources such as texts, web
pages, and books, with language modeling as the training objective. Given a text sequence S = {s1,52, -+, S4 |
the model predicts the target token s; autoregressively based on the preceding tokens sy, s, - - -, ;- [30]. The
objective function L(s) is defined as a maximum likelihood function, as follows.

L(s)=> 1gP(si|s1,82 -+ >Si-1) (7)

i=1

where n denotes the number of text samples, and P(-) represents the likelihood function.

After pretraining, the model must be fine-tuned to adapt to specific downstream tasks. The fine-tuning
phase primarily transfers the model from general language knowledge to domain-specific tasks, thereby
improving its performance in applications such as document classification and domain-specific question
answering. Currently, reinforcement learning from human feedback (RLHF) is widely used in the fine-tuning
stage of LLM. RLHF typically consists of three main stages: supervised fine-tuning (SFT), reward modeling
(RM), and proximal policy optimization (PPO).

During the SFT stage, the pretrained model is fine-tuned using human-annotated data to learn basic
task execution capabilities. Given a training sample pair (x;, y;) the objective of SFT is to minimize the
cross-entropy loss function:

N
Lspr = — Y logmg (i | i) (8)

i=1

where x; denotes the input text, y; represents the human-annotated target output, 7y (y; | x;) is the
probability assigned by the LLM with parameters 0 to the reference response y;, and N is the number of
training samples.

In the RM stage, the model primarily learns the human-preferred ranking of different responses.
Specifically, for a given input text x;, humans may provide multiple candidate responses. The reward model
rg(x, y) takes an input-output pair as input and produces a scalar score as output. The objective of RM is to
maximize the probability of assigning higher scores to human-preferred responses.

N

Lrm :—zlogo(r¢, (xi,yf‘)—np (x,»,y?)) 9)
i=1

where o(-) denotes the sigmoid function, and ry (x;, y;) is the score assigned to the output y by the reward

model with paraments &.

PPO uses the reward scores from the RM as feedback to guide the LLM in generating responses that
better align with human preferences. During the PPO stage, the LLM is treated as a policy 7y that generates
the response y; given the input x;, and receives feedback based on the reward function ry (x;, y;). The
objective function is defined as follows:

Lppo (0) = E(x,p)r, [min (pi Ay, clip (pr, 1 - 6,1+ €) Ar) ] (10)

where p; denotes the ratio between the new and old policies, A; is the advantage function, which evaluates
how favorable the current output is compared to the average, e controls the magnitude of policy updates, and
clip(-) restricts the ratio within the range [1 — €,1 + €].
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2.2 Evolution and Applications of Large Language Model
2.2.1 Evolution of Large Language Models

LLM can be traced back to early sequence-based language models. Based on technological iterations,
their evolution can be categorized into three stages: the emergence of LLM, the advancement of large-scale
language models, and the evolution toward general-purpose LLM.

Emergence of LLM: A milestone in the rise of LLM was the introduction of the Transformer architecture
in 2017. By eliminating the limitations of sequential computation in traditional models and leveraging
GPU-based parallelism, the Transformer significantly improved training efficiency and enabled model scale-
up. This shift led to the mainstream adoption of pretraining on large-scale unlabeled data, giving rise to
two major architectures: BERT and GPT. BERT excels in language understanding through masked word
prediction, while GPT is specialized in text generation using autoregressive modeling. Both models achieved
breakthroughs in parameter scale and generalization ability, redefining NLP benchmarks and laying the
foundation for modern LLM.

Advancement of large-scale models: The release of GPT-3 in 2020 marked the beginning of the
trillion-parameter era. This leap in parameter scale led to qualitative improvements in model capabilities,
particularly in few-shot and zero-shot learning. For example, GPT-3 demonstrated a strong correlation
between parameter count and generalization performance. With 175 billion parameters, it could complete
various generation tasks using only a few or even no examples. This breakthrough reduced reliance on
massive labeled datasets and spurred a global race toward developing even larger models, which have since
shown remarkable performance in knowledge understanding and contextual learning.

Evolution toward general-purpose LLM: Since 2022, LLM research has focused on alignment with
human intent and controllability. Models such as ChatGPT and GPT-4 integrated RLHE significantly
improving coherence, controllability, and alignment with human preferences. Technologies such as instruc-
tion tuning, multitask training, and multimodal fusion have advanced LLM toward personalization.
Meanwhile, open-source LLM like DeepSeek and ChatGPT, along with efficient fine-tuning techniques, are
accelerating industrial and enterprise-level deployment [31].

2.2.2 Applications of LLM in HVDC

As digitalization and intelligent transformation advance in modern power systems, the practical
applications of LLM in the power sector are beginning to show promising results.

Major energy enterprises such as State Grid Corporation of China and China Southern Power Grid
have entered the LLM development arena, aiming to accelerate the digital transformation of power grids.
As a critical component of power transmission, HVDC significantly influence the stability, efficiency, and
economic performance of the grid. LLM have shown great potential in HVDC applications, including fault
detection, line diagnostics, knowledge graph construction for operation and maintenance, and intelligent
human-machine interaction [32].

DaWatt, the first large-scale LLM platform tailored for power systems, has introduced various HVDC-
specific models. For instance, ultra-high voltage subsidiaries of China Southern Power Grid developed
DC operation and safety models by integrating edge-cloud-terminal architectures and video recognition
technology, enabling real-time staft behavior identification and warnings—boosting operational efficiency
by over 125%. Additionally, DaWatt has driven the construction of digital production and safety control
platforms for HVDC, facilitating digital twins, intelligent inspections, fault alarms, and maintenance decision
support [33].
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Guangming Power LLM developed by State Grid features trillion-parameter scale and multimodal
processing capabilities. It supports cross-domain and multi-business operations and has been applied in
HVDC maintenance scenarios. Specifically, it enables intelligent health assessment, risk path identification,
and maintenance suggestion generation based on multimodal analysis of operation and maintenance
texts, work orders, and image data from key HVDC equipment like converter and substation facilities.
Furthermore, the model can generate natural language explanations and emergency handling strategies in
complex scenarios such as power flow reversal or short-term system fluctuations, reducing the cognitive load
on dispatchers [34].

In addition, LLM developed by companies such as SenseTime, Baidu Wenxin, and Huawei Pangu
support a wide range of HVDC-related tasks, including fault diagnosis, grid inspection, and professional
document analysis and response. A representative timeline of LLM development is shown in Fig. 4.
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Figure 4: Development of representative large language models

3 Comprehensive Evaluation Framework for LLM Applications in HVDC Systems

To systematically assess and compare the comprehensive performance of LLM across different appli-
cation tasks in HVDC systems, this section proposes a unified quantitative evaluation framework. This
framework aims to move beyond single accuracy metrics and, based on the practical requirements for
deployment in industrial systems, provides multi-dimensional decision-making basis for method selection
and optimization.

3.1 Evaluation Dimensions and Quantitative Metrics

To comprehensively and objectively evaluate the application performance of LLM in HVDC sys-
tems, this section constructs a multi-dimensional comprehensive evaluation framework. This framework
abandons the limitation of focusing solely on a single performance metric, instead considering four core
dimensions: accuracy, generalization capability, interpretability, and complexity. Each dimension is defined
with quantifiable scoring functions, whose output values are normalized to the interval [0, 1], where a higher
value indicates better performance.
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3.1.1 Accuracy

Accuracy is the benchmark performance metric that measures the model’s ability to complete its core
task. Given that the success criteria differ across tasks, this framework employs task-specific core evaluation
metrics for quantification. Its scoring function is defined as follows:

Succ = Mcore (11)

where, M,,,. represents the recognized core evaluation metric for a specific task: Text classification tasks use
the Macro-F1 score to properly handle scenarios with imbalanced class distributions; Fault diagnosis tasks
use diagnostic accuracy, i.e., the proportion of correctly diagnosed fault cases to the total cases; Question
answering systems use the normalized value of the human-evaluated accuracy score, rated by domain experts
based on the correctness of the answers.

3.1.2 Generalization Capability

Generalization capability reflects the model’s robustness when facing data distribution shifts, noise
interference, and unknown scenarios, and is key to assessing the model’s applicability in real-world industrial
environments. This dimension is measured by the relative performance degradation of the model on a
benchmark test set vs. a challenging test set:

(12)

core

clean challenge
Syen = max [ 0,1 = Meore” = Meore
gen > Mclean

. . T hallenge . ;
where, ME¢3" is the model’s core metric score on a clean, in-distribution test set,and Mcore < ¢ is the model’s
score on a challenging test set containing noise, missing data, or out-of-distribution samples. A value closer

to 1 indicates less performance degradation and stronger generalization capability.

3.1.3 Interpretability

Interpretability measures the extent to which the model’s decision-making process can be understood
and trusted by human experts. This dimension is crucial for safety-critical systems like HVDC. This
framework assigns a graded score based on the intrinsic characteristics of the model’s methodology:

1.0,  Method based on rules or symbolic knowledge

0.8, Method providing explicit attention weights traceable to input features
0.5, Method relying on post-hoc explanation techniques

0.2, End-to-end black-box model

(13)

Sint =

This scoring is predefined based on the inherent potential and convenience of different methodologies
in providing intuitive and reliable explanations.

3.1.4 Complexity

Complexity assesses the model’s demand for computational resources and time costs during deployment
and runtime, directly impacting its feasibility in real-time or resource-constrained HVDC industrial systems.
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This framework quantifies this dimension using relative efficiency compared to a baseline model, with its
scoring function defined as follows:

- Noase f(1-a)- Thase )) (14)

Seff = min (1, l ((x
2 Nmodel Tmodel

where, Niodel and Npage represent the number of trainable parameters of the model under evaluation and

the baseline model, respectively; Tpodel and Tpase represent the average inference time required to process a

single sample for the model under evaluation and the baseline model, respectively, under identical hardware

configurations; « is a weighting coefficient used to balance the importance between model size (parameter

count) and inference speed, with a value range of [0, 1]. In the absence of specific preference, « = 0.5 can be

set to indicate equal importance.

