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Abstract. Knowledge Q&A, a key application of LLMs, draws much attention. However, LLMs
struggle with Chinese abbreviated technical terms due to insufficient domain knowledge, and ex-
isting power Q&A methods often neglect text semantic context, limiting performance. This paper
proposes an LLM-adaptive RAG method with domain knowledge enhancement for Chinese power
Q&A. 1Tt first presents an info extraction framework with domain term recognition enhancement,
using dual-pointer and generative extraction. Second, a two-way recall RAG method is proposed,
predicting entity/relationship links via vectors and keywords, generating canonical forms, and us-
ing LLMs to select answers. Experiments show it outperforms mainstream methods in power field
and works well generally.
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1 Introduction

Knowledge question and answering (Q&A) [1] involves modeling a knowledge graph as a graph, where the
user’s question is treated as a search path and the answer is derived using graph structure information, such as
the shortest path or graph traversal. The power industry [2], a backbone of modern social infrastructure, encom-
passes aspects such as power grid topologies, power equipment operation statuses, and new energy technologies,
forming a vast and complex system. To effectively manage and utilize this system, the power knowledge graph
[3] has emerged, structurally linking knowledge within the power domain and serving as a foundation for in-
telligent power grid management and decision-making. When dealing with power grid accident handling plans,
establishing an efficient and fast power knowledge Q&A system can effectively enhance operational efficiency.
Moreover, retrieval augmentation can retrieve information from existing databases to enhance the generation
effect. Combining knowledge Q&A with retrieval augmentation is therefore pivotal for advancing power grid in-
telligence.

In recent years, methods based on deep learning models [4-6] have been widely adopted in knowledge Q&A,
achieving significant research progress. Mainstream knowledge Q&A methods can be divided into two cat-
egories, based on semantic parsing [4] and information retrieval [5]. Semantic-parsing-based methods parse
the question, extract entities and relationships using natural language processing techniques [7], and generate
logical expressions [4] that can be executed on the knowledge graph. Long Short-Term Memory (LSTM) [7]
or Convolutional Neural Networks (CNNs) [8] can be utilized to encode the semantics of the mined question,
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while attention mechanisms [9] can be introduced to more accurately identify the entities and relationships most
relevant to the question. Information-retrieval-based methods are typically divided into two stages: indexing and
ranking. These methods efficiently filter out answer information highly relevant to the question from the exten-
sive structured data in the knowledge graph. The Multi-Channel Convolution Neural Network (MCCNN) [5] is
utilized to obtain three feature types: the question—answer path, type, and context. It learns the embedded vector
representation of candidate answers, which is used as the input for a scoring function to rank the candidate an-
swers. Recent advancements in knowledge Q&A focus on researching the retrieval-augmented generation (RAG)
framework [10], namely combining Q&A methods with large language models (LLMs) to enhance Q&A perfor-
mance. For example, by employing LLMs to optimize the index [11] or directly utilizing LLMs for retrieval [12].

Although RAG-based knowledge Q&A methods [11, 12] can improve Q&A performance to a certain extent,
many of these methods face challenges in recognizing specialized terms in professional fields, and most existing
methods rely solely on embedded semantic vectors to mine answers [13]. Overemphasizing embedded semantic
vectors while ignoring the text itself can lead to severe error propagation. Knowledge Q&A based on deep learn-
ing models typically learns domain knowledge by embedding external knowledge [14, 15]. While a few LLM-
based knowledge Q&A methods [11, 12] can enhance domain-specific performance by injecting external knowl-
edge, the fact that many advanced LLMs are not open source [16] makes it very challenging to inject external
knowledge into these models.

The key to the power knowledge Q&A task lies in bridging the gap between natural language and the power
domain knowledge graph’s structure, providing a user-friendly natural language interface and enabling the pow-
er domain knowledge graph’s convenient operation. Currently, to achieve this goal, researchers primarily adopt
methods based on semantic parsing and information retrieval. The core idea of semantic-parsing-based methods
is to deepen the understanding of the question asked by the user, enabling the mining of implicit semantic and
syntactic information in the user’s question. A deeper understanding can provide more accurate information. This
aids the model’s subsequent retrieval work on the knowledge graph.

Traditional semantic parsing methods typically use manual annotation to generate the corresponding logical
form. Berant et al. [18] roughly mapped question phrases to entities and relationships in the knowledge base, en-
hancing performance through a log-linear model and generating additional predicates through bridge connection
operations based on adjacent predicates. Bast et al. [19] proposed the Aqqu model, which maps the question to
three templates: entity, relationship, and answer node. The model then matches the question with the knowledge
base and instantiates the template. Zheng et al. [20] started with natural language questions and the knowl-
edge base, proposing a method for automatically generating templates based on the similarity between the two.
Abujabal et al. [21] proposed the QUINT model, which can automatically generate templates. When running the
task, the question template is obtained through question mapping, dependency relationships in the parsed ques-
tion are instantiated, and the results are obtained through scoring and ranking. Abujabal et al. [22] proposed the
NEQA model, which completes knowledge base question answering (KBQA) through continuous learning. This
model can automatically learn mapping templates from a small number of datasets to complete the mapping from
a syntactic structure to a semantic structure. Additionally, it can continuously improve through user feedback.
Although these methods provide strong interpretability, the manual workload is too significant.

