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Abstract  With the substantial progress in parallel computing performance of computing devices
and the continuous great breakthroughs of deep neural networks in various fields in recent years,
several new fields of machine learning derived from deep neural network models have gradually
matured. In fact, in the process of combining machine learning with other fields, not all fields
have enough massive data for deep neural networks to fine-tune parameters to convergence, and
quite a number of traditional deep learning models have the disadvantages of poor robustness and
poor generalization performance, which make it difficult to learn and adapt to unobserved tasks
quickly. The development of meta-learning on deep learning in the past two years has provided
new ideas to solve the above problems. Meta-learning is a learning stereotype that mimics the
ability of organisms to use prior knowledge and thus learn new unobserved things quickly. It is
commonly believed that a meta-learning model must contain a learning subsystem and use
previously learned meta-knowledge to extract the focus of a new task and dynamically select
learning biases. The goal of meta-learning is to maximize the use of learned information to quickly
adapt to new unlearned tasks, emphasizing the shortest possible adaptation time while pursuing

the use of minimal new training data to achieve rapid learning on multiple fronts. This fits with
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the goal of achieving general artificial intelligence, and the study of meta-learning problems is also
key to improving the robustness and generalization of models. The general meta-learning process
is as follows: initial network parameters with strong generalization performance are obtained on
training and validation datasets, and in the testing phase, the network model is subjected to a
small number of learning processes on the test data as the learning process of that model for a
task, followed by testing the model’s effectiveness after learning. With the development of deep
learning in recent years, meta-learning has once again become a new hot topic. At present, meta-
learning research has been introduced into the fields of data prediction, image classification,
reinforcement learning and autonomous robot control with a hundred schools of thought and
flowers. In this paper, we start from the origin of meta-learning, introduce the development
history of meta-learning systematically, including the origin and original definition of meta-
learning, mainly including the initial definition of meta-learning in the field of education science
and the later influence in physics education, and finally introduce the process of meta-learning into
the computer field, then give the current general definition of meta-learning and training test
paradigm, and also summarize some different directions of current meta-learning research results,
including metric-based meta-learning methods, meta-learning methods based on strong generalization
of new initialization parameters, gradient optimizer-based meta-learning methods, external memory
unit-based meta-learning methods, data augmentation-based meta-learning methods, etc. . and
statistics on the effects and ideas of some representative meta-learning methods in the above
directions, and a classification summary of the methods to better compare the different methods” , in
order to better compare the strengths and weaknesses of different methods and prepare the
foundation for further selection of research directions. On the basis of summarizing their common
ideas and problems, the research ideas of meta-learning are classified, and the different methods
and their corresponding algorithmic contents are described. Finally, the common datasets and
judging criteria in meta-learning research are discussed, and the future development trend of
meta-learning is prospected in terms of its adaptiveness, evolution, interpretability, continuity,
and scalability.

Keywords meta-learning; deep learning; deep neural network; generalization ability; adaptive

ability; expansion ability
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B 8 CAVIA %5 &K

LR EE R g0 ~ g A I ) BN A S
B0 RPRIE MAML BERE v Py JRAG 26 v 77 A2 1 R 2% 2
WA 2 BSOS A e~ hi D
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TE A FH SR 1Y) ) 468 I 23 ok 1005 . B B R 25 1 ik
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3.3 ETHEMUBHITEITE

— N B TR R LA T A 2 kAP
PRAVF ZREARA RRAR 4 1Y /AT, 18 30 Optimization as
a Model for Few-Shot Learning”!" i 7 — 4 F
LSTM fyese 2] & AL, 2 ) ks i i pe Ak 55 i
TEDREA RS N5 75— A5 2 B M 2 W 2% 0y 26 4.

