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Abstract With the development and successful application of deep learning, continual learning has attracted
increasing attention and has been a hot topic in the field of machine learning, especially in the resource-limited and
data-security scenarios with the increasing requirements of quickly learning sequential tasks and data. Unlike humans
who enjoy the ability of continually learning and transferring knowledge, the existing deep learning models are prone
to easily suffering from a catastrophic forgetting problem in a sequential learning process. Therefore, how to
continually learn new knowledge and retain old knowledge at the same time on dynamic and non-stationary sequential
task and streaming data, is the core of continual learning. Firstly, through the investigation and summary of the related
work of continual learning at home and abroad in recent years, continual learning methods can be roughly divided into
three categories: replay-based, constraint-based, and architecture-based. We further subdivide these three types of
methods. Specifically, the replay-based methods are subdivided into three categories: sample replay, generation
replay, and pseudo-sample replay, according to the sample’s sources used; the constraint-based methods are
subdivided into parameter constraints, gradient constraints, and data constraints, according to the constraint’s sources;
the architecture-based methods are subdivided into two categories: parameter isolation and model expansion,
according to how the model structure is used. By comparing the innovation points of related work, the advantages and
disadvantages of various methods are summarized. Secondly, the research progress at home and abroad is analyzed.
Finally, the future development direction of continual learning combined with other fields is simply prospected.
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Fig. 1 Illustration of the categories of continual learning methods
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Fig. 2 Tllustration of sampling replay methods
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Fig. 9 Illustration of pseudo-sample generats replay methods
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Fig. 10 Illustration of Deeplnversion*'method
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Fig. 11 Illustration of EWC"” method
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Fig. 12 Illustration of IMM™ method
F 12 IMM™ iR R

Aljundi %8 A 3 A 3 DU A S 800 )

o 43 R A 2 B T B, T S A TR

8 2 B R AR 1A Ay T B AT A . T —

A B G2 1 I 55, 2 51 09 BRI 1 — A I 45

KU X, FURRAE Y, BT F, G 20T il A 15
FFAAE, B A ST TR

F(x:0+8)—F(x:0) ~ Y g ()6, (1%)

o g B MR Y F T SR 0B B, S N TE S

oL — sl LT, v LLE LS50, %0 T

1485
9
Aw,
Fas()
TS5 R A R
LTRSS PR A HITAE 55 AR K

Fig. 13 Illustration of Adam-NSCL"" method
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Fig. 14 Illustration of DMC"™”method
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Fig. 15 Illustration of LwF"" method
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Fig. 16 Illustration of PackNet
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Fig. 17 Illustration of Piggyback™ " method
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Fig. 18 Illustration of WSN™ method
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Fig. 19 Illustration of MARK™'method
19 MARK" JrR B &
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S/ TF RIS T TR RTATIN 525N (E53HA

g LRl LR I, 2800 B 7 LR R R A
THEAS 1Y (mask-based) , 7 T A5 PB4 55 % 1 1 AL
SR, X BT A SR TSR b FH A A o 45k 52
X — HAn. 5000 8507 09 E 2T 82 T
55 A7 X L B s AR 05, AH L AR AL AR SR TR N R
AT 55 B HE I 45 5 0 1 A, AR 2 AN
232 MEAUH DT

1 Ry B B9 158 78 40 Jé 7 1 2 —, DeepMind 119
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Fig. 20 Illustration of MEAT” method
20 MEAT™ hknmEA

Fig. 21 Illustration of PNN®" method
21 PNN™ JrkoR i

G P2 W2, 5 2 T 55 BRI, A8 25 R 45 2 i
(28, FOFE N — 31 0 2% 3 BEHL ) R k. 7227 ) 8T
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23 A Il B O 0 2Z i 45 51 ) 2% 1 DS 2 B AL PNN
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55 AR 2 1H ) 28 3l AN 75 22 4 Je LRI 53— T 2R
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Fig. 22 Illustration of Expert Gate'™ method
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Fig. 23 Illustration of DEN""'method
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Fig. 24 Illustration of CTrL™" method
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Fig. 25 Illustration of CPG™ method
K25 CPG™ FrikmRER
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H 0, (EL Q] R R AR R Y 3 A LA R v R
BAME S5 o3 B S H Al [ A AMOT 52 A E A

4 AREBEBERE

25 Bk, BIGE 222 o W e F 5 i ST TE
[ A M R T i S A R B AR A W13 2 AL L
(¥ 4 %, 14 4 T 45 812 ) 9F BoA XHE 55 77 51
1 B AT 55 0 G 22 09 R, BIF 7T 3 o Bk i
1) HC b AU A A 15 25 o Hp B P, e Ak
AL iEMs ] JnsE ] ER R SE RSO 3 AT
TR 35 2027 > B R K SR BEA T R B