With the continuous development of deep learning technology, knowledge Q&A methods based on deep
learning are becoming increasingly prevalent. Compared to traditional methods, the performance of deep-learn-
ing-based methods has significantly improved. Golub et al. [4] selected the top ten candidate entities as the entity
set, extracting its one-hop relationships in the knowledge graph as the candidate relationships. The corresponding
vector encodings were obtained through LSTM and a CNN. Then, the cosine similarity between the entity vec-
tors and relationship vectors was calculated to obtain the final result. Yavuz et al. [23] represented the context of
the entity through Bidirectional Long Short-Term Memory (BiLSTM), with this context also helping the model
accurately predict the entity type. Then, the entities were ranked by calculating the similarity to obtain the final
result. Dong et al. [24] rewrote the question multiple times, obtaining the corresponding vector representation
using BiLSTM, and calculated the similarity between the rewritten question and the initial question. Then, a
second BiLSTM was used to encode the answer, and the similarity between the answer encoding and the rewrit-
ten question encoding was calculated. The final result was obtained through calculation. Models such as NS-
CQA [25], MRL-CQA [26], CIPITR [27], and SSRP [28] convert the user’s input question into a corresponding
program, which can be run directly on the knowledge graph to obtain the final answer. Gu et al. [29] performed
entity linking on the entities in the question, then mined relevant information in the knowledge graph, obtaining
the result using a sequence-to-sequence model based on Bert. RnG-KBQA [30] is similar to Gu’s method but di-
rectly uses the mined relevant information to combine candidate logical forms, which are then ranked using Bert.
The top-ranked candidate logical forms are input into T5, and the final result is then obtained. CBR-KBQA [31]
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is the first method that combines case-based reasoning with knowledge graph Q&A. After encoding the question,
this method retrieves the dataset, extracts questions similar to it in the encoding vector space, and converts them,
along with the corresponding logical forms, into training corpora, using BIGBIRD to obtain the final result.

Information-retrieval-based methods focus on using advanced retrieval techniques. They quickly find relevant
information by matching keywords or phrases with entities and relationships in the knowledge graph. Their goal
is to promptly provide users with accurate answers.

Yao et al. [32] proposed a knowledge graph Q&A method based on feature engineering, which primarily
obtains the result through dependency syntactic analysis. This method extracts the corresponding features and
adjusts the weights so that candidate feature graphs with higher relevance are assigned larger weights. Bordes
et al. [32] proposed simultaneously mapping the question and the candidate entities in the knowledge graph to
the vector space. Dong et al. [5] proposed the Multi-Column Convolution Neural Network (MCCNN) model,
which focuses on three dimensions: the answer path, answer context, and answer type. Each of these dimensions
corresponds to a trained convolutional network. Simultaneously, the word vectors of the triples and the question
are trained and mapped to the same semantic space. Hao et al. [33] and Qu et al. [34] employed the attention
mechanism to extract the implicit relevant information within the sentence. Naseri et al. [35] found that entity
information plays a certain role and used related entity information to improve the representation of the entity.
Lukovnikov et al. [36] enhanced performance through a hierarchical word and character set question encoder and
were able to generate relatively independent entity—relationship representations. EmbedKGQA, however, [37]
differs from these approaches. It found that the link performance in the graph embedding model is highly power-
ful and thus sought to improve the incompleteness of the knowledge graph by combining the graph embedding
model with knowledge Q&A. Information-retrieval-based knowledge graph Q&A methods focus on establishing
associations between user questions and the knowledge graph using efficient retrieval techniques. These methods
first retrieve relevant entities and relationships from the knowledge graph using keyword or phrase matching
and then generate answers. However, their limitation lies in their inability to handle semantically complex and
deep-level questions, which may lead to poor performance in scenarios requiring a higher level of semantic un-
derstanding.

To address these challenges, this paper proposes a RAG-based Chinese power knowledge Q&A method en-
hanced by domain term recognition. First, the original text sequence is input into the LLM. The full names and
abbreviations of the relevant professional terms in the power grid accident handling plan are also input into the
LLM to rewrite the original text and mine its implicit information. Next, a prompt is added before the rewrit-
ten text to guide the model in performing information extraction, which is divided into two methods to adapt to
different scenarios: dual-pointer extraction and generative extraction. Entities and relationships in the knowl-
edge graph and the original text are then linked through vector recall and keyword recall. Vector recall utilizes
the Moka Massive Mixed Embedding (M3E) model [17] to embed the entities and relationships in the original
text and mine them in the knowledge base. Similarly, keyword recall measures the importance of keywords in
the question and mines them in the knowledge base. The results of both recalls are reordered to obtain the final
candidate entities and candidate relationships. Finally, the LLM receives executable logical form rules from the
knowledge base, and both the original text sequence and the candidate entity relationship are input into the LLM
to generate the corresponding logical form. After querying the knowledge base, the query results are fed back
into the LLM to select the correct answer and generate a response.

The main contributions of this paper are as follows:

(1) A RAG knowledge Q&A framework enhanced by domain term recognition is proposed. First, external
knowledge is input into the LLM to enhance the original text’s representation and mine implicit information.
Then, after information extraction and entity—relationship linking, the LLM generates a logical expression.
Finally, the candidate answers are identified based on the logical expression, and the LLM generates a response.

(2) A Chinese power information extraction method enhanced by domain term recognition is proposed. The
full names and abbreviations of the relevant professional terms in the power grid accident handling plan are input
into the LLM to rewrite the original text. Then, the rewritten text is subjected to information extraction using
either the dual-pointer method or the generative method, which effectively reduces model complexity and im-
proves the model’s generalization ability.

