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Fig.1 The word length distribution of power words
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Fig. 2 The meta-words distribution of power words

W, Hor Aoy B, aniel 2 iz o iR e P ) St )
3T AR B AT AN & 3 Bz, Al LA 2 4
AR R Z 0 A AE 2~ 4 JEEI, B, X 5 H
SRR A 3 2

2 4 --6- 8 10 12 14 16
LIRS
E 3 BEARAENAKSSE
Fig.3 The word length distribution of common words
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Fig.4 Recognition flow of electric power new words
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Fig5 The distribution difference of information entropy in-
dex Hp between domain words and candidate words
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Fig.6 The distribution difference of adjacent change in-
dex A, between domain words and candidate words
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Fig.7 The distribution difference of point mutual informa-
tion index /, between domain words and candidate words
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Table 1 Words demonstration in power dictionary

A= N S =2 iR Fr5 iR
1 BYIE SN I B W] 29 HEEfNN
2 FHYT || 16 kg A% 30 BfiEfras
3 B || 17 R || 31 CEZas e
4 frE || 18 CRESH || 32 EuisEl
5 TH || 19 IEFBAT || 33 KEERIZHEAL
6 PIE || 20 SUFBHAT || 34 ZLEAUEEG
7 ¥yl 21 RS || 35 WUZEHAR R
8 BH || 22 RETRE || 36 EMFREIIFR
9 HIAAR|| 23 kBE || 37 EWIEIRAL
10 Hbisi || 24 HEUWSME || 38 ZZmEHEIN
1L BURZh|| 25 SIPREREERS | 39 BUERTHE
12 WEhpl|| 26 2EBHORER || 40 RN L
13 WIRHGL || 27 RATEAE
14 R || 28 JritkAAe
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Table 2 Comparison of experimental results with
different electric power words discovery methods

Jrk B WBE/% HEIR/% O F 5k
St 29 865 4.02 40.4 1.62
SI+NF 29 856 4.02 40.4 1.62
SI+GF 24 401 4.8 39.42 1.89
SI+NF+GF 22 670 5.14 39.19 2.01
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Table 3 Quantitative changing of electric
power words with experiments

AbHE T 3 ok in g A drhia
WohEnasd 1.57x107 2973
ZEREEAIE 6.46%10° 2758
i BaE g 29 865 1201
eyt ug 29 856 1201
HERME 22670 1165

x4 BAHEEAZLEFIXTEE
Table 4 Comparison of proportions of
electric power word candidates %

Jrik o i b i L

SI 100.0 100.0
SI+NF 100.0 100.0
SI+GF 81.7 87.6

SI+NF+GF 75.9 97.0
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Fig.8 Comparison of proportions of candidate
words under 4 indicators
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An unsupervised approach to recognizing new words in power domain
ZHU Tingting' , DU Yifan', LI Ruifan"*, XIONG Yongping’

(1. School of Artifical Intelligence , Beijing University of Posts and Telecommunications , Beijing 100876, China;

2. Engineering Research Center of Information Networks, Ministry of Education, Beijing 100876, China;

3. School of Computer Science,Beijing University of Posts and Telecommunications, Beijing 100876, China)

Abstract : The terminology word recognition in power domain lays the foundation for a profound language understanding of power

documents and the intelligent knowledge graph construction. By incorporating the morphology of the power domain vocabulary,

an unsupervised approach to recognizing new terminology words in documents is proposed. Firstly, the common dictionary is

used to segment the corpus. Then segmented words are combined with terminology feature-based sliding window of different sizes

constituting candidate words. Furthermore, four statistics including accessor variety, information entropy, point-wise mutual

information,and word frequency are computed. Finally, based on the linguistics statistics and three types of word-formation

grammatical rules,those words are screened generating the last electric new words. Experimental results on a public dataset

demonstrate the effectiveness of our proposed method.

Keywords : domain dictionary ; unsupervised learning;new word recognition ; sliding window ; statistical features
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