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Abstract Automatic keyword extraction is an important task of natural language processing (NLP), which provides
technical support for personalized recommendation,online shopping and other applications. For the task.a new keyword
extraction method based on bidirectional long short-term memory network and conditional random field (BiLSTM-CRF)
was proposed. In the method, the extraction task is regarded as the sequence labeling problem. Firstly, the input text is
represented as a low-dimensional, high-density vector. Then,a classification algorithm is used to predict the tags of the
words. Finally,a CRF layer is used to decode the whole sequence to get the tagging result. Experiments were conducted
on large scale real data,and the results show that this way can improve about 1% compared with the base system.
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o X exp3 o expd AT LA K B L FE SW Z 1 I, Fscore
M 85. 0% HE ] 86. 4 %0 HRFT 1.4 AEH 4T HE CW B TH
. Fscore N 57. 8 % 55 ) 58. 4% - T+ T 0. 6 I~ H 4 4.
HHE R T AT VX — R T LR S BB A PR RE

e Ab o 38 2 T L A BT S B 25 R 25 A X N AR T R 4 R
T PS5 R B SW/CW By 1) M 22 45 v A 4 ) 45 1) P I i
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expl exp2 exp3 exp4d expb
Experiment-Method LSTM BILSTM BiILSTM-CRF BiILSTM-CRF BiLSTM-CRF
Train-data 230k 230k 230k 230k 230k
Test-data 1.6k 1.6k 1.6k 1.6k 1.6k
Add_pos_or_not no no no yes(all-pos) yes(topl0-pos)
Recall/ % 85.3 84.3 84.5 86. 1 86.8
SwW Precision/ % 73.5 75.3 85.5 86. 6 86.7
Fscore/ % 78.9 79.6 85.0 86.4 86.7
Recall/ % 31.1 47.6 52.4 54.7 55.9
CW Precision/ % 48.0 51.6 64.6 62.7 63.6
Fscore/ % 37.8 49.5 57.8 58.4 59.5

exp4 (all-pos) 5 exp5 (topl0-pos) F B, A T o A 43
AT I AFRZE Y topl0 A X SW/CW T %, 38 Z /i & i
FVE L MERER T T LT AN E A
5.5.3 ZE&ZBLR

AR (W3R 5 BRI SW 2 ik & CW 2
T, BILSTM-CRF #8135 L3 R4 CRF AR T 0.9 4~
[ER 0

eI e
Baseline-CRF Model BILSTM-CRF Model
Train-data 230k 230k
Test-data 1.6k 1.6k
Add_feature-POS yes yes(topl0-pos)
Recall/ % 84.5 86.8
SW Precision/ % 87.1 86.7
Fscore/ % 85.8 86.7
Recall/ % 44.1 55.9
CW Precision/ % 87.0 63.6
Fscore/ % 58.6 59.5

A B 45 B9 X b 45 R ok &, BILSTM-CRF #g % A [l
CRF B A F| M FREE L H & CW, U0 I JR I BRI 5 7~ 4 BH K
W74 al L F L BILSTM-CRF Xf CW 19 7 [al, #2 7+ &k 5% o7
T, Al SR & B 2R R 4% B A B A TR B R &
P — SE G (AR A, R 5 7 A (ER AR N B ROR
03 H A 8 X S BR R

GRIE RSCE AN R A S I BUE 5 IR IR AT
5 FRE R AR TE [0 58, 36T BILSTM-CRF 25 [ 25 HE 42,
AR SCHE T —FET B O B [ SO . TR AE SRR,
A 3T R L ) 2R G i A A L L oE R G CRF BT (%58 .

IS B 45 BT U L G s [ 3 3 HUE S5 0 4k B AR
KAGPRER . BT 7 5 U A 3R R 3R A B 72 CW 2
FH F AR 60% . F—8 TR BRATH B A e o415
Hr 84 SWJG Al B 175 0 A CW 2 T L A ik B ) S 5
Ja XF a3 P R G A B 2 RN X AR R R AT kL i — A R TR R
I 1 Bl Al R T R
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