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Abstract. Entity Linking (EL), as a knowledge-driven semantic understanding
technique, focuses on resolving the many-to-one mapping problem between
name mentions in open-domain text and entities in a knowledge base. It plays a
pivotal role in various applications such as knowledge graph construction, ques-
tion answering systems. Building upon the rapid development of deep learning,
EL is gradually moving away from traditional rule-based systems and evolving
into intelligent solutions centered around semantic embedding. However, these
methods still face challenges when dealing with ambiguous candidate entities,
such as homonyms, synonyms, or cases with insufficient contextual information,
which often cause inaccurate entity resolution. To overcome this challenge, this
paper proposes Confusing Entity Linking model based on Graph Neural Net-
works (CEL-GNN), which leverages graph structures to capture subtle differ-
ences between candidate entity descriptions, thereby improving the precision and
robustness. The proposed model first employs a BERT-based encoding layer to
generate representations for both short texts and candidate entity descriptions. It
then applies the TF-IDF method to extract keywords and construct a knowledge
graph. Subsequently, a Graph Distillation Operator (GDO) is introduced to cap-
ture discriminative characteristics, further improving the disambiguation perfor-
mance. Experimental results indicate that the proposed approach achieves out-
standing outcomes on the CCKS2020 benchmark for entity linking in Chinese
short texts. As opposed to the baseline BERT model, our method achieves an F1
score of 88.9, significantly improving entity linking effectiveness.

Keywords: Entity Linking, Graph Neural Network, BERT.

1 Introduction

EL as one of the core technologies in Natural Language Processing (NLP), has wide-
spread applications in various fields such as information extraction [1], knowledge
graph construction [2], and question-answering systems [3]. With the rapid advance-
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ment of information technology, the scale of textual data has grown exponentially. Ex-
tracting and associating key information from massive texts efficiently has become an
urgent issue for intelligent information processing systems. The primary goal of entity
linking is to match named entities (such as names of persons, places, entities, produc,
etc.) in texts with predefined entities in a knowledge base, thereby constructing a more
comprehensive knowledge system and enhancing information retrieval and reasoning
capabilities [4, 5]. As a logographic language, Chinese has a flexible grammatical struc-
ture and a high degree of lexical ambiguity, posing numerous challenges for entity link-
ing tasks. For instance, "Support™ can refer to both heavy artillery fire support and in-
dividual soldier equipment supply, while "The Great Wall" may denote a historical site
or a brand/company. This polysemy and ambiguity require entity linking techniques to
fully understand the contextual semantics to make accurate linking decisions. Addition-
ally, issues such as synonym expressions, abbreviations, and ambiguity resolution fur-
ther increase the complexity of EL tasks.

To achieve more accurate of EL, scholars have explored various methods to enhance
the contextual understanding of models. Traditional rule-based and statistical methods
have achieved certain effectiveness in specific scenarios. However, due to the limita-
tions of rule scalability and data sparsity, these approaches struggle to adapt to large-
scale and dynamic textual environments. Stimulated by the growth of Al, deep learn-
ing-based entity linking methods have become a research hotspot [6,7]. Foundation
language models [8-12] have demonstrated powerful capabilities in textual semantic
understanding, enabling entity linking tasks to capture contextual information more ef-
fectively and enhance disambiguation performance. These models compare each entity
in the text with candidate entities in the knowledge base one by one, leveraging con-
textual information to make precise linking decisions (see Fig. 1. a).

Fig. 1. a. Traditional entity matching using similarity scoring. b. Entity matching via relationship
graph construction.

Despite the significant progress made by deep learning techniques in entity linking,
current mainstream methods still primarily rely on empirical conclusions drawn from
large-scale data training. In certain scenarios, coarse-grained features fail to capture
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subtle differences between candidate entities accurately, limiting disambiguation effec-
tiveness. This is particularly evident when dealing with semantically similar but con-
textually distinct entities, where existing methods still exhibit limitations. To address
this issue, this paper proposes an improved approach based on BERT-based entity link-
ing. By constructing a relationship graph among candidate entities (see Fig. 1. b), this
approach refines entity descriptions, extracts distinguishable key terms from candidate
entity descriptions, and analyzes them at a finer granularity. This method not only en-
hances the accuracy of entity linking but also effectively reduces ambiguity in complex
contexts, thereby improving the precision of knowledge association.

