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Abstract:
Cross-domain knowledge extraction is a relevant language processing research goal that aims to extract
entities and relations from unstructured texts from different domains to help build knowledge graphs and
aid in comprehension. However, traditional models face challenges of data distribution differences and
semantic migration in cross-domain scenarios, resulting in insufficient generalization ability. This paper
proposes a cross-domain knowledge extraction model based on an improved Transformer. By
introducing domain adaptation modules, dynamic feature alignment mechanisms, and knowledge
enhancement modules, it achieves effective modeling and migration of data from different domains.
Experimental results show that the performance of this model on multiple datasets such as SemEval-
2010 Task-8 is better than that of existing mainstream methods, especially in indicators such as ACC,
AUC, F1, and Recall. In addition, this paper also verifies the contribution of each module to the model
performance through ablation experiments, providing a new technical route and theoretical support for
cross-domain knowledge extraction tasks. In the future, this study will be extended to multimodal data
and larger-scale knowledge extraction scenarios to further promote the development of this field.
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1. Introduction
In the information age, the acquisition and expression of knowledge have become the core link driving
the development of artificial intelligence technology. In the development of automatic question-
answering engines, the knowledge graph which contains entities, relationships, and attributes is a critical
factor. Such a graph can be obtained through knowledge extraction, which aims to convert unstructured
data into a structured format. In simpler terms, knowledge extraction focuses on extracting information
from data [1,2]. However, traditional knowledge extraction methods face severe challenges in cross-
domain scenarios: the differences in data distribution, semantic characteristics and grammatical structures
in different fields often lead to a decrease in the generalization ability of the model. Especially when
domain data is scarce or the demand for domain migration is high, existing models are difficult to adapt
to diverse scenario requirements. To this end, it is particularly important to study an efficient and robust
cross-domain knowledge extraction method [3].
In recent years, the Transformer architecture has made significant breakthroughs in the field of natural
language processing due to its powerful modeling capabilities. As a deep learning model based on the
self-attention mechanism, Transformer can capture global semantic information and show superior
performance in sequence modeling tasks. In particular, with the introduction of pre-trained language
models such as BERT and RoBERTa, the performance of knowledge extraction tasks has been greatly
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improved. However, the traditional Transformer model still has some limitations when dealing with
cross-domain knowledge extraction tasks. For example, the native Transformer has low sensitivity to
domain-specific features and is difficult to accurately model the target domain. In addition, since cross-
domain tasks often require processing a large amount of heterogeneous data, existing models are prone to
overfitting or insufficient generalization when facing uneven data distribution or semantic migration
between domains [4].
To address the above problems, this paper proposes a cross-domain knowledge extraction model based on
an improved Transformer. This model effectively improves the model's perception of features in different
domains by introducing a domain adaptation module and a dynamic feature alignment mechanism. At the
same time, combined with the contrastive learning method, we designed a new pre-training and fine-
tuning strategy to maximize the potential correlation of cross-domain data and alleviate the performance
bottleneck caused by domain differences. In addition, in order to further improve the adaptability of the
model in small sample domains, we introduced a knowledge enhancement module based on the attention
mechanism to mine domain knowledge from existing knowledge graphs, thereby enhancing the model's
extraction ability. These improvements not only significantly improve the cross-domain robustness of the
model, but also provide new ideas and directions for knowledge extraction tasks [5].
The research in this paper is of great significance in multiple practical application scenarios. First, in the
construction of knowledge graphs, cross-domain knowledge extraction models can effectively deal with
the integration and modeling problems of multi-source heterogeneous data, thereby improving the
coverage and accuracy of knowledge graphs. Secondly, in intelligent question-answering systems,
models can better understand user needs in different fields and provide support for accurate question-
answering. In addition, cross-domain knowledge extraction technology can also be applied to high-value
fields such as medicine and finance [6]. For example, by extracting drug-disease relationships from
medical literature, assisting disease diagnosis and drug development; or by extracting key entities and
