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Hybrid Neural Network Models for Human-machine Dialogue Intention Classification

ZHOU Jun-Zuo, ZHU Zong-Kui, HE Zheng-Qiu, CHEN Wen-Liang, ZHANG Min

(Institute of Artificial Intelligence, School of Computer Science and Technology, Soochow University, Suzhou 215008, China)

Abstract: With the development of human-machine dialogue, it is of great significance for the computer to accurately understand the
user’s query intention in human-machine dialogue systems. Intention classification aims at judging the user’s intention in human machine
dialogue and improves the accuracy and naturalness of the human machine dialogue system. This study first analyzes the advantages and
disadvantages of multiple classification models in the intention classification task. On this basis, this study proposes a hybrid neural
network model to comprehensively utilize the diversity outputs of multiple deep network models. To further improve the perfoance, the
language model embedding is used in the input feature preprocessing and the semantic mining ability possessed for the hybrid network
which can effectively improve the expression ability of the model. The proposed model achieves 2.95% and 3.85% performance
improvement on the two data sets respectively compared to the best benchmark model. The proposed model also achieves the top
performance in a shared task.

Key words: hybrid model; intention classification; language model; attention mechanism; capsule network
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IR AT siriy 2013 ERPRIC K R BREF BT, 2014 FRIK Y cortana. 2015 4 71 82 FA B2 AL A
BRI /ANK UL K B v i i tE 16 google assistant &5 /E AT 8 T W R ALAS N 3 |5 1 P WA 1 g s
By F 3 T AR RS R 1 AL A S TS IR A B N X L R A T BRI o e AL
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P AT LATR S ™ i N B0 48 3 GEPAAT S A Bl A 2 TR IR S R O 3R, 38 3 TR A BEL g Y 7 230K 1
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1 B R S AR A 5 3 B0 5 UM AR Sk B R A O R AR SRR IE M B T R LR 2 S8
XU AR GEIC A P P AR L, )™ B DL e A3 AL 8 SRS U B o i S U 1R DL AR AR KRR B AR T
AR G5 0 378 19 S5 A B R ABIE FT R B, A BILA e A o 6f P 384T 1 1 A58 el 0 W RE 8 A 283 g AHLAZ L 1
AR 23 3 4 6 I FH S L 92, AR ) 280 B0 48 2R 408 30 ) L AR 3 A 71K
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Table 1 An example of intention classification
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A 55 S 0
P R T s
FeP A IR B R
HK 22 (R J6 SEA 93 AT 55 AN ) A8 LN 18 5 1B 0 2 v, 32 A7 AR IR — 28 ] A
o H R BT E VM RE R AN IR BRI i SCRIK R I RO I 4 AT T A R S B
SCAAS KR 170 38, 75 Byt AN R DU 3] AR 268 S 1], 5 SROSCAS R s T3 I AN 8 1
o LT NSNS A SCAR LATE R AN 2 e ) i SO0 18 Dk 2, SOACTE W R A A A s e A R SR ] i S B
P ELAT R LR B ) L, 3400 ol AT 80 A )
o H RN T AR AE A AN SORS TR BE ) A BOK 22 5k o SO B 3 Al ANE 2 58 i 2R 48
PEfE.

It SCAS AL RN E 27 2] FA K B & I TU 8 0 SCAS 70 SRAL A5 AT 7 RS S 1 1 VF 2 A1 R Y
(L AN [R] AR ASE 2 A7 D0 5, ELAE AN [R) R v Rk 3 B 2 et AR, e L s s WO Al A 7Y g e G o 2 1 R DRI T
FEAN [ T RE 2 ] — 0 Tk 10 SCAC A P2 20 A1 A1 PA) 88 2 S5 KK, T A0 A 28 i o B 0 A i SOA el 1 S0
A L 1 B 75 T A, 5 SO 2R 0 5 e A A v 8L A S S0 A S R P 3 B LR T I R 4 2
S3 T A ANBEIL (R A5k T 0k D4 e 4 PR g, 2 i K T GooglLeNet [f) Inception 45 #4173k AT HE—Fl i
AR IR o % 5 ) 5 A T A SO BORE SCAS R SR BLAIE S 1) 22 AR, BT ) 238 A5 T ) AR 8OR, IR I 6 17 &
PR AE SRR A B BRATTI A T SRR AR R 0 AR S5 b A bk T A R A R I 4 5k R T
ELMOo®, 52 4tk fil 453 50— 2 R4 T, I 70 A SCHUHE (9 28 JF VPN LA T e AR vk g
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(1) BET 2 P RBRAE NHUN 5 B 22 AT 55 LIV RE, T 20 M T BB AE AN [R] 45 AF 1 IO SR B,

(2)  BE TR S BERLA ) A R 2 AT A5 AT

(3) T R AR AN MBI JF I ELMo BE— 2 s SRR M H AT A Tk Re.

ATCH LR TAREAT A 2150 2 1 e ACSCHR IR A B0 S JLBVL 28 3 Wl S 3 R AT S 38
SIATUEW] T %05 iR AT R o i A SC AR JF 4R T RT S K 5 T

1 tHXIE

AR SCI I AT 2 B B SCA e 7 RS P 3 S B 9 A D T L DRI, AR K WX A A9 Ok S 45 AR DG AT 9
TAE.

