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1 #HxIE

M5 3 f# (spoken language understanding, SLU)
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FUIAT 9 JR T — R MR B, 2011 4R, Tur %04
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Table 1 Examples of spoken language understanding tasks
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Book a flight to Beijing
i RDRES B I I 0 B
HE 2 BookTicket

HRAJE PIAS T4 55 Z 18] (8 SRR B A e /NE AR 3
SR Y R SR AR OGBS R 4 O 4 28 D TR HR g
B, B8R 53 28 5 R 7 S5 R AT 55 43 ) SR e A s QB X
DRI HEAR | R 3 26 5 R 6 JE TR0 A AR R IO A
TAE 55 Z I ) 2 i 3L A5 B O B AR AL, 2 A
o326 5 R A S AT G AL IO A TAT 55 2 A
R =25 B @ T IR U DL bR SO
HUN RO iR R E s LAE B
1.1 FEXREREE

TG I Bk i) A 2O o B A AT 55 J Sl i
53 SRR A7 SE 50 P A - AE 55 B st A S Ak i it
IR AR ZE R ) 5 RE I HLT DUZE AN B ol Ho A
B 1 D0 T W 4 HYAE 55 EAT IR

2013 4F  Bhargava 25 % 10 38 $3 i AT 55 B g
BT T L 229, B FH SR 18] 8 AL (support vec-
tor machine, SVM ) X} & & 7 84T 45 @45, B FH 2% 1

FE#L3% ( conditional random field, CRF) X ## 1\ 38 75
s, FeES & B SOFE B R — s
AR I B S/ A D, RS T R RS
R A L FEAT: 55 A ME BE |, 3X 02 111 38 B AT 55 T DG B
BB I i .

B A R B 27 2T 1Y e AR A 2 I 2K (recurrent
neural networks, RNN) & 3l H 3 K i 15 5 2 %
Jio 2015 4 Mesnil 55"/ 5% JI RNN J 4 {37 31 52 AT
S AT TRABISY, ILEL T RNN B JLARAE f&, Hoh
ragqn Elman-type ® 2% Fn Jordan-type M 2% . fE ATIS
i b WA 45 S5 48 i PEREFR I T CRF A AL,
2017 4F, Lin 57 AT RNN #9368 )5 A5 280 78 Jir A
{18 B[] 25 rp 8l R A 1 o SCAE B A TR M, O HL 2>
TR0 ME R 358 R 14 T 3L PR G % 4% 8 1Y ) - 4 B 7
ATk B R LSTM 2544, i F 3 2 1L
il 2 4 A% G2 1) B R A BT 34t A, M A R D
T RNN By RIEiZ it

£ B 24 W 2% ( convolutional neural network ,
CNN) fe ¥ v FH 76 BAR G b | J5 SR #F 5% 448 CNN
AR T SRl G ) 7 AR NLP AT 55, ] AR IR
BT AER B AR, 2014 4F Kim™ 7F word2Vec
Ferl IR T A R 28 O 4% 25 4 1) ) A
5 CNN &5 1 T7 AT XA AT 55 . CNN A
FHAS TR) RN 1 4 RO R i JB0m) 1 v g OG B £ L, 3
B by e ST SRy P SORH OGP o E A7 78 11 dk 4 2 e LA
FEON T HE 2 T B B B 11K BE AR A, [R] I el
FH B A A PR B 4 SBORRALE 1] 2 19 d5c A, 5 B8R
Oy EE R E ISR R K, BT iR CNN #Y gt
K3,2018 4F-, Zhao 55" JF Ji3 T 1 FI 3 25 s fhy 114 i 28
W 25 HEAT SCA 73 AT 55 I LIRS 3 I 4 )
it 22 6 1) 2 AR A% 8 A 28 I 45 10 B Bl R T T
WG T CNN 25 8] A Bk m) 8, ) 3h 2 %
H B0 1 A R 1 i A 5 AL T e 2 T A R i e Tl
FH e Rt A B 12 25 2R A e B £ L 1 ) T
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A Ay X, A3 i L 5 4 i 2% (shared en-
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FEUR 5 22 0 K 43 84T 55, S Mk 25, #E SEBR Y
SLU B =, F P %t 28 45 Y 52 i 1 2 Rl o 48
Mgk A AR, Liu 2614 2R T LSTM BB &
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BL 250, 1 WA R S T ML 9 B &2
A 24 A5 760 157 FH 7 B A T TR 0 2 RAE 37 B AT 55 v
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AR5 5 AR S Z IR L AT — — X R Y 0 R B R
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LSTM F45 I 3 AL ) 190 00 44 457 4 28, 78 f )5 1Y)
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Figure 1 Seq2Seq modeling spoken language

