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Table 1 The user’s expression of intent and the corresponding slot types

Intent Slot types Utterance with explicit intent Utterance with implicit intent
. Music_item, . . Include the album by arthur rhames in
AddToPlaylist . Add this tune to the duetos playlist.
playlist... urban poet.
Cuisine, Book a table at a top-rated brasserie | Please get seating at bouchon in tonga
BookRestaurant . . ) B ) .
timeRange... in Pakistan. for jimmie and chasity howard.
. What is the forecast for temperate o .
GetWeather Country, city... . Is it nice now in madawaska?
weather in bellechester?

a) The two utterance expressions of each row are distinct but have the same intent. Explicit intent means that users
clearly indicate their intent requirements in utterances, and include intent related words. Implicit intent means that users

do not express their intent and need to analyze their potential intent to infer their real intent.

A )RR AR 561 SR, AR AN N R RSN (S BB SR B Ay, M, AN R R
T R BT AR 2 ST I R A R R B v 1781 AT P e 2 X 6 0 S PR 2 1 AR S 3V A
(RS X3 [E), ARG FE R e AT AL, H2, ] 8 AEA RITES 2 sh AR, 151X LT k4%
238 BITE SUFEA 1) . IX A F 3505 ) B B3] ()38 SR S5 1 JE a6 1 SCRAEA — & i 22, SUsisis!
=z iz AR

AR, G0 FLHE A AL 7o AT 55 A0 = SO 45 I & A5 Bh T s R R 199101 5%
YL 7 REA SRR DUy BRI S it 4= . Rk, {3 RSO SRR I vt i R R 2 B R B AR FIATE 1.
Wk 1 pR, AR EESA R PIFEA AU SCEE. #ll, Z & AddToPlaylist S5EA28A! “music_item,
playlist,...” FHZCEE. [FFf, Z K BookRestaurant 1 GetWeather 45 AH X B FFE A7 A (Kbl #8472
R AE = B R 2 nT AT 8, BA BT = B

bR 1 Bl AREAL R B E A A 2 Ah, FATE R YR R IET7 N A R = B B B e
B B B AR P TETE AR B e B AT T R TR, R EE SR R REE. RUEEE
R P A B R AT B R B, RR A AT BV AR T, SRAET A TR SR . A T B
ULHH, 3R 1 A2 — 2] f RA 05 —A7 2 (R — R BN R B PR AN [F k. i, 8 =l oK
“add this tune to the duetos playlist” 7 5 &= EAHICHHLIR] (40 “add”, “playlist”), BHMfHIZRIL T H
FBEAERRIA R PRI A= E. e R — MR EEEAR “nclude the album by arthur rhames
in urban poet” H, FH &G BH i Hh 2 I8 AR A L 4R TN 0 B 36 T8O 2 1 = 1 (R ERAT TR DAHEDR B A T
Re AR 2D LARVS N B FR SR . W BT+ n] LR, Rl — 2 EE M ERRIE T . Bk,
fA[EE T — AN A SRR 13X PR FhAS [R] 2 18 1) 5 B At oA — S kR

B0 s i) R, AR SCHR T — b 3 T B o 25 AR ) 28 AR AU = ST AR (implicit-network and
explicit-network, INTENT), FH TZFEAR BRG], N 1 @y BRvMe B fuE, J041 8 Je 28 H
FEAT RARUE = IR, X mT DAFR At B 58 B ) i BRSSO 3 s B R R R, RIS, A 1 R G b xe) JE =
BRI R BT, TAI e 7B Ng a1 8, AT EMFHET

B T TRl 4, FRATE FH i 2% — LUAHESY (encoder-compare framework) K27 >] B3] [1}) 25 %
P, FEREA)FON S B, AR TT DA B R e SR s . O T S A Al & 2 ZE 0 (E B, T4
T RRE, BTN B B SR IUA B S BIFEh g AT S . Bk, IATRE T
PIMR R, G (1) EFETT (switch gate), 5 FH [ THEHLHI SR 1R e 2 A5 FH e X0 4 30 2 did 200 2% SRt
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AT H AT, Ak, B R B2, JEHE 1 T0] DRy B G AT Y3k, T DA NI G 91 5%
HATRLE. (2) 2248 (multilayer perceptron, MLP), iX B MLP K% > 8 & 18 A A) 7 (5
BHEEERR. &G, BITERDNATFREYESE (SNIPS 12 F1 ATIS 18]y b gb47 75056, seit sl |k
B, INTENT #5875 5% & B0 77 T S 1T AE B
gR bR, FATH) F E ok A R