1.1 XAFRK

SRR RAE W RRAT )7 BB One-Hot R i) B 2 3 A T ik 4e Bl A5 V5 R 5 3] 2 (R 18 K, 5 S0k
25 DB, R LM A 7 R ) B A o S0 R, o 28 1) 9% A R A 27 >0 TR0V ke 77 ARt e B30 A i P i AT £ 3 S
e, 2 A T R A D T R T P e 3] 1 R 50 (B word2vec™ . GloVel*@) sk 3 7R Se AL KT DUk,
il ) A2 1 AR T A SR AT () % 0 R AE B R E 2 et A R ] o o U S B (R B 1 R S e A I 8 1)
U5 AR T NSk N G, J R MEAS L (0 B2 7 i AR B ULMFITIS), ELMo &z BERTDIAEE 5803 (1) 2%
2, BATVE B T g8 il 1) 2 e S 05 A5 3 S il S (T i MR A K ] [ s A IR AR S 1 )2
{75 B A 43 2 2 (05 30, FF AR AT AL B AR W RS AR AT 45 4 AR 22 3 5 A DG 10 g 1k 191
R R 5 IE SO YR g 56 28 25080 7 3630 3 17 48 5 48 35 MR AE B B 0 /AT 45 B R 5%,
B A1k $ word2vec id [7] FE L5 ELMo ¥ 5 B3R 1706 L 43
1.2 EENZ

o P 2% o SRR IR I SCAR G S ) L SCAR Gy SRR TR B T T AR ML A2 S 4 N TREAE
RBE 2 S ST 5V A [ R G i R AR IX 3 B B AR B 1 SCAS A S A A R AR AR TR L AR R A
A FAS /) B HL 3 2 ) SRR R 3 AN T L. Ll A 49 4 4 1S 30 5 AR A0 Tl V24 A1, B HoAth N TR AR 2R 7R 3¢
AR S A0 P 4 A T 5 A A TR 3 A TSt 5 o 2 I 4% (1 2 S 8 2 1) I 9 T, o 428 190 4% 1) 00 R 3 S
AL 5805 10 AL B35 0l 5 5T 0 i3 0, N TR A 19 07 v AR iok i I B A R A T N TR R i i S
ARAF I T 5 4y Sk B AT U

P R 2% 1) — KA AR B3R 2 >0 o] DL F s BG83 SO SR . 45 & (8 P AP B4 41 46 1 4% (recurrent
neural network, fAj Bk RNN)ak 3801 25 1 2% (convolutional neural network, fi i CNN)M S A (5 B g #5143 25 4
% RNN F CNN A W7 2% 78 (0 B, 24 R SR A R 5 2 R A A 2 .

A B 1R A1 A 28 I 8% A DI S R e 2 I 8 0 R 3 489 0, 58 2 A 3 2 AN T 18 D i 38 il /I, X R Ay o 5 R
BT e B Hochreiter 45 A 4% H! 1R K % I 3 12 (long short-term memory, {7 LSTM)!M8IZ5#4 5 Cho 25 A4 1 17]
& ¥ ¥ 75 (gated recurrent unit, fij K GRU)MS5 #y /& H i 5 32 WF 90 % 5 Bk I HLAE WS A3 20 A% w336 U1 b 28 X 2% s
JE TR IR ) 7.

CNN ¥ 45 71 P45 U 530 45088 ) ol B o 7 2 4 28 0 288 A T (0 T B2 DR 32 2 — e Bl K R0 P 7 1 AR 55
HIAT 45 AE 20 70 R L CNIN 2 — b 25 [ AN BBURK (¥ vk A — e R BE B 32 IR O A7 B3] 1 O AR R T8 U
S TB IR DL R TR 1A SUAR G5 R R A2 A T T O AT 55 o, SR B A L 5 R 0 A B A AR R R
CNN i AAT 25 6 SCAS A7 40 . 55T, Hinton 25 A2 H 1) Capsule 4 2OV F] ot 28 76 1 45 A 5 1 4 4 40 0 2% 1)

E T WU AL AE 43 e 1 199 4, 205 58 18 T PR TR P, 8 A0 13 P 1) 1 4RV 5 A T 480, 7 175 Ja 4

T BLAS B PR PR i) 2 AT P AT 18 2l 1) S P % SCAR g 1R 4 9, 4 7 S 2 b 58 H K ) e 1) T 5
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BT DL R AR, VF 2 W90 F SCAR 0 FEUR A 1 T V2 A 5 (0 A JRAT R B T H i 7E AN TE R |
A L 2 R 1 J LAY, e I A 3 B AT 45 AR g ont by %8 e P Lai 45 4R A RCNINPIERY 5
3o 5N A3 U PR A AU £ 1 248 K 1 ) 4 IR i P 0T 49 2% Johnson %5 A Hi 1 DPCNINPEVEEAY 5 3o 5 J3
CNN Al HSCAS 4 3 AT R 4T 0 288, 2 4 AR T LSTM-MFCNNT®Y 3 5k AR 5] i 1047 32 1) 345 AR B B
fiF; Yang 25 A 42 1 HANPISE A BT SCRe i 4 WA J8., 1 S AT R0 4 i, P 64T 42 SC 4 i, 56 T Attention 4544,
A 15 AR P R e 3 e S B TR A g FAT T A0 B T 8, MR A0 AT 25 0, ) 3 S R R 1A T 0 AR Ak
M

