http://www.cnki.net/kems/detail/11.2442.N.20150929.1300.004.html

JERT R (H AR =)
Acta Scientiarum Naturalium Universitatis Pekinensis
doi: 10.13209/j.0479-8023.2016.024

He T PMI CE S 3 il e BRS040
Ryt

HEHE FpX’ TR AW R

PEZEMR L R, P4 710121 t i@ {5 {E#, E-mail: lixg@xupt.edu.cn

=1}

FEE AR B AR RR I T i . %7 A AR L (PM I B 1 ——PMI B3k 55 /0 A )
LA, INKBELER A 3R] 2~n TEMZE8HR (n R & BB HTR B KK BE, o IURIE = 248 @), 3T 257
MB (4 E BEG IR E R S0, 2 PMIK 7L S50k 10 B, 25 SRS RE ik 5 97.39%, AHXT PMI ik REdR e T
28.79%, SLHESERM, IZHTIR R BT L RS AT RN DR A 0 28 15k b & BB R] o K 1] & B4 SR AR A
FH PR, ngR B DUE I T R4 ICTCLAS 1, F 10 KB AYE BEMSIE R 9208, A 2 i i day
B 43R 48 a2 . BERF FAE 945 7.93%, 3.73%F1 5.91%, S:ueeBl, i #HTHrin R I A A Rk
33 1R) ZR G006 9 2% SCAR A AR AL .

KR OFIUN; ARE SR, BAFE; PMIBGERE; HhcsriE

FESES TP391

New Word Detection Based on an Improved PMI Algorithm for Enhancing
Segmentation System

DU Liping LI Xiaoge" YU Gen LIU Chunli LIU Rui

School of Computer Science and Technology, Xi’an University of Posts and Telecommunications, Xi’an 710121,China;
T Corresponding author, E-mail: lixg@xupt.edu.cn

Abstract This paper presents an unsupervised method to identify internet new words from the large scale web
corpus, which combines with an improved Point-wise Mutual Information (PM1), PM1¥a gorithm, and some basic
rules. This method can recognize internet new words with length from 2 to n (n is any number as needed).
Experimented based on 257 MB Baidu Tieba corpus, the precision of proposed system achieves 97.39% when the
parameter value of PMI¥ algorithm is equal to 10, and the precision increases 28.79%, compared to PMI method.
The results show that proposed system is significant and efficient for detecting new word from the large scale web
corpus. Compiling the results of new word discovery into user dictionary and then loading the user dictionary into
ICTCLAS (Institute of Computing Technology, Chinese Lexical Analysis System), experimented with 10 KB
Baidu Tieba corpus, the precision, the recall and F-Measure were promoted 7.93%, 3.73% and 5.91% respectively,
compared with ICTCLAS. The result show that new word discovery could improve the performance of
segmentation for web corpus significantly.
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Fig. 1 Flow chart of the improved segmentation system
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