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Abstract The data set is constructed by the data of Jingdong Question Answer Platform and Weibo based on
transfer learning method and a bi-directional long-term and short-term memory neural network model based on
attention mechanism is proposed to identify users’ implicit consumption intention. For the problem of explicit
intention recognition, a new algorithm for extracting consumer intention objects is proposed, which combines TF-
IDF (term frequency-inverse document frequency) with the verb-object relationship (VOB) in parsing. The
experimental results show that the training set can be effectively expanded by merging the data of Jingdong
Question Answer Platform and Weibo. The classification model has high accuracy and recall rate, and the method

of extracting explicit consumer intent objects by fusing VOB and TF-IDF achieves 78.8% accuracy.
Key words consumption intention detection; intention object extraction; transfer learning; attention mechanism
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Table 1 Consumption objects in the implicit and explicit consumption intentions
W H KLtk 7 o R R VT 2% R R S X 4
[ 25 5 SL SCHA 2 AT LD H A BT S £ T I 3K R A PLSCATE 2K B iy 22 3K H 09 1 S 2 1 0 4
111 TR A 2 A FEOR Wy — 35 fh e PERE 4P 9 T-AL, SR e
e T W1 fph %2 3R] A W Ak AR, ek g

REFET AT L RITOETE, A% 8

vl e AT, LB I 650 R R

e AR TR T 9 H A5 R M, ok B 2 L HUH B IR0 4

TH 7% B B U il A AR I TR o AR SR
FHAERE 22 2 J7 vk, PR 30 2 1 9 14 i) 2 5000 i
2 BRI 2R b, $2 11— B 5L T Attention #1
il 1 Bi-LSTM #5281 $3i 0 ffc 1o FH 7 1 Bk v 9 &
A b 48— 3T TE-IDF 5 40)3% 20 BT i TE-IDF-
VOB I £ 2% B I G 32 U 7

1 HHxT1E

A RBEMMES, BARTEPT 22 2 A
WM, W A LEMARRLABENES, &
F A ar A5 E s T B W E B . Goldberg
RIS HLIE 75 4 10 f B 5 S S i T (b v T
P, 2T ORI A A sl Ol 2
EIASEAR, (7] B RE SCASHE Sy 3 2% 2 R B R AR, 42
BT AR ERR R, Kroll 28B4 25 B 43 Hr 1
X, N EE T 5 BT — e R R IERE
B, A9 G S FRAR B 0K KB IE A B, [ B R
T M P 0 I 155 SRR A I B T A f i ) R T At
T35 X, WA — 45 SC AT i B B, e S
T D A — AN SR (B ik % 3)) . Wang 2561442 1
A DA A i 2 ) S Sk e 2 R PR A S, I )
T RE RIS G, BRI R PR I T IR A
2T P 2 i U AR A B 7 2 R ]
AT R . Ding %5 O HY 4088, [ 3 1 4 R
22 I 4% 1) B TR SCA T 9% R B O v, 0 L
FA 2 H 52 52 5 B0 A AT 45 b o Liu S8 UVR) A 2 T
Attention HL il A9 75 I8 1ft 22 19 £ 45 46 (RNIN) 147 55 ]
W, T RNNJEE TP o0y, A5 i &4~ )
FE RNN ARG BRBCIR A, PRI AT LRI 5 4 R ik
RS AR R 2] . Ding 25 HA K 1 2 = A
WU AT 55 HA SUAH DC I RE M, N IR — 5
U ) B IR B 2 T (3 2 B RO AR A, 7543 )
FH VR BE P 25 I 28 FUBURE A A6 365 () O, ol FH 56
F% 14 F5 T 1 25 B (TK-MMD) 3k 32 TH 20 1) 2% 5 fig
J1o Yang Z5ECVERXF I R R 4 26 ), sE ad —

FR NS K LA SR i HL(SVM) L Fb 3R DL By
(NB) A e 19012 W 265 (LSTM) 25 A58 B 7 5 ] 73 26
ERYRCR, IF R F Wang SE R A B R Ay 28
B BB K 4y 6 25 Food&Drink, Travel, Career&
education, Goods&Service, Event&Activities fl Trifle,
B VOV Ay B AU 4y BRI 3T Convolutional-
LSTM AR R 1 X ] [ 5476 B 550 (BI-GRU) A AL, ik
A7 VRV 2 RSO o Ay iR s 3 A AN A
[A] 5%, Chen 25" 7F #2248 “Intention Posts” Y HF5E 142
H0 AR A (] 5l 2R 38 W S R T O A LAY R
FIRER 2= ) iy B 25, WVl 24 R
S b 0 B ARE Rl B 43 25 H B BN A A T Y B
Song %5 I Hy — it i F 22 PR A 22 52 491 ) 1 A 2
Ik

