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Survey of Domain Adaptive Methods with Knowledge Integrating

CUI Fuwei' , WU Xuanxuan®’,CHEN Yufeng®,LIU Jian® and XU Jin’an®
1 School of Electronic Information Engineering, Beijing Jiaotong University, Beijing 100044 , China

2 School of Computer and Information Technology.Beijing Jiaotong University . Beijing 100044 , China

Abstract When training a data-driven model,it is often assumed that the data distribution of the source domain and the target
domain are the same. However,in the natural scenario,this assumption is usually not tenable.and it is easy to cause poor generali-
zation ability of the model. Domain adaptation is a method proposed to improve the generalization ability of the model. It aligns
the data distribution of the source domain and the target domain by learning the data characteristics of the two domains,so that
the model trained in the source domain data can also perform well in the target domain with a small number of data labels or with-
out data labels. In order to further improve the generalization ability of the model, existing researches have explored the know-
ledge integrating into domain adaptive methods, which has high practical value. Firstly, we summarizes the development back-
ground of domain adaptive methods with knowledge integrating and the research status of related reviews. Then, the problem defi-
nition and theoretical basis of domain adaptation are introduced. After that,a classification system of domain adaptive methods
with knowledge integrating is presented.and some representative methods are summarized. Finally, through the analysis of the
challenging problems in this field, the future research directions of domain adaptive methods with knowledge integrating are pre-
dicted,in the hope of providing some reference for related research.

Keywords Generalization ability, Domain adaptation, Knowledge integrating, Classification system
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