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Domain-adaptive Entity Resolution Algorithm Based on Semi-supervised Learning

DAI Chaofan and DING Huahua

National Key Laboratory of Information Systems Engineering, National University of Defense Technology,Changsha 410073, China

Abstract Entity resolution is a fundamental task in many natural language processing tasks,which aims to find out whether two
data entities refer to the same entity. Existing deep learning-based solutions for entity resolution typically require a large amount
of annotated data,even when pre-trained language models are used for training. Obtaining such annotated data is challenging in
real-world scenarios. To address this issue,a domain-adaptive entity resolution model based on semi-supervised learning is pro-
posed. First,a classifier is trained on the source domain,and then domain adaptation is used to reduce the distributional difference
between the source and target domains. Soft pseudo-labels from the augmented target domain are then added to the source domain
for iterative training,enabling knowledge transfer from the source to the target domain. Comparison and ablation experiments are
performed on 13 datasets from various domains. The results show that.compared to unsupervised baseline models. the proposed
model achieves an average F1 score improvement of 2. 84%,9.16% ,and 7. 1% across multiple datasets. Compared to supervised
baseline models.it achieves comparable performance with only 20% to 40% of the labels required. Ablation experiments further
demonstrate the effectiveness of the proposed model,and better entity resolution results can be obtained in general(The relevant
code is available" ).

Keywords Entity resolution, Domain adaptation, Pseudo-labels,Pre-trained language model,Data augmentation
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Table 1 Datasets of entity resolution

#pE G LR EEA(TER)  JEY
Walmart-Amazon(WA) i 10242 962 5
Abt-Buy(AB) T 9575 1028 3
DBLP-Scholar(DS) 5| X 28707 5347 4
DBLP-ACM(DA) 5| X 12363 2220 4
Fodors-Zagats(FZ) Bl 946 110 6
Zomato-Yelp(ZY) B 894 214 3
iTunes-Amazon(IA) EE 532 132 8
RottenTomatoes-IMDB(RI) L 600 190 3
Books2(B2) B AR 394 92 9
WDC-Computers(CO) T 1100 300 2
WDC-Cameras(CA) & 1100 300 2
WDC-Watches(WT) H 1100 300 2
WDC-Shoes(SH) & 1100 300 2
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Table 2 Results comparison between SSDAER and DADER-MMD
Datasets Similar domains Different domain
Source WA AB DS DA 7Y FZ RI RI 1A 1A B2 B2
Target AB WA DA DS FZ 7Y AB WA DA DS FZ 7Y
SSDAER 76.6 66. 3 97.2 91.8 94.1 79.1 40.2 45.6 94.5 90.8 81.3 96.8
DADER-MMD 72.6 71.10 97.2 91.5 92.2 64.5 43.6 41.5 94.5 86.9 73.0 91.5
AF1 4.0 —4.8 0 0.3 1.9 14.6 —3.5 4.1 0 3.9 8.3 5.3
mo_oggme o weqm 150 F 35055 Ditto 4% 1 HERE.
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Fig. 5 Performance comparison between SSDAER,DAEM

and ZeroER
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Table 3 Performance comparison of each module

Datasets Similar domains Different domain

Source WA AB DS DA 7Y FZ RI RI 1A 1A B2 B2
Target AB WA DA DS FZ 7Y AB WA DA DS FZ 7Y
NoDA 67.4 53.1 96.0 86. 4 91.2 72.7 12.4 9.2 92.4 88.2 39.2 60. 4
DAER 77.0 64.7 97.1 92.2 93.7 66.0 33.8 39.5 92.5 89.4 50. 6 91.2
NoMix 76.9 66. 2 97.0 92.7 93.6 77.8 38.0 45.2 94.1 89.9 49.4 96.0

SSDAER 76.6 66.3 97.2 91.8 94.1 79.1 40.2 45.6 94.5 90.8 81.3 96.8
AL F1 9.7 11.7 1.2 5.8 2.5 —6.7 21.5 30.3 0.1 1.2 11.4 30.9
Ay F1 —0.4 1.6 0.0 —0.4 0.3 13.1 6.4 6.2 2.1 1.4 30.8 5.5
A3 F1 —0.3 0.1 0.2 —0.9 0.4 1.3 2.2 0.5 0.4 0.9 31.9 0.8
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Table 4 Performance comparison of each module in different categories of domains

Source cO __WT __CA __WT __SH __WT __ cO  sH CA __ SH CO  CA

Datasets Target WT _CO WT _CA _WT  SH SH co CA WT CA O
NoDA 8.1 80.3 81.3 87.2 858 73.9 68.7 83.7 69.5 8.7 8.9 813

DAER 83.2  86.6  86.7 87.0  80.0  76.9  76.7  83.2  63.6  86.9  85.4  86.9
NoMix 79.3  86.7  87.4  86.7 844 77.2  77.2  86.7  69.1 879  86.7  87.4
SSDAER 87.1 86,9 87.3 8.1 836 77.0 77.7  86.4  68.2 87.3  87.2  88.1

AL FI —0.9 63 55 —0.1 —58 30 81 —0.6 —60 53 05 56

A, F1 4.0 0.2 0.5 1.0 3.6 0.1 1.0 3.3 4.6 0.4 1.8 1.3

AsF1 7.9 0.2 —0.2 1.4 —0.8 —0.2 0.5 —0.3 —0.9 —0.6 0.5 0.7
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Fig. 7 SSDAER:distribution of source domain and target domain
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