1) Frgks 2 g5, AT A mMHFgE > T
A 3 B0 W) 3 e By 1k AR g X — H BR T 5% 7.
18t o T AR A R SR A R A 2 > S R 1 2 e o S 4
FR SEBT R 1 IS A B g 8 7 2 Bb B TH R 52
b ARIEEA U ZR B 25 R AT, BERUAR By ) 75 4 L
K 7 1H A 55 R R[] I 2 i i — LA 2 .
1, A 2 B — 4 BE 08 [ I 3457 IH R R p A =
B S R R A EOE S EVR R — Ao EEH
BA Y 18] AL A5 5L T DRy 77 1% P BES IRAF Y
FUR— /AR THREAS, G2 /N T8 A 55 A RE AR B, DRk
Qe ok A 11 2 030 H %0 28 ) A 1 A AR e — A ik
P )AL AR T AR BTk, SRCE R EE R —
AN 29 Y P A T, 3 s BR01R SRk [52] X 26 1Y
AR H T A O e I T R R AR, A DA 2
FLSLAE LR~ 2 5 v e PR SR i Y 24 TR A 1k
7] L, 2 — 4 OR A  75 R Y i)

2) FREEE S Y R E . IR Rk S AR
Ao TR B AR R AR S R E L R
SER AR5 S R BT AR S SRR R T HE
TEHSAE S5 Gt b, (EEAAE R AN ST | At s

JEN T NNE R e S ST T P W AN & s 4= 2B S
R B K Jre ol S A1 B T 56 P37 B s iy [l g
B4, /NEEAS 28 51| 3G 5 2% 2] (few-shot class-incremental
learning) . JC Wi & FF 4L %% >J (unsupervised continual
learning) . 7£ £k 5§ 2 2% >J (online continual learning) 7l
18 FH Fr 22 > (general/task-free continual learning) .

N TR LS R vh 27 ) 7 04T 55 18038 28 il I A
A HTFEILAFEAR, R G/ NRE AR S 1) 36 2 2 771
BT AT 55 09 B s = 4 0] D Ik, ey S e TH AT:
55 0 M fE Y R B PR E E AE N B R AT 55 b A T
SRR R AR TEXE ) )R, o R g ] BT
M — FR BN TCHR E 0 7 AT 55 2 23 - 3R he 0 i Pk st
TR [R) L, R B AT W B RR R I A B E S K
MEPE B L H W R AR S O ik R R
BN, BV RAE 5 v Dl g2 A48, o]
DL S U ) 24 /i AT 55 0 $is . (B 7 — S8 1050 3
s, BB 2 Y FIAE S5 Ik IR Vi al, P 7E 6
Fp gl o 2 5 PR GE AT 55 B0HiE A O 7 2k T X AR
BA SRR L AN ERAL S e KR,
SR B A 2] 5, e ) BERAE U 2 B BOAE
T S IE AT 55 09 G5 LA AT 55 Z R sh (B, 78
FLL N I e, AT AT REAT 55 il B, DRk
Rk 2 > T BB Gk B BAT 55 3 SR 0 A 1 g T
56 S bR N 3 5%

3) FRgie W ny N 3 5t e e A B T AE R
B3 KAL %5 BB BTz R, &l 2 AF B W g A
I 2 A AT 55 i, SRR [79] $ RE 222 2] R
FHE) H AR A AT 55 b, 2 10 SR A0 3 5 H AR ks
(incremental object detection) T 55 . J& £ — & 51l T1E,
T SCHER [80-831, 43 A A H Fn A I 25 5 . /NFEA 37 55t
PR AZ IR 5t R S 37 o0 G e © s R [R)
HEATBFSE. SCHR [841 K 47 2 5% > 51 A A L%t 4t 9 4%
B LS 1 28 AR 2R JOHTE ) 45 (lifelong GAN) F BF
ST, SOk [86-89] 7E IR IE S 43 I 1) B A
Frak2g > Yy st, Wil 1 i HF 218 X 53 %] (continual
semantic segmentation) 1T 55 . H:Alh 51 A R 22 2% 2 1 1
MY 56 A 45+ 22 3 4F 7 S (continual action
recognition) ™" % 4L %% 2] 7K 43 2 (continual learning
on text classification)”, & A £ A 8 4] (lifelong
H K 5 4 B (natural
language generation)"”” 45 . {# 15 V& & Y &2, 7 Nature
Communications 2022 | & & i) — 5 SC = 15 KR H ¢
B2 o] K figt Y BRLSURL V2 5 L S O T AR 7 i
(particle picking) 5 7, 2k fili Bl fig o A= W K 43 F 1)

. . . 92
person re-identification)
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