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Deep Learning for Class-Incremental Learning. A Survey

ZHOU Da-Wei WANG Fu-Yun YE Han-Jia ZHAN De-Chuan

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

Abstract  Recent years have witnessed the progress of deep learning in many fields, e. g. , image
classification and face recognition. Current deep models are deployed under the static environment,
which requires collecting all the training data before the learning process. The deep model is
unable to conduct further updating processes when the training process is terminated. However,
data in the real world often come in stream format, which contains incoming instances from new
classes. For example, in the opinion monitoring system, new topics will emerge as time goes by;
in the electronic commerce platform, new types of products will arise day by day; in the robot
learning scenario, the robot is required to learn new orders continually. As a result, an ideal
model should learn from stream data and enhance its learning ability incrementally. Such a learning
process, namely Class-Incremental Learning (CIL), is now drawing more and more attention from
the machine learning community. Directly updating the incremental model with new class data
will cause the forgetting of old ones and destroy the total performance, which is denoted as catastrophic
forgetting in literature. As a result, the class-incremental learning model should incorporate new
classes and meanwhile resist catastrophic forgetting over old ones. In this paper. we summarize
and classify recent deep-leering-based class-incremental learning algorithms from three aspects,

i. e. , input, parameter, and algorithm. Typical class-incremental learning methods from the input
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aspect try to solve incremental learning tasks by regularizing and rehearsing the exemplar set,
which can be divided into data replay-based and data restriction-based methods. Similar to the
human learning process, data replay-based CIL methods aim to replay former instances when
learning new ones, which obtain a trade-off between learning new knowledge and remembering
old ones. Data restriction-based methods utilize the former examples as the regularization to restrict
the direction of model updating. Class-incremental learning methods from the parameter aspect
try to solve incremental learning tasks by regularizing model updating and adjusting network
structure, which can be divided into parameter regularization-based and dynamic architecture-
based methods. Parameter regularization-based methods weigh the importance of each parameter
and restrict important parameters from being changed to overcome forgetting. On the other hand,
dynamic architecture-based methods aim to dynamically adjust the network structure to meet the
requirements of incoming new classes. Class-incremental learning methods from the algorithm
aspect try to solve incremental learning tasks by model mapping and reducing inductive bias, which
can be divided into knowledge distillation-based and post-tuning-based methods. Knowledge
distillation-based CIL methods utilize the former model as the teacher to restrict the updating
process of the current model. Post-tuning-based methods try to reduce the bias in the incremental
model to get an unbiased prediction. In this paper, we conduct extensive experimental verification
with ten typical algorithms on the benchmark datasets, i.e. , CIFAR 100 and ImageNet ILSVRC2012.
We analyze the behaviors of incremental models, including the accuracy trend, running time,
memory budget, performance decay, and confusion matrix. We also summarize the common rules

for class-incremental learning algorithms. Finally, we analyze the challenges and future trends
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and conclude this paper.
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W5y Ry 7T AR 25 18 (knowledge distillation) £ ¥
J& P89 (post tuning) [ 2 AL A 3¢ F 2T L
=AY Z N S A A A o] B R R B4
AR BB FE N ZS. X T 28 503 2% > i Bk ny 4 2k
W1 R, 355k R IR R g2 T
1) 28 3] 48 B 2 2] B30k AT S 495 R0 (] JuiE.
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£1 KAMERIFASEESREMSE

e TR

R % AR

Bl ik (4. 1.1 )

I CY = TIC R ) B2 (4. 1.2 45)

SRS, GRI#2]
GEM[*), A-GEM( %]

5 THAE AR GG
A F i i - AR A B

SHOEN (4. 2. 195

BHZE hil
SR (4. 2740 AL (4. 2.2 )

EWCE28], S84, JADME?]
DENE), DER!#Y

7 fiff 29 SRR I L T 45 K
5 2 O B RO R K

AR AR (4.3, 1)

R 4.3 7))
R T (4.3 1 R (43,2 )

LwF6),iCaRLL76)
Rebalancing#7) , BiCl%81, WA[#9]

