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TOWARDS LARGE-SCALE TASK-ORIENTED SPOKEN
LANGUAGE UNDERSTANDING

ABSTRACT

Language understanding is a key component of task-oriented dialogue
systems, which aims to convert user utterances into structured semantic
forms. Recently, inspired by the success of deep learning in natural language
processing, researches about Natural Language Understanding (NLU) grow
rapidly. However, for the deployment and development of real-world dia-
logue systems, there are still several problems in lack of in-depth research:
input uncertainty problem for Spoken Language Understanding (SLU), data
sparsity problem and domain adaptation problem for large-scale domains.
In this paper, the following researches about large-scale task-oriented SLU
are carried out with the basic idea of bridging knowledge-driven and data-
driven methods, focusing on the above three core problems.

To tackle the problem of input uncertainty for spoken language, the
first part of this paper is centered on uncertainty encoding and robust SLU
methods. Firstly, for the uncertainty encoding of Automatic Speech Recog-
nition (ASR) outputs, we propose an efficient Transformer-based Word Con-
fusion Network (WCN) encoder, which converts SLU into unaligned tasks.
The method considers the graph structure of WCN as a plain form and ex-
ploits “time-step based position embeddings” and “ASR post-probability
aware self-attention mechanisms” to involve uncertain information of ASR
decoding. Experimental results on DSTC-2 (an SLU benchmark) show that
our methods can achieve a new state-of-the-art. Secondly, to avoid word-
aligned annotations on ASR outputs, we propose a reinforcement learning-

based robust SLU framework which is driven by data and rules. We adopt a
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non-parametric value error recovery module to recovery ASR errors in pre-
dicted slot-value pairs. Meanwhile, the learning of the slot tagging model on
ASR outputs is supervised by the recovered slot-value pairs and optimized
by the policy gradient-based reinforcement learning. Experiments on CAT-
SLU (the largest open dataset of Chinese SLU to the best of our knowledge)
show that our methods can obtain significant improvements over previous

methods.

To eliminate the problem of data sparsity problem for a single domain,
we propose a dual learning-based semi-supervised NLU framework from the
perspective of data augmentations. For unexpressed semantic forms (i.e.,
without sentence expressions), a dual model of NLU is proposed to generate
the corresponding natural sentences, which is named as Natural Language
Generation (NLG) model. The dual learning algorithm is introduced to im-
prove the NLU and NLG models iteratively in a closed-loop of the primal and
dual models. Exploiting semantic forms for semi-supervised learning could
be more affordable and effective than collecting in-domain sentences, since
semantic forms are well-structured and could be automatically synthesized
under domain knowledge. Experiments on multiple NLU standard datasets

confirm the effectiveness of our methods.

To address the domain adaptation problem, we propose two methods
at data and model levels: 1) For the domain adaptation of NLU data aug-
mentation models, we propose a novel NLG architecture for the dual model
of NLU, which incorporates atomic templates. A simple phrase template
(atomic template) is designed for each fine-grained semantic item (i.e., slot-
value pair), which is a kind of domain knowledge. With atomic templates,
a semantic form (i.e., a set of slot-value pairs) can be mapped to a set of
phrases. Afterward, a domain-independent text paraphrase model is built to
convert “phrase set to sentence”. Experiments on DSTC-2&3 show that this

method can significantly improve NLU models with only a little of seed data
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(109 samples) in the target domain. 2) For the domain adaptation of NLU
models, we propose a label embedding based NLU model, which can utilize
data of different domains efficiently by incorporating label relations. Several
different types of domain prior-knowledge are involved, and the correspond-
ing encoding models are proposed to extract label embeddings. Experiments
of domain adaptation on multiple English and Chinese datasets show that our
methods can significantly outperform strong baselines.

In conclusion, we firstly propose a series of robust and accurate SLU
methods with the encoder of ASR uncertainty outputs and an error recov-
ery algorithm for slot-value pairs for the input characteristic of spoken lan-
guage. To mitigate the problems of data sparsity in a single domain, we
propose a dual learning-based data augmentation method. For the domain
adaptation problem, we develop methods sharing patterns of different do-

mains efficiently at both data and model levels.

KEY WORDS: Task-oriented Dialogue System, Spoken Language Un-
derstanding, Uncertainty in Speech Recognition, Error Recovery for Slot
Values, Dual Learning, Data Augmentation, Label Embedding, Few-Shot
Learning, Domain Adaptation
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NP —HJIE R KRB E—RARTFREE AL TOME, {2 ASR [
SiRnREE B ERASREL AN LB R ATME", ZF 71 B b SO
U MEWE, & AR S RTHF, BART: L& AT b7, AEHK
B — K7, HoAraE SCRT DL BON R TE SCRE CEE D < b B 1)) R E A M. IR 7S
B Ctedn <4 XFHF7) #IT7RR.

DL 460K 22 20 B 7008 55 2% 115 B (Spoken Language Understanding,
SLU) HJHE GE®) Rt spaithoe B I80E S SUA TS L (Natural Lan-
guage Understanding, NLU), AR R “EHBEIIEME Oy 7T HE K H
PRIE S HARIATIX 70 o« — IS DL, 4155 8405 SCHR A T LA 23 93 55 o RANTE X
FEMEIE A S . HTREEA RS RS B XEEE R, A SCKRE R
B EEIR RS (EEC, mdehenlfa i, FRATI U6 v SO g e i 1
FEEIR AT 55 ) AT 5 ANE )R MR8 3 4 e UN— NP HIARE (sequence labelling)
) B, BRgs e S N i e a1, BN AR R A P o1 -2, AR ANE
SCERE BN R A A TSR (R R EE E R R, RS
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#HFEH | O O O B-number B-DepartTime I-DepartTime O B-FromCity O  B-ToCity O 0
WAST | RE X K B FE N EE TWE s B NE

B 1-2 A5 E LM RBARERD . L PN I 5 RE 3 B 1E L4 49 OB
(In-Out-Begin) #RiE4& X,
Figure 1-2 An example of data annotation for task-oriented language understanding. The slot tags

for each word is in IOB (In-Out-Begin) schema.

HE bRy (i E— B il 7D I, (H 22 InvE SO AR s () HE B2
RN BN T G LRI

faf Bk Ut , AT SS AE SRR KK REA T T =B B

BB BTN AE SCEEAR R (20 TH4E 70 4R ~20 tHEE 90 4FAR) . H
FARIVE CERAAR T VRAEAE L TN, Bl an s b X% R4 VoiceXML [7, 8] A1 Phoenix
Parser [9]. UL ZOARYEAH B (I TE IR, Bt 5 26 M TE 5 RUU SR UL B /S 2]
A T-HITE (SR b, Phoenix Parser B3 A —ANE] 1 CHIE 751D BBt
B 2N R (Slot) #) R TE CHEZE [10] B 2R TN RS NN
BETFRM ARG [11-14] 7, JFPRN RS 2k BUTE LRI, JF AL
FILIU SR AT Ha0 N SCA UM EGE S B o X R VR B R T Kb & AN R & 1 U1 25
o (H2H RS2 I RS IRMEA 208 2 R PR — AN s & A a) 0 75 X
KixEHTE, WHNRSERZAGEE ) — R ZE. H, 2250 E &= A W
22 g, RN TR A B P S i A 2 (A5 R R G HfE AR 4

FWr B BT GRED PLERE IR A (21 HaviiD o BT S
BLAS5 2 T B 6 SCHE AR AR KRR BE Mg ok 1 o RN 773 1 el 8, b s 4 [m] )
(Logistic Regression, LR). 3 #f [ #EHL (Support Vector Machine, SVM). Z&A4-FEHL
% (Conditional Random Field, CRF) 5. X277k nl AR A1) 7 FE 6 DL & AH B
PG hriE GERVE) B IBRNSH. 5F TSN, BR e 2
(PR T FRE D IR 2 o T B vl 7 vk ] DUt — e B o B o1 %%
FORAH AR AT BN o AR G SR T7 V5 1) — AN A2 250008 s S 1 )
AR, R LSt SR SRR B AR 2 A2 DRI 2 01

BB TR S S HORBE A (21 4D 10 4. dm T4k, IRE
S EORAE N T GRS 5 N USRS 1 Rkt e, AdE i . B
Babr . HRE T OISR (TS5 A0E ML Bk R 2. IREES
FRFEFUW NG 1) BIAS Z FERNTE 770 Ay ok 18 SCHERfg 4 0 PR R I 3
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Tts 2) N ZRia] [ B SE BRI SRR IE i 715 R iz AL e 71 3) IRIE
MM 2 SR N 2 RSB S . AR5 B RL S R TR 2R, 5L
] R BE O IR AN R 2% SRR (1 5N O AE 55 BT SCERARBIE Tt ok 1R e, 4
SRty £ SUE BN ZRiE 5 AR R BRSO SRER R SRIEN T8 77 -

12 EFEMEERERSSPHEIEIPK

55 TR OB R AR LA RRAT 7 RIS, (HRERERyST, mHiEs
TR TR IOV 56 4l o LT A 3 P B AR A s &, BRATTE T IR L
ANEERPRAR: 0 ER X P MNP AL ., AR BB 5P R DL N5
AR Y LA )AL . BRI P A N AN 2 TR B R 17 X U U3 il PR 2 B 2
A5 AAREMIAESE s £ AN BEE AR R R, DR R0 TR £
FEVETT Bk Z X3 18 OB R EFEIERIWT T, AEES WU i, A R SUs AR5 5
AN Bz BRI B A (R

121 BRIV E 1 e) R

feg JARTE T AT, 0T AR5 BUTE SCERAA AN AR5 Y FE B 2 Al
XArH), (BB T, FHERRATE MR 7 k. &4 k25
SoF FAT 45 Y OB R A O O ARAFAE — AN AR5, BIBGEETE & U PR HE I R 2
B AR, MITAEARER G IR N TS SOR BTt HEFESE BiE &R )
ATV B e R R ARG, ONIAEERE R | (Bl E . 78 H&. ZUiE
NILR &2 R 5 ORI R R A2 Tovk e i e 1. R S s Rl iR i
SRR EAAEER . AR, EE RN RS kL n NS LI T
VERNTEE R B e om B, 455 29 DB B AR A S Bm S A i T I 70 28 — A Pkl
SN AN E 1 10 R 7 A AN E PEAE BB O S e T E T B R4,
FEEARAE DL P8 7 TH 520 AE 55 8 T 1 PR -

o IEFRFMLMBmBEE: AFT—KIXFFH, BEFEAMHERER
(PITE R T AR AR AR 4, Bl & sR i s R IE A) 1 (1-best hy-
pothesis) . N F %I %% (N-best hypotheses list). 1il#% (word lattices)
TR E M 2% (Word Confusion Networks, WCN) . AT 7 T4 4 AH B 1 A5 7Y
X IR T U i R AT A A S i, A B SR S SR 1 L
HPEARATSS, AT EE BRI P HEeRiA S5 E.

o IBEEIRFME LIAXFFRIBNAREMER B : F TR B 55 8GR —
PR R RN 5 BIARE T, (H R ARV B 0 Y AT 3R 55 B0 SRR vE
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SN L e S NS

SR — . B, EE IR RS R IR, U
P AR b — A P A B A A, IR R PR AR AR R 45 R B b AT R X
PRER AR AR S o HR, DRSO B IS & RO B AR & 1
WEARAE S OB RS 2 7 B CRPE SCEON RS RL B R A 7 elcds), X fh
T SF ARVE A T REFR BB . BRI, R B R e e AT R
F G ARERLP AT RE o ARk 1 R S N hniE, 75 R
LR a2 A28k, IR SE )7 ZIFRITE (sequence labelling) %
A R FFIf#AS (sequence decoder) 1)@,

1.2.2 BRI BEEELR o)/

AR, TER BN ELBE RIS 28 B A& M OKED R, AATTR TR 55 20 11 x %
RGN RBIZIEIN . BARFRINES R 0E 0HE R 50224 00 78 2% (04T 45 5 s
VEFEZE AR R e ©, B (R E AR SR G AT P
SRARATES . TR, e B i A 3T 0 B AN AT R R TP B T AR R G — AN E
WAL I . SR, AN I P A SR . BRI R E 2  R AE
SR o 76 24 BB IR S (AL 8% 27 =) LA R BB 2 ST BRI i o, 33K 2 B AU, ) 4
TR i FEAT SR 73 P20

145200 DV BRAR o LR B R 100 R K B80T BAY S BA R 28

o AITFFIEHE—: EHEANTIR (Ll £ K & 2) Py, BCEERF P 47l

Ao bbiess—. RugFer, BIERENIE URHE LB LR TEE, I
o, Tk AR LRI AL —REL T BRE, “K
B R Bk E R S,

o ENFHRMBER: FATURRAER BRI A IR, ULBUT A L5 X
BB AL, RIS E RSB — Ll PRI 44 R/ B ER
2 P E HIE O M GEIE T . e £ X & S0 E A IR
B b R SR <H ORI <BIRAIR T DA <R EEAR L (KRR A KT Bt
(DR

1.2.3 ESUmAT e/

IR P SR B 5 ) RRT DA IR BN AT, ] DU AEE 2 AN (] .
HH T30 R SPRiE RN RE A, 2 80m /N S 0 CRRATR 4% 2 (H A
SR RERE R EIE AN E IR R R PE NSE. A, mFH A ik

© AFAGIFREAFRES, T, ER THRE.
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CRARSO [ 27 B T AU (B ARA80 I FEEE RGN T — S8
PRl CRIVES QUSRS ) JD o AN [T+ B AR Bt A i ) A, 5 R AT A% 1] el
WV T A A A B B AT A, LA AN ) Ak 2 1) Hcdfs A DA S bR 25 4R
PR 222 55 PS5 A K i) P 8 L B 5 2 2R

557011 T8 PR A 15 UST A% n) j  BEAE  E i AR R A 2 1 -

o WIREME: AR 8] EHE AT K Z AR, (EAR 2B RN

KA o U T P P A P A 75 W AR U AR Bl 1 AR ST e 2 R
A B ATUSR A i 7 ) L) — A B
o REZME: ARG WS EAERARE ZRER, LXK+
FOURSE A R BIAH L ). FAESE, 0T R4 AU o0k
S IR NI I A)SE . FE T PR AR AL (S U RS I A,
17 2 FEAN [ AW 2 [ b R 2R AUAR DR ME IR SOAR R AN IO B Inbn 2815
BRERIER, Kokt R EE NI,

HeAt, ERT R R UG, e KPS A F SRRSO 1D U E
EREVR AR, B A KR IRATIR A B LA B BRI > R, AN
PRI AN B CE AR AL . 2) AU AR TR, RITIUE H A4
B AR AR G R B ), AN R A o USRI T e — 1y B R 10 1 T B
fA . H AR U R R ER AEA E AU RN (RREAR . Bake s AR
A SH, BRI SE R R B AR R G . X SR R R AR L brd b 4l 2 i
i 1) i

13 BXFERFSEHR

ARSI G M 55 8 B g b o 1542 KA AT 2 M. AR AY K
A UL S 35 AR IR0 LA =AML O E AR IR T — RV R SRR . AL EE
WAL

1. AERMEEEPIEZ IR RS RO RE, A SCH ST 55 s

FE TR A AR RO 5 2N 70 R B AR AR 55, BT TE B R 4 SRR 2 FhAS
MLl (i a) 7. N REEEsIR, WREMZ , 7R
R [ A 48 X A AR G A S (1) G B A AN e PR AN BE AT S5 Mgt . A
SCEPNT N AL SRR A T a5 5 B vE = JIHLH RS 7 %
FXME R EFEEN . S EERMRREMNLS, AR T —FhE k) &
T Transformer [ Zmb5 M 4%, K im] VRIE W 48 BB 450 AL, FERIA <& T

@© A GURIER A AU E G AR R RS, AR5 SR ERATROS I AN 4 AN X 2 R A -

66—
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I 2 P57 BB 2 B R <<l 45V 5 TR i B R (1 R T LA R AN E 1k
SRR L% . fE BRI AR DSTC-2 SR Ri], A1
(KI5 EAR B DS TR 22 N 28 (1) 7 305 1 B PR3 T, JFHER] T
= AT B I TERE KT

- ARRREFIRAEER LA ITIRN ST 0B AR ERIEIE, AW T an ]
R N L8 5 SOR B[RRI 55 bniE B sl 208 & R SOk B, IR
R RS BB R N G R R AR SCHR M T — Ak T o fh o
STHIEE 5 R I Eh (RS E B BARAEZE . BATRA 1 A2 i e
AEERUNAATY A IR PP 90 DL RO & P B AR ARABL B Skt 1 B AR R 45 2R B
SEHURIAB (R AT B IR o B IRV IO REEL X 4 P oK 5 IR A 2 S0 L
THECEE (Reward), JF45 & SRS B E (1 9 A0 2 2] SR NS LA B IR B 25 308
BN SRR R AT AL . 2 TR ORI SC A B AR ER O AR
HUSERR R, FATFETE H R0 45 1L BOiE SCERARAG 2 3RAS 1 B Tt
- NEBBIENEIERREE, ASCNEET ZAT, By =
I (BT U B SR E 2 (0 B A, RS 1R T S ST B
FERAT 55 B0 SRR A~ W B 2 SIS o FRAT TR F AT 55 2R 0 SCBER A  o E A
55 CRITE CHBR RS LSS, i CRISCAR™) A TESCAK L I S5 R A v X
AR B RIS NI SCA, FFREE GRS S BOR Dy “ ARSI A1 X
TR SRS E AL R 23 . JATTT IR RUEAE 2 M55 TR
D@L i ARt eiiE Mt G RN ATl

- ASEIBSUEANT R PRV EERIER, ASOEHE Y Fe R R s T
177050, N EIRRAE S S 1 Mo L A L 2T TR AR 1 <3 (R SC
A A SRR . BRATTE SRR R A A PRV SCRE AR — MR (i
THRO, FEE SO CRITE SGEEXT RS MU —MEIRES, &
ARAFERR G AL B R Te B IR 700 . BATTHERS E 1 TR R £ 3
PR, SRR Y 78 R AETE RN Y <REAR SRR A) T (KSR
HGMAORA . ETE R MERIESE DSTC-2&3 ERJSEIRRI], Al
(KI5 AT DAse B 3 se e R (R A0S, IFE H AR s SR b &b
BAE s o0 T USR8 SCER AR RE .

. ARRREEGUERNIT R P ANE SGERR BN )R, AL B & 5 5
H A, WEFC AR A A IS (Kt 335 B g s C H ARt
O HITE SCEARRAY . BRATT ORIV SCAS A R L ] e A S AN [R] 5T v S
PREE S ATAN— B ) J, AT TR 1 SORRAE B S 56 AR 5N BT 55 B0
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SCERR A, JRIZYRAS R U T SO TR AR LR AR, DARIRANE
XIRBR G AE R g ) e FA TR T —FhdE T AR A 2R AL 175 X
BRI, RO T ARSI BIAR A — B Bt E S OiE R et F
(Rl FATTAEARZE 73 AT ARAE A GIN T 2Rl Rl R T, 15X
FEIR . T8 SCHEREG] . ADREARSCIEER ), TR AR L A bR 28 70 Al SR AL S Y
P . FATHEZ A th oSOl SR B 1 AT R I SE G, ARG SR IR A R
R ITIEAE B ARG (> e (1 18 7 T EL AR R U8k A 3 5
A YERTT.

£ ERIBE AN E S, AL otk S B E B 45 i F

1 DR RIAE 5570 1 BRI 780 20 TR (D308 18 B Rk AT 7T
WAL I TGN G W), BT IR A R Gk 1l
R 5E D % BT FURE A Y SR B BT

2. DAERIEEEY 78 7 sURFR R I SR R 199 78, RIEE Y 78 S A4
WAREPIAIRSLIERE, AR SO U ARG & 7S, PAMIIAA 2105
AN FATEIE Y AR AL I B

3. WKW 1 VBB TR 2 B B IEAR R L TR AR G, A ie
SCAE DB ER AR o B RS 2 T A SR SE R AL I AR, e S A B LG
A2 FSEIRR SN B TR R, ARSI 1 AR R Kt (122 >
L

14 WMHERALEHEETHRH

AR NE, RRETARZHMT: B, BomNEUESAEH
AR ) AN 2 A S SCBR AT ;- 55 = 3 SR 0 1 5 Ul 45 R 2 A AN E PRI 2
Fafd D TE BT B DU A A TR 21 B SRR MR R SR 1) s AL 2 ST BRI
FEHE I TE BT B LA A0 TR 2 ST MR i 78 i1 SCEE A I 2 ST AE
Z; NG R TR S U T ik BB RS A U R TR AR B
FRIBRZE 73 A1 SUERAE T3 12 DL E AR SO AR Y U B & B2 ST TR S s 55 )\ &
S B AN AR R4 O ARRHE T FE



SN L e S NS

BB (ISR OEERNE AR

ARSI IIEXS G RS, IR B AR ST 115 B R A AR 5 8 B 2 [ i
RS, HEAEEMEH CN Fridfih, ARG R G05 S RES (i H & 24 [H]
ERHF B e BURF B AT S5 o (BAEDAERIA R Z B AR, N7 i HRE S it
BEORRIBEFEAMB ], FHEAR SR R AT AT A 2 o X PR AR DL AR v 1R )
RRBGEHES TR . T2, (LR ERFEMTEIE T, BATERES R DB g
5 HARHAR AT 55 1 SO AR

AERIMEF R OE GBSO BEEORMEEE . BATE AR 1N LS
RUAE SCHE T ) — Se B A &, AR AESR2. 271 N R S5 AU SO R B AR BOE
52 3N AR 55 RS OB I 2 S AR T, SR 2. 479 R TRA B R A R R
RSB LB TTE, B52.575 /1 G55 BLE SCHLR v i TSR S R S0, 1 T L P
FRTTE, 2.6 R AT /NG .

21 EAHEE
21.1 EEMMEXE

55 BUAE PRI BB H 08 F 7 000 U B 4 i SCROR I S5 i AT X
(TIRR 98 OB o FEARICIW K AT S5 B4R LB, X PG OB EE B
T &B (intent) Fi& A& (semantic slot) [10]. HA = EARE—A) G
G MEFEMER R, W NN, BONRIER. T SO N 2R 7R A
HEL — 2o @ 1 (B SEARSR A FIEAHRIE (value)o LLUA P Ul i) —H) i 2
“RBE—RASRTFMAESE IR TOMNE, HEERNN EBHE, 1B
FEAEEON (B RBTE] = A X T, B AWM = L BIEWMT = b, MEHE =
— 3K} HoH R BT, Cl AR CBIRIRT. ChLEHET BONIE R,
ARTFH7 “RiF, <AbiTy “— iR AR IR TE SUREAH R IR, e A3 R4 %
T XX 1B AARMEAT (slot-value pair) .

2.1.2 SHESMEARA!

AT AEEXE RGP R <X i& 17 N (dialogue act) ” {55, Traum [15] 7&
1999 R FE T XERFHAT APINES, FE 7GR G B UL AT AR EEX]
A X, HAPaRE <Rk Gnform). RN (confirm). #H (request). 7

_9__
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5E (deny) ” FEAT AL bban, “WEREAN v LLH SRR RA)F 2R B4+ Atk
g2 > AT, < w] AR SRR 7R A “IX AR08 Btk 2 A4 2 AT M.
XIS TEAT NI ITIE S ESRTY (dialogue act type) [16]. X ifishfER
RIPARCIE SR T IR R B E 1 UE R, BoRflinR2-1Fs.

%k 2-1 #xtiEahtE £ A 6 & B A5 AR =)

Table 2—-1 Examples of intents and slots with dialogue act types.

NG BXEE

il
[

=
]

M EHERE A RIS SEeni| (R = L BHEMT = Jb50)

. . X {confirm-tH &% H# = BHK;
& H /If_fl‘\ N u* ;JE% E;%\ﬁ
RIARETT R RNE P 2 confirm- i &I [0 = F4+ &)
PAE AL S N AN A AL % 2D request-HLEZMMAS  {FiA T = Jba()

e . . . {deny- 23T = TR
BT, AT, EmEM ERYIE
i LM, REXMEMN FEA SR = )

2.1.3 SusAK

FEARS R MEXMIE RS, HP 5 RGER RrE ik ((E5%) WITRINHA
WO HARAERESZ IR T e U H S, IV B Uk Ak (ontology) [17] Fit
HESE o A IRAHEARIR it 17 52 QU N Y (SRS SRE LURAER
AR E SGE He Rt AR AE SR P OISR S L B 1R
SCRERE B SO PTEL S R BUESE & =B 58 ORI 5% 22 DAL SURE 2 TR R AR
HRAZHAK

o EEIMIE XM CAfERT I HId . (HER 72 EIATE SR 2 FR5h, Aifid

APV S e B SR, ELan < HUR T a] IR O “Aige (TRAL) A
®CBA. BIT) AT LA,

o F SCREAFIE DN — B ELFETE ORI HUE R A CREnsey . w4 eR . AR RA,

IFIE]. HYISE) An—seHARAE CEudn, 2T DA ).

o I SORY TR 5 R U 4R 5 T2 A1 SORE R RERS ) 4 A T AR, L
R SORE < HH Al T AN <R OBUE AR T BLAHE < Bifge . <dbat” 4%,
Bse PRl AR 208 SO BUE Bk e e fas, Ak — ik g i f i
AR5 -

o BHHIE MR RA SO EENEZC R, NE BRI Y R
FEBETE SR (B8 SORE R PRI, T 53— &6 70 & mlade i), Eedn
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x B M8 X —F S FFE M A RE R W HLE

[ e e

ys O 0 © B-HLE B-Hj?i Iﬁ/x 0 B-H & 0 B-Zli& O 0
&2 B 18] B[] W Wi

B 2-1 —AMEHFRELEM T, P aETrRRAFEXFHRA
Figure 2-1 An example of task-oriented language understanding which involves intent detection and

slot filling.

LA 203 B HURIRT A B
o (E TR, I S 2 AR R A
B oS R AR L TR, (A RRR. AR KRS,

22 EEENENEMERIZE
22.1 EENRHEIENEER

1155 BUE AR — ] DL AN FAE5S: B BR A (intent detection) &
AR (slot filling), WIE2-1J7~,

BENRR - BAHCE AT SRR KRR AT x = (xq, -, x5 PREIZ
ANREBEFEF T 9T € Vienr FF Vinene /2 A RTAUR A+ BT v GE R B 1 &
B HE x, RIERKRMEANEIMZE p(y! |x) E §7

' = argmax p(y'|x).
Y €Vinent

7 P 2 ) — R AE A1) T B0k T T 2 AR KA 1 Pl E . Bt A P 6 <3048 R M b
g KAE AL A TR LBk R MU B RS B LB 7 2 IR T 0k 1 T RS A
—RER R

B SR TEAT S 2 R T SIS SR, B0 AT ol B A D6 8 SRS (048« 78
Gib S Jrrh, B U FAE S A AR A A — AN AR S (RHAIR 55
KRB HFRE) o BT x, H HARRRIE R SR p(yS|x) T AR R
SR ITE RS S = (], -, v

}75 = arg max p(yS|x).
yS
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Horr )% € Viygr Vi 72 R0 SUEBT A AT BEIOTE AR S 5. WER2-157R, K
ZHOAHAE T HAESERIME, T2 0" bRBu FR R IR E X2 A . 1h4h,
— AN SR R B T DA OB S 2 MR, N T XA ARBIS B, —ke
KH “Bs 17 43 RN —ME R ITT A 1A AT )] o X2 7 AU bRE LK TOB
(In-Out-Begin) JFRE A,

B 7 — M LI X 5 S SORRYE, BT — B AR B BRI X 55 18 SRR . £
SPIXFRIG DL, A RLIHLAS 2 1G0T FUARTE AR T P AU RS (Eehn 7y SR al
éﬁﬂﬁ@oﬁMEﬁiﬁﬁﬂx,u&m@%#%%ﬁﬁﬁf¥4ﬁwmﬁwo
Hodr y© — Ry —ANE SO RT, LB 219 () < K] = A KT 7,

BT S @A R AR 2, AR A SO A TR A DGR SR T AT
% (UHRIET FHARERIEED ML,

222 ERIEMIERR
o AT E BN BIVERZ (intent accuracy): 1ZIEART & 2 % /b Loyl A
F R R B e 4 IER R .

. Nage! il
intent_Acc = # VU IER6) 7 (2-1)

# T AT
o G SUFE TN PIRE HEZE (Precision) A 1% (Recall). THA1-F33{E (F, score):

# O R PR o SCREAEDN IF HA5 N TR —BUrE o0
# JITE PN H R B SCRE ARG
_# TR R 3 SCRE B I L5 N TARTE — S0 5 (2-2)
# BT N CARvE B8 SURS X
2 X (Precision X Recall)
Precision + Recall

Precision =

Recall

slot_F| =

ERIRIR AR VE SRR JO . B ESCAT R, — AT R 1R bR R
—NESCEEXT ISR G, X AR AEAR . H Bl AP (R
MEE ShEEEGZ RN RS,
o IE SCRETIIN K A) 7 SRR 23R B2 A 2 /0 LBl )1 138 SCRE M
T 45 R 5 AR e 4 — B

ot Ace < HIESUMTUISE 4 EHI ) T 03

# T A1

Horp # ROREE .
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2.3 ESELESCGEMERZ HIRR

FEUMERI R ZHCTAR T, ARSI FAR 08 GES) Rtk s W amg, A
IR R AL B R TE 5 AL BESOARHE 55 AR AT W 7T

2.3.1 &4 75 kR

KT IMEHE MMM G T 20 2 70 FAREEEHEGEH#HM R TE K (De-
fense Advanced Research Projects Agency, DARPA) ] & & FEMRHIF 70 A1 55 Y545 FAT
% AR, B IR EHIAY 718 N 4555 B ARE = FRAR R AR W B N T 10148
HRAA 18], EL3 20 4 90 X, 1545 T DARPA BEBIIINI 15 R RS (Air Travel
Information System, ATIS) VLT H [19], HEHEMER A HIEIERE. 52
KB FARFMP TR FRA RS 5 Hg, IR EEEH P ST HE SR E A
S W GLTDLAFENPHE . Hin#aR(s 8. VRS E RS, BEA—1
PREFHE 22 PRIV % . 1E ATIS T H B F it #e i, A& T IR Z 58T U A0
Gt OEER RS

% HSRE T AR R B SO e, L TR SRR AR T VR AR AR S TR,
BILnE M 248 VoiceXML [7] F1 Phoenix Parser [9]. -7 Phoenix Parser 1% A ]
—h)iE GERFFZD B R R )38 a8 (28 R RO . 1077 E AR
XPIEAIB N T 5 26 B HE 5 N, DR AT 15 2 1R300 P2 AR B SO . (B A2,
KEFET RN RS CERWARRNIET AR RS [11-14] FE5 0T 4 & 5K
WA B SCERN, 56 T3 g B APz AL RE TR 2 .

BEAE H ARG 5 AL B IR B 2 50 = O VE RNE, BT Sevt2 ) B9 AT
FERREEE . BTGt S TR LR B Rz AR Sy, IF BT BAYsk > %
T80 SR AR 2 T OB K ARV B - v SRR A v DL —20 o A
s AR (generative model) F1HJI XA (discriminative model) s A2 i
B2 ST RSN x FIBRVE y Z A B EMEZE A0 p(x, y), T ) s 28 D) 42
Xt RSMER p(ylx) BEAT A

A B Gt v SCEEAR DT A H A 5 1V (Combinatory Categorial Gram-
mars, CCG) [20]. & TEiE IS HL##% (Statistical Machine Translation, SMT)
[21]. BEMLAFRIRASZEHeHL (Stochastic Finite State Transducers, SFST) [21, 22]+
A DI 2% (Dynamic Bayesian Networks, DBN) [21, 23, 24] %,

A ) A 2R ) B DA 45 e B N ) 1 IS SORRTE G B0 . 5 AR R Y
ANTA], IR AR AN T ELAHCRFAE B 2 18] IR A S AR 15, R IR AR m D B o i b 5 |
AR AT R I IAFAE . BRI, TR SR RAT 55 R 0 S — il = B

— 13—
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-9
SR B = R
I
[T T T T T T TF

|

[ J 1 J | [ S|

G I HEZIES# JEIEERIE (Hodn PELE
HB BRI max-pooling) pzk

B 22 —ANAF LA K69 CNN A 48 H) < 15)

Figure 2-2 An example of CNN architecture for text classification.

F LT AR A [25]. % LA 0B SR 7 1R B SCRE M &AL (Support
Vector Machines, SVM) [26, 27]+ B K4 (Maximum Entropy, ME) [26] f K85 /R
£k (Maximum Entropy Markov Models, MEMM) [21]. 25{4BE#13% (Conditional
Random Fields, CRF) [26, 28] %55, 4, @i {fH = CRF (Triangular-CRF),
AT BEALIZ AT LR S50 — AN ) 5 138 SRR A) 1260 (R BD [29].

232 ETFREZEINFZE
2321 =EEHER

w ESCRTR, BB AT AT S o R K . I A S g A
NEKMIFRME R &, BHMLRNZ (Convolutional Neural Network, CNN) Fl{E
2 2% (Recurrent Neural Network, RNN) 2 #iL 780 () FH T~ i e B 2928 ) J () 3
FE 2 AL

K22k /R T — AT AT 2800 8 CNN 280 [30]. — M EREERS T
— MRS (filter), HAERERIA AT 1 N ) [ e i O = A8 B RHE, B
X b AN PURFAE A2 P AT o ] o s A kg sh 2] 45 A, nf
LSS AR & CRGERHIE. BT AR FRKERAER, A THEB—AEEK
FE)A) TR AR ) &, Bl (max pooling) Al N F RIANE B 1 18T 4r
ik E3RECER AR, ROV E I (B 2R R I . R RATE K DB (L
w22 K A 4), WATDIBSKE N K FRHIER &, XSRS N B 4% 3%
[ softmax JEH &SR M A= B B0 .

B 7 H CNN 32 HUA) 7 IR IE R R R IEAT 70240, A — 2 TAER a1

14—
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i 2 intent «------------ :
Mt HEE |
ZIBI# h, h, h; EhT
RNN » RNN » RNN RNN
TEHF 725
2 i 1 f i
x1 xZ x3 P xT

B 2-3 —ANAF LA X469 RNN B A 48 )15

Figure 2-3 An example of RNN architecture for text classification.

M4 (RNN) SRS N IA) A5 S . WER2-3fR, XM T RNN &) F4ufid %
(2 M iy . B, FRATATLLE CNN —FREGT RNN $REHH R (1 a2 1) B ot
A BRAE SR SR AN E 2 45 B i A) FASAE [31]. Hk, BEEEE JIHLE] AT DU BT B2
AR N ACE HIRECE AT [32]. BEAh, F —Fh 7R EH RNN
B i — N BB 2 AR AR A IR R [33], TR S — NI % 1 REZ )
A B R TH BT A BN 1, 38 E B &SRR B A R B RIRE . dnEsk, B
[ Y] RNN LWk~ SCEBLRE /) 558 1 XA RNN [34] A1 Transformer [35]
Fr &R

2322 iENfEIEA

TR I T P HUARE (IS RSB FAT 45 b, IR N2 R S UG 2« Yao Al
Mesnile ¥ HL [ fEIA PP LS (RNND W H 215 AEIE AT 4 -, HAE ATIS 4k
BynE R E BB CRF A (36, 37]. E2-4ER 7 — /N T8 I 754755 1)
RNN #AEEH), H B N =20 0082 REMMANENYSE. B—EYH
— ZANML e, BESEZ @ — MUERE A E (bR U, W,
Voo FINZEF x, RARNITHVE ¢ B Z B, EIERINE PR — R #od
¥ (one-hot vector), Hfl o(x,) € Rl Hirfr v A AI7ZE, kgt x, XM
IR —4E{E R 1, HAEA 0. HiH 2 M5 2, Ron 2 045 2 F L2 5 A
(FE T 18 SO bR 2E 1D, iZ%0 H m) 2 0 4E B0 T 8 SUREFR S I B 4. 1245 45
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R yp ¥ y3

R A

e [ o 1 o

I vl I
X2

AT x, X3 Xr

B 2-4 AT &2 5 IR H G RBIRAYE R AR
Figure 2-4 RNN architecture for slot tagging in spoken language understanding.

FEERSZE A = BT S

h, = o(Uo(x;) + Wh,_;) 2-4)
r, = Vh, (2-5)
z, = softmax(r,) (2-6)

Hrh, o(h) = H%’ Zyy = % o A sigmoid IE BREL (28 X 45 [ T BRI 2K
HIRZ M, LUl ReLU. tanh %), softmax N4 n) & 0 — 4 ALE T A 2859 L
IR Z oA . A Uo(x,) Kaldhm & (BH0 BRGA—MESLRIRE, %L
[Fi) 5 PR 1] FRAE A PR A il ik N B ] ) B2 (word embedding) .
ZAE R S B FR o e MBS AS () 87 2 A X BB AR -
|x|

—log p(y®|x) = = ) log p(y; [x1, -+ x,) 2-7)
=1

IR A 2 FEAE R FR A 2 AR ARG &R, HLES ¢ B 21 ) Tl

g B AR T A T 2 DA S 2 1B R A R SRR R A . BRI, R T AR e RR
FER e B2 G EE R, — BT RIE R DS AT 2 ORI E — N E K
(VRN ] BB R TR/ 2k + 1 D, T8 ¢ I ZI N x, 22 X+
H X S AR B8 PR A 22 I 28 72 I 50 FRAEAFAE — 28 1 B, ROBRRETH 2% (gra-
dient vanishing) AIESEEEYE (gradient exploding) ). KA {CIZ %G (Long
Short-term Memory, LSTM)  [34, 38] /A & bfig ok 7 X AN m . Yao 55 [39] H
S5 E LSTM HIEI #2800 288 B FH T4 55 245 SCHR AR 4SS, FFAE ATIS il 4
BB T 54 RNN. ZA1 LSTM H R LR R AR, Ja8k—2 TSR 1 — R A H ]
SR, 4 111G 5.0 (Gated Recurrent Units, GRU) [40, 41] .
FIRFE T L) RNN AR e 2% 18 S AN 2 L S 2 A a5 6L, T 2288 1
YT 2T S WA . BT SR AR AT 55— MR X 4 e B ) — A R A DG fE
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(0] B-HERWT O B-ZFIEWH
backward

forward

N kg iE Ele3- S

B 2-5 BT O3B P AR IEAE 5 689 016 M AT 42 9 e AR A

Figure 2-5 Bidirectional RNN architecture for slot tagging in spoken language understanding.