The core of this formula is to calculate the comprehensive efficiency improvement of the model under
Tbase

evaluation relative to the baseline model. 7 "“el > 1 indicates a lighter model, and
model. Taking the minimum of the weighted sum of the two metrics and 1 aims to obtam arobust, normalized
efficiency score. A higher S.¢ value indicates better performance in terms of complexity and efficiency.

= > 1 indicates a faster

3.2 Weighted Comprehensive Scoring Formula
As different tasks and application scenarios have varying priorities, this paper defines a comprehensive
scoring formula with adjustable weights:

S= wy - Sacc + Wy Sgen + W3- Sint + Wy - Seff (15)

where wy + wy + w3 + wy = 1. The weight assignment reflects the application’s priority requirements. To
provide a more intuitive comparison of the performance of different methods, this paper classifies the
comprehensive scores into distinct tiers: * for S € [0, 0.6], ** for S € (0.6, 0.7], *** for S € (0.7, 0.8], **** for
S €(0.8,0.9], and **** for S € (0.9, 1].

3.3 Recommended Weight Configurations for Different Tasks

To provide more specific guidance, this paper recommends different weight configurations for the three
tasks in HVDC systems in Table 2, reflecting their distinct requirements in engineering practice.

Table 2: Recommended evaluation weight configurations for different LLM application tasks

Rationale and scenarios for weight

Application task w w w w .
PP ! 2 3 4 configuration

Scenario: Real-time alarm filtering and
command classification.
Rationale: Accuracy is critical, as false
positives/negatives pose direct risks.

Text classification 0.4 03 02 0.l Strong generalization capability is
required to handle diverse alarm texts.
Moderate interpretability is necessary
for operator judgment. Complexity
requirements are relatively lenient
since these are typically non-extreme
real-time scenarios.

(Continued)
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Table 2 (continued)

Rationale and scenarios for weight

Application task w w w w .
PP ! 2 ’ * configuration

Scenario: Complex fault root cause
analysis.

Rationale: Accuracy is the highest
priority, as incorrect diagnoses can
lead to severe consequences.
Fault diagnosis 0.5 02 02 01 Interpretability is equally important as

accuracy, as experts must trust and
understand the diagnostic basis.
Generalization capability and
complexity are important but can be
partially sacrificed for higher accuracy
and credibility.

Scenario: Operator knowledge query
and decision support.
Rationale: Interpretability carries the
highest weight, as the system must
Question answering 03 02 03 0.2 provide answer sources or reasoning
processes (e.g., via RAG) to be trusted.
Accuracy is fundamental. Complexity
has a relatively high weight due to the
need for rapid responses to interactive
queries.

4 Applications and Technical Discussions of LLM in HVDC Systems
4.1 Types of Large Language Model Training Datasets for HVDC Systems

The training of LLM relies on diverse and multimodal datasets to support tasks such as text classification,

fault diagnosis, and question answering. Based on data structure, source, and task characteristics, the datasets
can be categorized into the following five types:

(1) Unstructured text datasets: These datasets contain complex and irregular semantic structures, includ-
ing domain terminology, abbreviations, and mixed expressions, such as operation logs, maintenance
records, inspection reports, fault analysis documents, and dispatch instructions. Such data are
primarily used to train LLM for semantic understanding and text classification, enabling them to
extract equipment conditions, fault information, and operational knowledge from large volumes of
unstructured text.

(2)  Semi-structured text datasets: These datasets originate mainly from technical specifications, manu-
facturer manuals, protection device event messages, and operational work orders, featuring partial
formatting and hierarchical structure. They enhance the ability of LLM to extract knowledge from

semi-structured content and serve as essential training sources for question answering and knowledge
graph construction.
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(3)  Structured datasets: These include equipment parameter tables, operational indicators, monitoring
sequences, protection device signals, and online monitoring data. Structured data can be enriched
through textual descriptions or state labels, supporting causal inference, event interpretation, and state
recognition in LLM-based fault diagnosis tasks.

(4)  Multi-source heterogeneous and cross-modal datasets: These include real-time waveforms, missing
trigger-pulse logs, and image inspection data. Through textual transformation, feature representation,
or RAG-based retrieval enhancement, these data sources can serve as auxiliary corpora for LLM rea-
soning chains or knowledge graph inference, providing contextual reinforcement and cross-validation
for multimodal fault diagnosis.

(5) Retrieval-augmented and knowledge graph datasets: These include equipment topology, fault-
causality chains, and operation and maintenance knowledge. These datasets are not suitable for direct
pretraining but serve as augmented resources for SFT, RAG, and KGQA stages. They enhance the
question-answering capabilities of LLM while improving logical consistency and interpretability.

4.2 Applications of Large Language Model in Text Classification
4.2.1 Text Classification Tasks

Text classification refers to the task of assigning textual data to predefined categories. Common appli-
cations include sentiment detection, news sorting, and thematic identification. Recent studies demonstrate
that numerous natural language understanding (NLU) problems can be reformulated as text-classification
tasks by enabling deep-learning models to process text pairs as input. This section outlines five representative
tasks: three conventional text-classification problems and two NLU tasks frequently approached through text
classification in modern deep-learning research [35].

(1)  Sentiment analysis: This task determines the polarity or attitude expressed in text. It can be framed as
a binary decision—positive vs. negative—or as a multi-class prediction involving fine-grained labels
or graded intensity levels [36].

(2)  News categorization: News articles remain a vital information source. Automated news classifiers assist
users by detecting emerging topics or recommending content aligned with personal interests, thus
providing timely, relevant information.

(3)  Topic analysis: Also called topic classification, this task identifies the primary subject of a document,
such as discerning whether a product review focuses on ‘customer support’ or ‘ease of use.

(4)  Question answering: Two major forms exist: extractive and generative. Extractive question answering
can be treated as a classification problem, where the system judges candidate text spans as correct
answers to a question (e.g., in SQuAD datasets). Generative question answering, in contrast, requires
producing answers directly and is considered a text-generation task. This paper addresses only the
extractive type [37].

(5) Natural language inference (NLI): Also known as textual entailment, NLI predicts whether the
meaning of one statement follows from another, assigning labels such as entailment, contradiction, or
neutral. A related variant is paraphrase detection, which evaluates whether two sentences convey the
same semantic content [38].

4.2.2 Methods for Text Classification
Feed-Forward Neural Networks

The feedforward neural network (FFNN) is one of the earliest DL models applied to document
classification and is particularly suitable for scenarios involving relatively simple semantic structures or
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coarse-grained textual data. FFNN treats the input text as a bag of words and maps individual words into
vector representations {Xy, X2, ..., X, } € R? using embedding models such as Word2Vec or Glove. Then, the
model performs an averaging operation over all word vectors to obtain a dense vector representation v of the
texts [39].

V= le,- (16)

nia

The text vector is fed into the hidden layer of the FFNN to perform nonlinear feature transformation.
Taking a single hidden layer as an example, the transformation can be expressed as:

h=0(Wv+b) (17)

where W, € R™ is the weight matrix of the hidden layer, b; € R™ is the bias vector, o(-) denotes the
activation function and h represents the hidden feature representation.

h after nonlinear transformation, is passed through the output layer for category prediction, where the
Softmax function is applied to generate a probability distribution:

y=softmax (Wyh + b,) (18)

where W, € R“*™ is the output weight matrix, b, € R is the bias vector, C denotes the number of classes,
and 7 € R® represents the predicted probability for each class.

During training, the model optimizes its parameters by minimizing the cross-entropy loss between the
predicted probability distribution and the true labels. The loss function is defined as follows:

9

L=-3 yjlog(y)) (19)
j=1

Long Short Term Memory

The LSTM is an improved version of the RNN that incorporates a gating mechanism. It is widely used
for text classification tasks involving strong contextual dependencies. The input text is first represented as a
sequence of word embeddings {x,x;,...,%,} € R?, and the LSTM processes this sequence while retaining
long-range dependencies. At each time step t, the LSTM maintains the current word vector x;, the previous
hidden state h;_;, and the previous cell state c,_;, and updates its internal states according to the following
equations [40].

ft =0 (Wf . [ht_l,x,] + bf)
ir=0(W;-[hi-1,x¢] + by)

¢ =tanh (W, - [hy—y, x¢] + b,)
=[O c1+iOC

0, =0 (W, [hi1,x:] + by)
h; = 0; ® tanh (¢;)

(20)

where the forget gate f; determines how much information from the previous cell state is retained, input gate
iy and the candidate memory cell ¢; control the extent to which the current input is used for updating the
memory, the output gate o, regulates the information output from the current hidden state /;, ® represents
element-wise multiplication, W and b denote the weight and bias parameters of each gate, respectively.
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After processing the input text sequence, the LSTM can either use the hidden state at the final time
step h;, or apply a pooling operation over all hidden states to generate a fixed-length text representation
vector h. This vector h is then fed into a fully connected layer followed by the Softmax activation function
for classification.

Convolutional Neural Network

Convolutional neural network (CNN) extracts local semantic patterns from text using a local receptive
field mechanism and obtains the most salient global semantic representation through max-pooling opera-
tions. This makes them particularly suitable for short text classification tasks such as sentiment analysis and
topic identification. For a given text input, pre-trained embedding methods such as Word2Vec or GloVe are
used to convert words into vectors, resulting in a matrix representation of the entire text [41]. A convolution
operation is then applied using sliding windows over the embedding matrix to extract local features:

ci=f((W, Xiizn1) +b) (1)

where W € R denotes the convolutional kernel weights, h is the window size, b is the bias term, and
f(*) typically represents the ReLU activation function. By sliding the convolutional window across the text
sequence, a one-dimensional feature map ¢ = [}, ¢3, ¢,_p+1] is generated, which captures the significance of
local structures at different positions within the text.

To better aggregate features and mitigate the impact of long text inputs, max-pooling is typically applied
to each feature map to extract the most salient semantic features, as follows:

¢ =max (¢;) (22)

Since the presence of key semantic units is often more informative than their exact positions,
max-pooling preserves the strongest activation in each feature channel. The outputs from multi-scale
convolutional kernels are pooled and concatenated into a global feature vector Z, enabling the integration
of diverse linguistic patterns. Finally, the feature vector is projected into the category space through a fully
connected layer.