YIREW . 5 T LM
T I A g

4.1 BEEEHENBEFIFEZE

Kol e Ml AT 55 WA DL 580 )2 1 114
SR I A 2 o B3 S T AT A O R B
FEAE RO A RO AR T 9 M P g 6. B AR UL
e T R B 0 2 ) L ST T A
B S UIGIEES VEiTE AN AU REN I E SRS BUR =S e
F4 [ B 52 > TH 28 5080 - DR TR ASE 28 7 % ~F 385 28 S 4y el
AN 38 TR IH 2. 3 T 040 29 TR A 8 o2 ) B ) =
FESRTE AR ) TH 288 K 249 o 8 5 8 ) 5
it o DTS BEC i 1940 5 5 475 A J e T 28 50 B0 1) i
40101 T ROE O S e ) Bk

PRI 2~ 37 2 8 3 R AR G 25 >0 397 R PR Y e
P AR 2 FE T AT LISR BN e ] B9 4 75, FE 27~
SRR I A6 2 By st 2 20 22 A e 9 AR 7 AR AR
TE S 25 5 R A 28 5l 8 o 2 o) i R PO A IR 2R Y
A LAE i — BRI B AR LR E IR 4 LR B
~Jad R AT DA A i Ry

L= 2

(x; 3D €U

3 (2) R AVTE 2 2] Fi AT 55 D" I, 75 2 [w) i
5 S HAE DLE A9 TH 28 551 9 9 46 B 451 5% p Al A A
S Co feli A5 B 08 [m] B 40 A7 0T TH 28 008 268 1 41 331 fig
J1. G WL AR s AR A k€D U DU -
U D" I R AL, 35 mT DL 4 3828 18 T A 28 00 15
S o DA el A 78 SR A5 TR 5 BT A7 288 0] 1 40 31 RE 7 o X e
25 ) R0 B FRAE <S8 17 (Oracle) , & T A 28 5| B &
FIE ST RE A

FE TR E O SO0 A o) SR R SRR R
B RG] & T K AR G 9T 760 42 R A 7
T SCHRLST 5 93 14 H fulf T 25 7Kl SR A LA PR UE 451> 26
PRAT 18 7€ B H A9 2 Sz R 23 A 3 0 AL Aljundi 55
UNORE R E R AR RN R ]
B VRFETy 1 DL RAGTEBIREA Z A8 M. SCIRL78 3d
TR I ) Oy 2R AR R A A AN L O
T ISR A XS A B N e 52 W B K )RR A LA B TS B
fiE. De Lange 58 A" 0530 28 v 0 43 2588 (nea-
rest center mean) FI G T i B B AH 45 & . ik T

0Cf (x50 (2)

FEAERE G IR R 1 D0 T B9 26 01 0 & o 2J AE 55 SOk
L7 JTER F i SE At B 51 A T2 ), 78 B A Al
(1 [ B 7 T 288 ) AR DA b i B30 0 O 1k % I
TEHR A 2 [ GRATREAS SR T P A 8080 46 1A A g A
x ATREAEH R BRG] T BUA 9 A7 fif T .
1 SRR 98 T 2 5 ] LA E 4 A7 it A58 28 3 A A 1) R AL
Foom B g Cod o —J7 7 A7-fikf B2 BUR (9 17 118 RE % 1 K
T JEE 3t D/ A7 T B s 9% — T T o (8 T TR 2R
H AR O I A TR RE 5 249 RO Y 1) 70 8 4R 2 AT
HE— A B 1k R AMEE 38 RS