S, B CAERE b nT DAR] A 25 RE 2 w5 i 21 2 B A S SRR S . 7EIX 5T, et
TR 235 K6) B 3 R X R G PR A X 4% o 124570 F A PR ) RNIN 2L, AR — A 1)
HIEF AL (forward), F34b—"NA ke Rk (backward), HARZE 40 & 2-5
TN fE ATIS ¥E4E b, XA JE A0 22 /N 25 B T8 38 7 Bl B R J 0 90 4% B8 A0 e 1
REZKF [42, 43] 0 JET- XA PR i 28 X 28 A5 20 1R i SURRZE T B b il AR N I R
EER RN

|x]| x|

ICABE J ECARES | FEAR T (2-8)
=1 =1

Horb x. yS RN F IR AR RS, v TR ¢ I ZIRE SURERRES .

BRAGIAAH L IN LR AL, BRI ML (CNND T AR BINE SRR 541
FRIFEAE S [44, 45] 0 AR X 26 m LRI FH 22 5 i) A FL o] Ll o o AR i B R g
FERUH HFHAIE F T P B AR

IR TR AN TR 20 0 T R A S, B SRR AR S 2 A
FIHARBE R LG ZAERENLY (CRE) R AT LU AH AT 4 HH bR 2 18] 4k
R R A BB, T2, 2 T/EH CRF BAUFIVREARZ M4 (Ll RNN,
LSTM. CNN 25) M H.Z54 (44, 46, 471 X EERIOAE T IR R 2 N 48 &
FR— RIS, R IX SRR AE/E N CRE BRSSO\ B0, &g KoK CRF 45
BRI ACHE T A R FE AR 22 I 28 AR AL BR B » B¢, CRF R84 AT DB $2R H & )
PR SRE RN IR AR 242 W 2% — L B B 50

bR T 4565 410 CRF M8, 2T < HI 8750 Mdmid#s-fEih 2% (encoder-
decoder) 1R [48] J5 Lt N FH BT 55 BE @b [49]. IX AR gm0 25 Al
fRID 2RI E L, encoder XA N T FIEAT 0D (RIRFAESEEL. ), f#
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B 2-6 &N AEA A0 “mAL R-fRAL R M), 0362 & A (attention) A=F & (focus) Ay E
T SR BUALH]
Figure 2-6 Encoder-decoder architecture for slot tagging task, including attention and focus

mechanisms.

i) 25 DU AR 03 G 55 2 P45 20 Y P 0BT T o SRR A AR 2 ¢ I 220 F) T 2 A5 1
55t — 1 I ZI B A RAE N, DL R 5 PR B8 RN P OO 2 o BT A
R (R3S e S bR ol AR 9 T T i) 26 AR 2 3K

x|

p 10 = [ pGF vy v2 %) (2-9)
=1

Hob x. yS A RFREN SRR H RS, yS FoRE ¢ % HE SUERR
2 M%ﬁﬁfﬂ%& AL 2R P 5200, Kurata 55 [50] & H 1 i as-AriE#s (encoder-
labeler) AR, FLrpéfih g5 RNN So0 iy N\ Fe o b AT 10 Fr g i, S8R5 6D 45 RNN
Py N B HE 2 AT dan 1A DA S b — I 0 B SCPRZSE T 25 5 . Zhu F1 Liu &5 [43, 51]
3SR TR R JIHLE Cattention) )4 At 28 - ff A A 452 284 &7 A 4T 45 28 SRR A,
LR T 3T “REENL (focus) WD as-MELav iRy, WE2-6F7~. 1E56 ¢ I
Z|, attention 17 [48] FI A5 RNN /1 ¢ — 1 I ZI (I F&)Z M = A 4wl 45 RNN
FIT A i Z0 ) B2 1 AR T A SR MU, @i = {1, -, x|}, FEXS Rt as i By
HEJZ REMIIBCH, W3 2156 ¢ I 2] KRS 2 RNN B4 o focus 1584 I B 3
FIH T HIRREAERSS RN S50 7 51 5K 55 R, D48 RNN 7E 28 ¢ i %1
[P N2 b5 RNN 7E ¢ B ZI IR E M. Ahf] [43, 517 ISEEE R B focus A5
R 25 R EAR T attention,  H.[RIBS AR T-AN 5 FE i Hi A58 5 28 1R 0L ) 418 45 o 442 ]

LY TRt
VI Z PG 28 N 2% 1 oAt AR Fh i 8 38 SCER R 3R AT T A OCERARTN B

— 18—
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Flight

(Intent)

h, h, h, h,
! I ! I . (Slot Filling)
| T = 1 = T = T (0] FromLoc O TolLoc
from LA to Seattle T T T T |
X, X, X5 X, I \ T ,\ T \ T \
h, ¢, h, c, h, ¢ h, ¢,

B 2-7 # T encoder-decoder £ 44 49 & B 1R Hl 425 X ARA LIS A (iZE 3] A Liu A=
Lane[51])
Figure 2-7 Joint modelling of intent detection and slot filling based on encoder-decoder

architecture. (This picture is from Liu and Lane [51])

JHEIT A AMFIEZ 5 6 (External Memory ) SKHEFHIGIA S W 25 11181288 77 [52],
DL 556 F8 5 R 2508 e SR TEAT 2570 N TOB 43 BRAT 25 FIE SCREBRTEAT 55 [53] 55

2323 ZALREEEF]

=B E R A A AE A R RS, teandE S B <A
Y BR) AR B B B3E SR I . B DAE SCER R TR AN R FAT S B S
STHIHLHPRE A B T3 T 55 2038 BRI PERE . (HAEIR ZHLAR = ST AR, A T—
A SVM 7 VEfg sk m) 0 2R @, 1A CRF BB R PP FI bR ) @, X 2k
FIEFTEAR, KM i, 2] TIRES B, T & 4 A 1) 45
Fya I AT R, 1S AN RME S5 2 TRl R I G 2 2 AR 15 i FR T (BT K

Hakkani-Tur 55 [54] N T BE RSB 28 mERRA . & U HERAES,
BN TR R NG AL B &l AN — DN ESMRIE < BOS > M < EOS >, JEH%
TX PSRRI I 4 N ] 3 Sl e B AR = AR RS, TR 2 ME S5 SR Rl AL —
MNKA BT FIFRE A . Zhang 1 Wang [55] W JL= BLSTM 4mhd 2%, i & K
AR B R PR EU ) 7 AR R, W R T S bn v E A = B 2R ik
BRBUINBUR A, [ IR MES « Kim 25 [56] A AR AR At = &
T8 R TEE G . Liu Al Lane [51] T encoder-decoder 45 #4 52 H T BE& Il 2%
[P SCRE IR 78 A = R B A . 27 R R, HAR BRI AR decoder 2215
ANFIAESS, WL F—/NE)F encoder. [ T IEAMHILER), LLETER ML
K% 0 Transformer tHA% 8 1 21 & BRI AIE SRS 7S (A 2L [57].

FIRZAT B G S I B A R 2 L T ) w26, T B A
HARFEHARAESS . Zhang 55 [58] T S FH Jisg 2 4 286 of 2 PRI ARl R SRS S5 7 304 7 Ik
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B, Qin 5 [59] £E 1R REvE SCHE BB I, — 28 AR ) 3t A1) A
o B S T4 B T SORE (1 T2 AT 2 N5 [60-62]

2.32.4  FETXFUE BN SCHOE PR E

TEIBIAIENESE R, 18 CHREAR AR5 R SC Ui ®, R 76 8 [ j st iE
5, FFE— AR A ARRIRE L. Eeln N X pg o)1

o PRI “KREFE—RELRGZTHE

o R 2: “BRTFH 347

o HIFREIR 1: R F HAX B —AN i 4P 4R B2”

o R 2: “BRTFH 347
M ERGIFRT LG, PR B X TFF 3 .87 MEREANFER, i—MEiEsgE
U R ], G — AN U2 BB R B R B A 8] . AEAR 2k, AL — A il A
S 3 RS, T S INGE TR S AT AR AR KRS b SR ffax i S IS

FENHLUEXHE RGP E BRI EE E R XER, 22
YRk s CEban BT M1, AR RG22 mT R R BE (—RBAE X
TR . BINIX B LR S5 B AT AT 45 B8 SO R LR Bl .

Henderson 25 [64] FIH KRG HIEHIEE GE XD 1E i S s f %
AMEFAE,  DAHORARTIE CHARIVERE . 25158 — B 3R EUAR G0 A 3 el 1) [ 245
B SOER, — BB R s ERM, & UEES A% RE, K%
FiE ST B IS 75 24 (i — RS AT, 5 S A A — A S BhE S B AR AR f
S5, 1% TAEM SR g R RS bR SCUE BX AR5 B SRR T
BhEH R

KGN N 4 (1) AE,  Liu 25 [65] FIH— MG 2% 210 F 18 R
R E R BT H TS LE R s B, FF A2 EET CNN
CRF M 456 15 BRI R [44]. 7EZ 07756 & PR A [F D5 205 B i sl A5
— PR A o R T A RN N I 2R N E RIS (FESEBRiIZR
HEERIT); 75— Fh RS L — 5 R SURAT 45 5 M AT 5 R A MERE . B
FIRERZ MBI R, 220 RNN B R 55 38 BRIt xhi% B R
A5 B [66].

Chen %5 [67] $2 H A HICZ M 4% (Memory Network) ¥ 77 52 R SCgmfid A —
FRRAE AR, BRI Z R R AE N 2506 T8 SRR AIMGIE . 752555

©  FTEREY — AT WA A RS BRSO 2 1A 7 RO TE SCRURREAT W 8, T R R T s R
TR IR AR ERER [63] WA XS MO 5T 46 2124 1l F) 5 9 1E 1 A 2 R AR
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b OB TR T SR A T AR KT . ZHEAL A A = RNN
T, 43 SRR 3 S T (TR IDHY RNN, s 2486 T A0 RNN,, 2 DA%
) THEAT SCEAR R BURRIEAT ) 0 RNN, gy pere 120712 FIEE B AT L
V24 TR TG ) T 2 A AL, T 4 T U CE
EF S BRE R, FGL LR SRS 6T R R SRR R
B T 0TRSO RG24 R B
SR

24 FREOIEEMRSE

£ b B 4 R 2 B AR AR A N L 5 UK B B AR TE 5 00K Bt
i, eNTE AR, BMRsOEE IR RS R BRI IR ERRET %
2 T R B R 1] 5 A ) 1), [R] IR E g 2 X VR 4 R AN S 1
R EIWTTT . AR G0 A E RO R B B R AR 8 LR B OR

INEE — AR B ASRE, B F IR AOEE R AE LLRE G, H LRI AR 2%,
RO AR FHE R A B AFEE (2], — ARG ROW Ay, B RTHE
VRS FE NI AR AN o 2 S AR g PG FRAR I M — T ik AT, W R AL
BRMMEL R, BRESAGMEE T2, A5k, INRFEARI S
WO, AT I A AR (1) 238 5 1 mT DUk 22 R KRN Bl SRR B T misg i
BN B IR AR SCVEAN E S R KRS B AN 9, BETTAR K
HuARTH AHLAS EL i RCVE A B AR RIE, BRI FE AN 58 2% 11 T SR R i
B N NBOR 1 — A HE TV .

241 EFIRFMENAHEHERNEHmE

FHER M (RS SR D AT e M BRI 2 HYmtd L BAEE,
MRATEEEAGIRZ, Wingd ka1 (1-best hypothesis) N s fixik
F|F (N-best hypotheses list, 1E2-8/17~) . k% (word lattice) ] VR VE P 2%
(word confusion network) (UIE2-9f75).

[ 3 AR AT 1 5 S DL SN o MR s o N AT i A5E, DA ER FH1E X
AR 0 T8 B IR A R 1 & HE B8 7. Henderson 55 [64] $i& Hi ik —Ff &1 #1107
%, BARRTU NG EWASP IR 1) G B, RGBS A LS
ARG & RO BIARESCA) B G & 00 fan i ) s A e 1)+ CRP P &5 2R A
BAGE s A 741D LLRAH B B35 SO I ZRiE SCERRA Y . 20 MR B, A
FAEB UM B N ARG SR, B N MR AR AT 3 SCER AR,
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(NBAEMREFIRD FEEER  EEEA
Hr  HEaT EE s
1 it’s an area that’s naturally sort of mysterious -7193.53 -20.25
2 that’s an area that’s naturally sort of mysterious  -7192.28 -21.11
3 it’s an area that’s not really sort of mysterious -7221.68 -18.91
4 that scenario that’s naturally sort of mysterious -7189.19 -22.08
5 there’s an area that’s naturally sort of mysterious -7198.35 -21.34
6 that’s an area that’s not really sort of mysterious ~ -7220.44 -19.77
7 the scenario that’s naturally sort of mysterious -7205.42 -21.50
8 S0 it’s an area that’s naturally sort of mysterious  -7198.35 -21.34
9 that scenario that’s not really sort of mysterious  -7217.34 -20.70
10 there’s an area that’s not really sort of mysterious -7226.51 -20.01

B 2-8 — AN REKETIRGTH, LPHFREZEST XA LG BBEGLZER (ZY)
F 31 A & Jurafsky [68])
Figure 2-8 An example for N-best hypotheses list which is ranked according to log probabilities of

acoustic and language models. (This example is from Jurafsky [68])

J Bk 2 R VR0 ) )5 B M 2 AN SRR AT 1 5 B0 M 2 K v SR & SR AT A
A5

L VR AR O T4 N IO AN 5 P R AT i T 3 R & SR A I B A
EA)F (24, 27], HERLEMIEER (N RAEFEETIR. W ARTRE N2 E) 6
S SR E R 2, HAESEMIRNSRITReERE . e, Mg
HTAERM A N %%k 53R [64, 69, 701 17K [71-74] 1AVRIE L% [64, 75-81] H
PERREUE = (WFAE, F T 5 S E SO AR A

Tur %5 [76] KA VREM L (WCN) Fft—A4r B (bin) F4, HpsA5 B
VU605 7 3 A A A A B 1) 2 (816 . [ BT A i 3 1 S 3L ASR SR SRR, X FE—
K, —EEGFHIRRE T (B0 CRE) sl LN A BFHI LT . Bk, %
FiERRHF A B RS WON - BOF AT X 55, WE2-10fTR. 2SR5,
T EERFE AT 73 BB L N J64H (n-gram) F1E, 3F3ET CRE #E47 5 FUbRTE A

CEAIRBESE S 7, WRTRHE 1K 4 B P B EAT B w3 4F SR R 2 0
[77,79-81]. FH:H Yang &5 [77] FR4E 73 B E 00328 1] R0 e AT TAH B 198 2 U 5 50 M
AT BT BB R, PRGNSR 2 B 534718 SO
FPAbRE. 1 Masumura 5 [81] W E LT id M &, FRIH B E S AL CLE 5y
B RN IR B UM G BN SRR AN 7 BRI R A ) =, R4S S R A
T RAGIANLE WX 28 SR BEAT B B ARAT 55 . BRARIX 2R 70 nT ATE Rl VR ¥ X 4% 1= 7
DTE SUREIRRZE T 51, ABATY SR ey e i SR EOE SR (RA— AN BN AR 2
AMEEIE D o



SN L e S NS

sf’,ifi ## (Word Lattice)
/ N
/its
/, there’s \| naturally
’th;t%% an area _ that’s ~  —, sort _ of mysterious
\\*r—«\ the /,,/ not Q- really
\. \ )
that “__ ,;_t} " scenario
/@'gis\\ HVR¥EMLE (Word Confusion Network)
/ there’s\\\
so [ that's | ap area naturally really
N Ty e T e
O D e P b O B B 6 6 0
~—_ TN\ AT - — — — — — — —
NULL \\ — /' scenario NULL that’s not NULL sort of mysterious
\\that/4 P

B 2-9 a4k, WRAFNLLE LG ELET EMRLE G T AL ERBENLEN, PP &%
AL EREF AR LS GX2B)F 5] A 8 Jurafsky [68])
Figure 2-9 Word lattice and word confusion network are typical structure to store hypotheses and

posterior probabilities, while the confidence for each edge is not shown. (These examples are from
Jurafsky [68])

1A JR¥E 7B (Word Confusion Bins)

a t with ashton | kutcher
tv series wet aston
the tv astion
) l l I I
B-%A) | [-KE O |B-HE | LHE

B 2-10 ©iEIE P & T RA Mo Be 5 3Aniz 248 GZE 5] 8 Tur [76])
Figure 2-10 Sequence labelling on word confusion bins for spoken language understanding. (This

picture is from Tur [76])

242 BEERABEEN

B T B/ EFEE K ASR 45 AR BT SS, A S TELETIR
F O ARG ASR BRI H &M AE /T . Liu 55 [82] A Zhang %5 [83] Al T
X7 ASR HHIRIE 5 B A ANTE U ARAT 5 AT G 5T, DUSRFIE SCER AR X ASR
SERBE N RE T, [FIBTECE AL fE B TR S A AT DR T+ ASR 7 24 Fi 4088 (1) 1R A
Ff. Schumann 2% [84] NI3E T encoder-decoder ¥ %5 5 1M 1) A1) 4 1 ik 55 L 75
FARTF B PR XT ASR AR E M. Zhu 25 [85] WA FH 3 T 3L - A0 M Z& 1)
TS 2 ST HEZRER T BT AR K) ASR 4R Sk .

23—
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243  imElin AR

Wt R 5 2 >0 v ) g B e SR AR AR B A, Y] — e AB TR Sl e S #
EE R S SR AR, RVE B A A TE S B s SUE S, BRI R iE &
TN SCHR AR 2 IR (8500 1% 34 17 [86-96] - ELUN, Serdyuk 4% [87] HL#Z 4 i
B REE 2 008 2 B2 2R B . Ghannay 25 [88] 38 K4 15 2 U3 (¥ 4 tH 7 1)
BBV E SCARZE T 51, MR RS PR o 3 1 o PRI 5K B I oK . Haghani
S5 [89] N dar A e |25 1 i B RO 5 1R ORIk S s 2 A7 3, Bt
D B E RSO PP 41 518 SO LSS R R SRt e a1 20 i8S HOATE
SCRESRTE N AR 55 54 21 55 o 1X 380 B 7 v e K IR BR s e 7 AR 2 1 i 3
PREE B S [92], DR — 2 NS08 A8 5 & B VR N K B SO H & Al
EA (93], (G R B A0 TS5 A [R5 A S AN DG FC 1 1)

2.5 SHHIEHEA ST B RIE SRR

XL T-Gout 3] CRAEERBESE 2] IAE SCRRAR T2, A R 3RAT AR ZEAE AN %t
TN A IA B FEBLF ROAE SURBBTRCR 2 B HLHER AR E S 2 b AN mT D . 28
17 S5 e SR B S B it 2 77, Bl T8 SUPRE R AR e BbAh, 9 T SEIR
AR PR AE Uk A SO, T B TR SCIRREAL,  RIE SCAEAS [R 3 e A%
MAESCHAL I A, EAEGEORMEZE S, QR AR B il SCH AR sk, (EAE
i B EUHE A R . ARERE A RSt TR O A B
REAT AUk B T8 N ) SCE AT ST AR S e O B H A AR e (0 SE L

R ATEOL T, FATHESS B AR A A B8 SChREZdls Sy 2
—ASETAE ) DR B AL O T BRI A, B AR M AR 4t
XEETT T T BONZRE 5 RGN R EMERE > Ao
By FEhERSE . FAEA S DA UK EEN T N TR
RO, X TARR X9 E AT A 7 AR A RIR, 70280 U a2
o

2.5.1 FINZIBES R/RRERFIGIA

£ E— TR AR BNE — R BRI 0 B2 A1) FRIE Z RS, BIAER
AR A FUEAE 2 . A) 3Rk 2@ 0] DA & il SR 4l A &4
V) B YRR R U SRk B TR S [ 2 1R 77 v AT BAOKOR 2 X — 2RI 4K
PEARER ) R, Lb e w FH ER A 1A 7] & Word2Vec [97, 98]+ Glove [99], ALK FET
W iA] [A) & [100]
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& 22 VAEMR e ARG 5 SOL G T kK
Table 2-2 Different NLU methods for the data sparsity problem.

% EARIR
PNGRTE 5 R GIN KEIE RSO
FHEE KE RIS E SR
T B ] P SRR
Hay 78 AUFIR (A
THEAR 2] GURFIIR CAAED
DFEAREE 2 HE U ARE AR
A 3 N HE U ARE SR

{2 A ] ) B TGV AR B A B N 5] AT 1 SO U R, X DU R AH (] R
FEAF BT SCHBIAR RS . T =245k, L ELMo [101] A1 BERT [102] A&
IR T 2515 5 KBy B SR SOARSR (1 S TR 1 1] n) B R, AROR
BT TRz ALRE Jy . R, ELMo 3T LSTM P28 25X a) ()18 = AL, Bl —
/NMIEA LSTM iE S B AUF —AN /e i) LSTM E S /5%, BERT NI /23 T Transformer
W2, Z5EHEMTE 5 A BT A5G R TINAME S IR E S AL, 5 R
FH &5 2597 1) & [97-99] (K7 7EAHEL, 454 ELMo Al BERT 45 Fii)ll ZkiE = B ALK
AR T AR R A R $E T [59, 103-105] .

2.5.2 IR R S5 T

FAh, T B A 5 A 0 B A S TR SO R — SO A ) R )
fiRRTT 2 . Tur 55 [106] FIH CABAE RbRIFEHAR = B0 B IRREE (WP
Y AT B ISR, Lan 55 [107] #4084 AR 2500 18 BT 55 AR B TohR2E
s 0098 S AR AUE S HATEC G ISR, A8 A L - R0 I 28 RO 2% 2] 1) SR e 2 A5
oL E S HE W TAE S TE kA BB 7R AR A SIbREAE S ERAgE] T
i [108, 109]. B 1@ E 5B AT A1, A+ 2] 5 I H AT 55t ] DAAIE X
BT — B A A (110, 111]. Aditya %5 [103] I E AR ARG IIES
BERE N R)F IR E SR RS s AT I8 o 18 R AR A 1 75 5K o Chen &5 [112-114]
1 B AR TR0E LR (FrameNet) LAJHTIRE (FreeBase) #E4T 176 Ef 1I7H X
PR FC, AR TR ZR AN R0E B B A 58 & I AUEE X, iz IiiE R
fEFEEA R . Heck 55 [115] I MR 0T A 4 1SRN B B 6 15 IR 2 1 28
SO, M A GE SCER R I 2R 5
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WL AESR, 38 A8 2 5 0 T MR B I S O VA A AR 8 L 4R R R AU IS T AR
Ih[116], "EA H SRS 5 A ER AT AT 45 16 2 I8 B RN 0 MR B 2 S 3R A T — ol
LR Sl BIEE 2 HARE 5 A E S TSR, Eean 50
WU ) 2 (PG SURRAT [117, 118], EAAE S B [119, 120], FFBUE(E B4HE [121]

farinarin
3 >3 o

253 HIEY T

Zhu 55 [122] $2& ) 5 S5 i B A A AR A B s 080 ) A4 - H Bl i AR
B H R U E i, H b S O SO BB o AR R R N TN TR £
5 B R B R A OT VA S T
L IR B AR SR (b TFEN T, 2—AFashid i),
2. HFRUSIAE AR AL i, BRI P 5 RS AR A E AR A3 ) A e i = 4H.
A 177 A HGaE T B AR S AR ;

3. AR H BRI SOAR KR, BRI BRI AR AR A A

4. TEE R, BN A S SRR A s & S ONAN e (BRI %
ANSCATS N2 5

5. BARSUSIE BRI SR, B 245 31 B BRI v SUBAT A8 -

A JUAFE SR P A0 AR R Y R R B 2 e, — 28 N B 22 R AT 8 2 A
(sequence-to-sequence) AR AYNF i SCHRAR FIFEAGAT AL, FHRAH B B I077
A PR NS H e 9102 —FER D Al SO AR FEA ) A Rl Y [123-125]. (HEE T
W REHE R PR 1), X 2R T7 VR AR I IO R AR R R AR A 1Y) B L
M, XFRAIRE S BT T 5 RN E ARSI . 2R, —2f%
GNEARY ARNEAAAAEE AR, bl FEPLIE S CRPBENLIEG MDA+ 1R )
FVE. HE TR AR ORI (TF-IDF) 11 B #e45 [126]. Pyix sefitii K £ 5]
A TEAMNAEER, 0 DE GRS ER — 2 th . HiE, HArfxe T
VE SR TEE I ZRAR i DA 1R 18 PR 25 A2 RS

254 FHFRS5OHEREFES]

b TS EARY s, —SE R U5k (LRI FFEAR S 2 360K, zero-
shot learning) . N F BT 45 BYTE CER @ A oK [127-129]. HH Ferreira 45 [128,
1297 F F TR 25 ) ] [ 2 SR RN ) - DA R i R O SO (LTI 2R 1) 3] ) 2 25 (1)
AN 5 YA E S R FE—ED WA ERAE; Yazdani 75 [127] 2 H A H
PR AN 7] 1) 2 B T 2% 43t ok B N ) R B+ o SCIBEATARFAE S, 2 Tl o x4
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TAFAEANTE CIURFAE 2 8] fARALLRE CULECRE ) e N ULEC TR L CRELT
KEARR) o XTI LRI K2 AL RE 77, DR Bl B R /oK, HLEmT B
R B N BRI R b i B 3 SOhR 28

IR T A SORE R I s 1) A PR EL N, A B T A AR B
SCFEIE TR N AL E R 2 S BRI 75 BEHE SR A B 3047 S 4IRS R 4
Zhu %5 [130] 51 ANJRFAHE4r (atomic concept) 1EATE A I4NRLE FK~, 7 LLE
B SCRE G A X 25 HR X 2 A RS SORE 2 8] () TR 5700 2R, BT S8 T IR 7 M8 1) i
N EEN . ARG, S AN AR SO B, 4L RS B R R 43 T AE
CL S SR FR AR U AT, 0] 24 A TR X T IR AN S (3 SO LA — s A HE G T
MEESTo BeAh, —Le TAE BB SRS B AR TE S ik CLhn il SO 44 55
AR SR BN T SRS UL B SO AT 9D, A RIS SCRBIFERGR A
HRZATIEFEH 2] [130-134]. TR ERHIH, Chen %5 [135] I H & E 47X B
(03] P FIE R BRI gD 2 N o 7EIE SRR AT S, — S KRS X
R A AN N A) T BHE G SE RIS, BRSO\ 35 SORE TR e A5 B ) TOB (In-
Out-Begin) J¥41] [131, 132]. X Ffifryk SHLa% b S2 B [136] FEH AL, HAEMm A
SEAR R BIATSS A FE R (KRR R FH [137). Shah 2% [133] 1E5 XREHEA IR Al
0 7B R R EUE, s R AR E N T B 2 AN IR . (R R
FLASAR AR, RN AR 18 SRR AR Y 75 4 A 18 R PR s AT — A A Ia 5, i
PR TC VS IR A2 WX P B () 0 R SRS B B B AR O . T2, AUFERE ALt 2
ISI0AE SUREREIA P gt {5 B2 B AR [130, 134].

FREARZ 2] B A BRI ZREE LN SRy B 38 B80S b, (H
R FIEMLRT R AR . T &AL TEFGIRE NE BRI GE L s
NARBESE MR D B FEA (SCHEEE) , [AI o] ASCR AR 1 e d . X — Rt
FRAN “/DREA2E 3] (few-shot learning) [138, 139]. /DREA 2 3] J7 i A B 7>
RUBAABI N MK R WRDFERT S TTHE, BEFA—MRARIE N, N
i NEHE AN SR HOR R U SR IE R 7, R A TR AR R s I UL AT o H A4S
B NBAE A SRR MR Z M BAE GRS . [FIFE, 15 3 IAE 5 AL A 5o
TDREAR S ST AT — 106 B T T SO 71 2K 1A [140-143]. (E 7 IR A @
I, Fritzler 25 [144] #H JE R4 (prototypical network) [145] R R ik /D FEA
(1) 44 SRR R s Hou 55 [146] WiE T — R XS R FIARE R B (FF SUREIE 78
A A SER U BID ARSI L, HPRH — P R ARSI LG, o “IE55
I N R [147] BFAE T A RIS
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2.5.5 SBBEEN

HIT ST 2] 038 175 A0 0 08 R 3 ME SR, T8 g R FH AN [ 4o ) 2> = 4
P AE L B i S T B ARSI SR AR RE R ) CRPAIIE H SN AR
BB —Fhes DAY B & N7 2R AN [ AU ) B s 3 T 24T 4524 5, Bt
AR EAIR IR ERE S ) )2 . Jaech 25 [148] 78 3 T XA B X 2% 1118 X FH AR A
R b, R ZAT S AEZE S AN R AU 0 Bt AT L =22 5 0 07 VR XA i B
L& N E RIS Z 450 CRMES SIS, REANIUERA — /N E et 2 (T
B o TG EE R ZAT 55 2 ) (PIAE S AT DL i e SERRAE 2% 5 K15 48 A [F) 40
BN SR = .

(B[R4 2 (] R ARR AR 2 2] LI 2 58 A AT DA 2205 2 L an i AR ASAH 96 11
W, — AR H IR, — AR CHUT S, e AR T S S B A T L
AR SO A AL o X e —AMESTF MR . kim 55 [149] BLAEE BT S Xt
Z WU 0 AT 55 2 STRE BT T o50dE, SR 7 AN RISk 2 8] BE A AL S 8
BERESHM T WE2FR, BN d 1915 SRR RLER 73 S 53
FEIBM x,, D(x,) B by FEF z,+ y, PRSI d FA IBRLEE M), A1 x, B AT 2
SR IL AR, o x, ARSI R AR, h, RN ISR G IR R 2%
B Z &, AY NIRRT IA KA B2 . HIEnT L, 2
A DU AN [RS8 2 () 3 =2 PR R AE 2 ) A QN ST A R IE 22 ST U X 0 JF, A
MHEAT BE AP A . JEF28UB A, Liu %5 [150] A P24 = 2500 5 T
PRSI TE I (P HFAE -

2.6 AKRE/NEG

A B B G N AN S VE AT 30808 B i A T A 55 7 i B EAT 1 BRI
WF. B ARG RE R B AR S A NS B, AR ERAIA
B SCEBTE; IRE I 18 CER AR 22 853, AT A7 ik 2R TR 4ehl
WEMTTE BRIk ZAESIRE T2 DL T X B SO iE
SCERAREOR s BB 1 BRI 00 4 H AR e TR Ra f T E B T ks BE
AR T B HCHE M AN UG RS TS SRR, B TUOINZRTE 5 R, o
W S Ry 78, FRAEORASE ] S EEN KN
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he [ hy ]
Xe DG |1 = Gomy it doman 1 %t

B 2-11 —AP & F30 550 8- S5 5 0 B2 MRAE (GZE 5] 8 Kim % [149])
Figure 2-11 Spoken language understanding for multi-domains and multi-tasks with parameters

partially shared. (This picture is from Kim et al. [149])
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EF=F HIEFIHAITHAEERRE EIERE

31 5|5

TSRS FERE. 75 HE. 2U0EAISERZR R, 15515100
AR E A 4> (B, HanHRTE s . R AR A S CHIME-4
A Aurora-4 b U HITTENIA 7% e A A RS (151, 152], WA HAd w6 A
TR LT A R R T 10% [153, 154]; HEEES WS N EZE, HX
- FL RS & 1R A R R S AELE 20%-40% 2 17) o 05 D PR AR B 3k T8 31 1
B L0 PR B A A e 45 SR AT VG SO, RS 2 52 T AEVE 2 IR A % T T 34
MR R . Bk, AT M@ E AR TR R, FRAE V) B E R 4
(AN s P A O YR I A - . AT SR L2 N BT IR R R
S5 R E A AE S5 AL TG BEARAT R TN ERE: 33 5 R Al b Sh Al ok 595
TR A 45 Eia st 5 K& SUARE A I )

N T BRI TR R EE — N HMERR, A EE T e R SR U AR S5 A R B
R SN e 4 g TR 55 2 7 SR s AR i) @ (DS 0 5 — D, 4
H T —FE g3t T <248 (Transformer) » IRIVRIE N il 454 o 127 1E%
VRIE M2 Ak, FERIA BT B ZI A B ga i A <Rl 515 B R e S 2R 1
H R IALE] 0 2 B 5 0 0 i S ME 2R AN € 115 B %S 2] Transformer HIFE
JEr &Y. [FR, Transformer 564 3% T HE B JIWLG KB R S5t 2> ik dmhdic 5
R B =R

ARERLERITR . ATERAEFEI 2T AEZT R 2 M e (RIES
BIEBMRRA) 5 RIGTEE33T N AR T ZEF s it JE X 5% 20 1 B AR AR
A FEE3ATT N HE T RGN 4 50005 7 045 B 00 T B e e, BT
Transformer F11A]VRVE 4% i 2% s 553,57 /2 SL00 i 7, BIECIwE .. FE
RELI T 3.6 RAT NG,

32 EFIRMERERHEM

i E—F g, EE PO AT AR Z R, B ) 5 ) e AR A ik
] (1-best hypothesis) , i&F N ffEEESIE (N-best hypotheses list) + il 4%
(word lattice )« 1AJR¥EM 4% (Word Confusion Network, WCN) 45, H Lb i 5 i A1)
T N fEfEEsR ., kg, RE M AR A S 5 2 18 & R A5 A 5

— 31—
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REBRIERT
N AR %512
ilics
VRV P 45

RHESR X fErg A

—
HH

B 3-1 EFR AR EA2e TR
Figure 3—1 A diagram of ASR decoding.

ZWAHEM (BIEAR R &SR IEFIT RN T mE3-1fw, 1EH R
DI s S R RS 5 A P 5 40 B VA

e AR 31 ) A T TR I AR RS A B I JE IR = BT T A, Bl in IR AR S
AN Rk BTN K T AT RE SR <K —ik B MK ER . HfEx
36 F T AR F R A — AT, B x = (x50, - xpp)s Ffft [x] F5%
AR CRIR AN o

N S A 51 R W2 715 B IR RSS2 10 4% 5 30 MR MR 2/ ES Y
BN M E A, EnER3-1 iRt 7 — A N IR SR 6] (N 25T 10D,
F—MriE A ERM R RN FE T AR U OE SR BERENSRE
A4 TRRE, N S b HE 0 7T DTS S M g — LA P B A 5 2
BEIMEZR, B N-best(x) = {(x® = (x,x{, ,xﬁjk)l), p(x®Nk = 1,2, , N1,
Ho x® N5k AMERFT, LU p(x®) B ASR R,

IR N BRI, b R P4 I 2 (AR (5 L 4, LA
Attt EEE . WEB-2 LR, 1@k (word lattice) J&—/NME MBI N
BUE . &8 SR IE AR A ]V % 2218 & R A ] 4 R 22 [8), RN SRR 1 A2
B N I AN B 2] A, T R AR S 2 1) B RS A 3R N TR R A D B TR B )
A AT BEXT N 1A DL AR AN A ) BAG . (R ANE SR 2 A BE ). #
Pl e ) 7 A N SRR IR SR, s SE A R E & A E A N T 530K
(RPSE A IERAIIR A EE 5 . (HAE, AR — Rl e W R, AR T 5,

TEVARS A b, AR T —Fh s v R id] B X, BRIV IE M 4% (Word
Confusion Network, WCN) . WCN E A5 /N EI A RN 25 4y, 3 O R 15 3 17
RS HIRE B o — ML) WCN 25 R anE3-2F -3 43 FlT 7 . WCN 38 3ot 538 3 1] %
HR R AR AE AR 3 N TR) X380 L () 3R] A G55, 1581 1 BN RS R EE . Hho 5
T8 [F] — B 1] X3 (] M Rl T — AN EGE 0 B (bind o T2 e b Hh, FATAT LAE
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% 3-1 —ANmREFEEIE6G7H (N=10)
Table 3—1 An example of 10-best hypotheses list.

Y3—1LRY
[ERaRER

HRS KRBT ARSI 0950
HRSRRDGERAF AR 0011
PORSRIDFE R AR 0.009
HIRSRRDAZF AR 0007
SRR AR 0.007
HORSREDTHHART 0.006
S RDGERA AR 0.005
HORS RERDEEFEH 2R 0.003
HORAS R FEA 2R 0.001
S REDFRAF AR 0.001

EfATF DRSS RENHRZART 1.000

HEFF (E3vacIn

O 0 9 O Lt AW D~

—_
S

J@# (Word Lattice)

JFAIVEHE M4 (Word Confusion Network)

B 3-2 A& Feia] i A M 25 09 R L 25 A

Figure 3—2 Typical structures of word lattices and word confusion networks.
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WON ZoR R — A BEF, B0 b = (by, -, byp)» Fot [b] FAr BA S, A4 B
L3 7 AF eI 1 DX 358 LB T AR L S AL 1 J S, LB 56 & A3 Bt
FIRN by = ((xh pOeb), -, e p(ay ¥ Yo Forft (b | FoRi%5T B IR R F
B, xR p(xd) 43 B ZA B A IS § AN LU B I S RS SR, —
R, BATT A 4 B BB S B2 Ak, B X1 ) = 1. 7
R, SN )X 30T VP 5 00T A U AT PRI, PR L A
BRI 531 (NULL) SRR L.

KA IET PR BRI AT N SR 51 =R WON =il 5 1 51 25
SRR X 5 IR IR 5 40 1 ERAE R 9

3.3 ETELRMBBERIEXFTROIEER

R TP H A 7TV TR S G B ) ) R, FRATT S 1R 5 U AT 55 2
15 B AR e 45 N R 1 0 55 200 70 R B A2 AT 55, RIRE <2 100 4 HE S B 5 (1)
I @0 A <TE PR 45 R AR 55 2 GTE SOPRYEMER I /B i, TR, fERFR L
IR E B U 25 S 2 Pl AN e R IUE S gt i B |7, AN e N AR A 14
(P T AR e 55 20 SO TV BT 2 U A AR 55 2 E B A
B, AR A E BAR R, FRATTE H A2 T N )1 R
—ANRERE CRR G — A2 B EREE RE-E Cact-slot-value) ™ =TT
PR HIEE S MRYR AT 28 A AWK, halERA S8 = ol — oA
=K
1. AEAE SRR, B — MG B, EE {4 “thankyou()” 1 “bye()”
TXFf T 0 UG GRS R 5 R .