2 Related Work

2.1  Pretrained Language Model BERT

BERT is a multi-layer Transformer-based architecture that employs self-supervised
learning for pretraining on large-scale corpora [13]. Self-supervised learning in BERT
is primarily achieved through two core objectives: masked token prediction and sen-
tence-level coherence modeling. The MLM mechanism learns word or character repre-
sentations in bidirectional contexts. Specifically, during training, BERT randomly re-
places certain words or characters in the input using a custom token [MASK] and pre-
dicts the original tokens. The NSP mechanism focuses on sentence-level coherence.
BERT processes sentence pairs by distinguishing them with learnable token type em-
beddings and inserting a special separator token [SEP] between them. Additionally,
The BERT model embeds predefined control symbols ([CLS] and [SEP]) at the begin-
ning and end of the text sequence. The [CLS] token is primarily used to capture sen-
tence-level information, indicating whether the given sentence pair is semantically co-
herent.

2.2  Entity Linking

The research in EL has undergone a transformation from traditional feature engineering
approaches to automatic feature learning based on deep learning models. In recent
years, studies on entity linking have primarily focused on leveraging deep learning
models to enhance semantic understanding of entities, improve disambiguation accu-
racy, and reduce computational complexity.

In the early stages of deep learning, entity linking primarily relied on traditional
classic neural models, exemplified by feedforward and convolutional neural networks
[14]. The core idea behind these methods was to automatically learn the correlation
features between input text and candidate entities through neural networks. Early deep
learning-based entity linking methods predominantly relied on vectorizing entity de-
scriptions and performing matching and disambiguation using neural networks. How-
ever, these methods had significant limitations, as they struggled to handle complex
contextual information and capture long-range dependencies, leaving considerable
room for improvement in disambiguation accuracy. With the emergence of RNN and



LSTM, researchers began leveraging these models to better process the sequential char-
acteristics of text. RNNs and LSTMs effectively capture sequential dependencies in
text, mitigating the limitations of early neural network models in handling long-range
dependencies [15]. However, despite their ability to model contextual information,
LSTMs still suffer from inefficiencies in processing long texts due to their sequential
nature of information propagation.

In 2018, the introduction of BERT marked a significant breakthrough in natural lan-
guage processing [13]. By leveraging the self-attention mechanism, BERT enables bi-
directional context modeling, capturing complex semantic relationships on a global
scale and significantly improving performance across various NLP tasks. The emer-
gence of BERT represented a major advancement in entity linking technology. Yamada
et al. [16] proposed a BERT-based entity linking method, in which BERT serves as the
core model to encode the context of entities and compute similarity with description in
a predefined knowledge base, ultimately achieving precise EL. The key advantage of
this approach lies in BERT’s bidirectional modeling capability, which substantially en-
hances its ability to disambiguate polysemous and synonymous entities. Additionally,
Wang et al. [17] introduced an end-to-end BERT-based entity linking model that for-
mulates entity linking as a joint optimization problem, utilizing BERT to perform entity
recognition, candidate entity generation, and disambiguation simultaneously. Unlike
traditional methods that rely on handcrafted features, this approach directly learns en-
tity representations from raw text through an end-to-end framework, leading to signif-
icant improvements in entity linking performance. Furthermore, Sebbaq [18] proposed
a multi-task learning architecture built on BERT, in which entity recognition, mention-
knowledge base alignment, and entity disambiguation are treated as three intercon-
nected subtasks trained jointly. By sharing hidden layers in BERT, the model facilitates
information exchange between different tasks, ultimately enhancing overall entity link-
ing performance.

With the growing maturity of graph neural networks (GNNSs), researchers have
started integrating graph structures into entity linking tasks, leveraging relational
graphs to further optimize entity linking accuracy. GNNs effectively capture intricate
relationships among entities and propagate information through graph structures,
thereby improving entity matching precision [19,20].