understanding task structure diagram
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PRI 8 — R 7 T T4 AL (SGM-SLU ) , X & Bl 5
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Figure 2 Structural diagram of the SGM-SLU
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Bt T — R B T OB B Y RNN i SCHE Z2 fige A7 9 2%
ShAe 38 3 B WL 9 LSTM ( BiLSTM ) 45 4 7 81 43
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R UR S B30T R 307 ez X n) 22 BoRE )L AR
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Z 8] #E A7 B 1) U 3, AR R PR T AR A 45 ELMo
BERT .GPT %,

2019 4F, Chen 25" 2 YK 70 Y1 Z5 A5 80 1 A 51
F1 i FR AR AT 45 b, ] BERT I 2545 0 % 355 151
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RERD ) LA Z5 R Qi & 3 fif s, BERT T3l 25 B 7 1)
TUHE S 2 — 2 A 2K K AR 25 5 s ae 7 e 3|
BEEIAT S, B[ CLSTAREE 1 iy H 4 ni 3 &
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Figure 3 JointBERT model architecture
2020 45, Qin 55 A AR X i e i 50
P AN RE A AR P 1 4303 S, X 37 v A e =X
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AR EHE T M4 (Co-GAT) R B A Xt & I 20 & K
or R R 2 JEX I 55, B A% L X
AR A B2 B = AT DL R 3R BRSO R
A H AR R o X YR 1 F SCfE RS 545 R4S
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A b T I 2 i 5 A R ) A O U R b fie
BE T PR U A A LI S S 2 I 2R A
BUVEE B PEAL R LA B, B R AR T B0 2 9 07 95 OF
ANFE MARAS I fifk phe BAT 1Y AT e R 55 32 L g
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KA B iy 5 R AT TR 46 | B 2 it 2 —
A % AR A DR ) A

2 INEEXRES
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AR o /INBEA 24 2] B0 it e B3l 32 BRI TR B 2
2 ) L, 3 2o X 0 e A AR R 2 — AN R A (1 U i A
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W A AR 23 SR T /INRE AR 2 2] 1 ek i an )L
FAE LK B R Rk e TR A R S D
HREAR SE R A B AR L Z RIS PRE E
RE 1008 & I B 58 N B0KE /N BE AR 2 ) T 1k R
FH A PR A% 45038, i vk I 25 R A 0 A2 PR Y A B,
2015 4F , Koch %P S 125 42 i 2 45 R U T one-
shot B 4325 7] R Zhang A 2V e 2R 2% 1 Ll
e 3 S AR B R 0 A T /N RE AR R 43 2 )
B, AE A BRIE T AL BRI, NRE A 2 S R R R %
18 T DRI P R HE A EL T SCAR R AE 3 S %0, 7 /D
HFEAR R LT, $2 BCSCAR FRAE 5 R A

AR B & T R R 8 R R /INREAR 22 2] 7
FIRAE 5 AL BEATSR A T — 28 58 %, 2018 4, Chen
Sl N B 2 ST HE B Mg R /NRE AR SCA AR K Y
X 432 m il LA ), Jian %64 (Pl A 25 50
R /INRE AR 2 3T A B BRG] 8, DAL YA A —
SERRRE R T i TR A Tk SRR A o) B
RIS N4 LA D b LA Il g, (3K
BT AR K& T O AR B s 4 1 48 B 1y 2
2) BRSO AR AT 45 R U, 1 TR A SR B AR
SRVE T M 5 IN N T AR A 2 TR 2 R T S 3 %
A (4 SR IURE T B T A R
2.1 \E@BENX

FEIE F AT ORI o B BE R SR o 84T
% KU R BNR E A E 2 AR, N
Mg L EEEXEE m BEXARES T = {1,
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tyyoe st ) FIELE n DEMRBENES C = {c ¢,
ceye b o BRAEZTERES TEES C X
——XF Z PO R . RO FSEYCE AR T SR T
55, 8 SUMTAREAR X = {x, 2y, o, | ,x, RARFEAR
A R BRI Y =y Ly, ey |y BN
FEALbRAE , FE/NFEARYG S RIEEHE SEE N
Pt B2 50, B Fh 2 B2 5 B K D REAS 41 R, D)oK
AT & A N-way K-shot BRI RS,