2. BETEXHEEAANUEER, HE “request(phone_number)” iX Fi% K&
NXFEHEAR BE L FRIK .

3. AEIE AR IEM =0, L& “inform(pricerange=expensive)” Fll
“confirm(food=Chinese)” F K25 B BE XS BIE R BAIE RIK .
Rltk, #R¥E Bk act-slot-value = CHWER R, RCHEH THMN I —ME
I ) B R A RRHE SR W33 PR, AR A T B DA
o LM NRIDES: AN, FAVLFH R EFRA, AN T
) ECE B R

o TNEABISAIE: 2 RA L LIRRLIEI A7 M 8RN, B
BIIN A F2 80 R AR 2R AL (P UK 2 — AN 2 2800 Tl 1) 43 2848 ) -

o JBEN B 1L RAFIN LA+ m 2 A — A EREU RN, F 4 [
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D BEEY et M T ST 7 N fmogeme 5 @t

price-range @ inform

Asian oriental </s>

1
L]
L]
[
[
: : <s> moderate
[
[
[
[

1

[ A A

would like moderately priced Asian oriental food

B 3-3 AT REBMMEIERT F X 0 5 AR A 224

Figure 3-3 A hierarchical decoding model for spoken language understanding from unaligned data.

T NG T ABESR A i) R e tE: SRl (02— 2 2RI TN 70 28 88D
o EAERES: IR Lo JEIRTUNAS 2 act-slot PATGHH., %R
MBS act-slot PTG A AR FIME (value ).,
BIE X : T2, AR 552U DB g a] D e Sk e SO, g e a) 1
x = (xp,xp, 0, X)) (HATBGE N S AAREE RN WCND,  HNEMH N act-slot-
value =TCHEE y© = {ylc, yzc, TR y|(;c| Yo — A= uHIHENESRA. 1B SCREAN
A=A, B yC = (a5, v;), HA o, RoREIIBIERDL, s; FoRE1E E,
v, Tonth SCRERME (W2 PA)D s a0 AR B3 SCREFME, 437 Nuoe A& .
TATH HAREMRIE N GEIR Dy, A A 25 72 N FUIE SUE BB G 3t

1y 1y“|
p(C1x) = [ p05 10 = [ | pal®)pis|x, a)pw,1x, a;, s,) (3-1)

b pla;|x) 95 i N X=Te HINEE SRR IR MR, p(s;lx, a;) 955 i DB X
=JCHIE S FIREER, p(v;lx, a;, 5;) N | D L= TCHRE R R R

331 #BAGMEBRRELEXL

AN IR DA ) BAR A Y .

1) MIAZmREES (input encoder) : Xf THi AR H P A)F, FATRHX A LSTM
(BLSTM) [34, 155] it AT4b. B, SRS IS i — M s, B x; =
Wio(x), Hf W, € Rl Z— AN E @I, o(x;) € RVl &— Al
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& (one-hot vector), V,, FRMINTH, d, NEFELEE, x; € R%. XTHNA
? X = (xl, Xo, oty x|x|), BLSTM ﬂuiﬁﬁfﬂﬁ}$éﬁﬁgfl#§t%‘/I\EJXHLE‘?E/‘JI%EW%
CHF B WP SR AL D:

(hl"“’h|x|) <« BLSTM@enC(Xl,‘“,X|x|) (3—2)

Forfr, BLSTM 7E58 i I 2 B2 2 1v) 52 A SIS 20 L 1 T A0 S i) LSTME R A g i)
EPHEEE], B h =h,&h, Hh eR¥, g, ZRHA LSTM K2 B4
Ocnc H1Z BLSTM B EHIFTAE S 8. BN ZIKEE FEAR M 8RS a6 T
e I E EUSYET NG SN Ch e =3 a) K Ra 95 ' L Ry S O E PR 82 S NG Rt
RARFROR (RIA) &) & i IE AR OE LSTM M s — AN a2 1 st R Hf 19 21,

Hr, uwe R¥n, A7 AEMIRICE T LA S E R, s W B EE
] Cself-attention),

x|

u= ) ah, (3-4)
i=1

exp(w, tanh(W, h; + b))
U T ()
ijl exp(w, tanh(W,h; +b,))

Hf W, € R, w e R2n, b, € R B I 4],

B AR w R S SR AR o 2R A A SO > KA TR, BRE
{hy, -y ) CREFE B 2 T R ML AT £ R 2% [156-158] E A s A
),

2) sh{ELEBI 432 (act classifier) : K4 Rl —A) 16 AT X M. 2 ANASF 1) 8h1E
R, B ESRAL AT E O — D2 I 2R e, “H K — KT RIE
FATE R HRIEA T X ATERE T inform A request FIFPENIERAL . 18—
%, ATE—ASERBZEIN G — D " 2Kds . BAkH, JRATRAPIZE AT
AP R 28 TH SRR SR bR A AE 1 7 REPE -

I, = ReLUW. u+b!l ) (3-6)

act

Zyy = 6(W2, 1, + b2 (3-7)

act

Hrp, W€ R, W2 e RIVaalxdn, pl e R, b2 e RIVael Bhigis 2

B, Voo NITASIERRLH BRI 3R . ReLU NEE LM H.07 BA %L (Rectified Linear
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Unit), EA&E XN ReLU(x) = max(0,x). o N S BA% (Sigmoid EED, w] LK E)
PERA TR IH— 8 0 B 1 Z M MEUE . )5 2, € RVl RS T
HAMERBHIMERME. T2, 58 ME =04l y© IS ERALN 553
N oy RBHEREIHUE, BY pla]x) = (2o igqay» 5 id(ay) RBEEM o, 1£ Ve
FHIG S, id(a) = (1,2, [ Vyul) -

NGB, — o638 X (Binary Cross Entropy, BCE) # F >k 11 & Tl A %
FNE SERRE 2 8] 45 R AR 2
Loa(x,y) == ) ({a € y}logplalx) + (1 - {a € y“})log(l — p(alx))) (3-8)

a€V,,

Hh 1{a € y©) BRERMEBNERA 0 € Y, &1 HIUAETE SUhRVE 36718 2R 3
GRIEME 0 Fon AR B, IREME 1 Fm BB £ E, TR KT 0.5 2
K W32 FF T J B T

3) BN SRR (slot classifier) : 18 A28 FIRANVEI Y 43 a8 1) 25
F U — B —FE, ME— R A RIS R 3 2R 880 40 b — MR T A5 2 (1) 3h
KBE NN . IR E § ANE L = JuHIENER B o, 16T E 5 2L 1E 8, A4
FRAVIR S AT IE SR TN . FRATE SRR RN ER M EELR a; = W0(a),
Horh W, € RIWael S —AZh{ERA R RAERE . FIRE, BATR P R 42
LETH AR SUREAAAE I AT Rk

Igo = ReLUW) (u@a,) + b)) (3-9)
Lgor = O-(Wzlotrslot + bglot) (3—10)

Hrh, Wl e RWCdtd) W2 e RMiolxdn, pl e R, b2 e RVual 45
RIBH, Vo, NG E SRR . B 2y, € RVl il Eas 784
VSR L. TR, 55 1 ANE LS IR L )€ S SRR S S % 250, X
REAEREHOHE, BT p(s; 1%, a)) = [Zgodliaes,)s FeH id(s,) BB 5, 78 Vo HF50
=, id(s;)) = {1,2, -, [ Vgl o
EVIM B, IR BCE THER R 15 2.
€1
Loy ==Y D (l{(a;.s) € y}logp(s|x. a;)
i=1 €V (3-11)
+(1 = 1{(a;, s) € y°}) log(1 — p(s|x, a,)))

Hr 1{(a, 5) € Y€} RFRATEIE LM s € Vg, RERIERR o, —2HHILEE
SURRFE R IR A GRIENE 0 FoRaR I, REUE 1 ZoR I . 7 B,
TR KT 0.5 (K8 SRR 22 0 B T 5 SR AR B e 1152
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4) EERES (value decoder) : FRATIRFHEE T = JIMLHI A F5 £ 2% [156-
158] 142|751 (sequence-to-sequence) A= ¥ S #H I Y act-slot X 7 AH
REFIE . R IEEANE L =TIt (a,s,0) T E—AMERE, 10 NAE B3R TN
v = (v),0p, 0, U)o EFPIINIRG ML E v, R “</s>7, HEORPIIN
ZERAT. ATRA— AR LSTM M%7 51 AT it

WY = £ gy (v, hYe) (3-12)

H v, = Wipo(v) € R% & i MARHE &, h2e e R% R i A 212 1
By vg SEFRIRTE “<s> s AR B2 16 B o ) T B (0 Bt i) BETAG K, B e =y,
AT AhE AR act Al slot IUME B, FATE L FH RS RRAE §, € R™:

fl;/alue — Wl

value

(W @ aDs)+b! (3-13)

value
Hpw! e RHwit2dd, pl e R HIIRSHG a = W,0(a) € RY% NEE
KA a HERR, s = Wy,0(s) € R AiE S s (R ER (W, € RWal),

Ry Bl T R L R R U B ¢, € R

|x]|

¢, = Z a h; (3-14)
j=1
exp (h] h"") s
atj - [x] ex (hTBvalue) ( B )
k=1 EXP 1y

Horb o, FORBRRH P B « SRR IS jANRERE R 2. 5
N TAEZE act F slot 15 B by 5F B T8 SRR IHLHI IS 5.

ELFPHIAESS ¢ I 20 AR F00 73 & 70 AR ARt . B oG, HalA s, &
TR — N T AT B 2 P 45 it =

Peen(Vy|V<p X, @, 5) = softmax, (W] (W2, B @c,)+bl, ) (3-16)
Hh W2 e R, b2 e R% NAHKRZEL softmax, (-) A v, KT

R T A A R R TR LI A S 317 (Out Of Vocabulary, OOV) [r]#, &
IR FHTREE NS [156] X F IR FEA 1)y 21 A oA A b A7 otk AR A T v H S0
EARE a;, FATA LA B2 15 A5 B 8 35 3R] AR R 20 A

|x]|

Poopy@ilU<rn X, 0,9) = Y I{v; = v,}a (3-17)
j=1
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Ho 18 O/ HE7R R AL W2 v; 55T o, WFEZSRBOR ) 1, B GR[E 0. ik, K
TR DA 2] —NEY R INIAER GERbERIN BRI AT IR ERR& A

p(Ut|v<t’ x’ a» S) = gtpgen(vt|v<ja x’ a» S) + (1 - gt)pcopy(vt|v<p x7 a’ S) (3_18)
g=o((vvoh™@dc)'w’ +b ) (3-19)

Horbt g, NIRATTEET, w' e RO, 1 e RHESH. TR,

BN H x JIAHRENERTY o A SOR s ZERUE v 15 M08 -

|v]

pwlx,a,5) = [ pwilve, x. a,9) (3-20)
=1

FEUIGRA, B A s PRI 2R 1R 22 Hh A2 XU 45 7€ -

1y<|
Cvalue('x’ yC) = - Z logp(vilx, a;, Si) (3—21)
i=1

FENGREE Dy, ISR PR BN =N AR B R 1R 22 22 A

ﬁtotal(@) = Z ﬁact('x’ yC) + £slot(x’ yC) + [:Value(x’ yC) (3_22)

(x’yC)EDtrain

Hrh @ £LRIAFEINENSE. NGB, AR AT PRI HE T 2 4F 55 5%
B ], U SR o IS AR A s e 10 I TR AR P T 25 SR ) 2 B B FH e
B B R MAENARRY B, R AMEE T BRIF$AT,  LLunis SO 2 a8 i
(B A B2 75 B A TR B 45 HE T 45 R 5 AT« XA 2 UG ik 72 1 04 ARG o
B3R

332 7EN mEFEREFR LA

AR R AR R 1 B AR AR B X AR A R ), T DU BRI
THANTHEEAT, WAl REFRNER TR RERER) 7. IR EDR T
JER SRR RN F B N e ik SR b, — oA PRy ST LLIE

o EYIZRI BUE N L3S A) 7 B S e &) 3R 9 A I 25 11 15 PR A

Ry AENET B, 7 N SRR 53R A G A) 5, 2R s
BRI, RN A AR REAS SUAE N TN Z R AR I E R, & LRE
B VR e 9 MR R T SCEER A e S8 M 30 T 1 ST 45 R AT B
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HE 3-1 dE a0 50 20 s BRI 2 Y
Input: $IANG)F x, SUIAM, BA GEHERB I 1B SR 28488 EHAERS
Output: act-slot-value = JCHEH y©

1 VIt — A S,

2 I FERR S RIETMNERRE S, S, = {alplalx) > 0.5};

3 forae S, do

act

4 if ARIEAVB AR, HELA 0 NE %5 L 4% then

s || amng yC s

6 else

7 TR R KA TNNE FEE S, S, = {s|p(s|x,a) > 0.5};
8 forse S, do

9 if ARBATR AR, & X s I F 2414 then

10 ‘ ¥ act-slot 7G4 a-s ININE] y© A

11 else

12 T A A Bas T AE B 1E, & = argmax p(v]x, a, s);

v

13 # act-slot-value = e a-s-0 ININE] y© B4

14 end

15 end
16 end
17 end

18 RE y© A

o TEVIZRH Bt il N sefAiik 5112, SEHTA IR &) 5y A B HA) 12
Mg AREAETHE A R, BB RN S S A B A ik ) T
AR EERINBURT, - BirAT oade B 5 (KRR 1A 1 2= ) Bt sfe | =4 R fokie AU 1
MTE SRR . XA E— D07, RFREB A RIS
FASTHL TR R T ELNZR AR N — B

3.4 ETEREMER OEEREN

=N A GRS A OOE A TR AN (N LR BA T, sfEfita)
FULE N Sk 51138, 01 TR WX 263X Al BE R 52 2% 140 i) B R =X 2 1A
SRIEAEH . FHitk, EARNT, FRATEE T —FhXH ARG M gmidas, FEn]
PLE— 20 XA VR WX 25 5 6136 D7 S5 B AT A D o 1238 T iR) VR IE I 45 1 118
P fiA HE B 20 34 s
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[— (—{E }’ (1) STC, BT/ HYiE XIRD \
_%?‘_rﬁji _____ b —__f‘iliifﬂjgé_ﬂi _____ % inform-food ------ PD—O gastropub i
‘/ WCNFXHER 5 B NS RDE \\l L act-slot classifier value classifier /'
| | P e N S
i GEEI— | [ (@D, AT RGMEE RS gastropub )
! <> o gas #itro #ipu #b <> |
[N % - O ONORON®
| Y RERER ] : —WD—» inform food - :
: w : } act slot classifi 99 g #geo #91)“ % i
Ja T{ WCN-Transformer ) /I J‘ Attention + Pointer Transformer-based value decoder ,’
= %’% NEeme e A S e e e e ettt sttt
a
2| | ST 0 o)) ot e i ) ) ] )] 158 o i o |t ||[sml
2o Rk +
ffg ?,[]] III--------EI 5 Il 6 17 ]I 8 Il 9 Il 10 I 11 l
B + + + + +
- % @@E@@EEEEEI o Il o O | | I | |
=
g WCN a/0.84  gastropub/0.96 E—RREEFIIELFR
7/0.99  want/0.98 food/0.98
O—O—’Cﬁﬂo 161)1 pub/0. 043:)—’0 inform-price_range-moderate
bbb 4 by b b

B 3—4 3 F WCN-Transformer #9454& 0 15 3% fif4E 42

Figure 3—4 An overview of our proposed WCN-Transformer based spoken language understanding.

3.4.1 ET Transformer BYIFEEME S5 311EF £ E 2R & %A
3.4.1.1 WANE

FEE3.2°7 T, TATHE WON AR — bin P81, B b= (by, -, b)) HH
|b| 9 bin M4 CEL &34 WCN W%H@ bin i & AT . B bin WELFE 7 AHC
b 18] DX 35 B BT ] B A ] DL SORH N A 2 R ) S B AR, B

b = {(x}, p(xL), -~ (x"’k' el (3-23)

Hr by | RAREE kA bin BLEEIE RN, /£ WCN FATRHFFARIFF 5 NuLe %
/T”I‘E‘Jlﬂ CRIA BTG WA RE & 20 B, (HI IR mbS 1) I 341 1 2> e 0 8 4w
NuLL. A T ik WCN )% N\ i& H T Transformer #75), FRATE WCN B A4 1A 4
TP — NP, B

, p(x

1 |5y 1 |b|b||
eee ’x . cee ,x . cee
1 b1 X g )

FERT BFZ 1ML (self-attenion) [ Transformer &, 75 2 NA&EA4Na] 147
BE B RGASE BT o< R KINIE—A bin AR 2 B2 BF R, T2
I8 B E bin WA BAE N E A B dn s (RIS TRZIMA B9 5):

pos(xWCN):(17"'a1""a|b|’"'a|b|) (3_25)

B 7 E AT E S B WCN,  JRATE AT LS5 P s f5 Bt —2
XHE B R AT E PEREAT B AT AT RE VAR AN B R R gl (i) /1

(3-24)
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FIZHRRKKR, TEBIRHL—#AREEIE SRR (FAFEHRE—F act
slot-value [/ = JC414E4) 1E N WCN Kb e . BB eithe CE—3 R
SRR EIE LR RNHN A = ((ay, s1,0p), - ’(a|A|7S|A|a U|A|))’ Hrp |A| &= JuH AN
B, ag, s, oo, AR kA= JuHBISMESRTY ., I SURAE . FoAT A FE X Lk
=R R—NAFS,

SA
x>0 =(ay, 81,01, 0, A5 S| Ap» V14 (3-26)

Horp — e R R RYFNTE SCRE I A4 PR T RE A2 HH 2 IR AL, XM Ol 2 e it 70
RNZANERIFS), Hein “price_range” £ #%93A “price” Al “range”. AN[F]T WCN,
xSA AR ANA AL B G S A 5 A R I 1 A

7% WCN M i 7 5245 B T B & gt ,  FRATIE PN %N T FI P
—/NERBIBRA T, B e AZIZE T Transformer 2R b, HHE 51
HINFHH

x = (xq,,xp) = [CLS] ® Tok(xVN) @ [SEP] @ Tok(x>*) @ [SEP]  (3-27)

Hrh @ FaRFHPHE, Tok(-) Xnil)#| (tokenization) #AF, Hhin—"MKP)5E
SCIA S VIE R ) LA T (sub-word) o #E WCN 1, 431 Ji5 1) 71K 4k 7R 2
] AL B g DLAGE S R JE I . 534k, [CLS] A [SEP] 2 T HIrHibh
. T RENFEIFA RN, T = |Tok(x" V)| + |Tok(x54)| + 3.

B2, WCN HURHE I S5 BB TN 19 &2 i ) & Egen () BLE A
Epos() BRI Ego () =HB2HAK [102]:

x; = LayerNorm(E, ., (x;) + Epos(xt) + Eseg(x,)) (3-28)

Hr x, € R%, LayerNorm £/ 20— bEAE (1591, HAMRATR A BIF B
B [X 53 WCN A0S 7 SN

3.4.12 BEEYhS8%: WCN-Transformer

5T Transformer (] WCN FNF i Jy 5045 B B IC A S 650 25 B — S50 B XL [A]
Transformer JZ [35] @M%, 4F—)Z Transformer XU T — N2 LkMEEFEE S
W DL J — AN iR 28 B P AT A 22 X 25 o R FRAT TR FH Y] Transformer &5 /4314
L2, i1 ZmAR X = &, xh), Hle {1, L) AL 1 JZHHm
fRERE (WHEE 1+ 1 EMHA) T basEsan~ |5 iEE Ll HA 2]

o (WIQ’hxg)T(Wlthi') (3-29)

g VadH

4
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exp(el’h)
=T (3-30)
D=1 XP(e;;)
T
2" =) " (W)/x)) (3-31)
j=1
2=2"'ol’e - o" (3-32)
if“ = LayerNorm(xﬁ + FC(zﬁ)) (3-33)
xi*! = LayerNorm(%/*! + FC(ReLU(FC(x!™)))) (3-34)

Hep & 7 H ANMHOLK BER S (B2 SKEE HLED, afj’.h RoRH R h
NEEBIERA TR i MR j AR SEMR; FC 2 —MaERzR
CE iy O B ) B2 9 2 PEAR 0D, LayerNorm $R7n /2 2 H— 1 #RAE [159] (RIS AR
Hha] = A R RME AT PR A 4528 #), 1 <h < H, W’Q’h,W’;(h,Wi;" € RUH)xd,
BINMRZHL

WCN ER#RBMBBEE NG JATFZHAE Transformer ) BER /1HLHE
SRR A R R IR, R EIR A 32017 T8 BATTiC
AN BB 8 AR RN (py, -, pp), P

, ¥ x, € Tox(xWVEN
P = P * ) (3-35)
.o, &,

Bt G v, A —NA2 WON B, WA e s S RAE R, S E
[FITEE RS SR 1 (B [CLS]. [SEP] BAJ% Tok(xS*) A i#D. 4k WCN
R — AR BN S AN TR, T4 EA TR S 4K 1R 3 .
SREBATE B A 3-29K3E N WCN 15 & 11 5 SR,
1,h I,h
ehh = (Wo'x) (W)
Y \d /H
o A0S —A BT 5 A R B S 5
fE4d L EM Transformer 115H J5, ATTLUGERHL W nE H =
(hy, - hy), Hrh, =x/*,

+A"p; (3-36)

3.4.1.3 AR

RMITF53.37, AT TFERE N WCN [A][M&E. £ FiR&E&H &
H, BB [CLS] FFEXMMNHE (B h) fFHREREANHTN. I
A, BRATEIRE T —F e WCN 45113 B Ay ) B3 BT v .
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0.98

a/0.84  gastropub/0.96

1/0.99 - want/0.98 fo0d/0.98
O O > w. pub/0.04 O O

B 3-5 WCN ¥ &= & 5F 89 19

Figure 3-5 An example of vector aggregations in the WCN part

Hoe, WE3-5F7R, WCN H43 &R —A bin [ AT A Z 7 B2 485 B bin
R (B bin &), BARDPD:
1. 55—, bin BIHAEMEE R R X N B Z M &S T, REE T
% 3 1] 1) 17 B 3R 5
2. 00, Al bin HH T G I 1] 1R [ 0K 42 REE S TR A S S A SR 34T
WET, SRJE153 bin-level ][ =R N
BATCL T Bk WON [HESFERBRZREN H = (y, -, hy), Hf, T =
|b] + |Tok(x>")| +3, HT' <T. K NET WCN #4y, HAMEZREAZ, B
LAAT#3 By =y Hyyppp0 = Higprogeveny)or o
SR G FRATTAEHT ) bin [a) & AEAE R A B B LR — AR )

!/

T ~
e 2 exp(w, tanh(W_ h, +b,)) ;

= . -h, (3-37)
= | Xj—p exp(w, tanh(W,h; +b,))

Hrfib, € R, w, € R% DL W, € RO HURMIAI S K. 28, TATRA [CLS]
Fro BB Z M & by MET BiEE 53] o SLRIPHEE MR &R a) R 2R

u=h @v (3-38)

342 £E7IFERRKXEIE X EE G

N T T E FIREE H 3T Transformer ) WCN AR 7 5245 2 IS 2w
2%, AT BN T %) AN AR i T8 SURRG 7 v o A 2 ) s S A v
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KA G 053 R0 AR, T AR sl SRS 7732 R 56533759 (1) J2 R e hid 4
o

1B X JT4A 472528 (Semantic Tuple Classifier, STC): &1 SC 2w 5 2815 3 (1) B
AA)mE w, AT “DERB-1EXAE (act-slot) X &E—DJumKaE
TS AL 57, SR 5 H9—Fh act-slot % 1 B —AME 4 K8 AR R © @),
L BN, (HRTEIETUAE I ZREE %A B IS AR .

ET Transformer BIE R A EFS (Hierarchical Decoder, HD): FHLL T HiTH
Lo R BAR, AR VAT DUE AR 2 AR JT,  BIA AT RE TN 72 1)1
SREET A HILEE .. BATVLP R RASEIIWHER AWML EE, BRTLT
PR B

1. Act Al slot FJ A FRATREEL S 2 AN ], FRATTR FH A 6 B3] (1) 3] ) 2 (1) ~F-32)

YENFHR. act BLF slot 1)) B3R R s
2. JE ARG A E A B ) LSTM WX 2% % % 4/ Transformer #5754,

3.5 SLW5SH
351 SLEERE
3.5.1.1 BEs%

FEAR v, JRAT TR FH 45— Jem T o) 156 B Bk e 2 10 A FF 40 (DSTC-2) @3k
VAL TRATE) R AR T V5. 78 “AIREE PR AT, MHIAESEE RS
P A2 B3RS 71X ST 6 i R G B o 2 80E R I Zh g . REGEE . DREE 7l
5 11677 3934, 9890 M) . HAR DSTC-2 #2143t T 52 BRI ARAAA, {H N T iy
I E M AR 77, FRATB B ANE SRR B ] Re R (E AN S PE AT 25
TE M.

3.5.1.2 WCN B i b H

N T AERCEA S B WON R AR, FRATE % WCN H 1 {3 12t 1] 48 BY A% 45
1E:
o 155 1A: WCN H %5 IR Z %A B X IES T, Wl uh, oh %5 Bl
KH T Jagfeld 55 [78] Wi

@O L act-slot Xt AT value Y1, ELUN thankyou, goodbye, request-phone, request-food Z555; IXFhIENL
AT —AME T KA

— AR [F—A act-slot ZE—A)JIEH I, REfF—ME, NMEESNMEME .
http://camdial.org/~mh521/dstc

©® ©
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RS A R

o i E I W MER AR ACA T . FRATHLAR Jagfeld 45 (78] (I, % & T 0.001
FRIBRAEL, B PR i S AR A T3 A R L 10 A s ] Y e

534, DSTC-2 $ii i+ batch 7B F RIS FHRHE T WON, FTLLR T Atk
A B SRR () R R ) T N SR (B 515 DL WON 29K E batch 7Bt 1
AN live TBL. HiEEiEA) (1-best) HIEZ AR RE KL N 30%; N HwxfE
(gL R 8 & NS A 7 8 LL B2 57.00%, 1 WCN 12T A e h s
N TS 4] F B0 L2 62.83% (BTRFALFEJS 2 59.48%) . Kl WCN ff1—
ANVELEAR 52 8 B R IE A 45 SR T e S

3513 HuwE

fEH T Transformer ) WCN %%, BATHRM TH LM bert-base-
uncased VEAHIUGL Transformer BLEISH (BT AP BLE BN JE B [ B
A& ) RN n R, HARSEIU R R IIME 0 J7£ 09 0.02 H)IES 7 A FEHLYI
. GRS, AR Adam [160] MRALERUETSHOAM, If R A
(warm-up) )7 T 7R TATRETIANET 0.1, FFM {5e-5, 3e-5, 2e-5} H?
ERIEE S 2%, Adam FHOBUE L (weight decay) & E N 0.01, BfiEH AT
MR BIEN 1. BATEE Transformer B dropout %9 0.1, 1 1 [r] S HEHY
BIRYFNE ISR dropout 3578 0.3,

i T2 f il BLSTM (R ELRHERY, Ffi ISR 100 4EBIZRHY Glove [99] i
AL R )T RS D . BB A S5 S5 0.001, FEAEVIZRET B
] e AR . BB KT BB BT RIME A 5, FTA B dropout 4574 0.3

PEIFEFR R 852 act-slot-value =JCHLH) Fy 1570 LA K A) 7~ B #ERR 2 (RIEE
SR—NA)F- T act-slot-value = JuH 58 A 1L ) . BT BB A I ZR 50 ¢, FF
RIS AR EYERER IR IF I 2 8. Bl 2 T AN BEN LR 71247 10
i, e ERR T RETS 0

352 TEgE

TEARNTT ARG R AR TLATH T775 UL AR B I JE 28 R G2 7E DSTC-2 #idfa4k B
FEX LG R, NR3-2FR . (ESLIGHFRAT DUFpm N AT T, 2l E AR
TH LN T# 5 4)+ (manual) SAEFIE R F (1-best) N e fE%IE SR (10-best)
PAS WCN. ik, AT EE T =AMk R 4¢:

@  https://github.com/google-research/bert#pre-trained-models
@  http://mlp.stanford.edu/data/glove.6B.zip
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% 3-2 R BAEA AR KNG T EENKE LG F, Fof0FREHRE
Table 3-2 F, scores and utterance-level accuracies of baseline models and our proposed model on
the test set.

STC
Models Train— Test
F, (%) Acc.(%)
(a) manual—-manual || 98.56  97.29
(b) manual— 1-best 83.57 7491
(c) | BLSTM+Self-Attention 1-best—1-best 84.06  75.26
(d) 1-best— 10-best 84.92  75.70
(e) 10-best—10-best || 85.05  77.07
(f) | Neural ConfNet Classification | WCN—-WCN 85.01 77.03
(g) | Lattice-SLU WCN->WCN 86.09  78.78
(h) | WCN-Transformer 87.91 81.14
. WCN-WCN
@) (-) w/o system act 86.69 79.56

e BLSTM+Self-Attention [81]: % FR St T BLSTM 1 H v & b, Howiy
SERIRAL 33T AN G &% . X T 1-best—10-best [ HL, FRATTE MK
(1R R i X A M 228 ) TN A 205 SCNEZE 5041, S8 5 X0 Pl 285 SR %48 5 iR
A5 B ME R BT INAUS B R A 45 5 . XFT 10-best— 10-best ) 1E M, FA
FE N ZR AN FR ANk ) ml R B A &, SRS ARIEE &R A5
BN R HEAT IS 2] 10-best [1A) [H] &

e Neural ConfNet Classification [81]: Masumura 25 [81] % FH I |2 K W £& 45 ¥
XF WCN BEAT2m15, 25— 225 bin #4795 1% FE1E 35 1R A 5 A2 1 B
ER A, TLLI3RTE bin [A&E; 5 22 “BLSTM+Self-Attention” 25
APIAELT RS bin M EYwAD, FREA) R E .

e Lattice-SLU [73]: FRATHRIF 73 T R IO 25 58 718 5 B4 GPT (077
5T WCN 47 9w15 . Huang 55 [73] FIHZ 7B s db AT gats, (HILIH
FERT LAIE F T WCN.

FEFRAT LI, PR IR R AR R TR 1 T4 2R s X

fEhd ik (STC) #HATX . WMER3 2 &R 5, FATAT LU I

1. XFEE () A1 (b) 47, ] UAIIEE & R AR T 5 208 BT Re = A 1R
NIARTTEA

2. XFEE (b) F1 (c) 47, ] LUK BIAE G 45 R E3 T g A T3t g 2
fift 2GR AR

T, B
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% 3-3 5 a7/ DSTC-2 L#) TAF 6y kst
Table 3-3 Comparison with prior arts on the DSTC-2 dataset.

Models | F, %)
SLU2 [161] 82.1
CNN+LSTM_w4 [162] 83.6
CNN [163] 85.3

S2S-ATTN-PTR-NET [163] 85.8
WCN-Transformer + STC 87.9

3. (@) (e)~ (D~ () ITHTLAEH, (FH 7 & E S IR E R E Z 1A
e s, IEPRMR R RS T
4. Lattice-SLU ff F 7 KIS 25 5 (715 5 154 GPT, PR REAH b H A L2 &
G BRI
It FIH Transformer X WCN Fl b —#¢ R4 [ & 115 LCRRNHATEE ntD,
PANTHE B 795 ] DURUAS S fr e e /K, 9 HOROREE B Z /T 7E DSTC-2 #idi 4
EREARA R (WER3-3FR ). Bl R 48 h AR A IO AT 1 B 5245 B, HAE (1)
17 B R BA T ITIEAEA IR 1E J7 5245 B IO S AR o] LU IS BT A 125 48 R
Yt. TMAHRHY) Lattice-SLU BEARAE T 1 28180 BERT £ GPT Fililll Zrifs 5 FRon il
EMEReA ST T %A B B 28R, BAR R FAHE: R8T 57 1 Transformer
i, LLAEXT WCN IR S5 JA TR T EA A

3.5.3 SLEXEESaOth
3.5.3.1 JHRhszEG

AN BT FRATTHE B 1Y) WCN-Transformer & fith 485 #4) 3E 4T — L8565 B M 5256, i
F 205 R T A A 3518 Lt 7 284 (STC) MZZ A\ fiEhY (HD), 45540
R34

ETHZINMERBIIBRME: TATINEERNE PR T AT
WCN I ZIAL B i s B, N T IIEE A 2, A28 WCN B Z) (BRI 28
bin IS5 T2 K H R 7 51 U AL B gm b o dnk3—4-(b) 1T TN, JE T I ZI 1
A7 B b f 1 Be A B B I 52

MEEEIRNEEMENEIENIHINEMME: EAR3-36F AT ER
WU 5 B ME 2873 N 2] Transformer 4% 1) HVER JIHLEITHE A, 8 7 5680E S BH 2
Mo BAER3A4-(0) 17 E4 TXTEFE B E MR MG, 25 RBHHXT R
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&34 KRR
Table 3—4 Ablation study on the test set.

Model variations STC HD
F, (%) Acc.(%) | F, (%) Acc.(%)
(a)  WCN-Transformer 87.91 81.14 87.33 80.74
(b) w/o bin position 87.57 80.63 86.64 79.51
© w/o WCN Probability 87.15 80.07 86.47 79.05
(d) u=h, 87.75 81.02 86.99 80.23
(e) w/o vector aggregations 87.75 80.75 86.96 79.96
) GRU based value decoder - - 87.30 80.36
(2) w/o BERT 86.12 77.11 86.01 78.23
(h) w/o system act 86.69 79.56 86.18 79.07
@) w/o BERT and system act 85.85 77.41 85.06 77.27
Q) Replace system act with system utterance || 88.01 81.30 87.28 80.54

k 3-5 ML TR 895 F IR A G BB E RS 7 X

Table 3—-5 Comparison of different methods to incorporate ASR posterior probabilities.

STC
Model variations
F, (%) Acc.(%)
WCN-Transformer || 87.91+0.20 81.14+0.36
(-) None 87.15+0.02 80.07+0.02
(-) Multiply 87.65+0.10 80.94+0.17
(-) Naive plus 87.88+0.03 81.08+0.32

S . TAN, 1A T EE R i T VR A 2 R A
o Multiply: %7505 ¥ 25 VU5 HE S R E 2 0 B4 B B AT, B € =
(W’Q~”xf )T(Wlkhx;)

vaga  i°
o Naive plus: %77 K515 25 1R 51 J5 ME 28 RE 75 0 BUE ELBEAR AN, 10 34 4

A3-36H I TIRIENSE, B e = % +pje
FHSREE AR 357w, AT DURIAINE SR 5 M2 CREA I E 15 2D
45 FARIR R I 22 1, H B B 77 R A B A SR F B 77 VA /MR BE T B
AIEERBUERNAR M : N 7 UEA) MR, FRATER34-(d) 179,
BATR B ERBRRST S [CLS] HIRZEREE NN ERR; HIMER34-(e)
17, AT AmEA) [m) R B B R BE T WON S5/ 11 [ = 84, BRI A R3-371
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HE = IHLGIEAT A) n E . S5 R KB, FIH WCN 45145 B3 Ia) [ &R
e B .

E-TF Transformer FIESE REBMBRME: £X34-) 1794, FATZ=EHEUE
A R fP) Transformer i GRU . X% bE 25 IR K B 3L T Transformer B A2 Al 7R
SBELT T2 T GRU 51

BERT WUBRME: EK3-4-(9) 174, FAIZER 7 A BERT Flill Zrps AL X
WCN-Transformer ) ZHUHATHIM640, 102K BENLYIM6 10 ) 5 0E, FF48FH 100 4E
] Glove 1a] [ & . S0 25 BT /R JeBk BERT &%) PR RE & AR K i i 520 .

SHERSEEERNAE: WAIMER34-(h) 17 L, FATEAE 7 657 245 B
AR HATER ANt 2d T E—R RGN ERE LRIR, A8 CHRENEREIE i
THRR TR X ULBH 7 O0E P SR S AR A A R AE B Ak, FER3-4-()
17 E, Bl LR RERERE R ERK T E-RARGEREMA) T, HE
PEREBCA Rl B AR . KR VEE & 2T FIR R R UE R, &
RUP) S FH P L -

I JEAERR3-4-() 1T b, FATRIN 2245 7 BERT AU P A5 8., %45 R T L S
#3-2+11f) BLSTM+Self-Attention A & Neural ConfNet Classification PN 3548 R 4t
ANPHOEL . 85 R B, FRATI TR AE [R) 55 2640 TR mT LLUSE 7 M B WCN, FEEUS B
FIERE o [FIES , 384T 19E T WCN-Transformer F) 7775 4H b Neural ConfNet Classification
FRRE Y i SR AR (R S5 F 158 (GPU 245y GeForce GTX 1080 Ti) R ] LATRK
29548 CIRTEALEE 32 A5 BT 2 UIZRI TR0 EE DY “41ms V.S, 250ms™) .

3.5.3.2 BLSTM # Transformer Zwh5#s %t b

Fihb, A1 EE Transformer 4ahd 48 2 15 4% 5 5t Lk BLSTM A 1R KHIILH
TR, BAMERAEEER) T ARG EE 7 BLSTM Al Transformer Zifid 4,
gE R INFR3-6fT7~. FATATLLA P Transformer 55 BLSTM #H L, 7EMERE Ei% A
S, HRE ST BLSTM. 1% S il H AT T8 i 7 VR I 1 Be B - IR R AR R Sk
YT X WCN 9 = i o

3.5.3.3  RfH AR B R G SRR SR ) 0 A

MR A SES 48 SR, JATRT DU IS T4 s AL 1) R gty (HDD
REELAZ L7328 07 1% STC AR —L&. (H2Fi% I HD W7k M A 1 s ALkl Andast
2%, BOZAA I RIZACRE YT, BB kiE] OOV LR . 1 it—2B 73
NS RIZACRE ST, BRATAUIZRER B BEHL IR B — € Ll Bl I 2k, (22
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% 3-6 BLSTM #= Transformer %% 25 69 3t Lt
Table 3—6 Comparison of BLSTM and Transformer based encoders.

