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Abstract

Entity alignment across multi-source knowledge bases is frequently hindered by the problem
of "heterogeneous names but equivalent semantics,” a challenge that becomes particularly acute in
domains with specialized nomenclature and rare characters, such as cultural relics. To address this
universal issue, this paper proposes a joint-embedding framework, MulF-ELMo-BERT, suitable for
entity alignment in cultural relic knowledge graphs. This framework integrates multi-dimensional
features such as entity names, attributes, summaries, and full-text texts, achieving comprehen-
sive extraction of entity features from four levels: characters, words, sentences, and paragraphs.
It effectively filters out weakly relevant entities and breaks through the limitations of semantic
representation relying solely on a single feature. Given the dense presence of rare characters and
specialized terms in cultural relic entity names, the ELMo context-aware word embedding model
is introduced. It can dynamically adjust the vector representation of rare words based on their
context, significantly enhancing semantic adaptability. Meanwhile, a Chinese BERT model with
an integrated whole-word masking strategy is adopted to avoid local co-occurrence interference
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and strengthen the ability to capture term associations. More importantly, the framework deeply
fuses ELMo embeddings with Chinese BERT model embeddings as entity embeddings, effectively
compensating for the limitations of a single embedding model in complex semantic representa-
tion. By then adaptively calibrates cosine similarity using a learnable threshold parameter, the
matching accuracy is improved, enabling the alignment of cultural relic entities. FExperimental
results demonstrate that the proposed method can efficiently capture multi-level semantic features
of entities and exhibits excellent performance in cultural relic entity alignment tasks. The pro-
posed framework presents a generalizable architecture for multi-feature entity alignment, with its
effectiveness rigorously validated on the complex domain of cultural relics.

Keywords: Multi-feature fusion, entity alignment, Joint-embedding, Encyclopedic knowledge
base.

1 Introduction

The integration of multi-source knowledge bases is pivotal for constructing comprehensive knowl-
edge graphs. A fundamental challenge in this process is Entity Alignment, which aims to identify
entities that refer to the same real-world object despite having different surface forms across sources.
This problem is ubiquitous but manifests with unique intensity in domains characterized by special-
ized terminologies and heterogeneous data schemas[l]. As a compelling case in point, the cultural
relic domain exemplifies these challenges[2]. For instance, the same entity, such as the renowned
playwright "William Shakespeare", may be referred to by various names across different data sources
(e.g., "Shakespeare," "W. Shakespeare," or "The Bard"). Therefore, entity alignment is required to
identify and match these semantically identical entities that differ in their surface forms, enabling the
integration and fusion of multi-source knowledge bases.

However, due to the diversity of data sources and the differences between manual input and defini-
tions on encyclopedic websites, entities with the same semantics have different forms of representation
in different knowledge bases. The alignment of cultural relic entities across multi-source knowledge
bases is a crucial step in the integration of cultural relics knowledge graphs, while also posing certain
challenges.

For encyclopedic knowledge bases, the existing entity alignment technologies mostly rely on the
similarities of the knowledge base system or use entity information to calculate the similarities between
entities of different knowledge bases to achieve the goal of knowledge base fusion. Gerlach et al.[3]
proposed proposes a machine-in-the-loop entity linking system, aiming to increase the link coverage of
new pages and Wiki projects with low resources. Gabri et al.[4] proposed the explicit semantic analysis
method. Lin et al.[5] proposed an end-to-end entity recognition and disambiguation framework for
identifying author affiliation information from literature publications.

However, the above methods mainly rely on the original page relocation disambiguation function
of the encyclopedia knowledge base, only use a single feature of each encyclopedia entity, and fail to
make good use of the multiple types of encyclopedia knowledge information.

To alleviate the limitation of single-entity features in the entity alignment task, many researches
fuse multiple features of an entity for entity alignment. Zhang et al.[6] proposed a selective filter-
ing entity alignment method that improves entity alignment through attribute filtering and external
knowledge filtering. Yang et al.[7] proposed a pseudo-connected network, which adopts the common
concern method to collaboratively learn attribute types and attribute values.

However, the entity alignment task considers multiple features such as entity attributes and merely
acquires the similarity between two entities at the level of characters and words. It does not consider
the meaning of words or the relationship between words, nor does it take into account the context
information between sentences.

In entity alignment, contextual information is crucial for determining whether two entities refer
to the same real-world object. The same entity may exhibit different manifestations or meanings in
various contexts[8]. word embeddings can capture contextual information, enabling more accurate
judgments of entity similarity and thereby enhancing the precision of entity alignment. Therefore,
researchers focusing on entity alignment attach great importance to the study of word embeddings [97
]. Yuet al.[11] proposed a pre-trained joint alignment method based on BERT and GloVe word embed-
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dings. The joint alignment of attributes and relations using multiple pre-trained models can improve
the model performance. Sun et al.[12] proposed a two-stage strategy for aligning both homogeneous
and heterogeneous entities. In the first stage, an embedding-based semantic clustering algorithm is
employed to partition the semantic space into multiple clusters, and the clusters are then paired based
on centroid distances. Zhong et al.[13] proposed a semantic-driven entity embedding method. This
method comprises attribute embedding and relation embedding. Specifically, the attribute embed-
ding utilizes a pre-trained transformer-based language model to capture semantic information from
attribute values.

However, in the field of cultural relics, the complexity of word formation such as rare characters
and professional terms in entity names makes it difficult for the existing models to handle these
unregistered or sparse words through word embedding. Moreover, the existing models only generate
word vectors based on the co-occurrence statistics of words, ignoring the context information, resulting
in the inability to accurately capture the semantics of entities in the entity alignment task.

In recent years, deep models have been widely applied in entity alignment tasks. Especially when
pre-trained language models are trained on large-scale corpora, they can learn rich language knowledge
and semantic representations. Ge et al.[14] proposed an efficient name-based entity alignment process.
It eliminates preprocessing through the name information provided by the entity itself and combines
and fuses the features captured by the entity name and the structural information of the graph to
improve the entity alignment result. Liu et al.[15] proposed to utilize the Graph Neural Network
(GNN) attribute value encoder and divide the Knowledge Graph (KG) into subgraphs to effectively
model various types of attribute triples. Paganelli et al.[16] conducted multi-faceted analyses using
components of the pre-trained and fine-tuned BERT architecture. BERT is used to generate highly
contextualized term embeddings.

Existing research has made certain progress in the field of entity alignment. However, during the
pre-training process of the existing models, some labels in the input are randomly masked, making it
difficult to effectively capture the semantic associations and context information between terms, which
reduces the generalization ability of the models.

Based on the characteristics of encyclopedic knowledge bases and the manifestation forms of cul-
tural relic domain data within them, and targeting the multi-source heterogeneous data from Baidu
Encyclopedia and Chinese Wikipedia, this paper proposes a joint embedding framework for cultural
relic knowledge graph entity alignment, named MulF-ELMo-BERT. This framework integrates multi-
dimensional features such as entity attributes, summaries, and full-text texts, achieving comprehensive
extraction of entity features from four levels: characters, words, sentences, and paragraphs. It can
effectively filter out weakly relevant entities and reduce the limitations of relying solely on single entity
features from multi-source heterogeneous data in entity alignment tasks.

In terms of model design, considering the prevalence of rare characters and dense specialized terms
in the names of cultural relic entities, the Embeddings from Language Models (ELMO) context-aware
word embedding model is introduced. It can dynamically adjust the vector representation of rare
words based on their specific contexts, significantly enhancing semantic adaptability. Simultaneously,
a Bidirectional Encoder Representations from Transformers (BERT) model with an integrated whole-
word masking strategy during pre-training is employed to avoid local co-occurrence interference and
strengthen the ability to capture term associations.

More importantly, this framework deeply fuses ELMo embeddings with Chinese BERT model
embeddings as entity embeddings. The dynamic vector adjustment capability of ELMo endows entity
features with fine-grained context awareness advantages, while the whole-word semantic capture ability
of Chinese BERT reinforces term-level semantic association expression. The complementary fusion of
the two effectively compensates for the limitations of a single embedding model in complex semantic
representation.

