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Abstract

The joint models for intent detection and slot tagging have taken the state of the art of
spoken language understanding (SLU) to a new level. However, the presence of rarely
seen or unseen mention degrades the performance of the model. Earlier research showed
that sequence labeling task can benefit from the use of dependency tree structure for
inferring existence of slot tags. In Chinese spoken language understanding, common
models for slot filling are character-based hence word-level dependency tree structure
can not be integrated into model directly. In this paper, we propose a dependency-
guided character-based slot filling (DCSF) model, which provides a concise way to
resolve the conflict of incorporating the word-level dependency tree structure into the

RIES

©2021 FETEES ¥ A&

R#E (Creative Commons Attribution 4.0 International License) ¥F7] HhR

B R ETAE F RS, H304T-5531601, MEAIEEEr, i, 20214E8H 13H =15
(c) 2021 FEPXFEEELSTFIETELT RIS



IR

character-level model in Chinese. Our DCSF model can integrate dependency tree
information into the character-level model while preserving word-level context and
segmentation information by modeling different types of relationships between Chinese
characters in the utterance. Experimental results on the public benchmark corpus
SMP-ECDT and CrossWOZ show our model outperforms the compared models and
has a great improvement, especially in low resource and unseen slot mentions scenario.

Keywords: Spoken language understanding , Slot filling , Dependency structure ,
Character-based model

1 5lF

MEXT1EFEAE (Spoken language understanding, SLU) NARGERNTA H HEEEH L
BHORBES, 2 EE SRR AR (Personal Intelligent Assistant, PIA) [
HAmazon Alexa-~ Microsoft Cortanald M Apple Siri, EATREWHMERH P Ite<, #BHH P
FTAFES S P AT RR A - XS RER T 1A O 4 & DR X I ERAR , HorP RS
YRR 7R N PR R SUHEZR, b 5 R BRI (Intent detection) Fl ST (Slot
filling) B 1~&B 53 (Tiir and Mori, 2011), Ef&#id, EREXSAFEETHNEEELR, #HiEH~
TETE T HE CH AL (Lin and Lane, 2016) - WEL.(a) B, G& —EBHEREE: “IF
FE T ERR R FAEMR R ETE Efjﬁ/l\%’?wﬁ?/c**ﬁ@, HAEE—TEMEENE
o

Wi R g3l i rh & F £33 PN 2 (£ S i) n
BlibR2E 0 0 0 |B-poi | I-poi | I-poi | I-poi | I-poi | I-poi | O 0 0 0
=E Query

(a) THIERH]
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Figure 1: — A& EMEFE EFREBIO 2 RIRG] - EEFEETR(Query) BEFFR A
(Position of interest, poi) HITEIREE - IE%EF'EVJWW?%?ZM %ﬁp&@iﬁﬁﬂ*, W R R WA B RE
YRR

EZ RIS, BRSNS RS &SGR - BERNES EEREE—
AMETETE SRR, AR BRI T ES R EASE R ENL (Support vector machine,
SVM)FIJEIA L M 4% (Recurrent neural network, RNN) - TiE(5 BIE T A LI A T 5 FRE
1255, & ARG FFIFRE [P 75 458 2% 1113 (Conditional random fields, CRF) ~ fx A M
LR A] KA (Maximun entropy Markov mdeol, MEMMSs)FIRNNIRZY (Yao et al., 2014) - &
FER S BRI Z BB ERR, i@%i@%ﬁ‘]ﬁﬁ%%%ﬁ@?ﬂ‘]’ﬁ*@iﬁ?ﬁﬁ?&%é\iﬂ%,
— LR R A E T ZAESER NS B BRI FREETIEAEA (Liu and Lane, 2016; Li et
al., 2018; Goo et al., 2018; E et al., 2019; Qin et al., 2019) - —EAfFE HHEL S i?ﬁ/ﬁ“/\%
ERERZ LR ESE, NERENMEENE BZENTHERXR, SOBRBEN(Liu and Lane,
2016; Hakkani-Tiir et al., 2016; Chen et al., 2019) . —SEERIEE H K & EAR S8 T 1 HLH &
PEHL R ABIREIE TR, SXF IR & 7 UBEW I SR T AR S T ) R B B BH — € i
£ (Goo et al., 2018; Qin et al., 2019) - HWEMR ERFREFREMEE, & THERZEE AT
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MR DU SR MES TR IN(E et al., 2019) . BbAb, 5 LR &R H T —FhE
TN HEERIREMNS, HTEE B ERNFMEE BETIES (Zhang et al., 2019) -