STC
Models Train— Test
F, (%) Acc.(%)
BLSTM+Self-Attention 1-best—1-best || 84.06 75.26
Transformer+Self-Attention | 1-best—1-best || 83.93 74.65

KIS MREANT, PUHCSREIAFR OOV FEMIMER . HH, FATHE—D%
act-slot-value = o 7 NMER 5. FEIIZETHIER (seen), AEUIZGEHH
BILH Cunseen). 2RJaE, EHEHITHFEX N RAF =CHE F, 1957 HARSKLR
ERINRI-THIR. BATTCURIL, TENGELLLEILLE /N A% (BF OOV FEFE L
BORHIE D, HD B2 B AR T STC MBAL, I HAEAEMT AL T HD BT
unseen & X = M HFAL T STC.

% 3-7 WCN-Transformer #2722 7~ F] tb A7) 89 9 45 5 T 13 849 F, 14

Table 3—7 F, scores (%) of our WCN-Transformer SLU on the test set with varying training size.

Train size ‘ Models H overall seen unseen

. +STC || 6286 67.14 0.0
’ +HD || 7157 77.00 29.69
2o +STC || 6944 7281 00
’ +HD | 7675 80.89 30.34
“ +STC || 7867 8023 0.0
’ +HD || 8149 83.07 3528
+STC || 8130 8190 0.0
10%
+HD | 8291 8380 229
+STC || 8587 8604 00
50%
+HD | 8629 8656 7.59
+STC || 87.91 8817 00
100%
+HD || 8733 8754 476

TR 2 ()R M8, BT BUET RS Bk, MR E e 4,
ul “food”~ “name” UL “address” 5. JET-1HE JIHLFEET W 28385 N N\ )+
R DU A v DUR G MU R X M il . 7E45 5 act Al slot IRTHE N, FREFMZE
AJ DAOGYE I OC B3R T« 7E BIB3-6 /Rl 7 1 T gt 2 1R B AL T AN F
(1) act-slot TEf AN A 1) “OGERE” 340 FRATAT LUK I “inform-slot” HERfHLIC
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not chinese i want thai food </s>

inform-food

deny-food

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

B 3-6 {EA R B X T RE act-slot £ AT F L EEHIRE

Figure 3—6 Attention weights on input utterance of the value decoder with different act-slot pairs.
FEAE T “thai” b, 1 “deny-slot” IX FEA T “chinese”.

3.6 AKRE/NG

T FRRTE B R S 2 A HE () ) R, AR S RN 5 3 A 55 2 1 B A
SO A AR RN 55 20 40 R AR e /R, $ 3 T — s R B T Trans-
former ()R] VI W 28 FU0 6 BN SCHIBE B I 4540 o« 1712504 1) VRV P 28 J ~T-4L
FERI T T 2 AL B gm bl A <Rl A5 2 IR 0 J5 B0 ME R 10 B VR = L K
o B S5 R AN S5 B AN 2 ME S B 9m TS 3 Transformer KRR ZE A @ o[RS A
TEZSmAL At ) B At E3R T — MR 038 SURAS A, 1T LUE U2 R E OOV |
&L, 7£ DSTC-2 ##a4E FRsLIg L FR I, 1% 77450 LAs U R WCN LUK R
WG, HEBAREREMUERA TSR, G IRIIZREE BRI 15
WE 1B HTE SRR 28 7T DR R ARAE 55 Y DB B AR 132 AL e
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FNE EFEERAEIRAUENSEDSIER
41 5|5

FE AR AR TR SOhE B, BB A TREEIRBIABE RS R (A
REMZE) WIS JiiE. 87 i EwEsT, b — S 3l DB R da A AN € VS A5
AN SCRASHEAT 1204, (B EEX 5 aQRAE SO, AR 55 2R TR SR A AT AT X
FERE K. Wnes— BT RR R, H TR PR B R R AR LSRR R G AT
REAFAEACSN, EAEUR B IR A5 R B BT X 55 Qi SO I A2 2 i HL R
AR o BATR R Ml 5 Ak LALE 1 5 R0 45 2R b BEAT IR0 55 2008 SUbRE fA i) AL

N fRR BRI, AFEGEH T PR AR R A8 R IR T SR
Rt LR EEMRNI 2507 1% . 2T R R B N THE4A) 7 LT RN 5515 hRiE, 28
Ja M N T2 B ) 7 238 8 U0 45 R N B2y ) SRR N A (G v
D S BEARRE Y o 12N i B SR A A% O DTk E AR LR LT T

o MEELIEE: SZRTIWIEE IRBIERIFENT, £ DUE & IR A RO AR, 17
XS R SO 75 2 1015 SRIEAR FTRERL S T8RS . AR E S, 3K
T3 — Fh e B H R R A IR R E A 5%, ORI i <78 X
FEAERT AR IR BOE B R B R

o WIEMESIRM: LUEHIRBA RN, AT BA XS 7 115 hRE
K1, TEEERS BRI EE S, EE, Bl B EAHEE
2 W E B R I 5 AT SRS (E S AT LA b R 1 SORBSE 1247 3
b, iSRRI EE S

o TRNFEIA IIE PN S HCER FEE IER T EREEE S, HE
AR RAT TIaH. AT, BATLEEEEH ok HHHE
RIS HCER T o2&, ST SRR LR sk o ST Bk

AFERIGERAT . BATE SBAERA 2 RS SR E L B LR, &
B BTN T8 5 SCAR B 6 55 30 8 B AR AL )1 25 DA S B T8 8 IR A A iR K
IR 2 BE B0 AE 284 37 R TR E 2 B AN s Al 2 > SV B N H & R 1T 2,
Reond 55 20 TS B ] 2 S U S5 R b SBA4TR SRy, B SRR
B BELRELEIT; HASTRA TR NG
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42 HEEBELERERNOIEER

FEAFES, JATH HARREAN TS0 7 BRI 55 2005 SRR % 27 =17
AMEER B [, ST 7 R A AIbRERRE R, FEAE R A BTE
W g Rt e Eikt) . B b, 455 H— &K WCN-Transformer %f WCN i
1T g A 58 VAT, J5 BAH KT 1A A B 2R B THT R AR R B 98 T
e, EARCEAREIRE

k41 e P aT (ALHEFLA, EFRANLER) ABAD R IE ARE B R ABHF P
Table 4—1 An example of user utterance (manual transcription and ASR hypothesis) and its

semantic annotations.

BIRENX 5 | #651

NTH540)T 2 | REETMALEET

IR R x | BEIEMA LRI

% WIS B bR | 9S Hio) & 0 & (o] 75 inform-dest) M (intormedesy 1 101 2 (o)
b (pedeny-desy #F (1-denydesy 1 101

T SR X y inform(dest= 75 /11); deny(dest= _Ii§)

TES AR B TTEEZ A0, S TR 5 2400 i A0 e O S R 1, o RA-1 9
Ro FAAML, RANCATHSAITHN % = (R, %p, - Rz CHEF R RO RAE
AT x = (x), X, -+, xpy))» AR TEES )7 BRI TR RN 55 =
B, 95w e MAEIRAT X 57 30 OB AL 5 1052 S 55 2RI b
#EIHET TOB kg (Ebin O, B-inform-dest, B-deny-dest). %55 N L# 541 LA
TS et 5 2R3 SRR, AT LA 5 AR E A J BER TR LS8 3, BIAESCHY
— RIIIE SN y. (FESE2.245 HIRATR A y© F18 SO 4L 38 SO R,
1M E T A S AN R BRI 4596 B T AR E, ROTE B y RACH
y©o)

S SRR 55 R A E N BB R DI B o, T R ELSC PO T P UK
R yo (HR UG BB TEN T 5 400 7 DU RIS SO IR 5 51k
BB (5 L5542, /0 B BIVE SR B4 5L E0AE, (R 5 It A7 R )
HARIOME, a1 bt <& M=, itt, BAES422/N TR I T —Fidt Fim
VLR ST RO 1 2 i 0
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(a) BLSTM

(b) BLSTM-CRF

(c) BLSTM-focus

B 4-1 = AN ARG 3E A AR TR
Figure 4-1 Three typical models for slot tagging.

4.2.1 AXFRNOIBIEFER

R RATAMAE S IR AR, A B R 1E H T 55 QB B AR
FIRRIERRS, HFRIE EFRIC (slot tagging) AT . SRS 1E Jo S/ th A B A 52
JF B BRI AR Y B B35 & R0 45 R b B R R AR DL N B IE LR 0732

XTI BN TR 5 A) 1, FATHKER R A XA LSTM (BLSTMD [34, 155] 1347
it o 1 5, A TR 2l S A — A TR L B R, = Wp0(R,), o Wy, € R9XDnl
FE—MA R, o) € RVl E— ANk E (one-hot vector), V,, FRHIA
FH, d, NEERYERE, &, € Rl X THANGT & = (%), %), -+, %j5)» BLSTM 1/
CABEAT A A i i SR AF AN X R B2 ) B (TR R LB SR AL D

(hl,"‘,h|£|) (_BLSTMQenc(ﬁl’“"ﬁmp (4—1)

Hrfi, O, /&% BLSTM W& MATE S5, h, € R X ARRZERE, d, £r
LSTM MIF& 2 Ml 4E R .

BT iR BLSTM A)F4aft, A —Fp& s bR iC B R AR A, 430l
J& BLSTM, BLSTM-CRF, BLSTM-focus. ‘BRSO 454t B 4—1 i
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4.2.1.1 BLSTM

FF BLSTM HIIE XA bR iC B B B27E BiR BLSTM IR A B2 & B2
TNk E, B
|%] |%]
p(P|%) = Hp(f’flhi) = H softmaxﬁls(Wlhi +b)) (4-2)
i=1 i=1
Horb w, e RMueP2dn, e RMael Bigy it 2RI 208, Viag 7 ITH i AR ZE IR 5
B, softmax BREGL 52 5 215 BIEFTE 1B U L IBER 045, softmaxs (.) IUPSE=
MG xR 9P ARSI

4.2.1.2 BLSTM-CRF

HT2A1FBEHL% (Conditional Random Field, CRF) [f4 H 2 M AT L% & AH AT
B 2 F s AR Z Bk &, Xt 7 2 AT B A R [46, 47, 164]. Hi 751
() Ja B e R B R N
|%]

W(-ﬁ, .f’S) = Z([A]id(f’}g_l)vid(f’}g) + [Wlhi + bl]id(j}lfg)) (4-3)

i=1

o oS
p(F51%) = =P V) (4-4)

s expy (%, §57))

HHrid(9?) € {1,2, -, [Vyel} RRI2E 57 EHIH LR Vyp PHIFS: A €
RV Vael BLERASHAL R, © AN TTE [A] ok FORIGEAHLEI ZINE j bR
BEERE B k MR BEE . NS 2 MigH ) 35 LRI s
F5 & bR 2 e R 45 53 DA R 2 MRy HE PR AR S A5 0 AR B . B2, X B AR A
— AN E IR

4.2.1.3 BLSTM-focus

[FIAE R T 2% e AR 25 2 [ R I P RO o0 &2 (Hban “ BRI T 205 H LA
“HARWT” 2 J5), —HEETIRIDE-MiL4% (encoder-decoder) )94 4% 45 #44k B FH
THE SRR IEAE S5 [43, 51, 53, 165] . TFATTHEH 7 —F0 «5F £ ML (focus mecha-
nism), F A —NH[m] ] LSTM fif b5 25 Sk G150 HhAR2E (IS P AR O B o 7258 i I
Z AR RS 2% B 2 1) B R e H B

s; = frgrm(h; @ 5’}9_1’ Si—1) (4-5)
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o 95 | = W05 ) & b I 2T 05 AR R RN, H W, €
RAXViae i — AMRAE ARG, B4, 5o =Dy, 35 MFRARIATFS “<s>7. BF,
AT 0 A5 TR A5 £ P A
|X] %]
p(3°1%) = [ [ P37 192, 2) = [ ] softmaxys (Was; +by) (4-6)
i=1 i=1
Hr W, e RVuedn, b, € RWVeel ZARX ¥, 5 BLSTM-CRF #iLL, %7k R4
S B B 75 2 AT R
SJE, BATVHRAE 0 TR SA8 % ROBTE N TR S0 TIIEOR (D) HiIZH
KRR GUFTA TSR 0):

Lip@ == Y logp(3°|%:6) (4-7)

%,95 €Dygep

2 e AT S AS 2 E A fE . FRATT AT A fE A B LB AR S AT SR
XF, FLHnfE 410 SR N H RS (%, 95) FTLARE] y.

422 ETEFTRIBERRENEBELEREE
B, HEAE LA BRI & PR 4R BRI AN BREE: 1) 1585 IR
AR ETRER SR ENR, 2 AR RHRBTE SUREE X 20 IIZRATI A A A
ULHC. FEA/NTTRATSMEIEE — BRI, 158 AR iR SRSB4 37T
ARELIEIE
N T FERTIN act-slot-value = oA EBEF BRI, AR H T
AT E U IR K E R E A B 5 . AR T U AR AT A
AR AR TR 0 R AR AN AS AR o Bl A I I R 2 (R R SCA . A MBS EAT A IE . EAT:
FRSIER G, AAE S T v BEBUE AR KREE b2 mT DU S 040 12
RERECH, BN R bl . G R XA AR o BRI E 2 A
N=HRor (BARRIE I SAEA-1 7R ):
1 IBNHEERR: R SRR, AR R, HEE S Z AL
Moo XAMEDL, 7208 E 2 S I R AL R (val2slor) BH5 %
{E DT TC PR ME— PR SORY, SR B 4 b JEOR (178 SRS b, 8 R AR g,
YD BT SR T RES B R T «DXC B, SEBR B RGZIE Il
2. HEH: F IR EPEEIEEFIUNHR, BRRERM R, Wk
AN TRIME A TEAN RIS SCRE I AR (B P, AR D m] BEAFAE T8 & R
R, B, OV TR 2 AU A 1A A T SCRE I P AT e ade i, 40

57—
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BOE 41 BT PO IR VKR A e 21 4

Input: 15 RSB TN R X =0 HES y; SUAK 05 KETI YV, 0

FAEEAS 73 BUAH. thrs

Output: H R E J5H1E L= JuHES §;

1 val2slot < get_val2slot_mapping(©) ; /] FREBNAEBNE X AE R B A &
2 y<I[I

3 for (act, slot,val) in 'y do

4 if val in O[slot] then

5 ‘ y.append((act, slot, val));

6 else

7 if val in val2slot and len(val2slot[val]) = 1 then

8 ‘ y.append((act, val2slot[val], val)) ; /] EXEER
9 else

10 max_sim, new_val « arg max(get_sim(val, O[slot]; V,,.)); // REXF

FH YV, on REIGURAK P REITANEE
11 if max_sim > thr then
12 y.append((act, slot, new_val)); // B E#, & NA{E X T E X AE E M
%

13 end

14 end

15 end
16 end
17 return y;

R AR S R eI 81 (B 781D DL I (AR & BT e 41 CRp
PR e & - RO o SRJE,  BRATTIE I TSR T 1A N S AR (e
WAl AR SR PP A1 Z [ FARALLRE (T A 21 G i PR L i T iml AR ) B
ARILELREAE) , FIG I BAR L5 (8 DAL e AT AR LR . 2R
FAALRE R — s B E (Eban 0.5), 3% A 120 e {8 & 4 TAE

. OB XEEMBR: Wk EREAAERA KT ENBE, Mgl

NTEFEMEE . T2, XM DL IR B8 SCREELR

AL IR AL 8 TR — T 0 PR AN 8 (B 18] AR URE TH SR R . 5,

REFATURA S O, DT T 4 AU o UM BT AT R 4 T 5635
5. U IR O] 12240 7 BB SRRSO ¥ 3L L (a, 5,09,
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BAVTHEAH 5 o FVRE—AMEIR AR < 18] 1R 3 A AR AL
get_sim(v, O[s]; Dy,,) = {sim(v, v'; men)|Vv’ € O[s]} (4-8)

HA Vyon R E T, W TR TR N AR E BT A B SCRRUR By
AEAIARBURE BR 2 sim 7] DL 2 FPsC Bl ik B AR X

1) YRABRERS : XIH S 2L T SO PP 91 10 G B2 0 RS O 58 1 81 ) G A P 25
PFR 3 2H o

. /.
sim(v, v'; Vpron

Horp A ZWE KT REG Voon(v) RERIRPASCAR v B F A o,
Vron(“ L") BT LG BIAR R B0 K 5 FP 81 “sh ang h ai”

2) RLEE: BTG U ek BUE il ReEE IR E R, R E g iR
HRdR AR 1), TRERNTE M LUIHMTABE MR . B, ETnE
T B AR 5% 0 2 nT DL s fm) 2 A B 1R B S B AT A BE

RUZIEETTEHARMZERET N Jtd (n-gram) WESEFE R &, — %, X
T—M () FH w = (wy, -, wy), WER n-gram 458 Negram(w,n) =
{(Wiy o s Wipy) | i = {1, T —n+ 1}}o BREGHIIRA O FHTE FikR
{EH n-gram, FATAT ARG —A n-gram V3K, dA Ngram(O, n).

ST NG v, FATATLABE]—A 0-1 & d'(v) = @+ dY) e RY, Hrya
AN L = | Ngram(O, n)|, H.Ia =5 —4EE K Z4EX) B Y n-gram 2 75 H 20
ETMAE v 1, B df = 1{Ngram(O, n); € Ngram(v, n)} o )i, BAHTZ AR
WA—A A E, B d) =d @)/d @)

TS R s R AR B3N M AMEIRIE, B8 Ofs] = 'L, -, v'™),
X FREAMEIEAE o, #RT AR IR IR VSR E B IE R & d(v'). T2, Tl
AR IR AR 2 [R] ) SCAS AR S4B B R -

) = —4 - editDist(v, v") — (1 = A) - editDist(Vyyon (1), Voron('))  (4-9)

cosine(v, v") = d(v")Td(v) (4-10)
THUMIAE AR A % e {2 18] ) SCAR AR % PR B A -
sim,,..4(v, Ols]) = DOLs])Td(v) @-11)

Hr DOLs]) € RPM 55 &k BURS k Mg KT R do'). 250, kA7
SE T LA RS A AR LIS, 135 sim o, (0, OLs] Vyron)» FFBUR LA
Wi

get_sim(v, O[s]; V,

pron

) = A-simyqq(v, Ols]) + (1 = 4) - simy, ., (0, O[] Vpron) (4-12)
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EERASR: B R AT B £
O A
------ R
(slot tagging)57 &I U (slot tagging) LA & XURE
7y
o inform-dest-TE M inform-dest-fE /|
inform-dest- ¥ inform-dest- P ¥
| - Lt -
([ EEBmmEmEs: @ (Ezmmmmsmm %
i A f 7NV
AIEEK inform-dest-7& /M| inform-dest- %E_f;l_l _______ ; U
3B SRR : inform-dest-_L-¥¢ inform-dest-_-¥#§ E AT

A i
: — reward ---

R SUEERT inform-dest- 75
inform-dest-_E-¥%

B 42 A TAEMAL 4509 05 AR R

Figure 4-2 Spoken language understanding with value error recovery.

4.3 ETHEELENRLFESINEABBERIIZ

HIT T 5% R A ] 8 SR T DA 00 P g SRR o B0 2 98 o TR A R
A2/ 383 Fron ), ABREE SCRERRIEASE AL I ZR A B B A A UL BC 1]
AR Ry fift e TR BATTER 1 — Pt TR (B 20 B AN s AL 22 3T i A\ H & LI
% (A2 887 ), 1205 3R R REE 20 5 )5 T SRR 5 IE & 5
XFHAF R Ui (reward) 7, FFLAMCONIREBE 5, 4563 T SRBRBA BE 9k 2 =) U7
O SRR T AT AL

27 A TS A SR 2 S AR BOR i T8 SORARC R A H &
gk, ERMWRLEFAL: 1D JHER 18 SOEPR OB AU ZRoAT Il i) A LS [ 2)
AN EAEE B R AR EA A TR RS bR, [, el 2 B EE
U SRR 2B A SRR . O 1B/ IME R s A, JAT e AL
e 5 )1 LS L o8 5 SR B ZR iz SRR ic i R (A s4-77) .« 1k
A, BATIAI R 2 S AR B (1 9t Ak 2 S A SRR I TR et (reward) s

FATRAE F OSSR x ML K SO R & y A, B Dy, =
{x, )}, ATETEAZE TN BERN IR, 46 eiBE RS x, AT L
B AR LR p(yS|x; ©) % A EREAT R SIS, B T R SCEE4.2.1/0
2| BLSTM. BLSTM-CRF #840] LR A Viterbi 5%, X T BLSTM-focus
A DR FHEE R (beam search) [ /510, FEfRIDZE R b, FRATREERT K A
A AR s, B ySt e ySKS BfE, B REE A RS, AN S 2
K AT 8 SO R (571 o TR — AT RS SUE /X A, Hkm
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B0 42 STl E Al B AT R Ak 52 ST B A\ B 3 NIk

Input: A\ 55 SOARRN 57 2005 ARER ISR Dy, = {(%,0)}; HFH A
SERANAEXS FrRE GESCGREEN ) MRIIIIGEEE D, = ((x,»)}; X557
B SRR LR BUR R B L, () IR bR EL w () FEAR ns s

FEAE LY B AL s

Output: i bR IC B 24 0;
1 BENLWILE IS4 O,
2 repeat // T4 H &
3 M Dy, TRIE—DEEAE (£,9°);
4 R ZH: 0 « 0 — 1 VoL,(0);
ntil £ A8k
epeat // RL Y|ZA W&
7 M Dy, TR (x,y);

wn
=]

=)
]

8 ¥ x O NBIE SRR IO, B p(y®|x; ), S EMRDES R L RAE UGS ATHE

THEE VAR K A TRIIE OB 3, . 75
9 fork=1,..., K do

0 || RIEAR-13HEIL Ry 5

1 end

12 IRYE A Ha-171HFRIEFE L Vow(x, y; 0);

13 HHENZE: 0 « 0+n,Veu(x,y;0);

| M Dy, TERFE (£, 9%) 7/ HEEI%;

15 EHEMSH: 0 « 0 -1 VoL,(0);

16 until A2 R ék;

reward £33 75 R8T 1 SR (ELNS S0 Ae) 1 BEAAR 0] (I PPN 48 -

R(x, Y yk) = 7?'triplet + Rutt

ly — 7| + |7 — yl

R =1-

triplet

Rutt = I]{y = yk}

|yl

(4-13)
(4-14)

(4-15)

Ho |y| R HApE SO E X AL |y — 77| AR RS A 1 700 H R fE SO
EATAN L (false-positive) , |J* — y| 2875 IAS TR 45 5 rh 4 7 i35 SRS A4

(false-negative); —o0o < Ryjpier < 1o Ry € {0, 1}

FRAR SR mERR B N vk, KA reward PRI ER (B I SR0RE SG 1) SREBE I 2 -

K
- 1 -
v (x,;0) = E[R(x,y, ] ~ = D R(x, 3,7
K k=1

(4-16)



RS R RS
1 K
Vow(x.7:0) = = 3 |[R(x.3.5) ~ Bx.»)|Vologpy™1x:0)  @4-17)
k=1

Hrh Bx,y) = + Yo, RGx. . 7 R BAEIINZ07 2 (11552 [166].
BJE, R T IEERMA FERIAE R, BRAVKRIEA THSHIR (Dyepy)
ONHESR T BT SO FR OB CREBEPEDIZ6) . Se 38U 2Rt R I D AR 6 BT 742,

4.4 W59
44.1 SLWHIESEKE
4411 BAEERHE

NTEEARRE R, BAMEE T — M R g AR . fEEw
WA PR A 7 (AISPEECH) VHHEL 8z ERTIE RS HECFh, TR
L TWERKER P IANZEIER], FHENLES AR BT 7355 08 X
FrvE. ZEHEEATEIANEE: HESH (map). H &R (music). KA
(weather) UL SUMAH R (video)o BE/MAIEATH F A) 1 #5& M F Al —A> 22 A5tk
B X0l R G810 LS As B SR AT

7 2019 F55 21 2 AL HEPRa b, RATCA B R AL T8 —Jm
SCER RS SE (CATSLUD @, MCUREMSIHE B nFRa2f%, Hih el
P, g, RBEMNMNRERN 8, 5 OREEE, DUEE R
FHERE (CER). AT LUR BT K sl O AR 210, 5
ANERATTN T R ARG AR SR AL 7 AR A BRI Zh i, CABIHLER A s i 1 -

SHMAFH DIEEMEIEEMNLR: 5 DSTC-2&3 PHitt, CATSLU %
KAEEH B 5, A RSHSA A, I REE X B AR e oK CEL i3 AR 4
B KL T E il D); 1 DSTC-2&3 Fidfi & il Bl 5o &), flal T4 R 7E 2>
B — ek R . HIK, DSTC-2&3 B 118 AL AR im % 1. ATIS ©,
SNIPS ©, MIT Corpus P25} 55 15 BSR4 2 KA N L85 oA (B R
HARES SCA) B, Jovk I SRIGAE HE AR AR S E 2 R A iR e fd . 28

http://www.aispeech.com/index.php

https://sites.google.com/view/CATSLU

HAEEEEERAML.

http://camdial.org/~mh521/dstc

https://github.com/yvchen/JointSLU
https://github.com/snipsco/nlu-benchmark/tree/master/2017-06-custom-intent-engines

SECRCNCNONCNG

https://groups.csail.mit.edu/sls/downloads
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% 4-2 CATSLU # #2469 412 &
Table 42 Statistics of CATSLU dataset.

. = ATHE N
i | BP#%E Ve | K | WitE BXIEHE | CER (%)
map 1788 5093 | 921 | 1578 24 20.66
music 268 2189 | 381 676 20 21.91
weather | 276 341 378 | 2660 22 33.14
video 227 205 195 | 1641 28 22.90

fLATF I b SC S SRR A . SMP2017-ECDT FIIE S — St g © 1 o A
$) 4000 F3E, [FREARAIESHAER, HIUE AT RABRE. FEIRA15H0E
[f), CATSLU ##a 2 H i A TIOR3 B EE S . A1 DSTC-2&3 —
B, AZMOR SRR G T AN e I SUAC R, BIBCHR A I R 1 b SR % 2
LA TEZIRA P . AR 1 A% 50 i 2 RS B AT

4412 ZSHEE

B, N TR T OO R TR AR IS [167], FAHE R S EREATIE
SXAEFRICAES @A XTI, JATE P S C4EREE gk T — R T
LSTM P48 B0 5 8 (RALT ELMo[1011), DA 5 #EALK) 200 457 &
YENHIEE .

KREEW R FL RGN H 7 EE# L BLSTM %) T4mhd#%, LSTM KRR
B RN 256, BOy—Z . BR T WO ZREF B [ i 7y, Rt ZHdLL (-0.2,0.2)
AN 2 oy A BERLAI A . EINZRBY B, JAETEHE Z 18] & 0.5 1) Dropout .
BATKIA R Adam [160] 1E AL RS, BB 2SR n=1e-3 Rl ny=5e-4 FEYI%:
WP ORFEAAL, B R AVEB B BTBIE N 5. iy 2B E, SRR K &
BN 10, ML B, BLSTM-focus #8RF T beam search H. beam (&4 5.
PR FE AR K I A2 act-slot-value =TI Fy 157 LS A) TR (P HERR 2R (RP LR —
M) F M ET act-slot-value —TUHTEA LR o BT A WIBALEBE UIZE 50 ¥, FFfx
AR YRR RTINS H . N 7 B S R s M ] f,  JRATTE
MH T HAMFIURAIE . 0T SR 5 R A BRI, FRATKR A T McNemar's test
J7i%o

@  http:/fir.hit.edu.cn/SMP2017-ECDT
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k43 B EEEER CRIEIEFIE), QEHENTEN F /0 TRAFE, KNG TEDE
BT RAFO A& R BABARIEH T (p <0.05) #= F (p < 0.01)
Table 4-3 Main results with lexicon features. F,-score(%)/joint-accuracy(%) on the test set of each

domain are reported.

Models Train ‘ Test H map music video weather Avg.

HD hyp hyp || 87.8/84.2 90.5/82.1 88.7/76.1 89.6/82.4 | 89.2/81.2

BLSTM-focus tscp tscp || 96.4/93.8  97.6/93.3 94.1/85.6  95.5/90.6 | 95.9/90.8
BLSTM-focus tscp hyp || 89.0/84.9 92.8/84.8 91.5/80.9 92.6/86.7 | 91.5/84.3

UA tscp+hyp | hyp || 88.5/85.2 91.8/83.6 91.2/81.2 91.8/84.9 | 90.9/83.7
DA-GEN tscp+hyp | hyp || 88.9/85.4 92.2/84.6 92.0/81.4 93.1/87.1 | 91.5/84.6
DA-ALIGN tscp+hyp | hyp || 89.1/85.5 93.1/85.7 91.5/80.8 93.1/87.0 | 91.7/84.7

tscp hyp || 89.0/85.3 93.1/85.7 91.9/81.6 93.1/87.6 | 91.8/85.0

Proposed
tscp+hyp | hyp | 90.0/86.7° 93.8/87.0" 92.0/82.0 93.4/87.7" | 92.3/85.8"

4413 RLRG

AR FAEH B TR SR S 2 R G HEAT XS B

o HD: 1X & Fi— F 42 H & A T B 5538 hRiE I E X D E AR Y . %
FEA ] A AR RS Dy, LREATUIGR, (HZTCTR A 5538 SO iE -

o LSTM-focus: 7£%54.2. 17N 1542 B ()% T LSTM-focus M1 SUREARICHRY, 1%
FERNAE Dy, LT ISR

o UA: LI EH N HIENIZ (Unsupervised Adaptation) [111] i FF H7E
N THEA) 7 HE R R 45 R BTG S B AUE 55508 SR AR e A A N T
HE AT ANE S RN R b %75 FIR LSTM-focus N EERTIE A

o DA: #5478 (Data Augmentation) 777595 K F 25 75 B U 1) 45 S AR RlOAH B2
(R S5 PR RS, SR Ja X e D A A AT DA FH R VI 25 58 R g (1) 38 SR AR id
BEAY, (1) GEN: 35— 7 s K T 2547 (19 LSTM-focus 1 SRR 1E A
N AEVE B R A S5 R BT, R TS 2 AR A E A RS . (2) ALIGN:
DA/ NowiR R B N B bR, # N o5 )1 HE & R 45 R T 7055, R
JEAEN T 5 U 2 s bR 2EAL 1B 25 0 55 B 1E B iR A 7 b 17V [H]
FELL_EIR LSTM-focus NFEAHFE R,

FEPTA I RGN BAT ISR 75 b, AR AR [R] O AE (i 2 At e
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K44 BTEETEER (RFEFIE), QEHENTENF A/ TRAFE, RMNGTEDE
PR T RAFO A& R BABARIEH T (p <0.05) #= F (p < 0.01)
Table 4-4 Main results without lexicon features. F,-score(%)/joint-accuracy(%) on the test set of

each domain are reported

Models Train ‘ Test H map music video weather Avg.

HD hyp hyp || 87.9/83.5 87.0/74.1 84.0/64.9 89.2/80.0 | 87.0/75.6

BLSTM-focus tscp tscp || 96.4/93.9 96.3/89.4 92.8/81.6 94.7/88.7 | 95.0/88.4
BLSTM-focus tscp hyp || 89.4/86.1 92.2/83.6 90.2/77.8  92.4/85.7 | 91.0/83.3

UA tscp+hyp | hyp || 89.3/86.4 91.9/83.6 90.0/78.4 91.8/85.0 | 90.8/83.3
DA-GEN tscp+hyp | hyp || 88.7/85.7 91.4/82.5 90.3/782  92.2/85.8 | 90.6/83.1
DA-ALIGN tscp+hyp | hyp || 89.3/85.8 92.3/83.6 90.6/77.6 91.8/85.1 | 91.0/83.0

tscp hyp || 89.5/86.3 91.8/82.8 90.8/79.0 92.2/86.1 | 91.1/83.6

Proposed
tscp+hyp | hyp | 89.6/86.8" 92.2/83.7 91.2/79.7% 92.6/86.2" | 91.4/84.1°

442 FELHR

AT T E IG5 RANRA-3F4-4f7R, HA tsep RomANTHEA T, hyp R
INEEH RN R (REFEER ). HeA 43R4, AT LUK IR 24
fiE <= B R AR AH B S AR R A e o AR5 BT LU 28 R AFRATTHE 7
1% (Proposed), FA1& R :
1. X5 3RS U FRIC 8 (BLSTM-focus) 2> B 47 T A5t 55 203 14
B JE R ARSI R (HD). BUNF AR A S 1 4 A H 5 5%
KR, BBERE 2 beAE sl U B R IR & .

2. BLSTM-focus A 7E N T 5% 5 4] FASIN G 2 B R Hh 4 T 78 18 & U 45
R EAT IS, XARI TS OB 5T 1 B AR ) 57 TR 2

3. T BN B IE R ZR, UA J7E7E /DS B A5 m t ge e 7+, (H
FTBRRTE HRA R AL . RS R PA 77 X, Gen Al ALion A LA
bt s 4R 5 28 BLSTM-focus A /b &= M RESE T -

4. TATHITTIE AT LAAE B A U8 Bk iR 46 2L 45 BLSTM-focus (I PERE, FH7£ 1Y

AR 25 R R i T TR R R S

BEJE, AT BuERE 2 B 4e SN & R R A 2, AT RE4-2
HEIEZ NG RN TSR] DU HESRas sk M g o b 2 2] Skl
B N & PN GRS B 25 RIS R B o AT, fEARI G &SR s (AP
IR AT S, WATVIIR AT DL s Ak 22 =) B SR vh SR B B 1) PR Be 3 T
{H2 T 2 B RESR FHK AR R B TE N Zod B R A A 7B & R4 3
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% 4-5 TE)iE U AEARITAE R 6 3t Eb 52 30 VLB AR 9 ANAR 3%, 64 T 3 1 Ak

Table 4-5 Ablation experiments of different slot tagging models.

A R ARESHE
R
BLSTM 90.84/83.92 | 89.34/30.78
BLSTM-CRE 91.31/84.49 | 90.30/82.43
BLSTM-focus 91.46/84.31 | 91.03/83.29

443 SEENEES SR
4.43.1 AETE FERRCB X T

TESE4.2 /NYHRE] T = FpiE SURERRC B2 : BLSTM, BLSTM-CRF BL & Fifse
56 FH 21 BLSTM-focus . FAI7E R 450t Lb T = PP A 75 45 FH AN B 1] J22 SRR AIE
PIARE LT ST R R R . FRATT R BN R i AR K i 5< R ) BLSTM 4
RIE R B Z ). BLSTM-CRF Al BLSTM-focus MZRIAHIT, {HIRATHRKIL Lk
7 YEREM L) BLSTM-focus {F AR A, FH T b i i) 3 22 SA6 DA K 5 B2 (1) 4y
Mtk s .

4.43.2 FEFIEE RN R E AR (E AR5 B 1) 2k

N T IR UERE(E 2 B AR A R, FRATIFE L 2 RGN Fge H 1 I 2k 07
FIRA A RE B 55 1) None: BIAE IR 2185 501%; 2) Delete: {UMIER
AT USAAR TG SRS, AT HRR IR RAE: 3) Full: SEEEA{E 2] 64
Bk BARXT g R inR4a-6fi . fE5E4 R4t HD, Focus #l DA-ALiGN |, #{H
RS FLIEAE Il fige (0 i AR P, Bk 58 B 0 RE A 21 5 SR RE R AT SE RS TE R 1 B
FRVERE. TOAEFRATHR H 12 T oAb 22 ST RN B G RO ZR T, IRty
BRI TR E 8 5 . BT A AN R L A (i 20 B 505 W] A T
ERRFEL ARG, T H RIS AEANE HTRG (5 20 B S50 A1 00 T L RE AT 2.3 iR T T

4433 NLE:SEE N B &N I 2R 5200

BEA2 BN GRd R P B 7 A A Al 115 B RS R Dyypr [RII tHATH
T NTE S Dy, TEATONZRAFERETENIZR (RIFE RL I ZRBr BUKIRIEN T 4%
B IR T SRR IS AR . R, BATHRR N TS H XA B &
NIRRT, BARSLIR 45 RANKRA-THR . WS R AT LU, MR AE Dy,
ERITIIGRAPEREVE NI ZR A N, s S E I AR RIS B R E,
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& 4-6 REABME L B H k03T R (G 73] B 45 4E)

Table 4-6 Ablation study of the value error recovery module.

EEMEEL
Models
None ‘ Delete ‘ Full
HD 82.47/73.90 | 87.30/76.05 | 89.16/81.22
Focus 88.75/81.81 | 91.10/83.34 | 91.46/84.31
DA-ALIGN || 88.53/82.12 | 91.25/83.59 | 91.69/84.74
Proposed 89.61/83.33 | 91.68/84.17 | 92.28/85.83

AT A TIRAF 5] Gk N B £ KA IFE AT (A7 18 B AFAE)

Table 4-7 Ablation study of the training procedure for our proposed method.

Dy EFNIE | Dy, EREBEMNIG | Ave.
v 4 92.28/85.83
X v/ 91.89/85.12
v X 91.87/85.01
X X 43.06/34.69

AR ZRA3 2 — D ANEE AU SCREAR IO . A Dy, HITRUIZREE PR
IZRNE A S N RS )7 BRSSO RRTE, RGBT S S R 2
(] PR AL — S B XML . WA AERE, TEE AR K2 HE 0
N W), R ZHE RN A A LS4 T R AR Han H 4
— R

4434 ANEREE IR AAS R EE

NT D MEAEAFRRE S R RS FARRNM AL SRERSA
A5, FRATTRE IR B 42 18 745 R (CER) 20 AR A 4L o an 43R 7~
REHRTL CER WKEBI/N N RH. B, DA ) CER 20 U %, R
KEBr HHE ) CER 1€ 10% AN B 7E 90% A b SRIGERATAT LLR BLERAT ) J7 %
7F CER 10% VAN HOEE B3/ T34k 24, 78 CER 90% LA B4k - oKiE
MFRL RS, £ CER AT 10% 5] 90% 2 18] [ H s b 246K 22 Bt il #6  BA F
ARG
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B 4-3 KT EETR FrEEGNRKE LG F AL (R E4iE), AP LXEAFTARF
BEIR F X ) A9 2R 2 M X IR 6 b b
Figure 4-3 F,-scores of our proposed model (with lexicon features) on the test set across four

domains with various CER. The data ratio of each group is displayed in the form of line chart.