o FARE T —FH T EREAZERRAFHEE INTENT, 248880 AT DU i s B R e U T
jex 8

o EIRATHTEN, JATHIRRLRZE 1AMl RSO SR E Dy R R 2, DASR A B S 2 i i IR
T3 R = B R,

o WATRAWA TARIKIKRE, HHAT 7T RKEMLKRK LR Z A . RN, 7235
B RS IOAUE T INTENT KA ) 50 R i

2 MExI{E

XS TE R G2 BRI B SV, R B IR AL 78 E AR 5 PR AR A B AT S I ) A 550
RGO AL TARR SRR RS LI 78 70 JF AR, 88 BRI SCA 73 S ). Rtk
S AT BTG T, AT DL 026 2% 5 ARG S A, DA, SCRR [14) B0 T
T HBRME ML (convolutional neural network, CNN) [FJ5)F7r IR, STk [15] FDhHUE A PR 4
22 2% (recurrent neural network, RNN) A5 HAC 12852 (long short-term memory, LSTM) M F
TEARSNE. SCHR [16] RAHZETERSIMBBI N F F R S0E BT gnid, I seBlimA 724,
HETARE S ERAME S UG 7 ARRCR, (R AE TR R BIRBIMESS T RCR A

R, AL TARE T TR A TR 55 B RS AL 7B E AL, LK B3R i) 80R 17180, 5
Bk [10] $ZHE T —Fhd T B (e e X 2 AT ARG T — P sh 25 i AL 58 RO A2 S T AR IR
. SCHR [2] SINT SF-ID W28 R N i AN ANARS (7 3 78 i B 3%, AT B e T et R IX
SRR R R AF, AR RAT TS e T i 250 1 5 Mo S, S R ) A 2R o i M 5 BRI RU A1) £ e 4 12

N TG E ER BB, V20 TEE IR R FREAR R BRI A, STk (8] @18 L2 ]
7R T 2RAAIE AR Z 8] IR . T2 S )i i 7R KA 2 51 AW H S8 B EME
W22 2. SCHR (3] AN T8 SO B AR g — A S 36 AR, i Bl 2 56 Jen R0RE AT I 28 51
T 2B S, DLSEIINEHT M S A 00 SCHR (4] ) 908 ) J8 145 B G s U 6w, IR AR
SPURAR T 2 AR [R] A1 S R] o, SRSEIUHT SRR SR, R L8 55 PR A5on I ) Jegs P fe AR
PRHER), HABLSER. SCHR (6] $2H 1 —Fh2E TRl AT H PR AR IR [ FEREAR 7 20 071, AT DA
TREATE SURNTE. TR (5] 978 1 IRTUTAR, $2H 7 —MEL HIE BRI, 125808 R H R B I
B B RIAT. STk (7] $2 5 T B AR B UL (convolutional deep structured semantic model,
CDSSM) #EATEREA T K. SRR G2 5 1 R BRI R TR AR AR AE, 385 X S R AL i 57 ] AT
ANE DB B A 38 SRR, TTTSRAS 1 S JIi g 3. SR [19] {38 IR FEAI & I 2%, % 2
RIS BRI, ANTTREAT FREACR IR IR ). AR, REETTVRIAS T A EIRCR, (B2 ENR
W& TR R B SR AL BRTE UE B, XRS5 3 B0E SUEA a) . A TR TR 51 NS R A7
AL 5 I 1 SRR, FRAE TR AR AN R [ ok 2 T g 57 S AR 32 ) A2 L AR i PR g, AT b ik
I .
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>
Intent =
|j] ipti E Horizontal max Full
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E layer
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Vertical max Full

Music_item, playlist ... —* connected

Matching pooling layer
layer

matrix Explicit-network

B 1 (MEFE) INTENT REHEAME (L) MERME (T) AR. EE#ZOERZEZHWE LSTM,
THZOERZREFER R CNN. FEilZGEiES, AMIRNSHEKE I

Figure 1 (Color online) INTENT model is composed of the implicit-network (top) and the explicit-network (bottom).
The top core module is attention BiLSTM, and the bottom core module is CNN on matching matrix. The parameters of
the two modules are jointly optimized during the training process