Robustly Optimized BERT Pretraining Approach

Robustly optimized BERT pretraining approach (RoBERTa) is a language representation model pro-
posed by Facebook AI in 2019 as an improved version of BERT. While retaining the original BERT
architecture, ROBERTa enhances pretraining performance by removing the next sentence prediction task,
increasing batch size and training data, and employing a dynamic masking strategy. In document classifi-
cation tasks, RoOBERTa is commonly used as a text encoder to convert entire documents into context-aware
vector representations, which are then used for category prediction.

The input document is tokenized into a sequence of tokens, with special symbols [CLS] (for classification
tasks) and [SEP] (for sentence separation) added accordingly:

Input = [[CLS], #, t2, -+, ty, [SEP]] (23)

RoBERTa employs a standard multi-layer Transformer encoder, which is primarily composed of multi-
head self-attention mechanisms and position-wise feedforward networks. The process is formally expressed
as follows.
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For each token at position i, the Query, Key, and Value vectors are computed as follows:

18

Q =xwe
K =XxwK
Vv =XxwV

The bullish form is:

MultiHead (X) = [head,;. . .; head,] W©°

Each layer passes through a feedforward network:

FEN (x) = GELU (x W, + by) W, + b,

(24)

(25)

(26)

The hidden state vector corresponding to the [CLS] token is ultimately used as the semantic represen-

tation of the entire document:

z= h[CLS]

(27)

Table 3 presents a comparative analysis of the advantages, limitations, complexity, and applicability of
four commonly used methods for text classification in HVDC systems.

Table 3: Comparison of advantages and limitations of various existing HVDC text classification methods

Methods of

Advantages of HVDC Limitations of HVDC . C
text v a igications applications Complexity Applicability Score
classification PP PP
Lacks temporal and
Simple architecture, contextual understanding
itable f Maki lex fault
' suitab. e for aking complex fau . Suitable for simple
high-real-time alert causality or Low complexity: .
. . . . text archiving and
. filtering or basic text ~ cross-paragraph semantics  simple text feature .
FFNN [38] . . . single fault alarm
classification hard to detect extraction and few e
. classification ™
Low computational Low accuracy when parameters .
- . scenarios
load and minimal processing control
hardware requirements ~ commands or equipment
status records
Strong long-sequence
dependency modeling, Slow inference speed, .
P v § .W P Suitable for fault
enabling unsuitable for online tasks . .
. . . evolution analysis
cross-temporal event requiring second-level High complexity: scenarios
LSTM [39] chain analysis response requi}'ing High computational
Strong contextual Many training parameters, fine-tuning and . .
. . . s L demand with o
understanding, suitable ~ with moderate scalability = long training time . .
. complex engineering
for processing for long texts and large .
tuning

maintenance logs and
control commands

datasets

(Continued)
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Table 3 (continued)

Methods of

text Advantages o‘f HVDC Limitatio'ns (?f HVDC Complexity Applicability Score
classification applications applications
Suitable for
Excels at extracting Insufficient long-sequence short-sentence alarm
local key information, dependency modeling, classification and
effectively identifying unable to handle Moderate rapid topic
short-text warnings cross-document causal complexity: identification
CNN [40] and event trigger words relationships training and applications
High computational Requiring multi-scale inference are easily =~ Moderate hardware Rl
parallelism and fast convolution kernels to parallelized. requirements,
inference, suitable for ~ capture HVDC semantic enabling rapid
real-time warning patterns migration and
deployment
Strong contextual
understanding, capable
of capturing global Suitable for complex
semantics a1.1d High computational and High complexity: fault diagnosis,
cross-domain storage costs - cross-system
. L . : . requiring GPU and .
RoBERTa [12] relationships in Fln'e—tunmg requires distributed training .operatlon and .
complex fault chains  extensive labeled data, and . maintenance question
Relatively long Al

Suitable for processing
multimodal text and
integrating with

building HVDC-specific
corpora is costly

answering, and
intelligent scheduling
decision support

inference latency

knowledge graph
technologies
Note: **denotes S € (0.6, 0.7], ***denotes S € (0.7, 0.8], ***denotes S € (0.8, 0.9], where S is the normalized
composite score derived from the respective evaluation criteria; the detailed scoring protocol is provided in Section 3,
“Comprehensive Evaluation Framework for LLM Applications in HVDC Systems”.

4.2.3 Applications of Large Language Model to HVDC Text Classification
Inverter Attack Detection Model Based on Volt/VAR Command Text Classification

Intelligent inverters are widely deployed in HVDC systems, where they regulate system voltage through
Volt/VAR curves. However, these Volt/VAR curves are vulnerable to stealthy cyber-attacks, which may cause
voltage violations and other security concerns. Traditional attack detection methods rely excessively on
numerical data, which provide insufficient contextual information for effectively identifying cyber threats.
Transforming numerical Volt/VAR control commands into textual representations can mask numerical
details, improve data interpretability, and enhance system security. This approach makes full use of the accu-
mulated data in HVDC systems, enabling intuitive detection of abnormal conditions while strengthening the
systems resilience against cyber-attacks. Reference [43] proposes converting variations in control command
values into text sequences and employing LLM for classification to detect potential cyber-attacks.

The detection architecture illustrated in Fig. 5 consists of three interrelated stages. First, numerical
commands from the Volt/ VAR system are transformed into text sequences. The model is designed to process
these sequences, which may contain attack vectors, and the classifier is trained to identify any suspicious
command. Second, the classified commands are validated to ensure that they are free from potential
malicious attacks. Finally, a LLM based on BERT is employed to capture dependencies among different parts
of a command sequence, while DistilBERT is adopted to meet the low-latency requirements of real-time
detection across various attack scenarios. Once a potential attack is detected, operators are alerted and the



20 Energy Eng. 2026;123(8):4

corresponding command is blocked. Otherwise, the command is converted back into its numerical form and
executed by the inverter.

Stage 1 |
Command Transformation | Text Classifier
| (Suspicious Command Detection)

. Train to detect malicious
Numerical —> Text/AR

Conversion potential —_—
attack vectors included

I No
| Suspicious?
| Yes ¢

Stage 2 |

Validation and Classification | Command Format
Validator Operator Alert and
BERT Based LLM | Ensures text conforms to Command Block
Captures Dependencies | utility format
among command
sequence _|_> ¢
Approved

Validated Command

Numerical Command

|
|
Stage 3 : ¢ to Inverter
|
|

Captures dependencies Dependency Capture and
among command Application

sequence I Captures dependencies among
command sequence

|
|
|
Figure 5: Inverter attack detection model based on volt/var command text classification

BERT-Based Dual-Channel Power Equipment Defect Text Assessment Model

The massive volume of textual records generated during the routine operation and maintenance of
HVDC equipment serves as a critical basis for evaluating equipment health and formulating maintenance
strategies. However, due to the highly specialized nature and irregular expression of such texts, risk-
level assessments of equipment records still heavily rely on manual interpretation, which suffers from low
efficiency and strong subjectivity. Work [44] proposes a dual-channel text feature extraction model based on
BERT, enabling the coordinated capture of both global semantics and local key information within the text.

First, a Chinese dataset of power equipment defect texts was constructed, and data augmentation
techniques were employed to effectively expand the dataset and mitigate the problem of class imbalance.
Subsequently, the pre-trained BERT model was used to deeply capture semantic representations, providing
the Bi-LSTM channel with high-quality, semantically rich features. The Bi-LSTM was then employed to
model the long-term contextual dependencies of the overall information sequence, converting them into
more sequence-aware features. Meanwhile, a CNN was applied to extract features related to key defect
phrases within the text, which are crucial for determining defect severity levels. Finally, the feature vectors
extracted by the Bi-LSTM and CNN channels were concatenated and fed into a fully connected layer for
fusion, completing the final classification.
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Time-series classification models such as GRU, TCN, and lightweight Transformer architectures are
generally more compact and computationally efficient. The GRU model achieves higher efficiency but may
lose fine-grained contextual precision when handling long fault reports. The TCN model offers excellent
inference speed and parallelism, making it suitable for real-time waveform-based fault detection; however,
it has limited capability in perceiving complex semantic dependencies within unstructured textual data.
Lightweight Transformers possess strong global representational power but require additional domain
adaptation before being effectively applied to HVDC systems. In contrast, work [36] adopts a Bi-LSTM
within a dual-channel framework to capture the inherent semantic dependencies in HVDC fault texts and
preserve semantic coherence, while hyperparameter optimization further reduces computational complexity.
Future research on real-time HVDC fault monitoring should explore hybrid architectures that integrate deep
contextual semantic understanding with lightweight and efficient sequential models.

For non-English manuals, LLM exhibit strong scalability and can be effectively applied to real HVDC
systems that involve multilingual texts and real-time data. Owing to its multilingual pretraining capabilities,
LLM can be fine-tuned and adapted to the HVDC domain at a low additional training cost, enabling
efficient processing of non-English technical documentation. Furthermore, LLM can be integrated with
online data-processing pipelines, where operational logs, equipment data, and other real-time information
are preprocessed, aggregated, and subsequently transmitted to the reasoning layer. By leveraging lightweight
retrieval modules or tokenization mechanisms, LLM is capable of functioning efficiently under near-real-
time conditions. In addition, their robustness can be further enhanced through few-shot learning, transfer
learning, and data augmentation. Moreover, by employing retrieval augmented generation (RAG), LLM can
incorporate external documents to enrich their training corpus, thereby improving their comprehension of
non-English contexts and strengthening domain-specific semantic understanding in HVDC applications.

4.2.4 Semantic Relation Extraction Process of LLM

In the semantic understanding framework of LLM, the extraction of semantic relations relies on the
integration of multi-head contextual attention and probabilistic generative modeling to ensure semantic
consistency within the vector space. For a given text sequence S, Eq. (6) is used to assign weights to
dependencies across arbitrary spans. This mechanism enables the model to assign semantic dependency
weights globally across all positions, thereby capturing long-range semantic relations, such as the implicit
logic embedded in the equipment-fault-handling semantic chain.

