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Multi-intent Detection and Slot Filling Joint Model of Improved GL-GIN

DENG Fei-Yan, CHEN Yi-Hua, CHEN Xi-Lin, LI Jie-Hong
(School of Software, South China Normal University, Foshan 528225, China)

Abstract: In the current research on multi-intention recognition models of natural language processqfng; information flow
is only modeled from intention to slot, and the research on the interactive mogeling of information flow from slot to
intention is ignored. In addition, the task of intention recognition is easy to be confused; and other intention information is
wrongly captured. The quality of contextual semantic feature extraqtion is poor and needs to be improved. In order to
solve these problems, this study optimizes the current.advanced fypical GL-GIN (global-locally graph interaction
network) model, explores the interactive modeling method from slot to intention, and uses the one-way attention layer
from slot to intention. Furthermore, the study' calculates the attention score from slot to intention, incorporates the
attention mechanism, and uges the attention score from slot to intention as the connection weight. As a result, it can
propagate and gather intention-related slot information and make the intention focus on the slot information that is
relevant to it, so as to realize the bidirectional information flow of the multi-intention recognition model. At the same
time, the BERT model is introduced as the coding layer to improve the quality of semantic feature extraction. Experiments
show that the effect of this interactive modeling method is significantly improved. Compared with that of the original GL-
GIN model, the overall accuracy of the new model on two public datasets (MixATIS and MixSNIPS) is increased by
5.2% and 9%, respectively.
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FE B ARTE S AL BERT ST, HEE S FLR (spoken
language understanding, SLU) & X 1 52 4t 1) 5 B 4H ik
o BB E BN (intent detection, ID) FIHEHEIH
78 (slot filling, SF) W K% 0o FAE 45 M. & A B 72
g5 e BB T A P R LR R R R SR ), JB TR
ZRRRE I AT 55 T4 A8 A 0 0 R 48 I 45 E 11 )
VUM TR IR SR, J& TP SRR AT 55 78 5 BR B A
FE AR 70 K5 A BT 58 U b, AR i A R R AT
73R, HETHHUT A RTRE 9 R K SLU A ] SLU.

FH T S U AR AR B A G, BARSTHR [2-12]
B R ] SLU K F B B2 28 R AT 5% 22 T8) 1R AH
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#% (global-locally graph interaction network, GL-GIN),
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ER RS 2R AR o &, MR EME 5
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L1 ARG LA R (%)
.- MixATIS MixSNIPS
METR R FLE =R SAETR R R HERERE
joint multiple ID-SF!"*) 36.1 84.6 73.4 62.9 90.6 95.1
AGIF!™ 40.8 86.7 74.4 74.2 94.2 95.1
GL-GIN"! 43.5 88.3 76.3 75.4 94.9 95.6

SR, AR IRAFAE AT R BRI, IR E 2 s, K
LRI 77 R E ROGE T R R B R (5 B
G, TR TR B A RS L SR
b, WE B VIR O, SO TR BE, Al (5 2 R R AT fie
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i T A “atis_flight”. £ WEE K I, “atis_flight”y“la

guardia” i & B, IR JE T “la” ) = L 38 oz s R T
W BRI B SOE B S5 £, AT VI Hb
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IR S TR RE 70 PR (3 B 2 i 2 R AT
%, k= PRI A I AR I 15 5, A5 3 G L A 11
v LoV

Slot O B-city name,. O O O O O O B-transport type O O | B-airport name I-airport_name
Utterance list la and then how much is a limousine service in la guardia
Intent atis_city ‘ atis_ground_fare
2 WATTERERE
Slot O B-cityname O O O O O O B-transport_type O O B-airport name I-airport _name
Utterance list la and then how much is a limousine | service in la guardia

Intent (GL-GIN)

Intent (1Efff)

atis_city
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(RS KL, AT 52 e 2 PSR o) Al 23 (1) i) R, R AR Y 4y
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4 AT R I A B T R (BIF-ST
A B, H A5/ 2508 6 M5 BERT 4wfid )=,
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P BRI AERS JZ DL R A - e i B A L)
2.1 BERT %32

KA BERT # Ak A4t )=, 1 ] Hugging Face
H ] bert-base-uncased TR ZRAE A $RAG 4 N SCA P

I R, PASE s SCRFESEEUT & . bert-base- |

uncased {175 12 JZ Transformer, %)= Transformer #f5{d
12 SKERER B SURATE RIS (. )
Horp i ZR7s A AR N (foken). ££ ) T KR IR LT
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2.2 BiLSTM 2

SRR BILSTM HEBURELZHA B e, ),
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W BILSTM J2 51 (1 25 PR A1 [ 36 2 77 AR 45 10 ek e
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attention entity graph convolutional network, BAG
Hh, BT R 7 5 5T 2R RS B R A ) 22 TR R A
HAZ R, BN AE 2 BB ) & b SEBR b, e AR
RS R 2R ER RN BEAE. 5 BAG A
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.

