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Intention Detection in Spoken Language Based on Context Information

XU Yang, WANG Jian-cheng, LIU Qi-yuan and LI Shou-shan
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Abstract In recent years,with the development of artificial intelligence and the popularization of smart devices, human-computer
intelligent dialogue technology has received extensive attention. Spoken language understanding is an important task dialogue sys-
tem,and spoken language intention detection is a key technology in spoken language understanding. Due to complex language phe-
nomena such as semantic missing,frame representation and intent conversion in multiple rounds of dialogue,the intent detection
task for spoken language is very challenging. In order to solve the above problems,a gated mechanism based information sharing
neural network method was proposed in this paper, which can take advantages of contextual information in multiple rounds of dia-
logue to improve detection performance. Specifically, first the current round text and context text initial representation are con-
structed in combination with the phonetic features to reduce the impact of speech recognition errors on semantic representation.
Secondly,a semantic encoder based on hierarchical attention mechanism is used to obtain deep semantic representations of the
current round and contextual text,including multi-level semantic information from word to sentence to multiple rounds of text. Fi-
nally, the gated mechaniam based information sharing neural network is constructed to use the context semantic information to
help the intent detection of the current round of text. The experimental results show that the proposed method can effectively use
context information to improve the detection of spoken language intentions,and achieves 88. 1% accuracy and 88. 0% F1 value in
dataset of CCKS2018 shared task-2,which is significantly improved performance compared with the existing methods.

Keywords Spoken language understanding.Intent detection,Context information,Gated neural network
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Table 1 Example of multiple rounds of utterance
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Fig. 1 Gated mechanism based information sharing neural network
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Fig. 2 Hierarchical attention based multi-level semantic encoder
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Fig. 3 Information sharing based intent detection model
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Table 2 Parameters setting in neural network
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Table 3 Comparison of proposed method with other methods
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Gated-ISNN(+py) 0. 881 0. 880
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Gated-ISNN: B A SCHR 19 56 T 1T 3P 09 (5 8 3k =
% (Gated Information Neural Network) , H o U A i A 8
TR PR B G R AR ELTE 24 55 2 ST HE A8 Nl T 1T 4 ot
ZEAE B,

Gated-ISNN(+py) - EIEA SCHE A 5 T 24T 55 7% 2T 1Y
138 2 PR ARG AR A, HG v SO i A R R R 25 5 5 AR
TEZAE 555 ST HE S N A8 ) s b 22 09 B L 2 i

H1 3% 3 AT, TEVE 0 3 LA K 5 TE A 285 Y 0T 46 A
AR SCHR Y 4 B TR S AL S A 2 0 2K T YA TE T U
2P Ik B T R 0 A R B L U B A T 1] 22 R X T Y ARG A
S BT BN UE R EMM AN BN TEA I E
HATMRBEAEGRRIN ., RO, @ #— L 00T UEs .
P FESCAR KR e rh il 45 A R 0 IR R A
BT R IS AR R T 0. 5% ~ 1%, WX Fh 4 & 5
FRAE R A 2R J7 ¥ 2 A 00 L BB 45 U 59 18 R AT A IR X R
T 00 %) 70 T 5 i) 5 G R, A TR ST R AR B, R T 4 ARt
ZERLHI A T7 1 LAl A S T AL B T R A A A AR LR T
L6747 Ul I AE A5 B L 2 ) 25 i ] AT 3 AL o o 42 ol 4% 8L 2
I 1 AL A 6% B 4R T R R I A AR s B A R AR
5 LS AE B S 5 M 2% U7 i Gated-ISNN (+ py) 3k
37 88. 1% MHERN R LI K 88. 0 MIZR & IE# R . £ T A W T
PR T m AR AR .

4.3 HGIHH
T A B A Gated-ISNN 4 4 P A 55 5 iof % 4
e A A 51 A e — 25 A A3 BT I
4 AXTEHRA
Table 4 Performance of proposed method
A —
uttrl :“ 48 97 B F 5L B A

uttr2:“HEF U E T U R BT LR R
uttr3 . “ R F”

Attention-RNN
XOF A

CNN+LSTM
N CRE A D

ISNN Gated-ISNN
N CE AT V CREBIE
HH =
uttrl R & HED R E T A% Ra T RAE”
uttr2 “H K EEWRRAE 2 07
wttr3:“H T HETERHE AL, T K

Attention-RNN CNN+LSTM
N CRAB D XOR gl
ISNN Gated-ISNN

XOF 8 4% 3 )  CE AR S )

BEBI 1, 25T v B SR — 58 AL SR A T LB Y
B4, IR WA 1 AR R R NG R A 0 B Rk
FIM LB R G, 3T A 7 4 B A A9 7 % (Atten-
tion-RNNDKf R 491 3] e 45 358 , A% SC 48 i 9 J7 % (ISNN, Ga-
ted-ISNND 5 @l & JJ7 5 {75 B 9 5 35 CCNN -+ LSTM) U §§ 1F
LRl

REB 2 op, A G AR P I T B R L B SOE S
B g — 50 00 SORAR G, 7 ol & B F SOfF B n 2 F 4

e — R E A, Ktk HA Gated-ISNN Fl Attention-
RNN IF fff A6 0 b 456 481

AR IR T A SCEE W 0 vk R R RR E AU B
SCAF B FE I SR 1 ) B 4 oA 3 B2 0 AR LR AR AR R
1) 7 LRG0 8

GERIE S B SCAS YRR I AR 55 T 09 2% 5 Bk
B AR SCHR T — R T TR ML 0 E B AL L4
SEAE SCAS 8 ARG H G B 8RR AR R0 55 1 AR AT A IR R Y
B W 5 HOUR L 718 R R BRI T I T 2 b i &l
0 2 90k AR 13 B Y AT A 5 B SCUKR R R
Y& IR EuE S W E LN LR RS o i o N
JBH T4l B XY SO 1 TR AR

S Ee A IR A SCHR Y S BUA 45 U ST A L
PEREHCR T W R T IEM TR T BT UE B ME R
I 24 7 1% Rl 8 A 80 RS I 1T 1 SCAR IR AL

TEA SR TAE T FATTHS S AN W b 58 35 0 A 1 07 3%, LA
— PRI OB R R M RE . R K X A SO vk
FERL 3 — 2L 4R R SRR, S E M & il & 5 & R
A 56 A G Al 4% 300 13 B AT 55 5 LS 3 b N R R G
.
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