Subsequently, to map word-level semantics onto the entity and relational levels, LLM typically employ
joint semantic modeling. Given a text containing an entity set € and a latent relation set R, the joint objective
is formulated as the minimization of a composite loss function:

L= -Eent + Lrel +A -Econs (28)

where, Len and L, represent the cross-entropy terms for entity recognition and relation classification,
respectively, while L., denotes a consistency constraint term designed to ensure that the triplets extracted
from unstructured text comply with semantic dependency constraints.

To further enhance the explicit representation of cross-sentence semantic relations, graph-enhanced
semantic modeling can be introduced at the structural level. In this approach, the extracted entities and rela-
tions are organized into a semantic graph, where a graph attention propagation layer enables the structured
aggregation of semantic contexts. Furthermore, this framework enables the capture of semantic dependen-
cies and causal pathways across multiple scales, within sentences, between sentences, and across documents,
thereby providing structured semantic support for subsequent reasoning and question-answering tasks.
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In addition, when handling long texts or multi-document scenarios, LLM typically incorporate
retrieval-augmented generation (RAG) or chain-of-thought mechanisms. This generation-reasoning archi-
tecture substantially enhances the model’s ability to capture causal and logical relations, and its joint
probabilistic modeling can be expressed as follows:

p (%) = 2 p (ylx.s) p (slx) (29)
where, s denotes the intermediate reasoning steps or the set of retrieved documents.

4.3 Applications of Large Language Model in Fault Diagnosis
4.3.1 Classification of HVDC Fault Diagnosis
AC-Side Faults

AC-side faults refer to short-circuit or grounding events occurring on the converter station’s AC bus, AC
filter bus, or incoming line sections, and commonly include single-phase-to-ground, phase-to-phase, three-
phase faults, and composite faults accompanied by line tripping [45,46]. At the instant of fault, the AC voltage
magnitude drops sharply, its phase shifts abruptly, and the negative-sequence component surges, resulting in
severe distortion of the converter-bus voltage waveform. Meanwhile, the DC power plunges rapidly because
the firing angle is forced to advance; if the fault is not cleared in time, successive commutation failures are
easily triggered and eventually lead to DC blocking. In addition, the fault disrupts the reactive-power balance
between sending and receiving ends, the converter transformer suffers DC bias caused by distorted excitation
current, and the accumulated effect shortens core life [47]. The AC system frequency also declines due to the
power deficit, causing under-frequency load-shedding relays to operate and, in multi-infeed regions, may
set off cascading events that enlarge the disturbance.

DC-Side Faults

DC-side faults mainly appear on the pole conductors, neutral bus, electrode lines, and DC filter
branches, and take the forms of ground flashover, line breakage, pole-to-pole short circuits, or high-resistance
grounding [48]. Lightning strikes, pollution flashover, tree contact, or insulator ageing can all degrade
line insulation, producing a sudden rise in DC current and a steep collapse of DC voltage [49]. A broken
conductor introduces resonant over-voltages on the DC side, which may damage smoothing reactors and
DC voltage dividers. The fault-current magnitude decays exponentially with fault distance and grounding
resistance [50]; high-resistance faults far from the station are weak and easily missed by conventional relays. If
protection fails to detect and block within a few milliseconds, sustained over-current will puncture thyristor
stacks, saturate smoothing-reactor cores, and rupture DC-filter capacitor banks [51], ultimately resulting in
severe primary-equipment destruction.

Converter Valve Faults

Converter-valve faults cover valve short-circuit, false firing, and misfiring. Valve short-circuits often
originate from thyristor chip defects, damping-circuit open circuits, or trigger-unit failures [52], generating
surge currents within microseconds and causing valve-component temperatures to jump by more than
one hundred degrees, leading to cracked ceramic insulation and coolant leakage. False or missed firing,
caused by distorted trigger pulses, ageing opto-converters, or valve-control board faults [53], manifests
itself as distorted valve-voltage waveforms, drifting firing angles, and amplified harmonics; long-term
operation degrades valve life and may escalate into system-wide commutation failures when the AC grid is
disturbed [54]. Because valve current is not directly measured in practice, diagnostics must integrate indirect
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valve-voltage and current measurements, trigger-pulse feedback, and valve-control self-check signals using
multi-source data fusion techniques for early warning [55,56].

Commutation Failure Faults

Commutation failure is a control-type fault unique to inverter stations, whose essence is that the
valve fails to regain blocking capability during the reverse-voltage period, so the valve that should turn oft
continues to conduct. AC-voltage sag, loss of trigger pulses, insufficient extinction angle, or valve-control
delays can all initiate the failure. Once it occurs, DC current surges, the AC side experiences significant
transient over-voltage, and fundamental-frequency components intrude into the DC circuit, causing an
instantaneous drop in DC power [57]. Repeated commutation failures force the DC system into emergency
blocking, creating large power deficits and frequency swings. Moreover, commutation failures amplify DC-
side harmonics, excite resonances between DC filters and lines, and further deteriorate system stability.
In multi-infeed receiving networks, a single commutation failure can, through voltage coupling, induce
successive lockouts of adjacent DC links, leading to massive power transfers and voltage collapse [58].

4.3.2 Existing HVDC Fault Diagnosis Methods
Model-Driven Fault Diagnosis Methods

Existing methods for power line fault diagnosis primarily include approaches based on analytical
models, expert systems, data-driven techniques, and multi-technology integration [59-61]. The earliest fault
diagnosis methods relied on physical or mathematical models, achieving fault detection and localization
through theoretical analysis of power grids combined with traditional mathematical tools such as equivalent
circuits, traveling wave theory, and wavelet analysis [62,63]. In study [64], a method was proposed that
utilizes a high-voltage DC power supply and insulated gate bipolar transistors (IGBTs) to periodically
charge transformers while measuring oscillatory wave responses via winding bushings to assess transformer
condition. This approach integrates physical and mathematical models, enabling fault diagnosis by analyzing
changes in the transformer’s equivalent circuit parameters. Given the structural and operational similarities
between high-voltage DC transformers and AC transformers, this method can theoretically be extended
to fault detection in HVDC transformers, particularly for insulation and winding condition assessment.
Building on transformer condition monitoring, reference [65] shifted focus to line-level protection by intro-
ducing a novel fault detection and localization method based on phase let transform and continuous wavelet
transform (CWT). This approach effectively suppresses undesired fluctuations in HVDC line currents,
reducing fault localization error to below 1% while achieving 98.5% accuracy. The method’s versatility is
demonstrated through its applicability to both monopolar and bipolar HVDC systems, covering various fault
types including ground and line faults. Complementing these system-level approaches, work [66] proposed
a single-ended fault diagnosis method based on traveling wave theory and redundant discrete wavelet
transform (RDWT). This solution enables comprehensive fault detection, classification, and localization
using only single-ended voltage signals from HVDC lines, offering a cost-effective alternative to conventional
double-ended measurement systems while maintaining high diagnostic accuracy.

Although model-based methods offer clear principles and strong interpretability, their low diagnostic
efficiency and high computational demands make them unsuitable for modern power systems with massive
data volumes and real-time requirements. With the increasing prevalence of power electronic devices and
monitoring data, there is an urgent need for more efficient and adaptive intelligent diagnostic technologies.
Data-Driven Fault Diagnosis Methods

Data-driven methods for power line fault diagnosis have become a current research hotspot [67-70].
These methods primarily employ machine learning algorithms to automatically learn fault characteristics



24 Energy Eng. 2026;123(8):4

from actual operational data or simulation data, thereby establishing diagnostic models [59]. Compared to
traditional model-based approaches, data-driven methods exhibit better fault tolerance and adaptability [71],
effectively addressing nonlinear problems and uncertainties in power systems. However, these methods also
face inherent challenges such as poor model interpretability and the need for large amounts of training
data [72]. In terms of specific research, literature [73] proposed a hybrid diagnostic framework that integrates
power system domain knowledge with machine learning. This framework constructs 21 novel physical
features based on sequence components, phase angle dynamics, and power characteristics, and combines
recursive feature elimination techniques to screen key variables, enabling the XGBoost model to achieve
high-precision classification of 11 types of faults in three-phase transmission lines. Building on feature
engineering research, literature [74] further proposed an optimization method based on an adaptive neuro-
fuzzy inference system. This approach innovatively combines signal processing techniques with intelligent
optimization algorithms, performing feature extraction through principal component analysis and discrete
wavelet transform, while using intelligent optimization algorithms to optimize membership function param-
eters, significantly improving the accuracy of fault diagnosis in HVDC transmission systems. Following the
developmental trajectory of intelligent diagnostic technologies, literature [75] pioneered a novel method for
converting signal spectrum information into feature images. This solution achieves visual representation
of signal features through fast Fourier transform and Gramian angular field techniques, providing more
effective input features for deep learning models and enabling rapid and accurate fault identification.

Despite significant progress in data-driven methods for power line fault diagnosis, several pressing
issues remain to be addressed. First, the lack of model interpretability limits their application in critical power
facilities. Second, the dependence on high-quality training data restricts the generalization ability of models
in practical engineering. Additionally, the adaptability of existing methods to complex grid topologies and
multi-fault coupling scenarios requires further validation. Future research needs to focus on resolving these
bottlenecks to promote the practical application of data-driven methods in power system fault diagnosis.

Knowledge-Driven Fault Diagnosis Methods

Early knowledge-driven methods primarily relied on expert systems [76], which consist of two main
components: a knowledge base and an inference engine. The knowledge base includes a rule base and
a database, where the rule base stores judgment rules for power line faults, and the database store fault
characteristic information. The inference engine utilizes knowledge from the knowledge base to analyze
newly acquired fault signals, identifying faults by logically matching fault information with the expert knowl-
edge base. In specific research, reference [77] proposed an innovative approach that combines information
theory with expert systems, transforming traditional rule-based matching expert systems into numerical
calculation methods. This approach not only eliminates the influence of signal timing but also quantitatively
describes uncertainties in information transmission, effectively addressing issues of information ambiguity
and communication uncertainty. While expert systems can simulate expert decision-making processes
and handle complex professional problems, their construction and maintenance require significant expert
involvement, and the systems themselves lack flexibility.