(1) THEHEAE SR 5 5 B TR AR ALLRE . AR DL RE R
Fes* € R™M S A X
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P 5 B A W A AOVE R DA, BIF-SI 51N 1 — M
T3 B R 30 5 M as, = {ai, -+ ann}.as €
Rxd, fRE 5 B AR RS (5 S, AT
asar = Softmax ., (s*)- 1 O]

Horhr, Softmax,.,; % 7515 DT Softmax B, T - R <48
W afedZ:.
24 A-GCN 2

BRI 2% (GCN) A& — M e % g i ] rh A5 5T 4
Iz AT I 28 45 K. FEREAS GON J2H, RS BRERS
5 AR JE T R AT B LIRS KA, B 2 (]

PR S A5 B GON ARLBLAS B A B X 53 AN ]
EER Y E B DU R A, (4 GCON g NTE R AL,
BCHEN A-GON, i RURRRRR & 5 B A S R4S

VGRS 5 = B RV = 118 0 5 B as i N 2 A-
GCN )2, a; fEREERE, W& iFE FEFIERES
= EMAEXRIEEE S, WE S Fras. A-GCN 2 # 4t
At EA KX WF:

hy = ReLU (a; j(W (1 +S j)+b)) Q)
ol WHI b 5rBIAKLE, (R, ReLU A ReLU M H 5

a,;  a, (0] (0]
(0] ay (0] (0]
o a; , (0] a4

0O O O a,

Slot-to-intent attention score
matrix

K5 A-GCN E

2.5 Token KEEIRFIFEEE

¥R GL-GIN' 2840, 76 & R AR, SR T token
WA 2 B RIS 2, I8 BT token 251
FEA) R B R. AR R SRR,

B, FIAH A-GCN Z 1 m a7 S B, 5.

£/ 2 P B T A SR T |

I7 = o (W;(LeakyReLU (Wyh, + by)) + by) (6)

Fort, o Sigmold i 56 5, Wy RIW, R RS e 2L,

b Rlb LR B B, LeakyReLU & LeakyReLU 3 5L

SRJG, AFEETE n A token T BRI i IE T

TR, W 1 2 T A ) 2 B, 5 7 P 4
o AR

of = {oi [Z 1015, > 0.5]} > g} (7)
i=1

Horh, k R EIRECR, 15 RIRH A token i X 7 K
of IBLEREE AL B, A3 4 token FERIFR T 4 M

R BEE, L 3 A token XT 4 /B BLSEAE LIS, 4

WK 1,={0.9, 0.7, 0.8, 0.1} « 12={D.9‘;a_0.3, 0.7, 0.2} 1
5={0.9,0.2,0.1, 0.1}; WIRI% (KT 0.5, A 200 1,
VR 24 0 B, B A R B T (3,1, 2, 03
HO TR (>0.5). UL, SRR — LR (>3/2)
FPRR S ol Flo!,, S5 2 M (93 LAy o'=1{ol, ol }.
2.6 MEFEDE

PR GL-GIN' —Ff, fER 7, SR T 4 R-JR
S22 TP 4, 5 — A RT3, SREL T FRATHG
R 75 RS
261 &F-FRMELZEE

S Jr e S PR A0 T2 B ph PR A R A — A RS
R R 1 LA T 2, T R SRR
A o 7 VAR V050 T P 4%, % 1 2 P 2 [
A T

(1) R B 12 T P 28 2. A P — T A
T, BT 0 PR AR S 00 R 2 SR AT TR A,
EASRAE— A B 11 P 20 5 EL AR 5 7 e, o B
4 RO A 2 2 L B2 ) £ R
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14 F) F W7 & J1 4 (graph attention network,
GAT)" e Bk, 55 1 2RISR AR AT LLE SUA:

Sf+l = O'[Z Q’,’leSlj] (8)

JeN;i
Horp, N — H R OR B R 1 TS E"E*JJDLF'I:,
PR3 bR SRR 0 R R S Y = (s
£+1}.