3 The Basic Principles of the Model

We introduce an entity linking framework built upon Graph Neural Networks (GNNSs),
aiming to improve the accuracy of entity disambiguation, particularly when handling
knowledge bases containing ambiguous data. The model integrates graph-based ideas
by leveraging GNN methods, allowing it to better capture the interactions between short
texts and entities. This enables the model to focus on subtle differences between candi-
date entities, effectively extracting distinguishable features from them, thus enhancing
entity linking performance in complex text environments. In Fig. 2, the framework
adopts a hierarchical architecture design, including a basic encoding layer, a distin-
guishable feature encoding layer, and a fully connected layer. Through this architecture,
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the model establishes strong associations between short texts and candidate entity de-
scriptions and, using GNN techniques, further mines and retains discriminative features
from the candidate entity descriptions, ultimately matching the most suitable entity de-
scription for each short text.

GDO

OWNO
=l
S
)

AP0 19, )
<= | Sigmoid | <==| concat |e——m-——
“‘\ {0‘ f

B={ti.b, tg}
= ’/v‘ & Anetty byt
=D\ Te | Th T ) Ts JLT Tl Ts

=
:I A

Fig. 2. CEL-GNN model includes a basic encoding layer, a distinguishable feature encoding
layer, and a fully connected layer, capturing entity interactions and discriminative features to
achieve accurate entity linking.

3.1 Basic Encoding Layer

The rapid advancement of pretrained language models has established them as funda-
mental cornerstones in NLP applications. In collaboration with iFlytek, Harbin Institute
of Technology (HIT) has enhanced the BERT model by incorporating the Whole Word
Masking (WWM) technique. Trained on the Chinese Wikipedia corpus, this improved
model exhibits superior Chinese text encoding capabilities, providing richer semantic
representations that are particularly beneficial for short-text entity disambiguation
(ED). Therefore, this paper adopts Chinese-BERT-wwm-ext as the fundamental encod-
ing layer to compute the correlation between short texts and candidate entities, extract-
ing the corresponding feature vectors. Specifically, for each entity in the CCKS2020
knowledge base, we concatenate its triple set into a single string, referred to as the entity
description text, where each individual triple is transformed into a triple text through
element concatenation.

As illustrated in Fig. 2, during training, for each entity mention, we concatenate its
contextual text with the description text of each candidate entity and formulate entity
disambiguation into a framework of binary classification. The input to the BERT en-
coder follows a structured format:

e A [CLS] token is inserted at the beginning of the sentence pair.
e A [SEP] token is used to separate the short text from the entity description text.
e Another [SEP] token is appended at the end of the sentence pair.



The final-layer output of the BERT model, specifically the [CLS] token vector, is
leveraged to capture the global semantic differences between the short text and
knowledge base text. Furthermore, to retain local entity-specific information, we record
the beginning (begin) and ending (end) positions of the entity mention in the text and
concatenate the corresponding encoded position vectors to construct the local entity
features Entity(begin, end). The formal computation process is provided in Equation

. @),
text = [CLS]ty, t,, ..., t,[SEP]d,, dy, ..., dy[SEP] (1)
Siink = BERT (text) + Entity(begin, end) (2)

Let ¢, t,,..., t, represent the context of the entity mention, while d,, d,, ..., d,, denote
the description text of a candidate entity. The feature vector obtained from the CLS
position is concatenated with the entity position vectors, and the resulting representa-
tion is passed through a fully connected layer that uses a Sigmoid function to perform
classification. To mitigate overfitting, a Dropout layer with a dropout rate of 0.15 is
introduced. Finally, the model is used to predict the matching degree between the am-
biguous entity and the descriptive texts of all its potential candidates, generating a
matching score that quantifies the likelihood of each candidate entity being the correct
disambiguation target.