LA TR EBINGERENFELT, LARBERE DBRREF R, (H2 S H I
RIRAIFETE PRI (Rare seen slot mentions, B(HR A Few-shot slot mentions) B it FIFEFEFR
Tji(Unseen slot mentions, BYH A Zero-shot slot mentions) HIRFZE, X LLARIRY A0 HE R 2 00 1
FtE 22 B Rl 2T R K MRS, U RBEIRRS RS, flan“hERECK
2 XA R BRTEVIZREE H Pt AOREFERR IR A BENS 1 (E R I % B FRRE RS
TR AL I RE 52 I M -

BAh, X bR SURGR Y R R E T N A £ T IGE CRIRAIEE R, EERE R AN
FHR, Blana) T R EANR . P E BB R, FIIFRC S 10 4 SRR B (Name
entity recognition , NER){E55, A GEM {8 FARKHIN 45 14 1Y) 52 28 (Huang et al., 2017; Jie and
Lu, 2019; Nie et al., 2020) - — 7, {KE L5 AT AFEHE S8 2 B K EE BRI R R, AIb
— 77T, AR EERE AT LUK BRI AN SR 2 (A8 SCRAS H., B AT DAV 76 M HE W A R 25 B S AR
AT, BRI R K EBRAK AR AL - X LR LE 18 (5 B REDS 7 B BT IE IR R 7 0 3 (Jie and Lu,
2019) -

A AR T S B R IG B T Bk, RO DB TS T B A SRR
— R IVEM GG, RARFTIESER - DAV RAET T SRR T PR ER
AT VRS L 52 2 B TR R IR I R A PRE R A B I R B2 (Zhang and Yang, 2018) - {H 2 VUERY
KRGS 2 BTN AR, TIEEEEREFRFIERET S, WIGERBERT (Bidirectional
Encoder Representations from Transformers) B2 (Devlin et al., 2019)F o FFXX—[R]@H, 7
SCHRHE T — PRI 5 | S OB T A RHE R REIE SR BT (DCSE) , IR RERS AR 72 M E X IE IR
51 KR 4545 Z R R S o AT TRIDCSFRR SR (T — M RETE T, @B AR R AA
[FRAIR AR, HAPE MR R (B S EIIZ (b)) FIiE A &Rk R (B B &N (b)) - %
JEEIANRZRI R R AR, FATRRRL AR — J7 IR TR IR R A B, AT DARTR B i A s
RZIATE URAE ., H— T EHTEILANERERRRE TIRARER, HmsEm A 7RI
FIRRES AR D TED FERIRE ST

R FE TR T

(1) $RH T —FE TG SR PRI ETERA, ZRBARR T FRERIA R AR 451 2
AR ZE, AR SEIL T 78 7 A AE A R S0 OB I VR e AR A B AR O O AR

(2) FERTTEERIESE EAYSSIRET RN, AR AL AL RE 7 P R R V8 R 2 30 77 T 22 B
57 BENT Haror s it B AR R R BOTERE o THRISEIS « O0-shot (7 A FE BRI B R 55
T E B Mt — 25Uk B T AR SCRR BB ) R IR

2 MXRIAE

ARSI 50 R RS AE 5] N BISR R AE A AP S D RS R AR ST R NI
BN DB B AN TSSO 537 e 7 T AR 5% LA -

2.1 MEHEMR

[ 75 # fi# (spoken language understanding, SLU)H K& fEH 7 i& 18 118 LHEZE , @
W KRB EENE RGN AREE TN D MESS (Tir and Mori, 2011; @78L%, 2015; &
PHEESE, 2020) HATERMPEEIERE D RES . B H T IEEESVM (Haffner et al.,
2003) ~ Adaboost (Schapire and Singer, 2000) - [ f&E T LS E KL TFIIRELESS, F5
B 77 52 i F BB B8 T 5 PR BE T ICRFS5# (Raymond and Riccardi, 2007) - T8,
T IRE SRR SIRE )], BORBE BT IR 2 S EZR L IR B EIRGRUR . #
W TR 22 M 24 (convolutional neural network, CNN) (Yoon Kim, 2014) ~ RNN (Mesnil et al.,
2015)% 1% - FEFEERIERTHE, YaoE A (2014) 1 HEE TLSTMEAE REIE T /1%, R T
TEEAHZZ M LAICIC B B RIRE « BEE IR — B CRFIE N A TR AL IR, (AL RERS
SbFE A 2 B RS K R (Yao et al., 2014) -