2 RERBREZENR

A B 2 R AR TR 1 45 DR 1o 0 R B 40 S AT, Sk R A 4 8 8 0 (45 140 2
i,
21 REBAIER

1 fron R4 T Capsule. MFCNN Al Attention iX 3 R0 53 X 45 J2 1 TR 40 A5 TR HE 48 P 1) 4% 3 82 1 1] 4
B2 A7 G 5 J2 A0 TR A 1 il BUZ 20 k.

Capsule MFCNN Attention
s 'BiRU| | BiGRU | [ BiGrU | | BiGRU |
entence
encoding
layer  IgiLstm| | BiLSTM| | BiLSTM | [ BiLSTM |
[} [}
\ \ \ \
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(Word encoding ; j( i XT
layer 1 2 3 4

Fig.1 Architecture of the proposed hybrid network
1 ASCRHIH R A A HESE

2.2 A4F5E(word encoding layer)

T Gt R J22 3 FH A AR 3] 1) £ U 5 0 9, AR Sy TS T word2vee R ELMo J5 i 3RATT B e X 1 ko0 17, 2R )i
73 5948 ] word2vec Al ELMo TR Z5 5 3 Az ot W2 (1 i) £ 1] i 55 38 35 4 B AU word2vec i 25 3% 7 AU3RA54
oV S in] B 1) B 7 A O 22 it EL Mo U o 7 3 F) i S g i 5 R A A LE AR 45 5 1 7 U Dz 2 .
2.3 fIF 43 E (sentence encoding layer)

FRATTHE A 7 A0 3 20 3o ) A D J2 R A 68 1 S [ e 05— AN BE ML Dropout®®Z s 1 AR i S04
AR T AR (i ANFFAEAE LSTM-MFCNN B o ) -7 G A # jf) LSTM 2% AE HAN B v ) -1 i il
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SER R — A T P2 28 RNN 45440 R b, FRATTIE B A FH 0L R) LSTM Jin_ B X 1) GRU 25 #4035 1) 7 BEAT 4w hth. 1] 2
FToR A BATTH A) T G i 2 85 44

- 8 B B B
/

Sentence encoding
layer

Input layer

Fig.2 Structure of sentence encoding layer
K2 f7gmis)z g
B LSTM JZAT GRU J2 IR KGGRZ 5 T0 50 7000 Dy, g, E AT X 65 A0 23 ) PR B b 208 P52 08 P9 286 A ¢ I 2%
LSTM(-) BB # & n i T

i, =o(wx +Ul_ +b)

C, =tanh(W,x, +U I, , +b,)

fi=cWix +Ul_, +b;)

¢ =i,oC +foc,

0, =o(W,x +U_l,_, +b,)

l, =0, © tanh(c,)
Iorp O N 1% R VLA, o sigmoid H%L tanh FORXUMIE VIR X, 4 t I ZIFIEN, i e R™ AT,
foe R™ HiAsT], 0, R™ M, | e R™ HKUH HTORTS, ¢ e R™ ic 40 I B JeAR S 203 XU LSTM i
i RAF 55 t AN LSTM gt 4 R 8 x =1 @ 1P L @ g BHE#AE, 1T IRl 17 LSTM IR, I A [ LSTM
FKIRLSTM 251 GRU() B ER R U F:

r=o(Wx +U.g,,+b,)

)

z,=o(w,x +U,g,_, +b,)
H, = tanh(W, X +U_(r, © g, ;) +D,)
9,=200,+(1-2)0H,
Hop e R HEE], 2, e R™ NHEFT, 9, € R™ g By eIk & 380G 143 XU R GRU 4w, 3575 45 t M A
FRAE 4 R x = gf @ g2 JLr, gf Wil GRU #ow, g MG i GRU Eom e &Mt X=x,0x,®...@x,,
HpL AT R R KR SRR R
24 BREMBER
I 5 o 20 D 5% 10 R I U AR LR TV 22 AN T I % L o i R ) ML e e This T R A ARTE
55 B AT 55 0 SR S 10 25 SR P 6) CNIN [ 52 7 11 (9 i 2 BIF 98 N B34 7 281 T n-gram ¢ A3 (1) %2
L 13 2 FURG A 28 190 2% J2 L N g — AN 41 B2 Hinton 3 H4 77—l () 1) 5% A (vector-in) 55 [ &4 H (vector-out) [

@
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L3877 % Capsulel X Fh iy G784y HAE 45 HATIR U 11k i R DL 5 il e 1
241 VERIPUHIEARY