(3) A RAG power knowledge Q&A method based on two-way recall is proposed. To achieve entity linking
and relationship linking, recall is performed in two dimensions: vectors and keywords. This method not only
considers semantic information but also the text itself. Then, the LLM generates an executable logical form and
queries the candidate triple set in the knowledge base. The candidate triple set and the original question text se-
quence are input into the LLM for final decision-making, generating a more natural language-like response.
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Paper structure

(1) An information extraction framework incorporating domain term recognition enhancement. Technical
terms and abbreviations relevant to power grid accident handling plans are pre-input into the LLM for learning,
after which the LLM rewrites the original text. Prompts are then added before the text sequence to control the
specific execution of the information extraction model. In the information extraction stage, two extraction meth-
ods, including dual-pointer extraction and generative extraction.

(2) A two-way recall RAG knowledge Q&A method. This method predicts entity and relationship links in
vector and keyword dimensions, respectively. The LLM is provided with a canonical form executable on the
knowledge base, and the original text sequence, candidate entities, and candidate relationships are input into the
LLM to generate the corresponding canonical form. The query results are input into the LLM again to select the
correct answer and generate a response.

(3) Experimental result. The LLM-adaptive RAG knowledge retrieval method, based on domain knowledge
enhancement, not only outperforms popular methods in the power field but also demonstrates strong performance
in the general field.

2 Establishment of the Power Knowledge Retrieval Model
2.1 Overall Framework

This paper proposes a RAG-based Chinese power knowledge Q&A framework enhanced by domain term recog-
nition, as shown in Fig. 1. The framework is divided into four parts.
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Fig. 1. Enhanced RAG knowledge quiz framework based on domain terminology recognition

First, domain term recognition enhancement: the full names and abbreviations of the professional terms in the
power grid accident handling plan domain are input into the LLM for learning. The original text is rewritten to
transform the implicit information into explicit information while maintaining the explicit information.

Second, the information extraction model: a prompt is added before the text sequence to guide the model in
information extraction. Subsequently, when extracting entity relationships, two methods are adopted to adapt to
different scenarios: dual-pointer extraction and generative extraction. Dual-pointer extraction can share the pa-
rameters of named entity recognition and relationship extraction, enabling the two tasks to interact and promote
each other. Generative extraction encodes the text sequence, spliced with the prompt, into the large model and
then decodes it, demonstrating stronger generalization ability.

Third, entity—relationship linking: this is divided into two recall methods, vector recall and keyword recall, for
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entity linking and relationship linking. In the vector recall stage, the similarity of the embedded vectors is cal-
culated to screen out the knowledge graph nodes or edges that best match the entities or relationships extracted
from the original text. In the keyword recall stage, the similarity of the original text is calculated by comparing
its keywords to find similar entities or relationships in the knowledge graph. The results of the two recalls are
then comprehensively sorted. Vector recall focuses on semantic similarity, while keyword recall emphasizes sur-
face text similarity. By comprehensively sorting the results of the two recalls, a more accurate and comprehen-
sive recall effect can be achieved.

Fourth, answer generation: the comprehensively sorted results of the two recalls are input into the LLM. The
LLM is provided with a logical form template to generate the corresponding logical form. A graph database que-
ry language is then generated based on the logical form to retrieve the answer from the knowledge graph. The
retrieved triple set is subsequently input into the LLM again. The LLM selects the correct answer and generates a
corresponding natural language answer based on the original question text sequence.

2.2 Domain Adaptation of the LLM

In the actual operation of the power grid accident handling plans, the original text often contains implicit infor-
mation, which may prevent the model from effectively identifying important information. Additionally, the LLM
lacks the rules for ultimately generating logical forms. To address these issues, the abbreviations of professional
terms in the power grid accident handling plan domain and the Logical Form Generation Rules (LFGR) are first
input into the LLM for learning. This enables the LLM to acquire the domain’s professional knowledge. The
LLM adopted in this paper is qwen-plus, with the specific formula illustrated in Equation 1:

qwen — plus = qwen —plus(f,fz,n-fn’ lfgr) . 1

Where f;represents the full names and abbreviations of the professional terms in the power grid accident han-
dling plan domain, n represents the number of professional terms, and the output qwen-plus represents that it has
learned the domain professional terms and logical form generation rules.

2.3 Information Extraction

The next step involves inputting the original text sequence into qwen-plus for rewriting, which transforms all im-
plicit information into explicit information. The specific formula is presented in Equation 2:

X, %y, X, = qwen— plus(y,3,,-,) . )

Where x; represents the rewritten word and y, represents the word in the original text. Since the purposes of
named entity recognition and relationship extraction are different, the corresponding prompts are also different. If
the task to be executed is named entity recognition, then [Ent]... is added before the original text sequence. If the
task is to complete relationship extraction, then [Ent]...[Re]... must be added before the original text sequence.
The specific formulas are presented in Equations 3 and 4:

t(—Bx:[[Ent],---,[text],xl,xz,---xnJ . 3)

t®x= [[Ent],u-,[Re],---,[text],xl,xz,--‘xﬂ] . (C))

Among them, ¢ represents the added token, x represents the text sequence, and n represents the length of the
text sequence. After splicing the text sequence and the prompt information, the spliced result is input into the en-
coder for encoding. Different information extraction tasks can be completed according to the prompt’s guidance.
The specific formula is presented in Equation 5:
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U= Ernie3.0(t @ x) . (5)

The encoder adopted is Ernie3.0, a pre-trained, large-scale, and knowledge-enhanced model that combines au-
toregressive and autoencoding networks. Therefore, by training this model, it can easily achieve zero-shot learn-
ing, few-shot learning, or fine-tuning for natural language understanding and generation tasks.