relationships from financial reports, supporting risk assessment and investment decisions. Therefore,
studying a cross-domain knowledge extraction method with superior performance is not only of
theoretical value but also has broad practical application prospects.
The contributions of this paper are mainly reflected in the following aspects: First, a domain adaptation
module and a dynamic feature alignment mechanism are designed to effectively improve the model's
ability to adapt to domain differences. This module solves the distribution differences between different
domains by aligning the features of the source domain and the target domain data, thereby enhancing the
performance of the model in different domain tasks. Secondly, this paper proposes a new training
framework combined with the contrastive learning method. The contrastive learning strategy enhances
the generalization ability of the model, enabling it to better cope with unknown domain data in cross-
domain tasks, and improves the cross-domain adaptability and stability of the model.
Finally, this paper introduces a knowledge enhancement module to further improve the feature extraction
ability of the model in the case of small sample data. This module effectively improves the performance
of the model when the sample is insufficient by integrating external knowledge or using a small amount
of labeled data for training. Experimental results show that the proposed method outperforms the existing
mainstream models on multiple cross-domain datasets, especially in knowledge extraction tasks. These
research results are of great significance to the research and practical application of various knowledge
extraction activities and can provide effective solutions to solve problems in cross-domain learning.
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2. Related Work
The research in knowledge extraction is split into core segments such as entity extraction, relationship
extraction along with attribute extraction which are then refined using natural language processing
techniques. The design of templates for relationships and entities to be featured is done and these
segments are then run on a mix of CRF and SVM which are the learning models. So, these feature
engineering processes are essentially dependent on manual input. These methods can achieve good
results in specific fields, but they are highly dependent on domain knowledge and feature engineering,
making them difficult to adapt to cross-domain application scenarios. In addition, although rule-driven
knowledge extraction methods have a certain flexibility, their development costs are high and they show
obvious limitations when processing unstructured corpora [7].
Along with the deepening of deep learning technology, knowledge extraction methods based on neural
networks have gradually become a research hotspot. In recent years, RNNs, CNNs [8], and models based
on attention mechanisms [9] have been widely used in knowledge extraction tasks. In particular, the
introduction of the Transformer architecture has significantly improved the ability of sequence modeling
and provided new technical means for knowledge extraction tasks. Transformer-based pre-training
models (such as BERT, RoBERTa, and GPT) greatly enhance the ability to model contextual semantics
through unsupervised pre-training on large-scale corpora [10-11]. However, these models usually rely on
pre-training data in a single domain, lack generalization capabilities for cross-domain scenarios, and are
prone to semantic drift and information loss during domain migration [12].
Domain adaptive pre-training effectively alleviates the semantic difference problem in the process of
domain transfer by further fine-tuning the pre-trained model on the target domain data [13]. This method
can help the model better adapt to the data distribution of the target domain in cross-domain tasks and
reduce the difference between the source and target domains. At the same time, the adversarial training
method enhances the robustness of the model during training by generating adversarial samples,
improves its resistance to perturbations, and thus improves the stability and generalization ability of the
model. The multi-task learning framework enhances the model's ability to capture domain-specific
features by jointly optimizing the loss functions of related tasks, enabling it to more comprehensively
understand the characteristics of the target domain. Although these methods have made progress in some
aspects, there are still certain performance bottlenecks when facing uneven data distribution and small
sample data, and their ability to mine domain-specific knowledge is limited.
Therefore, studying a cross-domain knowledge extraction model that can take into account both domain
adaptability and generalization ability is still an important research direction in the current field. The
model not only needs to maintain good performance when migrating between domains but also has
sufficient ability to mine domain-specific knowledge to cope with complex and challenging cross-domain
tasks. With the diversification of data distribution and the limitation of sample size, how to improve the
performance of the model in the case of small sample data and further mine domain-specific information
remains a key issue that needs to be solved urgently.