ZRE| T AR BN E RS, RAARES TR W E ZRNZEREER -
I, ZhangFlWang (2016)%& Hi 1 15 FH 1 B 1o 22 0] 28 Bk -6 T PRl K Y0 0 68 L e s 2 R i vk I

BRSSO, BT BIIST, A, I, 2021468 13HE15H
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AR - TLiu FlLane (2016)PRFER HLHEITIA R TSLURIEC & % I8 H - Bifs, Li%
A (2018) ~ Goo%E A (2018) ~ EZE A (2019) ~ Qin%F A (2019) I AESLURIER G 2 > 1A A 7 =X
B ERBRNAIEEREAKR - &L, PTRENR LN OHE R R BIA R (AIBERT) A
FISLUMESH (Chen et al., 2019), #H—H5Em T SLUMIERE . RESLUMES CEBUE TR
R, (B DA IR E R FE—EA R - SEMPIRERAFIIIRCAES AT LU 5]
NARBR 58, FENHEWT RS AR, $& @R IPRIC VR E (Jie and Lu, 2019) - FEIt, ZAR3C
TERFFU R RISLUBRRI FIEA b, fF5S KI5 | S A REE AR .

2.2 ETHBIETH BT RE

WG 25 48 AT LA FE 5290 22 (Al A K BE B AR 0 2R, T RIRIE AN SEAR Z [R] 38 S REX & - B
FEAN L ING I AR EE 1 GE i 48 AT P IR ERE ] - LingFIWeld (2012)5 | A SE AR ZE AR5
LEM PR EE A RN SR TR SEAIE AN AEE ST - Liu%E A (2010)%2 Hi {8 A Skip-
chain CRF$£3% BH AR KKK RAVAIE DR A BALR I - Jied5E A (2019) 88 HARKIIY 5] S 45
B, N TNERMES - SR, HTIVE I ORI 4540 2 25 TIm 90 ny, et ot e i i S0F
FINMERBT R AR FRHERIERY (Zhang and Yang, 2018), X 15K 4516 M DL E B N FH 2
RICREHAAESS - A, ARICSHIOEERFZEARRE P R R ATER, BRETHF
R AR 5 BT RO S5 A A R FH 45 A I O T T -

3 A

FEARTH, R T AR MBI T SLUES RIKEG | S & T FRHIEREE T (DCSF) iR
A B8R TIZEER GIETE B 8 M AR SE AR R L5 - BRI BIS5HE B 75
MEBNR ~ RABAZ ~ TRLSTM/Z A H Iz -

BWHE (o] B-name |-name I-name I-name (o] ,(_ HPIRAR ‘:
Bi-LSTM ,"3 6@ !
LRMNE i kJE§¥\ R = E !
i :\“r\\ N !
: \__& ) N 2 Jo T
/ % : s TR
7 7 / AYEERN
/ L/ /o N
/ / L/ B 4 \ AN
mve © @ © € © O wmxs
5 w X x £ @ ®w B =, |
ROOT \ i
o \\‘ Ed \ |
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Figure 2: DCSFRAFIZN (AR H 5 2 BUASLUML S HHIEE BEFTLS, Hit R
TBERTHISLUBK & 2% > A H fEEFE AR 73

3.1 HWIARIE

N T PRI, BAVERBE PN TKBIE R - ERBEHE, —MEEPrE1
THAE — D ACEE R (AARERIN) o FATTRETA B HRREE S Z 1Al )R R R IR &R, BATTRAH
BFZABR AR AFAKR, M T ARMERARAANFER - KT XK AT A H
RARFAE B AT LI E 2B TR EE

IR FR BT DOERI B2 TR, RRAEERHIERE, & HIL R R,
PETMRE R T B2 5 SLRE (5 RIEFEIMAESS o - O T it e 5 TR B4R i iR
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ORI R, EETFRAERRA S, B TR R — D FRBRIKBER R - S TR
KRR, (wp, 2, 7) LAy WLEE R, o NTEER, Taep(raep € {ROOT, VO, ..., SP}) KR A -
B2 WIR BRI, GAACEE R, “R IR AT 45 S iz, B FERBER R, T 5FH
RUGRE I BRI RER T RN R, S5 iy, “RIE SRR R 45 5 i, <A 22 BN
RAFFEARPLEN Foop KMo, “BOBIR R - ZJieS5 N(2019) B4, B R 745 5 7 4R
FORE HACT 1T RIS S NI R R R R P A — i -