Dual-Pointer Extraction and Training. After embedding the text sequence into a vector U, this paper employs
a softmax operation to process each vector separately. Through the flexible use of dual-pointers, the model can
quickly and accurately, and with extremely high operational efficiency, locate the head and tail of the extracted
word vectors. The specific formulas are presented in Equations 6 and 7:

U= {uy,} ®)

v =softmax(u,),i€l,2,3,--n @)

Where u;,is the word vector after the text is embedded. The model determines the head and tail of the entity
and relationship through pointers. The pointer’s pointing position can be regarded as a multi-classification task,
which includes four categories: entity head, entity tail, relationship head, and relationship tail. Since the cross-en-
tropy loss function provides a clear direction in gradient descent optimization and is more suitable for classifica-
tion problems, the loss function here adopts it. The specific formula is presented in Equation 8:

L(p.a) =2 p(x )z g(x) . ®)

Where p represents the one-hot encoding of the true label and g represents the predicted probability of the
model for this category. The goal here is to minimize the cross-entropy between p and q.

Generative Extraction and Training. The target tasks and outputs of named entity recognition and relation-
ship extraction differ. To make the model work and achieve a unified output structure, a unified structured output
framework (Ent Name: Span (Re Name: Span)) is designed. Among them, Ent Name refers to the category of
the entity segment, Re Name refers to the relationship category between two entity segments within the same
sentence, and Span refers to the target segment in the original text. This ensures that the output after decoding is
unified in this format.

In generative extraction, the hidden representation U, after splicing the original text sequence and the prompt
information, is the linearized representation of the unified structure output. The token is then decoded. The spe-
cific formula is presented in Equation 9:

zul :Decoder([U;uf’,uZ,...,ud ]) ) )

i-1

Where z,is the i-th token in the sequence and u,”is the state of the decoder. The decoder is a transformer de-
coder, used to predict the conditional probability of z,. The required information is then extracted from the linear-
ized representation of the unified structure output.

Since the generative extraction method needs to output a unified structure in the end, this model must also
consider the mapping and generation abilities from text to structure. In addition, the masked language can also
improve the model’s expression ability. To enable the model to possess the mapping ability from text to structure,
it is pre-trained with words and word vectors. Specifically, the pre-training data is D,={(x,z)}, where the Ent type
s1 and Re type s2 in z are extracted and calculated as s=s1 U s2. Subsequently, the model is pre-trained to ensure
it acquires the desired mapping ability. The specific formula is presented in Equation 10:
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L = Z —logp(z|x,s;96,6’d) . (10)

(x,z)er

Where 6, and 6, represent the parameters of the encoder and decoder, respectively. To ensure the validity of
the structure generated by the model, the decoder of the model is also pre-trained to function as a structured lan-
guage model. The specific formula is presented in Equation 11:

L= ~logp(z

zeD,

z./6;) 1)

Where D, represents a sample dataset of the unified structure. Through pre-training in this manner, the decod-
er can extract the rules of the unified structure. Furthermore, during pre-training to ensure the model’s mapping
ability from text to structure, the masked language model task is also employed on D,. This task improves the
model’s expression ability and rationally utilizes damaged fragments, leveraging them to effectively alleviate po-
tential catastrophic forgetting. The specific formula is presented in Equation 12:

L= ~logp(x"|x"6..0,) (12)

xeD,

Where x' represents the damaged source text and x” represents the damaged target fragment. The mapping
from text to structure, the generation ability of the structure, and the expression ability of the model must be
comprehensively considered to obtain the final loss function. Accordingly, a combination of these three loss
functions forms the final loss function. The specific formula is presented in Equation 13:

L=L+L,+L, . (13)

2.4 Entity—Relationship Linking

After extracting the entities and relationships in the question, they need to be linked with those in the knowledge
graph. A two-way recall strategy is thus adopted, primarily divided into two parts: vector recall and keyword
recall. The vector recall stage focuses on semantic similarity, calculating the similarity of the embedded vectors
to accurately match the entities or relationships in the knowledge graph. The keyword recall stage emphasizes
surface text similarity, calculating the similarity of the original text to more comprehensively cover the potential
answers in the knowledge graph. These two recall strategies work together to achieve a more accurate and com-
prehensive recall effect.

Vector Recall. In the vector recall stage, for the user’s question and the relevant entities or relationships in the
knowledge graph, the Moka Massive Mixed Embedding (M3E) model is first used to embed both into vectors.
The specific formulas are presented in Equations 14 and 15:

h=M3E(h) . (14)

w=M3E(w) . (15)

Where h represents the entity or relationship in the user’s question and w represents the entity or relationship
in the knowledge graph. Then, the result is determined by comparing the similarity of the vectors. The specific
formula is presented in Equation 16:

cos ine(h,w) = <h/||h||2 w/||w||2> . (16)
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Where cosine(h,w) is used to calculate the cosine similarity between the vector 4 in the user’s question and
the vector w in the knowledge graph; <h,w> is the dot product of h and w; and ||/||2 and ||w]||2 are the 2-norms of
h and w, respectively.