On this basis, a dynamic threshold determination method is used to adaptively calibrate the
cosine similarity calculation results, further improving the accuracy of entity matching determination
and ultimately achieving cultural relic entity alignment. Experimental results demonstrate that the
proposed method can efficiently capture multi-level entity semantic features and exhibits excellent
performance in cultural relic entity alignment tasks, providing a feasible solution for entity alignment
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in cultural relic domain knowledge fusion and offering a reference for entity alignment research in
related fields.

The primary contributions of this study are as follows:

(1) This paper proposes a multi-dimensional feature fusion-based entity feature extraction mecha-
nism.To tackle the constraints of depending solely on single entity features from multi-source heteroge-
neous data, this mechanism integrates features including attributes, summaries, and full-text content.
It extracts features across four levels, spanning from characters to paragraphs, filters out weakly
relevant entities, breaks through traditional limitations, and offers more robust feature support.

(2) This paper puts forward a complementary fusion embedding strategy that combines ELMo
and Chinese BERT. In light of the characteristics of entity names, this strategy fuses ELMo with
a whole-word masking Chinese BERT model. ELMo dynamically adjusts its vector representation
based on the meanings of rare words in a specific context, enhancing the semantic adaptability of rare
words. Meanwhile, the whole-word masking Chinese BERT model strengthens the capture of term
associations, thereby improving the semantic representation of entity embeddings.

(3) This paper introduces a dynamic threshold-assisted entity alignment determination method.
Based on the fused embeddings of ELMo and BERT, this method calibrates cosine similarity us-
ing dynamic thresholds. It adjusts the determination criteria according to entity features, enhances
matching accuracy, and resolves the adaptability issues associated with fixed thresholds.

2 Related Work

2.1 Entity alignment of the encyclopedia knowledge base

The differences between manual entry and definition on encyclopedic websites make the existence
of synonymous and synonym entities face the problem of entity alignment in multi-source knowledge
bases in the process of achieving knowledge fusion. Many scholars have conducted long-term research.

Huang et al.[17] constructed two knowledge bases, one of the Baidu Encyclopedia and one of an
interactive encyclopedia, and calculated attribute similarity with the Longest Common Subsequence
(LCS) algorithm to determine whether two entities link to the same object in the real world. Zhang
et al.[18] applied LDA to nouns, verbs, and other words of text, respectively, to obtain the similarity
of different parts of speech words and calculated the context similarity by comprehensively weighting
the three similarity degrees. This method reduced time complexity due to the parallelization of the
modeling process. Zhang et al.[6] proposed a selective filtering entity alignment framework, which
filters the candidate set by using attribute information and external knowledge respectively, thereby
deleting most of the erroneous entities in the candidate set. This framework mainly uses the selective
filtering mechanism and external knowledge for entity alignment. Deng et al.[19] proposed an event
entity alignment method based on event elements, and this method calculates the entity similarity
based on multiple event elements. This method optimizes the threshold setting, thereby enhancing
the ability to identify the existence of aligned entities. The performance of this method in terms of
event entity alignment has been significantly improved.

However, the above-mentioned entity alignment task only acquires the similarity of two entities at
the character and word levels, without considering the meaning of words or the relationship between
words, nor taking into account the context information between sentences.

2.2 Embedding-based entity alignment

TransE is the first and also one of the most popular models proposed for the entity alignment
task[20]. TransE interprets a relation as a translation operating on the low-dimensional embeddings
of entities. More specifically, given a relational triple (h,r,t), it suggests that the embedding of the
tail entity ¢ should be close to the embedding of the head entity h plus the embedding of the relation
r, that is, h + 7 = . As a result, the structural information of the entities can be preserved, and
entities sharing similar neighbors have close representations in the embedding space.

Lin et al.[5] proposed an end-to-end entity recognition and disambiguation framework. The pro-
posed algorithm, which combines word embedding and spatial embedding, leverages semantic and
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geographic information to effectively improve the performance of entity recognition and disambigua-
tion. Yoon et al.[21] proposed an unsupervised entity alignment method, which jointly performs
entity-level and relational-level alignment by using the neighbor triple matching strategy of the se-
mantic text features of relations and entities. The accuracy of double alignment was evaluated using
the semantic feature GloVe and the lexical feature Bigram. Li et al.[11]adopted joint alignment using
pre-trained BERT and GloVe embeddings to leverage their complementary strengths. By integrating
BERT’ s contextualized representations with GloVe’ s global word co-occurrence statistics, the ap-
proach captures both semantic nuances and syntactic regularities, thereby enhancing the robustness
of entity matching across heterogeneous knowledge sources. Kolyvakis et al.[22] proposed an entity
alignment method called DeepAlignment. This method refines the pre-trained word vectors with the
aim of obtaining the description of the ontology entity suitable for the ontology matching task. A
set of word2vec vectors trained on Google News data is used to verify the impact of the initial pre-
trained word vectors on the performance of DeepAlignment. Shahbazi et al.[23] proposed a new local
entity disambiguation system. The system has learned the entity-aware extension of Language Model
Embedding (ELMo) which is called Entity-EIMO (E-ELMo). The system utilizes E-ELMo for local
entity disambiguation.

Existing embedding-based entity alignment models have made certain progress in general domains.
However, due to the unique nature of knowledge fusion in the cultural relic field, these existing methods
fail to take into account the dense rare words and specialized terms present in relic names and lack the
comprehensive utilization of multi-dimensional features. Consequently, their performance in cultural
relic entity alignment may be rather poor.

2.3 Entity alignment based on deep models

Yang et al.[7] proposed a network to make fulluse of the attribute types and values in KGs.
method combines the structure and attribute information of entities respectively by jointly training
two embedding learning components. Use the joint attention method to collaboratively learn attribute
types and attribute values. Tam et al.[]9] proposed an end-to-end, unsupervised entity alignment
framework for cross-language knowledge graphs. This model uses a multi-order GCN model to capture
relation-based correlations between entities, and simultaneously combines attribute-based correlations
through a translator. The model adopts a post-fusion mechanism to combine all the information
together, thereby enhancing the final alignment result and making the model more robust. Wu et
al.[24] proposed a relations-aware double-graph convolutional network (RDGCN), which integrates
relational information through the close interaction between knowledge graphs and their dual relations.
RDGCN learns better entity representations by capturing adjacent structures. Zhu et al.[25] proposed
a relationship-aware neighborhood matching model RNM for entity alignment. The model utilizes
neighborhood matching to enhance entity alignment. In addition to comparing neighboring nodes
when matching the neighborhood, the model attempts to mine useful information from the connection
relationship. Bai et al.[26] proposed a new entity alignment method based on BERT, which uses a
multilingual trained BERT model to learn the semantic relevance of entity descriptions.

Existing deep models have made considerable progress in the field of entity alignment. However,
due to the characteristics of knowledge fusion in the encyclopedia knowledge base and the particularity
of entity word formation in the field of cultural relics, the existing models have difficulty effectively
capturing the semantic associations and context information between terms, thereby reducing the
generalization ability of the models.

Unlike frameworks like DeepAlignment that primarily refine pre-trained word vectors for similarity
calculation, our approach first deeply fuses contextual embeddings from ELMo and BERT. It then
introduces a learnable, dynamically tuned threshold mechanism that is jointly optimized with the
embeddings. More importantly, our entire pipeline—from feature fusion to alignment decision—is
integrated into an end-to-end differentiable framework trained with a unified loss function, eliminating
reliance on independent, non-optimized components.
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3 Method

This paper proposes a general joint-embedding framework for multi-feature entity alignment. To
validate its effectiveness in complex real-world scenarios, we instantiate and evaluate the framework
using cultural relic dat-a domain characterized by professional terminology and the critical challenge
of heterogeneous names but equivalent semantics. The core innovation of the proposed MulF-ELMo-
BERT framework lies in its end-to-end trainable paradigm, which jointly optimizes the multi-feature
embedding fusion process and the entity alignment decision threshold through a unified loss function.
As shown in Figure 1, the framework consists of three core modules:

(1) Data Sources and Feature Extraction.Integrates Baidu Baike and Wikipedia knowledge bases,
simultaneously extracting entity names, attributes, summaries, and full-text documents. This enables
semantic capture at four levels: characters, words, sentences, and paragraphs.