3. Method

This paper proposes an improved Transformer-based cross-domain knowledge extraction model to
effectively cope with the challenges brought about by the difference in data distribution and semantic
migration in cross-domain knowledge extraction. It enhances robustness and generalization capability in
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cross-domain scenes through the introduction of domain adaptation modules, dynamic feature alignment
mechanisms, and knowledge enhancement modules. The architecture is as follows: Figure 1.

Figure 1. Overall model architecture

First, this paper introduces a domain adaptation module based on Transformer to capture the differences
in feature distribution between different domains. Assume that the source domain data is
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Through this adversarial training, the domain discriminator D is continuously optimized to distinguish
the feature distributions of the source domain and the target domain, while the feature extractor f is
optimized to generate domain-invariant features that confuse the domain discriminator, thereby achieving
domain adaptation.
This paper designs a dynamic feature alignment mechanism to further align features between the source
and target domains. Since the data distribution in cross-domain tasks is usually specific, there are often
differences in the feature distribution between the source and target domains, which poses a challenge to
the transfer learning and generalization capabilities of the model. Therefore, this paper proposes to use
the maximum mean difference (MMD) calculation method to measure the difference in feature
distribution between the source and target domains. By calculating the MMD value between the two
domains, their distribution differences in the feature space can be quantitatively evaluated, thereby
providing guidance for subsequent feature alignment and model training.
MMD is defined as follows: The difference between two probability distributions is measured by the
maximum mean difference method. This method calculates the mean difference between the source and
target domains in the feature space, thereby effectively quantifying the distribution difference between
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the domains. The advantage of this method is that it can capture the potential differences between data in
different domains, and further reduce these differences by dynamically adjusting the features, thereby
improving the adaptability of the model in cross-domain tasks. In this way, the model can better
understand the data distribution in the target domain, and on this basis, perform more accurate feature
extraction and prediction.
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Where )( represents the kernel function mapped to the feature space. By minimizing the MMD loss
mmdL during model training, the distribution difference between the source domain and target domain

features can be further reduced, thereby improving the cross-domain generalization ability of the model.
Finally, this paper introduces a knowledge enhancement module based on the attention mechanism to
improve the knowledge extraction performance by using the domain knowledge graph. Let the
knowledge graph be represented as ),( RG  , where  is the entity set and R is the relationship set.
For the feature representation ],...,,[ 21 nhhhH  of the input text, the attention mechanism is used to
calculate its relevance weight with the knowledge graph entity:
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Where je is the entity embedding representation, and ji , is the attention weight of feature ih and
entity je . The feature representation after knowledge enhancement is obtained by weighted summation:
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This module effectively integrates external knowledge information and enhances the model's adaptability
to knowledge extraction tasks in small sample scenarios.
The total loss function of this paper is composed of classification loss, adversarial loss, MMD loss and
knowledge enhancement loss:

kemmdadvcls LLLLL 321  

Among them, 1 , 2 , and 3 are hyperparameters that control the weights of each loss term. By
jointly optimizing the above loss functions, the model can achieve efficient knowledge extraction
between the source domain and the target domain.

4. Experiment
4.1 Datasets
In this paper, the experimental dataset used is SemEval-2010 Task-8. As one of the most classic datasets
in relation to extraction tasks, it has been widely used to evaluate the performance of knowledge
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extraction models. The dataset involves 9 directed relations, including "Cause-Effect", "Instrument-
Agency", etc., and 1 unrelated label "Other" with a total of 8,000 training samples and 2,717 test samples
in all. Each sample is a pair of entities and their contexts; the entities are identified by clear annotations,
and the data possesses significant structured semantic features.
The significant advantage of this dataset is that it covers a wealth of semantic relations and can simulate
complex relation extraction tasks in different fields. In addition, the distribution of relations in the dataset
is relatively balanced, which provides a good foundation for the comprehensive evaluation of the model.
In the experiment, the model needs to correctly identify the semantic relations of entity pairs from the
input sentences, such as identifying the "Cause-Effect" relation from the sentence "The burst caused
severe damage to the pump", which provides an effective means to evaluate the model's understanding
ability at the semantic level.
In order to verify the model's cross-domain generalization ability, this paper divides the SemEval dataset
into domains. Specifically, sentences with high similarity to the target domain are randomly removed
from the training set to ensure that the model is not exposed to corpora in certain specific domains during
training. The target domain consists of corpora with specific topics, such as science and technology,
medicine, or finance, to simulate the differences in data distribution in real scenarios. In this way, this
paper constructs an experimental scenario for cross-domain knowledge extraction, providing a solid
foundation for a comprehensive evaluation of model performance.
4.2 Experimental Results
In order to verify the effectiveness of the model proposed in this paper for cross-domain knowledge
extraction tasks, we designed a series of comparative experiments to compare the improved Transformer
model with current mainstream knowledge extraction methods. Comparative models include those based
on traditional feature engineering methods, such as CRF, classic deep learning methods, such as
BiLSTM+CRF, and those based on pre-trained language models, such as BERT+classifier. The
experiments were conducted under the same dataset and experimental settings in order to ensure the
fairness and comparability of the results. These comparative experiments are used to evaluate the
performance advantages of the model in this paper in complex cross-domain scenarios. The
experimental results are as shown in Table 1.