T DI B 1 0 P — S B T e Y AR AR I
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FmH

0;20,7]_QIV5[ IL, (28)
17 LSTM EEOIR 25 14 3 22 3
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R TUAE 2] BT OR AR 2 SR T R RN fif % LSTM
RV BRI ML B c— 1 200 25 28800,
YRR LSTM W 2% 1) 4 A » AT i i b foo0 6 B T B
TA RO TR S 28 25406,

¥ LSTM Bl iR oc i & i S KNS % o=
O, AEEAE ¢ =V, | L, Fs BB al T 35 A5
SECR. BT £ AT L ROoR A S EIE X
MR wd, 52 2 RAHX R SR T e — 1 B ZI I S5
0 FBIEY L AVRIEL, CZ RT3 0 R
B AR B L o ) AT DR R A o) R T
PRI 2R VI A5 80 () 2 5000

,=c(W; [Vg_lﬁ,,ﬁ,,d Lsiio1 JFBD  (30)

XTI s B R R A 8 1, 2% )
HINSHCREE T R mch BV R (AR K B8 B
FEET 0 Wy OIS, v DAGE 8, o 388 05 Z il o B Y
0, BB E AT 6 3% 3 IZCRAS L £ B BB S 30 4,
-y

fi=oWi « [V, L. Ls01+fir ]+ BD

[] Bsf FR AT T AT L) 2 2] LSTM B2 2 7T Ao w0 46 18
co K co AR Ry T2 2 3 1 S0 o U 2R XA i
PRAB L TG 2] 35 e 2 2 H W vl i e 250

HEFIEMEMEF LTS A%
LSTM (1) B BT i B Ry 74~ LSTM S50 4l it
B4 MELLIEAT U 25 TR DK LSTM (1) B B o6 1%
B 2E 2 H A S BN N — A LSTM, X 4
LSTM Z A i 2 B3k 2, Bl e AT 0y 358 FL ) — 4%, 1
2 A Y P R R B AN ).

H TR A O A AR S A Y
T B — bk el DUAE T2 ) AR I L B
JEE RN % B T AL B AR - Tl Ak SR T TR B A R Y
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A P=10 i} B 4T

J(%,s}{n(r)), if |x|=e

1(*1,6”1), HoAt
3.4 ETIPIBICETMTEIFE
30401 ffACAZ g R R R
i X “ Meta-learning with Memory-Augmented
Neural Networks”"" $& 4 . f 75 4 4 50 7 1t
AE AR Y (AR TR J3E 22 J2 1 28 I 205 25 o o) HE B AT 55
LG R il T A AR 1 ol 2 10 4% 3 ok
JCAE A I D7 B R/ R AR 27 2] B[] . 18 302 BR i 2
K RHLINTMs) , 5] ASPERAE A RE e, i ] LSTM %
e RNN fE il g, 1830 $2 Hh LSTM A 8 A4 17 ik

(32)

AN RE I A HSOHT A 55 )5 R R 2 A R R 5 B 1
K LSTM A JT e i A K i A 212, (H
AN RAEAE IS - B MANN [ i 4471399 70 4 09 3
TCRE T - 38 2 T A I 9 12 58 BB A5 B AY
i b,

SEVEANIEL 9 s e BRI 1) 206 155 PR3 A AR AR
o b AN R 22 AR RS - i AR i i 9 45 2
& 2 M PNARSE. 7 AR episode L BEALA B di 4 70
fii p(D) Hf R A 2RI G5 K30 » DR A5 0 ) 8 46 H
PR

6*:arg[)rninEDw/)(D) [L(D;0) ]

B T B 1k %A 9 Label 76 048 5 1012 45 I
episode FRE AT AEHTAL.

