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Deep Learning for Class-Incremental Learning: A survey

Da-Wei Zhou"  Fu-Yun Wang! Han-Jia Ye! De-Chuan Zhan"

!(State Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023, China)

Abstract Recent years have witnessed the progress of deep learning in many fields. Current deep models are deployed under the static
environment, which requires the entire data before the learning process. The model is unable to conduct further updating process after
training. However, data in the real world often come with stream format, containing incoming new classes. As a result, an ideal model
should learn from a stream data and enhance its learning ability. Such a learning process, namely Class-Incremental learning, draws
more attention from the machine learning community. Directly updating the model with new class data will cause the forgetting of old
ones and destroy the total performance. As a result, the incremental model should learn new classes and meanwhile resist catastrophic
forgetting. This paper summarizes and classifies recent class-incremental learning algorithms from three aspects, i.e., input, parameters,
and algorithm. Besides, we conduct extensive experimental verification with ten typical algorithms and summarize the common rules
for class-incremental learning. Finally, we analyze the challenges and future trends and conclude this paper.
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W FCE L

S A B 1) 3 S A AT 2 I TR R 7 A R
2 U1 o, A S A R B 2SR A i
FHEHAFUS LT G b, B
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Z W B AR A . XA E ST
W58 W R AR 2 ) 38 22 5] U7 (Blurry Class-
Incremental Learning). #7155 H1 4775 1) IH S FE A A
PR HE % [l i DAAE 1) 20045 B, DRI X B2 /N T i
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TR EE « A R DAHRPU R MR . Bk,
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THELLF I TERE.
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SRR R AL A 55 ST 1 B AL AR o,
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TE5: SHAT 550, R B S M A FE R, 4
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FEIX —J5 i, e 5 A S B B R
4t EWCE (elastic weight consolidation), 1% J5 %
WNTEI RS RE T, AP AR5 e B K 1 )5
AT Se 00, JF AT UK RS B R AT RS2 2.
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HKALAAHALG TS5 0, IR b MES I
i DY I EERE Q:

. dlogpe(y [ X) (dlogpy(y | %)\ "
X~DP y~py(y1%) 06, 00, :
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VE R BT ELR log pp(y | x) TEFFALS LEM T
G ST, TR e n] DA A o S 45l 7 &
FERE P REE AR 2%, SR, Wl Bt 1) EWC BIE R %
X BRI B IR S YA — A S R E R R R,
XA R AR R /N A 24, BRI 3 BOR B A )47
fis 4. R, SOk VA A 2 25 {5 R B A
T R, X EWC Bkt T 1 okt

F— 7710, HT EWC fEYIZk 585 —pr Bl &
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telligence) W) 3= 5K 75 42 b U4l 2 85 1) 35 EERE S, I
1o 2% FEAZ S BON B R 45 2R T R 1 T R R L E
FEEEHEAT AR SR 271 ¥ ST 5 EWC M &4 E %
PR At R AT T 45 4. MAS] (memory aware
synapses) #i& Hi A8 FH B 41 1) TG b 1 08 78 28 Hu ) S
HOE BT VR, FEgCTIU Y R BT %04
B AE £ 48 B 2 ST AT 45 . IMMUE' Y (incremental
moment matching) 158 F 7E £k 558 i) 5 oo 2 8 1 22
PEREAT Bk, ENNAR B, IMM 224 2 H AN [FIAE
W a5 I — A m A, I LU 1k 9 g1
B Shi 25 U1 F g T ad ik L R ) 2 B0 i 4
FrE B o, I o T3 BAEFEAVE Bt ik — 20
ghA, VRN IE U35, Yang 25071 B F 78 28 9P A
A B ) R, SR T B O N TADM
(incremental adaptive deep model). 1% LAE43#T 7 #f
oI 2% 1) 45 B AR BEE, I X 4 R [RIIR B
FRRFIE B AT TR R, EAEAS RN ZR B B A DL 5
— R PSSR, TR T I 2% 08 B A A0L S e
0. PRIk, T DL A 2 R 2 [ R A B 2 B 2k 4
Iy RAR ), FFEREAN [F) R JBE PR ok 22 I 246 Tl &5 SR kAT
. TADM # ekl ik — By R E o B 5
WYt BT LR EE 2 o BLAL, K
T2 H0E W 00 1 B 2 ) SR A I b N

FEFEMU ARESERI SELH.