WRHUEIZ B R T NI H Y A5 b i M 7 = AL A SR G B R A R LA 2 F
E B BN B 5 AL TE B K SCA I, ATl AN 43 00T 4 30, T A 4 A 1 B UGIR 3 S0 A v 32
F1 i 8 A5 5L, LAASE R 3 A 1A 2 A SR T A 1RO T 7 LA, AN ) e ) J2 PR i v i BBORT ) A7 8K 1) R
i 38 R RE [ Sl IR 7 v, T LA 2 A SO B i 30 10 S AR AR AR R X Xe RON AL L R KiE
SRV H K O R4 BE S A R
a = softmax(tanh(XW +b)V)
o } ®)

Q=a X

o We RAbe RZAV e RV FRon M 44 i I 4 S50 A il S50 %2 A0 Qu.
242 ZRIEHEBIZHE W2 (MFCNN) B

TESCAR S AT A48 CNN B2 A P — ki B 18 A3 4% . MFCNIN $2 1 7 76 R By R R 2 A
L JSE 26 AR 1) 7 v 8 3ok AR () 0 2 R8s, At B 1 v R TR B ) n-gram R AE AR BE Xe REN BRI L oA
AR K AR AR 4 FE i e R0 T4) 7 Fp 5 i AN TAL IR K ZEERAE. B B AR B AR 0 We R h g U 5 1K,
YEM T4 7 _EAhIBCHT AR AE AL SE 1) CNIN A [F 72 & FE 1 2 A5 U R HL U CNINC AN BUZ AR )
FRAE Ci%%ﬂ??'ﬂ

6" = F (X W™ +b) 4

o S WARERAE f BGOSR EL =1, L+ 1-H,be RN i 22 T A B A1) F{Xpe 1, Xomets oo X oparo 2B BERFAIE
W

c"'=[c1,C,.. CLprea] (5)
{4 F max-pooling $2BURF AL :
h"=max—pooiing(c") (6)
h TR R A R R S R 75 1 AT A B R AR, BT A 2 =X (6) IR BE il B4 i\ mean-pooling, B
h"=max—pooiing(c")®mean-pooling(c") ©)
Forb @4 PR A . MFCNN A 22 AN %0 LG AR 6 20 K/ a=1,... B G BV il URRAIE
Qs=h'®h’*®...®h° (8)

AR Qa ik 2 AN G RUZ N TAEMAR 76 23 b RAVE A G AHC m.MFCNN (1) 2220
BG5BT R 98 (W B R AR A 7 B 3h, A B A GRS 2 n S UEE.CNN B 2 1)
2 R ST (KRR AE R b 2 5 25 SR S R B AN T 1 45 W 2 T 19 9 3R M DA R AR SCA Hp R AR A7 4 4T
G R A AU LA F n-gram 2 51 v il BOAS [m] FRVRFAE, 48 5 38 T A0 J2 B B 005 (i v oo T B2
HIRFAIE, b S5 93 SR AR A I3 AR I 70 SO AR b2 R i .

2.4.3 Capsule ##4

Capsule ¥ br 5\ -5 A0 5 4 HRF AE 20 400 B i) B N 5 ) S 3 AR 16, 9 FH Bl 28 % HH AR I AL 3B 4
WA AR S AP BT DU LR AE 0 B (KR L ARSI B T AR, 3% NN ZERAE B i SR PR .
FAME ¥ capsules 0 Hh m,d b capsule 4% F8ATT7E capsules (55 1 Z P I 5880 ¢ (R Wee REK Xt I
— 2R Xe RS AT B RURAE I L W) K by b 24y 1 3R I i B 4 2 5 BUR AN B0k [md |, T 45 45
TR G N

0= f(X,. W°+b
. ( p:p+c-1 + )} (9)
U=[u;, Uy, Upg]
oA f BG4, p=1,...,L+1-c,be Ry fi 7= 1. 2% 5 , il 1L reshape #5154 & 45 %A~ capsule:
U =[Ug gy i1 Uig ] (10)
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Horpi=1,...m,j=1,....d. HABZ capsules (KT A% 52k G (RIANBCRT:
S _zcu jli (11)
FeAT ) s Y 5 hinton IOAS [RIE T, 30T RS HEAT T 0 — L AL B
S.
v, =—1 12
"ols |l 12

o RS R B o 5 1 gy L Bhas i R TUE.
ik 1 gk
1. procedure ROUTING(d;.,r,1)

for all capsule i in layer | and capsule j in layer 1+1:

bij=0

il

for r iterations do:

Sj <—Z CIJ ili

vj<squash(s;)

2

3

4,

5. ci<—softmax(b;)
6

7

8 by < 0,
9

return v;

B BATR Capsule BEI vie R-™ M R B AF, 15 51 Qe R-™ Ry capsule 4% )2 ()4 Hi
Softmax Filill 228 it i 5 2 Fefi 143 B S A I 4 S AE 05 X, =Q @Q, @ Q, e R™ Bt W, e R ™™ miusf
530 B 2 43 45

S=X;W,+b, (13)
oA L A K K b d R AE 48 BNk 25 40 25 AN S R 2R Dy
e’
Z; =3 o (14)
2.8
o s; % S WA T Ao FRATIAS FH A SRS 2 bR B U1 2 1) H b e /MG K R B
C=-) vz (15)

ST /N J WU P I8 I 1 8 S0 S AT, 3y 0 IE M 40 2K 45 R

o]

3 %

ATE e A S0 B AR JE A R S W S VR 25 B e A A S B 4 R 5 0 A S v B A A A
Yang 25 A B2 H 1 HANPL Lai 25 A 32 11 RCNNPL, Johnson 25 A 412 44 1) DPCNNPSL, 2826 A 32 ) LSTM-
MFCNNILL K A S04 H FR TR A A 7.