In recent years, graph model-based methods have become a major research direction in fault diag-
nosis. These methods leverage structured graphical representations and logical reasoning capabilities to
effectively address fault localization and analysis in complex systems [78]. However, accurately modeling
certain complex processes remains challenging [79]. The introduction of knowledge graph technology
has opened new possibilities for fault diagnosis, significantly improving engineering knowledge utilization
through pattern recognition and correlation analysis of entity and relationship data. Existing knowledge
graph-based fault diagnosis methods primarily employ techniques such as knowledge reasoning, querying,
question-answering mechanisms, and recommendation algorithms.
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Nevertheless, current knowledge graph-based fault diagnosis methods still have limitations. In scenarios
involving complex large-scale industrial equipment, due to the extensive scope of investigation and lengthy
fault causality chains, it is often difficult to determine the root cause through a single investigation. This
highlights the urgent need for more flexible and targeted dynamic fault investigation and diagnosis methods.
This demand has driven the transition of fault diagnosis methods from static knowledge matching to dynamic
intelligent reasoning, pointing the way for the development of next-generation intelligent diagnosis systems.

Table 4 presents a visual comparison of the advantages and limitations of various existing HVDC fault

diagnosis methods, based on the summary and analysis above. The score for each type of method is the
average of the scores from the corresponding references.

Table 4: Comparison of advantages and limitations of various existing HVDC fault diagnosis methods

Advantages of Limitations of
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modern power  for model debugging lines
systems and computational
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and ongoing
maintenance, along
with support for
graph construction
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and maintenance
question answering,
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Note: ****denotes S € (0.8, 0.9], and *****denotes S € (0.9, 1], where S is the normalized composite score derived from
the respective evaluation criteria; the detailed scoring protocol is provided in Section 3, “Comprehensive Evaluation
Framework for LLM Applications in HVDC Systems”.
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4.3.3 Hybrid LLM-Enhanced HVDC Fault Diagnosis Method Technical Implementation Path

Focusing on HVDC transmission systems, this paper presents a concept for an LLM-based HVDC
fault-diagnosis method. With the large language model as its core, the approach handles both training and
deployment of the HVDC fault-diagnosis model, enabling a closed-loop upgrade of the entire HVDC fault-
diagnosis workflow from manual rules to semantic-driven automation. Owing to its ability to unlock the
latent potential of metadata, the knowledge graph has increasingly captured the attention of practitioners in
the fault-diagnosis field; therefore, the following adopts the knowledge graph as the HVDC fault-diagnosis
approach and explores the feasibility of an LLM-optimized HVDC fault-diagnosis method. Fig. 6 illustrates a
side-by-side comparison of the technical routes for traditional knowledge-graph construction vs. LLM-based
knowledge-graph construction.

Classic Knowledge Extraction

Data Entity Relation
Preprocessing Recognition Extraction

Structured Data

Joint Entity

Extraction Alignment
Semi-structured / l \

Data
LLM-based Knowledge Extraction
- %4
Prompt —
Unstructured Data Learning LLM Knowledge Graph

Figure 6: Comparison of the technical routes for classic knowledge-graph construction vs. LLM-based knowledge-
graph construction

Prompt Tailored for Constructing an HVDC Fault Knowledge Graph

The extraction-oriented prompt for knowledge-graph construction comprises four sequentially pro-
gressive modules. First, the background and historical input module furnishes the language model with a
coherent domain context: commencing with the topological structure of the HVDC system, it subsequently
incorporates the fault-classification taxonomy and typical protection configurations, and ultimately links
to pre-compiled entity, relation, and attribute constraints. Through this continuous information chain, the
model operates within a unified context and the probability of overlooking domain-specific terminology
is markedly reduced. Next, the source text description module continues from the preceding context
and orderly presents the domain metadata-such as fault-record narratives, dispatch logs, or maintenance
reports-allowing the model to interface directly with the raw material without additional contextual supple-
mentation. Thereafter, the task description module refines the operational directives on the basis of the source
text: it begins by articulating the overarching requirement of enumerating core concepts, proceeds to the
more granular tasks of identifying entities or relations, and concludes with the specific instruction to generate
class definitions, thereby establishing a progressive command sequence from macroscopic to microscopic
levels. Finally, the structured output specification module, anchored to the three prior components, mandates
the required output format-such as JSON or RDF-ensuring seamless linkage with preceding modules and
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consistency for subsequent parsing, storage, and reasoning stages. Fig. 7 illustrates the structure of the
aforementioned knowledge-extraction prompt.

Qe wHHHAR __ —w Background and Historical Input
sk sk sk ok skok ok skok \\\ ~
W ~
—_— W \ ™ Source Text Description
AN
AN
AEAN
\\ ¥ Task Description
\
\
LLM \ Structured Output Specification

Figure 7: The structure of knowledge-extraction prompt (*denotes the textual input, i.e., the posed question)

Within the HVDC fault-operation-and-maintenance knowledge-graph pipeline, the domain-concept
prompt, as the initial step, naturally inherits the aforementioned four-part structure. Specifically, the
background information first demarcates the fault-operation scenario and lays the contextual foundation
for subsequent steps. The task description then, within this contextual framework, requires the model to
systematically generate the core concepts, thereby achieving a smooth transition from scenario to concept.
Subsequently, the structured-output specification reiterates the task description by obliging the model to
define concepts and their attributes at the class level according to the prescribed syntax. Consequently, the
three stages interlock to provide a unified and coherent semantic framework for the instantiation of entities
and relations.

The data-extraction prompt likewise adheres to the four-stage progressive logic. The background-and-
historical-input segment first reuses the fault-operation RDF Schema generated by the domain-concept
prompt, thus seamlessly inheriting the prior context. The source-text segment then continues from this
schema by explicitly introducing the fault cases or industrial-equipment data tables to be processed, effecting
a natural transition from template to instances. Following this, the task-description segment refines the
extraction requirements on the basis of the source text and further specifies detailed constraints. Ultimately,
the structured-output specification connects to the task description by requiring the model to render each
identified entity, entity-attribute pair, and triple in RDF syntax and to output a complete RDF graph, thereby
forming a full-chain closed loop from input to output.

To minimize the occurrence of “hallucinated facts” in LLM outputs while ensuring result accuracy and
interpretability, a prompt engineering template based on LLM has been designed. The template is structured
as follows:

prompt = identity + description + examples + input (30)

where, identity is used to define the role the model should assume in the given context; description provides
a specific explanation of the task; examples demonstrate instances of task implementation; and input refers
to the text to be processed.
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Based on the above discussion, this paper presents a prompt template tailored for constructing an
HVDC fault-diagnosis knowledge graph:

Prompt-1: Concept-Layer Generation

*Context & Historical Input* The objective is to construct a machine-interpretable HVDC fault-
diagnosis knowledge graph that encompasses device attributes, operational fault phenomena, fault causes,
and maintenance strategies.

*Task Description* Enumerate the core concept categories required for fault diagnosis and maintenance
(e.g., device type, fault type, temporal attribute, spatial attribute). Do not list concrete instances. For each
category, define two disjoint attribute kinds (datatype and object properties) with maximal granularity.

*Output Format* Organize the resulting concepts under two top-level classes: Industrial Equipment
and Fault Operation Event. Provide Turtle-syntax RDF Schema declarations.

Prompt-2: Data Extraction

*Context & Historical Input* At this stage, the established RDF Schema for HVDC fault diagnosis is
reused; the objective is to extract entities, attributes, and relations from concrete fault cases or equipment
data tables and to serialize the result into an RDF-compliant file.

*Source Text* The input takes the form of either narrative fault-case descriptions or structured
equipment data tables.

*Task Description* Guided by the established HVDC fault-diagnosis RDF Schema, perform end-to-end
extraction on the supplied narrative or tabular data. First, identify all industrial-equipment and fault-event
entities; next, extract for each entity the complete set of attributes—such as fault time, location, device
status, and type—and capture causal or associative relations between devices and faults as well as among
faults themselves, ultimately producing an entity-attribute-relation triple set that can be directly serialized
into RDE.

*Output Format* Assign a unique URI to each entity and bind it to the corresponding RDF: class; express
every entity-attribute pair and every entity — relation — entity triple in RDF statements, and emit a complete
RDF graph.

HVDC Fault Diagnosis Method Knowledge Graph Based on LLM

Building on the two fault-operation knowledge-graph prompts designed in the previous section, this
paper proposes an LLM-driven two-stage framework: RDF schema generation followed by RDF data-layer
population. First, the domain-concept prompt is fed into the large language model to obtain a complete
RDF schema. Next, the raw fault-operation data are supplied as source text and, together with the generated
schema, are passed into the data-extraction prompt, enabling the model to extract entities, attributes, and
relationships in real time, thereby populating the RDF data layer. This sequential workflow is illustrated
in Fig. 8.

To effectively handle updates and ensure consistency over time, the LLM-based HVDC fault diagnosis
method employs the following mechanisms: First, the dynamic update mechanism of the knowledge graph
is realized through a real-time data bridging channel, which can promptly reflect new fault data and
maintenance information to ensure the timeliness of information during fault diagnosis. Meanwhile, the
multi-source data fusion technology integrates various data sources, including valve voltage and current
measurements, trigger pulse feedback, and valve control self-check signals, not only enhancing the accuracy
of diagnosis but also continuously updating the knowledge graph to maintain its consistency. In addition,
the continuous learning capability of the LLM enables it to update its internal knowledge representation
by receiving new fault cases and maintenance data, better adapting to new fault patterns and diagnostic
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requirements. The system also includes a feedback mechanism that feeds new diagnostic results and
experience back into the model to further optimize model performance and knowledge base content. When
constructing the knowledge graph, a structured output specification is adopted to ensure the consistency
and interpretability of the knowledge graph’s format and content at different time points. The flexibility of
the two-stage framework allows for independent updates of the RDF schema and data layer, thus enabling
flexible handling of new fault types and diagnostic requirements without affecting the overall architecture.
These mechanisms collectively ensure the system’s efficiency and adaptability, providing strong support for
the stable operation of HVDC systems.