‘ External Memory ‘

P

output

output

9 SRS I
B AREAS o8 5 5 1 A5 B — A &, BEEL £,
B T V7R SRt 9 A B0 A SN B R
(BN RG22 [ 9 2% 52 AR DL A2 JC AR T
exp(K(k, .M, (1))

w) (1) < (34)
D exp(K(k, M, ()
MANTRAFAH LI N
re—> w (DM, (D) (35)

Fic1e5 A S F A7 fE i LRUA J7 35 (Least
Recently Used Access) , FI| LAY &, B AL E F1_E— B
() A5 11 s FH RS 1) 28 1 i 15 28] 224 iy s () A5 1) £
AN

wy <YWl Tw Twy (36)
I A A B 158 s e /D AN T
W 7JO, if wf (D) >m(w) on)
w) (D)= ) (37
11, if w (D)<m(w*,n)
BE A S A
w<g(@)w—; +(1—e(a))wis, (38)
MR8 E A E 10T AR AE A -
M, (D<M, (D) +wi(Dk,, Vi (39

3.4.2 surprise-based #1277 1%
& W “ Adaptive Posterior Learning: Few-shot

Learning with a Surprise-based Memory Module” "

AT ERG I 2] (APL) 8 g —Fod i idfE &
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2R RS EE I 45 BT LLALG Ok B AN S IS A Al Y
R R T X Y BT AT 45, APL 2 4 X i A R
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A — AR ZE R s L Gl E R — S B R 45 SN ER AT
fift o — A 5 AE A 22 56 1 B % 4 — 2 %) N B
) —ANJE k. S F o 250 A7 6 3 AR i A
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. APL B354 “surprise” & Xy 5 h5 % v, BN AH
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1% 1 R Y S 5000 41> ) 8] 25 57 3t ol B /MBS
SUIR AR 2 A T S 5

APL i i — b ] 50 5 ) A7 428 ] a3, e
BT surprise” (15 5 8 5 5 AU 19 WA S AAE
fif. TS T B A4 kR T @A e T
AL R 1A A 3% (A5 Il 25 00 45 & 1 T HOE P
XA BRI T A B L S TR A N
3.4.3  JCIC LT o] £ 45 Y

£ X “Memory Matching Networks for One-shot
Image Recognition”™ #& 44 T Memory Matching
Networks(MM-Net) , MM-Net ¥ — 2 #5710 K 4 (3%
FREO B FFIES A G012, TR FRAT HE BRI 42 Hp

th o DA 4 1 3t ) T4 5 #  JR L (R IR I A2 A
AB|—A BT 305 ) i 6 B A28 ) 2% (RNNs)
R FM AR ARIC ER B CNNs 240 K CNNs JIok
] MR 2R Ll i 5 15 ) 45 R BE BT L1, CNNs
R A A R AR T R B RO T8 I 4 E R
PRic R i A 5 SR R 0 B — 1 T 2 8] Y
FROR AT B AT 22 1) 19 A AR B2, i AH DL 9 T8 45 1) s 262
PP BLL XA AR bR ic iy B .

FRE A SR 1B (R 112 99 28 A Sl iC A B L o 2 531
AEE B GRS T SCAE B A B (RS Al 1931
T T A AR R R A SRR S g A SIS
IR MICAZ MN R T 7 S Re i B SUE B
3.5 ETHEBENTEIRE
3.5.1 MetaGAN X7

5 “MetaGAN: An Adversarial Approach to
Few-Shot Learning”™™ $#& H 7 — 4 fa] 2838 FH 1Y 4E
8.0k MetaGAN. 3@ i 51 A — >3 TAL 55 19 %) it
He i 2% (Adversarial Generator) , G A0 >
AT T R A AR A X A ELSE R S R
R A 3 R v, BE 6% 155 1Y 4R 3 — A4S B A R B
RS W TR A YRR AR SR IBCRE ). R i HE
R I A B By oo o A J7 . A AR b AL BEOR B
0 R

AN TC 2 2] TR GAN A= RS iE 17 25
A GAN BRI AN 58 56 AR s T UTE S [ 5 8
P IR IE Z 18] 2 AL B K DT Sy 23 2 4% 2 14t
SN YN ZRAE S JF o e S0 0 530 S o 0 . L Ak L ko
T N-way #9702 AE 55 48 R 73 28 & da 7o) 4 3 DA
N SEE] N+ 1TCYRRZE S N+ 1R i R .
DA A i R AR B0 79 M 3R A X BT A BT [ I
Wkor2eds D AN E G.