B T AEAEREAS LASN L 53 b — S8 7 ik F2 akoE 2 o
> A B AR TR0 TH 2K 531 R A A8 A58 25 B o B
AT Aot A B R T A 80 114 2 e ¥ e 0 ) S A
B8 T Shin &5 A5 55— A4 8 A= R Y
AERUIHZEREAS  Hu 55 N AE B BE Al 1R 45 3 2 8
O I E S RN B A S 80 R A A R R B
A AR PR B 23 S AR A L R R Sl A 2 8 LU
07 P00 2 36 k. FearNet '™ J& — i I 5 & 19 77 12 &2
SR BETH 24 A R R I A8V 1 2R G R A
i O AR SCRRL101-102 138 - 4% Az BOuH BT ) 45
A R RE SO AR A B R I 2 s [ P A R 4%
A 24 RO T T B2 2 0 b 3. A B Y 4B A S
WRLLO3 T 51 A B 5 00 o= > Tl gt T i
PR JCAR T K 9 A 1A I 2 1] L. B 1 A A 7
PAGN 3 A HE Al R A S A i A58 149 J5 3% - SCHR[104 ]
BT A sh g i A% A BUIH 8RR A SCRR 105 142 i
AT LA 2 ) 48 k2 o] S e v A A S Rh e 0
A o XA A AT LS ek 24 37 24 R A0 7 22 30 {8 3 R B
IH SRR SR 2 T A B xR Y 10 7 3k 119 78 FE 7 A%
2 AR A R R L R AE R AR A AR ER
Kol e . RV A g R B A ) SO R — AL
2l T S AL IR 38 52 JOHE a0 Lk
AR T 2 I 2 R XA

T M Al EERCAY S o ) SRk LR PR )
THRAE AR N B 3 i SCar T O A
RSB > M R LM B S o A B
RSk e AL AR AT 55 v SR TR AR 1 [l 5 AR
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Bl

1R 2023 4

AL
=B

AT /N RS 19 5 ik T 80 9 B 0k 1 A
S SZ AU L SCHR (L8 T2 T 15X i i 0
B R RNZ AR SR 53— 5 T h T A7 R 8 1
SR/ /N T AN B 42 ) G BRI R B R/ L i
il ] BT 1 5t A Y 5 AT ol S P A R
AL .
40102 BETRUE 2 i S A ) Bk

AP IF 2 5408 T AR A 5l = 3 5 &2 0 1F
ZRPNPRHT I ME P8 . TR 4+ 2 75 38 A7 A A S %
AP TH S 01 45 7 6 T Bl 29 ) 533 15 A5 AT IH
B 24 SRR TR 1) TR oL e O 0 491 4R A 5 A
PR S SR LASIRHT S M 3. Hrp B AR
) TAE R GEM™ . GEM Ay B 40 2 S L i iR /-
AL -
Sr=ming 35 L)y

(x;.y)€D’

DV )y = D0 T (x) ) (3)

o, o AR B — B Bl ZR 4l R Y 1 BRI,

A GHERYL.GEM i1k H AR 2 & 2 fE % 16 8
155 Bt/ IME T BB B BERY f . [] s 2 AR AIE HAE
T B PR A KT b — B BOBE R A ] 4
RS TS P AR AR RR A IR X — 2
R R LYy TR IR Ry ERE. 7%
SRBAITERE AR B 1k . GEM 1 55 5 AL 75 31 3] 42
WL g FITE L RTAT 55 FEAC SR ERUBRIE o W2R
ISR T 907 UK 2 A AT 55 B B B £ 5 2 B
15 LI Ay die /N ) 4 A B D7 1) s DA B
LS. XA B — 25 e Ak o — B )t Ay
K. GEM AR kAR B B0 H B RE 0 PR R A L 7
TR B AR AN B 4 0N W BERLTE IH 26 B
A PEREREAS 2 TR SR . th T30 (3) i 9 U X
TE T A A 4 L TR A UK S T AR o 2 EB T B A
T AR A 2 O SR Al R A ) L S SR Y
WO T4y 2218, Ut A-GEM™ B4 i 3l b 518
14 _F 1 249 OR 5l Sy 78 BE ALAE U B R REAS 20 51 []
P JJG e >R A Ol i AL A Kt o bR TR g
SRR X — R L g SCHR 79 TR JE AT 95 1 5
A E LRI B ) g st

AR+ 3 A7 HC A T % G 3 S ] B AR AR X A 7
HORTEAT Y. Zeng S NMAEAE ) Kt A e
AL FVF S BAE IE ST AAEAT: 55 5K A AY 25 [ 19 77 1)
AT SR TR G BT 26 5 2] A 2 T IH SR A 1k
fE. JE— 25, Tang 55 NU1CORE 66 B2 A7 40 O L 52 65 2
TR S 6 JEE o R B R 3k e ) e 8 o 2 N 30 i AT 55

s. t.