TE I S AR B o0 B TNV AR S S B 1
il 777k R E o Ry 3 25 OB TRV 9 7 vk K T
KA EHE A I 2R i AR 7% 3 B AR AT 55 rh kA7
T 5 )3 T B3040 1 58 1) vk 3 ok 49 A A AR 3 [ R
fiE BB RL 1 3Z AL AR ) s B2k T R R 2 S W 7 ik
I BE S sR O T SRR AS 2Z 8] 8 AR AL
2.2 ETFERBMAAMEARDEERR

2015 4F Dai 55 8 UCHE T OB LR R AT
O B AR SR  BE e TE RALB B A B 0 JF
RPN 2, HORAE/INREAS B b5 B8l 2 B X 42 3% 42 2
5 TH s 8 D) 4% 548 ) S EGHE AT R0 o 2T A B
RIS TR 25 0ok v AR 0 OO A e R B R AR
fE, ™ BRI TR Y 5E N M. 2018 4F, Howard
e [20T 40 7 b IR E 5 0 (universal lan-

m n

FC-tanh
A CLS

guage model fine-tuning, ULMFiT) , ULMFiT A5 )|
Y 3 AP IR L. DA E F 4U0E 5 AT
HEAT TN 25 s @FE H bR AT 5515 5 B8 v 647 6400 B
TE BARME 55 4r 68 B EATHIOR . 5 AR AY A D))
FET ULMFIT 38 53 0 530§l b A B i A [a] 2 2 ) AN
[ Fy 2 2] 48, X TR Y ] — 2, Bl A 1% AR
o Al BURE = A o 2] RS B AT |aE L, H)
TR 55 0 = A 2 T SR AL I LA AL AE /A A B0l 4R
RS S BE | [ B A 2] BRI AF S B bR AT 55 1Y
AR,

F& BERT BRI 4R ) 2Z A7, 14 52 1 X1 i 75 45 A
SN PN R T LA BEAT 4 A T BERT #5284 2
B — A T IO Y R s A A R R SE H R
FFHHE S 15 5 A5 1 ( masked language model, MLM )
1N — A M 4T 45 (next sentence prediction, NSP) 3
AW, Efli— &5 NLP T 55 SE 8 T 24 i B 4l
A PEfE , R BLH B0 7 35 B B R E S . 2019 4F, Sun
SEHE BERT 5 (% J Al L, F 25 4 £ 3 4 9 O
BERT #5 5 LA fif R A< SCAS T A 3 | M 1 35 8 AR B
P22 4, R TAEIR A 2020 4 Mohamma-
di B8 H R T MO R [ 2 45 #) XF BERT A2 A8 4 g
R 7 VA N i O o @ o v I (S R [ N

| Concatenatef$ 864 |

[ Btk | - [ Bt | [ S |

[Bwms | - BER% | | BEm% ]
A A

Transformer Encoder

sformer Encoder

sformer Encoder

Transformer Encoder

sformer Encoder

Transformer Encoder

Transformer Encoder

Transformer Encoder

Transformer Encoder

Transformer Encoder

‘ [CLS] X, X .. X, ‘ ‘[CLS] X Xy X ‘

‘[CLS] XXy e xk‘

(a) m:BERT-CLS, n:BERT-base (b) BERT-Last

(c) BERT-BILSTM (d) BERT-ConvNN

4 57 BERT #EEMFHEME
Figure 4 Diagram of five fine-tuned BERT models

W 2 Fron, 18 30k-Intent ( 2 B 43 25 K 4
% M American Online #7 30 000 & JH P 16 & &=
B SCARH i) B PE % I, Mohammadi Lo [28) g% osf
YR W, BERT A5 A4 58 iof 3 4 45 0 BiLSTM
HE B AU &% SR A L ; 7E BERT BE AL Z b s 4
AR AR R A AR AT LA AS B AR 0y P RE B R

P22 ) 2% BOK B B A 2 1Y I 4% 5 R B
KM AN T EREEBEE, E 255
55 AL RE R AIC .