3.1 MIEE

ARSI HAE R BT CCL 2018-Task1:H 1 #% 2l 2 ik i3sk FH 72 B 43 28 D7l 2€ 35 (http://www.cips-cl.org/
static/CCL2018/call-evaluation.html) 4] & 2 £ 786k, 8 T 5 MR AU & SCAR, BATTnT LUK LA 0 &5 1 45+ 5% il
A B AZ AR G BN 1 SR EUR AR, B TR R O AR VE RGN ZE B T R L B AR A
SR BN IR R 2 )7 4 B 3 Mo 1 bR i B0, B AT ILBEALAT AL, @S 8:1:1 Bk 43, 43 5l 43 A Dl
iy HFRFMRE BRI Z A B 5 J7 4 B S5 MRS A bs 9 200, B ATk 3L 55 40 R U 2R 42 4 9%, FH LI 2k
Word2Vec Fil ELMo i ] % T 2B FR 28, BTl 4525 A 5 1 i B 90, & 90 e Sl 4R 464 35 Fhsdi). 3k 2
gh TSRS P E ek,
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Table 2 Type of business and user intent

R 2 M IAFNIEE I R R

W 25 K

M e

(i i)

Wb 5T IS B A
N&:3 hd
4TI (5 B AT i)
%5 % B
A
A A 75 5%
e )5 5
SRR
B 7 o 3
TR b 4
iR SRy )
FH P R
LT B A5 S
HRITEE R
I IREERS

PR HAR)

AR GG s 1 ) A
M 5545 1)
b 55 7 B i F5
M 55 B 5 AN
15 J5 22 4 v f
I 45 i) 7
%X &% i) f8
Y ) 7
P 1

JpB

30/
ekl
e
AR
T
T DTG 25
FHURENLIFHL
Sk
AR
TEME SN R
B E T

T SCAR N 25 B St o RO A — 5 1 52, DR SR B AT DT A 2> B A SR AT A W T S SR e R

H T SUARKEE & E A 95% I BUE. %5 S 2] RNN BRGBUZ WG4 0 1194 Ja 2l 1] 8, oAl T T BEAS R [ S0 AR
FEA)E AN AL AR 3 FIR 4 4r Aeh B T B4R A IR 4E B A S S IHE B
Table 3 Statistics of dataset A

Fz 3 Btk A il B

E$S U 4iE 4 DRSS

Ji S 45 % 16 000 2000 2000
Btigm KK 1865 2612
BV b L 959% K JiE 573 591
EEAICHN N 204 260
HA] Y b 959% K S 37 36
KA 120 136
)b b 959% K ¥ 40 42
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Table 4 Statistics of dataset B
Fz 4 Btk B gk B
RS I AIE 4R MR 4L

Ji S 4 5 16 000 2000 2000

Bk RNK 2043 1414 2562
BLvg o b 95% K 512 520 517
Hn) i KK 372 190 572
#h) b 95% K ¥ 39 39 39
)T R 111 89 106
a) 7l b 95% K ¥ 35 35 36

3.2 LKiRE
%jcﬁ.wlz,azizﬁ%oomnus‘g@mﬁa@?%ﬁ,ﬁzmﬁmﬂﬁHﬁﬁﬁaﬁ@,ﬁEP,|B|yg+ttmbatch size),

BB R 1284 T B b $0 &, an % 22 8 W (B2 9 A epoch 1450 A B B AR R AE H B8, B AT T O 2
TE B S, $1 T 45 51 2k, 3K epoch {4 20.Dropout #h 0.5, 846 2% K F Adam,2% 2] %24 0.001,5, 4 0.9,5
29 0.999.5%F T HAN AR 7 Tl 115 5 e K ) 20 50,55 K AJHE k50,88 Ik 1 A AN A2 1 Rh 5%

1) Gt R J2 DR VE D 1 SO TG, A& AR UIZR A RN 5 7 4% AR Am i B0 1 D Tl 25 kb e s K B K 600,
Word2Vec 4 & Jy 300, % 1124 5,5 /Nl i 5.ELMo % 516 S0 2R A 2 40 #dii 46 A L3548 80 100 4 batch,
TR LS (preplexity) 2 7.991; ¥4l 45 B %1% 82 000 4 batch, JE &L 2 8.423.4) T-4ifi% )2 LSTM 5 GRU K& 2
hy,h, 9 128 5 100. 2 K JEGBUZ AT S M4 Z BRI E D KN R 1. 20 3. 4, BB A m b 64 R M 45 )2
wEm N 10,d 4 165 S Z & E A N 300.