BB SRR 55 R LR B O 5 IR S5 1
o 2 B B Y 23 1) 1E 38 . Wang %8 A7 4R H 7R
B B BB BB B Z BT 55 R S 0] B DLYERY
M2 F i o k.

SR o B T B 2 A 28 Sl 1 k2 o) SRR KR
— Z ARG 4, GEM A S HZE AR IE 155 7R A 1 4]
£ BRI R BRI IH S B MR AN & A
22 3 XM A AR A X DA ST A2 1Y Xt T SO T 5
2R 2 I 1 2 o) S AE SEBR H dk 2 o) i AR R G
2 A B0 1) P e
40103 BOHR R 2S00 1 2 o R A

AT FBERDE T R IR 2 T 28 S 3
2R 43 ) N BSCHE 1 AN [R] J2 T AR BT H d2  h
JOMEPE B A B )2 T 3 o2 o) Bk DR R
B F AR BB S 0 B A LS 2 2 A 55 .
SR o 32 19 2 Bk 7 A TR o ok i AR A7k
A 2 IR AR AL 15 75 10 B . A7 TH SRR AR W] BB 7 L 4k
Yy FBR P RO B, 7E P B R B Ol
BBy T A T8 D s B ME LUK A S AL T L
2 PR R ARSI B8] 4 1) 200 38 2 S B

I AR o T T S I 2 S e 2 o) B
H AR Y 114 [ ook A S AR BE T /0 B AR 9 ) 4 L X 2R
FVE AR & 2 2 LA RO 4R AT B T AE R
M) 35 T KR 24 T 1 28 S 3 o 2 ) R K Y ) AR R
ARAAEFE 7 - I HUBE A TE AR AR 7 3 0] 48 1 A 46
KA R BRIFEIHIE E TR AS S 78 22, IXFP IR
AR A S ME LA ST Y. X S O T e 2 R 26
) 8 2 ) B AR S B e 2 2] 2 R rp e I A
Ir By PERE.
4.2 SHEEMEIEBEFIEE

SRR AR DL A 27 > 1R ) B A L 43 s
U, 2355075 1 1 28 ) 38 o 2 > B3 R OG E qeT
RS TR 2 B8 L UG E AN DR 28] 3k 1 1 e e . B AR
BEF 2 B0 D) 1 288 00 8 A ) B PP A R S
KO R T R S R0 e B8 LA L [ A R A
PAAEAT 55 L 0. ik o 25 50 780 25 4y 11 2 031) g ot
2o AL B R & 4 1 B 5Kk R BT R AR
o DA ASE TR (14 X £ 25 1) 20y 25 Hb DG e 3 o 2 2T AT 55
)7 oK.
402,17 BETF S B0 D 2 00 2 ) Bk

TEZE 1 1227 ST AT 55 v s R A 2 400 A5 Y
O3 25 STIERAR ]S BB 402 75 UG AR IE XS 43 24T 55
B B S HOR SR ST DL AR AR R ) 4 8 g 2
BT 2 B0 0] 114 288 31 8 2 = B A DL o B e 2
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HH RS DA 1 25 T 2 o ) S O 1 L TR AR
TR 21 BT 55 I 1 e 0. 28 08 3] R B i 28 0 245 v 1Y
SO, LA B PP A 2ok R A A AR 150 2 B (i) AR B
ST+ DT AT A AE A7 — A FIURE 7Y SR/ [] 26 R A F) 2
VR R AR 2B A 3 R I AR S I A] DL
T2 H0E S ) o Y 2 B0 DA SE R D
P2 R T, DT 2 45 45 R AE TH S ) i A B8 . B
PROR UL, Ko B 0] A > 2 HORY B P IRl A9 &5 2R
VBB SRR M QI8 4B BYAE 7 21 B AT 55 ) g 1 2%
AT AR A N

L= Loy TAL 1y €Y)

where Erog:%zﬁjﬂk @ =0,

P e AR BB AL AT 55 1 9 2 >0 B0 o Bb g
FBHRAE F Y38 SUR R S L. AR 2 50E 3, 2
AR A 0 AR TS b A SE 0 R
BRITE I 255 B — B BUE S5 5 5% ¢ S S HHE,
Q=0 X R RERIER b A2 B0 B E .