BT ZHOEN RN &Y ) EEEER T
AR SO T 0 3 2 ST 55 1) R, [t
RO B2 ) AR FU R L SRR SERR R H,
BT 5005 T B N RN 1 2 ST I B e — S R
RS R /IN) 2 55 B B, 3K S 49 B A7 g T B
B B R 2 eI, S — 5 T, BT AN FE S X T A
5] 2 B0 2 A 7], A [T B ) 2 5 o S P A P
S IR JE U SR BR 1 T %R TRz B
422 HETEEBERGE IR R S S HIL

TR RS I 5T, BT W 2K,
PR 20 RV RFAE AR R Y B 2 AR Ak (B i A — T 46
2 TSR R R, WA m) Tl < HAZI “AE
U7 SRR, QRS SR BRI B2, A A
ST AR “ ST, IR SERFIE. B A AT
AFAT 6y 5 3] AR AE A B AR IL 09 B 2 AR 5,
PEAE 9 28 1o T i AR R A A AN S A 2 R
HAT I AR B RE BEE M I 5k, fF
PRS2 B 88 ey PR R AAE B AT 25 3 I AS Wi 3 &, L)
25 ML I O 3 B A0 1 2 ST I e ? BTl s
P () I8 ) 38 1 2 2] BV B TR T A A B B g 5k
VY R S, T A AR Y £ b i AT A5 B, DT 259
1l SRR

TEIX 7 THI, 531 R RIF 708 ik 52 ) B 28 &5 M AT
AT K. SCERE T E 5K TR X 55 I, g R R
P REAT S, I ST AR R R AR IR 2 (8] () i e 5
F, PEHERR PR AT A, AU, SCEk D) B
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IR 2 S EE A SR T REM, B85k
T TF A B MEPE I K, — S8 SCRoN T il R IX — |7
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BEATH K, SR SCHR T 3 Ak A8 A R A 2 5] SR oK
TENBEAY T4 &8 5. b, SCakl ) 5
AN T 4 W 25 557949 2R (neural architecture search)
LR, 5 BIAS TR 4 381 i ] 48 2 40 1 0 4% S5 4.

BRitb 2 Ah, i A — B B4 th s s o 4
JCTHERY (mask) DAL & FH T 24 BT 55 1) 1
%% (sub-network), A I RF LA AR R fif A B 22 > 115
7R g P N 2% (4 5 vl . Skl i R L
SR 45 R HERD, TR T of4 100 2 45 4 ARy 7168
B, FFidd 2 SRR (R BE HLIE B 18 1 0 25 S5 44
SCHR OV TP 8 0 97 FE 80 A A e 2 I 4% (1) 3o 3 %
b, ) G R RO i g B HE RS, DLIRIHE S5
5T IR X 4 2 K. AE LU, AT DK HE AL B H 21
g U pLR s T 4. DERDY 2 H i3
W& SIVERE AR I P R0, 0 AR AT o) A AR Y
IS &, FE 2 A FEAE R 55 B SBl T el itk
AE.

IR, R T Eh SRS M EE T80 T £
A 2t 25 K, 22 B A e S AE I BUR AT 25 b
CHESS I B 22 2] 5t AR &2 2] I st il
B B)) A Y 5 K L D 5 SR TR AR 55 T
FRLS 0L A in T R U SRR T 4. [
I, St I 4 45 44 (1) 52 ) 2 3 K B IR A7 A P U,
1, T B AR S5 K 1 20 3G B o S ST AT K
AR SE o 88 28 12 K I B I
423 ZHZEHHIZRE R S FE RS

AT T ERDS T KRS H U T 2 ) Y
5 SV, S i 2 R MR 7 A5 Y 25 R 4L
RAPEBSILR. He T 280 W H) S 7 51 5
V% i BN R AT i 5 ORI 2 B A AR I, X
FHHG N 7R S ST AR A AR TT A, SRk,
BT ) A G5 K 1) 8 ) 1 2 3] B AR A
TR 7 AN W b DS R A, Tt £ S O B A
THESAE 7 ST R AN W N, BRI 5 B2 202 T Y
S ) 1 B 2y 3] B ME DAAE BRI 2 B ) L Sk st
BEAT LA,

BB AL, J T2 Bk N ) S8 ) 1 5oy 2] B 8
B T AFSHON T 2R 8 TS E AR,
i T A RE 506 T AN [F S 800 i 2 AN R, AN TR Be
2 B Rt R P JE. 3 — 7, T
AR M EE B T8t T 2 HME AN, £
H A A N AE IR B B BT 55 bR id AR 55 4
oI ARG B 2 3 5o B E B A B 4
o S50 ) 5 BTSN AT 55 IO, ARSI E A

R I AT T4,
43 EBEFEEMLRIEEZIEE

SRV THD ) 2R ) ¥ 2 o) Bk Rt
1T 2 A BB B 3 7 vk, BROE i A A 2 A Y
R ARAE R A9 U (inductive bias), SEEX 1 &
FERL [k — B 7T, B UG, AT 32 28 H 1R
ZRNR T 2, FE TR () T & SR 1) LA 0% SR M3 B
() B 2 20 H A, AT FASE 2R 98 76 1R 0 Sl e o A%
T 2 BT AL S LS 3 P U 4 O 2 D A R
E E A 2o 5 2828 2 AN P4 Al e
(1) 0 L, JF 38 3 U — A O 55 T BON R A 3k AT S
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43.1 BT HRIRZR S0 5 A ) Hk

