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S5 WK n-gram . BEARCEEAE A7 FERHIE, BA HARRFIE I 25 70 S8 88 ok 58 i h) 19 o Rl 4R
1M, Tt e TR ILEE & 8 S 5%, fEN AR #A — 2 RIRME. Bk, s im s iAn
HR BIASEAS P ) - BV LA 2 s 0T N T e B S B e AU T R AR A . (AR SRR B
FET AR (1) 71578 5 AN iy, RORANERAR. Fox, BT H P IR SCAR R R M, L SOAR K B — R AR 4,
T I R ERARFE IR 77 SO BEAR G- th 27 ) B SCOR IR B8 XE B, X a5 30T A REHE R Hh B A FH P 107

ASCHE A B AT 2 R AR S B AN KR, B el 7 AT 3CRFm ENL SVM 1L
GUHLER 22 2 ik, 25 R BT RS A A B VAN A IE RS AE 1 22 ANE, BT DA FH ity 380 s PO VR 2 2
Tk BRI T B Z ML ONN BIJ5E, 1% 771 B 30 A SCAS dh BB iR AE Ja 34T R AT T
P IR, (H2 CNN R SCARR 7758 R I %I B8 77 AN5E. PR, S~ 1 66 5 A R A - B0 R S
AR RS B E S, ETTTE LSTM % ) f) il R Ja AT P s B B)R ), {2 LSTM b
BN R AR ] ] SN BT RSO, ARYEAE S AR P IR SOAR S B R R, 4557 ONN
A LSTM AR 55, 3 7 — A T B K IHICIZMZS Convolutional-LSTM, fH CNN M A H
HHURFAE, H2 I REH A 5T LSTM 2% SR SCAR I i 438 1M 28 BEZ5 18 1 F) B & R ik
5, SR T AT IR ENTE 2 R R TR R AR,

SEgR 2 R, AR HAT I 2 s EEIMESS b, A SCR A RTR S B A E % IR bAr B TS bl
WEE2 T, VAR T ONN AL T LSTM MUREES: S ik 2 ANE 4, BeAa RN P i
ITHRE

2 HEXMR

HAT T 2 R & LE T — A B P A B SCAR BRI AT e 5 B SRR AT IOV 2 s,
TN KZEZEFNAIESE. T I0RALES N BRI A1 R R, AH S BB A et BRI 28 FH P 0ok
SCAH HAT T 2 R RN TARIE Le /b AR B R A DG A 72 AR WIS L, {2 T A6 5
W 5| AR AN Tl R 32 o6 W 3 2 R BAME B T 7 8 F P T ARG SE 75 3K, ie e Bh 3
AR, W AR AE ) BL AU AE AT LUCR R T BRSO EEERI T I E B 1 2 R X
AR

Dai 25 16 $2H TR A ELR L& (online commercial intention, OCI) B FAE 4% 1% 55K, Wl
R h 7 RA R E T, Wt B A R R B, A TR s A
WE XA = T65r KA, 15 5828 T W 0 B OB ] . BRAESERFIE 5T 4 2588, RN B m Ik e ) )
T2 Ja s B 2 —(E R (AR EA R EE). Ashkan 2 7 FIHH PR SHREGE. EHE
B REAE DL S A8 2% 5 5 DT (1) N 2R A Il FH P ) A p b s L SRER S5 R8I X 3 SRAHIE A ke
KT LA A I P B R L AN, Guo %5 B 54 F P G R bR T AR B F P R AT
A KPR R R ] TR (research) Fl MK (purchase) HEAT 702K, Kooti 55 191 ik xf W {45
SHEAT M, KO AT 2 B0 . MRS R R B s, 5 Tt AT P s B DL RO 2 AT A TR
M. Goldberg %5 10 $ZH T “buy wish” MIMES. AT LE FLIBEM bk A (1 T B8 i B A= S iR
(7 P9 25 SRR L A 94 97 Bl Chen 55 MU ZERF 50 BT S S EIE R BL =, MhATT7E W S EIRIA
HAEMPMER G R T B80T % 2] (transfer learning) FYH 2% & BRI v, 1207 165 T
PRAE RS = (1) 1) A — 2 H .