(DR TEF 2 BT 55 B, 5 2245 T A A 2
B mFe R — AR SR =R Q0K
DU 22 i i B DA ) T DU i AN 25 (i B8 b — B
B i 2R 2. il i 5 S5 0 A i AL | — B
B0 T DAAERR R AE |- — Wy B AR 45 1 001
PERE - T TENI A 1 2% >0 AF: 55 Hh IR BT 9 R 1 33t /s
B TORKEA A [ VAl 2 50l 2P AR M Q1Y Uy 5
ANTR] PEAL 7 AR i 1A [R] 1 286 311 3 2 ) 1.

TEIX — J7 T fc 7 42 0 PE Al 2 B0l SR Y
¥t EWCH (Elastic Weight Consolidation) , 3%
T BN R AE NG 2 2] pk B b 1 AT 55 19 5 B Al A
TG SR ST I AT LR O T B AR R AT R S
2> . EWC fifi FH #% % {5 B 46 [% (fisher information
matrix) R LG TS 8L 0. 3G 2 T 5 0 T
A D) EE T Q-

/ dlogp,(ylx)\ /dlogp, (v x)\ "
Bt (212 1)

€))

R 2 B logps (v | x0) FE 50 KA 55 E 3%

W TG B R L PR X () T DLy 3 B by 7

ZEHE SRSk AR el 4 ) EWC Bk

TR R EIEF R D SR E LRI

W+ i I MRS TR R /AR 24 RT3 T R oM Y

FEAE T 4. PR, SCRRC120-121 A A 2% &5 % B A
BEAS T £ BE %, X EWC Bk SEAT T Bl

J3— D B T EWC 75 95 56 B — B B 3 4

1155 Z J6 A #E17 Z B E 2P Al . SIFY (Synaptic
Intelligence) M| F= 5k 7E e Mh PEAL S 5 ny | B FL
38 3 7 % S BN AR B AR T [ Y SRR X L
TREREIEAT AL 3. SCEk[122 )% ST 5 EWC X 24
B AR O AT T 45 A MAST (Memory
Aware Synapses) $& tH ff FI & S5 (1 To 45 10 504l 7F 26
Ho A 2 B AR AT VEAS R Rk 124 )9 S 2
145 1 B 78 46 3 it 2 ) 4T 55 . IMMY (Incre-
mental Moment Matching) {# FH 78 £& 5 5 it 5 28 X
SRR BT 2t TR B IMM 2306 24
AR 55 B JG 36 9 o — A e 5 20 A 9 L Bis 1k
G AMEPE 3. Shi 8 N BIE ST el 3 2 HRR S B
SR AER AR R 4 L OF s 2 I 05 B I RS R A
HE— B85 AN RIR E . Yang 58 N5 5678
LRV SR R R SR B PR T R 0 0 R R
IADM (Incremental Adaptive Deep Model). iZ T.{E
G3AT T AR I 4 B S RN S L D Bl 28 R 5
AN T T8 JBE 8 B A 0 0 A O A AN ) I 5 B B
A2 W L5 TSP, TR )2 I 45 ) B 40 1Y
PG PERE SR, PRI RT DL M 28 T 2% £ B A B 25 2
INENE 73 2645 J2 5 FF X5 A [] T 58 10 Pt 4 ) 4 ) 45
RIEAT RN TADM $SCHRL127 T3 — 25 4 i 3] 2
BESN R BT IR R Bk L
G 3 T 2 B0 U A 28 0 0 A ) S Tz
I BN 25 LB RE A R AR AT 55 .
BT ZHCE N W 2800 3 2 D FEE E R TR
[F) 2 A0S 28] 48 o 2 > AT 55 19 S AR L TR O A
Oy 8 ) ST A B L AR T AR S B i L B
TG BN B B i o) B B — > AR Y S5 R
{14 25 55 B A I T A5 B A A T I ) 2k 1
B Ty — 5 i TS [T 55 0 T AN T3] 2 88000 i 4
ANTa] s AN 6] B B il 2 % e BV AR A s LT
JES X BRI TR T Tz I .
4.2.2  FET AR AL 1 S ) 0 R S B
TER BN A T B 5T il TR AW 2R,
TR 225 R R AE 0 0 24 B 2 A2 . R B — T IR
2 (2R RS2 2 IR DUASE AR T o) i B 00 A
BUUSFRAIE L R T 22 Bk 1 BT 2K R B 2R AR
S 1] T A IR S W 7 SRR AR L AR B B R AR
(27 2 AEAE P BE A X TH RR AR 1 2 5 st a8, PR 7E
B2 b WO S R A A N R S X S R AT
K22 B REAE BT 5 3 1Y 2 2] SRk AR R T R
%l JBCF) AR A Bt AT 55 38 0 AN BT 185 4K, LA 3l 25 b 3 T
B 2 2] 1 AR R 7 T B AR Y 25 4 1 231
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1R 2023 4