AT BT ELSHATHTFE

R U R EAARHATH

FLSE A R inform-dest-53 R H i 748

BLSTM. i SRR % B/-L(\\lest I?iestEO BlH(‘iest I-;(Est I-(ijrest I%est

foeus B SR inform-dest-/A5); inform-dest-H37 F4&
IE/RHEXUHERS | inform-dest-AS); inform-dest-HT T4
RY ! % B/f-(\\iest I—Ejdest I%est IEest Ifljest Iiest ﬁest

Proposed | iz o e it inform-dest-/A 5] 2 H 57 F4&
2 TE 5 HAE SRS inform-dest-3 75 H T 74

B 4-4 — AN F AR R 5 AT
Figure 44 A case study of the map domain.

4435 Z=BI55HT

AP Y O R A B AN AL 22 ST OB EE IR D53, M AT B 21 4
BB 8 SO PR IO R B RS R R BEN, BAEG—AEEa e
AFE R SCREFR LAY . BATE A4S 1 — ARG, 7T LA 2R B 2 4
B an e 5 B SCREFR DALY 2R . JATTAT AR 2, $E28 548 BLSTM-focus AR
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I HISR TN OB R A (A m]” ANt 14D, HARR R . mkATH H
[R5 AT DAARAC A B A i — N1 SR, AR SO (E e g ik 2 Ak 2. R
BRI T A AT RE B — AL R, (HBATIBARARYE LN RO E R
RARKIA A7y, HAIS P E M HE S sk R .

4.4.4 CATSLU LEEER

i Ja BATE R — N — Ja T SC BB SEFR M % S RPN RIIR AL R, R4
8PN . AR RS IA HAF FMLS TR SRR T 14 DR G. LABLD
W A4 ARIE N team 1-5, LEZEIS AL R GAAARIC N team 0. FESKPREETE,
FITAT MBS SE Te iR A A Bl , IR ZR IR R Y, Ba th— A S 314l
PENTUBAT VN . Ra-8H HAKX 7> T AF ARG AR, B 2(E
B ASR RRIEER . GUSAE . KZEHIIRT R G ARG L R ¢, 1 H K25
PERE ARG AR 1 A AR R ) SOREEAT T 8RR . 18 DSTC-2&3
AR, CATSLU WA EZ 3. FATHBMEAr 444 team 3, [FIINfJy 11X
FHEIFH LIRS, R TR E A B AL b, SRR A IR 2R
REnEE R, IR TR SRR LA B I MG EOR, A RAT T ARG
FMH 4o

4.5 KB

R T FRRAEVE B RN 45 R B AT IR S5 B XOhRE e ) 8, AR ESR T —
FhC 75 18 & R 45 R B a0 558 SObRyE ks TG BRI S5 T . S TER &
BHEN T 5 A EHAT R0 5008 ChriE, AR5 R AN T8 5 f) 72038 & 50
S5 BN B & N ) BRI ZR AR @RS HE R S 2 T B ALY . O TR
PSR RRSHEYE, AT — NS H I T8 & R0 B R R RS (i A A5 A5
P, FRERN B IE RS S TR 5] NAHSCRIE . 78 B AT A T S OR I A ST B A O
45 CATSLU SRS vPAL 2R, AR F 4R H 197724 YA 8 mT DL e H
AR RS OB R4 SO B AR B AR T . 5, BRIRAZTIEH
F 5 v #E8 _E ] PLRTHET— & /) WCN-Transformer 2% 2% 45 &6 15 A FR1CAR T H
TGN F] WCN b, (HIE TR ER R B TAE X H G IE



Table 4-8 Results of the first CATSLU

% 4-8 CATSLU £ %4 %

Team | Entry Used inputs Map Music Weather Video
Audio | ASR-text | Ontology | F1 (%) | Acc (%) | F1 (%) | Acc (%) | F1 (%) | Acc (%) | F1 (%) | Acc (%)

0 Rule v/ v 37.92 40.43 77.39 49.26 85.52 75.38 78.25 45.28
Neural v 77.61 74.65 81.57 71.15 85.25 78.16 75.18 57.53
1 v v 83.83 80.80 86.78 76.04 94.16 88.80 83.51 70.81
2 v v v 86.59 80.80 91.53 82.99 93.74 87.56 90.72 77.94
1 3 v v v 85.77 81.31 89.53 79.29 92.27 85.56 92.50 83.49
4 4 v 85.86 81.37 92.59 84.32 89.67 81.50 93.04 83.91

5 v v 86.83 82.32 92.84 84.91 93.75 88.05 - -
) 1 v 77.82 74.46 82.68 71.75 87.28 80.94 77.23 61.91
2 v 78.40 74.71 82.80 72.19 87.39 80.86 77.84 62.10
1 v v 88.07 83.84 92.63 84.76 93.35 87.44 92.18 82.75
2 v v 87.92 83.78 92.74 85.06 92.99 86.80 92.28 82.57
3 3 v v 4 88.66 84.54 93.13 85.36 93.72 88.16 92.49 83.49
4 v v/ v 89.28 84.47 93.53 86.09 93.88 89.02 92.77 83.55
5 v v v 89.00 84.54 93.42 86.69 93.70 88.80 92.84 84.28
4 1 v v 87.43 83.08 91.53 82.40 93.24 86.95 91.71 81.17
5 1 v/ 77.89 74.33 80.75 70.86 86.27 79.14 76.03 61.18
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FRE ETXEFEIREET TR EEEE R

51 5|5

FEATE T, TRATTREET 0T 28 APkl << A0 i) a1 R R FWF 9. AR 1%
77 16 FRRIE 7 v AT TR I e 458 22 1 T S 20T AR i AN AN s P IR, B ise 4 SE I A
AN LIE B RN T35 SOR B 2 HRTE S O, FFHMNXEIFHEA]
FRUESEH DB PRAR s Y FEA# (Natural Language Understanding, NLU). W15 %%
WA EIRAE, ENSREIE RGOS, HE TR S E BTk O 4 B
TAEE I IYERE AR o (H R IR T 5 21 J7 V™ B T R = 1A A I R8s s 2
& HH 0 SRR VE AR S SRR, H AT 732 KR BRI 1 7 SO AAAS 2R A A4
AR

N T AR AT R B A e R (RIS R R B R0, IRZ IR
B ST INERN R EARRER AT (A7) SRR B8 T A B 2.
X SRTVE B ARG ARBRIE I SCAS TR AR B (0 Db 2s, DLISE N — € I D DI ZRFEAR o
(HIE AR 7 V2 AR A5 FH JE SCAGS R R B (Al SO D

f£ Bl e BRI ST, ARSI B A SCE @A 2 5]
N — Al m) 1 MO AE SOB R E R . 5INAIE SOF ER A8 EE IR K& AR As
R AT RA AR AR BORERRI G . BO9iE SOB H0E B A e, wI L
i 45 E B ATERIR (AR Bl kEcE G E5E, N T BdEY e
R A B s SOB 8, AR Em SR 1 SO SEAES (B AMESS
“UECEIA) ), JER IR B B S ST OC R AR A, SR N BRI
2l SO 30 B9 A s A AR B OO RE A . LR, 25 B8 B I [ AR AR M fe e A Y
XHEARFPE CPIRA™ RFPED . FRATEE— 2038 MR AR 22 S BRI AR A2 AT &
PEMIPLACEE 2T CRM PRtk o ZPEATEE T LAy 9P R ER 73 - Xt 4 D b R A4
B3] o B5-1RoR 1 —AN1H AT B AR S5 11

TR BATE SRS 275 [l B — AR 55 AL SRR 5%, JFEL AT
TR AT R 280 LR35 375 G A S (o i o B BRSO 22 ST RE SR, B9
KB DI ARZENI 52 ST PR 73 8547 RS iy, BAASRRE. EEARE
I HT: SRS.ST R AT NG .

[
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Primal Task
“Show me flights from Intent: find_flight
Shanghai to New York” x Y Slots:
FromCity="Shanghai”
ToCity="New York”
Generation
Dual Task

B 5-1 & L FE g A L AHABAE 549 T 15)

Figure 5-1 A diagram of natural language understanding and its dual task.

52 EMEMEEENEES

FEA/NEHATI S fa] B (BT — R 4 SCER AT 55 AL, 28R B/ R S A
%5 (BT SOEAR A TAERES).

521 EXIERE: BEENIAMNSIENEER

k5-1 ERIAANG5iELAEE AL (OB # X)) 894RE T

Table 5-1 An example of intent and slot annotation (IOB format).

WANATF (x) | show | me | flights | from |  Shanghai | to | New |  York
EMHERFZGY | o | o] o | o |B-FromCity | o |B-ToCity | I-ToCity
BEEXH N \ Find_Flight

VB MBER * (5°) | (FromCity=Shanghai; ToCity=New York)

WSO, AT A PR RE A TAT % SRR SRS UM 7S . 65—
VR T — A& B3 538 SO 78 (T0B 4 20) HkRE R 51, Fork 2 BRI AT Lk
BT AR, 18 ORI 7S 3B T PIRRIEAT S (BT LATRAT R A 54,2745
— R OB PREEREAD)

AT x = (xp, xg, -+, %)) FRHNA T GAFFD, Iy FoRe s
B, FyS = (5, . p5 ) AR E M SRS 8. JO |x) RIRAT
KEE, 37 € Vg B Y € Vigent Vaag F1 Vipgene 7R T 15 SORBF LRI R I
BNAIEFE ) o DRI, AT 45 5V ST At o 11 2 B R0 SRS 84T 45 Wt 2 M T £
THAERIN x B EIZER) y! A SUEARC TS yS MBS B, (', y51x)



AR GBI NS =L DA7S'S
KREFIER T, FIATAT S 24 ST F R (.
pF1x) = p(y', y¥1x) = p(y! |2)p(y° | x) (5-1)

Hy=0"y%-

AR B AE S5 RUE R th =8B i AT ghs, R, 18 SUkR
1o

1) A F4RAS: EREA RSB RN E, B x, = We(x,), Hf
W, € Rl J&— AN [ &AEFE, o(x;) € RVl Z—ANhi#k (one-hot) [A18, V,
TN T I, d, NRARLERE, x, € RY%. A1 BLSTM %1 A & 5 51 i
745 (BLSTM AR WL A D, AEREA I ZI45 2] — B & b e R
(dy, & LSTM [RJER/N, e {1, ]x|}):

(", -+, %)« BLSTMg, (), -+, X)) (5-2)

2) BEIZE: HATKH—MERIPLHIE (ATTNg,, IR WLHRA2)
RERFBAE — MR, FHEa)RREEA -t Z AT 2 2

20, (a0, @)  ATTNg, (", (", - <) (5-3)

p( %) = softmax,,; (W,z**" + b, ) (5-4)

Hrh W, € RVinenX2dn, by, e RWinend 53-551] S5 H 2 AROASUAE S0 B Al 221 1) 2

3) 1B N HEFRIC : i SUEIETE Cslot filling) 45 4 AN 7 FIRRIEATR 55, tHFRIE
SURERRIC Cslot tagging o WIEE4.2. 1775 —FF, FATTAT LUAE FH = Fb S 700 (138 SRS AR 10 AR
1 (BLSTM, BLSTM-CRF, BLSTM-focus) 43 %% p(y™ |x) BEAT @24, E2, B {F 3K
B 7 SRR T8, ek R CRRTE e B, RO ERANE il
PHEIL A TR . T2, FRATFEZR 5 i P P  5F o0 &, B <o SURl
X 51, BIERTEE x A yS o] AR SRE SR X y© = summary(x, y°),
BN (FromCity=Shanghai, ToCity=New York). Bl HIE X ERER A y = 0, y©)-

SR NGREAR x fly, 18 SCEBA I 2R B Rk iR Ei0e SO

Lay(x, y) = —log p(|x) = —log p(y' |x) — log p(y¥|x). (5-5)

522 SHEES: ETEXEANGTFER

FEARTT, AV HE SN G0E SCRERIBAESS, B <5 LBA) 5 AT %
(Natural Language Generation, NLG). 45 5€— /& XER y, BI—AREZG) y" 1

73



i N e S T

(Shanghai)

fi X% : show me flights from <FromCity> to <ToCity>.
Iy, 5
Intent (y°): i dy: decoder O0.00 OOOOOOOO
state initialization
copy X (1-0) @ X o general tion
FromCiy=Shanghai | - sem_attention ?

1
: D
ToCity=New York
0000 M @

e EEEE —

so: initial slot state

BLSTM

# of all slots Prev. token

FromCity ToCity

FromCity =  Shanghai ToCity = New  York
(a) Encoder (b) Decoder

B 5-2 & UL MRAARAE S 09 R R A . K2R 35 Al — AN B 28 X8 BLSTM 3R BLiE SUAR{A S
y© RR B AFAE; A B M A% 5 LT 4569 LSTM A5 4 A R & EICLey ) F X, REH y© &
A8 R B (E AN B X F
Figure 5-2 The proposed architecture for the dual task of NLU, which is comprised of an encoder
and a decoder. The encoder is a hierarchical BLSTM to obtain deep features for a list of slot-value
pairs y©. The decoder exploits a semantically controlled LSTM to precisely generate a delexicalized

form X, and then substitute the special slot tokens with the corresponding values in y©.

—ME SRR FIVYC = (6F, -, )S,) (M FoRiE OB AN %0, NLG i H
B N %A SOV R A BSR4 T xo MR AR 5 I SURERR T AR 55 HAR 1,y
HRAEAME A R AR T x i, BT ARES . A, TA LSS5 mR
FHARICAL R A7 i SO ISEA B F e 4 il SURIZE 5 IR0 T @, X (Al
FE U s ARG AER y© FRE S BAE L) UM |, S xo FFLL, NLG
R S R 110 T 4 AR

p(xX|y) = p(x|y', ¥), (5-6)

F7 50 B 7 51 [ 2 55 25 - A0 28 22 M) 78 B SRS 5 AR A L2 B TR K1 A
1, LEUnpLas B PE (48, 168], XFi&ZE R [169] FISCAHH L [158] &5 . SRIMHEAH
BRI B NLG _EIFARRIH, BN NLG MARIE CRRAZE DT, e
ANERAIITE R —ANE B R AR — AN SUREE XS [ 5132)

AZHEH ) NLG BB B8R B FE— Nl #s F— AN Ahsas, anEs2FR. 3
g AL 3K R yT RE SR 51 3R yC o R B RN, AR5 ARl 25 AR AR i iD
BRF A R AR LA A T X &, BATE X FPrE SO ol y© FAe s
f4A -

©  FIHTSCAERS G AR E SCREEX <8857 AN, RN by ml DARR H (8 26 &) 7 vt B 58 5
HEF, B EIE SURBE XTI “F 517,
@ hwRsS-19 A FREVCAL G 52 “show me flights from (FromCity) to (ToCity)”.

4
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52.2.1 Zmfi%gs (encoder)

FATM A JZ 25 BLSTM X 16 SUHEHE XS 3 22t 4T i, RS R R4 R
B B, EARREE SUREE XS (slot-value pair) #7E l—ANT P51 G P
510, By = Cppo sy )r FEH T, RFFIKEE, me {1, M}. I U
fEX} ToCity=New York B ¥ ¥ 52 (“ToCity”, “=", “New”, “York™).

BEE (ocal-level) : Xt~ BAl (115 B XS S, BATH —ANFLZER
BLSTM #7 (JLFH=RA.1) BEAT S AR IR 1 P 41 1 B [ -

(b ’hinTm) < BLSTMpg, (€;n15 -+ Cyir;,) (5-7)

o ¢, BT VS s j AN O 35 SCRER S R B AT B L
JR IR AL, By, = o X by € R,

2BE (global-level) : 5T FREHH4EANE U IR B AE 1 B, 5
Ah—~ BLSTM ¢ SR IREU 4R R AE, WS, € R¥M, me (1, , M}:

(h$, -, hS,) < BLSTMg, (¥}, -, ¥5,)- (5-8)

5222 fAfE58% (decoder)

N T G AE TR 2 RVCAL A T % R A R B AR R AR SR, FRATT
K T AE AT LSTM 4544 (SC-LSTM) [170]. 5 ¢ i 21 (1) e ) &l 1 -4

d,.s) = fscrsrmE_ @ ¥, (d,_1,5,_1)) (5-9)

Horp g, & E—mZIT R IA N R ERR, y RMARRRAINRE, d, 2
B & . Al— % LSTM AJAF) &, SC-LSTM iS5 1 —ANa] LUK &) 7 A i i 4
EIRS R s,o ZIAETEAE AT R FE PR EIR S RAE,  CAksZm B3 2R
BIRE IR AFIE G B o ZAEERE = B G115 SR H one-hot [F] & 4]
ik, B sy € RWsol, HAEASTRENT, B 7 EE EEX 513 y© F s
T (Vgor /& 2RI 1E SRR

1, WS EIANE R L T yC
Soi = (5-10)
0, 0,
FIAk, AR A 2545 K BR B 2 N — > TE D35
||
Lgc = lIsizll + Z nglssi-1ll (5-11)

t=1

@O BEASE SR A D — A RT3 138 )
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Hort s gy ARG Z IR DR 15, 7= 1074, = 100, || - || LR 88 %
TEJU bR B 55— T A B A2 A — AN 1R 3 SORE 8 H UE 2B B ) 5 o,
IR B AR A A — D 2 A N1
Rt A X B 1) B VR 5 (R AR AL [P R AIAA1E, Bl dg = Wozy™,
W, € RW, 1 257™ € R*n S 4h S K IvE R ) (LMRA2) Ff:

zy L (ay) s s ) < ATTNg, ! (hg - ,hg ). (5-12)

7 SC-LSTM Hy2eal I, FATRH 7 — MR EEE IV [168] F1$E VAL
H [158] Ko 2R T X FR AR N A . (EARTS RS SR ¢ b %1, HOCTYmidas b as
A (me {1, -, M) 15 SXFEAE X B B AR DA A & f) TR R R

7", (@)™, -, ajyp) < ATTNg (d,, (hf, -, b5 ). (5-13)
SR G I — N2 2 0T LAS B 7 S 1A 3R _E IR A
pgen(it|§<t’ y) = SOftmaXit (W,(d; & 2°") +b,) (5-14)

Horf W, e RV, b e R, [ [v,| o R k/n Cin & diA

IRANE SRR RALR) . M TS A LR <</ s> RIRH A st e 1k
5T T E BB R AN, AR T HE UL TR 32
A7, IR DU\ V8 TR b BB DU S, Oy TR o7, 3]

@%~|m@mdnh@ﬁ PEA ORI T2 [ N

P()~Ct|§<t Y) = gtpgen(itlgq y) + (1 - gt)pcopy(itlyq, y) (5_15)
= G(V d, & Zsem) +b ) (5-16)

Hrf g, €0, 1] & TN T, v, RSEAE L b, ZMWE. 7% UIHLHI A
pcopy( | )XEI‘I‘:/"»'_E'XZ_‘ M | ll:l><1;ﬁ (yl ’ ’yM) J:EI/J/\?E

~ jom iR CHIEN A me (1, M
pcopy(fctlxq,y):{ g’m il % A2y me b s

R G, 35 FAREZ AR B SR, TR AFRATT 2 B AT e AT 7 3 n v 5
BEATX I3

e, BATE X FF AR TE SORE B 9 A\ AR S T8 SORE(EL 0 (10 £ B R 45
BIRANE)T xo LA x Fly, NLG B AUIZRA R e H0N

|X]

Ly %) == ) log p(%,1% . ) + Lsc (5-18)
t=1
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53 XMB-FIEENIENIERE SIESR

AL A AT T 0 (- B A SRR STAE SR CNBLIES -1 )
SErb S BRI BT XD ARR 8 5] R I B S R R, B
T RO MR DL, B P ORIRERSAR . S CRERERD T4 DY, DI
Rt CRARITRRIMND ¥ URR%E DY,

5.3.1 XHBIAIRE

“PIFREE” RAERTR SR A A OB A FNAS 2 K AR%F, A3 iR
BT IR ARV [171]. A TE e/t CARE R AR FA IR B I Z: NLU f1
NLG #8 . S8J5, 4508 — D ARIRERA])T x, AT LUEH NLU A8 045 20 0
FREZE y o XEHRHL, FRATH AT CAE FH NLG A8 JEA) 75 NS OB y A2 Bl
B x" o BAEYL, AT DA BB DI NZAEAR (x, y) A (x', y), Gn5IES5-1
(part 1) FlT7R.

& 7 S bR BRI B RISk, FRATTIE WT DARI Y _E IR DA REAS 5 B
NLU M NLG #8, BI& [ fme/ M an T~ JI 2545k -

Epseudo-NLU = wi(ENLU(x’ yl) + [:NLU(x,’ Y)) (5_19)

L pseudoNLG = Wi(LnLg(ds X)) + Ly (s X)) (5-20)

Ho i RoR5 i B, w, € [0,1] MR —ANEZEERE. T BB N2
MR AR, BATVERSASHIEG K w,. T2, BEEILNET, S5 E R
IOV FEARBE IR T (1 ELAE BEE . BACRUL, FATE L w, = <, Hd N 2GR
IEN R

Bk T R A AR 09 A FRUIC )T R E OB 4h, BATRIFEESS CARiE
Bm P IR B A A EAS . B, XA AT DL — s R R I I D R AR 1 2 R 1
HWR, IXAEEA T DA IE — Se A (AR A %

R — Le AP AR A 5 ST AR R B AR [171-173] AEF X AR VE R x A2 R
FHRL I PAARSE y o PRIRATAT AL, AR SCH IRIEH T XHME AR 1%, Hazxdiikn] LA
L= NLU 1 NLG 55 Bk A A4k NLU A1 NLG #528

L
N

532 XHBEES

AR A A Dy AR R 2R A R, NLU A1 NLG B A2 AL . 4R
AT, FRATTAR S A PO A8 27 S TR R B & I ZRIZ PR . FEXRH 22 >
A9 NLU MTNLG BB T — S0l DR 5 & S B 3R T Rk, BMEAE A

S [,
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| !
X
: —— RYa() —— y
Rg‘ech, x") y, d ,/x’ Rec (}h y)
i R\)/(al(x" y) i
x' NLG NLG y
(2) NLU2NLG (b) NLG2NLU
B 5-3 8% 3 ke T & B, P NLU Ao NLG A T UM — N R ERE, OEANE
MER: NLU2NLG #= NLG2NLU, #F & BA—AaF x Fiz A B X y B &
Figure 5-3 An overview of dual learning method. The NLU and NLG models can form a closed
cycle, which contains two directed loops NLU2NLG and NLG2NLU starting from a sentence x and

semantic form y respectively.

BB R SOB GO T AT UgAT . RIS (reward) 2 AN AR,
BAVES LA R T R T 23+ 5L (174] a3 (175] J7ik.

wWE5-3f7~, NLU Fl NLG #8825 1 PANE 1A 8] 24 20 5 B P T K -
1. NLU2NLG [RIFRSe AT FF4E, 383 NLU R8I A gl — AN Al B AE UER,, F
I NLG Y 5 A H R 46 B3 N B 1o
2. NLG2NLU [RI3A I MAH J2 1 S 1e) FF U
MRPEAE RIA b SO e R, R A B 2 SRR 2 (1 o & e it — %, NLU
1 NLG B8 75 2 ARy f e Bl ZRF. id NLU Ml NLG #8 % 5 124
) [B] A ) BAR T SRR U0 R

5.3.2.1 [6[3f NLU2NLG

HYE, AR (B3 DY, DY) R AA)F x. 4% x, NLU
FEAYH] DU S SRR (beam search) TR S] K DMl RERE R y'!, - y'K,
Hrh K RERKAN WTEH—4 y5, WATE TSR —ANE RS G2
RY (9. BRI T y* R—ANE A EIE SO AT e BAS, RATHE
Y E B NLG 8, [FIRRE T 4R AR RIS 5] K MR x5, - X0
B2, JHTEA XM, BATEAT LA — AN EAAUES RE (x, x'%). B H
P e B ASE A= Rl 1) ) —F A 46 i N T ) - ERAGBR . AH DG A eR B B A e SO AE

78—
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F5323/NTHMN A BATLRH AP RE « € [0, 1] KEE PRI & -

K
rf(x) = aRY (y*) + (1 - a)% Z RE.(x, x"%) (5-21)
j=1
BATIR) FH M A 5325 [174] S/ ME SR RS wy(x) ~ —% S ke T
DITHHEAR B T4 Oy B O HIBREE, 43 2:

1

Vou¥10) = = 2, (1) = By y®) Vo, Laiu. y') (5-22)

=
T~

K
l—a
V@NLGW1 (x) = K2 Z

K
Z (Rr)gc(x’ x") - BII\ILG(x’ x,k)) V@NLG[:NLG(ylk’ x')
=1 j=1

(5-23)

Horh By y(0) = £ Ty i) BLE By e ™) = = T8 R (e, x'%) JFIF- B
RIIZRTT Z IR L [166]

5.3.2.2 [°[3f NLG2NLU

KRR, FATRAT LT A BE (B D, M DY) Rk TR R T
MR y. 4hE y, NLG AT LB SRR RAE K K M RERIA)T x'L, - XK,
$FTAE—A x'%, TATE AT DS —AME G (R RE (K, y). ZIE R
BT x'K RN AR A TR REME . B, FRATIE xF Aihes NLU R,
[FIREE T SR AR RS2 K NARFERSH y' -y K &, W TEA Y'Y,
BAVER AT LSS AN B RY (y, y'™), DLIRIRAE A2 s TE SOR 2R R G5\
A RRGT o AH OGS 35 BRI LA 8 SCISEFE85.3. 2.3/ N AR FRATRAH — 4
P R B € [0, 1] RERE PRI A :

K
AW = PREG ) +(1 = fre 3 RE(y'™) (5-24)
Jj=1

AT ) SR B R S0 (174) BIME SRR IR wo(y) ~ —= T ri(y) 7T
AT B T B35 Oy H1 Ony HIBBEE, 43552

>

1

Vo2 = % X, (0) = B g®) Vo, o Laia: ) (5-25)
k=1
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K K

1-p ‘ .

Vou 2 = — ; 21 (RE. Y™ ) = B y(3.¥) Vo, Lxru@’™. ¥
= ]:

(5-26)

Horh B ) = = Dhe, k) U BE (.9 ) = £ T RE (. y'") T F B
WERTT Z I HE 2 [166] .

FEARATTITAN, 330 575 — A0 o 2% ) g o P 8 5 R0V SUBAR ) TA o T
B 2 1 BV HH BAE LRV o 0 T [116] (L0 FHE S BB I s B, A&
RSN T 7 1038 P FAE 45 00 SRR R P R AU A B . B8 i
ST 3% R 4T LU 2R 2 SRR I 1 SRV 3 TR AT 45 CLL B TR 1%
[V SURRT . SFPEIEES).

5.3.23 W EGK T

AN IRATTR VR A 48 P R0 A 501 AN EE R AL 2 pR BRCEE N A TR 9] 2A rR )
e
B RY () IR —MESOE R G A G B AT Ll 4t
TH R EURIE SRS A 9 P O 2 ke i e
o At (slot-value) : VPAL— MEAEXTZ 515, LU “boston” & i XA
FromCity HJ—MEVEEUE, 1 “today” ANJ&.
o WEZEt (slot-intent) : VAL — MG AR SR 5 A B RIILF H I,
Eeanil il FromCity &% S MEE find_flight —HILLE R —44]
T,
N, AR A s A — M VC U 22 DB(-), 'Eid 3 T RAME UM s 1
BT A Al RS o FIRE, IRIEINGEIE I — AN ILBUERE COM € RV imenXVaal | 31
F1TCE COM(, s) € {0, 1} FRon il UMl s MR i A2 A B . Bk, RY (p)
JE U

score(s,v) = max (1 — Edit_Distance(e, v)/|v]) (5-27)
e€DB(s)
c) |—é,| 2 (s.w)eycr Score(s, v), Wy £0
ro(y-) =4 (5-28)
1.0, 4300
1 ' C
— , COM@y"',s), i #0

rg!, ¥ =9 P Zoer 0 v (5-29)

1.0, 500
RY ) =4 rg )+ A =2 rgy", y) (5-30)
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Hy =,y B —AEE I —ANE UE{E X512 y©, Edit_Distance(e, v)
THE R PIAME 18] B3R 0 g PR B, T A W2 BUE R
BHIEWER RE (x', y) MEL R BT TRVl — A i A ARE S 0 F x2S
e aH R
o EL TN VMl X REAE TR y PHIFTATE HE, Rl A
B SCREHERfR R/, B SlotAce(x’,y) =1 — ¥, Hrp 1 o y G X
FEEXT AL p A1 g M AR x' 76 NLG #ER AR glead 72 9 1 210 4k
) ¥ B 2SR AN 22 R (P SRS S .
o LFRWMME: Xon x' & MNHEHMET AT JAMEH g I Z- 23
)T (B4% DY A DY) IIZh— T LSTM Ml S 1AL [176] it
x' B E. FERRATRA T 8 TR EE b [177] KK A) 7 ke &) 1 i
1TAeE, B lL,log LM(x").

x|

FATRI —MBUEE T v & I L7 T R -

, 1
Ri;l(x’, y) =y - SlotAcc(x’,y) + (1 —y) - m log LM(x"). (5-31)

B E RE.(x, x") R RAERIA)TF x’ FMEERANAT x R, 3
fI15% A T BLEU 84y [178]:

RX.(x,x") = BLEU(x, x'). (5-32)

IS RY (y,y) KRBT BB ERIE R y = o,y RGN
y = L, yO) ZIAIMARE . FRATTSR R T 38 SR X ) B, 7549 DA S % PRV 26 1
VLAl E T
RE(3.¥) = ol{y! ="} + (1 — 0)F, (5, y).

Hoep 12 o/1 B RREL o IR S

54 LEB5SH
541 HIEE5ERE
54.1.1 HdE4E

ARFESEH P ITEERA AT HAR £ FiAT 1 SCIAPENl: ATIS A (5 B &
A (Airline Travel Information Systems) [179] LAz SNIPS 15 SCHE fil b if
£ [180]. PIMEIRESERIAH RS IHE B R 5-2F7R .

_ 81—
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52 BEFRAEE

Table 5-2 Dataset statistics.

BRE [ #WAAR #IGE ¢RBE kK | EVERE BENE
ATIS 950 4478 500 893 83 18
SNIPS 14349 13084 700 700 39 7

5412 HLRG

FESCIR T, FATHE AR A

WS B SRR 15 LR I RGN s

o AYMEF (Supervised) WIWE X IMRANFIH EhriE B8 HE4E (DXLy) AT
VB Sk, Lk ZE5.2.1/N 1582 2/ BLSTM, BLSTM-CRF and BLSTM-focus

A

o MR YB3 (Dual supervised learning) [119] 7&_Eid BIFRHER WL
Zrrr gl N T IE SRR R A R ME B (NS IR0

o —HF¥ B (semi-supervised) 5 2] 75 R &5 BN TG IR BT 55 14T 24T
42>, W RNN 35 5 #1103, 107-109] 543 7741554114 T
H 4t [110, 111] ] LABAMRI A L AR AT (DY) EARZ TS
o, AT T A BIFE S R) T H S (sentence auto-encoder) 1771,

o (G IhAR%E (pseudo-labeling, PL) “# 217712 A8 3RS [106,
171, 172], HAURE A BYIZR 0 NLU BEAONTARER AT (DY) A it it
A, CASESEILEHRY 7

o 1A A A& (template synthesis) 7712 /&— P FLRI I E IR 7877 2. Bt 3R
BURABERAS OARE A T3 8 KA E G, B “show me flights
from (FromCity) to (ToCity)”. BJa, FATATLARIFJCH)F X1 B
A (DY o i SCRHE AR SRR rh  SORBIEL AR R, BAU 5 Rt
HrHIREAS o

5413 SEIGHCE

SRR ESINGET : EREMNE, AR 400 4E 1) B 25 W) & 347
WA, o 300 4 Glove W& © [99] F1 100 4K 75 ) & [100] HfHET
. LSTM HIRRJE K/NKN 256, BLSTM ZHN—Z. #HSH a, 8,7, 0,6 HEH
0.5, AN 0.25. X TXMEEI T, AR KN K BA 5. BT IIZR0F R 1A

@  http://mlp.stanford.edu/data/glove.840B.300d.zip
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SN L e S NS

BEr, HABM%SEII L [-0.2,0.2] Z BB S0 AABENIIEE L. BATKIRF
H Adam [160] 1E AL, WE 1% 0.001. fEIIZGHE, AEEHRE 2 &
H 0.5 [ Dropout R, X FiaEdR4E, AKX KN N 16, B EF B ARTUEL
BEIRE A S, FINEATRA L, ZEHENL (RECN 1e-5) K aidls. W
DU FR K 25 SR E T ) Fy 18 LR R AR . Fy B9 00
55 CoNLL FFMIIA Vs —5. Fra B silg 50 5, I IRAIERRSE L
PERER I (F UM B, 15970 Al EUHER R I P81 Sl AR 24,

b 7 RPN ), — S E B I TI2RiE 5 A (b, ELMo [101],
BERT [102]) B4 H >R 3R B N\ i) 1al &, A 5 2 s ia  di AT 7. 7EA
ERSLES Y, IRATRH T HilZ:H) BERT #5258 (bert-base-cased), HALHE 12 2
768 YE IR 2 UL B2 E VR R AL ALSE 12 A3k @ % TiZsesk, A1 Adam
(1125 S R BN Se-5.

ISEZESIBERIEE : N T PRI B NLU B (R &k, 3R
AIFESEIEAT P I B 2 ST B W B . O 7 L S35 A s ol ) 8, — 350
O3 IR GBI SRERE BB B E A CARERAE (DE), AR I 2Rl WA A
AEmCHT i) FAE OB (DY 1 DY) SRPHE AR AR TR . * T Shmi S it
i, BN 5%, 10%,20%,30% LI 50%.

SEMRI . AT H T McNemar's test 712K 15— AN ExH A — A5
ERG R ESE (p <0.05),

542 EFEBHER

TATE AR R IR E 7 o) U R S B ST iE T, 78 ATIS M
SNIPS PN Hdf 45 _EXF b 7TANE I 77 i I ZRirl i 8D . RS5-3FRS4EIR
T L RG U SIATTTEER DN ER L EIE R F) 150 s e 2R . o
BATTAT LA :

1 FER T8 ORI A, = R A — I R B AR 55 . AU 5%

H1100% FriF 2 P pE O T BT Re A4k, ] DUE 2 B AR R 1) 32 4L
LUiE SR By 180 /MR 2, JUHZAE SNIPS £0ds4E b RN, A[FEPI T
F o e 2R B ZE AR /N O S &3RA T 7 5 I e 1S 21 e i i 1
HED

2. WTHEH Gupervised) NLU, FATES BLSTM-focus fA4E R NLU 1

@  https://www.clips.uantwerpen.be/conl12000/chunking/output.html
@  https://github.com/google-research/bert

— 83—
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RSB N S R DA 'S

* 5-3 TRMAE ATIS 4B & Lo XM F) Fo AR TREFAE, F ATAMNNERLF
HAR T SRAT 8 R X R AT AE
Table 5-3 Slot F, scores and intent accuracies of different methods on ATIS dataset. * indicates our

results that significantly outperform the best baseline.

Slot F, (%)
Method
5% 10% 20% 30% 50% 100%
i BLSTM-focus (backbone) 8292 8948 92.66 9354 9545 9579
supervised ) ]
+ dual supervised learning | 83.88  89.37 9321 9430 9540 96.03
. + sentence auto-encoder 83.16 89.65 9274 9452 9536 95.87
semi-
. + pseudo-labeling (PL) 84.75 90.08 94.07 9491 9552 95.75
supervised )
+ template synthesis 86.10 90.62 9435 9494  95.27 -
+ dual PL 89.58" 93.49% 94.88° 95.90° 96.02° 95.82
+ dual task ) . N N N
(ours) + dual learning 88.92% 93.40* 95.09* 95.50* 9570  96.00
ours . .
+ dual PL + dual learning | 89.58" 93.53* 9537* 95.85" 96.14° 96.37"
Intent Acc (%)
Method
5% 10% 20% 30% 50% 100%
i BLSTM-focus (backbone) 89.03 92.61 9440 9485 98.54 9843
supervised . )
+ dual supervised learning | 89.36  92.16 9496 9541 9832 98.54
i + sentence auto-encoder 88.80 9250 95.18 94.62 98.32 98.32
semi-
. + pseudo-labeling (PL) 89.47 9250 9518 9485 9832 98.32
supervised )
+ template synthesis 90.05 92.05 9406 9451 98.10 -
+ dual PL 90.37 9328 94.62 96.08° 98.43  98.66
+ dual task ]
(ours) + dual learning 89.81 9328 9530 9586 98.54 98.54
ours
+ dual PL + dual learning | 90.48 93.51° 95.18 9530 98.54 98.54

B TR, A2 BLSTM Al BLSTM-CRF. 415 5-5fi7k, BLSTM-focus
*%%Jﬁfcéﬁ”kﬁ?—‘]Eﬁfﬁﬁ?jumﬁﬁﬁﬂﬁﬁ}mﬁﬁm

3. FUH (semi-supervised) NLU [P =ANIEER RG1E K2 HUE O T A8 AT A
FHChRE BB R IR_ TG BRI e, o “+ sentence auto-encoder” 51\
T —NFY R R AT EAMTESS, “+ pseudo-labeling (PL)” 14 B A 1
NLU AR T bRy A F A ARES, T “+ template synthesis” WIF]H
B B AT ) 068 B O AR — iR G CE Z AR T /e 8A
B2k,

4. FFE G WHBAT S IR RS 2E 2] 77k (+ PL), FRATIHE H B D bR 2
J7% (4 dual PL) W] VLR Jof) 5068 B2 1 SO S GREU: BEFE I

5. FHXT T I RS, A SCIRH MOHE 2% 2] 7 iR — e 18 . M A fE D

_ 84—
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% 54 REHEA A SNIPS # % EayiE LA F,
FHAM T RIF LR AR

Table 54 Slot F, scores and intent accuracies of different methods on SNIPS dataset. * indicates

our results that significantly outperform the best baseline.