(2) Embedding Representation Layer. Employs the context-aware ELMo dynamic word embedding
model to handle rare characters and specialized terms in the cultural relic domain. By integrating a
whole-word masking strategy, it enhances the Chinese BERT’s capability to capture term associations.
The joint embedding of ELMo and BERT compensates for the limitations of single-model semantic
representation.

(3) Entity Alignment Module. Combines local and global representations to construct feature
vectors for entity pairs. Cosine similarity is used to measure semantic relevance between entities,
while adaptive threshold calibration achieves precise alignment of cultural relic entities.

The framework first extracts multi-level features from multi-source knowledge bases, then obtains
enhanced semantic representations through the joint embedding model, and finally completes entity
alignment using optimized similarity calculation. This effectively resolves the semantic heterogeneity
problem in knowledge fusion.

Feature Fusion Embedding Fusion Entity Alignement
Baidu Baike Wikipedia ELMo Vi Y Vi
T, i .. 6 i
Entity, attribute Entitys attribute Lstm -Lstm .. -Lstm @Lstm- Lstm- ..- Lstm
Entity, abstract Entityy abstract Lstm -Lstm - - -Lstm DLstm- Lstm- ..  Lstm
ity, doc Entity, document 4 - . : :
Entity, document Vo o Wil Wl - [Wae S, 53 - BE Py Py Py l\lulti:Hé'l(l entity pair
BERT Attention Ve[ Ver .Veal

Loss Function
Ea, Ea, Ea; --Ea, Eb; Eb, Eb; - Eb,

dynamic threshold

Soft'ma\; 0 decision

Align(el, €2)

Figure 1: The framework of the MulF-ELMo-BERT model

3.1 Multi-feature Fusion

Firstly, the cultural relic data obtained from encyclopedic websites are preprocessed, this involves
deleting irrelevant information, stopping words, clauses, word segmentation, part-of-speech tagging,
and syntactic analysis.

After data preprocessing, they are stored as a triple < entityattribute, entityabstract, entitycontext >,
and entities in two encyclopedic knowledge bases are formalized:e, =< attr, abst, docu > and e, =<
attr, abst,docu >, where e, and e; are the names of the entity related to cultural relics, attr repre-
sents the entity attribute of cultural relics, abst represents the entity abstract of cultural relics, and
docu represents the entity context information of cultural relics. For a cultural relic entity e,, there
are multiple attributes attre,, each of which has a corresponding attribute value valuee,. The entity
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abstract abst is stored as text and forms the main content of entity description text. Entity context
docu is the unstructured text describing the entity on the web page, also known as entity context.

The entity attributes, entity abstractions and entity contexts after word segmentation are respec-
tively taken as the inputs of the models ELMo and Chinese-BERT, and the context feature extraction
is implemented by the two models. Then, the similarities of entity attributes, entity abstractions and
entity context features are fused to generate a multi-feature similarity fusion model. By comparing the
calculation results of multi-feature similarity with the threshold, entity alignment is achieved. Finally,
the set of entity alignment is output.

3.2 ELMo for Dynamic Contextual Representation

To address the challenge of rare characters and specialized terms in cultural relic names, whose
meanings can shift depending on context, we employ the ELMo model. Its key advantage lies in
generating dynamic, context-aware word embeddings. Unlike static embeddings, ELMo provides a
representation for each word that is a function of the entire input sentence, enabling it to disambiguate
polysemous words effectively.

ELMo computes a layered representation for each token t; through a bidirectional LSTM, combin-
ing the outputs from all layers into a comprehensive set of representations R;, as defined in Equation

1:
—LM LM

Ri={a!™ N5  hy; li=1,..,Ly={n}}]j=0,.. L} (1)
M ] —LM LM
where h;’;" represents the character-level encoding, and h; ; , h;; denote the forward and backward

hidden states at the j-th layer, respectively.

In our framework, we adapt ELMo to the entity alignment task by fine-tuning the pre-trained
model and learning task-specific weights for each layer’s representation. The final ELMo embedding
for entity alignment, FLM oiEA is a weighted combination of these layered representations, calibrated
by a scaling factor v24, as shown in Equation 2:

I
ELMoP4 = E(R;04) = 4PAY sBARLM (2)
=0

Here, s”4 represents the softmax-normalized weights optimized for the entity alignment task.

The tokenized sequences from entity names, attributes, summaries, and full-text contexts are pro-
cessed by this adapted ELMo model. The resulting contextualized vectors capture nuanced semantic
and syntactic features crucial for distinguishing entities with heterogeneous names but isomorphic
semantics, forming the dynamic, context-sensitive stream of input for our subsequent fusion module.

3.3 Chinese-BERT for Term-Integrated Semantic Representation

To complement ELMo’s dynamic contextual capabilities and enhance the modeling of complete
semantic units prevalent in the cultural relic domain, we incorporate a Chinese-BERT model pre-
trained with Whole Word Masking (WWM) strategy. This approach is particularly crucial for handling
multi-character professional terms like "Tang Caifengmingqi Seven-Stringed Zither", where preserving
semantic integrity is essential.

To address the out-of-vocabulary (OOV) challenge posed by rare characters and specialized terms,
we construct the input embedding through a hybrid character-word approach. The embedding E; for
each token is formed by summing three components, as defined in Equation 3:

Ei —_ E;foken + Eisegment + Ezposition (3)

Notably, we employ Rotary Position Embedding (RoPE) for the positional encoding to better
capture long-range dependencies in cultural relic descriptions, as shown in Equation 4:

RoPE(gm, kn) = ReLU(Wyqm + Wiky,) cos 8(m —n) (4)

where 6(m — n) represents the angular encoding for the positional difference between characters.
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The core innovation lies in our adaptation of the pre-training objective. We optimize the Masked
Language Model (MLM) task using the WWM strategy, where the loss function is defined in Equation

5:
N

Lyim = —% > log P(wilhpiask],) (5)
i=1

Unlike character-level masking, our WWM strategy uniformly masks all characters within the same
word (e.g., replacing "bronze ware" with "[MASK]|[MASK][MASK]"), forcing the model to reconstruct
complete terms based on contextual understanding. This significantly enhances semantic modeling
for cultural relic terminology. Additionally, we employ domain-specific data augmentation using the
Encyclopedia of Chinese Cultural Relics, including synonym replacement and irrelevant term insertion,
to further improve the model’s robustness and domain adaptability.

The Chinese-BERT component provides a robust, statically-oriented semantic representation that
emphasizes term integrity and global contextual associations within the text. Serving as the comple-
mentary stream to ELMo’s dynamic embeddings in our fusion module, it enables a comprehensive
semantic understanding of cultural relic entities.

3.4 Word Embedding Fusion Based on Multi-Head Attention Mechanism

The ELMo model captures dynamic contextual word meanings through a bidirectional LSTM
structure, excelling at handling polysemy . In contrast, Chinese-BERT, based on the Transformer’s
self-attention mechanism, is capable of modeling long-range dependencies and reinforces the integrity
of specialized terms through the Whole Word Masking (WWM) strategy. However, a single model
may suffer from issues such as local feature overfitting or sparse global semantics.

To effectively integrate the complementary strengths of ELMo and Chinese-BERT in word em-
beddings for cultural relic entity alignment tasks, this paper proposes a dynamic word embedding
fusion strategy based on the Multi-Head Attention (MHA) mechanism. This strategy captures the
correlations between different models in multi-level semantic representations, enabling adaptive fu-
sion of cross-model features and thereby enhancing the semantic representation capability for complex
cultural relic terms.

We propose a multi-headed attention mechanism that integrates multi-model word embeddings to
realize the joint word embedding representation of ELMo and BERT-Chinese, with specific steps as
follows:

3.4.1 Feature Extraction Layer

After tokenizing cultural relic entity names, attributes, and contextual text, the pre-trained ELMo
model processes them to generate dynamic word embeddings E; € R%(d, = 1024), incorporating
character-level, syntactic, and semantic contextual information.