AL
=B

B e ) R B AR RO A AR BB T 5K RN B A
125 o T Ao 0P AR TR 45 ) AT A8 T DT I S 000 9 2 o) i
T TEIX 5 T, B30 A A 5 o A2 A AR S A R 1T B
AP 5K, SCERLS T 32 5K 7E 11X 7 AT 55 B H A5 7 45 4y
HEAT B2 M - S TH AR R R B 2 (B i E R
PR P BRI AS . A, SCRRLS 2 48 s o
AT 55 S — BB, IR T T 45 48 2 ) AR AR 2
155 0 B 55T o DA 6 455 1 B3 45 R B 7R 1 K. oy
TGRSR TR AN ARAT: 55 52 T R AU A R Y R XE M A
fitt, SCHRLS3 ] 32 TR AL Ml — BB LAY 29 474t L O 3
T EWC 5312 G2 fifk I PE 35 155

S A Y 2 S OB R A5 M T A L Ho 251 k
AEAi 758 (R HR KEPE S, — B SCHR Ry 1 i e — (i)
L T 5K B0 285 b IR YRR 1 S B AN TR L AR 2 ER R
AR Y BT AT 0 4. SCHRL 131 JIA D A 0 2 o] 3] Y 4
TIE AT 4 53 M S AT 55 e 2 R AR FAT: 55 8 2 AR AE L
5 LEREAR G i, It 7 — i 5o
k2t B 1) 75 20 2 2 A8 55 00 e 28 R AIE. SCHR(132 ]
o o) A5E Y B R A 3 I 4% 1% KA RO L 2 JE TR R T
55 3k I Sl 2 M A 5K AR AE 4k BE L DA B 455 7 3 G
AT S5 1 5 >R DENSY WAE S 5K 85 A ) 3L Ay 1 % b
FIAT Mg T B H A L DT AT B AR [ © A A
P DL B35 8 TR o) 5 B 45 4 R AT K L AR T S
BRL27 132 5K A0 FH 9 A 2 2] SR AR BB ok iy 48 R
185, Ot — 2, SCHR[133] 5] A T i 4 N 4% 45 # 48
2 (neural architecture search) i3 2 , #§ B 45 AU % 5
TR 32 48 HCHE ) 1) 4 2 A

R 2Z A s i A — S Bk B A B At &
JC TS (mask) DL 858 T 24 /i 4% %5 59+ M
2% (sub-network) , DT A B> 50 TR i 48 B 22 A 546
AU fig o X 28 () 5k TR) . SCrRL 134 138 3o 7 2 1 AL
SR 45 P HE A, SCHRL 135 1 0 2% 245+ 55 oA 15
P, It 38 0ok 2 2] AL ] 7 B AL i A 3 1) 28 25 44
SCHR L1361 0004 34 1 107 ) 3] 4 BR Ak 28 1) 2% 11 2ok 0 4%
b TE A YA AR BRI U A B RS L LUIR AT 55 R E
(1)1 W 25 25 g . A fRL o ] DK #8607 ] 39 19 28 A
P RIR 1 T R 4%, DER™Y & H iy 2 B 4 i 2E )
PERE 5 U B B33 3 3 A5 TR 5 o) PR TR A ) A 2
B R UEROR A XS T AR AR RE.

