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Figure 1 Low-resource few-shot continuous

speech recognition
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Figure 2 Advanced deep learning framework in few-shot

speech recognition
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gradient sign method, FGSM ) A= i X HT R AR i 17 %%
Pt om | 5 — SO A ORI 1 5 O AN ) AR AR ]
DURE T Y i 2 BB S sh A8 7 E %05 A e e
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SRANAL IS Z AT 55 h RS R RCR

BETESEEMN A WE Ik E T ARy
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25 5 ( autoregressive predictive coding, APC)"'
s Ak A 1] U ) 2 A ( vector-quantized autore-
gressive predictive coding, VQAPC) '™ 5 #4725 i %
Ze A (transformer encoder representations from al-
teration, TERA) " HuBERT"*" 4%

W A HP A 28 A B R R A 2] 2 ey
W, HRA AR 38 5 F 2l 3 A AL S 481 ( TEA451)
AFRALIZ ] (S 4)) PN — >R BB | {145 1 il 7
S Ly ghe X I AR AR5 5 () v e AR e, e 22 S B9
B, RH AT LA Sk 1 2 B 45 455 25 (8] v 2 ) Bk
ARWA BRI, 50 R R T B NTE IR . ThiiE
W G i e 11 5 T ) Ay B /DA I 7 X LU A T (noice-
contrastive estimation, NCE) *?' &% InfoNCE'™' | L7
TG B W B 27 ) AL 45 X B 10000 25 65 ( contrastive
predictive coding, CPC) \wav2vec“‘” Z 4 XLST 4,
DL wav2vec2. 0 R, HXF HLBR L, 5 U
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AR, PRt ) B R os s iRm0
FEATE B PUIUE 55 R U, X R FORAETEAH S K2
TTUAR  TEDREAS I 25 0 T BB A DAUAT 25025 B i
SETU4R  JF BRI S8R B TR DREAR S i
WGt WG . PRI D AEA T UM 55 ok Ut
JE ST A h AR B (Y R B AL R | R 42
RN PR TR T
2.3 REBKES

SRk 2] R BEAK (agent ) 5 R 55 AN W A8 Ho 3K
FREREE S AT 2% 2 B 7 i AN BT b — e i
7o) HIE S PR 1 AN W 58 B SRR LR g, H
S LR 2 TR A Rk g 3K i B2 ( Markov decision
process, MDP) . 3 JLAFSK 2% 2 15 05 53 2
B TERI LR, Ju HZETE AlphaGo FEAS IR B
SRAL S A BORSE S I TN TR M i T ), IR
SRAL ST N TR BRIz . 4R, TR EE SR AR A
HORTETE F R i D, FZEE P EWA T
TET 3 R FE SR W 8 R A T A R A AR AR T [
ISR H A pRESCAS PS5 s R 1 P SR s Ao B B8 e i
AR I i o B ) e AT A R s R i A
> TR ARTE B R s FEA T2 M B N R e DA
FAFIRL

U BT 10 B WL D e i 25 2354 )85 AR
FRGAE YN G sk >R 28 S0 I 2 oz D) 0 2280 00 i <1
(teacher-forcing ) YN %577 1% , RIS 2% 45— B Z i A
SR 240 SR A A R T A DU R e =
HEAT AR 5 TR TR i | BRIk s 2 B — B 2 B A
Ry b — ez AU 2R R A R B AT M AN
— B, Wl 2 2 T o) 7 I 2 Rk
e AN [ 2313 v A T, A7 DI R i 2 T )
PRI Tjandra %55 45 2R F S8 A2 > D1 2505 12, DA
i 14 27) 55 TR T 1) S B AR S [ R R, R
FHRE A BE T B AT BN S, 7 S K AUSR i ) T
HARFAW R TR, BEJE Tjandra %5 3 — Mk
WIZRDT 2 850 T PR [) B8 755 9 R 91 2 [l
R KB TERE 98 B D A5 -5 2 Il iz R BT LA SRAS:
EARAE R, WAk, FEAT 7 2 S I U, Luo
SEUTBR S — DL T IR A A A AR e 2% (hybrid