3.2  Distinguishable Feature Encoding Layer

In the experiment, although the entity disambiguation method based on the BERT-
encoded basic encoding layer can achieve entity disambiguation using coarse-grained
relevance features, this approach primarily relies on empirical results learned from
large-scale training data. However, in certain special cases, such coarse-grained empir-
ical information may fail to capture the subtle differences between candidate entities.
To address this limitation, as illustrated in Fig. 2: Distinguishable Feature Encoding
Layer, this study leverages graph-based modeling to identify and analyze fine-grained
distinctions between key descriptive terms in the textual representations of candidate
entities.

For each entity mention, multiple candidate entity descriptions may exist. For the
candidate entity set L, the fully connected graph topology G ™ is initialized based on the
principle of maximizing mutual information, where the nodes represent the semantic
features of the entities. The adjacency weight between entity pair L;, L; € L is modeled
as the angular proximity metric in vector space, denoted as tf_idf; and tf_idf;, derived
from their respective term-weighting vectors. These vectors are generated using the TF-
IDF statistical model, which quantifies lexical significance through frequency analysis
based on the corpus. Since ambiguous candidate entity descriptions tend to be seman-
tically similar while still containing sufficient distinguishing information, we refine the
graph G structure by removing edges with weights below a predefined threshold.
Through the application of a suitable threshold, the association strength between enti-
ties is determined, we construct a new graph G = {g;}*, , which consists of multiple
disconnected subgraphs g4, ..., gu- Each subgraph contains at least one candidate entity
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description, ensuring that the remaining graph structure effectively captures semanti-
cally relevant yet distinguishable candidate entities for the given mention.

Next, to extract distinguishable information from each subgraph g;, a straightfor-
ward approach would be to remove repeated words and sentences from candidate entity
descriptions within the subgraph. However, this method cannot be directly integrated
into an end-to-end neural architecture. To overcome this limitation, our model initial-
izes a new BERT model by transferring the pretrained weights and bias matrices from
the basic encoding layer BERT model. The fused entity mention representation, incor-
porating all candidate entity descriptions, is denoted as A = {tl, ty,. ..,tp}, where a €
[1, p] represents the feature vector t; of words in the candidate entity description L;.

To effectively extract distinguishable features, we introduce an improved Graph Dis-
tillation Operator (GDO) based on the Graph Convolution Operator (GCO) [21]. Unlike
GCO, which propagates and aggregates information among neighboring nodes to en-
rich their representations, GDO is designed to learn discriminative features by remov-
ing redundant information shared between nodes. Specifically, for any candidate entity
description L;, GDO utilizes a learnable weight matrix to find the similarity between L;
and the adjacent nodes in graph G. Subsequently, a linear transformation matrix is ap-
plied to map the representation of L; into a new space, thereby extracting discriminative
semantic features. Each network layer (I > 0) performs similarity-aware feature decou-
pling by explicitly subtracting the association features between L; and its neighboring
nodes from its embedding representation, ensuring that only distinctive features are re-
tained. As shown in Equation 3,

O[]

D _ 0+O
¢ _q)()ti _ZJENi IV,

+p® ©))

Let ti(” denote context-aware encoding of the candidate description text L; in the I-th
graph distillation layer. N; represents the group of neighbors of the candidate entity
within the graph G, while b® is the bias term. ®® and ¥® are trainable self-
weighting matrices.

By employing a GDO with H layers, we obtain the final representation ti(H) for the

candidate entity description L; at the last layer. The representation tl.(H) encapsulates
rich and distinctive features, enabling effective differentiation of L; from other candi-
date entities within the same subgraph.

3.3 Fully Connected Layer

Extracting the vectors of all candidate entities in the subgraph g from the embedded
node feature matrix, we denote them as A = {tl(H), tz(H),...,tz(,H)}, where a € [1,p].
The vector representation of an individual candidate entity is denoted as téH). Similarly,

the entity mentions obtained by integrating all short-text features are denoted as B =
{tl,tz,...,tq}, where b € [1, q], and the representation of a single entity mention is

denoted as t,. Finally, we concatenate tle) and t, to obtain T.



T = concat(tb, t((lH)) 4)
Score = Sigmoid(T) (5)

In the final stage, a fully connected layer coupled with a Sigmoid activation function is
used to derive the normalized similarity scores of the candidate entity set, determining
and selecting the target entity with the highest confidence.