The same text is fed into the Chinese-BERT model, and its final hidden layer states are extracted
as static word embeddings B; € R%(d, = 768), integrating character, lexical, and entity relation
knowledge.

3.4.2 Multi-Head Attention Interaction Layer

To align the semantic spaces of ELMo and BERT, a cross-model attention module is designed.
Using ELMo features E as the Query and BERT features B as the Key and Value, attention weights
are computed by scaling the dot product attention as follows in Equation 6:

Attn(Q,K.V) = softmas( L)y (©
n(Q,K,V) = softmar(———
Vdj,

In the formula,Q = EW,, K = BW),, V = BW,, where W,, W}, W, are learnable parameters

respectively, and dj, is the dimensional scaling factor. Through multi-head parallelization (with h==8),

the model can simultaneously focus on the interaction information of different semantic subspaces such
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as glyphs, word meanings, and entity relations. Finally, the outputs of each head are concatenated
and linearly transformed to obtain the fused feature F; € R% (d; = 1024).

3.4.3 Dynamic Gating Fusion Layer

To balance the dynamic nature of ELMo and the global nature of BERT, a gating mechanism is
introduced to adaptively adjust feature weights, in Equation 7 and 8:

Gi = o(Wy[Ei;bi]) + by (7)

0;=G,0FE;+(1-G;)®B; (8)

Here, o represents the Sigmoid function, W, € R¥e*2dejs the weight matrix, and ® denotes element-
wise multiplication. The gating value G; is dynamically generated based on the input features, enabling
the model to rely more on ELMo’s contextual adjustment capability when handling polysemous words,
while focusing on BERT’s complete semantic representation when dealing with specialized terms.

ELMo’s dynamic word vectors capture contextual ambiguities in cultural relic terminology, while
BERT’s static embeddings preserve the integrity of specialized terms. These two are aligned through
the multi-head attention mechanism. The hybrid embeddings and gating mechanism enhance robust-
ness. By fusing features from both sources, the model integrates global and local information, thereby
improving its ability to model long-range dependencies.

3.5 Entity Alignment
3.5.1 Entity Representation Extraction

This module proposes a dual-channel context-aware representation extraction framework to con-
struct discriminative entity pair representations by integrating global semantic and local structural
features. From the fused output of the joint ELMo-BERT embeddings, the hidden state corresponding
to the special token [CLS] is used as the holistic representation of the entity pair. Global representation
extraction is shown in Equation 9:

Vpair = h|CLS\ (9)

This representation captures the global semantic association features of the entity pair. By re-
taining the [CLS| token’s capability for modeling global relationships, it mitigates the bias where
standalone ELMo tends to focus on local syntax while BERT emphasizes long-range dependencies.
For an entity pair(e;, e2), the average hidden states of their respective textual segments are computed
separately. Local Representation Extraction is shown in Equation 10 and 11:

1
Voo =— Y hi (10)
m 1€Tey
v, = — > h (11)
e — 7
M2 er,,

where T| (el) and7e, denote the token index sets for entities e; and ep , respectively, while m; and
me represent the corresponding token counts. The final representation of the entity pair is obtained
by concatenating these two local representations, as shown in Equation 12:

Vznair = [‘/61; ‘/62] (12)
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3.5.2 Similarity Calculation

(1) Design a multi-granularity similarity evaluation function for similarity computation, as shown
in the Equation 13:

vaairl . ‘/pairg (13)
’ |V}7air1 Vpairz ’ |

Let Vpair, and Vpair, represent the entity pair vectors, with values ranging from [—1, 1].

s(e1,e2) =

3.5.3 Unified Loss Function

To jointly optimize the embedding representations and the alignment decision, we design a unified
loss function. This function consists of two parts: a contrastive learning loss L_ align to pull together
the representations of aligned entities and push apart those of non-aligned ones, and a regularization
term L_ threshold to guide the threshold learning.

Specifically, for a set of entity pairs (e1,ea,y), where y = 1 denotes alignment and y=0 denotes
non-alignment, the loss function is defined as the Equation 14 and 15:

L= Lalign + ALthreshold (14)

Laign =5 3 ly-loga(p(er, 2)) + (1 ~ ) - loga(1 — plex, e2))] (15)

(e1,€2,y)

Here, p(e1,e2) = A(s(e1,e2)/T) is the temperature-scaled alignment probability, see the Equation
16, and T is a learnable temperature parameter.

Lthreshold - (9 - Smargin)2 (16)

Here, 0 is a learnable threshold parameter, and s,,4r¢in is @ preset margin value. This regularization
term encourages the threshold to reside in a reasonable interval of the similarity distribution. A is a
coeflicient balancing the two losses.

3.5.4 Entity Alignment Decision

In our framework, the alignment threshold @ is defined as a learnable model parameter, optimized
jointly with the embedding layers via gradient descent. During inference, we directly use the converged
value of 8 as the decision threshold. The alignment decision rule is shown in the Equation 17:

1, if s(ej,e2) >0

. (17)
0, otherwise

align(e1, e2) = {

This approach transforms threshold determination from a computationally expensive post-hoc

grid search into an intrinsic part of the model’s forward propagation, enabling end-to-end training
and ensuring the threshold is co-optimized with the embeddings in the same semantic space.

3.6 Training Algorithm

The complete end-to-end training procedure of the proposed MulF-ELMo-BERT framework is
summarized in Algorithm 1.

Algorithm 1 presents the complete end-to-end training procedure of the proposed MulF-ELMo-
BERT framework. First, all model parameters are initialized, including ELMo, Chinese-BERT, multi-
head attention, gating layer, and a learnable decision threshold 6. During each training epoch, for
every batch in the training set D, the model performs a forward pass: it extracts multi-features
for the entity pair (e1,es), obtains embeddings via ELMo and Chinese-BERT, fuses these two types
of embeddings through multi-head attention and a gating layer to produce the joint representation
Vpair, and then computes the similarity score s(e1, e2) along with the alignment probability p(eq, e2).
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Algorithm 1 : MulF-ELMo-BERT Training Procedure
Require: Training set D, learning rate 7, margin s,,qrgin, balance coefficient A
Ensure: Trained model parameters (including threshold 0)
1: Initialize model parameters (ELMo, BERT, MHA, Gating Layer, threshold )
2: for epoch =1 to N do
3: for each batch in D do

4: Forward Pass

5: Extract multi-features for entity pair (e, e2)

6: Obtain embeddings via ELMo and Chinese-BERT
T: Fuse embeddings via Multi-Head Attention and Gating Layer
8: Compute entity pair representation Vg,

9: Compute similarity score s(eq, e2)

10: Compute alignment probability p(e1, e2)

11: Loss Computation

12: Compute alignment loss Lqjign

13: Compute threshold regularization loss Lipreshold

14: Compute total loss L = Lgjign + ALthreshold

15: Backward Pass

16: Compute gradients VL

17: Update all parameters (including 6) using optimizer
18: end for

19: end for

Subsequently, the alignment loss L4, and threshold regularization loss Lipreshold are calculated,
and the total loss L is obtained as a weighted sum controlled by coefficient A. Finally, gradients
are computed via backpropagation, and all parameters (including threshold #) are updated using an
optimizer.

4 Experiments

4.1 Datasets

To verify the validity of the proposed alignment method, the dataset required for the experiment
is constructed. First, some entities of the cultural relics” entity corpus have been directly extracted
from the Shaanxi History Museum and the National Cultural Relics Collection Directory.

Due to the heavy workload and low accuracy of manual annotation data, this paper extracts
entities from the Baidu Encyclopedia and Chinese Wikipedia to automatically generate training data
sets by using heuristic rules with the help of some structured information in the encyclopedia.

The heuristic rules for positive example selection in the training dataset are as follows:

(1) Two article entries have the same and unique names, that is, the two article entries have no
synonyms or aliases.

(2) Two articles with the same title, and the content similarity of the article must exceed 95%.

(3) The category labels of the two articles are exactly the same, and the content similarity of the
two articles is over 95%.