¢t = First(xzy) (1)

ey = Embed.(ct) (2)

Vdep = Embed, (T dep), (Taep € {ROOT, VO, ..., SP}) (3)
uggp = [es; ep; Vdep|, p = parent(xy) (4)

Hrte Flle, 57 A& iz, MRz, T EHE— D F R FRIER &, vgeprs R R ge, 1K RIRZE K
FIRIAE - Embed M Embed, 57332 F A BT R RSN ZE - 4077 7] DAFE B2 7 BOARH ¢ &
TEITEE

WK FR HEIHEANDGEFRIIFNE T ERZ R 21 B AR ETFRIEMEAE S, (B
KE HEZETESPHEARRA, §t= R1EME(Zhang and Yang, 2018; Liu et al., 2019) . 4,
NFEBEFIINEES, Frl2EEAESTHENHNME, OO AFFSHIERAEEE
KT RXERAFTER - AT HANSIHEBRAGE, AP — 1m0 RS — R R E
AR, SIEM(EIEFED)FERIFALERE) o« A PROZ TR A & 5 HFi 18 4 E [m 2 A R %
AAFEIHEE—E -

Vword = Embedr(rword)a (rword € {M7 E}) (5)

ugzwd = [es; ef; Vyord), cf = forward(cy) (6)

Hoir, e ffler 43 5l 72 18 A H Fe S E A AR BT A Fopfl) F RN o vgorar 11 N ER K

Arword(Twora € {M,E}))THIHARSRIMAZE - FlWiAERE, EEFWANF 55

ST . BRI — AT RN T BRI MR AR R R, AR R B R ) &

B2 {4 AIE ] B AR N R R RO\ ) EE(E R E B BAE R E 5 — N F)PHEE
—i . T DIFEER2F AN R R T RSP ER -

3.2 FREAIGEH

7EE 2 BIEE G F BN R LR BN E BR TRAFIZEXK R, EF A LUE B
Hi ok R AN ETE R R AT DR IEEAF BB - Flan, <&l (R BE (RS &0 1iE1E,
{EREBEMALEALE - B 5 AR R, S IR K ER - 1ok, &
BLAE R TINE R R, BEMHRIAMN LT U BEFRAAFER - B E RSO SEA
FBi-LSTMZ G, %A T —1TE, ATIHCRARE - B2 7RIVZEMR AT LA R
NIZHE B BRI, DUERE A B BRVRIR & - TZ B AL e R 3R KIS AC BLAE
H -~ shaiaE BN ER - SRR T E A {u®,u® | uD Y} u € {udgep, word} s
HATEAFKE - KRR 5175 M 25 A ZIBi-LSTM (Hochreiter and Schmidhuber,
1997; Yao et al., 2014)7F, HABi-LSTMRR NERLEF a0 R E X

hy = LSTM (uy, hi1) (7)
he = LSTM (us, hyy) (8)

%:Jrﬁﬂfﬂfr%i%?(#)kﬁwi% ;@\3042:%315% PRI, HiE, 202148 H13H % 15H
c PSS E g Al
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hy = [t he) (9)

HAopRRIXADFe I PR, REARBI-LSTMAIFEHEUZ 7 & b, S A\ IR 5 B IE 7 T
JZH:
Yot = softmax(Wihy) (10)

slot
9;

HoAryystot S REAR 2 TN AOAN B AE PR, oot B AT B R AR S - X TR ERA, QinSs
AN(2019) % BLAFE F 7 5 = GENS A B B I pORR AL RINRIUR . S5RE(E BIE T FEA L,
FA TR Bi-LSTMPBE 2 fan A 21 & B T 2 A

yi”tem = softma:c(W,inte”tht) (12)

= argmaz(y*'°) (11)

Ointent = argmaz (yintent) ( )

Horpyyintent ZAERRE T FIACE AR, ofrtent SR TN FOFERRE o AR BIFNHE (5 BT
HF51 2K RIS LA

T nzntent

zntent Z Z ~t, zntentlog tmtent) (14)
t=1 j=1
T nslot
Lao 2= 3" log (""" (15)
t=1 j=1
oot R0 R EE P BT Ry MR S R S R I 78