Prompt-1
Concept-Layer Generation LLM

Prompt-2 w

Data Extraction WL ez

Equipment Data Tables

A

—»  Source Text

Fault Cases v

Figure 8: LLM-based knowledge graph for HVDC fault diagnosis constructing framework

4.4 Applications of Large Language Model in Question Answering
4.4.1 Classification of Question Answering Systems

Existing question answering systems commonly employ retrieval mechanisms that rely on a pre-
established knowledge base containing potential answers and their source information. Based on different
knowledge base structures and retrieval techniques, these systems can be categorized into four types:
frequently asked question answering, knowledge graph-based question answering, table-based question
answering, and machine reading comprehension. The following sections provide detailed descriptions of
these four types of question answering systems.

(1) Frequently asked question-based question answering

Frequently asked question systems are retrieval systems based on predefined question-answer pairs.
These systems typically include a pre-built question-answer database, where text-matching techniques are
employed to identify user queries and search for the most similar question-answer pairs in the database [80].
The operational principle of such systems resembles that of search engines but focuses specifically on
matching question-answer pairs. To enhance retrieval accuracy and efficiency, a two-stage framework
involving recall and ranking may be adopted. First, the system retrieves candidate answers from the
predefined question-answer pairs that are relevant to the user’s query. Subsequently, these candidate answers
are ranked based on relevance scores, and the highest-scoring answer is ultimately returned to the user.
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(2) Knowledge graph-based question answering

Knowledge graph-based question answering systems utilize structured data from knowledge graphs
to interpret and respond to user queries [81]. Such systems initially perform semantic parsing on user
questions to convert them into executable queries within the knowledge graph. Subsequently, relevant
information is retrieved through entities and relationships in the knowledge graph to generate answers. This
approach relies on the quality and coverage of the knowledge graph to provide accurate and comprehensive
responses. Additionally, such systems can further enrich the knowledge graph by extracting information
from unstructured data using information extraction techniques.

(3) Table-based question answering

Table-based question answering systems are specifically designed to handle structured tabular data.
The objective of such systems is to convert natural language questions posed by users into structured
query statements, enabling the execution of queries within tables and the retrieval of accurate answers [82].
This process typically involves natural language processing techniques, such as semantic parsing and entity
recognition, to interpret the meaning of questions and map them to corresponding fields within tables [83].
Table-based question answering systems are particularly useful in application scenarios involving large
volumes of structured information, such as database queries and data report analysis.

(4) Machine reading comprehension based question answering

Machine reading comprehension systems simulate human reading comprehension capabilities by
extracting information from large volumes of text to answer user questions [84] Such systems typically
consist of two main modules: passage retrieval and reading comprehension [85]. First, the system retrieves
passages relevant to the question from a large-scale document collection. Then, a reading comprehension
model analyzes these passages to extract or generate answers. This approach relies on advanced natural
language processing techniques, such as DL and attention mechanisms, to understand the deeper meaning
and context of the text. Machine reading comprehension systems excel in handling open-domain question
answering and scenarios requiring in-depth understanding of textual content.

4.4.2 Mainstream Domain-Specific Question Answering System Technologies

In the current field of question answering systems, methods such as fine-tuning, prompt learning,
knowledge graphs (KG), and RAG have been demonstrated to play indispensable roles in constructing
efficient and intelligent question answering systems. These technologies each contribute from different
perspectives, providing substantial support for enhancing the performance of question answering systems.
The following sections will elaborate in detail on the research status of these four mainstream questions
answering system technologies, aiming to offer valuable references for researchers in related fields.

(1) Fine-tuning based question answering

Fine-tuning methods build upon pre-trained models by further training them with task-specific data
from target objectives. During this process, model parameters are adjusted and optimized according to the
characteristics and requirements of the target task, enabling the model to transition from learning general
knowledge to adapting to specific applications. A common practice involves keeping the parameters of most
layers frozen or updating only a subset of layers. This approach leverages the knowledge encoded in the
pre-trained model while mitigating the risk of overfitting when training on limited datasets.

Current fine-tuning approaches can be classified into four main categories: full-parameter fine-tuning,
partial-parameter fine-tuning, additional-parameter fine-tuning, and parameter-free fine-tuning. Full-
parameter fine-tuning updates all model parameters and generally yields optimal performance, though it
requires substantial computational resources. To mitigate this limitation, memory-efficient full-parameter
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methods such as Diff pruning [86] and MeZO [87] have been proposed. Partial-parameter fine-tuning
updates only specific components, such as biases or selected weights [88], and can be further divided
into heuristic and self-learning types. While this approach has shown effectiveness as a resource-efficient
alternative to full-parameter updating [89,90], it still involves computing full gradients across all parameters,
which remains computationally intensive [91]. Additional-parameter fine-tuning, exemplified by Adapter-
based methods [92], LoRA-based techniques, and soft prompting, introduces a limited number of external
parameters to adapt models efficiently. This strategy addresses key challenges associated with full-parameter
and partial-parameter methods, including large model size [93] and high computational demand [94].
Parameter-free fine-tuning relies exclusively on prompt design and external retrieval mechanisms [95],
avoiding any updates to model parameters. Although this method significantly reduces computational costs
for task adaptation, it faces limitations such as restricted context length, limited robustness, scalability
constraints, and efficiency concerns [96]. Each fine-tuning strategy presents distinct trade-offs, and the
selection among them should be guided by available computational resources, inference latency require-
ments, and specific task objectives in practical applications. In the context of parameter-efficient fine-tuning
methodologies for LLM, reference [97] conducted a systematic investigation into instruction fine-tuning
techniques applied to compact LLM-including Mistral-7B, Llama3-8B, and Phi3-mini—demonstrating
substantial performance improvements in financial text classification tasks. Building upon task-specific
adaptation, reference [98] proposed the Low-Rank Gradient Estimator, an efficient fine-tuning frame-
work designed to enhance model capability across diverse applications, with demonstrated effectiveness
particularly in question answering systems. Complementing gradient-based optimization approaches, ref-
erence [99] introduced the LOMO optimizer, which enables memory-efficient full-parameter fine-tuning
of large language models under constrained resources, maintaining competitive downstream performance
while significantly reducing memory requirements. Further expanding the parameter-efficient paradigm,
reference [100] developed a prompt tuning approach that learns adaptive soft prompts to tailor frozen
language models for specific downstream applications, achieving balanced performance while maximizing
parameter efficiency.

(2) Prompt learning based question answering

Although large models possess extensive knowledge coverage and powerful text generation capabilities,
demonstrating excellent performance in general question-answering tasks, their accuracy in generating
answers often falls short when addressing domain-specific or specialized tasks. To address this limitation,
prompt learning technology designs specialized prompt templates for different domains and professional
scenarios, significantly enhancing model performance in specialized question-answering tasks. Specifically,
as a guidance mechanism based on pre-trained models, prompt learning effectively improves the model’s
understanding of professional questions by integrating domain-specific prompt information with pre-
trained models, enabling question-answering systems to produce more accurate and professional responses.

From a technical implementation perspective, prompt learning methods systematically guide language
models to generate target outputs by embedding predefined text fragments into input data. This mechanism
is particularly suitable for question-answering applications, as large models, despite their excellent text
generation fluency and contextual understanding capabilities enabling multi-turn dialogue interactions, can
further enhance their domain adaptability through carefully designed prompt templates. Notably, recent
studies have developed several innovative prompt learning frameworks with specialized applications. In
cross-modal question answering, the PEG framework [101] employs prompt learning to generate contextual
descriptions for images, integrates prefix tuning to extract background knowledge from pre-trained models,
and combines vision-language joint encoding with contrastive learning, achieving substantial performance
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gains on WebQA and MultimodalQA datasets. Advancing beyond supervised cross-modal settings, the ZPV-
QA framework [102] introduces a zero-shot prompt learning strategy that enables large language models to
first generate image descriptions relevant to queries without training examples, then synthesize question-
answer pairs, attaining breakthrough results on VQAv2 and OK-VQA benchmarks. Further expanding
prompt-based representation learning, the PGCL method [103] guides textual and visual representation
learning through attribute prompt templates, incorporates self-supervised contrastive learning to enhance
multimodal fusion, and demonstrates exceptional performance on the ScienceQA dataset. Complementing
these specialized frameworks, the ChatLD approach [104] leverages the GPT-40 model with chain-of-
thought prompting to achieve high-accuracy, training-free sample classification via reasoning chains, while
validating method scalability across multiple scenarios. These advances collectively demonstrate that care-
tully architected prompt learning strategies can effectively unlock the application potential of large models
in specialized domains.

(3) KG based question answering

A KG serves as a graph-structured data organization format that achieves symbolic representation and
structured storage of real-world knowledge through networked connections of “entity-relation-entity” triples
and their associated attribute values. This unique semantic database structure provides a solid foundation
for knowledge graph question answering (KGQA) systems, which parse users’ natural language questions,
retrieve relevant entities from the knowledge graph, and return accurate answers. Current mainstream
KGQA methods are primarily divided into two technical approaches: the first is based on semantic parsing,
which converts questions into logical form representations and executes queries directly on the knowledge
graph to obtain answers; the second is based on information retrieval, which extracts relevant subgraphs
from the knowledge graph, performs reasoning on the subgraphs, and selects highly ranked entities as
final answers.