51N 22 18 (knowledge distillation) HH Hiton
U] 3R, 3% % 3190 3 BE 8 K TR 45 47 1 2
RS 0 e VAT A% B 2 A Y B DRI AE R A I
25 A jin L L ikl 1 B AL g
SEATI A T N U ). 2 e B 0 2 ST H
()2 4ERFA AR TH 2800 R R RE T, 425 h
DA B AR ZE AR I — T B, AR R 22 i,
DUBMS B Ay 7 AR AR AT RIAR 28082 REZE T
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LwF (learning without forgetting) [**1 J& ¥ /M H
FFH FR IR ZE TR AT AF 55 38 B2 21 10 AR, XA A8V
JE KA iCaRLUO HE— 359 J B I3 2 S v, ik
R HE Bo ) rh g ke N B BEHE U7 7. iCaRL
I TH A2 g 452 2 g 7 M BF OC &R, R b i B
K ZANE N IE TGRS 1k 9¢ M 11 15 0

L£=(1= DLy + AL p %)
[ V-1l

where Lgp) = 2 =S (7 ) log S (f(x)).,
k=1

Hb Y, =Y u-Y,_, F8rAIBENKES, S.()
TR R AT 250 softmax MBS I ES k22 Bl
TR ABE 2, B

SK(f(0) = S (W T(x))
w! p(x)/z
__exp ‘ ®)

Zlf_bl expwn/T

£l x) #8 E— I BRI 258 5 HORR, iR S8
Wk ERER. ARTPH L, TREIE TS L
(5 e, B TEF NN 2 S 328, £ p 2 BRI
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BOHER, deRE T AL UEAR S5 B RO TERE.

EAERERZ, H AT AR 208 0 77248
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& H 7 THABE 2R 005807 452 28 1 AR5 A0k 25 1) 43 Sl i3k AT 0 1R
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DR, Uk, 154 A8 A AR 5% 50 28 3% B e R R 4

SRR

_ W T
W Nl

AR 5% 70 R A0 A G fR 1 AU AN 1l s >R 1)
S AT, AR Sk, STk U0 S SRR S AT
JEGIEEXT G o e ds W AT BN R R, T A
TR AL SR 4 Kb, SCERU O R BT
b 3G 5 35 50 43 AT ) Y6 15 B I AE 1 B 2 o) i R Al
A E WA, ] DUAE 78 2638 & 2 2] A 55
E A9 8 e A i P 2SR, g sk U o) 7 P 81 38
18 5 H AR AT 25 v 3t — 2, WALT (weight
aligning) $& tH 7] DL ELEAE BFNME 25 B I ZRB B 58 B
JE X o REAE W AT 04k, T ERE T A
KA N 1. BT HER R IER H o(x) &
TR R R A ReLU LT (e i, R0 4 38 0 IE
1B, WA 35K 00 7 R 88 E BEATEEY, ey /T
0 MIALE BN 0. T2, 73 F 3 B FE A 5y 1B 22
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JE A

Ty — 7, — e SCEROGVE BRI AL 5 — oy 28
P e, B AR IR BT[] 508 3 S R ) KO 45t B
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Fb w] g0 EIRCNFMEIIET. Sk,
AT L 1959 F 153 B3 R AE
S k I, TE5 k R MEEA ERITR i, A
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AT YRS, SDCU ] 4 Hhof 43 2% 5F 3 2 o 251
HHC R R BEAT 3 T 1R T, Sl I 2R R R SR
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.
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BT VLT o SR0925 2 15 MRI T 1] SR R AT 0 2K, R 201
1B A S SR N T I R AN AN T 2R 1Y
S, BT IO R A SR ST it — B 7y SN AT
Hos BN B T Bdls 2R 75 1%, AN EETVE B AR Y
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A BTN, 9 32 B4 pm Aok o SR . T 2k Bk
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.
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L — B PFIUE TR 25 SRR ME S5 I 2545
JRAE A SRR B R A, K ek
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3https://github.com/G-U-N/PyCIL

FVERESE SR, v T B R M R A A 2
5, R A, BlRJE — B Beai s R 2
I RUER R AT X LE.