(4) Two articles have the same title and the same category tag, they will be listed as referring to
the same entity.

In addition, there is the function of synonym digestion in the encyclopedia. That is, an article
name has an alias, but will be automatically replaced with the standard entity name when looked up
on the encyclopedia site, e.g., "shan Li Bo" is the alias of “shaanxi history museum” . When "shan
Li Bo" is received as input, it will be replaced by the “Shaanxi History Museum” automatically, and
the information about the Shaanxi Provincial History Museum is returned.

Many rules are used for negative example selection in the training dataset. Except for rules that
generate positive examples, all other rules can generate negative examples. Enumerate the main
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Table 1: The dataset of cultural relic entities

Entity Types | Baidu Encyclopedia entity number | Wikipedia entity number
CRN 1876 1700
UL 1785 1857
HD 1562 1800
MC 1500 1700

heuristic rules used for negative example generation. (1) The titles of two articles are different, and
the content similarity of the two articles is less than 50%. (2) The category labels of the two articles
are completely different, and the content similarity of the two articles is less than 50%. (3) The two
articles are in different fields.

The descriptions of four types of cultural relic entities, cultural relic’ s name (CRN), unearthed
location (UL), historical dynasty (HD), museum collection (MC), in the experimental dataset are
shown in Table 1.

We randomly split the dataset into training (70%), validation (15%), and test (15%) sets. To
ensure robustness, we perform 5-fold cross-validation and report the average performance. The same
split is used for all baseline comparisons.

4.2 Experiment settings
4.2.1 Evaluation Metrics

To quantify the alignment accuracy and ranking quality of the model in Entity Alignment (EA)
tasks, this paper employs two widely recognized evaluation metrics: Hits@N and MRR (Mean Recipro-
cal Rank). Hits@QN directly reflects the model’s alignment capability under different cutoff thresholds,
making it suitable for evaluating strict matching (Hits@1) and fuzzy matching (Hits@10) scenarios
in entity alignment tasks. MRR mitigates the impact of extreme rankings (such as extremely low
rankings) through a reciprocal ranking mechanism, providing a more robust measure of the model’s
global ranking performance, especially in scenarios with a large number of candidate entities. Their
definitions and calculation methods are as follows.

(1)Hits@QN

Hits@N is used to measure the probability that the model correctly predicts the aligned entity
within the top N positions of the ranked list of candidate entities. For each entity pair (e, e2) in
the test set, if the position t of its correctly aligned entity e; in the ranked list satisfies ¢t < N, it is
counted as a valid prediction §(t < N) = 1; otherwise, it is considered invalid §(¢ > N) = 0. The
mathematical expression for Hits@N is shown in Equation 18:

HitsQN = % > 6(t<N),N e{1,10} (18)
‘ | (61,82)€T

where T represents the set of aligned entity pairs in the test set, and |T| is the size of the set.
Hits@1 reflects the model’s accuracy in top-1 predictions (strict alignment capability), while Hits@QN
evaluates the model’s recall capability under relaxed conditions (fault tolerance and robustness). A
higher metric value indicates better model performance.

(2) MRR (Mean Reciprocal Rank)

MRR assesses the model’s ranking quality by calculating the average of the reciprocal ranks (RR)
of the correctly aligned entities in the ranked lists. For each test sample(eg, ez), if the rank of its
correct entity e; is t, its RR value is %; if the correct entity does not appear in the top n positions,
the RR is recorded as 0. The mathematical expression for MRR is shown in Equation 19:

1 1
MRR = >oo- (19)
‘ | (61,62)€T
The range of MRR values is (0,1], where 1 indicates that all correct entities are ranked first. A
higher value signifies that the model ranks the correct entities more prominently, indicating better
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overall performance.

4.2.2 Baselines

To prove the effectiveness of MulF-ELMo-BERT proposed in this paper, the experimental results
are compared with the following baselines.

o Entity Alignment Methods for Encyclopedic Knowledge Bases:

— Gerlach et al. [3] proposed a human-computer collaborative entity linking system.
— Gabrilovich et al. [4] introduced the Explicit Semantic Analysis (ESA) method.
— Lin et al. [5] proposed an end-to-end framework for entity recognition and disambiguation.

— Deng et al. [19] proposed an event entity alignment method based on event elements.
o Embedding-Based Entity Alignment Methods:
— TransE [20]. TransE aims to make the embedding of the tail entity t in a relational triple

as close as possible to the sum of the embeddings of the head entity h and the relation r.

— GloVe [21]. Yoon et al. investigated the use of semantic features from GloVe and lexical
features from Bigram to evaluate the accuracy of dual alignment.

— Word2vec [22]. Kolyvakis et al. studied the use of word2vec word vector sets to verify the
impact of initial pre-trained word vectors on model performance.

— ELMo [23]. Shahbazi et al. proposed a new local entity disambiguation system.

e Deep Learning-Based Entity Alignment Methods:

GCN [9]. Tam et al. proposed an end-to-end unsupervised entity alignment framework.
— RDGCN [24]. Wu et al. proposed a relation-aware dual graph convolutional network.
— RNM [25]. Zhu et al. proposed a relation-aware neighborhood matching model.

— BERT [26]. Bai et al. proposed a new entity alignment method based on BERT.

— RoBERTa-zh [27]. An optimized BERT pre-training approach proposed by Liu et al., which
demonstrates strong performance on Chinese tasks.

— ERNIE [28]. A knowledge-enhanced pre-trained model proposed by Baidu, which improves
semantic representation by incorporating knowledge graphs.

— XLNet-Chinese [29]. Employing a generalized autoregressive pre-training approach that
overcomes the limitations of the masked independence assumption in BERT.

All models are tuned on the validation set via grid search. Key hyperparameters include learning
rate le-5, 2e-5, be-5, batch size 16, 32, and ELMo window size 3, 5, full. We fix the random seed to
42 for reproducibility.

4.3 Experimental results and analysis
4.3.1 Comparison experiment of entity alignment for cultural relics

To verify the overall performance of the MulF-ELMo-BERT model proposed in this paper in the
task of entity alignment for cultural relics, the comparative experiments between the proposed model
and baselines are executed. In this experiment, four types of cultural relic entities (CRN, UL, HD,
MC) are selected for the comparative experiments. The experimental results are shown in Table 2.

As shown in Table 2, in terms of the Hits@1 metric, the MulF-ELMo-BERT model demonstrates
significant improvements over the strongest baseline models. Compared with the second-best per-
former ERNIE, our model achieves improvements of 2.8%, 2.8%, 3.4%, and 3.1% across the four
entity types (CRN, UL, HD, MC), respectively. To evaluate the statistical significance of these perfor-
mance improvements, we conducted paired t-tests between MulF-ELMo-BERT and the best baseline