Keyword Recall. Inverse Document Frequency (IDF) is an important indicator used to measure the importance
of a certain word within an entire document collection. In the keyword recall of the knowledge graph Q&A sys-
tem in this paper, IDF is used to adjust the weight of the entity to better reflect its information value. The specific
formula is presented in Equation 17:

N—n(h)+0.5

IDE (k) =log = 033 0

a7

Where 7/, represents the entity or relationship in the original text, n(h,) represents the number of nodes in the
knowledge graph that contain the entity or the number of edges that contain the relationship, and N represents the
total number of all entities or relationships in the knowledge graph. IDF(%,) is typically used as the weight related
to h,. A lower IDF value indicates that the entity is more common in the knowledge graph, while a higher IDF
value indicates that although the entity or relationship is relatively rare in the knowledge graph, its importance in
recall may be higher. This reflects the role of the IDF value, which helps the model distinguish the importance of
different entities or relationships, thus improving recall accuracy.

Then, the correlation between the entity relationship in the original question text sequence and the entity rela-
tionship in the knowledge graph is calculated. The specific formula is presented in Equation 18:

Ji (ki +1) _hﬁ'(k2+1)
f+k~(1—b+b~ wi j btk (s)
i 1

R(hi,w):

avgwl

Where w represents the entity or relationship in the knowledge graph; f; represents the frequency of occurrence
of the entity or relationship in the knowledge graph; /; represents the frequency of occurrence of the entity or re-
lationship in the original question; w/ represents the length of w; avgwl represents the average length; and k,, k,,
and b are all adjustment factors. The default value of 4, is 1.2, which controls the rate at which word frequency
saturates. The smaller this value is, the faster the rate of saturation. Conversely, the larger this value is, the slower
the rate of saturation. The default value of b is typically 0.75, which controls the field length normalization value.
When this value is 0.0, normalization is disabled, and when this value is 1.0, full normalization is enabled. Since,
in most cases of knowledge graph Q&A, 4, appears only once in the original question—that is, #;=1—the above
formula can be simplified, as shown in Equation 19:

fi'(kl"'l)
jj+kl-(1—b+b- wi J (19)

R(h.,w)=

avgwl

Subsequently, by comprehensively considering the inverse document frequency, that is, the weight of the en-
tity or relationship and the correlation between the entity or relationship, the final score can be calculated. The
final score represents the correlation of the candidate entity or candidate relationship. The higher the score, the
higher the correlation and the higher the ranking. The specific formula is presented in Equation 20:

Score(H,w) = iIDF(h,.)-R(h,.,w) ) (20)

To make full use of the results of vector recall and keyword recall, comprehensive sorting is required. This
section uses bge-reranker to comprehensively reorder the results. The specific formula is presented in Equation
21:
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vector ?

Candidate = bge — reran ker (Candidate Candidate,,,,,, ) ) (21)

Where Candidate represents the reordered candidate entity set or candidate relationship set, Candidate,,,,,,
represents the candidate entity set or candidate relationship set recalled by the vector, and Candidate,,,,,,, rep-
resents the candidate entity set or candidate relationship set recalled by the keyword.

2.5 Query Based on Logical Form Generation

Logical Form Generation. After completing the comprehensive sorting of the candidate entities and candidate
relationships, the model inputs the top ten candidate entities and candidate relationships into qwen-plus, which
then generates the corresponding executable logical form. The specific formula is presented in Equation 22:

LF=qwen—plus(el,ez,...elo,iq,rz,...rw) ) (22)

Where e, represents the candidate entity, »; represents the candidate relationship, and LF represents the gener-
ated candidate logical form set.

Query Generation. After obtaining the logical form, the logical form is used to query the knowledge graph.
The candidate result, Ca;, and the original question text sequence are then simultaneously input into qwen-plus,
which selects the most likely correct answer and generates a fluent natural language. The specific formula is pre-
sented in Equation 23.

Answer = qwen — plus(query,Ca1 , Ca2,~--Ca100) ) (23)

3 Experiments and Results Analysis

3.1 Datasets

The simulation experiment datasets in this paper include the professional dataset Ppd (Power Project Dataset)
from the power field, as well as the general domain datasets WebQSP (Web Question Sparse) and CWQ
(Complex Web Question Answering). The data for Ppd are sourced from real grid accident handling plan in-
formation. It is a professional and confidential dataset containing 2,206 question-and-answer records for grid
accident handling plans. WebQSP is a dataset focusing on the conversion from natural language questions to
SPARQL queries, comprising 3,098 training sets and 1,639 test sets. For a fair comparison with the experimental
results from Ppd, 2,206 data points are randomly extracted from WebQSP and translated into Chinese for use in
this study. CWQ is a dataset in the research field for complex knowledge base question answering, containing
27,734 training sets, 3,480 validation sets, and 3,475 test sets. Similarly, for a fair comparison with the experi-
mental results of Ppd, 2,206 data points are randomly extracted from CWQ and translated into Chinese. It should
be noted that three random extraction experiments are carried out on WebQSP and CWQ in this paper, with the
experiment exhibiting the best performance selected as the experimental result.

3.2 Baseline Methods

Several current popular models are selected as baselines in this paper, as follows:

(1) TPLinker [38]: A single-module, single-step joint extraction model is proposed. It shares the same decoder
for named entity recognition and relationship extraction, extracting both entities and relationships simultaneous-
ly, effectively solving the problem of exposure bias.
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(2) SPN [39]: This paper directly regards entity—relationship joint extraction as the prediction of sets, effec-
tively solving the ranking problem of multiple candidate triples.

(3) CGT [40]: This paper proposes a training framework for the contrastive learning of triples, along with a
batch dynamic attention mask and a triple calibration mechanism, to improve model performance.

(4) PRGC [41]: This paper divides the triple extraction task into three subtasks: relationship judgment, entity
extraction, and subject—object alignment. It proposes a triple joint extraction framework based on potential rela-
tionships and global correspondence.