SR, ik T ol AR 45 Bk th Tt T 2
2 P28 S5 Z2 50 RE I AR K B B 4R AT 55 b
I AR 55 1 2 ) 3 o AR 28 0|0 7 2 P
o)) AR 25l SR DU 5 T A A AT 55 T
ALl AN I A R A I R A O AL T

B XoF ) 24 45 A 1 52 il 2 e UKt 1 A7 i L I
I+ 6T 2 AR 45 g 1) 286 ) 0 oy o B AR AR
A S o 718 2B TE B B B U v
4.2.3  ZH0)7 HH 2E 0 2 o L A

AT ELRDE T PIRIESH)Z 10 280 1Y 52
2B 43 A e 2 80O I RN A A A 45 F IR B K
MEVE B US BLGE. BE T 2 80 WY 28 0 4 2 o) Bk
T ZE BB A At 55 TR /N 1 2 25 i R e i 2
B T AR 2 S A B R AT A S T
SSRGS R 1) 2 531 1 2 o) S50 T S R B S
AN b 8 IS TR RS L 3 s 25 T OB Y AE % T B TE o
> b R AN TR 3 PR A 3R 2 R0 T Y 2 ) 1
¢ o] B ME LAE B R 52 IR B 52 37 5 v kA7 0.

WA BT 2 B0 U i) 26 1) 1 12 o) SR B R
B TN E SO0 T 20 1 it 2 AT S ) AR,
T AN [ 55 60 1 A 1) 2 88000 i 4F A 7] 3 AS [+] B B
SRRSO E. 55— 5T )
SR E LG TR T2 H ML, 25
HURE N FAE DB B 32 (HAT: 55 B 30 9 4T 55 48 125 )
Y TR n e e 2 Y 5o i & S B 4 h 5
T 0 S T A AT 55 S0 A L A A E T AR A
1) I 5 0 I 4
4.3 HEBHEMENBEZIEE

SR J2 D A 2 G A o) Bk R AT
Z AT SO R B U 0 B e A A Y A 4 e e
G AEAE )3 940 17 (inductive bias) , 5% B X} 184 &
BB JE— A0 W . AR U i & 2 A R
1R 77 2 i AR i) I 25 SR 1 i ST G AR A 3 BT Y
B2 ) ELAR » DT K THASE Y 8 7 19 40 531 RE ) 1% 3
ST RL. S5 2 LA B VA 9 i G D0 455 A YRR AIE
R RS L LR PR A 25 AR 2 B AN OF i R A R
(8 O 3 3 UH — A A A T Beod 8 R BE AT
Ja
40301 FETF IR AR 0 28 B B 2 ) Ok

iR 7E 18 (knowledge distillation) i Hinton 4§
NP 3% 2 29 2R 8 8 TIN5 A 11 2 A
RUAY A 51 RE 13T #% B 2 AR A AL | PR T 7R R B s 4
Gl 1B N v 7 2= 2 L N ¥ N AR X B
BTz L 2 R 2 I B A T H Y 2
FERRITE [H2 5 b 0% 0 351 BE 7, 8 4 2 45 7T LA B
AR X — T B, DUHA AR Sy 22 IR B L L) A
TR g 2 A R AT F R 28 08 7 R ik T N R 2 1
FIR) I D31 4 2 2] B 1 R T AnT BT A R R LT RS
Lt DA DA Y 217 2]
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LwF (Learning without Forgetting):* 2 & />

i 0 A P AR 2R AR R AT AT 55 1 e ) 1 AR X A

MR G A 1CaRLY™ HE— 25 4 Jig 5 26 51 36 Bt 2% )

rh L R 28 0l 1 e 2 2] e d A ol P Y R 9 T i

iCaR[L FIJ T THAS A Sy i A5 800 4 57 W B 56 &L JF R X
Foft i 5 2R A Ay TE U0 75 1 M 5 S