3 A&

RN A TR AR BRI IE. B 1 5246 7 INTENT RO U0 AR . 2R3
3R (1) FaaMgs, R TIERE NI RNN fE9%isas - LR, DUEMER -
AN R TR (RIT ). (2) RaUME, EAER ILACHERE B CNN WERE - iﬁ?ﬁiﬂj%ﬁl
BAER (HR). 3) KRR, Bitd L AFRMERARR, DI MZ 2 [\ 1K R, NP E
2t T HEZRA GRS

3.1 B MK

N INEE - AR IR AR (R 740, A& 7 — TR IHLEI ) RNN A 954
e% — PR, X0 R i B e 2 AR SRR A R, AN ] R 57 S A0S 23 A o AN [ 3], 3
A5 R A v B A AL R AR G B 0 SRR AN 7). 5 1 — R 45 AR, JRAT T X e K R 30T A2 g 2% (20)
(bi-directional long short-term memory, BILSTM) X} il R A& B HIR AT . )5, 18 FHEEHLEIK
ISR AP EENE R, &5, A2 RE A2 W AT B AR, B2 a0 R T

3.1.1 EARERE

CNER = fudubs ) BA T N, SRR N AR e -
{ev,ey,... ey, ....ex}. BJa, AL BILSTM K2 2 1l AR v AN 1a] [ 2

hy = LSTM(e}, hi ), (1)
hi = LSTN(el, by ), 2)
he = [hl; i) 3)

TR, AT AT BRI R 55 FEEURE by BHEERIRERE hy. XM, X TaE T
AMFEFIEAR, HEEMERFIREE R bt = (Y, hY, ... kY, ... he) TENTERIIRR.
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3.1.2 EEEARRE

e EE y LN R d = {s1,50,...,80,...,sn5.}, A N, &2 KA A R AL
KA R, 3B 0 MEREEL s, TRRN s = {wi,wi, ... w, . wi }, FH N, AR
KB, wit AFERLRA s, BIZE ¢ AR, wp' 6 N FTA ) B2 e5t, AT e A/E M4 BN

h;" = LSTM(e;*, hi’ ), (4)
H <—
hjt = i;STM(efi,hf"_l), (5)

h* = I (6)

b, LSTM 23651, BA TR — A0 MR by, RIS — NS FFRORES hy Prsiek, (F
MBI 1 R e, Hi, BAVE IR EHR MR hY = (ho h%, . h%, . hov. ).

5. 5
thQ hi

3.1.3 FEhHE

T = IR AN [F58 4, T AR AR AR E B A ARG BB . Rk, AR E — A
PR Z, ZZ R R IE & R A FRS ok FoRiEAR. Rk, X T2 KRS —E0 b, H
X TEAR RS ;g N

T
u; = Zaijh;‘ta (7)
j=1
exp(score(h®, h¥))
aij = =7 —, (®)
> rw_q exp(score(h®i, hi))
score(h®, h}) = hsiTh?7 (9)

IXH score() NRAIEH. a;; FARTERPIIE j MAEEEHIR s ERJIAE.
3.1.4 AR
TR B AR R AR, AT IEAR TR w, 5SEERREN TR b TR

iz
zi=ulh%, 1<i<N,, (10)

XFE, AT AT 2] T RS AR R zimplice = [21, 22, - -5 28]
3.2 BEARAMEK

TE 7% F AR AR AL B, FRATTRE A N — AN SCAS UG AL 1) @, 302 i T3 T-4misas — ELE iy e 7o
VRRRR AL BAR R R, Rk, 230k [21] 8 K, FRATEILECH RN —4E K&, 2REFIH CNN
o FFEAT AN DISREUAR A R IR SE . ST,
3.2.1 [LECsERE

VCHCHE R S 1 1A & B H R 2 TR Rl A AURE. PRI, BRI SR AR sh A A ey 5 i 4
AP HR] e Z IR ARTZABLEE , K5 FLAE UL BCHE R A g — T

m;; = cosine(e;’, €7). (11)
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XA B UTRCAEFE M, P RAIGER my; REIERPE ¢ M5 SRR 5 ANEZ R
ARALLEE.
3.2.2 HHE

T HREUAS [E L RO S, FRATIIEVCECAE B N S R A BARSk UG, I8 28 & NMERZ wr X
BEAVCECRERE M AT, DUAERRRIER] £F, KB e R E 0T

filfj = U(wk X M[ifrk:iJrrk,jka:j«krk] + bk)7 (12)