https://doi.org/10.15837 /ijccc.2026.4.7233 14

Table 2: Experimental results of entity alignment for cultural relics

Entity CRN UL HD MC
Models Hits | Hits | MRR | Hits| Hits | MRR | Hits| Hits | MRR | Hits| Hits | MRR
Q1 @10 Q1 Q10 Q1 Q@10 Q1 Q10
Martin et al. [3] 42.2] 60.2 | 0.523 | 49.3| 62.6 | 0.565 | 45.7| 67.8 | 0.551 | 47.4| 63.5 | 0.586
Gabri et al. [4] 48.6 | 63.7 | 0.557 | 48.7| 65.7 | 0.592 | 47.5| 69.2 | 0.587 | 48.5| 64.7 | 0.597
Lin et al. [5] 53.1] 69.4 | 0.596 | 56.5| 73.1 | 0.633 | 53.1| 71.9 | 0.602 | 53.1| 69.4 | 0.621
Deng et al. [19] 49.7| 68.6 | 0.572 | 52.1| 69.5 | 0.617 | 51.3| 68.7 | 0.598 | 52.6| 68.8 | 0.617
Trans E [20] 52.3| 70.1 | 0.678 | 55.6| 70.9 | 0.694 | 54.6 | 71.1 | 0.685 | 55.5| 71.5 | 0.695
GloVe [21] 46.8| 65.8 | 0.645 | 49.8| 69.0 | 0.665 | 47.5| 68.6 | 0.667 | 48.8| 69.7 | 0.658
word2vec [22] 52.5| 68.5 | 0.662 | 54.2| 70.3 | 0.681 | 53.6 | 69.0 | 0.688 | 53.4| 70.7 | 0.693
ELMo [23] 59.9| 74.4 | 0.703 | 62.7| 76.8 | 0.725 | 61.7| 79.3 | 0.719 | 62.2| 75.1 | 0.734
GCN [9] 65.4| 80.3 | 0.721 | 67.4| 82.6 | 0.766 | 66.4| 85.7 | 0.742 | 67.6 | 81.3 | 0.742
RDGCN [24] 66.2| 83.9 | 0.756 | 69.9| 85.9 | 0.792 | 67.8| 86.1 | 0.774 | 68.4| 84.5 | 0.779
RNM [25] 68.7| 85.6 | 0.773 | 71.5| 87.4 | 0.817| 69.5| 91.3 | 0.801 | 70.7| 86.2 | 0.782
Bert [26] 71.6| 87.8 | 0.792 | 74.8| 89.6 | 0.838 | 72.2| 93.4 | 0.820 | 73.5| 88.3 | 0.835
RoBERTa-zh [27] 72.8| 88.5 | 0.805| 75.6| 90.3 | 0.851 | 73.5| 94.1 | 0.835 | 74.2| 89.2 | 0.848
ERNIE [28] 73.5| 89.2 | 0.818 | 76.3| 91.1 | 0.862 | 74.1| 94.8 | 0.842 | 75.1| 90.3 | 0.856
XLNet-Chinese [29] 72.1| 88.1 | 0.811| 75.1| 90.0 | 0.855 | 73.2| 93.9 | 0.838 | 74.0| 89.0 | 0.851
MulF-ELMo-BERT 76.3| 925 | 0.845 | 79.1| 93.2 | 0.883 | 77.5| 96.8 | 0.872 | 78.2| 93.7 | 0.894

Note: All performance metrics in this table are the mean values after 5 independent runs with random seeds. The standard
deviation ranges are as follows: Hits@1: 0.8%-0.6%, Hits@10: 0.2%-0.4%, MRR: 0.003-0.007. The improvements of
MulF-ELMo-BERT over the best baseline (BERT) are statistically significant for all entity types (paired t-test).

models (ERNIE, RoBERTa-zh, and XLNet-Chinese). The results indicate that the improvements are
statistically significant (p-value < 0.05) across all four entity types. Notably, it achieves 77.5% on the
HD type, showcasing superior precision in entity semantic matching.

The baseline comparison experiment indicates that the end-to-end joint training framework sig-
nificantly enhances model performance across all entity types. While advanced pre-trained models
like ERNIE, RoBERTa-zh, and XLNet-Chinese show competitive results, our approach of integrating
ELMo’s contextual awareness with Chinese-BERT’s deep semantic representations through the pro-
posed gating mechanism and jointly optimizing the alignment threshold proves to be more effective
for cultural relic entity alignment. MulF-ELMo-BERT achieves more precise semantic matching and
robust alignment performance, providing an efficient and precise entity alignment tool for the digital
preservation of cultural heritage.

To evaluate the statistical significance of the performance improvement, we conducted paired t-tests
between MulF-ELMo-BERT and the top baseline models (ERNIE, RoBERTa-zh, and XLNet-Chinese)
on the test set. The results indicate that the improvements in the Hits@1 metric are statistically sig-
nificant (p-value < 0.05) across all four entity types and against all three strong baselines. This
demonstrates that the performance gain from our model is not due to chance and validates the effec-
tiveness of our proposed fusion framework.

4.3.2 Experiment on the Advantages of Fused Word Embeddings

In the task of cultural relic entity alignment, to explore the performance of different embedding
models and their fusion strategies, we designed and conducted an experiment on the advantages
of fused word embeddings. This experiment selected three single-model word embeddings: ELMo
embedding, BERT-base embedding, and Chinese-BERT embedding, as well as different combinations
such as ELMo + BERT-base fused embedding and ELMo + Chinese-BERT fused embedding. The
experimental results are shown in Table 3.

As shown in Table 3, the proposed MulF-ELMo-BERT framework demonstrates enhanced per-
formance across various scenarios of cultural relic entity alignment under the end-to-end training
paradigm. In the CRN task, it achieves more precise differentiation with Hits@1 (76.3%) and MRR
(0.845), significantly surpassing the best-performing single model, Chinese-BERT. For UL entities, the
framework better handles geographical hierarchies and reduces place name confusion. In HD align-
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Table 3: Experiment on the Advantages of Fused Word Embeddings

Entity CRN UL HD MC

Word embedding Hits | Hits | MRR | Hits| Hits | MRR | Hits| Hits | MRR | Hits| Hits | MRR
Q1 Q10 Q1 @10 Q1 Q10 Q1 Q10

ELMo 51.9| 78.4 | 0.693 | 56.1| 80.8 | 0.735 | 55.9| 84.3 | 0.714 | 55.8 | 79.9 | 0.734

BERT-base 63.1| 85.8 | 0.792 | 68.0| 83.6 | 0.838 | 66.4| 89.4 | 0.820 | 66.5| 84.3 | 0.835

Chinese-BERT 63.8| 87.3 | 0.802 | 68.4| 87.7 | 0.844 | 67.2| 90.5 | 0.831 | 67.6 | 87.4 | 0.841

ELMo+BERT-base 70.7| 89.8 | 0.816 | 70.6 | 89.3 | 0.862 | 69.5| 91.7 | 0.843 | 69.4| 89.5 | 0.868

MulF-ELMo-BERT 76.3| 92.5 | 0.845| 79.1| 93.2 | 0.883 | 77.5| 96.8 | 0.872 | 78.2| 93.7 | 0.894

Note: All performance metrics in this table are the mean values after 5 independent runs with random seeds. The standard
deviation ranges are consistent with those reported in Table 2.

ment, it shows improved capability in distinguishing temporal ranges and character variants. For MC
tasks, the enhanced fusion strategy enables more accurate ranking of collection institutions.

The limitations of single-model embeddings remain evident in the improved framework: ELMo still
lacks deep contextual semantic modeling, BERT-base continues to suffer from Chinese optimization
issues, and Chinese-BERT, while performing best among single models, still cannot effectively capture
fine-grained character-level features.

The superiority of the fusion strategy is further validated: Compared with ELMo+BERT-base,
the enhanced MulF-ELMo-BERT achieves an average increase of 4.8% in Hits@1 and 2.7% in Hits@10
across all entity types. The gating mechanism demonstrates stronger feature complementarity under
joint optimization, effectively balancing the dynamic contextual adjustments of ELMo with the global
semantic representations of Chinese-BERT, while maintaining parameter efficiency. This substantiates
the effectiveness of synergistic embedding fusion within the end-to-end learning framework.

4.3.3 Influence of entity features on the entity alignment performance for cultural relics

In the research on cultural heritage digitization, entity alignment serves as a core task for inte-
grating multi-source heterogeneous data and constructing high-quality knowledge graphs. However,
the alignment performance of cultural relic entities is often constrained by expression ambiguities,
semantic dependencies, or data sparsity. To explore the impact of different attribute combinations
on entity alignment, this study conducted comparative experiments on four types of entities based
on seven fusion strategies incorporating structured attributes (A), text summaries (S), and full-text
contexts (C). The experimental results are presented in Figure 2.
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954 954 95
904 904 90
854 854 85
804 804 80
754 754 754
704 704 704
65 65+ 65
60 —=— Hits@1 ‘ 60 —— Hits@1 60 —— Hits@1 ‘
554 —e— Hits@10 554 —e— Hits@10 55 —e— Hits@10
50 T T T T T T T 50 T T T T T T T 50 T T T T T T T
A S C AS AC SCACS A S C AS AC SCACS A S C AS AC SCACS
attribute combination attribute combination attribute combination

100+ 0.90

o [mc
] 0.85-
904
854 0.80
801 0.75
754 MRR
704 0.704
65 0651 —=—CRN
" —— UL
- it o501 "
55+ MC
50 T T T T T T T 0.55 T T T T T T T
A S C AS AC SCACS A S C AS AC SCACS
attribute combination attribute combination

Figure 2: The influence of entity features on cultural relic entity alignment
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In the Figure 2, A; S, C, A_S, A_C,S_C, and A_ C_S represent attributes (A), text summaries
(S), full-text contexts (C), the fusion of attributes (A) and text summaries (S), the fusion of attributes
(A) and full-text contexts (C), the fusion of text summaries (S) and full-text contexts (C), and the
fusion of attributes (A), text summaries (S), and full-text contexts (C), respectively.