It is noteworthy that although large language models pre-trained on large-scale corpora demon-
strate exceptional language understanding capabilities and broad knowledge coverage in natural language
processing tasks, they still exhibit significant limitations. Specifically, these models struggle to accurately
capture factual information, often generating factually incorrect statements-a phenomenon known as
hallucination [105]. Additionally, due to a lack of domain-specific knowledge and training data, models
trained on general corpora face challenges in effectively generalizing to specialized domains. To address these
challenges, researchers have developed several innovative solutions. Reference [106] proposed a semantic-
oriented fusion model for KGQA that optimizes topic entity recognition through deep transition RNNs,
while innovatively designing a dynamic candidate path generation algorithm and quadruple similarity
computation model. Building on semantic modeling approaches, literature [107] introduced a contrastive
learning enhancement framework that employs a sampling strategy to construct semantically consistent
positive pairs and inconsistent negative pairs. By jointly optimizing contrastive and generative objectives, this
framework effectively mitigates exposure bias in encoder-decoder models during teacher-forced training.
Extending to long-tail knowledge scenarios, study [108] constructed the LTGen benchmark comprising both
single-turn QA and multi-turn dialogue tasks, systematically evaluating how non-parametric knowledge
enhances LLM performance in long-tail QA. Experimental results demonstrated that KG triple prompts
significantly improve accuracy while reducing hallucination. Further advancing the integration paradigm,
reference [109] developed the LLaMaKG system, which bridges LLMs’ natural language capabilities with
KGs’ structured knowledge through instruction fine-tuning, providing an effective solution to mitigate
hallucination issues in large models. Collectively, these advances facilitate deeper integration of knowledge
graphs with large language models, establishing new pathways for developing more reliable domain-specific
question answering systems.
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(4) RAG based question answering

RAG is a technology that integrates information retrieval with generative models, with its core objective
being to enhance the performance of natural language processing tasks. Specifically, this technology inputs
retrieved relevant content along with user queries into large language models, leveraging external knowledge
to enable the models to generate more accurate and higher-quality responses [110]. From a technical
advantage perspective, RAG primarily excels in two key aspects: First, by organically combining information
retrieval with text generation processes, the technology significantly improves the accuracy and reliability
of responses. Unlike traditional generative models that rely solely on training data, RAG retrieves relevant
information from large-scale knowledge bases or document collections and generates responses based on
this information, effectively avoiding the production of false information. Second, thanks to the design of its
information retrieval module, RAG can access updated databases or internet resources in real-time, ensuring
the timeliness of provided information-a feature that effectively compensates for the inherent shortcomings
of pure generative models in terms of information updates.

It is noteworthy that although large language models demonstrate exceptional capabilities in language
understanding and generation, they still face several technical bottlenecks. For instance, models are prone
to hallucination phenomena and often underperform in retrieving key information. The root cause lies in
the fact that the pre-training process does not explicitly teach models how to effectively utilize retrieved
texts to accomplish generation tasks, especially when dealing with lengthy and complex retrieved content,
where models often struggle to accurately extract key information. To address these challenges, RAG
technology enriches the generative capabilities of large language models by integrating external data sources,
enabling them to dynamically retrieve relevant content from external databases while processing queries or
generating text.

In advancing RAG applications, several domain-specific frameworks have been developed. Refer-
ence [111] designed a RAG-based question-answering system for nutrigenetics, integrating vector database
retrieval of scientific literature with large language models to significantly enhance response accuracy in
specialized domains while avoiding the computational costs and data privacy risks associated with conven-
tional fine-tuning. Expanding beyond biomedical domains, document [112] systematically investigated how
OCR quality affects RAG performance and introduced an innovative method that converts OCR outputs
into structured table formats, substantially improving information extraction accuracy and system reliability.
Addressing educational applications, work [113] proposed the PLRTQA framework, which combines RAG
with transfer learning to achieve notable performance in textbook-based question-answering, particularly
in handling long-text comprehension and cross-disciplinary knowledge retrieval.

Parallel progress has been made in industrial applications. Study [114] developed the KG-RAG frame-
work, which standardizes Failure Mode and Effects Analysis (FMEA) data into a knowledge graph and
integrates vector retrieval with graph query techniques to enhance both accuracy and interpretability in
risk analysis. The framework incorporates a depth-first search-based embedding generation algorithm and a
dual-path retrieval mechanism, enabling effective processing of semantically ambiguous queries and precise
numerical reasoning. Advancing multi-document processing, reference [115] proposed the IIER framework,
which transforms multi-document content into a unified Chunk-Interaction Graph structure. By integrating
structural, semantic, and keyword-based relationships across documents, the framework effectively mitigates
contextual fragmentation in multi-document QA and offers a novel technical pathway for enhancing LLM
performance in knowledge-intensive tasks. Collectively, these developments demonstrate that continued
optimization of RAG technology can effectively overcome inherent limitations of large language models,
advancing natural language processing toward more specialized and reliable applications.
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Table 5 presents a visual comparison of the advantages and limitations of various QA system methods,
based on the summary and analysis above. The score for each type of method is the average of the scores
from the corresponding references.

Table 5: Comparison of advantages and limitations of various question answering System methods
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Note: ***denotes S € (0.7, 0.8], ****denotes S € (0.8, 0.9], where S is the normalized composite score derived from
the respective evaluation criteria; the detailed scoring protocol is provided in Section 3, “Comprehensive Evaluation
Framework for LLM Applications in HVDC Systems”

4.4.3 HVDC Question Answering System Based on LLM

Building upon the technical approach for vertical domain adaptation using LLM, the following
construction scheme for an HVDC question answering system based on LLM can be designed.

(1) Interface architecture design

The HVDC question answering system adopts an innovative three-layer architecture, with each layer
possessing distinct technical characteristics. The top layer is the natural language interaction layer, equipped
with an advanced bidirectional semantic parsing engine that employs DL methods to accurately identify
professional terminology and convert it into executable API instructions for underlying devices, while simul-
taneously transforming device responses into explanatory text comprehensible to technicians. The middle
layer serves as the dynamic context management layer, utilizing a conversation state tracking module with
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attention mechanisms to maintain coherence in multi-turn dialogues, ensuring the system can understand
contextually related queries. The bottom layer functions as the domain protocol adaptation layer, specifically
handling HVDC-specific protocol messages to achieve seamless integration with industrial control systems
such as SCADA and PMU. This architectural design preserves the reliability of traditional power system
applications while incorporating the interactive intelligence unique to question answering systems.

(2) Knowledge system construction

The HVDC question answering system requires the establishment of a multidimensional knowledge
network framework. Initially, a question-knowledge mapping matrix is created, employing semantic sim-
ilarity algorithms to intelligently associate typical interrogative sentence patterns with knowledge nodes.
Subsequently, an explanatory knowledge extraction module is developed, embedding not only structured
data such as equipment parameters but also technical principles derivation chains within the knowledge
graph. Finally, a real-time data bridging channel is established to dynamically update the state of knowledge
entities, ensuring the timeliness of system responses. This knowledge system supports multi-level question
answering requirements ranging from basic parameter queries to complex fault diagnostics.

Given the complex structure and interconnected nature of knowledge in the field of fault diagnosis,

a hyperbolic space distance metric is introduced for similarity measurement during retrieval. The local
knowledge base contains i files, denoted as D; (i = 1,2, - - -, n). First, the textual content of the files in the

knowledge base is segmented into text chunks Bj; (i=1,2,---,mj=12,---,m),where B represents the j-
th text chunk of the i-th file. Then, through hyperbolic embedding techniques, each text chunk is mapped into
hyperbolic space to obtain a vector matrix, and a vector index I; (i = 1,2, - -+, n x m) is established. During

retrieval, the query text is first vectorized and mapped into hyperbolic space. In this space, the hyperbolic
distance function is used to calculate the distance between the query vector and the precomputed text chunk
vectors in the local knowledge base. Based on the results of the hyperbolic distance function, the text vectors
in the database are ranked. The top k most similar text chunk vectors are then selected, and the corresponding
textual information is retrieved from the knowledge base.

The hyperbolic distance Dy, (E, F) between two points E (E;, E,, ---,E,) and F (F,,F,, --+,F,) in
hyperbolic space, representing the query and the answer, respectively, is expressed by the formula:

D, (E,F) = arccos(z (E; —Fi)z) (31)
i=1
The distance is converted into a similarity metric function:
Similarity = f (Dy, (E,F)) (32)
f(x)=e™* (33)

In the above, the function f (x) indicates that a smaller distance corresponds to a higher similarity.
Finally, the retrieved text chunks are post-processed, integrated, and output to provide a profes-
sional response.
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(3) Decision chain generation mechanism

The system implements a rigorous three-phase decision-making process. During the thought chain
decomposition phase, relevant reasoning techniques are employed to break down complex problems into
executable steps. The plugin coordination engine phase activates specialized modules: diagnostic plugins
identify fault types, control plugins generate response strategies such as power reduction operations, and
explanatory plugins reference relevant standard clauses to produce technical justifications. Ultimately, the
system generates a traceable decision tree containing complete technical pathways, with each node annotated
with data sources and theoretical foundations, significantly enhancing decision transparency and credibility.

(4) Algorithm generation differentiation strategy

Tailored to question answering system characteristics, specialized algorithm generation paradigms are
developed. Regarding code generation, the objective shifts from singular control functions to “control +
explanation” composite functions, such as outputting mathematical proofs for capacitor voltage balancing
principles when generating MMC control algorithms. The output format combines executable code with
Markdown technical documentation, allowing engineers to directly examine algorithmic principles. The ver-
ification mechanism incorporates an explanation computation dimension alongside traditional functional
testing, utilizing BLEU and ROUGE metrics to quantify explanatory text quality. This approach enables the
system to both accurately execute control commands and clearly articulate technical principles.

(5) Functional migration and upgrade pathway

System functionality migration follows a progressive upgrade path, achieving capability expansion while
maintaining core architectural stability. Initially, a version compatibility matrix is established to ensure
interface protocol consistency between old and new modules. Subsequently, a grayscale release mechanism
is designed, with migration effectiveness verified through A/B testing. Finally, a rollback protection system
is constructed to enable rapid service recovery during upgrade anomalies. This strategy simultaneously
reduces migration risks and ensures continuous system evolution. Through systematic migration pathways,
three core capabilities are elevated: knowledge transfer efficiency improvement, decision transparency
enhancement, and system adaptability expansion. This upgrade model preserves the stable characteristics of
the original system while endowing it with sustained evolutionary vitality.

Upon completion of the aforementioned steps, an HVDC question-answering system based on LLM is
established; it receives user queries and returns accurate results rapidly, as illustrated in Fig. 9.

In terms of hardware configuration for the question answering system, the use of high-performance
computing hardware, distributed computing architectures, model compression techniques, and caching
mechanisms are employed to further reduce latency and meet the stringent requirements of HVDC systems.
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Figure 9: Knowledge question answering system retrieval process

4.5 Applications of Large Language Model in Other Tasks

From a practical engineering perspective, in addition to the three representative tasks discussed above,
LLM can also support a broader range of HVDC tasks.