(2) 4 J7 7 -l A 4. SR S R E R T
TR 2 A =, USSR AT S tH A7 410, B BA R 7k
FiEEG = (V,E), VEREIRTIA, E LB

@ TS L (nm) AN, n RTFHIKSE, m &
R PR AR RS 25 T00I ) 2 B PR 25 4. SN R PR R AE 2

Nl 2 B B FASAE, BIGIS- Y = s L1 i 2 Y
)ﬁﬁ@%ﬁG“lz{ emb( 1) emb( )}Haofiiﬁeﬁéu
ek IR ?B’Jm)\%ﬁﬁi et lffrﬂé‘@v J=yil
%ﬁl%ﬁi*m%ﬁ@_{cm G[Sl}

@ . FEEA BT 3 Fp R 4 -
B, -, EE-EE.

@m%%% 2 )7 GAT 2GR nT AR A

Sl+1] Z o gg[Sl +Za‘/ [11

jeGS jeG!
Forp, GSFIG! 43 57 3 71 142 1) RE R 2 PR 4 T 4.
2.6.2  FEFE T
23t L Z AR, ivh S B S RHE, £33 7 H
TAE T ) e 2448 4x JR R ORGLS L1,

y, = Softmax(WSg[S LH]) (10)"

05 = argmax (y,s ) (11)

Hr, we il — D NS K, o7 ZiH A H 5 ¢ 4 token
RTINS “
2.7 BREVGIRKRRE

% Qin A YRR, ASCHAT T — AN ISR

R R HOR 7 18 2 B BRI AR SRS AR 55 T &

PR H 24 BIERBIESS H AR K R EON:
CE(,y) = ylog(y) + (1 =9 log(1-y) (12)

n Ny ) )
_ZZCE()A}I(‘LI)’)]EJJ)) (13)

i=1 j=1
[FIAE, AR 55 H btk O

80 R4 # % System Construction

n_Ns . .
_ZZCE(yEJ’S)’yE],S)) (14)

i=1 j=1
Forb, NOABAS B BIFR S R, N il bR 2 I 80
B FARR A A
L=ali+BL (15)
o, oI BRI SHL

3 SRAR A R

3.1 SLIRBUESE
Zlilﬁﬂﬂﬂﬁ/l\/&ﬁﬂ’]%igﬁﬁﬁlﬁ PHEREXT L
SO AUV Rl SEG (1) MixATIS! P A3 13 162 4418

G INZE, 756 440 F5E, 828 415 4 F -1
. (2) MixSNIPS $#E 41 25145 39776, 2198,
2199 ZiEA AT UIR. SuE At A% SLat A A 1) &
Cleaned WA R £, Bk TR B E P EE )
-, A W] £F https://github.com/LooperXX/AGIF
R
32 LWRE

TR R 4E L 2 64, = EURIAE ik N\ 45 235 128.
LSTM K&k 5 e #0R 256; #LAREE R /NA 16; ER JIHL
Bl ECR 6; BIEE I ERNE R 2; F ) %
79 0.001. JyiEfid WA, (A T dropout FJy 0.4 {1
AT 25 A Adam®” AR AL B R W22 X T T
S, A SCEFAERUESE FIERE R IR I LAY, X5
i FE 0 4 30 AR VP 4 S50 2 7E NVIDIA Tesla
V100 PCle'16 GBHf 55k k17

J6 Qin % A [T, ASCRE FIE (Fl-score)

VRS A A 78 F 1 BE, 15 FHHERI R (accuracy) WA = B T
W FIHE RE, 8 FH SRR (overall accuracy) PFA & B Al
S 0 i e T T ) D B o A
33 ZIextteissy

o SR 5 DU 2 iy s A ) S e A AL AT 0 L
(1) attention BiRNNUY: $2 HH 3 F %} 55 ) RNN, T Hk
A EEFE MR RS (2) slot-gated™: $ H— /Ml ] 5
BT RT3 2 B A = R8RS A 7 A PR 0 22 T )
FIHE; (3) bi-model™: $i& H — i 2 5 28 HAIHLHIRAS
b 348 et PR A1 R AR A 70 N 5% 2 TR AT BBG &R (4) SF-
IDP!: $2H T SF-ID W48 LA L AME 45 1 I 2 [ B
B & (5) stack-propagation'’l: E ] stack-pro-
pagation HEHE B 45 & = 1)) AAR Sl B 74T 55
(6) joint multiple TD-SF'"*: $& i — AN | 145 AL 1l ) £2
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RS HERE, FIT 2 R B RUGE FE3E 78 5 (7) AGIF!™:
T — Rl [ 38 N AT L R 2% SR SR ) 22 = R
HIFIEIE TS (8) GL-GIN!: 2 7 —Fh 4 J&-JR B =
FL%%, SEILT 21T SOTA [1ERE.
3.4 XLEEWERS S