autoregressive transducer, HAT) EH P L R
G 3 Fr 8 i R
SRAGSE S T AT E BRI Bl
AN ERR B A TChR B nT DL 75 ]
(B GBI 7E T A1 R RS e IR 45 R A PPN HL
o TR A 2 AR B AHLAZ B A 2 P A
Flsg Al 2 R i S PUN R G T B BRI
BNt — A EEREI M, 0 Kala 5577 42
R R TChR T £ s | DAL B2 S 2 T HE
T R G BERY 5 1 5 Chung %50 $2 H — Rl fk
= 2] AP BN SR 7 %, BIVKE B 3 5080 SR FH 28 SO 1
MU 25 ; Radzikowski 25 B H KXo (2% 2] R,
A2 TS G W 5 A TR B R BRI U R
G E Nk, feii T ChatGPT B SR B,
BT NE R s 2 5 TR R 1Y OCTE,
S AR AR D B B S 5 T B R0 v JF AR 4
STV R AT IR R AT I B ) — IR T I
2.4 JTF3]
TR BE 2 2] 7 et BRI A2 b T B AL 1Y)
S | PRI D) B — ol B A o] O Aok S LD AR
ARERRFTHARMN YA, M ITE N
AR EE 2 AT BT R S TR R R 8 ), BT
UTIABFFE AR IE UG, A B 5 T ) R i
PG AR BE 2% 2] T g VF 220 )
2019 4R AT I T A o0 ) RS MAML 45
SR N BV B PR UM s 7ETE & R
LW WA RIE SR AR AL % R 5 R &
D ={D, D>+, Dk}, MAML B(# Reptile | H]T:
FERGRAIIIFIRIIRL S 0, W THAATE 555
& D, AR HRS I SEL6,, B ARAITC Y
T2 J5 R (A MAML 53 Reptile) AT DAKR K
0, = Learn(2D,,0) = Learn(D, ,Metalearn(2)), (3)
ME(3) FTLLE Y, 30— DR e AR
fe ik i Learn( 2.,60); b 1 i 2 2
Metalearn(2D)
BERIIR IS EL 0° FIAT 55 Bl 2., WIATE 55 48
A2 KR H
0'= Learn(2D,,0") = arg;nin Lr(0), (4)
IR AT 5540l 2, 2 R4 Hy 59 2
L D, M 2, = { Dy, D}, WA
0\ = Metalearn(D,160/1%_) = arggnjn L¥(8); (5)
LYra(0) = E, oy Epp e Loe(0) o (6)
THEAE S TIMIT 1 #ARE I RHE R
22 i MAML 350 Reptile 53% , 3513 F50E T o0
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R g 0 B B2 T U TR RS iR R
R AR ST 1) 13 FH 3 55 1 5 3 ] B o = S 4
2018 4F: Klejch 25 4 Hi R FH G2 > 5 ok b A7 i
TN A I R A )1 5 R 3k A% 4 2 T 1), i 5
SEIRFITCE 2] 3 nT LUk S ST A W B A B it
AN, I AN HA 1.5 M A~S400 DNN
SEASRURE AT 24 10 M B b B Y B B BT BT R
2#>] (learning hidden unit contribution, LHUC) )2
2% 38 0 7 1, Hsu 252047 3R s 591 3 42 28 (14 0
W I (MetaASR) J5 i, BRKEAS TR 5 A9 ASR A
NREARFATSS , I H A MAML 85k 0847 45 8 497
ANk, T 6 FBFAE M IIZAL 55,4 PGS
YE R HFMES . 45 R KW, MetaASR & F 1 T e Jt
PR ZAT 55 B 507 3, 2020 4F, Xiao %510 fif 45
MetaASR J7 15401 215 5 o0 > i & R 5] ( multilin-
gual meta-learning ASR, MML-ASR) J7 % , Bt 51~ Ui
T ASR ] 853 i 0 22 /N B ASR TR AR 55, SR
Je RG22 S AS [R) RS 5 A 4T 45 A B 490 4y
1k, APEE B R F B AR iES . Hl TARES
B ISR R 35 22 G0 s i 22 SRR K, B8
T ousE > FAT S5 B AT 55 ME & AN 1) 81, AT
FECT ZWEF U R R, R Iz A A AR
H TCXT PR AR 27 ) J7 7% (adversarial meta sampling,
AMS) e 3 AR [RlE 5 AL 55 iy AR g el 0
B IR AT AR MR AT et B S R R Gt e R
PEi%,2020 47, Winata 247 ¥E MAML .34 36 Al 142
H 5 JE 36 T02% 2] 7 2R DHEE A S 91 11 3
FETR A DX IR DX S8 5 A 55 iz i i I Tk
Wi, [AAR, Winata %1% 4R H 2 F MAML
HIICIERS 5 > Oy P R G b A 0 i 221 & TR
B, AR T R S G O A %

JLAFE AR 1 S — e 3 AR, O e T
JCHIR ( meta-knowledge ) FYZRNEFIZRHL . 1 7EAT 55
e AR R IR RAERE 1, BB AT 55 1
ZALRE I, H RITE I 2B U B N T
)L F I TR AY MAML  Reptile . ANIL 255
X SRR AR SRR G SE Y | H R AR AR I
J, TeE NG T AR AT 55, S B A
217 (223 BRAEARAT XA 55 DR 1o 1Y) e

DAL 4 e R 2 S HER A e i, T
ARBRFTTIE s U SGE s ik 1R,

3 FEREBFHE
JEWFFEN AAEARGEIRIE & YU Iy 1A — e

x1 BRREFIRARFEFAIL
Table 1 Comparison of advanced deep learning techniques

and methods
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e avs o i g AR
o NG W4

J& AR MINA B SRR 7 5 NPk~ 2
il A 2 7 T FLAE DI R Ay T, 1A %5
B G /NI PR O 75 o 1 5 R 1 SR B S i 1
FRIE R VA TR HIOHE AR ISR A B A A7 BRI 15 1
FEIRMESE . R I A 32 2 ) AL LA R LS
3.1 ARAFEIEAWASEHER

TR B RE A2 > 1 AR 25 32 B 43 TRl 27 Al
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Overview of Recent Progress in Low-resource Few-shot Continuous Speech Recognition

QU Dan, YANG Xukui, YAN Honggang, CHEN Yaqi, NIU Tong

(School of Information System Engineering, Strategic Support Force Information Engineering University, Zhengzhou 450001, China)

Abstract: Low-resource few-shot speech recognition is an urgent technical demand faced by the speech recognition
industry. The framework technology for few-shot speech recognition was first briefly discussed in this study. The re-
search progress of several important low resource speech technologies, including feature extraction, acoustic model,
and resource expansion, was then highlighted. The latest advancements in deep learning technologies, such as gen-
erative adversarial networks, self-supervised representation learning, deep reinforcement learning, and meta-learn-
ing, were then focused on how to address few-shot speech recognition on the basis of the development of continuous
speech recognition framework technology. On that basis, the problems of limited complementarity, unbalanced task
and model deployment faced by this technology were analyzed for the subsequent development. Finally, a summary
and prospects of few-shot continuous speech recognition were given.

Keywords: low-resource few-shot; continuous speech recognition; generative adversarial networks; self-supervised

representation learning; deep reinforcement learning; meta-learning