33 FMAE

B Fa bRk
_ 0.4x|G,[+0.6x|G, NG, |
- | Al
o | AR TN 4 G |Gy AR R — 2 IE A RN S 3G |GGl R /m — 2L 20 IE A% L T, — 202 1E A A1
B EAN AT 55 2 R AR A 8 P & S B 7 WP AR A — 1 R B DR e BRAT i e T A
AR LR HERG R VP P

P

(16)

_ |G A|

[ Al
oA AR T 4 S B | GAANR R TN 4R 5 A b 25 58 4 VT T 1) 25 S B 4
3.4 TWRER5HH

FEARTT R BATES IR A F B L4 34T 5256 34714445 Baseline. Single. Hybrid f1 Hybrid ELMo iX 4
b S B6 2, S e v 4 9 A R R 5 B, ) 28 7 SR B Word2Vec 1] [) £ 3 F1 +Capsule 2 757 Baseline #7JA Capsule
)2, +Attention 7& Baseline H I\ Attention 2,+MFCNN 7£ Baseline 7l A MFCNN J2,+ELMo ##: Word2vec
] ) 2 ELMo il ) .36 5 45 th T FRATTI B A B Y 1) S B 5 N SR 5 R AT DL
ol Single 415 H 75 & BT 45 _F,MFCNN #b & T capsule, iiE W T i) &4y H O b5 B 4 2.
e XJLk Hybrid 55 Single ZH 5256 45 B, 75 word2vec 1] [ & b AT 2R 400 57 0 4% 2 16 W0 2% 6 199 A S 4
A REAR BAR G () R UGB T IR A R T A Ak
o XLt Hybrid ELMo &5 Hybrid 41525 &5 5, FATTE0 T T 05 5 1580 ] ) 5 78 5 BT 45 LA 20hE 78 [ A
MRS b i S B R HOR AR A FIEUIR AR B RREME 70 T IAT 2.0%H0 2.2% 11 Pk Re 2 T e 45 A iR &
RS AS H T B AR

P 17)
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Table 5 Result of experiment
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®5 SRR

LI 2H T B A | BdREB
Baseline BiLSTM-BiGRU 66.45 54.50
+Attention 66.85 55.45
Single +MFCNN 66.70 55.50
+Capsule 67.35 55.75
+Capsule
+MECNN 67.70 56.10
Hybrid +Capsule
+MFCNN 67.45 56.25
+Attention
+Capsule
+ELMo 68.70 58.25
+MFCNN
+Capsule 69.35 58.30
Hybrid ELMo +ELMo
+MFCNN
+Attention
+Capsule 69.45 58.45
+ELMo

3.5 KPEXAEESEX LA
N T D I R TR A R AR (1 5 e R AT R, AR Bt B AR R 5 B Ak B I IR A 4 K R M
FKHEF H LD 3:4:3 R R A KSR AR AN ) IR TRAR DO I HEAT XS SIS 6 45 R L2 6,7 3

JEXS LY 7
Table 6 Intention classification score of long, medium and short text
Fz6 K. b, HUAKESEGSER
pom J SRS LA Kk
- BIEE A HREB | BIEE A HUE4EB | BIEE A HIEEB
+MFCNN 73.56 64.90 67.55 54.37 58.64 47.61
+Capsule 74.38 65.39 67.42 54.37 60.13 47.94
+Attention 72.08 63.60 67.30 54.05 60.96 49.00
Hybrid Elmo (Ours) 76.52 67.72 69.20 58.17 61.96 49.42
80
75
70
65
60 i
. II |
N | il il
A_short A medium a_long B_short B_medium B_long

Fig.3

MSEG 25 AT LU

u MFCNN  m Capsule

m Attention  ® Hybrid-ELMo

Intention classification score of long, medium and short text

Ko i ECARE DRGSR

K 3

o 3 Tl 4% 1 I B AR A A TS HR TS KA
o FEME A L PERE L Capsule>MFCNN>Attention;
o TEFCAR I3 Bl AR RE ST

© PEBEEG T
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o EK AR MEfERE Attention>Capsule>MFCNN.

MFCNN = B 7F B3 1N RBUZ CNN AL (R R Rl L 00 AS [A) 26 B 1 11, AL 0 R TR n-gram ()4
TESE I T A G AL AR 2 D T 4 SCAS P R BRAZ T 11 /IS A 5 (1) 55 75 2 ()RR 4G, PR B MFCNING L AN 32
A AR AIE R 5% 0, LATE SCATRC A IR B RE R AR e AR Tl U7 T 0 LA 2% 18 3] 4] 22 ] [ G IR AN AN [+] 1]
REAE 1) B SRR IS, NI AE SCA B K IR AL U R FE AN AN Attention % 4% .Capsule 7E 48 1 5 4b B rpm] LU LR
HE G PRl B L ASHBUY B T SCERRRE, I8 CNN 72 R 3R AE 1) R BR A 78 b & K SR R L R R L.
SHMEAERA 2 1 bagging TVl L. G R S B IR A A SCAR R SCAS (0B s A7 0L T il B A R
B B0, AT 18 5 VR - A AR (1 R R 1
36 SHMTIEAIRT L