Table 1. Experimental Results
Model ACC AUC F1 Recall
CRF 76.2% 80.1% 72.8% 69.5%
BILSTM+CRF 82.4% 85.6% 78.5% 75.8%
Transformer 85.1% 88.3% 81.7% 79.2%
BERT 88.7% 91.2% 85.3% 83.1%
Ours 91.5% 94.1% 88.9% 87.2%

From the experimental results, it can be seen that there are significant differences in the performance of
different models in the knowledge extraction task. The traditional CRF model has low performance in
ACC, AUC, F1, and Recall indicators, which are 76.2%, 80.1%, 72.8%, and 69.5% respectively,
indicating that its method relying on manual feature design is difficult to effectively handle complex
semantic relations, especially in cross-domain scenarios.
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The BiLSTM+CRF model based on deep learning shows significant advantages over the traditional CRF
model, especially in the AUC and F1 indicators, which are improved by 5.5% and 5.7% respectively.
This result shows that deep neural networks, especially the BiLSTM architecture, can better capture
contextual information, thereby effectively improving the accuracy of relation extraction. BiLSTM can
comprehensively model the context in the input sequence through the design of a bidirectional long short-
term memory network, thereby obtaining more contextual information and improving the performance of
the model. However, although the BiLSTM+CRF model has improved in multiple indicators, it still faces
the problem of not being able to fully capture local features, especially when dealing with tasks that
require fine-grained features. In addition, the model's generalization ability on cross-domain corpora is
still limited, which indicates that the performance of the BiLSTM+CRF model may not be as expected
when facing changes in different domains or data distribution. Therefore, although the model has shown
strong capabilities in relation to extraction tasks, it still needs to be further optimized in terms of local
feature capture and cross-domain adaptability.
In contrast, Transformer-based models (including the improved version of BERT and the model proposed
in this paper) outperform traditional methods and BiLSTM+CRF in all indicators. Among them, the
improved Transformer model proposed in this paper achieved 91.5%, 94.1%, 88.9%, and 87.2% in ACC,
AUC, F1, and Recall respectively, which is significantly better than other methods. This shows that the
proposed method successfully alleviates the problem of data distribution differences in cross-domain
scenarios through domain adaptation and knowledge enhancement mechanisms, and significantly
improves the generalization ability and robustness of the model. In order to further verify the contribution
of each module in the model for the overall performance, an ablation experiment is designed to verify the
effect of key modules (including domain adaptation module, dynamic feature alignment mechanism, and
knowledge enhancement module) in the model by gradually removing them. All the ablation experiments
were conducted on the same dataset with the same experimental setting to guarantee the reliability and
fairness of the results. It is straightforward to reveal the contribution of each module to improving the
model performance by comparing the performance difference between the complete model and each
ablation version. Experimental results are reported as shown in Table 2.

Table 2. Ablation experiment

From the experimental results, it can be seen that the various indicators of the full model are better than
the version without any module, among which ACC, AUC, F1, and Recall reached 91.5%, 94.1%, 88.9%,
and 87.2% respectively. This shows that the model proposed in this paper effectively improves the
performance of cross-domain knowledge extraction tasks by integrating the synergy of multiple modules,
and verifies the rationality and effectiveness of the model design. After removing the domain adaptation
module, the performance of the model dropped significantly, especially in the recall index, which
dropped from 87.2% to 84.3%. This change shows that the domain adaptation module plays a vital role in