AR EREHARE, * R TRNWEERD

Slot F, (%)
Method
5% 10% 20% 30% 50%  100%
i BLSTM-focus (backbone) 87.89 9123 9354 9445 9492 9644
supervised ) ]
+ dual supervised learning | 88.45 91.13 9377 9445 9489 96.06
i + sentence auto-encoder 87.83 90.29 9320 94.68 94.78 95.89
semi-
. + pseudo-labeling (PL) 90.67 91.89 93.89 9429 95.06 96.00
supervised )
+ template synthesis 9040 9294 9394 9422 9437 -
+ dual PL 93.86° 94.46" 95.53% 9523* 9529 96.22
+ dual task ) . . N N .
(ours) + dual learning 93.85% 94.18% 95.31* 95.08" 9545 95.86
ours
+ dual PL + dual learning | 94.00° 94.51% 95.22% 95.34% 9525 96.11
Intent Acc (%)
Method
5% 10% 20% 30% 50%  100%
) BLSTM-focus (backbone) 97.86 98.14 98.00 98.29 9871 99.14
supervised . )
+ dual supervised learning | 97.00 98.14 98.14 98.14 99.00 99.14
i + sentence auto-encoder 9757 9786 97.86 98.00 98.71 98.86
semi-
. + pseudo-labeling (PL) 97.57 98.00 98.14 98.00 99.00 99.14
supervised )
+ template synthesis 97.86 98.00 98.57 98.14 98.86 -
+ dual PL 98.57* 98.14 9843 9843 9871 99.14
+ dual task ]
(ours) + dual learning 08.29 98.14 98.29 98.57 9857 98.86
ours
+ dual PL + dual learning | 98.29 98.43 98.57 98.14 99.14 98.86

PREEANR], 1ZTTIEGIN T A RO G A0 S A AL 7 R4 AR R D R A g Ak —
AR IR AS BTl

6. %, WAVEEIRE P ITE ANEIES-1F7R) v DL 3E— 25 1) 42
Fo ERZEAFGU T, WEBRS S (+ dual PL + dual learning) W] ULIR1E

REFRIVERE, JCHZAER U F 150 L

7. FATK TR B ] DRSS AT B SO0 (100% AT heiEEd) FAS—

SEMPERESE T, LLanFRAI7E ATIS EHIFEE] 1 96.37% HIiE A F, 54 . {H
5&, ATHITTIEALE SNIPS WA i 58 A I BN ZRn 777k GF X8 F,
& 96.44%) o MR AT REAZ ATIS FIAEE A A & 58 2 Fh 2R 11 2 9AiE AL
f)¥, 1 SNIPS HIMRER HH 88 7 5 2 (I e v i It () SOREHE X, B
RBCF I ES—6 T 7~ o FRATIHE H 1 3 S AE 100% 5 FriE s L, i
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ATIS and SNIPS datasets.

503 N =L VAT
k55 aABBEINEBHT, REHELEMBEA (BLSTM, BLSTM-CRF, BLSTM-focus)

Table 5-5 Comparison among BLSTM, BLSTM-CRF and BLSTM-Focus for supervised NLU on

ATIS SNIPS
Method
SlotF, Intent Acc | SlotF, Intent Acc
BLSTM 95.50 98.21 94.96 98.86
BLSTM-CRF | 95.62 98.32 96.34 98.86
BLSTM-focus | 95.79 98.43 96.44 99.14

& 5-6 AA3F T ol SRR a9 MK BB 5 AT

Table 5-6 Data analysis of test sets compared with training sets.

Dataset | #Unseen Delexicalized Form | #Unseen Slot-Value Pair
ATIS 680 169
SNIPS 421 522

T RNOHRE LA BCE R 2R B RE S A) 1. SNIPS B4
HIRZ R P& Wad BiE SCREE X, DRI FRAT TR 7 1208 LAFE SNIPS 3R
ST

543 SEEXEES SR

E_b—/N5r, AT EAERA S LIS T B MR T, A/
W, FRATIE P — e Xt b S 86 5K 23 B X e T KT AE IR 2R o BRAT B V4T NLG
FERY L BN AR ZE AN 27 ) v T BT 7T, BB M R R A R . B
S AT BT TR 2518 S 4555 BERT X411 75 V2 I R2 M o

5.4.3.1 NLG R BT 77

N T BRI SCHAERHEAT 55 NLG BB A Rk, JRATLE ATIS 1 SNIPS %4
AT TERSELS, 45 RURS-THN . Hid BLEU 1343 [178] A& A R Air & A2 B
BT RS A Z AR Ao [RJIY, BRATT R 5655.3.2.3 /0N 9 H ) i SO A 1
AT A AT HE R8I, M “(-) w/o feeding intent” 1T )25 T IRATTA] DAAE
SRR BT A A 71 BLEU 1590 & 45 R, SRR EHRRAIEE R i+
N ERE B R FAES . FFE, dmibasF 2 k& (global-level) BLSTM, Y
wEA# NALH PL L SC-LSTM 3 7082 NLG B8 Hh [ 5 R4,
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k 5-7 MABIE S NLG AR A U B I HAEH T 698 ak5F %
Table 5-7 Ablation studies of the NLG model for the dual task of NLU, which is supervised by full
training sets on ATIS and SNIPS respectively.

ATIS SNIPS
Model
BLEU Slot Acc | BLEU Slot Acc
supervised NLG 47.17 97.72 39.18 100.00
(-) w/o feeding intent 44.86 98.26 38.15 99.70

(-) w/o global BLSTM 41.14 96.15 31.65 98.95
(-) w/o copy mechanism || 44.08 96.58 38.67 99.98
(-) w/o SC-LSTM 46.78 97.25 37.99  100.00

% 5-8 AR B BE LM P NLG R A 6 iFM
Table 5-8 Evaluations of the NLG model in the proposed dual semi-supervised NLU.

ATIS (10%) SNIPS (5%)
Method
BLEU Slot Acc | BLEU Slot Acc
supervised NLG 39.53 87.49 29.94 94.85
+ dual PL 40.28 93.90 35.26 98.85
+ dual learning 38.84 91.30 32.19 98.10
+ dual PL + dual learning | 41.85 95.10 36.61 99.43

B T 5e A WEISR, FRATHAREE — 20 00 NLG BERA B 2 75t m] DLZE XS
WA B (E PR AR SAFEREIR T . 58T, WHE IR TT AR 27 =) 72
AT LASE T NLG B3  BL & NLU B RE . 1z 8o b A1 R R T ATIS Fl
SNIPS H14%-H 10% F1 5% FIA bt )11 25 B SR AR 40U 5 H s i 1) 5 100

5.4.32 XHEOIRRZETTE I BLHT 7T

X D bRaE 7 B BN IR ANEE DV AEA: a) FIA NLU BAUD s A f) 1
T TE 3 b) MR NLG #8925 5E (1 5 B AT SURE(ELX 9138 AL il R 7 AT
BEAT T HASRSEIR R LU 1R AT 2, 4 RUIRS-9F7R . AT BURIL, A NLG
AR REAR N B SRR T e A2 NLG RSB ] T A2 BRI 45 78 138 SO% X
BT, EMEZIME T ARMRERR Y. H2, NLU SR NIR AT FE2 T
I HS R A SOPRRE o RIS, SR ANE ] NLG A= B OO REAS, WA D bm 25 75 2t
TR R T AR GERIAN R AE 55 DN AR ZE T 1

MEESOH “(+) w=1" TSR KRG, FLINGRF IR RE (w) ZHH
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& 5-9 AR ARE T ik 69 4 kAT A
Table 5-9 Ablation studies of the dual pseudo-labeling method.

SNIPS (5%)
Method
SlotF, Intent Acc
+ dual PL 93.86 98.57

(-) w/o pseudo-samples from NLU model | 93.51 98.00
(-) w/o pseudo-samples from NLG model | 90.67 97.57
Hw;, =1 93.65 98.14
(-) w/o iterative generation 91.49 97.71

% 5-10 4B F 3] 77 ik 09 ek AT 5

Table 5-10 Ablation studies of the dual learning method.

SNIPS (5%)
Method
Slot F, Intent Acc

+ dual learning 93.85 98.29

(-) w/o unlabeled sentences 92.96 98.14

(-) w/o unexpressed semantic forms | 91.41 97.71

(-) w/o validity rewards 91.55 97.71

(-) w/o reconstruction rewards 93.74 97.86

BhR). BATHEREE ARG, J5HE K NLU A1 NLG B3 AT DL At 5 v ot & 10
OEA . AL, W RBAEN G — B IR OIS, 1 SCEAP (0 1k

RSB NI, U0 “(-) w/o iterative generation” 17 FlT7 o

5.4.3.3 B ZE ] 7R BT 7T

[FIRE, FRATTB AT 7 —LeSEIG R B /RSB 52 21 5 i A A R A R 73 B 308, 45
RUnK5-10f178. M “(-) w/o unlabeled sentences” 1 ““(-) w/o unexpressed semantic
forms” WATHIGE R E&, AT LUK o A) 0 B )i OB e B E 2. XA
B PR T2 B A AR — B o IX 2 ik W BHE SCER A B SE, RS
SO ARG E AR, ] DS U R T RS . B R AT LR R T A Ak
g 2 AR A AL s AR OC B, (ERA AR 2 XS SRS Fy #5343 [ 52 e B K — 8,
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% 5-11 & F BERT &9 7 A AR #KIEE LagiE X AEF AR Z R EHF

Table 5-11 Slot F, scores and intent accuracies of BERT-based models on the two datasets.

with ATIS (10%) SNIPS (5%)
Method
BERT | Slot Intent | Slot Intent
BLSTM-focus X 89.48 92.61 | 87.89 97.86
+ dual PL + dual learning X 93.53 93.51 | 94.00 98.29
BLSTM-focus Ve 91.41 93.51 | 91.53 98.14
+ dual PL + dual learning v 94.14 9429 | 95.58 9843

5.4.3.4 BERT 1A %k

5 7 TNkl &, BERT B 7T LAk FI Sk gk B N & O HE, R
B N T AR 118 IS ) AR A 5 2 U BT SCER A O 90 ELANSE ) o 3R S-11E R
T ATIS F1 SNIPS ##5 & FAK ] 10% 1 5% ) CARE I ZRBEE 15T T rPERE .
R R EIR, TF BERT £ AT DAt — D3R T JATTRHE ¥ W BE SRR 5 VA 1)
YERE, FIRHBEER L KRG MRS, R BERT AR A4 /NFI AN J7 78 2 [A] )
ZEE, (HRBATIINETA S B AR TR R 5 m.

5435 fTEREFWEBENTEWAETERXTEHT

%%, FATWAE ATIS F1 SNIPS i 4£ 1 56 A BN IBH T (BRI 100% £
PREINGEAE , XN EM O HE R ATFER, WRS-12F7R. TATHH
A A 2 W B R SCERAE 5% (+ dual PL + dual learning) 7] PATE AN B4 45 L #1
AGRIF I REACE, (A —E B E. ATER LA BERT X ATIS 1%
Re# B2 /N T SNIPS 1), —ANAIRerJE K2 ATIS i3 K/ SNIPS [r/ME 2
XTT ATIS #0405, AR 720 - BERT 7615 A8 F, 194> LA R (M 96.4% %
96.0%), 7EmEUERMER EAIRTE (M 98.5% F]99.1%), (HEEAKIN = AN TERR 1K) F
PG 2T T BIRGE R BIR 7 IR 72 0] DA 22 A BN ZRIEOLT
EAEH

AL, FRA TR AR AR TR ok 23 IR Sl R SR A 78 AN AT 55 S ST AL 1), AR
SR T DU LR 22 %8 P AN AT 55 30 AT ORI A5 () 5 ¥ [59-621. AR IRAMIISRAH{E 1E
BATHI 72 51N = R AE SCRE AR 78 AN A 25 B MO AR s 1 2
B AR SR 0K B L0 X 15 SCER A TR AL () AR SR AR

O WRHAFE A BERT 73 8373 82 A1, BANMXH S A>T i) BERT &,
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% 5-12 f& ATIS #= SNIPS Lk Fo L4z N\ FF 45 693tk

Table 5-12 Comparison with previous results of NLU on ATIS and SNIPS.

Method ATIS SNIPS

Slot Intent | Slot Intent

Joint Seq. [181]* 943 926 | 873 969
Attention BiRNN [51]* 942 91.1 | 87.8 96.7
Slot-Gated [61] 952 941 | 88.8 97.0

wlo Self-Attentive Model [60]* 95.1 96.8 | 90.0 97.5
BERT CAPSULE-NLU [58] 952 950 | 918 973
ELMo-Light for SLU [103] 954 973 | 933 98.8

SF-ID Network [62] 958 97.1 | 922 973
Stack-Propagation [59] 959 969 | 942 98.0

our method 96.4 985 | 96.1 989
Multi-ling. Joint BERT [104] | 95.7 97.8 | 96.2 99.0

w/ Joint BERT SLU [105] 96.1 975 | 97.0 98.6
BERT | Stack-Prop. + BERT [59] 96.1 975 | 97.0 99.0
our method + BERT 96.0 99.1 | 97.1 99.1

*

indicates a result borrowed from Qin et al. [59].

# 5-13 f& CATSLU #3F (W9AN438) VAEFTIRAE R AMANFE BB o512 (LAREK

49 B R 5%)

Table 5-13 Semi-supervised spoken language understanding on CATSLU with four domains (the

ratio of fully labeled data is 5%).

map music video weather
Method - ; : 3
slot F,  Joint Acc. | slot F; Joint Acc. | slotF; Joint Acc. | slotF;, Joint Acc.
BLSTM-focus | 74.73 60.01 73.80 37.43 75.62 48.63 67.35 34.89
+ dual PL 75.86 61.22 89.09 48.22 77.80 53.75 70.71 38.76
544 FEERFTIRHGEREHSRE

FIE R MEA L, FATHA R A IEFIRMER (ASR RAEMRER]T) 1) CAT-
SLU #da b (VEILER4. 45575 EhdbAT 1 - M B o SCREMR A PEREVFIN - R 51311
S5 OB R T AR A A - R S SCBE AR A 31 TV T FHE AR T TR
R RAL A R
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% 5-14 £ ATIS #= OVERNIGHT 448 -F W B T 695 LA A F (CARERIE LI L

#1152 50%)
Table 5-14 Test accuracies on ATIS and OVERNIGHT in semi-supervised settings (the ratio of fully
labeled data is 50%).
Method ATIS | OVERNIGHT
Attention 78.6 65.4
+ dual learning 80.6 71.5
Attention + Pointer Net. | 84.8 65.2
+ dual learning 86.2 714

545 HEBRESEMHEEESEMENMY

B T AR AT 45 AR SCHR A 1) A R PR S ADAE SORE 7 ), — S8 H B
HRE S B TS e A g GLegitb i g0, s+ 4
W VRS SURRIT S 8 AR bR 5555 TR, 7EBRS B BRATTHR B i
B2 SPHE S ] DA F BIX AT 45 o i 2 e AR5, AN TR BN
FAE S FIXHBAT 55 IR Y 2540, DA B SUAS [ (PO UL 2 bR 280K BB 1A 55

FEME, FRATEIR T — N0 A 55 500 A 2 M B HE 28 R FH 380 56 T R e i) 2 1
SfERT [182] LI HRYE Tia A1 Liang [183]1 B LAE, FRATEAE SUHHT B FAT 55
FUGHEAT S5 ER I AL 7 1 A2 AT 55 CRR4E3E SO BB le— AN 751D, IR T
FIF 51 RNN BS54 CRUAEE R L] (48] BB REF LS (158D XA
RN as, AT AR T A ANE SO B RE S AR X T EA G, A
M B T RGN T FIE S 2% E X B2 [116] .

BT ITEEAEE SUARAT B P AR A EHE 48 B B9 3EAT 1 PRl ATIS [184] A1
OVERNIGHT [185]. N T AN B2 ke, FATHBENLIER T 50% HIIZ5:
FEAME N OARESAE, IHARRIVE AT RS (FNEE5.4.1.3/ M5 R0 . FHICSE
Wa RnKsS-14Fr, HAPEE THAAANFEETEA (“Atention” F1 “Attention +
Pointer Net.”) [&5R . WHRTLURIL, AT ET UAEMAN SR E L. ARG
TR bS5 3R A5 B 2 1 R T

55 ARENGE

N R AT R B R A g 1), SRATTA 4 T SRR AR AR ST CE A
FE55, “TE XBVA) T AERRAESS ), TS N B HATTHE X 2 B 1 SO AR AE
IR, %710 AT CATR] IS A FH TE bR ) A 1 R 0 X L ) 23 SOHE 38 sl 2 14
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PAREAS, F T 3G 9m 9 a0 A BRI SRR 2R . FRATTHE H 0o 2 5 BE SCH A
HE B 5 555 A8 O b 28 AN G 2% S AR 532, AT DAAE 32 AT 45 FNOGHE AR 45 44 R 1 A A
A E AR R A B . 7F ATIS A1 SNIPS Pi/ME SRR B 45 -
MIszIe R, 8 MBS S ¥ N BRATEI 5 v mT DAL IR 5 B B g s A, T
PAA RUR A P AU R (B R 1) R, [RIINE,  BPAEAE 52 4 B ) 5 %
N, BT IERSR AT LR FEME R, JFR7E ATIS M1 SNIPS ¥4l 4E FHUAS T H i &
LI PERE KT

A2 R A SO T <SR 72 kR — @ B E: S NaliiE
SO AE AR LR R B AR bR A F B ARG, IR ERR . RS
NIRRT, AT LLERE 45 2 AU AR (SR AR)  H Bl R E A
B AAN, FRATHIRHEE B 2 SIHE AR B B A ROR T &0 1, BIAT AR
FH 23 At 2 AT A 25 M AAE SO 3 1) B SR8 5 BRAR ATk . AR BT VETE S
TR BT UGS BRI B e 3B A2 K 2 1]
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BOE 5-1 x-SR OS2 ) SE

Input: CHREZEE DL 26 CRESERD A7 DY 28 R R 5 S30%
A CRIR B ANIE SHEEX 51D £ DY SR Ky BUERE w,» 6
NG N

Output: NLU 8 S5 0y, VA& NLG B S Oy g

1 72 DL u DY EYIZEFEE LM(); 7E DL, u DY _ERJERTEHAE 2 DB() AR

-1 CRESLILAERE COM;

£ DY, EHIZE NLU(-| Oy ) AT NLG(:| Oy ) B, i i ME#S B BT ZRK -
Z(x,y)eD,I;y Lyu(x, y) B Z(x,y)epfy Loy, x);
3 fori=1t N do

(5]

4 repeat
5 KFHEA)T x ~ DL, uDY;
6 KR B y ~ DL UDY;
/* Part 1: X{ENAFE T % x/
7 P40 NLU B8y x Al ins, Bl y" = NLU(x|Oy )
8 FI 2410 NLG B840y y AL )7, B x" = NLG(y|Oy0):
9 I MU w, (L p (%, ¥ + Ly (X', ¥) FE#T Oy
10 I AME w, (L g0, X)) + Ly (Y %)) FBHT Oy g3
/* Part 2: XEF 3] 77k */
1 *F NLU(x| Oy ) SRR AILZARI K MESGBER y' -,y
12 XAER Y, £ NLG(y'* |0y ) L RIFER IS FREZ R K M7
X'k x KK
13 TR ke BRI RS (x) USSR IR EEE wy (x);
14 HHESEMEEE Vo vy (0) 7l Vo ()5 // EF NLU2NLG
15 X NLG(y|On ) KSR ZRIRE K DM)F %', - x'K
16 SRR x'*, 1E NLU(x'¥|Oy ) EIRIFER AR 2RI K /MBSO
Y yRK,
1 SRR k1 MO rhCy) A IR v (y):
18 WHESRISHEE Vo vo(0) M Ve, wi(3); // EIF NLG2NLU
19 BEFBEIE 6V o v (1) + (1 = 6)Vo wa(y) THT Oy
20 FEFBEEE 6V, w1 (x) + (1 = 8)Ve wr(¥) BT Oy
/* Part 3: JE#H HEI% */
21 REFMGAEARRT (x,y) ~ D3
22 B /ML Lyiux,y) A Lyig(y, x) % HEH OnLy A Onies
23 | until DS, DY, DY A a4 A kit —ig;
24 end

—93__
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BRE HRETFRINVEIEHEIETS

61 3|5

N TR B AR P N B I, RS LR R AT IR T T SRR A
1% GE X B A)FWERBAES) FEIEY 8. AW, AT+ a R RAR S
P FAE 2 PR ER T AR e RE . O T /EA IRARE AR 38 S 3 7 ai 2y 1)
BEJT, — P WL AU 1 G B AR R A e A (PRSI 1 AR e ok 7
BBRY e B 2, AT SE LS Sk R B 7% . (H2, A RIS (A1 15
NXFNFFT RA—F CH LI SCARBAR 73 A A — 20, anfa] /5 280 ) F AN [F) 45
350 () B 1 R AT 1) <3 SR A) 1 AR AR B — AN S PR B R ) 1) . 2 b
MRTATIREHE A IR, RKE 0 B E AR H BRI 20 3% F L, anfe]
9 AR A L AR AR 9% 1 IAE I R BE H iE CRR A T R A g — AN E
B )

EEtt BRIl @, Az T R g A R TR 1 B UsE SRS 7R Tk
T FRRAS R (8] SRR FF 5 AN —E 0 ) 8, AT Sk OB iE X
FEAEL G 0 AR5 55 B3R 5 SON TR AR, be i < HURIRTE = db 50 w] DAAR 253 )ik
NN AE R R BB IR ZANE SO A8 Al v] DA 3o J 7R e
WRZAFEHR RS S . Hk, ISR B bR 0 bR 2 E I 25—
A ARG R RN T MR IRA AR . IR A

o PHIE SRS SRS Il IR B R N B ARTE SRR, W RR TR R

FFEA—E R, R CUEE N BRI T A N AR e R vz 4k
HE /7.
o JHIT EIRAE B i AL RE IR TR, T ASEEU AR A EE B A AR RS
B WA B8 OB A B A
IATHE DSTC-2&3 ERISEEGR I, R -FEAAE N —Fof KI8T Se 50 kil aTELA
BB TS SCER o FE AR A0 & B2 ST e T

ARFERIGERIWTT . FRATT B Je A 286,271 A 40 28 T J TR 1) 195 AT s 2 i ™ 7oA
B 5563 WA REEEY SO 58 SO AR 0 A & B 2k DA R AL T
Wy 64Ty, BRI E . FELSR SR, 6.5 AR E N
¢

95 __
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6.2 HEFRFIERNESUESBIET eRE

AT TEBA T AP x = (xp, -, x)y), FFHICECRRIE RN acr-slor-
value = JTCHES y = {y;, - Yyt BIEEAS y, #R— = FATEXS
BN RRER y G ERGEEA) T x BFER ATV, BD p(x|y).

H2, HHESRA ERE R A R A) A BB A B N A a0 T B

o AN[AHE H ARG ST 5 € LATREA MR, B A 1] (1 v SRS 44 F

Al B ERAN F =
o 15 SURAFT S AT R AR R LA R IV EAN TR E 2, i R AN R
Al RE AT “city_17 Fl “city_2” SRFRNASE £ SCH IR
PRI, X P 7 sUARMER LY p(x|y) & B 208 B8 SRR, AR5 X
P TT VR I E IE N

AL G T, AT LU B SO0 CH 20 L =JnH M4 A
TR, AT AE A G I B SR TE & A1) 1o (HIR XA T IR AR HE 55 %5 P
B ReRITE X =JnHES GEEGFBD, W RIFN ST AHR IR &

MAEAE, FATPEH T AR R 5 T8tk RIS —AME L= Je 20 B
ik, BRENA)THRRFEESCE¥ —ndHES (—kEZ) 57E8arrxt
F5G F, BIARIFIEE. (B8 —IBEN CRA) R & 3 = u A Eof 9%,
SR, SRR 75 BN — A B IE = e R BT N O R, R
RN B, @R RSO = nHE GBI FIEE S S B ARSI 58
A — 0. Wik, ATHZERH A brESdE = ) D EIEES 2
SERA) T PR FRIBEA, X2 T RUAR T ER A LT o 7E SR
b B, JATAT LUE M P A 2 ANE = Tn U RIE T R E s R
HTREIRHIZ, BN TE W, JEFBRA S Wik T+ S M 52 R
T AT,

WE 617, T RFBRAE R R aREmE s D FMAHET
B E X RRTER C(ELUn act-slot-value = JTCHEESR) BB NREEREBIES: 2)
BT HBFG S A R e RS A . £ T, FATHEH N A5 TR LA
ST RS A FAE U A

6.2.1 [REFIEIR

FATFE H —FloFr WU I RN, R TR SRS HFT Y B IR E S iRt
SR A FRE IR RO L NI B R E S R IR N e B A) . TR RN
BB A, BRI SRR I AU R B AT R R A VI SEBR . BRI, 3AT]
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BURFER
y: deny(food=Chinese), inform(food=Thai)

|

Atomic templates
deny(food=[X]) — not [X] food
inform(food=[X]) — [X]food

v
HERS
{not Chinese food, Thai food'}

( sentence generator ]

SeRA)T
Xx: Not Chinese but | want Thai food please.
B 6-1 A TR FHEAMGYIEXLKIEY LA

Figure 6-1 Workflow of the semantic data augmentation with atomic templates.

& 6-1 DSTC-2&3 # A5 F 69 R FAEAMB], Hof “[X]” &R TA8 K5 AR89 4E & 7T AL 49 BUA
Table 6-1 Examples of atomic templates in DSTC-2&3 dataset. “[X]” is an arbitrary value of

corresponding slot.

Triplet Templates
goodbye
bye()
bye
the address
request(addr)
what’s the address
. [X]
inform(food=[X])
[X] food
television

inform(hastv=true)

with a television
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Figure 6-2 Architecture of the sentence generator from atomic exemplars to a complete sentence.

TR e; o FRATIR PSR 7757 5 DU AC 5092 (Ratcliff-Obershelp 532 [186]) 1R Lid
sim(e, x) PIAHABETHE . T, Gid 5 TR I ADAE I ), A28 OB B 1 2644
WA T DL e R R

P(x|}’) = p(xl{yl’ ’y|y| }) = p(xl{el’ Tt e|y| }) (6_1)

6.2.2 A TFHEpIRE

R ST FE T 28R S HE 5K 3 5 R 91 0 2 2 2 PR S 3 0 00 7
IS plxl ey, -+ ey, ) AT, FLARBILE 627 7%

6.22.1 Zmiggs

T, BONRHERGIRIEE RN TR, AT ARBTG5
i NMEEREBIA— M ¢ = (wyp, - wir), Fif T RFFIKEE . A, Al
A DU A — AN LS BLSTM AR AL X S 4G B FE B AT St . B e AN T R 2 4
PR R — AN, B w, = Wio(w)), i Wi, € R9XWinl & — A5 ) & 4
o(w;) € RWnl J&— Ak (one-hot) [IE, Vi, FoREANT I, d, NidE4ERE,
w; € R%, ¥ iXseid i) & 5 44\ BLSTM SRR AN SRAL D, fEREANI 2 AT
DR B —ANRIA & h; € R* (d), & LSTM K2R/, j e {1, -+, T;]:

(hll’ e ,th‘l) <« BLSrI‘lM@1 (Wll, tty wl’l"l) (6_2)

Horb wy;, NN R R, BEAh, BATE A IR 1A AT B ) LSTM 1 28 1E i 21 66 7 £
(S EETIRSATE NP SAZE IR =

98 __



S N e VAT
XSG TR IR G5, AT LIS 2]— R R &

H(y)=[hyp, o hygs e sy oo by | 6-3)
= [hy, -+, hy,] (6-4)

H M = Z!‘ﬂl T;.

6.2.2.2 fRIGEE

TEGmht A P ATRIAH — A LSTM BiAY [187] & inl A B B 1 58 B A) 1 xo %
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Figure 6-3 Workflow of domain adaptations of data augmentation and language understanding

models.
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2. BEAAEFNE: RATAGURAEPEENPE R Z N, (LLIndh 3) ME =
TCLHAE B — AN 18 SO 3

6.3.1 HiEY ARBEMBIERIIZ

1T M H AR U R AR A IR, 828 Bl i 78 75 A i D e A
[FIAE AT AR R R s AL it 3 7e B A AR B (il 25, aniEl6-3(d) Fra. oG, AT
El6-3(b) i, FFHESUEAN B ARSI ZRE0E T 2Rl By sy . R 53R
TR R 7e A RO B ARG OB Y, — BB ) 7, SRR ALK
WY FTEREASE . fJE, BATRZY FEREAER ST BIPEATIEAN H bR 25 5t
FHIZRIG AR A . ik SORIEAR, HEAANRSL, HORBURRE WAL~ R .

—101 —



i N e S T

BE 61 Huly AR B A Zx
Input: SN ZEE D,,.; HARSURIIGEE D, s H SIS 2015 SUE X4k
Vis BNIENEEN;
Output: i3 7 p(x|y; 0) LA ¥ #h4E D,
1 /£ D,,, - D, B EE RGBT A px|y; 6©);
2 fori=1t N do
3 X B ARSI A R aiiE SO, A RUE N A, Bl

x' = argmax p(x|y’;0"""),Vy' € V;
X

4 | CRERRBIDAEEARAE 8T el gk D, = (¢, y)IVY € V. b

tgt

s | 1D, — Dj, - D, FAUREERIZEER AEA px|y; 00);

tgt

6 end

6.4 IS5 9Hh
6.4.1 SLIEHIESKE
6.4.1.1 ¥R

PATR LI K A 728 = Jm 5 56 = )i [ Brooh o BR R Pk ok 2R 10 A JF s, /P
DSTC-2&3 [63, 188]. i DSTC-2 (Y4 HEEEHE 7985 78 2 1l 5L
W, KL 15000 24 FIETE LA SR XEA) 7. 1 DSTC-3 CH ) B
SN 2L 118 DSTC-2 BT FIGIBERAT S, Hib & T BFEEIE LR N BRI
FREAWNIL. H2, DSTC-3 Rigft /e bEMNSGEE Fhv8dE), St
109 )i ZHIFEAAIR R AIEIN TS SOAR, Wit TiEE MG N
BERIE SRR

N T EHUAE B ARSI LG SR I AEER 5, AT DSTC-3 HIIMAR
BERLA NP, Hop—2P FERL 7S I 25 5dE (dstc3_oracle_train), 7
— LR AR R IAEAE . BERSEA I SGTHE B R 627

BEFiEMRAE: AT ZEFRAE act-slot-value = JCH KRR TR, Ehan
F6-1 “inform(food=[X])". £ DSTC-2 Al DSTC-3 * % H 7 HIH 41 A1 35 A~
RAHNE L =JudH, Himm/ N T s O EE . TR R ME
N =g, BATTFE WA R B HARREN B IATE S RiE .

BFRSUS R EIIME X RIREL: Wi%5 6.3/ NS A BRI EE, ATH PR 75 (&
EREERIBENLE A SR R A ME OB RY . Horh 8 SRR T R
dstc3_seed P, MEENLA A VAN 72 DSTC-3 FIAHAKBENLE PR £ 3

O AR SRR DL EINE O ATFAE T2 hitps:/github.com/sz128/DAAT_SLU

—102 —


https://github.com/sz128/DAAT_SLU

SN L e S NS

% 6-2 DSTC-2&3 # ¥4 69 412 &
Table 6-2 Dataset statistics of DSTC-2&3 dataset.

HiRE sl BXEYE XI5 KRS

DSTC-2 | I RSB 8 dstc2_train 15611
dstc3_seed 109

DSTC-3 | JgiiF(5 5 CHFRAUE) 13 dstc3_oracle_train 9466
dstc3_test 9249

MEX = o T HE . TS, BAMBENAAGERE U E R ESTE R,
FESZPRSEG T, BRATTA B R EEN DSTC-3 &k 1 1420 ME B, FIHFEHL
FAAVENA KT 20670 ANE o 1B R AR il S A ) A AR Y, 3RATT ]
PLUAX SR B SA R (B0 i) MM AT, MR 78 80k .

6.4.12 MAIEE

TBMIBMERY . AE LR AEIE ORRMES ERREIRY RN TIA, T
S50 DSTC-2&3 4L 2 JEX S8 ARTE R YE, RATRA 7833 ETER
FR RS IR 5 o B R AR A o A, D T B v SR AR R AT T I 2R
ROR, BATE R 15 SCRE SR (1)~ 350 ) A s R R R, AT 2 g i A
(R SR 7 2R AR o

T SCH AR A AR B Y 78 1) R AR S AL R AT T — R S A Hod, A
A2 SR 100 4516 Glove VTIN5 A, LSTM HIFJZ /NS 128 Bk
TN ZRt ] B gy, HAR M8 S50 L [—0.2,0.2] Z (8] 193851 53 An BE L]
gt FATKIRR T Adam [160] 1ENILALAS, BCE 21 F0 0.001. FEUIZR B,
RGN Z 2 1A E 0.5 1) Dropout % o Y ZREHEHLAL B AL/ g 200 FATLE
S B S0 56, JFARAEAER IS EIERER I Cact-slot-value =TG4 Fy 134 @)
U IR B S S AR R A A T S 40 B A Sl i 5 1 Fy 1595 LU
N HER R (Precision) M7 [FIZ (Recall). N T #&4A) 74 s R 1z 40 BE 7T,
BAER N AEFEBI S F2R A T H briA Dropout IR

WEY R dEn, & XHEMBEMNAE  dstc2_train EFIIZE, RJETE
dstc3_seed LRIHZ%. Ry A A FA BB R FFEE/E dstc2_train
EWNZR, REHAE dstc3_seed L. fEAY mEIER, 15 L HEFEEIAE

@  http://mlp.stanford.edu/data/glove.6B.zip
@  http://camdial.org/~mh521/dstc

— 103 —


http://nlp.stanford.edu/data/glove.6B.zip
http://camdial.org/~mh521/dstc

i N e S T

% 6-3 DSTC-3 MiX%E LR & 46915 LIL AR AL
Table 6-3 Performances of different methods on DSTC-3 test set.

Method H Precision ‘ Recall ‘ F1-score
No 80.9 76.9 78.8
NAIVE 84.9 81.6 83.2
AT (FEKAHE) 88.0 86.0 87.0
AT (BEHLAL ) 90.2 89.0 89.6
AT (FERFE + BENLAS) 89.4 86.9 88.1
HumaN 91.5 89.0 90.2
ORACLE 96.9 97.0 96.9

dstc2_train EHUNZ)EHAT R B3EMH, &EHE dstc3_seed LRUAL
tho FARIMAEFIE6-3—8. NZRIF A5 PR 24 7F dstc3_test LikAT
P

6.4.1.3 X7

AT 7 a0 R BE AR Y 78 R 207V ERRTT

o NAIVE: %7150 & il e 1) 75 O B FrAiisiill 25248 (dstc3_seed)
AR SRR 2 BIREAS o AR RIS B AE S N ) RS SO 3K AR B AL B 46
AR TR SCRE ) FA T RERUME . Z T VEREALE B, BB H bR SUSRA A A
—MEEEDHIL T =,

o Human: X2 N TR 7807775, BRI sk i )+ A1 B Fr ek
AR ZE G, O H RIS 5 58 B 1 CARE R -

o ORACLE: M H AR 76 2 O BRAE RS o, BIEEY 78 7m0 EIR . 7
LI RATFH dstc3_oracle_train Ll 78 B VI ZEE .

642 FTEHR
6.42.1 NILEER g R
FKo-3Jgx T AFBHEY 77 1EAE Hbndilk (DSTC-3) _ERIE CHfRVERE . 3.
AITAT LA I -
1. &5, B8 dEE e i g8l dstc3_seed BRI T HARSIRIE X
PRI PERE . IR IVOCR H B R i B 78 /0 (Nave) #m] BA
HYA5 BH 2 1 e T o
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Table 64 Triplets F, scores of language understanding with ASR hypotheses.

Method manual 1-best 10-best
all ‘ seen unseen | all | seen unseen | all | seen unseen

No 78.8 | 86.3 443 70.6 | 78.2 33.9 72.2 | 79.2 36.0
NAIVE 83.2 | 89.6 55.8 740 | 814 41.1 75.5 | 82.1 44.0
AT (ERFf) || 870 | 906 700 | 782 | 827 563 | 792 | 835 577
AT (FEHLEA) || 89.6 | 91.6 80.6 80.2 | 83.2 65.9 81.1 | 84.1 66.5
HumaN 90.2 | 94.5 71.1 80.6 | 85.5 57.3 81.4 | 86.1 58.2
ORACLE 969 | 97.9 92.8 85.7 | 88.0 75.6 86.6 | 88.7 77.1

2. BATFIH R 7% Catomic templates, AT) HIEHEY 78 71540 L Nave 75
AR DL B MR s R RE . — AN R RN T 7vE 0] LU IR 2
FEPE AR AR AEAS, T Narve Fpy0 8 i T — S8 [R] R0 i fli i

. BENLH BEA X T B R FEEA A B B R RS, RUONERIEESZ IR T H iR
AT T HAHE dstc3_seed KK/ RN, FRATARILM M 787 4 £
HEIFRA > DRI, TR ARERMEENNY mfds A — L&
BRHIFEA .

- BATTE R R 5 N AT SRS R B AR B (F) 15975 89.6%
FEXF T 90.2%), XU BHERATHI TV 2 AR A . T H, R AR E
N TRA ST B AT N THER Y 7.

TEEE I (ASR) #irth By
ISR ARG, FATEE S R Bt AT 1 IE SRR TR R PRI, 2

et RinF 647~ . HH manual 18 N\ T35 3CA, 1-best 15 ASR %t (1 g 0% 1k
7], 10-best 47 ASR #irth 1 10 e fEfxik 513 . B 7 DSTC-3 WX LA 1 X =
TR Fy 434 CalD), FATEMAREE 1975 L =T 5 AR o vH A8 bR —30
42 NTE dstc3_seed THIIH] (seen), B—#80 NEA BT (unseen).
CASE AR S A [RI B 4 78 7 16 AR U 9 M B8 o B A STk i 18 S8 25 . K64k
(R EE AT DL

o B IR AR R NG SCHRAR I 1 RE I B OR B A TR FZ IR . 10-best BL & FE 2

MAER S, FTLRILALE 1-best B4 .

o ANFEHEY 785 AN IS SCAR LR B R a1 B AR L 95 #82 — 2

o FEN T8 S SO E Y 70 2080 t T DLFE B3 T 11 15 R AR (0 1% 6 BL A0S
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Table 6-5 Ablation study about domain adaptive training of language understanding.

