EOR I R S B PN Vol.51 No.4
2022 %7 H Journal of University of Electronic Science and Technology of China Jul. 2022

,

ETREBSRMERLIZE NRANGE

- 0E12 /, r O-h1,2,3%
% X V=T 'f//?}ﬁr& Xé:/
(1. b3S BRHR M S SO S B e AL T B i seie s Jhnt #FH X

2. JbmfE BRSO LR AR SR IX
3. AbHUE SRR KRB e R T Abat I IX

100101;
1001013

100101)

[BEIRE T —FETEERBARMEMEGAIMBARAN T, G4, ETHKEFEGEME, FIA
ROBERTa A& #EATHE LR g o0 £, #—FRIE 44 R oAt RAIBAFL B AN F 2k S A4 4E; BB R A single-pass #AT
WK, M SAME,; sl b, 2% T £ GONILAEA! L3 0 Attention ALl 49 A-GCNII AEA!, @ HITH P LK
PERFAEAAL X WML T B — A TR P % RS MBIERANAEINBA, EEZIRAMITEIE E LR IT3T b £3 ey 2 R AR,
Z T R AR R A M HOR B3 R IR AT,

X # iR EEANG; O FER AR,

FESES TP391 XEkFRERS A

Mgk 3 FRIAFAE;,  AEALEA
doi:10.12178/1001-0548.2021280

Social Bot Identify Method Based on Deep Graph
Convolutional Network

MAO Wengqing"* and XU Yabin"**"
(1. Beijing Key Laboratory of Internet Culture and Digital Dissemination Research, Beijing Information
Science & Technology University ~Chaoyang Beijing 100101;
2. School of Computer, Beijing Information Science & Technology University Chaoyang Beijing 100101;
3. Big Data Security Technology Research Institute, Beijing Information Science & Technology University Chaoyang Beijing 100101)

Abstract This paper presents a method of social robot recognition. This method extracts the characteristics
of account sentiment diversity and uses the ROBERTa (robustly optimized BERT pretraining approach) model to
classify the sentiment of blog posts. At the same time, the single-pass method is used to cluster blog posts and
construct blog similarity graph. On this basis, attention-GCNII (A-GCNII) model, which adds Attention
mechanism on the basis of graph convolutional network via initial residual and identity mapping (GCNII) model, is
proposed to identify social robots by capturing user metadata features and user relationship structure features under
the same topic in social networks. The results of comparative experiments on real Sina Weibo datasets show that
our proposed method performs well in recognition accuracy and recognition effect.
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