(5) STAGG [42]: A semantic parsing framework for a question-answering system based on a knowledge base
is proposed. In this framework, a one-stage search question can be formed, simplifying semantic parsing into the
generation of a query graph.

(6) AQGnet [43]: A two-stage formal query construction method is proposed. In the first stage, the proposed
model can predict the query structure of the question. In the second stage, this method is used to rank candidate
queries.

(7) QGG [44]: The proposed model can handle both constrained questions and questions with multi-hop rela-
tionships.

(8) ReTraCk [45]: This paper proposes ReTraCk, which includes a retriever for efficiently retrieving relevant
knowledge base items, a converter for generating logically correct logical forms, and a checker for improving the
transduction process.

(9) RnG-KBQA [46]: A ranking and generation-based method is proposed. This model improves the answer
coverage by reasonably constructing a generation model and, therefore, has strong generalization ability.

(10) FC-KBQA [47]: A fine-to-coarse KBQA combination framework (FC-KBQA) is proposed to ensure the
generalization ability and executability of logical expressions.

(11) KnowGPT [16]: A black-box knowledge injection framework for LLM-based question answering is pro-
posed, KnowGPT, which uses deep reinforcement learning to extract relevant knowledge from the knowledge
graph. It also employs a multi-armed bandit approach to construct the most appropriate prompt for each question.

(12) Adaptive-RAG [48]: An adaptive QA framework is proposed, which can dynamically select the most
suitable strategy for the LLM, ranging from the simplest to the most complex, based on query complexity.

3.3 Evaluation Metrics

To prove the effectiveness of the model in the field of grid accident handling plans, evaluation criteria are for-
mulated. Accuracy (Acc) measures the closeness between a given measurement value and its true value. Recall
(Rec) represents the proportion of all positive samples that are correctly predicted. The F1 value can be regarded
as the weighted average of precision and recall. In this paper, precision is treated as equivalent to accuracy, hence
only accuracy is used. The overall performance of the model can be comprehensively evaluated using accuracy,
recall, and F1. The specific formulas are shown in Formulas 24, 25, 26, and 27:

Acc=(TP+TN)/(TP+FN +TN + FP) . 24)
Pre=TP/(TP+FP) . (25)
Rec=TP/(TP+FN) . (26)

F, =2PrexRec/(Pre+Rec) . (27)

In addition to accuracy and the F1 value, Hits@]1 is also used as an evaluation metric. The Hits@n metric is
commonly employed in link prediction tasks and is widely used in knowledge question answering. It represents
the average proportion of triples ranked less than or equal to n in the link prediction results. The larger the Hits@
n value, the more triples ranked at the top are predicted in the link prediction task, thus reflecting better model
performance. Therefore, Hits@n is an important metric in evaluating the performance of knowledge question an-
swering models. The specific calculation method is shown in Formula 28:
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Is]
iZH(ranki < n) . (28)

Hi =
its@n |S| 2

Where II(°) is an indicator function. Specifically, if the condition is true, the function value is 1, otherwise it is
0. In this paper, n = 1.

3.4 Experimental Results Analysis

The data presented in Table 1 show that the model proposed in this paper demonstrates excellent performance for
the professional dataset Ppd in the power field. Whether accuracy, the F1 value, or Hits@]1, the proposed model
exhibits significantly better performance than that of the baseline models. For the general dataset, although only
one metric is higher than the baseline, the difference from the best performance is not substantial, demonstrating
the overall balance of the model. This indicates that the approach adopted in this paper—performing information
extraction after rewriting the original text, screening candidate entities through vector recall and keyword recall,
and ultimately selecting and generating an answer using qwen-plus—effectively improves the overall perfor-
mance of the knowledge graph question answering model. Specifically, the accuracy of the method in this paper
is improved by 0.3% compared to the current most advanced method on the professional dataset in the power
field. Moreover, the F1 value is improved by 0.6% and Hits@! by 0.2%. Although the performance of the mod-
el in this paper is slightly reduced on the key datasets WebQSP and CWQ for knowledge question answering,
the accuracy on WebQSP is only 0.2% lower than that of the most advanced baseline method. Moreover, the F1
value is reduced by 0.1% and Hits@]1 is 0.1% higher than the optimal baseline method. On CWQ), the accuracy
is 1.6% lower than that of the most advanced baseline method, the F1 value is reduced by 1.4%, and Hits@]1 is
reduced by 2.3%. Nevertheless, the model still demonstrates excellent performance on WebQSP and good perfor-
mance on CWQ. The experimental results show that the model proposed in this paper is more suitable for knowl-
edge graph question answering in the field of grid accident handling plans than the other baseline models, while
also exhibiting good performance in the general field.

Table 1. Experimental results of the knowledge question answering model on Ppd, WebQSP, and CWQ (%)

CW
Model Ppd _ WebQSP | Q .

