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Emerging Topic Detection Using Text Embedding and
Anomaly Pattern Detection in Text Streaming Data

Semok, ChoiT, Cheong Hee Park’’

ABSTRACT

Detection of an anomaly pattern deviating normal data distribution in streaming data is an important
technique in many application areas. In this paper, a method for detection of an newly emerging pattern
in text streaming data which is an ordered sequence of texts is proposed based on text embedding and
anomaly pattern detection. Using text embedding methods such as BOW(Bag Of Words), Word2Vec,
and BERT, the detection performance of the proposed method is compared. Experimental results show

that anomaly pattern detection using BERT embedding gave an average F1 value of 0.85 and the F1

value of 1 in three cases among five test cases.
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3.1 BOW(Bag Of Words)
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Fig. 1. The structure of skip—gram model,
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outlier detectionmethod | 0,1.0,0,..,0,0,1,0,0,0,0,1,1,..,1,1,1 .o,

(0,1,0,0,..,0,0,1,0,0,0,0,0,1,..,0,41,1,1,1,1,...}.....

reference window detection window

-_—— =

delay

The actual anomaly pattern  prediction of
occurrence point anomaly pattern

Fig. 2. Anomaly pattern detection in streaming data[3].
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Hidden Size 768 W7kA BBC 2 QAo EdA T4 7)o 71e g
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Table 2, A performance comparison when one category is set as a new emerging topic

FSD Text embedding model
New category BOW Word2Vec BERT

F1 delay F1 delay F1 delay F1 delay

Business 0.89 92.5 0.57 146 0.89 101.2 1 111

Entertainment 0.95 137.8 0.46 224.3 0.82 114.9 1 80.7
Politics 0.89 156.4 0 - 0 - 0.57 178.8

Sport 0.89 36.8 0 - 0.95 107.8 1 65.1
Tech 0.75 99.7 0.18 302 0.33 129.5 0.67 127.6
Average 0.87 104.6 0.24 224.1 0.60 113.3 0.85 112.6
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Table 3. A performance comparison when two categories are set as new emerging topics
Text embedding model
New category BOW Word2Vec BERT
F1 delay F1 delay F1 delay
Business+Entertainment 0.89 134.1 0.89 62.5 1 37.7
Entertainment+Politics 0.57 220.5 0.95 142.2 0.95 59.9
Politics+Tech 0 - 0.33 89.5 0.82 93.6
Sport+Tech 0.46 162.7 0.95 71.1 0.89 36.6
Average 0.48 1724 0.78 91.3 0.92 57.0
Business 3 Politics
gol [——no. of clustars: 20|
= no. of clusters: 40
081 08 == no. of clusters: 60
0.7
0.5
L 05
0.4
0.3

=& no. of clusters: 20
02k == no. of clusters: 40
=8 no. of clusters: 60

80 80 100 120
window size

(a)

80 80 100 120
window size

(b)

Fig. 3. Performance comparison when different parameter values were used. (a) Business category was set as a
newly emerging topic (b) Politics category was set as a newly emerging topic,
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S S
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=
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Fig. 4. Dimension reduction by PCA after BERT embedding (a) visualization for categories of business, entertainment,

sport (b) visualization of five categories,
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