BATTHs A SCHRE 0 7 92 5 A S E A D5 iR AT T R R, 5 SR L EE 7. 0L A Hybrid XF N 3 5 HF Hybrid 21 Bt
4, Hybrid ELMo % V.38 5 1 Hybrid ELMo 41 g 345 8 g it % L 1, 3 AT 11 Hybrid #5254 BEEUAS T A T4
Al A5 7R A B 50 SR A T B AR I HAN B A $ i 48 A R34 B 14 Al 0.95%F1 1.65% 1) P RE$E 7, 1
TG IR AG B TR N, 25 G v S AR 1) B AR P AN EOE SR B ARXS T HAN BUBYEAR T 2.95% 1 3.85% (1 1
BEFRTT TR 5 20K T AT KB S IR R AT Rl 5 280, 3543 7 26 8 hB J5 V%) Rank 1 R 4.

Table 7 Comparison with other methods
FzT7  HHATTERXT

[ B4k A it B
RCNNF! 64.00 50.25
BiLSTM-CNNU® 64.90 51.00
DPCNN'#! 65.20 52.30
BiLSTM-MFCNN'! 66.40 53.00
HAN 66.50 54.60
Hybrid (Ours) 67.45 56.25
Hybrid ELMo (Ours) 69.45 58.45

Table 8 Official ranking

*8 HIHA
393
Rank 1 (Ours) 70.20
Rank 2 70.06
Rank 3 68.38
Rank 4 68.07
Rank 5 67.82

4 HRERKMOIIE

AR PR A R A N 2% 2 R 254 MFCNIN 11 Capsule 755 32 A4 4E 4b BEFD Attention 75 K U4
FEALTE E D% IR &1 T Capsule. Attention 5 MFCNN J2 7B IGIERE F &5 4 15 = BEAL A 17 B ELMo ¥4 15 = 1
T (0 1 SCH2 3 B8 g S FH SR A 190 45 v S 300 255 SR 3R B A SC 4R L 110 39 R 28 ) 2 IR 49 174 s 1) 40 R AT 3R A 1
Pt BRI, H7E CCL 2018 1 [ 5)) % Mk 43 H P 2= B 43 28 PR IUAT: 25 Th AT 56 1 44,

AR SCAE P o0 20 P 8% s VR AE 2 5 17 1) 3 — 5 1) JR B A2, R AT T 25 AN R JUAS 7 T AT ek

(1) BWREZ . B SCAR R SCA AL BRAR S AR 7Y 1 25 4 77 2.

(2)  FEFEAE AL ] bR T AT DL GO AR DA S 4 SR G i S

(3) ATt Er LIE T B 2% 20, b i o 1 R T R B 4 A T R R SR T G5 AR A, T T A )

ZriE R 3T R0 (finetune).
(4)  BOLHHI0iE SRR BERTM A RAE 2 AME S BT ELMo, 78 Ja 22 (F 5T b B Al tho 4 32 2 4L
AT 2.

© TEBREEEEIEDT  htp/ www. jos. org. cn



3324 Journal of Software /% 4& Vol.30, No.11, November 2019

References:

[1] Morbini F, De Vault D, Sagae K, Gerten J, Nazarian A, Traum D. FLoReS: A forward looking, reward seeking, dialogue manager.
In: Natural Interaction with Robots, Knowbots and Smartphones. New York: Springer-Verlag, 2012. 313-325.

[2] Tur G, Celikyilmaz A, Hakkani-Tur D. Latent semantic modeling for slot filling in conversational understanding. In: Proc. of the
2013 IEEE Int’l Conf. on Acoustics, Speech, and Signal Processing. IEEE Computer Society Press, 2013. 8307-8311.

[3] Eyben F, Wéllmer M, Graves A, Schuller B, Douglas-Cowie E, Cowie R. On-line emotion recognition in a 3-D activation-valence-
time continuum using acoustic and linguistic cues. Journal on Multimodal User Interfaces, 2010,3(1-2):7-12.

[4] Yang Z, Yang D, Dyer C, He X, Smola A, Hovy E. Hierarchical attention networks for document classification. In: Proc. of the
2016 Conf. of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies.
Association for Computational Linguistics, 2016. 1480-1489.

[5] Lai S, Xu L, Liu K, Zhao J. Recurrent convolutional neural networks for text classification. In: Proc. of the 29th AAAI Conf. on
Artificial Intelligence. AAAI, 2015. 2267-2273.

[6] Li C, Chai YM, Nan XF, Gao ML. Research on problem classification method based on deep learning. Computer Science, 2016,
43(12):115-119 (in Chinese with English abstract).

[7] Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, Anguelov D, Erhan D, Vanhoucke V, Rabinovich A. Going deeper with
convolutions. In: Proc. of the IEEE Conf. on Computer Vision and Pattern Recognition. 2015. 1-9.