I3 AR A0 O3 D A B AN R A TR
XFF I AR RO 4 TP R A R A B B L e 2 e
ity SR B LRI BRAE v 0 TR LAY R A R a3
IR T B AR U A N+ 1 %F T J5 4 s 46
TeAR 2 e . B T A RIE KBS R & R, Rl
AR y=<N RIA].

L= L persised T L nsupersised (40)

L pervised = E 1y~ logpp (y|z,y<<N) (41)
L insupervised = Er.y—qt. logpp (y<N ‘ x)+

E. ,rlogpy(N+1]2) (42)

A s B A] BE 1Y B 7 o 28 A . 1k R AR R
Bt R Ry SR PRI AR O SO
Li(D)=—E, ;logpp(y=Nlz)  (43)
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HEAT T 5 Ay TG SRR B IR T — i 1 BT R D ST YE T T
B I R R T B A1 0% 5 O A R AR e, R

UFEIEE G L IF Ho AT SR HAT 2 B 27 ) BE ) i
RIER AL 7 — AN JEL gk
3.5.2 HRELJfAERY

1 3 “Low-shot Visual Recognition by Shrinking
and Hallucinating Features”™ 3% 1 T #:1E )4k 1Y
AR 3 g A G AR R Tk S e 5 kg Xk B FR BE R Y
B RREAS . LAY 53 Ny 7R 55 2 N REAS 7 2 A
BRIy FEFR R 5 2 WY B 5 T A A S A R U ) R
fili 28 b 52 IPORS 1 R AR 3R . TR/ MEAS 2 2] B B, 2
A e HUE A D R R 8 B R 2 i R R A 28 Y
B 25 18] B2 2] 43 e Al

TE/NEAR2E T B B o il TR R BB Bk = L (7
3 2 s X LA £ 31 12 28 T o B Y 2 A R RAT — Tl
FEOR I 5528 SR 20 HA HAE RATRE T E f X
FEor AR ] RE 15 AR IR AV S5 18 - TE PR | 7EH
R ERAS S B2 B A A AR S A T LA ) (R
PREE T BREAS (73 2 % S IORS .

FREZIAC DT v E B T N A ek
AE T CY Wt 528 e HAE AL B R IS . 45 —Fh
HEr ITsh K . s ML E7E Wil L
Y. 856 70 AR 2 b B AL B IO T I X)L
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A AR BLIE B Deos (cf — 50 — ) d /. ¥ U ITT A
Cefves et sen )R L) 4 G A O A 304 4 P R I 25
A GO AR SR G B IR EA (el el ed) A i
G HE R cf.

WO $ T — B TR AR A O AR 7 R
SGM. g /b 1L R B R Bl 2R o3 28 d FAE /N B
P EINGRny o e Z A 22 5 7E /N EUR 46 B A
TRz Ak g
3.5.3 CPAAN 7l

X “ Low-shot Learning via Covariance-

preserving Adversarial Augmentation Networks "

R AR A ME 2 o el 50 2 20 05 o A 0L B Ak 2%
o A BN TR) B BR R TR AL S =2 I 4 B 2 R R
PAGRAIE 43 7 1 — Bk

T T AT DR ) 4% 1 R E B IS AL 15 3 A ok
P 9 R I 27 R D R s i SR 3T 5 A
B2 RN T A 3 At 2 i R KB R Ol 28 R 2 ) 1Y
FEBLEE . 4K J5 AR 4 A 0L 32 8 B S H22 0 19 & 284 M A
PRy,

Horp, Y, O B AR 28 4 v, W bR 4. 1R
ALy XN A SR A

BERR T CycleGAN A g A= Jl 25 ¥4 2f 52 B
X I AR DL & 2 1) 1 A LA e L 2 ORI R T
FEA B /D BEHLER N T W = (7 28 1Y 23 A B
mZFEAk.