SR UE S0t S5 A R i SR TR, K T A
B 5 RTR SR 3.3 719 BT 51 25 B I ARR MRS B g 4T 1
REXT EE S

SI ARk 2 fror, A LIS (1) R ER
WIESSh, %3 BERT J& (1) BIF-ST B AL ZE AN Hde 4

R B A T SR 2R LAY GL-GIN, IX R A
SCHE A P A R B L R A DT VR R T R T A A
5T TR B IR AT, AT B s = BRI 55 1
fE. (2) EE B, 5 GL-GIN ML, Bk iy
BIF-SI 7£ MixATIS 1 MixSNIPS % 4E b, H i
RAOBITLILT 5.2% F1 9% [FFETE. JE K & BIF-ST # 7
HE 48 [F] B 25 B8 1 P MAT 45 2 8] 1 58 X2, L rp e i
5 AT DU TR i = R IME 55 e 4b, 51N BERT fE
4 J2 T LA — D4R i A\ SR A SRR S U
B, W4 SLU FPE . 3

e

%2 R RER LS04 R )

- MixATIS \ MixSNIPS

MAERER M FLE N MRS MR FERF1E AEE
attention BIRNNP" 39.1 864 74.6 59.5 89.4 95.4
slot-gated™ 35.5 877 63.9 55.4 87.9 94.6
bi-model™ 34.4% 83.9 70.3 63.4 90.7 95.6
SF-ID”! L0 349 87.4 66.2 59.9 90.6 95.0
stack-propagation! 40.1 87.8 72.1 72.9 94.2 96.0
joint multiple ID-SF" 36.1 84.6 73.4 62.9 90.6 95.1
AGIF!" 40.8 86.7 74.4 742 94.2 95.1
GL-GIN' 435 88.3 76.3 75.4 94.9 95.6
BIF-SI (w/o BERT) 438 87.5 76.9 75.8 93.9 97.0
BIF-SI (ours) 48.7 86.0 79.6 84.4 96.5 96.7

3.5 HRASEWEER SO

SR FH VB R S50 7 1 B0 R AR 2R 45 ) v X0t D
M. FESH BAR R SFAT T, K ] 2 Rk St
T RS G, BT 254505 2 Sk, WL O AR A R
IRFE LRI,

encoder”, 159K % R GL-GIN 5 (] self-attentive
encoder, LI 1F BERT encoder E‘E’Jﬁ%ﬂi Spng g5 R
1 3 R, 26 WA B e F, B R 255 B R
M T 4.9% Fil8.6%, Mk W 5|\ BERT #AL{E Hyshi
g J2xs BIE-ST AR AR B2 T HoA ERAR A, Tkl )

3.5.1 BERT %wfi%)= 4 %tk  DRISEBERT FUyI 25 A AT LASR 5 38 SURRAIE, A
2% BERT encoder, ¥ a7 4 N “w/o BERT T R E A SCAIE R BUR &=
g ! ®3 O OHRESEIRAR (%)
Kol s " MixATIS MixSNIPS
g N R TR FLE SYENIRES JERIiRTEE TR FLE SYENIRHES
w/o BERT encoder 43.8 87.5 76.9 75.8 93.9 97.0
w/o slot-to-intent attention layer 47.8 86.0 71.7 83.8 96.5 95.7
w/o A-GCN layer 46.4 85.0 79.2 82.9 95.8 96.3
w/o slot-to-intent connection 453 84.9 77.9 82.9 96.3 96.7
BIF-SI (ours) 48.7 86.0 79.6 84.4 96.5 96.7
3.5.2  slot-to-intent ¥ & /3 2 A &tk MixSNIPS ##i £ I, & EIMER R 707 TR 7 1.9% AN