4 Experimental Results and Analysis

4.1  Dataset and Data Preprocessing

In this study, we validate our model using the dataset provided by the CCKS 2020
Chinese Short Text Entity Linking Task. The dataset consists of short texts with an
average length of 21.73 Chinese characters, primarily sourced from online platforms
such as Weibo, encyclopedia entries, news video titles, article headlines, and user con-
versations. The corpus is divided into a training set and a validation set, where the train-
ing set contains 70,000 annotated short texts, and the validation set consists of 10,000
annotated short texts. The knowledge base is semi-structured, with each entry contain-
ing both triples and structured long texts. The triples encapsulate entities and their re-
lationships, providing essential contextual information.

To achieve EL model, we conduct dataset analysis and preprocessing. First, since
the official test set of this dataset is not publicly available, we use the CCKS2020-dev
set as our test set. Additionally, the training dataset (CCKS2020-train) is partitioned
into training and validation subsets using seven-fold cross-validation. During training,
we save 14 models based on both loss and F1 score criteria. Second, to mitigate the
impact of erroneous characters on downstream disambiguation results, we perform a
structured alignment operation to map the entity mentions in the raw data to the corre-
sponding canonical entries in the knowledge base. This prevents mismatches caused by
punctuation differences, letter case variations, or misspellings, thereby improving the
robustness of entity linking.

4.2 Evaluation Criteria

The experiment evaluates disambiguation results using F1-score.

TP

R = (6)

~ TP+FN

R represents recall, where TP denotes the number of correctly predicted entity links,
and FN denotes the number of missed entity links.

TP

P = (")

T TP+FP

P represents precision, where FP denotes the number of incorrectly predicted entity
links.
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Finally, the model's performance is evaluated by calculating the F, score, with higher
values indicating better model performance.

4.3  Experimental Setup

The fundamental encoding layer utilizes the official Chinese Bert_wwm_ext model as
the factual encoder, with accelerated computation powered by eight NVIDIA A100
40GB GPUs. Given that the length of each triple's text varies and that BERT imposes
astrict 512-token limit, entity descriptions exceeding this length are truncated, retaining
only the first 512 tokens while discarding the excess. Since the default truncation strat-
egy may result in information loss, we assume that the length of a triple’s text is pro-
portional to the amount of information it contains. To minimize the loss of essential
information, we sort all triples in descending order based on their text length before
truncation. This ensures that tokens removed due to truncation primarily belong to
shorter triples, which inherently contain less information, thereby maximizing the re-
tention of meaningful content in entity descriptions. Additionally, when the input text
length is shorter than the maximum allowable length, padding is applied to extend it to
512 tokens. Padding is typically performed using a special [PAD] token. Finally, all
triple texts are concatenated to serve as the descriptive text for the candidate entity.

In the experiment, the Adam optimizer was employed with a learning rate set to
2*1075, the number of epochs set to 3, and a batch size of 32. The BERT model was
fine-tuned based on the characteristics of the short-text entity linking dataset to enhance
experimental performance. For the distinguishable feature encoding layer of the GNN,
the learning rate was set to 10, and the similarity threshold for removing redundant
features was set to 0.35.

4.4  Experimental Result

To validate the effectiveness of the proposed entity linking model based on Graph Neu-
ral Networks (GNN), extensive experiments were conducted on the CCKS2020 Chi-
nese short-text entity linking dataset. The F1-score was used as the evaluation metric,
and the performance of different models on the entity linking task was compared. Ex-
perimental results demonstrated that the proposed model significantly outperformed
other baseline models across multiple evaluation metrics. Table 1 shows the experi-
mental results of the proposed model and the comparison models. Notably, it achieved
an F1-score of 88.9, surpassing ERNIE [22] (86.7), BERT-base (87.4), BERT-large
(87.8), Bert_wwm_ext (88.1) and RoBERTa-wwm-ext [23,24] (87.5). This indicates
that the proposed GNN-based entity linking model substantially improves disambigu-
ation accuracy, particularly in distinguishing and correctly matching highly similar can-
didate entities.