’ Method H Precision ‘ Recall ‘ F1-score
AT (BEHLALE) 90.2 89.0 89.6
(-) w/odstc2_train 88.5 84.1 86.2
(-) w/o dstc3_seed 87.0 82.1 84.5
(-) w/odstc2_train & dstc3_seed 88.2 80.7 84.3

% 6-6 TR TR HIEY AL BRE I

Table 6-6 Ablation study of atomic template based data augmentation.

’ Method H Precision ‘ Recall ‘ F1-score
AT (FEHLLEE
(HEHLALE) 88.2 80.7 84.3
(-)w/odstc2_train & dstc3_seed
(=) wilo f) A AR Y 73.7 74.3 74.0
(-) w/o JiEF AR 74.6 66.8 70.5
ASR iR PR

o BUBY ST ERIBIER TIRE dstc3_seed FHAA IE U R, M HIRA
AT DLR I T S5 AR O BE AL ZH & 10 7 VR AE AR B (A8 SN 77 T SE A A
3, BRI unseen LRI F 180 KK T AN TR (HuMAN).

6.4.3 SIS
6.4.3.1 5 SCHEE ATk H 3 IR B SL I

TER6-S5H, TATHEAT 17— RFIXT EESZI0 AR IO UETE PR AR Ak B 3E NI R
Wtk . FATZAREBRIESIR B HE (“(-) wiodstc2_train”), PAKZERRH bR
HII 55 “(-) wio dstc3_seed”), AHMNIZE RABIGUE 1 YR 403k Il 25 588 A1 H b
A AT B X TR RS HIE N S I R e, 2, R EIEAT
AH, RAEHEEEY 787 R A N H PR, a2 sk,

6.4.3.2 TR TR A EICHE B SRR BRI Rl S

PRAE F IR SCREAR AT AL S8, JRATE R A8 I EEE 3 7 Uk 28 B 2 I 25
T SCHEE S OU T, REE T Bl TR A Rk . tniRke-6fiR, iR
MIERRA) TR R, B B R H A T AR 4R & PHE R P SOy </, AT
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Table 67 Self-iterative learning for the model of data augmentation.

’ Method H Precision ‘ Recall ‘ F1-score
AT (BEHLAE) 90.2 89.0 89.6
(+) BiER2ES] 92.1 87.6 89.8
(+) HAf it vg 91.1 90.0 90.6
(+) Hi%kR¥ 2] 92.4 90.1 91.3
HumaN 91.5 89.0 90.2

LI E SCER AR PR REAT IR KR B DRI DN LB (A0 R VA 81 0 2 1 AR 1 1) 5 2
A IR ARK XA, X WIS IE 1 )7 AL i A (e ZEPEANA R . 3 4h, 3K
sl LB 1 IR, BRI &) 1A R B84 act-slot-value = eSS
et oy — A 5e a1 JATFRERT DURBL A TERE TR, X B 1 B 7R ]
CAAR K 3R T 5] 725 A R Q50 B & L A2 AL RE T - 34k, RIREIE R HHE R <A
T RN = oA KA T RIVE L, X2 ROV BB HHE I A7 B A
T SRR IE A AAAERT, (HRR) 3 A R R N RGP TR R A
Gy HE R SUANIER” AT

6.4.3.3 HdEY B HIECF

AR RE XS B 6-1 ) H s 9 78 B A 1) | kAR S) kAT T3 E, 45 R4
RO-TH7R o WIRILA TR A i) AT 5 s Re A HEAT B IE ), BORIRTHIEA ]
% (F, 1957 M 89.6% 1| 89.8% ). X He & FMEA PAFAE — Ll 1410, B/
B ARG BN L . TRBATSY AT IE, Bl
SR IME R A S AT, AKX AF O A A T B S ey
FAEAREAR] 1) T B (R AL TR B A FH ) 2R BB (1 757500 A&
AT LUK, I B SRR R RS, 1B SRR A T
T (F, 395 M\ 89.6% %1 90.6%) . TEIZFIIE N4kS4s & Bk 2], &AF,
1353 AT LA H 91.3%, FF##k 7 N TEAR Y 7177

6.43.4 HEREI B =520

F A 0 1 ) SR80 o0t 18 SR i e i R DA R v SCHE A AR (1 5l B 3
RANZREA R EZNER, Eo-4fon T AT Bk (DSTC-3) IlZkEk
Y BN R SCERARPERERI RN . BATRT PR BLRIMEAE H AR s A 52 AL 2R At 10 1
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Figure 6-4 LU performance of different methods with varying number of training samples of
DSTC-3.

BT, BAIEET R AR B 78 5 iR i LS AR ar Pk Re, AR R4F
Rz ALRE AT . TREE B ARSI ZRAE R n, JA1M Ik A& R E A Ak
RIS AE Y ZR B8 B 78 A2 BTG D0 T 3RATT R 73534 mT DU LU B AR DL AT 4R R 2 T

6.4.3.5 ZHIHHT

FK6-8/E/ | BRI DSTC-3 W4 AR A w4 o 0T — Le AR YR A8 o
ULHE ot CEetn “thankyou()”, “request(phone)”), FRATTA vk vl PAA IR+
HARM AT o HIRAITE R — R IMA G ZEH, thangRe-8H R/ MiT. H
H R A AT BE 2 “request(childrenallowed)” F1 “request(hastv);request(addr)” iX P 2
T A ER A 1 B AR R 75 dstce3_seed L, A)FA AR )
PR IR B 6] HAE, XFER AR s BRI R ER 1E 2 A A
(EGRP

6.5 AKRE/NGE

TP T A ah & S5 TR S SUREIE TR T . N T R AN R
8] SCRAAT S A — B R L, BATE Joke i OB i SO E xS & il i1
AR RSN R B AR B AR 5o LUK, M RIS TR AR S Bt I 25— A <da A
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Table 6-8 Examples of generated data samples for DSTC-3.

AXN [FEFRRRS ENEIE | £RATF
A5

thankyou() thank you

Thank you good bye.
bye() good bye
request(phone) what is the phone .

What is the address and phone
request(addr) whats the address number

number?
request(phone) the phone number

The address and phone number.
request(addr) the address

inform(type=coffeeshop)

inform(hasinternet=true)

cafe

has internet connection

I’'m looking for a cafe has the in-

ternet connection.

affirm()
inform(pricerange=moderate)

inform(type=restaurant)

yes
moderately priced

looking for a restaurant

Yes, I’'m looking for a moderately

priced restaurant.

request(childrenallowed)

does it allow children

Does it have children?

request(addr)

request(hastv)

the address

does it have a television

Does it have the television address

and address?

LA BN TERA) T AT SR FRIE R 138 SCRAIRF5A— 8 10 &,
[F ) DU AE o AR T T AN EARE T A A iz ARe ). FATAE DSTC-2&3 |
PsRIeRE, B FRURE A —FoR B U e AR, BT DU R TS SRS 7
BRI AU G B2 ST RE T o SEG A HT tHIGIE T 26 IR TR 108 ER Y 72 7
VEAT DN AR B0E s WL i SO AR G e A
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FLtE ETHRETHARIENIESGER ST

71 35|35

H AL AR 55 2 CHE XS 1R R G ARAN @A 1, 12 2147 BR ) 3 HLA0
B (& R 4620, RATIR. B & L BIETT R B985 4181 .
FESCPRIz S, AR 557 B B R R B o K B B (R 55) . A KT
FHEF, RGEHAECERR T —ERCE IR KRS TR Uiy g, AT
A DB E A B SCER AR TR () 5 TSI R i T 265 2 B Ak 1) Ko
S5 ) ) B i R A A L A B R IR A I 00, T AR 5 000 AR 55 ) 222 v 14
SRS F) . DUONAESEPRTE 0B, BATTAEAE R A /D& H S U A 78 2 1 25
e, AR 2 (RARATI B BT A i U A Ak T Bl S = BRPIR A . [A, AR R
BRAT S5 A T, ] A R R A sk IR0 Al K3 B 2 AT sk C H A
D IR RN T B A

N TR R TR, A5 AR B 3 B > H R, WE T A rTA Y 2 A sk G
O FECRE R U CHARSUED FE MR . 3RATSE N 1 —FhEE T A5
oA AERAE I VE SCERAT, M S 36 R mP 225 O SRR B AT R SN )
AU TR R A5 RIS, il 1 DO A RS Ta) bR e A — 203 2o R S 50
TR I EI . FATERRZE AT SR P SIN T 2RIkl (5B
SRR . 3 SURBRRERE B ADREASCERAR), FRFE AR RRRRE 70 A7 2URAE K9
M7k 2N RS B AU RE SLI R, 1205 7RAE B ARSI S A B2
& AT AR L DT R B & N5 95 SRR T RN, R D REAR SO SR 1Y
T3 B F R SCE AR AL SR AL 1D A TR AT LD REAR 52 20 D)
AR, NULECMS IR 1 — R TR B R “-prae” AR TRk, £
B SCRESF TR A iy 24 SEARROIAE 55 b, BRI T7 R AR B DR A DR A 22 20 5 9489 AL
57 S RPERESRTT

AREEGEFIUTE . FATE SCAEST. 275 [ T 5 CER U B & N % 57
2 AEERT 3N G [ U SCHRE B G L RR RS o A SRAE s RS 4T TR
o A AERAL T8 SCERAR A B IE R, A HE SINSE I8 RIR (AR 28 0 Al R AL T 1%
CLARRL ) SE B R iR gAY i 575 sk, Bt E . EEARE
I HT: BT.6TT R AT NG .
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Xi
TRFLT R H A SR

B 7-1 & LMK B N 61 R T ik

Figure 7-1 A conventional method of NLU domain adaptation.

7.2 BRI B EN ARG AR R

FEA /N AT KB B— ™A% Gr T8 SRR U B 1& B A2 X U7, BNCH
PREE I AT AR AL J5 . F PR S AE (14 0 3 73k ] LA B2 8 H AR A
SREEAE R G R A, EEWAR IR e T4 (1891, ZHOLEITIA [148-150] LA LXK
SITIE (190, 19170 Horr, ILEANRI USRI AL S HOE — Rl O H L R R 4
FIRIERS 21 H ARSI BA

BN —METURE S d = (dy,dy, -, dyy ) USAR IR Y 4 0
D = (D), D, ., Dy} M WESRECR . e BARSUEN 0’ F AR 1258
WA Do ASRA TR IR LT AR (035 SUMHFEAE %, JFTAT (Al
FEFD N x = (xp, %, -, xpy)s BARE I SCRRICHT SR 55 = O, )
W, AEARTATU A SR 4052 1 — U1 i 7 9135 SUBARAC FF 90 A, B D =
(O, ySONPY, D) B A R AR BT 1R, SO &R 9P

DR

o RGUHTMIUELR: B ISCBATRIHIUR VI FREHE R Sk, ISR 24
R SOREARC R . X T A B ARk, XA TRt A2 — IR TER
o BFFGUEME: ), REFIIZRAOERLAE H b e 4R S SR A ROR S 4
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Table 7-1 Examples about conflicts of data annotation from different domains.

Domain | Data Samples

DSTC-2 | I'm looking for a [Thaip,,,] restaurant.
DSTC-3 | I'm looking for a [Thaig,,,] [restauranty,, ].
Weather | E X b5 ], EAIRTEARE?
Travel WHE LA 1ociy]> BHEEIREARE?

7.2.1 RS TRIZk

WIEE4A2 IR, FATTAT LA 25 A i B 118 SR FRic i3 (BLSTM, BLSTM-
CRF, BLSTM-focus) %145 5415 SCFLAE p(y® |x) BEATHEAR. A% L BLSTM M,
T SEA ] BLSTM X ) T #4795 (BLSTM i F2 WAL D, fERA I %145
/N E h, € R (d), £8A LSTM HIFRZ KN, i€ (1, -, |x|)):

(h],’,hlxl) (—BLSTMQI(X],,Xlxl) (7—1)

Horbrx;, Ron sl i DA NA AR . fJa, FAVEREAI 2] BN — Aot = 31
DUAH R (78 AEARZE -

EEAEEAUE TN ZRE B, A FSUSA RE S 2L E R E IS8, INAFE
AU E SR bR R A AR T H., AR SUS T B 5 i R bR R A AR
fR3E — > I AT R AE SCSTa), BRI R AP A SR A2 b T ANl RITRIRES
RT-145H 7 — EA RS 18] K38 SRR E L 2 1B 5

R, e R AT 75 A 2 A U A 4 AN AR DG SR AR 22 1 T30

M
ILE SR . FRATC A AR AL 8 SRR Ve = U Vs Horb PO
m=1

tag tag
FRAUR d BFTATE SURRRC ORI % . RN AT 1) ) B8 1775 30 40 4 T 7
B SCRIBRZE, BTEL VIS < SN (v TREEFAURBIIZGM B, 5 T4 d
(IR0, SPEs R AR I -

z; = W¥°h;, + m?. (7-2)

Horh i FRNT NS | AR ZIRLE , L ERUEAERE Ry Were € RV aeX2dn | m(@
NS d (R (mask) T B CEIZBEIEASURAOFRZS) . FEHD (mask) [ 4
m@ e RWes! 5

L) _ { 0, W VI e Ve 0

! —oco, N,
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Horbt VL)) R VIS 5 SR, J = 1,2, [V TRATHER 2
5 d 2 A SRR

TR, RSB B, AT E R BT A AT R L 2k
P B I JE SN . R K 5 B A

M M | x|

L. =— Z Z logp(yslx) = - 2 Z Z log softmaxyls(z,-) (7-4)

m=1 (x,yS)EDm m=1 (x,yS)EDm i=1

Hor softmaxyls(.) W oA EXE BTy ARSI

7.2.2 BFfrSusEE

£ A AR SUSOR BT B B SR LTI ZRas A2 A A0 an 4. in] 1H) &
BLSTM Zifith a5 () 2 Hnl A5E 95 DL (B2 T H AR AU AN 4k A7 £ 2 2
ARG, it EBUERERE KA 5wl L DL, inlE7-10s . KDy A i
d" 2 2 B R 2 YRR BBOA VR SRR, #0038 DN A SR s T

wany = f Wl 3k (L IEDIRVE = VR U
T b, S0

’ ’ @ B ,
Hotj = 1,2, V81, W e RMee PO oy FRRSE ki R BUESERE, V)

R EARIUR d' H03E SORIBRS & 4R, (WY1, FoRb AR5 j MTIE .
MI7E FUARAUS L, R A S A R

z/ = W h, (7-6)

FARZIE, ARSI ZRE B A I 25453 2K iR 0N -

|x|

L=~ Z log p(y°|x) = — Z Z log softmaxy;(z;). (7-7)
(x.yS)eD’ (xyS)eD! i=1 '
7.3 MEENENIBERENRE SRR
731 MHAEERHHARIE
S FARATATIR o, b3R5 SCHR AR s 2 T ) S AN SRS S €
VO g B SRS, B

tag
— D \T (S
[Z;]ia¢ysy = (W, 'hy) " 0(y), (7-8)
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o idS) € (1,2, V1) R S 1ebigct v mir s, Wi e RV g
AT 0 )28 TR S BB A 5 o(yS) R T8 SUREFRZE v B ) B Cone-hot
vector) o TS FRATTX 4 Y E BUE KB B — MEFE 2 fi# (low-rank decomposition) ,
el W = BTC, 3 B e Rl LU € @ R, 54 4y 5X7-8 7] Lk 8 7
5
[2;]i4ys) = BT Ch)To(»*) = (Ch)T (Bo(y*)), (7-9)

JUrR B MY TR SRR I R (R RFAE) &R, 17 C M AT
HILRPEAS BB, K AR R AR . P S R0 Hh bR A A I ) L
B — AR 281 L, B A e B 43 A 2 A B R A 36 1 17 B ) P 775 3
HESEAR 2 (O T A4

R TR AR B OMS, XIE% 5 ABEENAA (A
&) [97,98]. TAHRA JT VL FIRE R 1A A A & (one-hot vector) b 3132 45 ]
B2siE], AT LA RS R BLA 2 [ A R GIE L R (AR 2,
3] 1 B T LA MAT K R O A0S AR KU AT TSR, AR 7808 B 1 1 A9 25 Ak 3
5 CHeAP 2, 38 SUBIFRIOS  FHE TR0, 97T DU AR - 45 1
MR R CREAE A% D). 3 rh AR B S0 A SR A 24 T — RS I i, 4t
TRSAZ AR5 (e R).

(5L TFAT45 B0 2 45 038 SURIRR 252 AN BB 075 2, JUT AT
T T IS M4 SCA SR h o 3T — N HOTE SURIRRA  CHD /7 JATUISR 1 2 1
BREEFD, AR AR BE LI L S (bR . L, T 3 AR
VE SURFRAS MBI E R, AR S HORRE A SN AT 1B 75 B T R IR . A
457 K (AT 55 0 SCEUR R (AR M RRAE , /7 2R UL AR I L B R R,
B SRATF A I B R P2 AR O LR R

TN T FE I bR 4 A AT S AR 0 125 B3 22, (R DB
WObRE R LML, MRS 2D AR AT A, 5 M AT =T fr i
SRR AR R T LA T P B B AR AT T S P A kR . X
LA BT B ARSI SR R BRI, JERT el  (RRL s
BN kS

7.32 HERESHARIEANE SGEERE

TEA/NTT, AT REEG IR0 A RAE R TE SRR, ARSI R
A E T2 H5G, X TR d, FAVBILRRR R SRR, P
SRR SIS HR bR 2 iS5 A (Label Encoder) 72 B4 1) (FATKAE
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Setete)

Sisd *’%ﬁﬂ |j>

Sl R LE() :
Setere)

B 72 A TFARE DA XARAEE) 15 S AEFRITAE A
Figure 7-2 Label embeddings based slot tagging model

N R AR IR AN FE SR S I KR AR SE A SURAE IR UKD o« BATHS
B A ARAERBGS R o

y® = LE()®) (7-10)

S yS € VO Wk d PR —ANE SRS, ¥S e RK,
O TAT AR i RV H R d € du (), FefiTATLIZRELE
AT o0 A AR B, @ RADVie | (220 I 1 A B 1 B A AT 7 SRR 2
MR FR, 0 BT ,s) = LEGS). SO, VEATUSUR F ARSI 0 th 2 T 20 R
(ART-2F17-6) FTLAGE— N
z; =B Ch, (7-11)
ot C @ RE®2dn S 2 2k P A e B8
It 27 F i R S (A TR, bRAsminas) #IRus it
[, AT AR R 2 75 4 458, 3ok th 750 A TR AU e A0 ) ALK 2 38 o
AP IR S, R IR AT T B % AT AR 2 A T R AR B R T

74 SEWENRIRSIAARE 2B AN RIEK G &

AR TR A E IR bR 70 A0 R ALK 7%, B LE(). KT IK3)
WA AT R AR ISR IR AR, FRATRZR T UMSUREIR, a2 JEFE,
B CREREIR, 15 SRR, DL DA SR AR

RUAAETE AL AR 55, BN ERFRAE 22T IOB (In/Out/Begin) #% 2
(o FRATIHHZ AR ZERITE R — T X 40 XT38 SO FRZE »S (Hetn “B-from_city”),
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Table 7-2 Examples of slot representation by atomic concepts.

EXE R

city {city_name}

from_city {city_name, from_location}
depart_city {city_name, from_location}

arrive_airport | {airport_name, to_location}
city_of_birth {city_name, birth}
date_of_birth | {date, birth}

deny-to_city {city_name, to_location, deny}

BATAT LA TOB(y®) 35H 10B 475 (et «“B”), FiEit SLOT(yS) $REUE [iE
ST CBetn “from_city”)o X THERAE L SLOT(“O”) KIS S A FR N Z

741 [EFHEE&

JR %S (atomic concepts) B i 5N SCRERT LA 73 9 55 /N8 oG, R
FANE RER RSN — N HEZNE TS HR RS E TS0 DA 2
FHRLEE S A, P RS A . RT-245 T — B R R R N R T
MES IR, LhaniE XA from_city W PARR AR FHEEES {from_location,
city_name}, VPANIEHFE date_of_birth o AR RN (date, birth}

PATHAEHEE AR E N J5, PR JE WS i 2 T EARIAS [R) 1 S
Z IR ER, MIMIRShASFEIE XA MM EIRE .. BAEARES, RS IFA
s Al LA E ShERECT, 12 7R A T X B T RN AT N et . — et ol
T, SR DA AR ORI BB R A TR SRR R . RN - —
Mg — S E IR A FK, Bl “New York” ;&3 i 44 Ccity_name) . R SCEFI
Jir 00 e B T 2 i SOREEL & L] () B U, LR A to_location FEAEMKIS T 1
T HAHBAE “going to”, “fly to” LA “arrive at” X ZE 1A I 1S ) AR A
BT R SCTE R 2 TR 3L 2 B F R, A AE — R AL S A 5 e A ik
1) 17]

PA MBI, TR KB F RN BT, AR — N [F) I ZE 5 YR A8 H
FRATIER ) 30 IR M TR Vo e AP AR TALE K o, TNE FE s #in]
DI RN A— N RS 4EE, B atoms(s) = {ay, - cap bs @) € Vyomr M 5%
B FERTE S RS E . Hik, B8 REATA] AR IR N — [V om|
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o/B atoms Lo/ desc. embedding I/Q/B context-value vector
loJo[1[1]e] = ol loJo[1[o8 02 ] . Jo1] loJo[1]07 03] .. Jo2]
& .
& c}é‘ \‘QQ § wnit I; norm unit [, norm
S Y
o &S E S BLSTM
FEE L CNN encoder encoder
city_name 1 :—1—: 10 1 etc. (word vector, language model, etc.)
airport name (0 1010 1 0 r_H K—H K_H
. 141
fmm—l”c”tf”” 0,1,1.0 0 “departure city” “flights leaving New York to Shanghai”
to_location [0 1010 1 1 N 2
dny L0'0!0 0 1 - ; ; .
description of “from_city” exemplar of “from_city”
(a) F#EE (b) 15 IR (c) BXAERRIEHD]

B 7-3 AR A IRIES) B4R S0 XK AR, QERTHRE. & LARR L ARE AFAREH
&l
Figure 7-3 Three different label embeddings consisted of IOB symbol and slot vector: (a) Atomic

concept, (b) Slot description encoding and (c) Slot exemplar encoding.

4E1 0/1 715 batoms(s)) Yo HIT 10B (IARIER R, F555 50 A1 AL ] B L35
B4y 3 4ERY I0B J#m) & (one-hot vector) PLK 0/1 J&-Fm &, @nl&7-3 (a) Fizs.
VU4 yS € Vi IR ATRAAE N

LE(y") = [0(IOB(»*)); b(atoms(SLOT(y*)))] (7-12)

o LE(yS) € R¥*Waoml, HIFRZ AT RBAELEE K =3 + [Vyom| o

JRFRES A G T LORE R Rt — Rl (12, BEr#en
MR TRERZ NI, A USRS, 49— g —@E AR
TR SRR AR

7.4.2 BN HEHOR

BAMBE R E LAEEA AN T HRES AR, i deny-
to_city A LI A “not this arrival city”. X ZSH06 F01R [FFE 75 BLATIE & 5K Bk
FHIFRN ARG E L, HREIMEESWEFMESREE, REESALIE Ui
AR 25 LU AT TR W& S Z 3R B . T — L8 A0 OGE SR ) IR SCAR R ]
Ae o I — SRR I B e XCRTIRTE, IR SCA ] DL S AN [F]E SRS 2 [] 1)
KF. Kk, FATATLAMGE IR (slot description) A L EUARZE 73 A0 Ak
fiE o

AR T RS, RATFEE DT I g 2805 A 8 K 8 SR IR SO B 4
HN—ANE R R E, WE7-3(0b) Fias. iBAME X s BFISCARTIR A—A T,

@ b(atoms(SLOT(“0))) N4 0 [ & .
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KIS, desc(s) = (wy, -, wy. ) BT BISIH T =0 5 Gt BB S0 b
B AT AAAE: AT, BLSTM DA CNN B, R SCRHK UM% = Fh 4
W7 A

FAGREE: Bk, T SCHIA AR d, A R, B
W, = Win0w,)e ZRIF T SCRI I B M SO desc(s) AT 1P i

]—VS
mean(desc(s)) = unit(Ti > W) (7-13)

s 1=1

Hrdr unit(v) = ﬁ TN T SRR RN I . [ & AN 0 B T8 T+
W2 A BE T, TR A N ) RIS SORE IR AN ] 5 ) B d)E
BLSTM %wf525: Eit—20, AT AR H BLSTM X iR 1A SCA 1] 7] &=

FeAEAT ikt I F 5241 B o7 L A e e

(™, -+ hg™) < BLSTMg, (W}, -+, Wr,) (7-14)

BAVEPIATT 17 LSTM (28 1 ZI B B 5%, AR5 18 B8 SR ) 3%
z

BLSTM(desc(s)) = unit(h®* @ hdee). (7-15)

CNN #mAB&E: CNN 2 — AN ial Fp 51 I [ e 45 2 1) B2 1) LR A (30
TATHE k AL ) & 1N — AN 2R ORI BUR I RFE (FEIX BLIRATT %
k =3 NTRDFHEFFIAZN R, AL ZF m) &AL 1 5 51 9 i gk AT 4 78
(padding) - XFEFTAKIE LG, FATATLERAT B RAE P 1, JF K H SRtk
(max pooling) #&A1E [192] K5 [ HFAE P 51 % i oy [ 5 45 (AR AR IR & e, BB 2%
T SURE r) R

CNN(desc(s)) = unit(c). (7-16)

Bl ik =R R, AT LUK SRS AR e Ay — N i 40 P
Kb, AN SRS S € VO MRS RER 1 R

LE(y®) = [o(IOB(y°)); ENCODER (desc(SLOT(y*)))] (7-17)

.+ ENCODER #J P/ mean, BLSTM UL/ CNN. it LE(y) € RX, K #3045
XRMEYEE, JFiEE ENCODER(desc(SLOT(*0”))) = 0.
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concatenate

average

word emb.

[ word embedding (lookup table) ]

words  flights leaving Neuz York to Shanghai flights leaving New‘ York to Shanghai
from:_city from:_city
(@) (®)

B 7-4 APt iE XARREA B G 0 7 ik, QaEE MR = ARE T RE R 7 ik
Figure 74 Two methods to encode data exemplar of a slot, including (a) Word embeddings and (b)

Language models.

743 1B XEFRE RS

FEVZITES, A AR SR AR R (slot exemplar) 1ERHEEUFREE 7
AT RAE RSB HIR . 25 18 BE SCREFRIE 1 BT R UL A e ] e, 3R
1193 B A7 S K N h Sl PR 25 70 AT :URAE, 4 7-3(c) Fos. —AN1E Ul s 1
FRIEEREGI— A1 € = (o), -, ep0p) BARHELIOARIA 2110 (sp, ep) ALIK. Horh
€sprop WLIE s HIHUE . LLHNTE R from_city HI—MRiERES] “flights leaving
New York to Shanghai”, PAXTE (3,4) AL E 1 “New York” & & FIHUE ., FRATIXHE
I PP E SCREFR ARG EAT S 00 73, e A R 7 P S5 ) ] ) B R
BB, — S DUV e 1 B A SR IOPR 2 70 AT :URALE [193-195], 1H
EANTER S O T 2w AR (A T 2 1A AR ) BTN SRR

ETRRENTGE: BRI T TR FEH g iE mE, e =
Wo(e;), Hr W, —MaElFEHME CER LRGN Z L ZH, B
Al DL HAR TN ZR i 2D . 7 2 b X A E A e ) B SC, FRATHR A )
T R=85: WS, HAESC, WE7-4(a) Frux. X =35 1 & o 5
AR B, i Jo AL i SORE T [ B 20

emb(s) = unit(avg(eq, -+, esp_l) (45} avg(esp, e, eep) (a) avg(eep+1, e, e|e|)) (7-18)
HeY sp=1FKep=|e| WEME, HI XA G759 AERE,

ETEBSRENGA: AR T ETE, £T LSTM KX A iE 5 B A
(biLMs) [196] WIAT LA E #2457 3045 8 g 65 B K3 ) & rp o A I [ 0 5 1] )

LSTM, FHAT T BA 75 B4 A 5 K7 7/ 77 1 OB L B R 9, Ry, - T p)
(i, o), HIETACb) B, BRI R O20 A THRCNER, TRR
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' HAL T RHE - ! B2

1 b . y : | #io) Fio) Kooy Hiro) s music] Epi-music]

E = % ﬁ’-:;’;z *[Ol _é-[ol ﬁ[s-mus'd k"-mus'd : %[0} jﬂ[ﬂ] %[Brsmger] 7-'§[|—smger] m[l—singer] 9"][0] W[O]
-U]] E A e : 1B SRR {O, B-music, I-music, B-singer, I-singer} E
% ' - T

1 A1 T ARBHE : Pz 8

' 1B p-price) Epi-price) M) Rio) B | Fioy Broy Pio) Fe-typer Elp-type Fiop

E #2’;2 . : 71-5[0] Bp-price] BP[1-price] B [i-price] 94][01 §[O] o

E ...... ) : %X’Eﬁ\‘ﬁ {0, B-type, I-type, B-price, I-price}

B R _ ,

| BRI AN ET2
. E 3&% % (5-time) Bopi-times 210 Fro) Dpoy | Moy B o) B o) Hip-weathen Api-weathen Bio)
'Iﬁ \ A2 T B-weather] M p-weather) Mjo] : is-ime) Bg-tmey Fio-weatner] Fp-veathens Broy

o S : %X@ﬁ& {0, B-weather, I-weather, B-time, I-time}

B 7-5 AT VKRS 5] 6935 L AR | LA R A FE

Figure 7-5 Overview of training and testing for few-shot slot tagging

AIEFI N sp 2] ep 157 B A G 7] A4 S AR N 1 SORE 7] 2R 71 -
emb(s) = unit(avg(Uy,, -+, U,,) @ avg(U,,, -+, U,,)) (7-19)

MR L3R WAl 52, BATRT LUEAE 1 SRR AR SR SR ) ) R0
R NE A Z ARG, W EkSExT 2 D FEGIEREUN R BCr Y. BRIk, JATAT
uﬁﬁ%X@ﬁﬁﬁeﬂgmﬁﬁﬁ%%ﬁ%:

LE(y®) = [0(I0B(»*)); emb(SLOT(y*))] (7-20)

Hid LE(yS) € RX, K #2834 sURAEZESE, FHVERE emb(SLOT(¢0™)) = 0,

AR SR TR 2R 161 ) B 58 B A 2 SRS A sURAE R4 L, HoN T
TS5 FRATTLE N 5 [ 5 AH S T Sk 1) s B 15 5 L I S BURAS . 18 SUFE
FRVEREAG AR LG T BT P AP SR 30 FR RO T BN T a1, (R B Bl i
) FE B L 0 R A AR K AR

744 OHEAXEESIOHEARESD]

5 bR SCREARIEAREG] B JE A, b BB AT AR D — R IR i sk e
iR fEREARSES] (138, 139] 1, DU A AR D EIFEA GO
5, WMET-5R. T, BAUGEDHEAREIIMS, CORASTEEEE—
T 1 5B 38 iR SR A

FRATTIYTER 1 SCHE A AR AR W] UMK B IR 4 27 50 20l ) 5 AN SCHE AR 2 1]
RIVEECYE S, TR AR 2 N B R girh o £ 8 F e, H ARSI 1
SCHEERRIT LAY Dy AR UsREAT T SCER A T o
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BATEFA TR LI EN U = (0, ySONY], it N MR 1 397E 5
FESERAT k AREBIUBERRN N-way k-shot 35 [139]. 76 H ARSI |, 04 &K
FRIERERS (IS, support set) SERRRATALE N, 1A HANHER . 7RI E5t
FTFUIZRIR G, FRATAT LA o SRR b B bR B R, S e

7441 DFEARSHERERINRZE AT AR TR

5 RIREE =Hh 1B SUREFRIEREG) ANFELZARE T, FRATTRE R FH R 1 i i 25 5o
M) RS EFEAR AT i hS, TEEIR FOFX A g . A0 A T es A
E, XTHNETFH x, Bk x| KFEFRREEFY] (R E(x). A5 4
#% E 7 L2 AT A 20 BLSTM &) F4afidds, Wl LU e R o gy (b
40 BERT IX K P 2kl 5 R i), WR E JYRTSCHI BLSTM )i, %
ANFFFIRER i AN FEE AR R RN E(x); = h;.

i R R R R 2 TAE SR WS HESE U 3R AR5 70 A 3R
fiE, LLAnPULHEC M 2% (matching network) [139], JEZY %% (prototypical network) [145]
LA J% TapNet [147]. FATUASEBLLE M5, 5@ SUIE SRR yS bR A sURAE
Y & S PR bR A6 I R A st ] ) B 0 . (RIS

¥ =LEGS) = = 3 Y1059 = ySLERD), (7-21)

(0]
H _ vVl 1]
Hrp NyS Zj=1 =1

1{y*Y = S} R R RN yS TS

7.4.42 FET I EREEEE ) “Ia-br2s AL E

TEDREATE T, i SCA S T-1 DA BRAE (it 4340 TS (LR A\ )
T MR T 4 S . T, BATIEH ¢ AN [ 2 BAE L 2, 0
BT 24 R AT 3 — M SURTRR S S e Vg BN

[Zi)ay) = fim(E();:¥2) (7-22)

Y, SEVE SRRy A NRAE, fmC, ) AABBLE RS CHansg e A :7-11H
BRI R SREED . TR, B y) M BASEEOE SO T —A “1a-br
2 MRS, BRAE R SUE ERIA R E(x), AR AL y? 1AL
THEL AR B TR A M TR (146, 147, 197] R 2R EL [139].
RRF7EE B [145] 55
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AR SR PRATTHE S /iy SO AR 2 73 A FARAL S S [ B A A e B s e R, R

KEAEDFEAR SRR A R LR IR RAE E(x), TEFRZE AT A URAE y? L1142
ANEE ¢
s T _Yk
fsim(E(x)i’ yk) = E(x)[ S (7-23)
IS
k€ (1,2, -, V1) o BT BB R SR, %0700 DI BRFR 2 i R

tag
fiE y? FIEECR/NIIEI . Han—RiRm i T,y VS AR 3 A BL ke s A AR
RN, XIRATRES G IR Z R BHYE (false positive) 45ik. [FAFE, N T HE—H%
MRS R AL AT RE, AR bR AT SRAL y, VB — BN BME (I
BHID:

S
y 1
Fam( B 3) = B o = 5 I (7-24)
Yi

BIIA [ & E(x); TEARS A S NRAE y? LIS K AU y? 19— R
FEA RS BN IE AL o i B I — RS R b2 e IR, X —%Ilyfll i
T IARRZE 53 A0 TERAE I K B A S B0 ME 2 b o LR, FRATISE A ] 1) 1) 9
B FE AR M A A PR e 1, 1] e K R R R 2 Bt 1] [ o A A i 144
AR T e 4E BT OR (R ) A AN [R) 4 BEAE 2 TR ) 7 22738 K0, [R) Bethin] ) =K
ek A 1S 1] 1) AT X 2 MR K
V3— 1L MR BY RO RERE  FRATINT AR 34T 1 — AR R B PR R R, B
T R E B R S AR AL R AR A ] DLEEA TN R AR AR 2 ] — AN R
KIS BAME IR A NXE S HLHRB ) LRIR:
fim(E®),y2) = Ex)[w, + b, (7-25)

Horfw, = ﬁ IR b = —LllySlle SURLE R LB R R, SRR TR
RBERZALRE S, B w,]| = 1.

75 IWESH
AN EAMRIRAALIE I 5B, CAS T FR2 55 A R AE (118 SCHE AR
AUk S S A SR 5 T
751 THRHIESEE
7511 HEsE
AR EFAE LN AR AT 7 A 1 I B S
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% 7-3 AlCar #= SNIPS %48 % 89 41t 12 &
Table 7-3 Dataset statistics of AICar and SNIPS.

| siRE | S | #UIBE #URE | EUERE FETHANE EUEMATHKE |

Map 12000 20661 30 16 4.3

AlCar | Weather 10150 7236 36 20 34
Flight 1500 4407 22 18 4.0

We 2000 100 10 - 1.6

Mu 2000 100 10 - 1.1

Pl 1942 100 6 - 1.5

SNIPS Bo 1956 100 8 - 24
Se 1959 100 8 - 2.1

Re 1973 100 15 - 1.6

Cr 1954 100 3 - 1.8

o AICar: ATCar B8 & 4238 B XS KRG UCEER 7 B 22, a4
HUT S P . BRI & =0 B ST (MAP), RS
iR (WEATHER) AIFPEE ) (FLIGHT) . X =AMz 7]l FXEEE
[PIVE SRR, (HRAERE SRS [ E A5 B R,  bhanth B S0 B A 5
XHE starting_point, KRAMREAR city_name DLLFIHEE R SHHA
departure_city.

e SNIPS: SNIPS [180] j& — AT RS BITE L RERE S, ERMEEEM
FRH P PAREREARER BRE S s . 2BREC S 7 0L &
REANUECE KL 2000 A)TE NSRS R RS (We), &SRS (Mw),
WIHIFR (PO, HEESUR (Bo), HRRIEHM (Se), &I (Re) PLEIH
ROAEEMPISEE (Co.

PN B £E 1 BAR ST HE B R 7-3 7, HoA SNIPS & S SCHHR £E , T AlCar

SEHOCHIRAE . O T B R SO TR R R [167], FRATT BB T LN it
ATV SURE bR AR .