T SE S [ 6 A S AR R R BN I, Twitter AHTIRUIE AL 2 GEAR R 588 115 S R A <
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Table 1 Examples of common user expression

No. Intentional dialogue Unintentional dialogue

1 A TR R PRt 45

2 WA 1 BT SRR T

3 FAEAT AL FNIF WAL, BdER T
4 KA i S A AATT —RIK I, I ST
5 AN J5 KPR B AHERG J5 F

PR RIL R TRz — FEIREE R P AR B h 28 T 3 5 R 2R A5 . Lin 55 B 2 72T
55 B IHE R S, 1207 00E T S EARUR, CARESBERED RSO, Ding 55 12§21 TRT
AT I 7 S BRI v, BRI, 4008 SRRSO, 120 ek T A B I R B AR
M2 28 AR R — e 38, FIWT A 5 R S I BB, T 2R O R SO O
IR 5K B, AR 12 e R R] 25 S oy a g FO F 97% 75 1 R0 rke 2R mT DA A2 T 2 T R 7 i
HEFFL . Duan 55 131 S HH 726 T4k X 1) 25 HOVH 9 PO A2 9 07 32, S $2408 7] L 5[] 2 2 )
Yt SRR LG 2R, I 2R R A F2 I 15 JBURL A N HETE 1R . Wang 45 41 4% Twitter Hh HI P EHE R 2
X739 6 A0, FF R B ST TR T 2 R IR, Yang 45 9] 324 7 AATTH R AR R h 4
WL 12 Rl 7oK, AR VLA RIS IS s, SRR3R Twitter FHK unigram
FFE . WordNet Him] F 1 SURFEAIZEAA 7 5K I Sl 1 R AE A I 2570 2 28 52 iont FL I B BT .

DX A S 7 9% A R ik, ARS8 Y i 1 (OB R R AT R AU AR I ARSI R
SCAHPRFE, 256 R HIRIE T sURVRE A1, S AN[R] (PR BE 2 SR R BEAT BE 45, BEAT IR HLER A o
P B B s B

3 [O)REfEA

AL EEHTE 3 ADGURHI AT R ERAMESS, RIATHLUE = B AT KA S BT s =, % W
RIMI R SCA IR 1 s, 34T P B AT 3 R A A H A AR P AE R Hh 338 (1 UAE Bk
B FH P B0 R SCAS 1) ATV B M, RIS P AR SCAS rh Rk T — SR AT R AL

TR L PRI, BN EE, A BT E B AT B R SCORRIE A AR L AR AR
KIS, AT CAE AR — SRR UL RC i 7 SUEEAT TR (B RAE IR A B R o B, i IR 3=
GERIERRE IR, T RORRIE — BB, — SR B R R IR SCARAE TAA L ) a0 B AT SO B
B, A — SRR B B R R A AR 2 X 7. AR 1 IS 3 ~ 5 AT AT LA
— YL AR ISR A R B R SR AR EAT IR e AR A, (HA R T PUERAS R 1 A . X T2 3 4L
B, RE “FHHBAMER i + M M5k RaRa, IFHMEE T Wl Xk
], ER A R ESOR A AW R I ATHEE R, TR B SOAR N R IL T P WK 6L, x5
4 WBIT, A B E RS A LACTEIT K, MERERE R RN B O T — RAJK G X5
5 AP, AEESCRREE, R 3 Ml HEAEE T G CRRp R, TEEAR
SRR T 1 ORER], (ERRIA AR — B E AR, JEA A BT

R RT A, FERIRALES A AR, F P AT B B AR B A RO B, anff ALY, 1ty HL /2 3R A
A AR FH P IR SCAS A RS IR ) R P B ATV B R, I o BT B R AR BRI AR S
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Training
set
Labeled
( data (——> Pretreatment Learning