It T Mohammadi %[m ) AR AR Y 25 #2021
4 Zhang %' /b ik B IEI Gy FAR EREA U BERT
R JR T — O B9 A A B IntentBERT, 4K
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Table 2 Comparison of five fine-tuning models

5 A 44 FR TR 25 ) i R HoUE B /Y LI SE R (Accuracy)
U F BERT M % [ &y iy X 43 2% %
BERT-base A 8 B RY B b X A AT S5 Rk IR 0. 64
119 5% i)
BERT-CLS P B2 — [ CLSIE N e KA RN CLS] A4 KR i A, 13 060
¥ B2 2 i A FOXH 432 B PERE B9 5 '
BERT-Last Transformer f% J5 — 2 B9 & & B BHE[ CLST A A &tk i H & 5 — 2 i 4 3 0.62
U e IR A B 11 B0 B T A AT s i '
BERT-BiLSTM ffi ] BILSTM % #e 4 % )2 0 UE BILSTM W3R A5 th & i 82)2 ik 0. 64
B IE B R M 2 ) 4% RiE A5 4R R R G Ay 2R
BERT-ConvNN TSN R ol 2 1Y) 2% E S PR 25 T 5 8 45 B i SR 0.43

PEfE

R OL3AAE T B s 4500 A A B 5 50001 2R 0l 22
SRR W DL 4 AR H AR U B R B
Koy 248 55 v, o2 B s Bl i — 2, 3
IntentBERT E.75 45 558 B9 45 0] 5 M (anisotropy ) , 18 X
Ti1] i 22 (1) P9 4% 52 R BLBE 88 K, AN ] 1 o SCHE LA 3 9
B o 4% 1) S 1 4 1R) T, 2022 4 Zhang 4570 ] 4% 1]
[F] % (isotropy ) & A P & 18 S 23 [A] | 3 o 4 5% H A5 oK
B8R T U] 0T S5 X6 A5 AU ) AR B T 7 A I D)
AT . O FE TR L 2% > 1 1E WAk 5 @ 5E T 40 G R [ 1
TENAL, SEEGUE AT, PR b O DU Ak AE 25 G 5 s O 2

7£ BANKING77 Fl HWU64 45 4 [ fefig L HH o
IR 6 R AR

MR 3 R, B TR GO (9 7 ok B ey £ (H
e BN A s, WO 25 5 30 2 18] A BodE 4
FIRE R 285 25 77 A W 35 i 22 , S SO 1% 25 3 A it
WEMBOER SRR 250, R A Bl
YR RN SRR B IR E U K TR R T S
AT B AV ARANY o3 B 5 BARRT . g 1A
[ R, 5 2 TAESR 1 56 T 008 1 5 09 5 3 O
JE 2 2

®3 ETHAMENMEAROFEEBRERIE

Table 3 Comparing few-shot spoken language understanding models with model fine-tuning

HE Y S i A A w4 Tk Bk
ZH bk CE v
— ULMEST TREC.6 N T T e 5 % B B AR IR 5 IR BOHE 4R o A 2
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Figure 5 Schematic of SLU with metric learning
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A Survey of Spoken Language Understanding Based on Few-shot Learning

LIU Na"?, ZHENG Guofeng'*, XU Zhenshun"?, LIN Lingde"?, LI Chen"?, YANG Jie'?

(1. School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China; 2. The Key Laboratory of Images
and Graphics Intelligent Processing of State Ethnic Affairs Commission, North Minzu University, Yinchuan 750021, China)

Abstract: Few-shot spoken language understanding ( SLU) is one of the urgent problems in dialogue artificial intel-
ligence (DAI). The relevant literature on SLU task, combining the latest research trends both domestic and foreign
was systematically reviewed. The classic methods for SLU task modeling in non-few-shot scenarios were briefly in-
troduced, including single modeling, implicit joint modeling, explicit joint modeling, and pre-trained paradigms.
The latest studies in few-shot SLU were introduced, which included three kinds of few-shot learning methods based
on model fine-tuning, data augmentation and metric learning. Representative models such as ULMFiT, prototypical
network , and induction network were discussed. On this basis, the semantic understanding ability, interpretability,
generalization ability and other performances of different methods were analyzed and compared. Finally, the chal-
lenges and future development directions of SLU tasks were discussed, it was pointed out that zero-shot SLU, Chi-
nese SLU, open-domain SLU, and cross-lingual SLU would be the research difficulties in this field.

Keywords: spoken language understanding; few-shot learning; fine-tune; data augmentation; metric learning
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