7.5.1.2 HEFTETHA . 15 SRR ANE SCRARE RG] 1 S B B

U HIRIRENAIAREE DA IVARAE : A F IR 1 =R U 56 1R LLR AT B
TR A RAE M 5%, 2 2 B WE . V8 SOR R AT SCREFR i FE 451 o
® T3 R A 1Ok TR TS R ANE SR R A AP KR Seit . TR
TS, FATESUEIT RN ks AICar (TR SR 7>y 1 /NI e, B inis X
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F deny-starting_point #4 A~ “deny”, “from_location” DL “poi_name”.
X 18 RS SCARREA, AT S T8 R AR (— 8L HEEE ,
FRARAE 5 2R 5250 Hr T E T AS TR SO R R 8 R AR VERE 2 mm o Ll SRl
deny-starting_point A U N “ARIXA A 25 10 T35 S PRI
FEG, FRATTRA T NS v] LAy il () BT FEA

MEBSHSNEGECE . FRAT AR B SE R 1 JLT- 56 440 [F] 1 9 25 88 2
BSNARE . FATRH T HZE BLSTM {E A FaiS4E, LSTM F2JZ K/NA 200,
B 7 BN Gl ram ) f Ry, HoA 2 S E DL [—0.2,0.2] Z [BI¥1345 50 AT Bl AL
WG . BATKIA KA Adam [160] fE NI, B SJFN 0.001. TEIIZEY
B, AEEINZ 2 1815 & 0.5 B Dropout 3. XtHrH AlCar i) MAP A1 WEATHER 40
AL E IR IR KN N 20, FLIGHT FHEACER LR KN R 5, SNIPS idi S 4t
AEFEHER K /NA 100 B S RE BB BT IE N 5, RIRTFRATRA 1, Va2
th (RECN le-6) KRt A . BRATEINGE LIZ 50 5, FRAFAERIEE L
PEREFRIL B SR F, 1840 O SRl R S8, B AT R 25 12 S 407 IR
£ F B M F, 1555

PILESN R « FRATTR FH TI0UI Z50m] ) 55 P 2% () N 2 JEAT W46 4k X T AlCar,
BATHE SO AR EFRNGE T — AT A LSTM WU 38 G i 4
FE24 2000 o X SNIPS, FATEHE KA T %3 ELMo [196] TR ZRA A1 5 A5
O R [ R Gl B4R 1024),

BN HERREREGIADSRED B . 1 1 TR 25 37 ) B AN XA V8 = AR AL IR £ v 3
B XERREREG] ) gmAS FTH, CASRIU AR 2 7 A R AE « S T WM ERIT4Y, 78
AR P ERATE R 2 8 SRR B It es, AT BB RIk, fERHOESK
56 FLE SCHR AR (1) M e 2 7 EE AR T T R s S AR .

SEMKI . RATRH T McNemar's test 7K1 H — A7 ExHE A — A5
ERg R EE (p <0.05),

T BENHIBIEIRE: v 7RI AR T H 7 AR Sk 5 & M AE T N A
RO BATTRE A DB R B 1R AT B & B ) AT T B R o 7E AlCar H, BATIIE
AR B — AN E S B ARk, g SR AME IR . S48 TR E bR
U O RR B I, BRATREHLIEE B AR USRI G EAE (1%, 2.5%, 5%,
10%, 20%, 40%, 60%, 80%} [IAEAANE N SLPRIZREE . BRI R #4032 i
T+, TIPTS5 . SRS, BRATRE BRI EdE 1 4:1 (L

© B XHE F, 1591 H A Mhttps://www.clips.uantwerpen.be/conl12000/chunking/output.html
@ https://dumps.wikimedia.org/zhwiki/latest
®  https://github.com/allenai/allennlp/blob/master/tutorials/how_to/elmo.md
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i N e S T

BIBEHLRI S D ZRE R I EE . T SNIPS [1-LANIUR, BATHAGIHRIERE I F—A
QA9 B i, i H AR AR R

7.5.1.3 DRSNS E

OHARZIWBHRIRE: N7 TEN A EREE, ATESRA 7 Hou
% [146] A1 SNIPS Fil NER B4 (1 /NEEA BB ¥4y O 2808 %1410 454
Ak R B 2 20N episode T30 [139], BIEEA episode #RELFE— NS ##4E (1-shot
0¥ 5-shot) F—HEH T IR PEIF S ARIEFREA . SNIPS % 4 A il L4
A2EEE T o 1 NER U2 pH DY AN A [ Sk 16 iy 44 S iU B s 2 4 & m e, 4393l
J&: CoNLL-2003 CHria4¥iis, News) [198], GUM (4% i RlAiK, Wiki) [199],
WNUT-2017 C#EAZ @RS, Social) [200] LA A OntoNotes (VE-&40E, Mixed)
[201]. B2 (8RR 407578 2 18 Hou %5 [146] 1 TAE.

%7 SNIPS F1 NER, FRAI1Z:M8 Hou &5 [146] B0, L rp— Nk
PRI H ARSI, 53 A —AME AR 36 4 10 L A% B U I A R A0 . VP
IR IR FRAT T B FR AR I BEAS episode BN I T SRR N R AE T (A8
F, 159, SABNVKITE episode L1 Fy 43707 ¥)o X TR SERHA T #RAE H
ARRMBEILFD T P47 TR, HH RS ST 772

MEBSHSNGRE: E5 T ORI A LI, JATRH Tl
2511 9: 3 BERT-base-uncased [102] /E 4 BN 3CiF [m = FE A E. AHOCHIH[H]
FERH Adam [160] RALZR VISR, FREH T 1e-5 M%) R . LA — ALk
A episode [{IELHE . N T % BERT B2 S E0 T8N —2%, BRATRA 7 hE
RIS CGERZEHN 0.9), B BERT 55 1 S %K 1e-5 % 0.94D,
Hr L %8 BERT B K Z 5. 15T CRF B8 iR bR e 280, BATE
AT RN, FRERXE S HMETFN le-3.

752 [FEFHE. B NERERLURE X AERRE S
7521 HLRG
A TEE I 7 R 5 A AR o0 A sURAE % 48 BLSTM B, DL K
FTREA 2 S BT i3 AT 5T B
e Original BLSTM: A% W21 BLSTM LK — AN ktE#i )2 (CRF 2
AT R ATE SCREPRICREE AL . X RME R B AU E RN, bR

@  https://atmahou.github.io/attachments/ACL2020data.zip
@  BENUFR2E 7 W S htps://www.random.org
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oy A ARAMEAR G T2 —/Ml#km & (one-hot vector )

e Concept Tagger (CT) [131]: 1% 5K H 15 XFEHHR A, IR
AN TR iS E] 7 BLSTM A (AR B2 BLSTMD. {H2, %
T3 EAE N SR AN TR B 55 B A — AN SURE 43 ) FRuE AT — Y, THEAR
iR S BeAh, X PP RAREE 5 1E s SR A X 4 11

e Zero-shot Adaptive Transfer (ZAT) [132]: %5 iENE T Bk CT Xk e
AR NA)F gD aE Ry, KA TR APUE], T CT M2 B e il S
A [ ) & AT AR NS PR A

7522 FELGER

KTAEIR THE AlCar RS (=AMUED  ERSUSOT %508,  Hod &40
SRRy BARSUIE, TR AR AN ST e . FRATTAE H AR U AN R I
HHEE N 1% 2] 100% FIELED XA L RGANAR BRI ET 5 S
(atomic concept). & X AR Cslot description). & XAEFRIEFER] (slot exemplar)
(IR o3 A ERAE T EAT T H . IR A S R BATTAT LA I -

o MNEREARZINILL RS (CT M ZAT) #n LA R 461 BLSTM 57

(Original BLSTM) FILFIFE L, KEONBENTHRAI 715 CRERIA SCA . SR,
KA TR SRS @R, AFAETHEEI AR fs DL R 51 s
SRR 73 B 1) B 25 [ i

o [HE H AR I 2R 8 S 3G 0, B J7k iR U8 F, 150 #kE 2 Tt
Ao X ULE H ARSI R B Z , USRS 1 ROR B AR Rk .

o TEFTA AN HIRSUIRIN B E T, AT H 0 E TAR%5 70 A 2R AE K
T SRR BT VRS AT VB SR P A R, O HAEA R ZHUE LT
L AR T B I I R R G

o WIFHITTEA T R AE IR TR S AIE SURE R R P 2 [A] . AH EGAE SCRE BRI
%, BIPE SIN T B 2 AU, RORE SUREPRERER] A7 AL T 25
Hierh. HEMEQL, FEARZSENENT, HT1E X ERERES] PR
I3 A SR 2 7] ATh MR 2 7 155

T4k, FATAE SNIPS H#a5 BT 7 OUBIT R SLEs . FRATFFER SNIPS
o7 AN — Ay B AR, T AR TR e e . 7E B AR ST FRATT B
BLIZHEL 50 AN YIZRFEA T8 BB AL I i B8 . PEFR I, s qRATH 7 4
SCESAE H ARSI E S U By 155073, ARWMERT-S5HR. WNERKE, Al
MTEESIR T RE RS, I HIE T8 SRR 775 BUS T s T ge .
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& T4 f AlCar #4565k Lo ABRE A R AMNEE T BAFTUAE T F I AR E a0
SRR, VAR HCT AT RAF 05 U F, 13
Table 7-4 Slot F, scores on AICar dataset with three domains. The results in bold black are the best

F, scores.
BiR |
U sy 25% 5% 10% 20% 40% 60% 80% 100%
i)
Original BLSTM 60.24 72.67 82.63 87.94 90.99 9292 9361 94.79
CT 62.23 7520 8279 87.58 91.28 92.88 94.02 94.80
ZAT 63.74 73779 82.10 87.39 91.33 9240 93.65 94.62
o atomic concept 66.57 7720 84.74 89.27 92.04 9376 94.81 95.78
3 slot desc. (BLSTM) 67.26 77.11 84.83 88.68 92.02 93.81 9456 95.65
slot desc. (CNN) 67.41 77.88 84.85 88.79 91.86 93.77 9441 9531
slot desc. (mean) 70.12 79.95 85.92 89.37 9248 9390 94.67 9547
slot exemplar (BiLM) | 66.17 76.74 84.45 88.80 9191 93.61 9442 95.72
Original BLSTM 39.35 4923 6240 7296 80.57 84.13 86.50 88.60
CT 4546 5226 62.67 7339 8142 84.85 8696 87.85
ZAT 47.03 54.10 6528 73.60 80.60 84.19 86.75 88.61
o atomic concept 48.38 56.51 6739 75.67 8248 8508 87.35 88.79
% slot desc. (BLSTM) 4741 56.67 66.84 7572 82770 85.89 88.23 89.43
= slot desc. (CNN) 46.47 5473 6741 7585 8274 8537 87.86 89.44
slot desc. (mean) 48.32 5571 66.54 76.06 8247 8556 87.90 89.42
slot exemplar (BiLM) | 44.28 5241 64.50 74.61 81.62 84.75 87.56 88.00
Original BLSTM 65.84 7322 80.68 87.58 9226 94.14 9492 95.26
CT 71.01 7536 81.40 87.74 9232 93.84 9497 95.74
ZAT 70.44 7480 82.03 87.81 9237 9393 9477 95.34
het atomic concept 72774 7858 8342 88.76 9279 9399 95.02 95.27
f—? slot desc. (BLSTM) 7593 7993 8549 89.96 9294 9499 9533 9547
- slot desc. (CNN) 73.15 7845 84.92 89.58 93.17 94.69 9541 95.83
slot desc. (mean) 76.02 80.77 85.79 90.33 9333 9460 9529 95.76
slot exemplar (BiLM) | 72.96 77.85 8293 88.66 92.92 9439 95.17 95.98

7.52.3 SZEGA AT

FHAFISH: BT IURFHRIKE R A RAEE S T A FIE X2
BRI 2R, AITTAEAS TG 22 H b QU R B RS DL T, T hn28 o0 A 2R AE 1R
SCER i A2 AT v] g E sz AL H ARSI o IR AR SEIEA S AR ZR A 11
DLBION TREAR 2] o JATAE AlCar LI 1 AHSCSESS:, K =M ——1E N H
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4 7-5 SNIPS # 45 LayAUAIEAS K I b BARARAAL A 50 4S9 ZRAF A B T LA 0A
Table 7-5 Slot F, scores on SNIPS test set in the setting of domain adaptation with only 50

instances of each target intent for fine-tuning.

Vb | ST, 85 |
Original BLSTM 85.63
CT 83.79
ZAT 86.10
slot description (BLSTM) 86.94
slot description (CNN) 86.99
slot description (mean) 86.57
slot exemplar (BiLMs) 87.33

% 7-6 f& AlCar 4% L3t RAFAF 3] (B B ARATUS R D R AE) 89 047
Table 7-6 Zero-shot learning on the AICar dataset.

| B FHORATE | ST F, 55 |

Original BLSTM 7.6ms 0

CT 101.2ms 2.42
ZAT 134.7ms 5.89
atomic concept 8.0ms 26.20
slot description (BLSTM) || 10.6ms 3.55
slot description (CNN) 9.3ms 6.64
slot description (mean) 8.4ms 8.17
slot exemplar (BiLMs) 7. 7Tms 0

PR, FF 8 E s =AY B ARSI EE X F 19703, tnRT-6fm. WE5iRH
BATPT LRI, TR k& v DU S i B R AR 2 SIS T S I RE K- RN R
T AN e SR RN, AH OG5 0] DLAL& s —ASHT S SR . H2
BTV SURE SCA IR 1 77 MO T4 25 o0 An R AE G b5 25 1 2402 >, Gz AL
Re U954k T2 T35 SUREARVERE I I 7 VA1 58 AR B AR Sissil 2- i (R
PRIEFEGIE LR TSI T kIR

AEVFERTTESER . JAE AlCar F¥ade XS AN F BT AR,
B[ BN VR AE B 54 “GeForce GTX 1080 Ti” F i AP ZRist ] . 4H 2%
SR mET-6N, AT LUKIUE ML BT CT Al ZAT FE4 R GiAH L
HARTTEAR R FERS (A7 iy R3S E 51 UREEE OB %),

23k WT-6fE/R T ARIJTEAE BARSUEON FLIGHT (AlCar #i#E4) H IR
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95 -
= 90
S 4 —— Original BLSTM
o —d— CT
o 85
2 —h— ZAT
— == atomic concept
- o
=+-- slot description
=e - slot exemplar
75
70

data iteration

B 7-6 FREARR B & 7k B ARARSR IR S L eg a9 ) R, ISR R0 B ARSI
FLIGHT E 100% &) 9 243 4845 A T4 B A0A
Figure 7-6 Learning curves of the baselines and our methods when FLIGHT is the target domain
and 100% training data is used for fine-tuning. It shows performances on the validation set at

different data iterations.

B 100% N ZRBm it f2E ST 2k . 1% BEBoR 135 UM By 195078 B bRAis e i 4 -
bEE IR B, AT LA BIFRAT 7V LR 2R R A AR ISR . e
HAS—RINGER G, BROTIERMERES KRBT ITANEL RS

AEIE M BRI : 15 RS IR SCAR I T B ARG 5 AR AL
K, BHAREFEEE. JCHEA R L K EE RN A E R SR
ERHZ2/PPZEN. NTIRAAFRE FERMER SRR, HATEE T 167
HEEZ 5 AlCar AR L R, FPERIEB A BT FLIGHT ST
BEE SRS ) — BOH VGBS 1) SCARIR « MRS 45 BRINR 7T~ . &, Fifs
NEh HE SRR P K EAE 6.2 3] 7.7 M2 [0 5L BLSTM il A4
ik gmtdas, FEHLL FLIGHT N H PR LKL IR 10% I 2508 T B A5
P, HARSURIIE S F, 13715 84.66% $1] 86.43% 2 IA] o 1X 15 BHAS [F] 1 SCRE#iA
SCARXFBRATHI LR FEA KK

BRI GIBERNEN: REIRATAT LA B ARSI AT 125
VERE SCREFRIERER], (B T IR EAR Y, JRATTE B R R R AE AR 5]
2 0 e 245U B & NP RE GRS . 7T RO 1B SURERE (91 BB R B s A
(FLIGHT) VEREMIAHICEE SR WA TAME A B AR S0k i I SR80t AT R B i
R 2k 2 15 SURERRVEREG 20 R B AR . (B2, W BRI A R 2 114k
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& 7-7 TEE AL LA AR B 1€ 5 89 M AL RS vh . 3% 57 32 R “slot description (BLSTM)”
7k e FLIGHT BARAURER A 10% D 4RI A oA e 22 R .
Table 7-7 Performances of the “slot description (BLSTM)” method with varied slot descriptions on
FLIGHT. FLIGHT is the target domain, and its 10% training data is used for fine-tuning.

EMHERRTKE | 400i) | 77 | 74 | 70 | 64 | 62 |

| Slot F, | 8549 | 8584 | 84.66 | 85.80 | 8643 | 85.08 |

90 &
ASO' —A - w/o finetune
§70- —— 10%
L —— 40%
§ 60 —— 100%
S ’/A

401 B il

301 -

4
20K : , : : : : :
1 2 3 4 5 6 7 8 9 10

number of exemplars for each slot
B 7-7 & L ARARIEAED) 692 ATANIR B R AR RS v, 1% R 38 “slot exemplar (BiLMs)”
75 kA& FLIGHT HAR4R3%_EK A {none, 10%,40%, 100%} I % & 46 3 T2 R oA a9 28 %
Figure 7-7 Performances of the “slot exemplar (BiLMs)” method when FLIGHT is the target

domain and {none, 10%, 40%, 100%} training data is used for fine-tuning. The number of exemplars

for each slot ranges from 1 to 10.
el vl BT R RO 15, 15 SOREARIERE B O BCR RS AN E T

7.53 ETFAUHEKRZEIESUEIE X IRHE
753.1 RLRSG

AR B 7 S W R R R A AT L

e SimBERT: Xf T4 A\ FH AN x,, SimBERT MRk 3] 52
AR x), I X IR AN LS x; o WARALRE T 52 56 T BERT 14
A ARTZEE BT, Hi% BERT FEAY R [ 5 A 5B 1 .

e TransferBERT: X T&AM4ids, FRAIHTEIL =) BERT #2484 Fin b —AmT
IR LM o B8 FVETE SURIAR S T . 5 B AR, %90 888 AR 10 4%
B FHAT IR .
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O B-time B-weather I-time I-weather

O B dB sl d 06 04 04 0 0o |0
0] 06 04 0 \ 03 01 01 05 0 | B-time
03 01 0l 05 0 | —> | g3 01 01 0 05 | Bweather
tlos o1 o1 02 o | PP T 0a o | Liime
Collapsed Label Transition T 06 0.1 0.1 0 0.2 | I-weather

Expanded Label Transition T

B 7-8 7T &RARM LA IH 69— AT GZE 5] A Hou 5 49 T4F [146])
Figure 7-8 An example of collapsed label dependency transfer (this figure is from Hou ez al. [146])

o L-WPZ+CDT+PWE: WPZ & —Fl/DFEARFFHIFRAEA [144], BERFF
PRVER AN K15 . Zkit—25 BERT. £ TSkt
# ML) (Collapsed Dependency Transfer, CDT) ) CRF A&7 DL & % 1] ik
ABLH] (Pair-Wise Embedding, PWE) [146] 454 .
o L-TapNet+CDT+PWE: 2 Fi % = P f8 /K 1 B 2> K 418 R Frid 77
% [146], 1%J7i%%E T TapNet [147] - [AFE4E & BERT. CDT LA K PWE.
CRF HE R o (R R RS AT 3 AR I 1 AH IS 214 H AR 25 1) () I R ok 22, HAA
RIATA TR B2 #AA — AT L= I IR E S8 T AN [F] s 2 T8 1)
T SURERR AR AR, FrUIOR 7L A A S B e R R, AR A
T BHAHIEFEHLE] (Collapsed Dependency Transfer, CDT) [146]. 41K 7-8F17x,
CDT U AR AR bR 25 2 1138 P« bR 9% B BEAT 8, BV oh 22 S O AE R T
RN LI ZIAR A DL O 362 B 80 1Tk, BEHHIX KR 210 i 1 AR 25 72
—A 0. BAEMEKB (sB)s ANFEKIB (dB). FHEAMT (sDv AFEKT (D
N T ARUESERG Tt R EESI M T Hou 55 [146] 7EAH R R X 4> A
A R TR S R

7532 FHE4L

FKT-8HKT-9fE R T SNIPS F1 NER #(#i4E LHI/DFEA (1-shot F1 5-shot) i
SCHEFRICYERE . FRATITTEETT DL BT A L RS, W35 s tEREK
PRI A, ZRTERIFI 5 “L-TapNet+CDT+PWE” 3 44 i Al e 1) 1] ik
ABLE, BRSO ) A — S SO A AR IR PHE E IR N5 26 0) T 4nidds (SLE6
2 BERT) . i@ id %t b “L-TapNet+CDT+PWE” l “L-TapNet+CDT+VP”,
BATAT AR IUA T2 ) R 5 (VP) BH SR AT DASRAS 5 47 i PE Rt A b PWE
HHESEMTHE R b, 28025 R R E A 4% (ProtoNet) #H L TapNet 23 55
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& 7-8 TR VA AF ) Jr ik & SNIPS 48 L6935 AR F, 4847 (x AR &A1 7 %)
Table 7-8 F, scores on few-shot slot tagging of SNIPS.

Model We Mu Pl Bo Se Re Cr Avg.

SimBERT 36.10 37.08 35.11 68.09 41.61 42.82 2391 40.67
TransferBERT 55.82 38.01 4565 31.63 2196 41.79 38.53 39.06
L-WPZ+CDT+PWE 71.23 4738 59.57 8198 69.83 66.52 62.84 65.62

E L-TapNet+CDT+PWE  71.53 60.56 66.27 84.54 76.27 70.79 62.89 70.41
3 L-TapNet+CDT+VP * 71.65 61.73 6397 8334 7400 7191 71.02 71.09
ProtoNet+CDT+VP * 73.56 58.40 68.93 8232 79.69 7340 70.25 7237
ProtoNet+CDT+VPB *  72.65 57.35 68.72 81.92 74.68 7248 70.04 71.12
L-ProtoNet+CDT+VPB * 73.12 57.86 69.01 82.49 75.11 7334 7046 71.63
SimBERT 5346 54.13 4281 7554 57.10 5530 3238 52.96
TransferBERT 59.41 42.00 46.07 20.74 2820 67.75 58.61 46.11
L-WPZ+CDT+PWE 74.68 56.73 5220 78.79 80.61 69.59 67.46 68.58

E L-TapNet+CDT+PWE  71.64 67.16 75.88 84.38 82.58 70.05 73.41 75.01
h L-TapNet+CDT+VP * 78.25 6779 70.66 86.17 7580 78.51 7593 76.16

ProtoNet+CDT+VP * 79.88 67.77 78.08 87.68 86.59 7995 7561 79.37
ProtoNet+CDT+VPB * 8291 69.23 80.85 90.69 86.38 81.20 76.75 81.14
L-ProtoNet+CDT+VPB * 8293 69.62 80.86 91.19 86.58 81.97 76.02 81.31

I8, qn R IRATI 4R B2 R F A28 70 A ERAE VG EUY) — AR v im B T E (VPB),
7t 5-shot (RIAEEANE UAEFR AR L P 2/ I 5 70O B T L2 AH
PRAIIE IS A By 4550« FRATIE IR BN 5-shot 15 1 N ARG 2 > SR
A, M 1-shot TE R 5 5| KARFHMERE R . e G0 R 45 6 38 108 SURESCARH
B BIFRAEAAT ERAE CRIAE P PR 2850 A sURAE AR AE N AT, ProtoNet 452543 41 2
RAEAUE N 0.9), FARVEREIL T IA 4RI $EH (B L-ProtoNet+CDT+VPB).

7.53.3 SZIGHT

AE) GR-FRE ARILE RBAIXTEL . OCT “I)-Fr28 MALEE BRI £ (X, )5 TR
AT T — LX) LS R FRATEE H 5 T ) R AR R S (0 7 VA L e T RE 1Y)
BRI BT T X R, A HE AR (xXTe), RN AR AR A R
W0, REEE oot BRI (—Hix— el WEIETF il
G T (AxTe) [197]. fERT-10L /45 SRR HIRA T 51k AT DS 35 M bk R L

CHTTE. AR, BATTH A IR J7 B 1 AT AFE 5-shot 15 1E T HUAGIE AR B2
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% 7-9 TRV AERF 5] 7 ik £ NER #4% L 95 AR F) #54r (x AR &MY 7 %)
Table 7-9 F, scores on few-shot slot tagging of NER.

Model News Wiki Social Mixed Avg.
SimBERT 19.22 691 5.18 13.99 11.32
TransferBERT 475  0.57 2.71 3.46 2.87

L-TapNet+CDT+PWE 4430 12.04 20.80 15.17 23.08
1-shot L-TapNet+CDT+VP * 4473 891 30.61 2939 28.41
ProtoNet+CDT+VP * 44.82 1132 2696 2991 28.25
ProtoNet+CDT+VPB * 4250 10.78 27.17 32.06 28.13
L-ProtoNet+CDT+VPB * 4347 1095 2843 33.14 29.00

SimBERT 32.01 10.63 820 21.14 18.00
TransferBERT 1536 3.62 11.08 3549 16.39
L-TapNet+CDT+PWE  45.35 11.65 2330 2095 25.31
5-shot L-TapNet+CDT+VP * 5043 841 2993 3759 31.59
ProtoNet+CDT+VP * 54.82 1630 2743 3338 32098
ProtoNet+CDT+VPB * 5742 19.48 35.06 4445 39.10
L-ProtoNet+CDT+VPB * 56.30 18.57 35.42 4471 38.75

Ko AT ICREAT 34T, FRRE R 5 B 2 sd% R T
[ ST S N § To_ LTy To_ LT ~
2||x cl|” = e X+X c—=-CCEX € ch (7-26)

Hor —xTx W FREAMBREHE—FER, T LA . SRR A ML 2eTe
PR — A~ BIEL th m] LAZR A BB P A %

REGERSCIY : N 1 o WA R AL Rl o (AT 28, FRATTIEAT 17 ARG it
KU, ARWRT-11F. Hoe, BATAT UKL, 318 SO SO F R AR SE 70
AT RN B S ERERI DTk AR H D, FF AR . HK, 2T CDT 9 CRF #irth
JERHE R e 8 PR REFC I AR TR, XU 1 4 HH AR & X IR e OB 200 TR AR
FOEARE RN fJa, WERIAIAEH SRS CRIAUR IS SORESCAR ) (1)
i, AR ZE, BROVSEERMRSIERIR (I ERhsESdE) 2
wHEEFN.

AEXERMERIFRINER : £ LIRIATRM 7SR MRHOLT, Huis
AR R S VAR IZ SO S T ORI . R AR ZHN DA A I fE T4
P A U N E AR, RO REAT OR AT AN R B AR U AT S Mo &
Ao AP RERORIIEE, BT AR e? £7-128R T 3K
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Table 7-10 Comparison among different similarity functions. Results are average F1-scores of all

domains.

SNIPS NER
Sim (. ) 1-shot 5-shot 1-shot 5-shot
X 7237 7937 2825 32.98
xSl 7112 8L14 2813 39.10
x'c 5792 6503 17.10 1991
ﬁgﬁc 63.87 71.16 1672 23.65
ﬂﬁ 3402 3921 1040 12.26
AxTe 4891 68.11 599  21.05

—sllx—cl® 6691 7972 20.04 34.04

& 7-11 BAVE BRI, AR RRAABFHF, F5

Table 7-11 Ablation study. Results are average F1-scores of all domains.

SNIPS NER
Method
1-shot 5-shot 1-shot 5-shot
L-ProtoNet+CDT+VPB 71.63 81.31 29.00 38.75
(-) w/o slot description 71.12  81.14 28.13  39.10

(-) w/o CDT based CRF 64.30 7551 2429 33.59
(-) w/ only slot description 38.32 37.86 17.96 14.23

fi1_EiR “ProtoNet+CDT+VP” J7VETE H AR AT 1) 30 44 b 4k s iion CRcr, H
HR AR I 2R C B AR YR AT B i TN 2o — 3. ATk T8 RAS B i I Zrfe
Bt re 24k, I I H PR 0E AT P R A BB R RE IR T, JFBEE TR
PE RIS R MRt 202038 N . ROAAE H ARSI SR BRI ZhE B T %
A Hh X AN FE RBP4 R AR ) &, 3t — DR TR RE .

7.6 RENG

BT R RARAT 55 M 2 P (1) TURAE A% I R, A E 7 7E e 8 Y A 4. (Y4
O BIBIE R AR CHERUED RO SCERARARAL . R4 3E N T, FRAT
PE T — AL T AR AT SRAE TS SCPEARARY, ok 1 R AN [ Qs 2 [ B 25
A3 ES R & E R FAVEARZE A ARSI T2

O FEFEBXNTAFM episode BAMNIFMSHELE, & episode LEMI T 7 ZINER FAE R TN SR
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% 7-12 U RELEMAEA (“ProtoNet+CDT+VP?) & X5 EROARY AL R (AT
B E, B
Table 7-12 Fine-tuning few-shot based slot tagger on support sets of target domains. Results are

averaged F,-scores of all domains.

SNIPS NER

Fine-tune step
1-shot 5-shot 1-shot 5-shot

0 72.37 7937 2825 3298
1 73.47 8091 29.16 34.77
3 7492 8298 30.76 37.49
5 7548 8397 3193 39.29
10 75772 84.87 33.41 42.03

FhACIR AR RS B SUREREIA . 18 R FRIEREG] . DRI, JRiEH
FH R AR 25504 SR AE I A X 25 o 7E e SCHE A (AICar AT SNIPS) _E #4538 H
&N SRR, ZITVEAE H R R A B R I T T A b DU () 45 i
RiJTEA R Aok, BATCUDEERZ SIPATIAN R, NIRRT —
Fh T [ AR IR AHALRE THER 77 . fETR CREIH 78 SNIPS £ 45 2 A i
24 SR NER B 45 F, FATTI 77548 b DU /D REAR 22 2] 7 iR 35 U 1 s
AR I PERESE T .
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BNE BREERE

TEOESS B B IR R GU i) — D EEE,  CHEEER S 2 A TEF IR 45
RIS ML R SUE BRI AL 5 SR 1 P TSR . A BRI
AGPECERNE RE GEFIRAD 5 CHIRRED MM, DB
IEAERTFUS A A S 32 2] 1 ORI 1) 5t . RS, BRATEEXT SR A P
RSB PHE PR IRR T — RPIEB L 1) H HE R BT B A E
P, AT g RS VHER TS PR R G ? 20 AnT Aok S BRI 0 T BRI 40 s ok
R ? 30 LE R MIABAE S5 i, i o) P SR e s P S0 7465 By ) e s g 1 30
EARGIEE? IR =ASEER BT T — RIS IR .

8.1 T{ER%E

AR SCH G5 B I TE B T I = M2k 0 3542 X b a3 N R #8
AT A9 BB A 35 A e 14, BEAT T BUR RIS A

FEBE =B o, AT T VR A S5 SR AN 8 P 2 65 [, S SCOREAT 55 AL 1 SCHE A
SN A AR T 2 R AL R L, 3R T Al U AL T Transformer
HIANEA E VES 0D T 100 2T 1A VR I X 2% 1) PRI 8 A, ) P 232 I 2 F)
B2 AT T R0 S SRR A B R LS AN E R BEA RN . AR
5 B AR HE B2 DSTC-2 _ERSEInR I, BATRIT ik b AR T h s 22 )
LR JT A B TR T, RIS T T s I EREK T

FESE YRR, BEX AR 5 TR 45 R LRl 0) 55 2T ORI e A 1), A SCH
TR A 5 2 AR 5 O AR HE TR B2 . FRATTRA T —Hh
ST RN AR AR 2 68 73, AR USRS PR SR AL A1 S I0T, A 3] 7 1) B B
A HRALLRE XS <RE (B B 60 3 i & SO B R AT Al 1R a2k, JRATAIH
AR o) (AR TR TR SCHEHE 5 T 45 & SRS B E (1 s Al 2 2] SRR 4
SO [ 2 R0 45 R B P SRR B . 7E H TR OK ) 30 EE ERE A TR
5 CATSLU EfSEiR M, 2k AR B IR 45 % 11 SCER ARG EAH EE DA Dy
ARG T BEVERERTT

FEETLET, Oy 7 O SU i B Mk b A, AR 1 Ak X A
VEHEY 8 AR 55 LR SCRRA - B 22 STHE S o JRATTR A SCEER AR (el
HR RO T SCAS B ) SO AE R B B 28G5 A1, JFE a2 I 8RN
“ERAL AT SR RS RN 2, RPN . o A A
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L IR — AN Ak, TESCARIS B SOR 3R] DUIE R /> & R U8 A R KR B 3
SREL . Z 75 A TR 2 AT 552U R AR AR AE A 2 BA9 30 T 5010F

FESNE T, BATHE P H B R Y A U B 1GR3, RS R T
B TS U IERS 1. A SOA IR RHE AR AL SR Y 1 — Pl 2R ) i AR 1
U SCRISCA A R o AT X AR FE AR SO TT (R SRS Bt A TE AR (i
TR, W USARCH AR R . SRR SO (IR SUEE X RS
W N —NEIEER S, JFRAH BTN “HIER G 2677 R EGHRA,
FEIE CHE R SR 48 DSTC-2&3 ESERR I, %073 m] DASEILE SO HdE
PR ST, JF HAE Y 7e 2 75 B AR U 1 OB,
£ H AR U A > B i1 cdfE 1R 18 8 TN BUS- e 78 SCRE AR E e -

FER-GRE, B AR 1 PS5 SUSGER ), ASCHREH T — R T e
A RAL AT SCEAR H @ N5, IREERL S AUk CRIAFIRRZEER) e . 3
IHERRZE AT GIN T 2RI AR R 78S, T8 SRR . 15 SURAREREB
DREASCHESS), JFIR AN AFR 2 iS4 o JAE 2> rh g C8dm 5 Bttt 1
QUBIERE A2, AR EE RAEWNZITVEAE H ARSI S (it > B4 A5 T A EL
DT R0 B 3& T VER B 5RTT . BAh, AR 55 TR SCERMR A AR AR 22 31 T T
HATNLEC AR L8 FR T — Fh TR BB R “l-prge” AR TSR k. EiR
SCRESEFE M i 44 SRR O A S Bt 4 B, FRATTA D5 920H0 b DA DR AR 52 20 T
FIEAS T AR R M TERERTT

8.2 WMxREE

B, REAR RS R TR ) R =AM 0Pk HEUS T —E it e,
(HAEAE— L2 [ FIF B0 s8] . AR SO — S B 58 07 R A4

1) ARSCAEE & WU 45 R A € dm b5 7 T BT X R TR E 48 (WCND $&H T
— M JE T Transformer 19wt 25+, 1T LLA #gwmt5 WCN H i B g5 i AE &R 0 s
MRS S (HIESChRNM I, WCN Hdl S A S s, 1 H SR TE & AR HUR
B 5. R HAME B AR s T E 1 WON R <& — M ER A
R FRIRI 9 A

2) TEAR AR FRATTHE 7 8 TRl A B AN oA 2 2T ) 15 B A 2 R i
W S R EIR AR EMER R R, R B AAE S T SR E R A SRS N
R E IR HSRUE T — MR TT R . AT — P2 TV R B B R S v )
EE PN R (U1 WCND _E FFHR IO R B A B BT RO 2 AR I — AN R A
ST T A
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3) AAS SCEPR R IBAL S5 A 3 T — P IR TAR 25 25 A R AR A A 2
SIS SCERAABIRY, s RE SRR RO T BE . WAl R B SR 5 AR A
(RS UHR EE (LG FrameNet ©) %8 FE SRR HEAT T 2t o 2
— MEE WG] J1 0T

4) AR AE B =AM 0B B AT TR, i bk = SRR T
RGNV G 2t — AR A SRR TR

Hk, R LHFER, BMEAM BRGNS TRZ Wt E, Hibf
— BT R ] R A B RN . — R SR A AT R

D BHETA D ER TE L GBIR R w2 im0 B, EZEMEEE5H
AR 2 OB, DARFF TG B IE S5 5 i@t . (HH xR TIER
PERE R 2 18 A0 T BRI KT o B 58 A fmr 5o s 28] i 1145 BR AR AT A BI I & T HAH o0 2
>R DL AR BRSSO I R W2 R ROR & S - I L 07 1)

2) BT, A58 E PR E RS O 2 LR B 454 (LL g5 T8
X WEREREEREE), SRR A8 X NFRIERE T . B TIEH TS A0S &
gr HARikRe ) 55 s SRR T A 22— MEA = U 77 1 .

3) BAE LT AT 55 24 118 R AR AT 75 ZE e (s AR (& DA HE A 1) i
Bl 18 RS, 75 B T S AT B R o A e 4, anfaf K
BT, SORY S oS5 0 B 1 45 10 I AR B 30 H 99 H US40k 2 Rk — A
AEH E R IR A

@  https://framenet.icsi.berkeley.edu/fndrupal
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iR A —LHIMEERERIRE X

A.1 BLSTM

HFKE L2182 578 (Long Short-Term Memory, LSTM) X ] /& ¥ i
2 %% (Recurrent neural network, RNN), fiaj# BLSTM, 2% #% H kXS 743t 4T
R, AE T AL R & Cepye,, +-,e;), BLSTMES ¢t (i e {1,2,--,L})
IF 21 B 2 ) & ] BAIE s an 7 s AR 2

Hi :fLSTM(ei’Hi—l)’i =1,2,-,L (A-T)
i_li :bLSTM(ei’EHl)’i =L,-,2,1 (A-2)
h, =h, @ b, (A-3)

Horb £ grm 1 by gy 23 RN IE M AT A ) LSTM TR IT, @ 3R ) S B
£, ho Al hy, #EIKH 0 [, h, € R" IE[ LSTM 7E55 i I ZI A Ka 2 i &,
h; € R" & % [i) LSTM 7E 45 i N ZIFIRa)Z A, h, € R S FIA 7 [ AORaJE [ B
BHiE (BRI TRIEAEME T XS R), Hrh n FoR LSTM KR Z R B4 . A
TR, AT FR IS REE S A — AT IR E BLSTMg:

(hy,---,h;) < BLSTMg(e;, -, €p). (A-4)

Hr 0 F/xi% BLSTM 1 TG 22,

A2 FEENHE
TR IR 1081 2w el B ok SR EUT B 0 R RFAIE 1) BB 7E <5 51 21 4
IR PRI B R SRR . 408 — NP AIIRHEIR & Cep,ey, - e ) BAR—AE
s q, ATTLITHESE] q e R" Mg e, € R (i€ {1,2,-,L}) ZIAIR
i_‘{}g*ii a;:
o= —P) (A-5)
2 =1 expu;)
u; = v, tanh(W,(q ® ¢,) + b,) (A-6)

Hev, e RY, W, e R, b e R BIAMKSEL, d RERE IS T
JERAN (R85 n 83 m KON AETHEASRISQEERE 5, MR LR A E
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L
z= D ae (A7)
i=1
% BN

[FI RS, Dy 1 falvd Pk, RATIE Bk ok B2 = 5 O — A e A1 2 ik A 0 AR
ATTNy:
z,(ay, - ,ap) < ATTNg(q, (e, -+, ep)). (A-8)

Hrh @ RoRiziE R HLEI T 25
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