1 &ET SVM WH{TIHBREEIRARIZE

Figure 1 The flow chart of consumer intention recognition based on SVM

T EE AR AU P ) HAT I B P, TR R X S A B TE R PR SCARREAT X 43, T ER AR P R
BRI, BRSS TR SR AR

4 FEH
4.1 EF SVM MIHITHEEREIRA

PAAE (9 2 R BAR ) TAE R B TS0 BN (SVM) ZE GibLas 4 > 05k 16 Rk A S T 5
BTN VAT S AR O B, KT SVM G H AT T 9 s BRI 7 v A o 2R T vk, A% S8 A 4 R 4]
WFIEAVE AR S ON 1 S 0 B0 B 5 3047 20 18] S5 TIUAL B 5 A 1 1A] 28, AR Ja 5 0 42 vh 1) A5 4% SO AR i
R H4T one-hot FRVE AR N, %70 B AT 2% 2 B R B AR 1 i,

B bR iR AT R S TIAL B, G iR e AN B 1A AR Rl E] 2R R B AT ) s R R
7N, BT EE R 2 AR . FEREMMREE. A IIGEATER U4, FEETF K E LTS
W, BN RO AR AL S, AR B VPR AL A 1 e
4.2 ETF CNN WHITHEZEEREIRA

CNN A LR ESAE AR BEAT S b B RIFHR B 07, MR 4 A SC i o) jf IR, ATV 2%
BB RA SR g — AN e 28 ) 8, R 2l F 26T ONN B9 AT 2 2 R ) 7 vk, s A an
K 2 Fios, HENZ . BRE . LEFRZN Softmax 733524 K.

1) MAER. N THEKERN n BIHPWRCA, FH 2, € RF AREA)FHEE ¢ AR 4ER 1 7 =
TR, BANA)FRILLRIR N S € R, dhA) 7o [ | 34T e m Ak, sk (1) Fios:

Tim =T1 D T2 D D Ty, (1)
Hrp, @ RFK 1A Ml AR R T E R

(2) ERE. BRERAERT DB E 2 T30 i D AR SR, 32 2 Rdm P i a8 8] i Jm 5 8, A
g CEBWZIIKEEN h, KN w e R FHFIIRSCARFE ¢ MARIE i+ h—1 M. BRZE
2 (2) BB B — MIE RN

fi = f(wi ziisn—1 +b). (2)
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2 (MEHRFE) £F CNN HiTHEEERARIZE

Figure 2 (Color online) The flow chart of consumer intention recognition based on CNN

ZEMRARUCT A TR E N {20n 201, T3nt2, - Tnongn ) BEATEIER, H2—4
feature map F € R*~"+1 415 (3) Aios:

F:[f17f27~--7fn—h+1]' (3)

(3) MR, A KA max-over-time pooling BEATIAL, HUEEA feature map HHE f K —4EAE
N ER S PR B SR AE . 1% )2 3 B RO SR 1 B R SCARFAIE [ e PR S R [ e K B 11 4 SR R A e i, A5
AR B B A RRAE ) i f ELA AR T (AR AE .

(4) Softmax B. AT —3AG 4 M, RIZH P CARR B RAITHLE . KA 15 = KL
HRIERE. FIZER Softmax JZHi H4EEE A 4. Softmax 2 FT LLE T A [l 37 5, 7818 (0%
AT AR AR PR R AR 2% A1 R 238 PR BRI T R S AR B i T — 2R AT = L

4.3 £T LSTM HIHITIHEEERA

BT ONN B HATIH 2 = R SR SCAR AT UR 2 RIS EUAS B T ORI 43R0, (BAERHIE 3
Uik R rh e A AR b 25 R SOAR (A 7 10 L S T IR LA A B P X1l AR, th T Rk i, Hoanlig
(506 J5 T8 T R ZR N SCA S SRR, DN T RETE G X SCAR I 7 ok R AR, SR T LSTM
() ATV R AR V. LSTM KRy Hochreiter 25 181 $2 Y B AU SCA IS e ok 2 B R 4T
R RE 77, T H 24 N B SCAR BRI, o] DU 284k B SCAR A A A0 il . AR i) LSTM. &5
I 3 fis, AR N Z . KEIHICIZZER Softmax 43 2R)JZ4H K, HA Softmax JZ5 CNN f#
R E], LSTM ZH—RFIE LN Cell AL, RG> Cell %iHIZEN Softmax 2.