Model ACC AUC F1 Recall

Full Model (Ours) 91.5% 94.1% 88.9% 87.2%

Without Domain Adaptation 89.2% 91.8% 86.1% 84.3%

Without Dynamic Feature Alignmen 88.7% 91.3% 85.6% 83.8%

Without Knowledge Enhancement 87.9% 90.7% 84.8% 82.5%
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alleviating the differences in data distribution between different domains and improving the
generalization ability of the model. Without the support of this module, the model cannot effectively
adjust its feature extraction and learning strategies when facing data from different domains, resulting in a
decline in performance. In addition, the decline in AUC and F1 indicators further shows that in cross-
domain scenarios, the model's ability to capture semantic migration between domains is significantly
weakened. This result highlights the importance of the domain adaptation module in cross-domain tasks.
It not only helps the model adapt to new domains but also ensures its stability and accuracy under
different data distributions. Therefore, after removing the domain adaptation module, the performance of
the model when processing cross-domain data has dropped significantly, verifying the key role of this
module in improving the model's migration and adaptability.
After removing the dynamic feature alignment mechanism and the knowledge enhancement module, the
model performance further declined, especially the version without the knowledge enhancement module,
with F1 and Recall dropping to 84.8% and 82.5% respectively. This shows that the knowledge
enhancement module provides additional semantic information support through the external knowledge
graph, which plays a significant role in the extraction task in the small sample scenario. Similarly, the
dynamic feature alignment mechanism also plays an important role in balancing the feature distribution
and semantic alignment and is an important component for improving the stability of the model. Overall,
each module plays an indispensable role in improving the overall performance of the model. In addition,
this paper also gives a graph of the loss function drop during training, as shown in Figure 2.

.
Figure 2. Training loss function decline graph

It can be seen from the figure that the loss value of the training set and the test set obviously shows a
downward trend with the increase of the number of rounds of training, which indicates that during the
training process, the model has learned the characteristics of the data step by step, and approached a
lower and more stable position from the high loss value at the beginning, reflecting the convergence
process of the model.
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In the early stage of training (about the first 10 rounds), the loss values of the training set and the test set
decreased significantly, indicating that the model quickly learned the main patterns in the data in the early
stage. However, after the number of training rounds increased to 10 rounds, the rate of decline of the loss
value slowed down significantly and gradually stabilized. This shows that the model has been close to
convergence in the later learning process, and there is limited room for further optimization. In addition,
the loss values of the training set and the test set are relatively close in the whole process, especially in
the later stage; they almost coincide, which shows that there is no obvious overfitting phenomenon of the
model in the training process. It shows that the model has strong generalization ability and can keep a low
loss value on the test set well, which is a very stable performance model. In general, the training and
testing effects of the model are good, with stable convergence and good generalization ability.

5. Conclusion
In this paper, the authors propose an improved Transformer-based cross-domain knowledge extraction
model for solving the deficiencies of traditional models in semantic migration and inconsistent feature
distribution between domains. With the introduction of the domain adaptation module, dynamic feature
alignment mechanism, and knowledge enhancement module, the model performs well in various
experimental scenarios, especially in cross-domain tasks. It can be seen from the experimental results that,
compared with the current mainstream methods, the proposed model significantly outperforms ACC,
AUC, F1, and Recall, which thoroughly demonstrates the effectiveness and practicality of the proposed
method.
The contribution of this study is mainly reflected in three aspects: first, the domain adaptation module
effectively alleviates the distribution difference problem between domains through adversarial training;
second, the dynamic feature alignment mechanism realizes smooth migration of feature space through
maximum mean difference (MMD), thereby improving the cross-domain performance of the model;
finally, the knowledge enhancement module further improves the knowledge extraction ability of the
model in small sample scenarios by integrating domain knowledge graphs. These innovations provide
new solutions and theoretical support for knowledge extraction tasks, especially complex cross-domain
scenarios.
Although the proposed method has achieved remarkable results in multiple experimental scenarios, there
are still some directions worthy of further research. For example, how to further improve the efficiency of
the model on a larger scale of heterogeneous data, and how to more effectively combine multimodal data
(such as text and images) to achieve more comprehensive knowledge extraction are issues that can be
focused on in future research. In addition, the complexity of semantic migration between domains also
suggests that we need more refined feature modeling methods to further improve the robustness of the
model.
Looking to the future, cross-domain knowledge extraction models have broad potential in practical
applications, such as building large-scale knowledge graphs, intelligent question-answering systems, and
multi-domain text analysis tasks. With the rapid development of artificial intelligence technology,
combined with more advanced pre-trained language models, graph neural networks, and contrastive
learning methods, the advancement of knowledge extraction technology will be further promoted. We
believe that through continuous research and exploration, the field of knowledge extraction will make
greater breakthroughs in responding to more complex scenarios and practical needs.
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