Acc F1 Hits@1 Acc F1 Hits@1 Acc F1 Hits@1
STAGG 70.3 72.1 63.4 / 50.5 493 / 40.6 38.6
AQGnet 72.6 74.5 64.7 / 51.4 49.9 / 32.8 31.3
Deep learning QGG 80.6 82.1 64.5 / 71.9 57.1 / 39.7 36.8
ReTrack 82.8 84.5 69.1 / 70.1 58.6 / 53.4 47.1
RnG-KBQA  83.4 85.4 71.3 / 74.3 62.8 / 52.6 46.3
FC-KBQA 83.5 85.4 71.2 / 75.9 62.9 / 493 429
R KnowGPT 83.9 86.2 71.9 75.3 77.1 64.1 60.1 59.4 53.4

A

G Adaptive-RAG ~ 81.3 83.3 71.7 73.1 74.9 62.3 65.5 66.7 59.6
Ours-generation 81.9 83.7 71.4 72.9 74.9 62.7 63.7 65.1 57.1
Ours-double pointer 84.2 86.8 72.1 75.1 77.0 64.2 63.9 65.3 57.3

As shown in Fig. 2, this is a performance comparison bar chart of knowledge question answering models on
the Ppd dataset. List 10 models on the horizontal axis, covering 10 models such as STAGG and AQGnet; The
vertical axis represents the performance indicator values, ranging from 0-80, represented by blue (accuracy Acc),
orange (F1 score, comprehensive accuracy and recall), and green (Hits@1, Top-1 hit rate), distinguish between
three types of indicators. Overall, for most models, F1>Acc> Hits@]1, this reflects that under the Ppd dataset, the
comprehensive evaluation (F1) of various models performs better, and it is difficult to accurately hit the Topl.
Specifically, early models such as STAGG performed relatively poorly, while Ours double pointer performed
outstandingly, with an Acc of about 84, an F1 of about 87and Hits@1 Around 72, KnowGPT and other models
have also shown good performance. Reflecting the differences in knowledge question answering adaptability and
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algorithm logic among different models, which can be used for subsequent model optimization (such as targeting
Hits@1 Shortcomings) provide reference.
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Fig. 2. Performance comparison chart of knowledge question answering models on Ppd dataset
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Fig. 3. Comparison of model performance on WebQSP dataset

As shown in Fig. 3, this is a bar chart comparing the performance of models on the WebQSP dataset. The
horizontal axis lists 10 models including QGG and ReTrack, while the vertical axis shows performance values
(0-80), with blue (Acc, accuracy), orange (F1, comprehensive evaluation), and green (Hits@]1, Top -1 hit rate)
3 distinguishing indicators. For most models, F1 (orange) performs outstandingly, such as some models with
F1 exceeding 70, Acc (blue) and Hits@1 (Green) Slightly lower. Reflecting that under the WebQSP dataset, the
model’s comprehensive evaluation dimension is better, and it is difficult to accurately hit Topl. Models such as
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“Ours double pointer” have relatively balanced and high numerical values for the three indicators, with high per-
formance; Some early model indicators were low, reflecting the adaptability and algorithm differences of differ-

ent models, providing direction for optimization.
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Fig. 4. Comparison of model performance on CWQ dataset

As shown in Fig. 4, this is a bar chart comparing the performance of models on the CWQ dataset. The hori-
zontal axis represents 10 models including STAGG and AQGnet, and the vertical axis represents performance
values (0-70), with blue (Acc, accuracy), orange (F1, comprehensive evaluation), and green (Hits@]1, Top -1 hit
rate) 3 distinguishing indicators. Overall, most models have F1 (orange)>Acc (blue)> Hits@]1 (Green). In the
CWAQ dataset, the overall performance (F1) of the model is relatively better, and it is difficult to accurately hit the
Topl. Early models such as STAGG and AQGnet had lower performance indicators, while KnowGPT, Adaptive
RAG, Ours generation, Ours double pointer and other models had better performance, with three more prominent
indicators. Reflecting the adaptability and algorithmic logic differences of different models in the CWQ dataset,
Optimize for subsequent models (such as improving Hits@1 shortcomings) Provide reference.

Table 2. Experimental results of the information extraction model on Ppd (%)

NER RE

Model Acc Rec F1 Acc Rec F1
TPLinker 84.8 87.9 86.3 91.2 88.1 89.6
SPN 86.9 86.1 86.5 89.7 83.9 86.7
CGT 84.5 82.3 83.4 84.4 86.8 85.6
PRGC 88.3 83.6 85.9 82.7 85.5 84.1
Ours-generation 86.4 86.0 86.2 87.3 85.6 86.4
Ours-double pointer ~ 87.9 85.6 86.7 91.1 89.5 90.2

The data presented in Table 2 show that the information extraction model proposed in this paper exhibits ex-
cellent performance for the professional dataset Ppd in the power field. Although the accuracy and recall rates
of the NER results are lower than the optimal results of the baseline model, the F1 value is 0.2% higher than the
optimal result of the baseline model. Similarly, although the accuracy of the RE result is 0.1% lower than the
optimal result of the baseline model, both the recall rate and F1 value are higher than in other baseline models.
The experimental results show that the information extraction model proposed in this paper is more balanced in
performance compared to the other baseline models. Moreover, it is more suitable for handling information ex-
traction in the power field.
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3.5 Ablation Experiments

The Role of Rewriting and Prompt. To study the role of original text rewriting and prompts in information
extraction, an ablation experiment was conducted. This experiment compared the performance of the information
extraction model without rewriting and without the addition of prompts to that of the original information ex-
traction model.

Table 3. Ablation experiment results of rewriting and prompts in information extraction (%)

NER RE
Acc Rec F1 Acc Rec F1
w/0 rewrite 85.9 85.1 85.5 90.1 88.2 89.1
w/0 prompt 83.1 80.6 81.8 86.3 85.7 86.0
Ours 87.9 85.6 86.7 91.1 89.5 90.2

As shown in Table 3, when information extraction is directly performed without rewriting, the performance
is reduced in all three evaluation metrics. This indicates that implicit information in the text is helpful for infor-
mation extraction. When the prompt is not retained, the performance of the model is significantly reduced, indi-
cating that noise interference or other problems may occur in the information extraction stage of the model. This
results in the model’s incorrect judgment of the user’s real needs, thereby affecting the final performance.