(1) AE. ZEAPNES ONN FRARFEI R, i [ 52 3% BT K UGS N X R Cell H,
DALRUE N0 R SCAS (1t .
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e (O O @ O )
)

h( ® @ 0O )=

% (@ % @ * (@
lll::):: O O O ............... O
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3 (MEMFE) £F LSTM HEITHEEEIRAIREE

Figure 3 (Color online) The flow chart of consumer intention recognition based on LSTM

(2) KEHITIZE. KRR —RAIEIN Coll A%, HA Cell #U E—MZIBE h,
(0 4 A BT 2 AN By, 85— Cell FIRINTT ipn BT £, AT o 4LHE, AT LSTM th
(R AR T, H TR T

MM TSR EEA BTN o, DL AT —B ZIRUS M he_y BEAHTI Cell 19F2 B, 050 (4)
Bz, Foh o 102 sigmod JELebE R 3.

iy = o(wy - ¢+ wy - Tyt + by). (4)
TS 1) FH A% )7 B B IR B I 15 B AR, H= R
ft = o(wg - ¢ + wy - hy—y + by). (5)
Cell A4 AL A NN HT— IR B HBHORES, Horh tanh AN 2 E D)%,
g = tanh(wy - 2 + wg - hy_1 + by). (6)
i R TR SRR A R A B, sl (7) R
0r = 0(Wo - Tt + Wo - hy 1 + ). (7)
THE T A RBERPRES, Wk (8) Fiow, Hid o REBA T RKIRAHTRIZH,
= frOc_1+ 1 Oq. (8)
AR E i S — A 4 ERRES I tanh At AT H A,
hi = 0; ® tanh(ct). (9)
4.4 HTF Convolutional-LSTM HIHITHEEEIRS

CONN A] DL A d 3R B 2 SRS B, LSTM N a] DLX SCAS (RN o8 R, N T 70 A H
THEMW A, ASCK CNN 5 LSTM BT84, AT Convolutional-LSTM P HATH %% &
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LSTM

Input
layer

4 (MBI E) £F Convolutional-LSTM MHITEBEEEIRFIRE

Figure 4 (Color online) The flow chart of consumer intention recognition based on Convolutional-LSTM

PN, AT 2015 4 Sainath &5 09 S JEAEIE& . EURSUEAE T — LR A 2o~231) 2k in
Kl 4 s, B8 THiANZ . BRE FHEAEE . KECIZZE DR AT Softmax J&. A UK IZHE
RN AR SCA b, HAEPBUE R S BN TAEAE H) 5, BRI B B A 1] [r) S 4E AR R, A 55 rhizs
HEHIANZ . BRUZE . Softmax JZE5F A CNN Honf B JZ S5 A [E], KAHILIZ)ZE S LSTM Hoxf B =
SERAETE]. FFEAE & Z KRR A B8R B ARG IR feature map HYEH @ 4EXS B 037 AHIERS
#, =X (10) FioR:

Ci=FleF&. . oF ,,. (10)

B2 n—h+1 ANEARE, ZEEA R ERTEGRR GNP AT =5 A S, (RIE T SRR
FrbE. HER A AR IRIEAN LSTM [ Cell H. 15 28 J5 — /M2 M AR N s & B R) 13K, 28 H
Softmax JZ 32 1R 71 25 5.

4.5 SHIRE

ERSHINRE L, ONN sSiirh, R EBFMKEN 3, MY 100, Padding KJEH 20 Ai;
LSTM SZ36H, BB 4EE N 100; Convolutional-LSTM 8 b ) 240 5 ik M H. BB
R batchosize = 32 N T iR, A dropout A1 L2 IENMLREATLIH, H
dropout rate = 0.25, MH THIANESHREZ ALK LSTM 24 Softmax 432 E 6], L2 IENALR
F T 5411 Softmax 53252,
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&2 EERASLEE