IR » BTSN T AR AL S R il 5 114 By O 22 40
I B 1 DAy R 4B 2K R RO — TR

Lo (G :Ey”NY” EE}'I)NR()/”) [a(yl; s Vi ) Aoy (V5 3, )]]
(45)

3.5.4 Imaginary data f& %!

&3 “Low-shot learning from imaginary data”™

it A IR BB TT LA SRR AR B 2 A L T R S
B AF B I0 7 L 18 SO i i A S R L B 4R
B UM SF I R TR BB Y REA B AT
A U AN TR S A B AEAS S BLEUR 9 78,

A A B T e = G (2 2506
Horb o Ry B KA = S BEALME A5 R R A R
1 O I 0 508 B8 b 58 5 — SE T 3 2R A R R AT I 5.

VR I8 A Bl 3 i A BRI A o ) 40 T g
233 PR 5 SCECE S — E X R B T R &R 4y
FROR. R 2R A 2 A8 R G S S AL AR —
AR S B B S 1) 0 4 A Ok DLORTEZE BRY HE
LB f5e T 55 A B A R Y.

4 TEIHARFEFTIIER

4.1 TEIEBHFRILE
L1 B

M: mini-ImageNet {5 £ ;

O: Omniglot £G4 ;

S5w-1s: 5way,lshot,5 2328, & —2 H 1 4
AT G 5

5w-5s: 5way,5shot,5
A TINS5 5

25 W 4% . Siamese Neural Networks for One-
Shot Image Recognition;

VCHE X 2% . Matching Networks for One Shot
Learning;

JR T R 4% . Prototypical Networks for Few-shot

Learning;

Gr 28 B R 5 A
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FZ M5 : Learning to Compare: Relation Net-
work for Few-Shot Learning;

TADAM: Task dependent adaptive metric for
improved few-shot learning;

MAML:
Fast Adaptation of Deep Networks;

Model-Agnostic Meta-Learning for

MTL: Meta-Transfer Learning for Few-Shot
Learning;
CMAML:

Learning in Nonstationary and Competitive Envi-

Continuous Adaptation via Meta-

ronments;

MLAP. Meta-Learning by Adjusting Priors

Based on Extended PAC-Bayes Theory;

CAVIA. Fast Context Adaptation via Meta-
Learning;

LEO: Meta-learning with Latent Embedding
Optimization;

MANN'; Meta-learning with Memory-Augmented
Neural Networks;

JuF M 4% LSTM: Optimization as a Model for
Few-Shot Learning.
4.1.2  BERIOR A

1 L Fh oo M BRI YE mini-ImageNet 5
Omniglot BCHE 4 | 37 /IVRE A5 2 T W i 25

x 1 TFEIEBTE mini-ImageNet £ #E £ 5 Omniglot ¥ & E NI IR A EW R LK

Y i) pi5gi%e M-5w-1s M-5w-5s O-5w-1s O-5w-5s
A5 [ 4% Ji5c Eggg;zgg%ﬁﬁ”%m%(ﬁfﬁ{%Eﬂulﬂlé’@fng‘ None None 92.00% None
VETE 19 2% Ji & Eg’;%jr/'\%méi”ggggjgﬂgﬁg&&F AL SR 46. 60 % 60. 00 % 98.10% 98.90%