&, nintentfpslot gy J; IH‘E%%Ea@ﬁﬁﬂ’ﬁ\é&%ﬂﬁﬁﬁﬂﬁ/\ﬂ T REBECE R EREL, 3
TR MES IR KBRS, SRR R EO -

L= ﬁintent + £slot (16)
4 X5

4.1 BUES

FATAESMP-ECDT 2019' >HICrossWOZ (Zhu et al., 2020) B2 $h B E SCARTERL B4R AT
BRLFHATINZRFNEAL - SMP-ECDT 2019 (Social Media Processmg the Evaluation of Chinese
Human-Computer Dialogue Technology)& K HASRASI IR % - SMP?&TEE%M%EPTHE/J =
Bl KT TN 24F0 A [F] AU FE AL AT 2 o CrossWOZo& R AR B F S B5 8 Wizard-of-Oz 1 55 5 7] £
£, 2AlEE /l\éﬁiajz%mzﬂﬁlﬁééﬂwgﬁ o SMPICrossWOZEL & SR ST T 45 R K1 -
ESMP%uCrossWOZEPMIJVC%&HEEO shot AURETERRIT L 53 34 70.31 %F126.26 % - FIHSMPEL
REEMIIGEIERRD, I BAENHE B FERER0-shottH, P ISMPEIE % 5 B A Pk
M.

4.2 B

fESiH R | B AT FIHaNLPS T B3 3K IS5 #0014 B8 f FStanford CoreNLP
toolkit 4 (Manning et al., 2014) . T & i HL 5, Dropout (Srivastava et al., 2014)# 1%
BER0ARN05HTEAE, ERPEH T Adamfi it (Kingma and Ba, 2015), 2%>]3#ZE Ny le-5,
fLEAR/N (Batch size) BEN32, L2IEMUSEN1e-8, KRMAHERL NS0 toh, BAIHEM
A2 IR B BRI AR AR S5 AR eR B - AEICH B AR T [ &R A, BTk A
BERLTIR L 7 M BRI F e LU SRR BRI 910 1ML SL AR A~ 1 (5 .
"http://conference.cipsc.org.cn/smp2019/evaluation.html
https://github.com/OnionWang/SMP2019-ECDT-NLU

3https://github.com/hankcs/HanLP/
“https://stanfordnlp.github.io

= E S E?" % I% 5304 Z%slsg ﬂT%ﬂ/nﬁ H ,2021£|E8H13E|é15E|0
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SMP CrossWOZ

YIGEEE 1656 14962
B E 414 1518
MR E 509 1590
TSR E 124 72
TSR PRI = 485 457
O-shotTEFEPRIIE & | 341 120
O-shot FEFEPRIILLAE | 70.31%  26.26%

Table 1: SMP FlCrossWOZ EHEERI ST 45

4.3 XTHRI
BN TRHEDCSFIRIY S LU FE#T T Hi, fE:

e Attention BiRNN. LiufiLane (2016)HFFHER IbLEI, LB M 4% 22 5] (5 B IS FI & Bl Z 1]
HIRA -

e Self-Attentive Model. Li% A (2018)F& Hi T —Fpfr i) BA B B 28 [ 1L 1Y B iE= 5
A, DA GRS R EZ B §TE SO KA -

e Slot-Gated Atten. Goo% A (2018)#&H T F B =B 1A, DIEFMIRFTEERSE
BsRERE P

e SF-ID Network. EZE A (2019)/48 T —FFSF-ID L%,y 18 E 7570 2% R K6 I 7t B
i, DIRBE WEE%#%E%

e Stack-propagation. Qin%% /\ (2019)K Fstack-propagationfE2E , #&H T — 45 & F iR 5
B BRI HER & 2 S T

e Joint BERT. Chen® A (2019) 5 FBERTHEAL 31 THR A& T IE TR E R -

DA B EEH, DCSF5 Attention BiRNN -« Self-Attentive Model ~ Slot-Gated Atten~ SF-
ID Network -~ Stack-propagation®®] & & A >k H Tl Il 25 5 [n] & B A - DCSF(BERT)#Joint
BERT® A T T4 52 BERT -