Horh x FORBRUBE, ry BRE E DBV, RN 10 A EHZMERIR R E 22 (rectified
linear unit, ReLU) {FNEIE R o.
3.2.3 MiE

N T PR R ULECRALE, BATAZKP-AE BT ARG 7 AR R AR, B 15 AR &>
A, DR B T Pl I o R R AL AT DA RS TR P it v R A S m] R B O A o 0 e AR AL A

aj, = [max(ff.), max(f3.), ..., max(fg, )], (13)
k

max(ffl)?max(fg)? s 7max(f~],€d1)]v (14)

oA dy T dy FRIRFFAE B 55 P A RS
3.2.4 EEER
ot BRI I, FEid 4 E R E 8 PR & R KPRHER B ERRE, — AW
zp, = Wao(Wiay, + by) + b, (15)

Zy = WZJ(Wlav + bl) + b27 (16)

b, ap, a, 739 9K AR 4 RN ELVBAL Z 4, o NBOE R AL, X BN ReLU. IXAEE M
iﬂﬁﬁ(’?giﬁméﬁ%jﬂ{u‘ri%% zexplicit = [Zha ZU]'
3.3 XARRE

AT 5% 28 JE 0o o o 5 A0 G QR0 2% 2 ) (0 5 ELEAT AR, e DA 3P 48 RAS ) 1 R Rk
AE Zimpuicie AR RIEAF BT LVL IR zexpncio AN, 2855 LSS HO(E S IFHEAT 0. KA1
FIREZRER R T AR R R )R,

3.3.1 ZERUHE

2 RN AR BENS F ZhFEIUE B DI, BAIPHE R AR I Zexplice MR AT 2impiicit,
R HAE N MLP RSN, #2552 S AR VLR 70 K, il & 2 45 8, HasnT:

S(U, y) = MLP([zimplicit; zexplicit])~ (17)
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3.3.2 1%&#E]

FATBIERE TR 3R I Zexpricn MBS I Zimplicie, FHEILIER T HRGE R
o P e X 2% 3 A B SR 8 AT S 8 T A 1715 LR

g = 0(FC([Zimplicit; Zexplicit]))s (18)

Hrh FO() REEREE, M o £ S BBEIGREL Kk, AEiEAR o MENEE y Z US55
S(u,y) &SN

S(u,y) = gMLP (Zimplicit) + (1 — ) MLP (Zexplicit)- (19)
FATE ZBNEFETTRER] MEN — DRI RTE Zimplicit M Zexplicie L TFBEAT R, AT DU I HES
TREFFRBATHER LA

3.4 IKEH

B IR PR (hinge loss) AR ZR AHEFAE S HRiAT 19, ARHE G IATIES . XL A4
G IEREAS BRI 73 B BT, SORE A IR A PEAS BB . 85 3RATT 0 45 T K e H0E SN

L= Z ( Z [7 + S(u,yi) - S(uver)]-O-) ) (20)

(u,yT)ED \y €Y~

Horp, yt RIEFEARI R, vy~ RAFEARERE. v Z2iUbE, BRMEN 1. 2] BIRE max(0,z).

4 SLIG

TR AR SEROR Al INTENT #E7. [FI, JATERER T oP 8 . 2LTE, DUk
P A S GIEEZ RN

4.1 HIESE

FAT AL FH A A TF IR SE: SNIPSY R ATIS?). SNIPS &/ NG & B F 4L, &L
— P AT SR, ATIS =i (Wi kA7) £dise, AE T ids. Bk EdEsE B g gt
HHEZ WE 2.

TR ER AR SS, JATS IR (23] P8R AERATRI 70, X T FFEA R BT S, AT
SCHR [19] H R4 IR, K SNIPS 45 HH i RateBook Al AddToPlaylist M AB Y% & . XFT ATIS
Hase, FATIEFE Aircraft, Airport, Capacity, Distance, GroundFare Fl Quantity {ENHI MR K. £A4A
HE BB, BREARBENLRI 7 A ZREEANNAE, 2R 2 i, A T#7 LF
FEA R R, FATSISCHR [24]) BEHLREED T W EIR) 70% FEAVE RIIZREE, R TE R T 30%
AT UL P R AR T A % S B R AR A il 4.