55 AR O BN U b, DG T BRbE T 2%
BRI A 78 RAR 2D o A A UR s Bk R
WO 7, 207 K Bk 8 2% 5 R R 24
W E R, JFLEAMAETH P OOET . EE
KIEATH . B AT R UL A N5 BB £ Fp ok
ik, FIUH AR B (5 BAE b B AT Ak
MM T o Park SR HESFATIERLEE, BRI BatE A Y
ek 0y 25 A Y P A T O, filan, gk
SR B < FRARNZ AR TPE >, FiE R R R, e
R XN kR ) X . Ding S5 O48 H  5E
T4 [ 18 N R 2 R 2% ) f T SCAR T B R
7 B AT DLl T Bk RO, R Word
Embedding 2 4l 18] (1 75 5 8., 8 12 4 BUR It Ak 45
YESRBUR BN AR B RN, M FHRNER, I
AR X ) - s FEAS [R] ST A AR B

H i ¢ T8 2% i B At U pF o Lh b o At
A g T LR 2 T AE IR R R BT 9
YRR, IR —Fh R EXT R AR R, B
B AT BT O R G DA ], R IR
Erif], GBI RTIEHITIER, 55 MR
FR IO P X 42 . Duan 28U S0 AR 4 40 #5 E i

69



R RFEM(ARBIFR) £ 56 &1 20204F 1 H

Br e 1 h 52 BUEE 7 dh, SRR R 4 T il BB A
MAGEE B PRI Y S R 10 A DG o Park A5
ey S A 5 G 5 TSR PRI SO AR IO ) S P 8 B SCAS B O
FTHRHAE, S8 B B N TR R AT 55 . Wang 5517
H DGRl A2 i A AR 5 R B T, R B e
SO A B 35

2 EEHIEAFRHEZEZEIR

AR SCTHT ) S P 3 2 U B AE 4R G 1
iR o FH P T B R 00 43k o M T B 2 AR )
AR 2R, PN SR S, AR RS
Ak S P U P BT 4

AR ST 2 A R Ry A 28 I, A
T W D, ={D!,D?,..., D/} A\ FE n KR
an (o) 220 50H, Horh DOARERER i Rt R I A BE; H
FRIEK D, = {(D',y"),(D?, %), ..., (D", y" )} {8
A bR B O R, b (D], ) AR | S8R,
XFRLAREE Ry, 3 €Y, Y =(-1,+]) .

21 EFEBEIMNBIREREHBEEMR
ik

fol v LA 0 S T A SO o 3% 28 AP
H T 5 AR (0028 R GE W SR 2 T 3 s Y By
Wbk ) S R &, ] st A [ g R 43 v St ) S 728 Tl 1

AR E
Bl

Tk ARF I, P SOR 5t R ) 25 8RR
PRI, FIRER 2% 2 7k, W 85 BB 1 5t 4R 1)
SRR RS 2 B /N bR T 0 B AR SRR 2
£, HARPACRS UL 1 Frs

EiE1 BT )0y B AR T B0 SR A Al
(=873

BN SRRV BR AR Dy (IR, D AR TE R
MR D, B RH ISR ENEE N, ERK
oM, BEK

Bt AR IR R Y GO AR 1 B 4R D (B AR

1 D/=D,

2 %F DFI Dy HEA T SCA T Ak 3

3 Fori=1,...,MDo
4 T word2vec TAlik A J5 ¥ F SVM A AL, I 2k

U RAR T N AR e o
5 Forj=1, ..., Len (D;) Do

6 FIHER 225 T N A5 25288 5 00
T D s

7 If Num (X D! A 75 0 — 54 35 43 2%
#H>K

8 D/=D,/ U D/

9 EndIf

10 EndFor

11  EndFor

12 Return D’

KT
Lk —
N—
L T FATE & A
SR i
BHR —
PR
) ﬁﬁ%
s ——— WA
B2 v
B 4 1
‘ e EERH ]
o5 s B
O
| 32 l
w _ 1

B 1 EEAERPREZEERA G EER

Fig. 1 Processing framework of consumer intention recognition for Weibo users
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Fig. 3 An example of platform dependency syntax analysis
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Table 2 Performance comparison of different models based
on Weibo dataset

A P R F1
SVM 0.815 0.785 0.799718
LSTM 0.844 0.763 0.801458
Bi-LSTM 0.832 0.801 0.816205
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Table 3 Performance comparison of models based on different data combinations
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Table 4 Performance comparison of different models
based on migrated data sets

iy P R F1
LSTM 0.929 0.891 0.909603
LSTM-+Attention 0.936 0.905 0.920239
Bi-LSTM 0.920 0.912 0.915982
CNN+LSTM 0.918 0.922 0.919996
Attentional-Bi-LSTM 0.939 0.920 0.929403
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Table 5 Comparison of different parameters
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Fig. 4 Performance comparison of different
intent object extraction methods
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