As shown in Figure 2, in the cultural heritage entity alignment experiments under the end-to-end
training framework, there are significant performance differences among various attribute combina-
tions.

Regarding single attributes, the A performs well in the HD and MC categories. This is because
these types of entities rely on precise matching of structured attributes. However, it underperforms
in the CRN and UL categories, as the presence of aliases or descriptive discrepancies in names leads
to insufficient attribute coverage. The S outperforms the A in the CRN category since the summaries
contain synonyms for names or contextual information. In contrast, it performs poorly in the UL
and HD categories because geographical and dynastic information is simplified or omitted. The C
generally exhibits lower performance than the S with Hits@1 for all entity types not exceeding 72%,
due to interference from noise in the full text.

Among dual-attribute fusions, the combination of "A_S" shows significant improvement in the
CRN category; "A_C" demonstrates notable enhancement in the UL category; while "S_C" yields
limited improvement. The tri-attribute fusion "A_S C" delivers the best performance, achieving
Hits@1 values of 76.1%, 78.2%, and 79.8% for CRN, HD, and UL, respectively, as it can integrate the
advantages of multiple attributes.

In terms of entity types, HD and MC are sensitive to structured attributes, with dual-attribute or
tri-attribute fusions resulting in improvements exceeding 5%. CRN and UL rely on textual descriptions
and context, with tri-attribute fusions achieving improvements exceeding 10%. This fully demonstrates
the effectiveness of multi-attribute fusion in the task of cultural relic entity alignment.

4.3.4 The impact of ELMo’s window size on cultural relic entity alignment

ELMo, as a pre-trained language model capable of capturing contextual semantic features, has its
ability to capture local contextual information in text directly influenced by the setting of its window
size. To explore the impact of ELMo’s window size on the task of cultural relic entity alignment, we
conducted a series of comparative experiments. We tested the model’s performance when ELMo’s
window size was set to 3 words, 5 words, and the entire sentence, respectively, as shown in Figure 3.

As shown in Figure 3, in the task of aligning cultural relics entities using the end-to-end trained
model, the size of the ELMo window maintains a significant impact on the model’s performance. As the
window size increases from 3 words to the entire sentence, the Hits@1, Hits@10, and MRR indicators
for each type of cultural relic entity continue to show a clear upward trend, with performance gains
being more pronounced in the enhanced framework. Among them, the model performs best under
the full sentence window, achieving the highest scores of 76.3% (CRN), 79.1% (UL), 77.5% (HD), and
78.2% (MC) in Hits@1 across all four entity types, indicating that expanding the window can better
enhance the model’s ability to capture contextual semantics and improve alignment accuracy within
the joint optimization framework. The 5-word window performs second best, achieving approximately
1.5-2.0% lower Hits@1 scores compared to the full sentence configuration, while the 3-word window
shows the most limited performance with Hits@1 scores remaining below 74% for all entity types.
This consistent pattern suggests that in the alignment of cultural relic entities, due to the special
composition and semantic complexity of cultural relic entity names, fully considering long-distance
contextual information remains crucial for achieving optimal performance in the improved model
architecture.

4.3.5 Comparison of task metrics under different numbers of epochs

Due to semantic and structural differences, tasks involving different types of entities exhibit varying
sensitivities to the number of training epochs. To investigate the impact of the number of epochs
on various cultural relic entity alignment tasks, we selected four typical tasks and compared their
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Figure 3: The impact of ELMo’s window size on cultural relic entity alignment

performance metrics across different epoch counts (1, 5, 10, 15, and 20). The experimental results are
shown in Figure 4.

As shown in Figure 4, when there was only 1 epoch, all task metrics dropped significantly, with
Hits@1 for both CRN and UL decreasing by approximately 7%. This indicates that before 10 epochs,
the model had not fully learned the features of cultural relic entities and had insufficient learning ability
for tasks dependent on long texts. At 15 epochs, the HD task showed slight improvements in Hits@1
and MRR because historical dynasty names have strong semantic associations. The metrics for CRN,
UL, and MC tasks fluctuated slightly (around 4+0.5%), indicating that the model was approaching
convergence at 10 epochs and that excessive training yielded limited benefits. At 20 epochs, with the
adoption of a dynamic learning rate, the metrics were close to those at 15 epochs, suggesting that this
strategy could alleviate the vanishing gradient problem but that the cultural relic entity alignment
task was less sensitive to long-term training.

The HD task was the most sensitive to the number of epochs, with the highest gains observed at
15 epochs, as optimizing the semantic associations of dynasty names required contextual information.
The MC task was the most robust, with metrics remaining stable in the later stages, as its features were
simple and easy to converge. The CRN and UL tasks exhibited intermediate sensitivity, necessitating
a balance between local and global feature learning.

4.3.6 Comparison of task metrics under different learning rate strategies

Different entity tasks exhibit varying sensitivities to learning rates due to differences in semantics
and data structures. To investigate the influence mechanism of learning rate strategies, we selected
four typical entity tasks and employed four learning rate strategies for training and evaluation. The
experimental results are presented in Table 4.

As shown in Table 4, the learning rate significantly affects model convergence. With a high learn-
ing rate (5e-5), the proposed end-to-end trained model achieves the best performance across all entity
types, with the HD task reaching 77.5% Hits@1 and 0.872 MRR, demonstrating the framework’s ca-
pability to effectively capture complex semantic associations. The CRN task benefits substantially,
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Figure 4: Comparison of task metrics under different numbers of epochs

Table 4: Comparison of task metrics under different learning rate strategies

Entity CRN UL HD MC

Learning Rate Hits | Hits | MRR | Hits | Hits | MRR | Hits | Hits | MRR | Hits | Hits | MRR
Q1 @10 Q1 Q@10 Q1 @10 Q1 Q10

Base(2e-5) 74.8 | 91.5 | 0.761 | 77.7 | 91.9 | 0.800 | 76.3 | 95.7 | 0.790 | 76.8 | 93.4 | 0.867

High-LR(5e-5) 76.3 | 92.5 | 0.845| 79.1 | 93.2 | 0.883 | 77.5 | 96.8 | 0.872 | 78.2 | 93.7 | 0.894
Low-LR (1e-5) 74.1 | 91.1 | 0.740 | 774 | 91.6 | 0.779 | 75.9 | 95.3 | 0.769 | 76.5 | 92.5 | 0.857
Linear-Decay 75.2 | 91.8 | 0.799 | 78.1 | 924 | 0.843 | 76.7 | 96.1 | 0.831 | 77.2 | 93.8 | 0.872

Note: All performance metrics in this table are the mean values after 5 independent runs with random seeds. The standard
deviation ranges are consistent with those reported in Table 2.

achieving 76.3% Hits@1, while UL reaches 79.1% Hits@1, indicating robust handling of textual de-
scriptions. Even the relatively simpler MC task shows improved performance at 78.2% Hits@1. A low
learning rate (le-5) causes all task metrics to decline, with the HD task being most affected because the
slow parameter updates make it difficult to learn complex semantics. In terms of task characteristics,
the HD task is most sensitive to the learning rate, benefiting greatly from a high learning rate as it
requires contextual semantic understanding. The MC task is more robust, with simple museum name
features and minimal complex semantic interactions. The CRN and UL tasks have moderate sensi-
tivity, and the proposed framework consistently delivers strong performance across different learning
rate strategies.