Table 2 Experimental results of intention recognition

Model Precision Recall F-Measure
SVM 0.9116 0.7769 0.8153
CNN 0.9469 0.9139 0.9278
LSTM 0.9475 0.9106 0.9258
Convolutional-LSTM 0.9514 0.9442 0.9473

5 SCIf
5.1 SZIG¥IE

ARSI S IR AE SRR TR R BB B 2015 4F 4 AR HE, JLit 13677844 21 4L
. RB RGBT R G iia i r, et 78w LWL . KNS &S DhEe, HH P RIE
SN R ML N A (R IEAEARL. AR ST FH — 8 SC B ] S ARSI U %) B a3 AT 7 Tisd 2, S
oy To R B, e TR EE S RO b AR N RO T AR, ShRiE 28795 SRELdE. @ik A
AMEN RARESE I Pearson #2222 (Pearson correlation coefficient) RIS UEFRE: 19 —E 4. #K IR
PR, 18852 Pearson A2¢ REE Y 0.88, BELIAAE P X HATIE 2 B FI B O — 2 [
BF, N T B S 25 B SRYE, SR 5 HT A XIRAE I v, RIDEEER &6 0 5 1, IR 1 1
FERIREE, R 4 I E NN, NGB H 1T I

5.2 1FMIERR

XA AR A Precision (H#ERfZ) . Recall (A [FI#) I F-measure SKIPAT 70 85 FIERE, 10
X (11) ~ (13) AioR:

.. TP
PreClSlOn = m, (11)
TP
l= ——— 12
Reca TP L TN (12)
2xP xR
F- 3 = 13
measure PR (13)

H BT 2K C MFEABIET 3 2K30K O, iIdiX—RFEARECN TP; AETE C MFEARE R K 3
KO, WIX—RKFEALN FN; & THA C MREARBENRTRBIE C MHALE, 0 —RHEAECN
TN; A& TKA C MFEARB IR 2R3 730 ¢ DL, 10X —REARECN FP.

YT ARSI Z 3 K, E et AN KA Fa bR, HEM L2 P IME (macro-average) 1E 4
APV PR,
5.3 XWHERSH

N T E G S A5 R AR IRIE, ARSCRH 5 A XERE 7 2, AR R ) Se e g5 Rk 2
Fros.

SRR AR, T SVM L Gl As 22 ) THEAE R I HER 22 . A I/ F (A EACREE. RH
REEAAY CNN A LSTM J&, RS2 1 W4, L2 U486 = FH MR {EH Convolutional- LSTM
RS, AR ) FAEISE] T 0.9473.
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FEHATH B EUIMESS b, AR GEHI3E T SVM RIS 2% > T3 R TSR G e B 2 T Al 2%
SRR FFIEREAT IR R I 2K, 12 EAN R 58 R IR JEUVA IO SO S I, IO L 25 8] 1 BUE R AL 1
BUEOL, JCi 2 w0 % SO rp il 1 22 TR AR IR e 56 3R AN SUE U2, O 9] B Rk S5 R A ) SOAR X
IR, WK EEAN . JF H il TREOMURFAE S R JR R, ASRETRGF 37 5 T P AR B R
i, PR AR A B R ER.

CNN i s 126 B S SCASHEAT Jo B S 45 3 22 ANRFAIE 7] B, SR IE A3 A X G AR 1 1 &
BEAT AL, 0 HEARAAES BEAT OR B, AT DAAAE) 7 i BCHE TR 2 RS R REAT R, T LLE
VR X JESCAS AT I AR A5 B e, 76 75 Z2 0 SCRR R (8 B RS L RA RIFAIRDL, K2R
FI CNN 3R SR BEATRAL IO FREAT e B8 5 FF EAT 70 AR, W RATE 7025 RE IR SCAS rh L

GCEIESY

[, ARS8 T FH P IR SCAR (1) B R ST 00 R oGE U REa, SR T 2T LSTM (IR 2% )
J5ik, LSTM GBI 5 PR H X 4 45480, 83T Cell 11 T4 HLHIEAT (5 B AR B AL 8, ] LI SCA ) -
N UE BT RN Z ) Z 5RO TR RS SRR — e g, T H S P RN B SO K
I, BT DA 280 HE SR A IO 1) R, PRI AE R 8 B R SCR RAE S FRA RIEFHIRM. A SE
Al LSTM B e AT IR SCAR IR R 2], 13 355 B 2, 7 AT s B 2K, TR %
FESCA RIS 7 0% 2 A KT U B