2. AT W IR RS B 5] BA AR B e i
SR b g B R e, TT UK A B B AR
TR HE R 2 AT 1 38, 15 BRI 1 2o v Al =R
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Hrr 50 N RIEAE —MES, IR HEREN 5N
5 AN, 2 AR/ ISR 23 18] A3 AT 55 R 1
M AR LR B, 1% F Finetune 75 2% Ji| 4 &
EOMES BT HOR, &S8O RAUCHE TH R


https://github.com/G-U-N/PyCIL

i A Nt N VRN S 42 2R
1 JIREFSE: R TR S KIS 8 2 S SRRk 15
100 100 100
Finetune ~+BiC GEM EWC Finetune ~+BiC GEM EWC
Replay WA PodNet -#-Oracle Replay WA PodNet -Oracle
80 iCaRL DER “LwF 80 iCaRL DER ~+-LwF 80
~ —~ —~
= = ==
~ 60 ~ 60 ~ 60
£ 40 £ 10 £ 10
& & & Finetune = WA LwF
20 20 20 Replay DER EWC
iCaRL GEM Oracle
BiC PodNet
0 0 0
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
k165 FNE R F K
(a) CIFAR100 - 20 BBk (b) CIFAR100 - 10 it Bt (c) CIFAR100 - 5 %
100 100 100
80 80 80
~ —~ —~
= = =
~ 60 ~ 60 ~ 60
b M Finetune ~~GEM B Finetune ~~GEM
g 40 g 10 Replay PodNet iag 10 Replay PodNet
4 .ﬂ‘ﬂ iCaRL LwF ey iCaRL LwF
-~ Finetune ~+BiC GEM EWC 4 BiC EWC -~ BiC EWC
20 Replay WA PodNet ~#-Oracle 20 WA Oracle 20 WA Oracle
iCaRL DER ~+-LwF DER DER
0 0 0
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
Fo K M M
(d) CIFAR100 -2 BBt (e) CIFAR100 - 50 LRt - 5 B (f) CIFAR100 - 50 LRt - 2 BBt
R IR N ¥ - &t
4 BEEEE S HVELE CIFAR100 HdE & Ak Rex Lk
100 - - 100 - - - 100
Finetune BiC PodNet EWC Finetune -#-iCaRL WA PodNet -EWC
Replay =WA -+LwF Oracle Replay ~+BiC DER -+-LwF Oracle
80 iCaRL DER 80 80
~ —~ —~
= = ==
~ 60 ~ 60 ~ 60
£ 40 £ 40 £ 10
:H\:H :H\ié :'}i\i-i Finetune WA LwF
20 20 20 Replay DER EWC
iCaRL PodNet 4-Oracle
BiC
0 0 0
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
Bk 165 FNE R FhHE
(a) TmageNet100 - 20 BB (b) ImageNet100 - 10 i Bt (c) TmageNet100 - 5 Ffr %
100 100 100
80 80 80
= = =
~ 60 ~ 60 ~ 60
£ 10 £ 10 Finetune  DER £ 40 Finetune — DER
4 ey Replay -~ PodNet HH Replay PodNet
-~ Finetune ~+BiC PodNet +-EWC -~ iCaRL LwF -~ iCaRL LwF
207 =Replay = WA “+LwF Oracle 207 =BiC EWC 207 =-Bic EVC
iCaRL DER WA Oracle WA Oracle
0 0 0
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
B e ¥R K

(d) ImageNet100 - 2 BBt

K s e

PER, AN T HERNIHRE L. Hit, £2%
WG, BG R SRR AR I 2 A AT 2% v B SR ) Ry
ik, T TG VA% LALE B TH 28 BAG B 1 U e 0, #
finetune & Z B ™ E IR MEM S, SRE T AT

(e) TmageNet100 - 50 MEEAfiK - 5 BBk

(f) ImageNet100 - 50 LAl - 2 BB

SJBEAE ImageNet100 845 1) Top-1 HER 2
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Background

Deep models have achieved or even surpassed human-level
performance in many tasks in recent years. Current deep mod-
els are deployed under the static environment, which requires the
entire data before the learning process. However, the model can-
not conduct further updating after the training process. By con-
trast, data in the real world often come with the stream format,
containing incoming new classes. As a result, an ideal model
should learn from streaming data and enhance its learning abil-
ity. Such a learning process, namely Class-Incremental learning,
draws more attention from the machine learning community. Di-
rectly updating the model with new class data will cause the for-
getting of old ones and destroy the total performance. As a result,
the incremental model should learn new classes and meanwhile
resist catastrophic forgetting.

This paper deeply summarizes and classifies some tradi-
tional and state-of-the-art algorithms for class-incremental learn-
ing from three aspects, i.e., input, parameters, and algorithm.
The research of class-incremental learning is divided into several
main perspectives, e.g., data rehearsal, data restriction, parame-
ter regularization, dynamic architecture, knowledge distillation,
and post-tuning. Solving class-incremental learning helps to un-
derstand the behavior of learning and forgetting in the learning
systems. It will facilitate the design of robust and explainable
models in the open world. Besides, this paper conducts exten-

sive experimental verification with ten typical algorithms under
various settings and summarizes the common rules for class-
incremental learning.
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