4.4 FEK

5EHMIME (Goo et al., 2018; E et al., 2019; Chen et al., 2019)—#f, FATEEETT A
FHFUEEREN TGS, =BT A58 E R RN a0s, A) 72 R0 B A IE IR 280k
CRATEAS B RMERE, F2BR T HATREMDCSFRAIFSEIR4E R, HFESMP-ECD T4
%%ucrosswozéﬁsz%LLﬁT RS 54 - HTAXHE S0 DiEE S EBETEEE
HFE, RN FENERA R R IH AR EM A B 0] IEfE L RRI -

) SMP CrossWOZ
BEVU] EAIER A | BEERR] EAOER  #BA)
Attention BIRNN (Liu and Lane, 2016) 85.36 54.91 49.85 95.01 87.20 77.63
Self-Attentive Model (Li et al., 2018) 85.51 51.41 45.42 95.09 85.27 74.71
Slot-Gated Full Atten (Goo et al., 2018) 84.81 60.88 54.21 95.15 91.03 81.13
SF-ID Network (E et al., 2019) 86.51 64.52 56.33 95.84 91.20 82.64
Stack-propagation (Qin et al., 2019) 88.65 71.62 63.78 95.85 90.57 81.77
DCSF 89.14 73.09 65.52 95.53 91.72 82.95
Joint BERT (Chen et al., 2019) 92.46 82.31 75.42 95.83 92.61 84.28
DCSF(BERT) 93.00 84.31 77.23 95.94 92.79 84.57

Table 2: AT ABRBURIRS T IEAE A S L RITERERT L

%:+@q:i+ﬁi§§?4)j(2§ BICEE, ;@3042 %315; nﬁuzntﬁf E.E ,2021£|38H13E|é15E|0
Cc sk ~ DA
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MZ2HAT LA, EIRERATUIGTRET, B3 HEIDCSFARM A F R R E
EmprE TR BT HMPTE R . AEEATIGERZEE TS, 5 Joint BERTHIELALAH
. DCSF (BERT) MEZIZERENIREN(F1)MEA IEFRRG D EEBRRMR, ERE(Ac)fF
oy LR IR o XS ROER T B R AR S S A R E B R E RO, T B A
5 BANAA FF BADUE T A R AT T [ 2R, & T2 T HII%BERT HIE
it

4.5 FH—PR
i AR DA B S R AT IR HDCSFREIEUS T RIF MRS, BATEHE — PR GEH T
BFRE « FATE et TS, DI TR ] AR s 0 AN [F) 28 20 ) ¢ RIS A 8 {4
PEREHT AR - SRIE, BATAH T — KT AFERERL A0-shot 18 i 1 B IE B 2R X L 42T
THRELSEES TR AR R AR X RAEDCSFEAI R 5T, FA T DCSF(BERT)#47 T 7H
BSEES . FAi 145 R ANE 3R -

K * R ‘ SM\P ‘ CrossWOZ
B BEHT BRI A | mE EAIER B
THZEHMB R & {M, E} 93.15 83.82  76.80 | 95.82 92.64  84.38
HEFHNERR | {dep} 92.68 83.60  76.65 | 95.82 92.68  84.42
+ 1A ] &= {dep} 92.63 83.83  76.79 | 95.76 92.70  84.48
HEIDFRAE | {dep, M} 92.73 83.71  76.67 | 95.87 92.51  84.23
+ A & {dep, M} 91.90 83.66  76.11 | 95.81 92.64  84.31
LR {dep, M, E} | 93.00 84.31 7723 | 95.94 92.79  84.57

Table 3: DCSF(BERT) VK SEE:

EREH, BRI R AR R A0 TR B RERDE F I E R - AR

o HEMRA: HRXMEIRT, FAITNREFMERINT R R - NERF, FATATLLE
BN AESMPEURE 6 T 18 7 52 B 150 BN B 70.49%, BRG] F IE T 2 50 BUR B 70.34%,
FECrossWOZEE S P AR IF 170 80 N 170.15%, B AT IEME 08N 70.19% -
XM, FEIEE PR E Z AR R, AT IREEEERERE, HFiREA T
i

o HEMNTRR: EXMRES, HATINERFMER T NE X RAXFE. FRER, AR
EUF140 4000 i TR, X R BRI BF % 2 200 BT RS f 3R A RO - teAh, TR
1A A & RATAIAER R (Zhang and Yang, 2018; Ma et al., 2020), %7 iAW AT L)
RFRXTEEAAE PG BT EE . JATRTLLER], “iam & AR T 9H 2 K R AR
TR TEA TR TR o 50— UE B T 1RE 5 B XA EE A OB R DA B AT T AT
K ANLEIR IS S AR RR -

o HEMFRERAR: LTS, FAEME TARANRINFRR R HMPRES 2 HERUR {E H
HFECRERRREE . WEERA, BATA LUEBIFrE FEbRe) 0808 N T . X%,
FEBANANER R AYLHEF, EF< R A IR H AERDFER -