4.3.7 Analysis of Ablation Study Results

This section systematically validates the necessity of the proposed core components through abla-
tion studies. The analysis of ablation study results is shown in Table 5.

The ablation studies in Table 5 systematically evaluate our core contributions, where "w/o Joint
Threshold" removes the learnable threshold module, "w/o Gating Fusion" eliminates the adaptive
fusion mechanism, and "w/o Both" ablates both key components.

The results confirm the effectiveness and synergistic effects of our proposed mechanisms. Remov-
ing the joint threshold learning (reverting to grid search) caused an average 1.0% decrease in Hits@1,
demonstrating that learnable parameters optimize decision boundaries in semantic space. More im-
portantly, eliminating the gating mechanism led to a 0.9% performance drop, which can be directly
attributed to the loss of adaptive feature weighting.

Further analysis reveals that in the complete model, the gating values GG; dynamically adjust based
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Table 5: Ablation Study Results

Entity CRN UL HD MC

Model Variant Hits | Hits | MRR | Hits | Hits | MRR | Hits | Hits | MRR | Hits | Hits | MRR
Q1 @10 Q1 Q@10 Q1 @10 Q1 @10

MulF-ELMo-BERT 76.3 | 92.5 | 0.845| 79.1 | 93.2 | 0.883 | 77.5 | 96.8 | 0.872 | 78.2 | 93.7 | 0.894

w/o Joint Threshold 75.1 | 919 | 0.836 | 78.2 | 924 | 0.875 | 76.8 | 96.2 | 0.865 | 77.3 | 93.0 | 0.886

w/o Gating Fusion 74.8 | 92.1 | 0.838 | 785 | 92.8 | 0.879 | 77.0 | 96.5 | 0.868 | 77.8 | 93.4 | 0.890

w/o Both 739 | 91.5 | 0.829 | 776 | 92.1 | 0.871 | 76.2 | 95.9 | 0.861 | 76.9 | 92.8 | 0.884

Note: All performance metrics in this table are the mean values after 5 independent runs with random seeds. The standard
deviation ranges are consistent with those reported in Table 2.

on input characteristics—they are generally higher (favoring ELMo) when processing rare characters
in cultural relic names, and lower (favoring BERT) when handling structured information like histor-
ical dynasties. This intelligent, input-dependent fusion capability represents a significant advantage
unattainable by any single model or fixed fusion strategy. Notably, the simultaneous removal of both
components resulted in a 1.8% performance degradation, exceeding the sum of individual removals
and highlighting the deep coupling between adaptive threshold learning and feature fusion, thereby
validating the overall superiority of our end-to-end joint learning framework.

4.4 Efficiency Analysis

To comprehensively evaluate the practicality of the proposed model, this section conducts an
efficiency analysis of the MulF-ELMo-BERT framework from both theoretical complexity and practical
runtime perspectives.

Theoretical Complexity Analysis: The computational cost of our framework primarily stems from
the forward passes of the ELMo and BERT encoders. Given a sequence length n, the complexity of
ELMo (based on BiLSTM) is O(L. - n?), where L. is the number of LSTM layers. The complexity
of BERT (based on Transformer) is similarly O(L; - n?), where Lj is the number of Transformer
layers. The fusion layer (Multi-Head Attention and Gating) has a complexity of O(n? - d - h), where
d is the embedding dimension and A is the number of attention heads. Since d and h are fixed
constants, the overall training complexity is dominated by the square of the sequence length. However,
during the inference stage, embedding vectors for all entities can be precomputed and indexed offline.
Consequently, the online alignment decision only requires computing the cosine similarity between two
vectors, which has a constant complexity O(1), ensuring the framework’s applicability to large-scale
knowledge bases.

Practical Runtime Comparison: We report the average inference time (milliseconds per entity pair)
on the test set and the parameter count for various baseline models and our model in Table 6. All
experiments were conducted under the same hardware environment (NVIDIA Tesla V100 GPU) with
the same batch size.

Table 6: Model Efficiency Comparison

Model Params (M) Inference Time (ms/pair)
TransE 5.2 1.2+£0.1

GCN 8.7 3.5+0.3

BERT 110.2 15.8+1.2
MulF-ELMo-BERT 125.6 18.3+£1.5

The results in Table 6 indicate that our proposed model has a slightly higher parameter count and
inference time than the pure BERT model, which represents the inherent overhead introduced by the
dual-encoder fusion architecture. In terms of training efficiency, the average time for MulF-ELMo-
BERT to complete one training epoch on the full dataset is 3.2 hours, which remains on the same
order of magnitude as the 2.4 hours required by the BERT baseline. While these computational costs
are moderately increased, the overhead is within an acceptable range, and the significant performance
gains demonstrated in Section 4.3 convincingly establish a favorable trade-off between effectiveness
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and practicality in our framework.

5 Conclusion

To address the challenge of heterogeneous names but isomorphic semantics in entity alignment
across multi-source knowledge bases caused by manual input variations, this paper proposes a gen-
eral joint-embedding framework named MulF-ELMo-BERT. We present an end-to-end joint learning
framework and demonstrate the effectiveness of its core components through ablation studies. The
framework effectively tackles entity alignment challenges in domains with dense specialized terminol-
ogy through multi-dimensional feature fusion and adaptive semantic calibration. Its effectiveness has
been validated specifically in the cultural heritage domain.

The framework integrates multi-dimensional features such as entity names, attributes, summaries,
and full-text content, enabling comprehensive extraction of entity features at four levels: characters,
words, sentences, and paragraphs. It effectively filters out weakly relevant entities and breaks through
the limitations of semantic representation that rely solely on a single feature. Considering the dense
presence of rare characters and specialized terms in cultural relic entity names, the framework incor-
porates the ELMo context-aware word embedding model, which can dynamically adjust the vector
representation of rare words based on their context, significantly enhancing semantic adaptability.
Meanwhile, a Chinese BERT model with an integrated whole-word masking strategy is adopted to
avoid interference from local co-occurrence and strengthen the ability to capture term associations.
More importantly, the framework deeply fuses ELMo embeddings with Chinese BERT model embed-
dings as entity embeddings, effectively compensating for the limitations of single embedding models
in complex semantic representation. Additionally, it improves matching accuracy through adaptive
calibration of cosine similarity using a dynamic threshold determination method, enabling precise
alignment of cultural relic entities.

Experimental results demonstrate that the proposed method can efficiently capture multi-level
semantic features of entities and exhibits excellent performance in cultural relic entity alignment
tasks, providing a feasible solution for entity alignment in cultural relic knowledge fusion.

We indicate that while the method is primarily designed for the cultural relic domain, its technical
framework (e.g., multi-feature fusion, adaptable pre-trained models) demonstrates domain generality.
It can be extended to fields like medicine or geography by employing domain-specific pre-trained
models (e.g., BioBERT, GeoBERT) and adjusting feature weights. However, this study has several
limitations: (1) The method’s effectiveness in the cultural relic domain relies on the quality of domain
texts, and its performance may be limited in domains with scarce annotated data. (2) The current
approach mainly handles Chinese text, and its applicability to cross-lingual entity alignment requires
further validation.

Our future work will focus on the following directions: First, we will explore cross-domain and
cross-lingual generalization. Specifically, we plan to apply our framework to domains with rich ter-
minologies, such as medicine and geography, by leveraging domain-specific pre-trained models (e.g.,
BioBERT, SciBERT) and investigating self-adaptive mechanisms for feature weighting across domains
to validate and enhance the method’s universality. Concurrently, we will construct multilingual cul-
tural relic knowledge datasets and investigate joint embedding strategies that incorporate multilingual
pre-trained models (e.g., XLM-RoBERT4a) to address the challenges of cross-lingual entity alignment.
Secondly, we will commit to the refinement and optimization of the technical approach. To tackle
the challenge in domains with scarce data, future research will focus on few-shot learning and self-
supervised learning strategies to minimize reliance on large-scale annotated data. Furthermore, we
intend to integrate more profound semantic relationship modeling techniques, such as Graph Neural
Networks, to capture the complex associations between entities within knowledge graphs, thereby
further improving alignment accuracy and robustness.
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