4.2 BE&LFE
FATH INTENT BRI 2 2R AR B 7 53T EL .

1) https://github.com/snipsco/nlu-benchmark/.
2) https://github.com/MiuLab/SlotGated-SLU /tree/master/data/atis.
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* 2 MNTEHEAREEIRAES, SNIPS 1 ATIS KIRENSiIT
Table 2 For zero-shot intent detection task, statistics of SNIPS and ATIS datasets

Task SNIPS ATIS

Vocab size 11641 950

Average sentence length 9.05 11.13
Slot, types 53 390

Train samples 9888 5597

Test samples 3914 274
Existing intents 5 20
Emerging intents 2 6

e Zero-Shot SVM Bl g f i —ANRAE 2. 2] 73 K88, 120 e I W B IE RE R AR B R R, IF
FIWT R A

e Zero-Shot CDSSM 1", LI I 1A ¥ n-gram FIERUIBAIRMER SRR - EAX I B FORR,
M 3545 = AN S AR ) 3R, TOH Y & K.

e Zero-shot DNN 1 B2 7E CDSSM f2EA [, 51 N — IR = B e 1, F0 1 AN = B8 F 5
[Mgmig s, IRIFA IR R, N T AR, ERATES H, SR A A 2R E v B R .

e INTENTCAPSNET-ZSL 9 B i 7 —FlE T R B 2 1) A A RO AR R, i 2 2 1
SO TE AR PR IR 518 .

e ReCapsNet-ZS 24 & HM T FH T ZHEA R IR0 0 Jld B 0 285, i a4 0 R0 B 2 36 2k i M E 0
BEEE RN EE, DSt EREA R IR ).

4.3 SCIRYHTS

FATIEE GloVe 291 TYIZRAT 300 4 M & X N Z B TR, 0T BiLSTM, FRATH B2 1
HEPE W BN 128. CNN BIEECN 8, W K/INKEA 3 x 3. TEF KBRS hinge loss 1, v N 1. #itE K
/N 128, KA Adam 26 HEATRAL, SNIPS A ATTS HIRISG2: 31543514 0.01 A1 0.05. X F4) T
KKBE, SNIPS A ATIS 43l B A 35 F1 30. A T A LG, dropout WE N 0.5. FATLL 1:4 AL
511 3%6F T SEAB R 47 SR IEAT KA 127). AR, FEIEHRSAREAI, SR FIAS [R] R SRAE SR mE I 35 S 21 5 35 1
FE5E

B AR AR A8 pytorch® SZHIL, iE474E NVIDIA Tesla P4 GPU b, RAESA WM, BN G
FRL AR S N AR SR gk k. ISR RE b, FRATBENLFTEL 7R BB 6. 841
FERFUGEASE VAR B AL R I, M3 UE SR E RS R IT ARG N5 (E U 2R, XFT- SNIPS Al ATIS, iIIZ5—
A~ epoch FIFR4IF A 23 514 300 s A1 180 s i,

5 4R

5.1 XL

TEAT R AR BRI Z T, B PR R AT S E R L. K INTENT #7345 HAh
AT IEHEAT LA, ALFE CNN M) Bi-LSTM 201 Self-Attention Bi-LSTM 281, #RJ5, ¥ INTENT

3) https://pytorch.org/.
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Table 3 Comparison of accuracy for intent detection on two datasets

Model SNIPS ATIS
CNN [14] 0.9595 0.9124
Bi-LSTM [20] 0.9501 0.9241
Self-Attention BiLSTM [28] 0.9524 0.9264
INETENTCAPSNET [19] 0.9621 0.9480
ReCapsNet-ZS [24] 0.9664 0.9515
INTENT+MLP 0.9726 0.9549
INTENT+Switch-Gate 0.9785 0.9619

® 4 T XEFFEERINFEABERANER N EER L FIDETHRXTEE

Table 4 Comparison of mean accuracy for generalized zero-shot and zero-shot intent detection on two datasets

Model Generalized zero-shot Zero-shot

SNIPS ATIS SNIPS ATIS

Zero-shot SVM [3] 0.0271 0.0116 0.6847 0.5847
Zero-shot CDSSM [7] 0.0111 0.0263 0.7588 0.6429
Zero-shot DNN 4] 0.0682 0.0523 0.7165 0.6294
INTENTCAPSNET-ZSL [19] - - 0.7752 0.6743
ReCapsNet-ZS [24] 0.1121 0.0923 0.7996 0.6821
INTENT + MLP 0.0914 0.0762 0.8387 0.6892
INTENT + switch gate 0.1109 0.0803 0.8612 0.7029