[8] Peters ME, Neumann M, lyyer M, Gardner M, Clark C, Lee K, Zettlemoyer L. Deep contextualized word representations. arXiv
preprint arXiv:1802.05365, 2018.

[91 Mathew J, Radhakrishnan D. An FIR digital filter using onehot coded residue representation. In: Proc. of the 10th European Signal
Processing Conf. IEEE Computer Society Press, 2000. 1-4.

[10] Irsoy O, Cardie C. Opinion mining with deep recurrent neural networks. In: Proc. of the 2014 Conf. on Empirical Methods in
Natural Language Processing (EMNLP). Association for Computational Linguistics, 2014. 720-728.

[11] Goldberg Y, Levy O. Word2vec explained: Deriving Mikolov et al.’s negative-sampling word-embedding method. arXiv preprint
arXiv:1402.3722, 2014.

[12] 12Pennington J, Socher R, Manning C. Glove: Global vectors for word representation. In: Proc. of the 2014 Conf. on Empirical
Methods in Natural Language Processing (EMNLP). Association for Computational Linguistics, 2014. 1532—1543.

[13] Howard J, Ruder S. Universal language model fine-tuning for text classification. In: Proc. of the 56th Annual Meeting of the
Association for Computational Linguistics, Vol.1. Association for Computational Linguistics, 2018. 328—-339.

[14] Devlin J, Chang MW, Lee K, Toutanova K. Bert: Pre-training of deep bidirectional transformers for language understanding. arXiv
preprint arXiv:1810.04805, 2018.

[15] Joachims T. Text categorization with support vector machines: Learning with many relevant features. In: Proc. of the European
Conf. on Machine Learning. Berlin, Heidelberg: Springer-Verlag, 1998.

[16] Kim Y. Convolutional neural networks for sentence classification. arXiv preprint arXiv:1408.5882, 2014.

[17] Bengio Y, Simard P, Frasconi P. Learning long-term dependencies with gradient descent is difficult. IEEE Trans. on Neural
Networks, 1994,5(2):157-166.

[18] Hochreiter S, Schmidhuber J. Long short-term memory. Neural Computation, 1997,9(8):1735-1780.

[19] Chung J, Gulcehre C, Cho KH, Bengio Y. Empirical evaluation of gated recurrent neural networks on sequence modeling. arXiv
preprint arXiv:1412.3555, 2014.

[20] Sabour S, Frosst N, Hinton GE. Dynamic routing between capsules. In: Advances in Neural Information Processing Systems. MIT
Press, 2017. 3856—-3866.

[21] Mnih V, Heess N, Graves A. Recurrent models of visual attention. In: Advances in Neural Information Processing Systems. MIT
Press, 2014. 2204-2212.

[22] Chen H, Sun M, Tu C, Lin Y, Liu Z. Neural sentiment classification with user and product attention. In: Proc. of the 2016 Conf. on
Empirical Methods in Natural Language Processing. Association for Computational Linguistics, 2016. 1650-1659.

[23] Bahdanau D, Cho K, Bengio Y. Neural machine translation by jointly learning to align and translate. In: Proc. of the 3rd Int’l Conf.
on Learning Representations. arXiv preprint arXiv:1409.0473, 2014.

© TEBREEEEIEDT  htp/ www. jos. org. cn



A & @ @ AN 5 T B oK 6 RAAN 2 P A ARA 3325

[24] Hermann KM, Kocisky T, Grefenstette E, Espeholt L, Kay W, Suleyman M, Blunsom P. Teaching machines to read and
comprehend. In: Advances in Neural Information Processing Systems. MIT Press, 2015. 1693-1701.

[25] Johnson R, Zhang T. Deep pyramid convolutional neural networks for text categorization. In: Proc. of the 55th Annual Meeting of
the Association for Computational Linguistics, Vol.1. Association for Computational Linguistics, 2017. 562-570.

[26] Hinton GE, Srivastava N, Krizhevsky A, Sutskever I, Salakhutdinov RR. Improving neural networks by preventing co-adaptation of
feature detectors. arXiv preprint arXiv: 1207.0580, 2012.

[27] Breiman L. Bagging predictors. Machine Learning, 1996,24(2):123-140.

[28] 2018. https://mlwave.com/kaggle-ensembling-guide/

Mt i 305 % SR
[6] 2, S M, 0 4 0 WA 6 VR 5 >0 1) 1 43 ST W 9. 31 ST LR 27,2016,43(12):115-119.

B&RE(1995—), 95,00 )1 2 & A fil -+, CCF
S L by E AT b (R T AL,

R = (1977 ), W M+ i LAy
Iili,CCF &l 4x b3, 3= BERF 5408 [ 4R

AL,
KEZE(1994—), % Wit ,CCF AL 0, SR (1970 —), B 18 4, # 9%, 1 A U,
LT IR N [ 2R VE F AbH. CCF mngiss b, MR FTAIR N AR5 &

AL T LS B N A RE.

fATIEEK (1993 —), 95, fili - ,CCF 244 i,
FEHFFLIIRN B AR F A

© TEBREEGESIEIFEFDT htp/ www. jos. org. cn



