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Abstract

Social networks, such as Weibo and Twitter, have become important platforms where billions of
individuals follow events. People not only concern about what happened, but also pay more atten-
tion to how the event gradually progresses. Therefore, it is crucial to monitor the development of
events in social networks. There are some research mining event evolutions in news articles and
short texts (texts in social networks). Methods designed for news articles cannot be directly ap-
plied to social network due to the fact that short texts are more ill-formed and shorter than news
articles. Some methods that apply to short texts do not take into account semantic information,
and some cannot discover evolution of long-term spanning events, especially intermittent events.
In light of this, we propose a non-parametric method to discover event evolution (storylines).
Firstly, a bayesian model is used to measure semantic correlation of short texts. Secondly, an em-
bedded representation-based algorithm is used to generate storylines for long-term and short-term
events. We further use dirichlet process to automatically learn an appropriate number of topics. In
comparison with other methods, detailed experimental results on three manually labeled data
sets demonstrate the effectiveness of our method.
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Figure 1. PGM of BTM and BTMDP
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Table 2. The example that some subevents are closer than others in a storyline
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Table 3. Annotation statistics

= 3. iREst

FR MR A TR [BESRIE =3
I ] Bt DS11 M 2016 4 6 HFI 2016 4 8 AFRIEN 416 AT F4F
o DS21 BTGB 22 2 BEARIE R 97 AT AT
i D$22 ST SRR B TR 85 4T 900

SR IERRBAT I E R
4.2.1. IR ER

E=AME TR, PR E . RS E T ER A C(|C|=L) - T HEA
WERETEBOI M (M| =T) . —BRIF, T=M . BAVGTEAEFERHR NS Kl s
WG4 C RIA BRI T 4 M, AR I — AR AL R (confusion matrix) CM. CM (I,1) /& B
64T Co R U 1T M, AS SR 3E, B CM (1,8) = |C, A M| SFHTBARERFE T €, e €, BAIH top, (C,)
TR RS 4 5 R R top-k AN, AT R4 T HER R A A [

~ ZIL:JC, Ntop, (C,)|

Precision; = 7
Zz:1|t0p1< (C, )| (14)
R _ZIL:JC,ﬂtopK (C,)|
ecall, = 7
21:||Cl|

Hort, G Fm—MREMER T . op, (C) B LM 1R SIRE ST C ZERKI top-k
RFE T o | [k, BIEERGTHITTR N NFoREECE. THEHERRM A BN, EA1E K=2.

4.2.2. 3L E
AT T (BTMDP + LineGen) & 4t BTMDP 2% 3] TR 5 845 0, BI Y7 4F A4 il i N 3R

Ne RIE, FATMTTIEH LineGen A2 UG 1. AT Ee 50 R Bis :

e DBSCAN: i%Jj7%H DBSCAN X FHAFRE ., —MERA—ABEHEETT.
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Figure 2. Experimental result in three storyline sets
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