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Tree LSTM+ CRF for aspect-level opinion mining
ZHAO Hua, ZOU Ruofei

(College of Computer Science and Engineering, Shandong University of

Science and Technology, Qingdao, Shandong 266590, China)

Abstract: The extraction of aspect terms and opinion terms is a significant task in opinion mining. In this paper, a
tree-structured long short-term (Tree LSTM) memory network combined with Conditional Random fields (CRF) is
proposed to extract aspect terms and opinion terms. Initially. dependency parsing of commentary sentences is carried
out, Tree LSTM is built according to the dependency parsing tree of sentences, and calculation method of LSTM
unit under the tree structure is designed. Afterwards, the output of Tree LSTM is tagged as the input of CRF to
realize the extraction of aspect terms and opinion terms. This paper validates the performance of the model on the
data set of SemEval Challenge 2014 Task 4. The average F1 scores of aspect terms and opinion terms extraction
results are 86. 76 % , 83.22% and 79. 86% and 80. 42% respectively in restaurants and laptops. which are superior
to the existing aspect terms and opinion terms extraction methods. The experimental results show that the Tree
LLSTM design presented in this paper can learn the hierarchical relationship between words well, and the joint model
effectively avoids the drawbacks of traditional CRF which needs to construct feature engineering.
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1.1 Tree LSTM Fig. 1 Tree LSTM+CREF joint model structure
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VEFE Amazon [ HLF~ 7 5t PR IS EOHE  17) 1] i A 4E 50AE I 3 041 800 3 841
WX IR R 350 4 XTSI AE 2.2 W AUE. B ik soss 800 3 815
TR B A AL 73 W B Stanford Parser 2R i, 4 it 6 086 1 600 7686

I 28 M4 CRF i i} CRFSuite 523,
1) ] 1 word2vec Y k15 2, AR A7 & R [

V6 V6
25d+1 v/2d +1
Ao AR BERLAE B oAb 1 S B9 IR 0, ZE N Tree LSTM A+ CRFE Bt 4 #i B i 45 %) Tree LSTM 14k
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LHATRANZ 3 R .

*®3 BEBLBLEL R F1-Score H

Tab. 3 F1-Score of experimental results of each model

A U LA G

A

BEIPOES WL A BRIPOE PUNN RS
SemEval-1 84.01 74.55
SemEval-2 83.98 73.78
CRF-1 77.00 78.95 66.21 71.78
CRF-2 78.37 78.65 68.35 70.05
W+L+D+B 84.97 — 75.16 —
LSTM 81.15 80.22 72.73 74.98
LSTM-CRF 83.13 80.78 76.09 75.47
Bi-LSTM-CRF 84.12 82.32 77.96 76.39
RNCRF-O 82.73 — 74.52 —
RNCRF 84.05 80.93 76.83 76.76
Tree LSTM+CRF—O 86.32 — 78.07 —
Tree LSTM+CRF 86.76 83.22 79.86 80.42

3% 3 Al A0, ARM A, SemEval Challenge B Kl SemEval-1 5 SemEval-2 %0 R &F, 7E & 18 52810
ARG L SemEval-1 5 ih 2. 750681 5. 3106, 15535 18 2% AR BEAL I B0 L Hp S 76 0 AKAT 6 R AFAE S
CRF-2 ZE3FM % Gl E b CRE-1 7E4 4R AL 10 A U 03 30l it 1. 37 00 F 2. 14 4, Ul AR A7 5% % e AiE
SEAT BT AN 0 SR A A IR ) I CRE AR A 45 AR T Al A 8L 8 AR B2 %~ D7 U6 e R R ML 2D R B
AR LSTM SR 45 2 25 T LSTM-CRF ##1, 3x & il T2 (R B L% RE 6% 41 1IE 25 Bl TA \BA X AE 1Y
P 1 TP i % T LA DR P8 0 5 B 2 A ot 22 ) 4% 22 I JE 4R SR MR BE ML S AT AR T . Xim) LSTM By BE 2 47 3k
2 A7 1) A T HE 0l LSTM B UR B4 . AREHY L RNCRE 5 AL 50U W G, 156 W K 385 3 326 5 b 22 1)
ZRHoT ) LSTM Bon s it M 454 T LSTM Bon [T 2544 /Y 1 58 75 25 02 A RLR 5 L 18] 77 51 /9 Bi-
LSTM-CRF K8 ) 45 R4, Ud BB 2540 72 A7 O R A5 B A AL BRh A8 T i (8] e S 4854 . ol TARAF SC R g il 1
A 52 00 5 DT 25 A7 3 AT - R 0 BOR A, Tree LSTM+CRE-O £ % 01
SN BRI YRR, N S2 56 25 0] DU B B PR RE A0 R AN R R I B & M P 4

Kl 4 25t T RNCRF #l Tree LSTM A+ CRE AN R SEBRAR i OS5 R s 6] . I 4 R i b al 7
ARG L 1 358 UH P 25 19 2 B B 4l Ak BRI A OC AR RFAE R AR B RRAE R HE B ) TE AN X SRR G 2R
FAXS S A 1 ) TARTE S R BE 4

i — 20 3 X AN [v) 18] [k A JRE R AR TR 5 R R AT T SIS0 . SIS e A Y L Ol 50~ 500 4k, 4 B ] B
50, SEH A RANE 5 R
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Definitely try the taglierini with truffles - it was incredible .

RNCRF: o} o o o] o} o g 0 0 BO o

Tree LSTM-CRF: 0 0O 0 BA IA IA 0 0O O BO o
(a) Bl

Try the Peanut Butter Sorbet and the pizza with soy cheese !

RNCRF: 0O 0 BA 1A 1A 0O O BA 0O BA A O
Tree LSTM-CRF: O O BA 1A 1A 0O O BA A 1A A ©
(b) 2

4 RNCRF 5 Tree LSTM+CRF friE & R Xt b
Fig.4 Comparison of RNCRF and Tree LSTM—+CRF labeling results
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(a) VR TSR ] B 42 E LI 5 R (b) AT ] B 4 i S R

5 REEHENIEXBLER

Fig.5 Word vector dimension comparison experiment results
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SEEMCRIE AT G SN 25 LA 1] AR 28 B B T IR X S5 A B, 7E SemEval Cha-
llenge 2014 {155 4 B4 4R LAY AT R KW A Tree LSTM REAR U o AL 17 75 2 8] ) J2 < A& 5 [A] i 1
A B R0 S T AE S8 CRE T S0 d AR AE T Y B iy
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