The Role of Two-Way Recall and LLM. To study the role of two-way recall and LLMs in knowledge ques-
tion answering, an ablation experiment was conducted to compare the performance of the knowledge question
answering model with single-way recall and without using qwen-plus on the Ppd dataset to that of the original
knowledge question answering model.

Table 4. Ablation experiment results of two-way recall and LLMs in knowledge question answering (%)

Acc F1 Hits@1
w/o keyword recall 78.4 79.5 70.3
w/o vector recall 73.3 77.2 67.9
w/o qwen-plus 80.3 82.3 71.7
Ours 84.2 86.8 72.1

Table 4 clearly shows that whether only vector recall or only keyword recall is retained, the final performance
of the model is reduced. By learning the semantic representation of the text, vector recall captures the semantic
association between entities, bridging the recalled entities closer to the semantic meaning of the user’s query.
Keyword recall performs entity recall through keyword matching and is more suitable for some specific scenari-
os. Therefore, the synergy between vector recall and keyword recall makes the recall results more comprehensive
and accurate.

In addition, the experimental results in Table 4 also prove that the reasonable use of qwen-plus can affect the
accuracy of the final answer. When the candidate entity ranked first after comprehensive ranking is directly se-
lected as the final result, the model’s performance is significantly reduced. This indicates that simply selecting
the top-ranked entities according to the comprehensive ranking results cannot accurately answer the user’s ques-
tions.

4 Conclusion

In this paper, a RAG-based Chinese power knowledge question answering method enhanced by domain term
recognition is proposed for grid accident handling plans. The implicit information in the text is mined through re-
writing, and the information extraction task is controlled by using prompts. Two methods, namely double-pointer
extraction and generative extraction, are proposed. A two-way recall strategy is then adopted for entity linking
and relationship linking. Vector recall more accurately captures the semantic association between entities or re-
lationships, while keyword recall is more suitable when the user’s question is more straightforward. The combi-
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nation of these two recall methods makes the recalled candidate entity and candidate relationship sets more com-
prehensive. Finally, the candidate entity and candidate relationship sets are input into qwen-plus to generate an
executable logical form, which is then queried in the knowledge graph. The query result and the original question
are input into qwen-plus again for final decision-making and answer generation. On the Ppd dataset, the accuracy
of the model reaches 84.2%, an F1 value of 86.8%, and Hits@1 of 72.1%. On the WebQSP dataset, the accuracy
of the model reaches 75.1%, an F1 value of 77.0%, and Hits@1 of 64.2%. On the CWQ dataset, the accuracy
of the model reaches 63.9%, an F1 value of 65.3%, and Hits@1 of 57.3%. The simulation experimental results
show that the RAG-based Chinese knowledge question answering method, enhanced by domain term recogni-
tion, not only outperforms the baseline model in the power field but also excels in the general field.
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Appendix

(a) The Prompt of qwen-plus for Original Text Rewriting

Table 5 shows the prompt for inputting the professional nouns and abbreviations related to the grid accident
handling plan domain into qwen-plus. Next, for inputting the original text sequence and using qwen-plus to re-

write the original text.

Table 5. Guidance for qwen-plus in original text rewriting

The following are the professional nouns and their abbreviations in the grid accident handling plan domain:

According to the professional nouns and their abbreviations in the grid accident handling plan domain, you must re-
write the following input text sequence, where rewriting rules are as follows:

1. Do not change the meaning of the original text sequence.

2. Complete the abbreviations of the professional nouns in the original text sequence.

3. Complete the abbreviations of the general words in the original text sequence.

4. The entities and relationships in the rewritten text are the same as those in the original text.

5. The implied meaning in the original text must be converted into the literal meaning in the rewritten text.

(b) The Prompt of qwen-plus for Logical Form Generation

Table 6 shows the prompt for inputting the rules of the logical form into qwen-plus and inputting the candidate

entities and candidate relationships to generate the corresponding logical form.

Table 6. Guidance for qwen-plus in logical form generation

Rules of the logical form:

The logical form is a structured representation of a natural language question. Taking the S-expression as an example,
the logical form usually consists of projections and various operators. The projection operation represents a one-hop
query of the triple (s, r, 0) on s or o, where (?, r, 0) is represented as (JOIN r o) and (s, 1, ?) is represented as (JOIN (R
r) s). The various operators include: “AND” (AND E1 E2), which obtains the intersection of E1 and E2; “COUNT”
(COUNT E1), which counts E1; “ARGMAX” (ARGMAX E1 r), which obtains the maximum literal value after
projecting E1 on the r relationship; “ARGMIN” (ARGMIN E1 r), which obtains the minimum literal value after pro-
jecting the r relationship on E1; “GT” (GT E1 1), which obtains the part of E1 greater than 1; “GE” (GE E1 1), which
obtains the part of E1 greater than or equal to 1; “LT” (LT E1 1), which obtains the part of E1 less than I; and “LE” (LE
E1 1), which obtains the part of E1 less than or equal to 1, where E1 or E2 represent a sub-layer logical form.

The following is an example of converting a natural language into a logical form:

The natural language “What is the name of Justin Bieber’s brother?” corresponds to the logical form “(AND (JOIN
[people, person, gender] [Male]) (JOIN (R [people, sibling relationship, sibling]) (JOIN (R [people, person, siblings])
[Justin Bieber])).”

According to the above rules and examples, you must generate a logical expression that conforms to the above logical
form rules for the following input.
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