| gk At b o 0 R K T
JEUR [ % B ;,é;*Wﬁﬁiﬁfﬂ;{%ﬂ/'\%@g;ﬁjggj}%m#zk 19.42% 68.20% 98.80% 99.70%
SR % i it ﬁ%;ig%mmﬁi‘%ﬁ%ﬁﬁ WXL UABE o0 o ess2% 99.60%  99.80%
TADAM Eg o B i ROBE JEAT 48 s R 2 SRR AE SR AR 58.5% 76. 7% None None
MAML WAk g’jdggg‘fﬂfgﬁﬁ;ﬁ;%iiﬁ R AR i X 18.70% 63.15% 98.70% 99.90%
16 MAML 36l 151 AT RS 2% 3 S AR L 00 o 4 . o
MLT FIhaia %l‘%ﬁ%ﬁﬂ‘ 5 B L = 61.20% 75.50% None None
. ¥ MAML H F #5555 8 A5 (01 s 1k 2% 2, ol s 7%
CMAML - #iife S A6 A B 25 50 1 6 L 38 1 None None None None
, o 7z AR 22 30 913 o DUk 30 el s I 2 o R
MLAP FIREYie 2 1 o0 1R L 33 AL 66 1 None None None None
VERSA Ly aYia i;r;ﬁ;;%gﬁu%zﬁﬁ%%ﬁ’ﬁxﬁ% i 53.80% 67.37% 99.70% 99.75%
k= o= VA .
CAVIA fukexie g%@ﬁ?@%{fﬁiiﬁﬂ%ﬁ%ﬁ‘i/\y%ﬂﬁfi fLEE L 51.82% 65.85% None None
2 G Y Z é/r;% S \‘A,»X»/:\‘An

LEO ey ﬁlﬁﬁjéfgmﬁ@@%ﬁfﬁgﬁg%ﬁﬁ 61.76% 77.59% None None
TG B - FE N SUR R T E PN e I S b i . .

LSTM Huteds e e 5 1 1 43.44% 60.60% None None
. SRR KR NP N Ve T RV S cara i CRTRE VA (U R~ . )
MANN SR AE G 3 L DL B 3 None None 82.20% 98.10%

APL Based-surprise AR P 1580 1 >k B B iC A2 2k 97.90% 99.90%

MM-Net 2 4Z IT g (¥ 4% HURSR FHBLTICIC K 56 A Dy i AL BB i | 53.37% 66.97% 99. 28% 99. 77%

B3 BAE R RICAZ

4.2 ETEENTEIFENTALE

RS k2] Fofg o€ X SR #
HEFE N A S (8] e, € ECSRY Ll 3 X H AE R
7S (] A R AR AR 5 25 A SCHF SR R A 10 R B EE R
Gy BE R OT A ) U Wl R S = A 4
(D BSE fCo) B SCHFFEREAR o€ Dt 3k A
ZEE; (2) WeiffgCo) AWML AR 2 € DG}

R AT E; (D FER I sCoy ) EEEMAS
I Hh T 2] 1Y B oy XL 3% R O v 1R R R IR
Y i N BB B8 4 2K T A 0 B X4 PR R AR L T
o T BRI d I A8 A ik R A AE /D S b EE LG
ORRU

ARSI AR 1) B B S 10 T2 2] I 2 R H AR
k2 K.
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AR IR s 7 B AT 55 B IR] 1 25

TR 5 H AT Y RE i 5 IR A L 22 B BOR.
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S ECH A B9 RE AR T 5 e g 2K A R
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U SR S — R E AR S L
AR E LT XN EZER

[7) g 1) 5 e AT 48 IR o0 A1 JBE R R KR
I3 SN X 2

55 B9 2% 5 T 177 B 5 46 k48 J % A A
5 270 P R BE O PR AIE B I o
R AE 55 R W MR T A 55 320 D E B
IE B2 B B0 AR 2 21 fE

2R N 2 S5 R P AS X BRI s 2%, S
BRIt £ o) =g (o), g5 4  CNN. B & J7 ik
sCou o )R A ACE (1) L1 BRB. 254 W 4% 38 T T
FSL #1 OSL, Ze 4= 2% #E Meta-train By Bt i A H [A]
— K — %K F . &1t Prior tasks Y 455, X 45 {d
R — 2R gad gt £ JE ARG A 2 58
SRR AE Meta-test By Bz, 8 i ¥ A W SEFE AR 5
A SRR —— T X iy A R 25, AL BE B K1 3K
FREFEAC IR 2 B O 000 26 {5 By T 40K 5 ok D i
HEAT A3 JE T L AH BT B R A 43 2 AT ARAL.