7 5 INETENTCAPSNET 19 il ReCapsNet-ZS 24] 25— B8 55 37 (1) FFEAS 2 PR B A R 4T EL %
F 30419202428 g2l 7 5 RIBATHIFILE R, 75 SNIPS #iifEH, 5 ReCapsNet-ZS il CNN AL,
FATVE £ 1 TR B HER R ol s T 1.21% A1 1.9%. 76 ATIS 34+, 5 ReCapsNet-ZS
Self-Attention Bi-LSTM #HLL, HERAR 3R T 1.04% A1 3.55%. iXsesh BRI 2445 a1l R
P e] B, JATHI BB R RIS A w4 ST IS5 R

[FRE, FRATHLIE SR [24] I B R VPN BT de B AUAE ) CRFEAR R BRG] BRI K 4 7
M, FATTET LU B SCEFEA = BN I 25 R BRI, X2 B © tH I AR 25 2 i B 1, A
] AR LS ST, (H2, "TLAE S| INTENT BAH — M 3a4 7). X2 T RATIBEAR 5N T FEAL
FAUE Ny B IR SR 38 0 = B RR, IR IR RN A) TG AT T B & a4, X A5 B 1A A (12 AL
AEJ.

BeAk, FRATER 4 BIAMR S 20 7 FREA B EIRN PSR, NSRS R B, ATMBAER
ANBEAE ERRIL T HAB LAY X 308 INTENT R 580 0] DU R g e A 2 R VR 01 o .
AR RRZTREEREIERL T MLP, RUIERE T ERME RN A3kl 2 ZR M EZE R, JFaes
U i 5 R 48 3EAT A L

5.2 HRESLIG

BRAR AT, A IEATE LT Seie i AR R TIE R AR, JATEE— D 70 T A R BRI
BRI TR, AR 5 T ISCIR S R AT DUE ), BATRER 1) B A AR R fie 4 IO 25 R AR AT 5. AR A
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Table 5 Ablation study for zero-shot intent detection on two datasets

Model SNIPS ATIS
INTENT 0.8612 0.7029
Implicit-network w/o attention 0.7891 0.6617
Implicit-network 0.8072 0.6742
Explicit-network 0.8306 0.6551
INTENT w/o description 0.8366 0.6825
Intent AddToPlaylist
Intent description Artist, playlist_owner, music_item, entity name, playlist

Add  fuzzy logic to - dinner .
Add the album to the might and myth power metal playlist .

Utterance
Add this artist to |piano @ chill .

Intent RateBook

Intent description Best_rate, rate_unit, rate_value, object_type, object_select, object_name
Find |a | saga with 0 rating called poems for midnight .
Rate  competitors 2 [stars out of 6.

Utterance

Give 1 out of 6 points to this novel .

2 (MERFE) &£ SNIPS FEERAEENTRLRA

Figure 2 (Color online) Examples of the visualization of attention with emerging intents in SNIPS
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. Object
Object_t;
ject_type Type
1 want to give this book  zero I want to give this book  zero
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Figure 3 (Color online) Model visualization. (a) Explicit intent; (b) implicit intent. The darker the area, the greater the
value
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Figure 4 (Color online) The proportion of explicit utter- b

ances and implicit utterances Figure 5 (Color online) The accuracy of explicit/implicit

utterances in different models
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Similarity learning with implicit-network and explicit-network
for zero-shot intent detection

Pengfei SUN, Yawen OUYANG, Xinyu DAT" & Wenming ZHANG

State Key Laboratory for Novel Software Technology, Nanjing University, Nangjing 210023, China
* Corresponding author. E-mail: daixinyu@nju.edu.cn

Abstract Intent detection is an important component in dialog systems. Existing studies mainly focus on
intent detection with sufficient labeled data. However, these methods are unable to detect intents that do not
exist in training data. To tackle this problem, we propose an implicit-network and explicit-network model for
zero-shot intent detection, which is capable of learning similarities between utterances and intent description from
word level and sentence level. To enhance the representation of the intent, we introduce slot types as the intent
description. We divide intent into explicit intent and implicit intent according to different expression ways, and
construct explicit-network and implicit-network from word level and sentence level respectively. Meanwhile, in
order to better combine these two parts of information, we also design a relation layer to fuse different levels
of information. Experiments on two benchmark datasets show that our model significantly outperforms existing
state-of-the-art models and demonstrate the effectiveness of learning similarity from word level and sentence level
simultaneously.

Keywords zero-shot intent detection, implicit network, explicit network, relation layer, switch gate
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