(1) Knowledge management and document intelligence

Knowledge management and document intelligence aim to unlock the value of large volumes of HVDC
documents, including operation logs, maintenance reports, technical specifications, manufacturer manuals,
and fault analyses. LLM-based text classification and information extraction can automatically organize
these heterogeneous materials by equipment, fault type, and operating condition, while knowledge-graph
construction techniques transform extracted entities and relations into structured HVDC operation and
maintenance knowledge [116]. On this basis, semantic search and domain-specific summarization provide
operators and engineers with rapid access to relevant experience and procedures, which in turn enhances
the effectiveness of downstream fault diagnosis and decision support [117].

The study on the ElecBench benchmark in [118] further demonstrates how knowledge management
and document intelligence can be incorporated into language models for power systems. ElecBench collects
documents such as technical standards, fault records, and defect logs from power systems and reorganizes
them into representative natural language processing tasks, forming a large scale evaluation suite that can
serve as a foundational reference for knowledge management and document intelligence in HVDC systems.
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(2) Multimodal inspection and safety supervision

Multimodal inspection and safety supervision exploit visual-language models and multimodal LLM
to enhance digital inspections of converter stations and DC yards. In such scenarios, LLM can fuse image
or video data from cameras, drones, or inspection robots with textual inspection records, automatically
detecting abnormal equipment appearances, environmental hazards, and unsafe staff behaviors. The models
can further link detected anomalies to relevant safety procedures and standards, and produce structured
inspection summaries and compliance hints, thus improving both inspection quality and on-site safety [119].

Reference [120] outlines three primary implementations of multimodal detection in power systems.
The first category comprises SAM-based approaches, which utilize foundation segmentation models such
as SAM and its adapted variants to accelerate infrared image annotation and achieve robust segmentation
of power equipment in substations. The second category involves VLM-based models, including Grid-Blip
and Power-LLaVA, which integrate high-resolution visual encoders with chat-oriented LLMs fine-tuned on
power-industry corpora. These models are capable of detecting abnormal conditions and generating alert
messages or natural-language descriptions of hazardous scenarios. The third category consists of UAV-based
solutions that leverage large models to jointly analyze drone trajectories, inspection targets, and equipment
conditions, thereby enabling automated flight-path planning and the triggering of focused re-inspection or
alarm mechanisms.

(3) Digital twin assisted situational awareness and simulation explanation

Digital twin assisted situational awareness and simulation explanation treat LLM as natural language
interfaces to HVDC digital twins. Operators can pose “what-if” questions about power-flow reversals,
commutation failures, or multi-infeed interactions in plain language, while the digital twin performs large
scale simulations in the background. LLM then summarize the key results, highlight dominant constraints
and risk evolution paths, and provide human-readable explanations of complex transient phenomena.
This greatly reduces the cognitive load on operators and helps bridge the gap between high-dimensional
simulation data and practical decision-making [121]. Work [122] proposes an LLM-driven multi-agent
digital twin framework that integrates temporal data with document semantics, using LLM-based agents for
diagnosis, analysis, and decision-making. This framework provides a comprehensive example of digital twin
assisted situational awareness and simulation explanation for HVDC systems.

(3) Cybersecurity and security-log understanding

Cybersecurity and security-log understanding leverage LLM to analyze heterogeneous security logs.
By classifying alerts, clustering similar events, and extracting attack paths and affected assets from textual
descriptions, LLM can assist security analysts in rapidly identifying suspicious behaviors and configuration
errors. In addition, LLM can automatically draft preliminary incident reports, which can then be reviewed
and refined by human experts, improving the efficiency and consistency of cybersecurity operations in
HVDC environments [123].

Literature [124] proposes the use of LLM to enhance communication security among devices in
digital substations and introduces an LLM-based cybersecurity framework. The framework comprises
data preprocessing for communication systems and human-in-the-loop (HITL) training, incorporating
human-recommended cybersecurity guidelines.

5 Summary and Discussion

The paper provides a comprehensive review of the applications of LLM in HVDC systems, with partic-
ular emphasis on three representative domains: text clarification, fault diagnosis, and question answering.
By synthesizing existing literature and recent advances, the study highlights the strengths and limitations



Energy Eng. 2026;123(8):4 39

of current approaches and elucidates their implications for HVDC operation and research, as illustrated
in Fig. 10. The main conclusions can be summarized as follows:

Figure 10: Summary of LLM applications in HVDC systems

Firstly, existing studies demonstrate a progression from traditional neural models toward pre-trained
Transformers and emerging LLM-based solutions. While LSTM and CNN models are adequate for short and
structured logs, they struggle with multi-sentence semantics and multilingual manuals. Pre-trained encoders
and LLM substantially enhance representation quality and support downstream tasks such as defect-level
tagging and anomaly command detection. However, through the evaluation framework, the survey identifies
that text classification requires high accuracy and robustness but only moderate interpretability, making
lightweight pre-trained variants more suitable than full-scale general LLM for deployment.

Second, LLM can automatically extract entities, attributes, and relationships from diverse fault datasets,
thereby facilitating the construction of semantically rich knowledge bases that enable fault tracing and causal
reasoning in HVDC systems. This represents a paradigm shift in HVDC fault diagnosis from traditional
expert-based assessments toward adaptive reasoning frameworks. The survey additionally shows that
current LLM-driven diagnosis methods form a complementary pattern with model-driven and data-driven
techniques, providing both semantic abstraction and structured reasoning. However, the fault scenarios of
HVDC transmission are characterized by complexity, long causal chains and high safety requirements, which
pose obstacles to the application of LLM in fault diagnosis of HVDC systems. Ensuring semantic consistency,
maintaining high-quality data, and embedding interpretability are essential for the reliable application of
LLM in HVDC fault diagnosis.

Third, LLM-based question-answering systems for HVDC can provide operators with real-time access
to technical knowledge, operational procedures, and emergency strategies. By integrating RAG and multi-
modal data fusion, these systems alleviate cognitive burden and support evidence-based decision-making.
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This survey further reveals that QA tasks benefit most from architectures combining retrieval accuracy,
LLM reasoning, and structured knowledge constraints. Nevertheless, incomplete coverage of rare-event
knowledge and insufficient mechanisms for evidence citation constrain their practical deployment in critical
HVDC tasks.

Building on the above summary, the application of LLM in HVDC systems can be examined from three
complementary dimensions: methodology and practice.

Firstly, compared with traditional approaches that rely on physical modeling or purely data-driven
techniques, LLM is capable of integrating diverse information sources, inferring latent relationships, and
generating human-interpretable explanations. However, this flexibility also introduces uncertain challenges
to the security and reliability of HVDC systems. Therefore, current research should emphasize the integration
of deterministic analytical models with the semantic reasoning capabilities of LLM.

Second, LLM can incorporate domain knowledge and expert experience to support routine analyses,
yet engineers’ validation of their outputs and interpretation of reasoning chains remain indispensable in
engineering applications. Ultimately, LLM should serve as intelligent assistants that enhance engineers’
situational awareness, mitigate information overload, and promote greater consistency in operational
decision-making.

In conclusion, LLM hold substantial potential in HVDC systems by serving as semantic engines
that bridge unstructured linguistic information with actionable signal data. At the same time, the unique
requirements of HVDC systems, such as operational security, latency constraints, and interpretability, set
a high threshold for adoption. Advancing this field requires not only progress in model architectures
and fine-tuning strategies, but also the development of domain-specific datasets, validation protocols,
and governance frameworks that ensure compliance with engineering standards and the incorporation of
human-in-the-loop supervision.

6 Conclusions and Prospects

This paper presents a comprehensive review of the applications of LLM in HVDC systems. The
findings indicate that, because of their powerful semantic representation and reasoning capabilities, LLM
can transform large volumes of unstructured textual data into actionable knowledge, provide adaptive and
interpretable support for fault diagnosis, and serve as intuitive question-answering interfaces for operational
decision-making. Collectively, these functions highlight the potential of LLM to substantially enhance the
efficiency, reliability, and intelligence of HVDC system operation and maintenance.

At the same time, the strong coupling characteristics, stringent real-time requirements, and strict safety
constraints of HVDC systems impose demanding conditions on the application of LLM. Critical challenges
remain, including the lack of domain-specific corpora, difficulties in achieving semantic consistency, and the
need to guarantee low-latency and interpretable outputs remain unresolved.

Looking ahead, progress in this field will depend on three key directions. First, the construction
of high-quality, large-scale corpora and evaluation benchmarks tailored to HVDC contexts is crucial for
effective pre-training, fine-tuning, and reliable performance assessment of LLM. Second, the integration
of LLM with knowledge graphs, RAG, and multimodal sources, e.g., operation manuals, sensor data, and
structured databases, will be necessary to improve accuracy, semantic consistency and interpretability
Finally, systematic testing protocols, auditing procedures, and governance frameworks must be established
to ensure that LLM-based systems remain trustworthy, transparent, and compliant with the rigorous safety
requirements of HVDC operations.
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Nomenclature

LLM Large language model

HVDC High voltage direct current

AC Alternating current

DC Direct current

NLP Natural language processing

SLM Statistical language model

RNN Recurrent neural network

LSTM Long short-term memory

MHA Multi-head attention

FFN Feed-forward network

RLHF Reinforcement learning from human feedback
SET Supervised fine-tuning

PPO Proximal policy optimization

NLU Natural language understanding

NLI Natural language inference

FFNN Feedforward neural network

DL Deep learning

CNN Convolutional neural network

RoBERTa Robustly optimized BERT pretraining approach
KGQA Knowledge graph question answering

RAG Retrieval-augmented generation

U The root-mean-square line voltage at the inverter-side converter bus, V
n The length of the sentence

N Order of the model

D The collection of text sequences derived from S
S The sentence

z The output features of layer !

z; The input features to the FEN at layer [

Zi-1 The input features to the MHA at layer |

h The number of parallel attention heads

P() The likelihood function

X The input text
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Vi The human-annotated target output

a(-) The sigmoid function

ro (xis yi) The score assigned to the output y by the reward model with paraments @
I The ratio between the new and old policies
A, The advantage function

€ The magnitude of policy updates

W, The weight matrix of the hidden layer

W, The output weight matrix

h The hidden feature representation

£ The forget gate

iy The input gate

¢y The candidate memory cell

0; The output gate
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