B ik =5 BB — R IR I, B4 CNN T & EX SRS IRHE 1) Sd A7 i AL 4R A
TR B RS B T2, R B (E b & A G B g A7 5 B, BRI i fE = £ 7B
JE RSO B S5 B, ANfE 58 4 2% FR I R SCA rh)E 2 18] (RIS 7 5% 28, RIS T SOA (K038 PR AR A%
1 LSTM U] 75 A 5L 4 1) ] ) B4 N, 6T B0 R AL N A B H AT 2 BRI X — B AT 55, 2%
il [ B A R E R M R A, DRI T e A3 B+ o0& A AT S5 Il ia AL a3 o, HE Tk 2 AT 454 5%
(IR S IR AR 2., DR IS RS0 B R SCAS 1) 20 AN 78 4

BT LAAS SO — 3047 T 454, KA Convolutional-LSTM FRER 1 Sl i S5 AR AE, b H P iR S0
AHEAT IR AR AEAS S EL USREUR 2 SCAME B, SR 58 XA [ S AL G AR 5 2 SRR AE ) = AT 4
JEA A, BEMHEN LSTM HHTRR Y], M RE L T BHUE ML ERAE, RRE M SR T30
BRUGIH R KRR, @A FRE B AR F A B oo R AT A, B EEAREEE
AR, R LSTM IR NG5 UL bR 03 B AL AL, 15 B R A RSO R RN,
4G T CNN ERHEHIEURT LSTM FEE SCERAR 7 T AR 35, SLin 4t KB, Convolutional-LSTM
TR R RS R R HIR .

6 51t

FERDRALZS A Hb, 00 P B AT 9 2 s B0 T B F P I AEAT A R B )
S o RN SR AR I T 7 [, A% 8 1A P e P VR ) 3 Al PSSR R U D i i e T
FRAE RIS 5 S O7 15, RRTTIERI 2 77 ¥ It 22, i BASCRAEAE AN B AR, A0 AT o = R
BB FAE— MRS, B THT SVM BEGHLER S 2 7k, FRAEHERES > CNN BLK
LSTM HASEU A AT 2 S, IR4E S T B IR W T — e T B AR R 12 Y 2%
Convolutional- LSTM, 18I X G I SCARBATRHEA A, HKIKIEN LSTM w2 2] )1 38R Ja #E47 H
ATHE R EEIRA. SEIRAER, fFEATE S I, Convolutional-LSTM AEARYEGEIE T SVM LGN 2824 ST 1R 7
THERBORIRTE, JEAE FAE AR T ONN A1 LSTM BIERFES: 2773 2 ANE 45 s, AT IRALES A A
FIHT AT T 2 S BRI AT A R
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Identification method of user’s travel consumption intention in
chatting robot
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Abstract Travel consumption intention in chatting robot is the users in order to meet their travel needs, express
the willingness to purchase a product or service. Identifying the user’s intent to consume the product can be
recommended to enhance the user’s experience. Traditional consumer intention recognition methods are mainly
based on template matching or artificial feature sets, which are time consuming, laborious, and hard to extend.
In this paper, we regard the travel consumption intention recognition task as a classification problem and combine
the deep learning method to identify the intention. The proposed method does not need to construct the feature
set or match templates manually. Specifically, this study uses the convolutional long short-term memory neural
network (LSTM) model to identify the travel consumption intention. First, the feature extraction is carried out
by creating a convolution neural network (CNN) of the user’s chat text, which is then followed by a combination
of features. Then, the features are sent to the LSTM to study the characteristics of the feature representation.
Finally, the classification results are outputted. Experimental results show that the convolutional-LSTM model
is better than the best baseline method by two percentage points on the F-measure.

Keywords travel consumption intention recognition, machine learning, deep learning, convolution neural net-

work, long short-term memory neural network
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