L= Lo TALxp (6)

i

where L= D) =S, (f" " (x))logS, (f(x)),
k=1

ﬁ*% =Y, U UY, B A BB ES.
Sy COfa i & th 2833 softmax bR %55 i B 7E 56 &
e i RVIRIL TP

wy$(x) /7

exp
BN

E expw’” $(x) /7
m=1

P CORE T B B RS R, e 5
W 5 R

S6) 0 L. HE BT L 4T 55 1 OBK L B 1
B IR 5 25, L 2 R BT £ 4 T 50
e, thFIHBLE £ o i 7 - By B 25 15 51
A BT 0 W TE 5 0 5 58 C6) o 1 0480
ST A BB £ oo T IR — A B A i AT
R S B S PR i CaR L 3 i 6 5 95 1
126 1 F B A2 70 0 £ 126 - (4%
TR BB F1 o DA T B9 M 5
S C6) 5 0 A 72 33 7 2 IR IH 2 1
ML A = 0 52 WL {53 7 A0 7 2% T B K L &
ORI RS A— 1 2502 B (% 1 (5 I 2K
R T2 S L B SRR 88T A iR
— yy | T IR A M M.
PE B0 2 ICaRL 7 5256 B B 96 B FH 40 2 58 W
o) HEAT 4255 T S FR T 25 3 o 0 4262

ICaRL 782 81 % T K Bk 1 , 3 F 410
SRR Y A 2K R B ST e Ty
EEIL"FE iCaRL 1 LRl 5] A B3 59 ) Fn 43 2
BSR4 T T iCaRL O HERE. Sk (14742
B A B 5D W B 16— R
A 0 TR S A 4 S B R A
e B b DL L SO 148 1R T 150 1 ok i
BEA AT = B BRI 0. Hou 5 A7 5 36 4 11
BRI I B 5 G o) JE 7 015U 0. 0L
WKL 140 T4 th 4 LR 25 5 24 34 777K ) 0 3 1
I A6 2 e 00 1 72 0 0 77 0 R B o 2

S (f(x)=8,(Wig(x)) = (7

A

M, SCHERLIS0 J7E MR Z8 1 Ay JE il B &A1 AT XF
TS DAL P 0 TR 2 R T, 3 a2 TR S TR R )
() 45 F B 1E GOMEPE 35t 0. SCRRL151 ]I IA S =X (6)
[ L e U0 07 2 5 5 00 O AR ZE IR 400 2. — RS2 B
Lo 197 2R T S R TN i 5SS AR A
14 38 SCIR T2 SCHR 3 5K B 5 050 7 Bl I 25 0 B
AL P LB AU AR Sy 00 R Y X 4 e A8 AR T AT R
0. b T R A R AR AR R R B SR
C152 88 5 7 — B mT AR AR G 1 4R 1y oo 27 2] O X 3
R 153 I 2 7 AS PR AT 191 B8 i 5 B0 T & AT LA )
O FEAA AL 3 AR R AR I 3 AR R O R
AHEAT IR ZE AR AH R, SCHERL155 1 A4~ 200 2
By e 397 43 At I D 0T 0 A v SR AR IH SR A AE
BB  A SHEAT RN ZE 0. SCHRL 156 1% T A ] 1) AH
6L 22 A8 35 249 SR, SCRRL 157 0 T 5301 s A 1 4 32
LRI, SCHR 158 ] I fl 28 M ) 2% o 70 455 50 B
TR AT D G R ORHF L 2 AT DABAE AR R TR 25 08
LY AR K. SCHER 159 ] D)8 2o R 35 4 A R B8 HE T
HeF T BALEE VAT 55 P RE.

(ERE =N PN B S RIS D RS
T AR AT )T TH A5 A 55 Bl B RS (4 2% 2 L T Zhou 4§
PO Ay A TR T R R 2 [ R 2 0 A R
iT#% (co-transport) , 3£ 5K JIlT A KT 455 784 [n] 1H A5 A4 (14 1
TR I, DT 2E 47 A ) 0 R . SCik[160 )42 H
TE 1HA5E 3 R 50 280 (9 R AIE 25 (8] 49 0 F A7 R 28 18
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learning 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, parameter regularization, dynamic architecture,
knowledge distillation, and post-tuning. Solving class-incre-
mental learning helps to understand the behavior of learning
and forgetting in the learning systems. It will facilitate the
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