In traditional pre-trained models, while BERT-base and BERT-wwm-ext exhibit
strong performance in disambiguation tasks, they often struggle to capture subtle dif-



ferences when dealing with multiple candidate entities with semantically similar de-
scriptions, leading to decreased matching accuracy. Although RoOBERTa-wwm-ext has
advantages in processing long texts, it does not incorporate further optimizations tai-
lored to the fine-grained details of candidate entity descriptions. In contrast, the pro-
posed model leverages GNNs to better explore both local and global relationships
among candidate entity descriptions, enabling the extraction of more fine-grained in-
formation. Specifically, the graph structure among candidate entity descriptions en-
hances the model’s ability to capture inter-entity relationships and helps extract more
discriminative features, even when candidate entities exhibit high semantic similarity.
This, in turn, improves the accuracy of entity matching.

In summary, by integrating Graph Neural Networks, the proposed model signifi-
cantly enhances entity disambiguation performance. It demonstrates superior capability
in distinguishing similar candidate entities compared to traditional models, providing a
more reliable solution for precise entity matching in entity linking tasks.

Table 1. Experimental results (%).

Model Recall Precision F1
ERNIE 86.7 86.7 86.7
Bert-base 87.4 87.4 87.4
Bert-large 87.8 87.8 87.8
Bert_ wwm_ext 87.9 88.3 88.1
Roberta_wwm_ext 87.2 87.7 875
CEL-GNN 88.7 89.1 88.9

4.5  Case Analysis

To verify the effectiveness of CEL-GNN in extracting discriminative features, we con-
ducted a visualization analysis of its encoder’s attention mechanism. Fig. 3 illustrates
the contextual focus of the encoder on both short texts and the knowledge base, where
darker word colors indicate higher attention weights. Taking the phrase "The Moonlight
Before My Bed" as an example, there are five candidate entities associated with it in
the knowledge base, spanning multiple musical works and cultural references. There-
fore, a deeper contextual analysis is required to achieve accurate entity disambiguation.

When using only the base BERT encoder for entity prediction (Fig. 3. a), the model
primarily focuses on the keywords "Anita Mui" and "The Moonlight Before My Bed".
Since candidate entity 51069 contains frequent mentions of "Anita Mui", the model
assigns it a higher attention weight, mistakenly linking to entity 1D 51069. In contrast,
when CEL-GNN is employed (Fig. 3. b), the model first utilizes the strong prior infor-
mation of "Anita Mui" in the short text to filter out unrelated candidate entities for "The
Moonlight Before My Bed", narrowing down the options to entity 1Ds 331515 and
51069. Subsequently, the discriminative encoding layer distinguishes 331515 as a song
and 51069 as an album. By incorporating the short-text context, CEL-GNN success-
fully identifies 331515 as the correct entity in the knowledge base. This case study
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highlights that ambiguous entity names may correspond to multiple references, and
precise entity linking requires fine-grained contextual matching to ensure accurate en-
tity recognition.
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Fig. 3. a. Only the base BERT encoder for entity prediction. b. CEL-GNN for entity prediction.

5 Conclusion

The Confusing Entity Linking Model based on Graph Neural Networks (CEL-GNN)
proposed in this paper effectively addresses the limitations of traditional BERT-based
methods in disambiguation tasks, particularly demonstrating strong capabilities in han-
dling subtle semantic differences between candidate entities. By incorporating GDO,
the model not only improves the precision of candidate entity disambiguation but also
enhances the understanding of complex entity relationships. In the CCKS2020 Chinese
short-text entity linking task, the proposed model significantly outperforms traditional
methods in terms of F1 score, validating its potential application in the field of entity
linking. However, the model still faces certain limitations when dealing with long texts
and noisy data. Future research could further optimize the structure of the Graph Neural
Network and introduce additional semantic information and contextual constraints to
enhance the model's disambiguation ability. Furthermore, integrating more knowledge
graphs and multimodal information is expected to further improve the model's general-
ization ability and practical applicability.
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