0-shot SEXS M T YIZRE R B I ARG T8 PRI (0-shot slot mentions), &I AT
AETCVE TN L20-shot TR AR T, LA RIITE Ok T ERpIBkak, JTHAESMPEUREF A8
F165655IRIETEREAR, HTIIGRERR/ N, MEENESE, WS EE170.31 %ARETEFRIA
RENGEFEARHIE, HRIZ0-shot FEFEFRIA, KSR AIIEREZ B EHK - 0-shotf
L3R BRI S A TE AL R A B R EE RN FRAPT/R « SEASEE R, o A KR 5¢ R F0R A 36 ¢
A, BANEHPIDCSFREBEM @R M E5E T, 0-shotfE A IRBUEE TX LEAES T &
EREE, M HHTSMPAFAEO-shot e PRI MR hn 2 iy, EMDCSFEAIAESMP E3gE T
FEANEAE - ZEETBERTHI T EEAIF | DCSFAEO-shotf8 - SCHL T BRI ERENGHE, B8] T
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#2.39%, TMAECrossWoz EHIRE 1213 % tboh, FEMRAEF, E&EI0-shot EAIRIN HLEE
REIA EIZRAR, X IIEE A 0-shot P 5L 45 FEIE TE 7 R pb iy - ARTESLIGLE SRR, RIS
AMC R AL G, W R GRS EERIANRAIGE S, FrAlRAE S RE HF0-shotF
AHIERFR R E IR L -

o] . SMPﬁ CrossW;)Z

-shot A& | O-shot  BEiE
Attention BiRNN (Liu and Lane, 2016) 48.64 58.89 | 63.43 91.50
Self-Attentive Model (Li et al., 2018) 38.56  55.07 | 71.66 94.78
Slot-Gated Full Atten (Goo et al., 2018) | 44.05 64.86 | 53.38  84.77
SF-ID Network (E et al., 2019) 54.38 64.66 | 69.52 95.44
Stack-propagation (Qin et al., 2019) 62.73 71.57 | 80.67 93.35
DCSF 66.37 72.36 | 83.74 96.27
Joint BERT (Chen et al., 2019) 80.76  85.59 | 87.13 96.74
DCSF(BERT) 83.15 86.84 | 89.26 97.02

Table 4: DCSFREAYFINT HARAIZE0-shot 7 A7 FREUCA B

REIRSEER A TR &, BT SMPAICrossWOZE A ISR 88 4T T N R EE,
BELIHE T IRAG IR EEIRAT10% ~ 25% ~ 50% AKX T5 %R &, Fouk &l L 5 k1715
M, FAESER R 3. B3R R T EFEAMAFERHBENILHEIER T, SRR K/ NYIZRE
¥, E T BERT AR FESMPHICrossWOZW A FF 8R4 b RNk - SEga 45 R %
B, REARES G R IR N R K R ARG & 5| AL A S0E A T F AR R A I BE R — 2P 2
o FEREREFEZRT, BT NEELEEEIIGEE, TR AEBEERBESRT
AREFEA 2B E R CE X, HTE R R B2 E R, B NEeNTR] LR EEEE B
PRREEGFEE - o, HTRMEDFETE S FRERm RES, AAERR R ARG FE N
FO-shot FIEFEFRIN, XLLTANEL R RIEM T EERNAFEE - FEOUE 10%HIYIZRERTSEE %
EH, TESMPEUREE M CrossWoz BB, AR AIDCSF(BERT) e Joint BERT HFE 7 12 BUF 11H
IR AR BN 7.07%F14.58% -
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KAFANERER R R, e LRI RN TE T KB AR R LA FER - 12
P F B ESMP-ECD TAICrossWOZ _E HISEIG 45 R B, FA 1R A AERE i (F 1) F
A)(Ace) o £ R ELT HOBARAL « JHEEOT TR T AR SR T A 5C RO IR T B AR P E AT T
Bk o X AN FRRZEAEO-shot FE TEFR IR BHR R S AIRONR ,  WE— P9k T Frdd i p A 2tk -

Bkt
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B .
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