VT TC P28 F e 5 f (o) F bILSTM # A, g (o)
B CNN A i3 2 AL LSTM A, B £Co) #~
gCo). BRI sCo )2k ] Cosine AL JE. DT MY
2635 ¥ FSL AL OSL il b v 28 ) pLil . vl LA &
7 15 3] 2 1 FE R A RN S A P B A AR A B AR DL
JF H LSTM A R FRAE $2 AT DA 51 A 32 47 52 A A (]
AF R AH £CO KRB LSTM 2 fa =i A S #;
SRR Z [ U5 S, 25 T8 B A6 B2 T R S5 AR AE 1)
[i) AT S 45 S A AR ) B 7 B R 0, AH LY T
K. BIVREA P 23 AR R AR B b 532 i A5 7R M g

R R 45 e S f Co) F g Co) A [A] () CNN
Git, f ) =g JEREITE sCoy o) R BR
B, VCHC ™ 45 3% F F FSL,OSL 1 ZSL, £ 8 45 4[]
W SCHF AR AR A S 15 B A AR 4 ik A ] 2t 1 34 (LA
RZE I R L A AR AR R 5 A SR
FROHEAT — IR B AE S AR 28 A 2 A AE 2 IR LAY
5560 el il R BE 6 02 Bregman BYRE P i —
Fofr o AH H R T AR s B e folf P R BE B 1 S 1] 5 it
RIS Z A BBy n] DL —E PR B Ay, B2 )
R 25 R T R A m & EGE R ER T
T EER.

KAWL £CoOF g Co) MR ) CNN

G5k, (o) =g Ceo) MR TT#: sCoy +) 2K ] CNN
T4 R A5 L Bl — A B 5 > B 2R R 28 A i
S Z M 4538 I F FSL.OSL #1 ZSL. #4858 £
SHE R A EREA S A SR EEAR —— P 5
A sCo 138 keway G320 & A AR RLEE AR, (B R
R0 X8 o7 S A R 1) B 28 B Sy B 2L AH B T B 4
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i EE FI3E NV RE S 5 5[] I 2 > d5 00 1 i A o R A R
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Background

Meta-learning is currently a research hotspot that aims
to solve the problems of traditional neural network model
which requires a large amount of training data and iterative
steps, and performs poorly on less sample training data
tasks; cannot share the experience gained from training
between different tasks; is poor to adapt to new types of
tasks, and each time have to start training from scratch. The
training and testing process of meta-learning can be analogized
to the fact that humans can quickly learn and adapt to new
tasks after mastering some basic skills. For example, children
can quickly recognize the animal through one photo of an
animal, corresponding to Few-shot learning in machine
learning; Even without the need for image photographs.
humans can learn to recognize new types just by description,
corresponding to the Zero-shot Learning in machine learning.
The basic knowledge of the world and the cognitive basis
of behavior patterns that humans have mastered in early

childhood correspond to the concept of “meta” in meta-learning,

that is, an initial network with strong generalization performance
and a rapid adaptive learning ability for new tasks. The
purpose of meta-learning is to design a machine learning
model that has a learning characteristic similar to that
mentioned above, that is, using a small amount of sample
data to quickly learn new concepts or skills, and learn
“Learning to learn”.

This paper is supported by the Key Special Project
of the National Key Research and Development Program
“Key Scientific Issues of Transformative Technology”
(2018YFA0701700, 2018YFA0701701).

In this paper, first, we clarify the current meta-learning
research advances in different directions, summarize the
common thoughts and existing problems, then classify and
describe the research ideas of meta-learning with corresponding
algorithms. Finally, this paper discusses the commonly used
datasets and evaluation criteria in meta-learning research, and

forecasts the development trends of meta-learning.