4 slot-to-intent V1 7= /1)2, ¥ H v 4 <w/o slot-
to-intent attention layer”, J EL.#44 BiLSTM {4 H #2
45 A-GCN JZ2. 3Bt 3 3 (156 45 5 nT DL M Hb Wl 52
Fl|, w/o slot-to-intent attention layer #£7E MixATIS I

1%. FAEREMH T PRI, il 2 B K R IER S EAR
PR £ B R e 5 OIS 21 T Ry 1A A,
JE PR A T DS i T SR T P 2 TR AT AL
AN Al 2 i B R A5 0), AR R R R
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5B GMHEXMEEEE.
3.53 A-GCN Z 1 %k

N T BE A-GCN JZ A 8k, 4 A-GCN )=,
I P 4k R 2] R R B 1) Y R 0 2 g R AT U
1R 3, et 4% N “w/o A-GCN layer”. 7] LA £2 3],
T R BAS A TF RS, 2R ) = E R R S E
PIRBET 0.4%, XK T A-GCN 25412 = -1
TR IIAF AR R RCE, T e 3 — DAL 3% A1 5K
FEHBEMXEME R, AR T3 SLU REME
SUHERE.
3.5.4 XA IESE vs. HL A ESE

DN T E AR TR X ) i R AT A v, RAR B
= EEINE RN, RS RENERR. ER 3 H
HoAh iy 44 “w/o slot-to-intent connection”. HE#E S48 45
SRR LRI, 1 MixATIS A1 MixSNIPS 44k -, X
SRR FE 5y BIBA A T 3.4% 1 1.5%. J5K 0 A\ At 51 2
Pl 7 1a) R4 2 AR A8 T g AE T By S B 47 P S A P

Slot O B-city name. O O O O O O

Utterance list la and then how much is a

1

Intent (BIF-SI) atis_city

Intent (GL-GIN) | atis_flight |

7S R 2 R 2 ) 0435 S50 L RS X X AT %
FRFAH Lk 0 /F F. BIF-SI 7548 — HIHEZE F [FII #4
B AMT 5 2 [ S I %, AR ELZ R, BB TR
P THT M R T 2 £ LRI 2 LA .
3.6 EMSHTEIE

AT T — AR LR, DLW
80 35 P 038 A . T 6 PR, e A IR 7 I,
T 2 €0, 0 g 8 1. BIF-SI IEBR LTI 1 “atis_city”, 4
MEL RN, “atis_city” AHFFE“B-city_name” 1) &, HAX
A RTEAR S RO £ B R 2 A 2 A
“B-city_name™ il 5 B 11) T4k T GL-GIN Hit Hil
Jy“atis_flighty GL-GIN itk i B U0 1 3 22 J A A
S BT S, WA TR e A 2
5B MLk 2 F, BIF-SI {4 i 3175 52 H 73 0] B
7 2 0 M O P R £ 8, AT R A A £
A B 7 VU AT 5%, A 0 e LA 5 AR 3 A T
s 5.

B-transport type O O B-airport name I-airport name

limousine service in la

I |
I 2

atis_ground fare ‘

guardia

atis_ground fare

Bl 6 GL-GIN F BIF-SI [ 2451 %f ELHF 52 - o

4 diiphREY

ARSCEFRTBLAE % B R A B 22 00 T )
BE I BR LER, £ BERHIMES 5 TR i)
BRI O AR P 5 B B S0 ORISR
53— AR T 1 B, e FRAE T 203 GL-GIN
F) % 3 FE 3 AR SRR A Y BIF-SL Lp Sk, 45
T Pl ) RV A TR o, L 4 A )
Pl B4 R 0 22, A 8 R O 5 A
SCHOHTHEL B NI A-GON 2k — b 1 FI 4
535 EUA G IR 35 1, WA 2 A6 55 o
RS AR H S 5, 388 6 3 R DA A PR O £
£ 8L, 5N BERT BIRHUR I A2, b
BRI\ SO SURME SR IO 2 9230 45 R, it
J IR RLLE MixATIS 1 MixSNIPS %48 42 - 1 4 v
HEHSERT TAE D AR T 5.2% Al 9%.

B BB A — R T A 1, I AL IUR

82 R4 # ¥ System Construction

% 7 A B R AL G 7 . DR SRR B
EP,Vﬁ%%?ﬁ%%ﬁﬂfﬂﬁﬂﬂﬁﬁﬂhﬁ%%ﬂlff%{iﬂﬁ
AH AT @M, HE—2b e % 2 & SLU M TAE.
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