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Recent advances in class-incremental learning

ZHANG Wenzhuo, XU Xin", KUAI Yangliu, CUI Jiabao, DING Zhiyong, XIE Xuhui
(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract; CIL ( class-incremental learning) aims to enable models to maintain discriminative ability on previously learned classes while
incrementally acquiring new ones, a process in which catastrophic forgetting often occurs. This paper provided a comprehensive survey and analysis
of CIL and its development trends. It clarified the definition of CIL and distinguished it from other incremental learning settings. Mainstream
approaches were categorized and summarized from five perspectives: memory replay, parameter and optimization constraints, model prediction
calibration, model architecture design, and transfer of pre-trained models. In addition, the commonly used evaluation metrics and datasets of CIL
were reviewed, and its applications in typical vision tasks such as image generation, object detection, and semantic segmentation, as well as in
emerging areas including video understanding and 3D vision were summarized. Finally, the future research directions of CIL were prospected.
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Fig.6  Class-incremental learning method

based on gradient constraints
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Fig.7 Class-incremental learning method

based on model prediction correction
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Fig.8 Class-incremental learning method

based on model structure extension
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Tab.4 Common datasets for class-incremental learning

— Bl Bl vis =
£ it Bx

MNIST! 10 60000 28 x28 x1

Fashion-MNIST'"®) 10 60 000 28 x28 x 1

CIFAR-10M"" 10 60 000 32 x32 x3

CIFAR-100""" 100 60 000 32 x32x3

SVHN'"" 10 99289  32x32x3

Tiny TmageNet ' 200 120 000 64 x64 x 1
Sub-ImageNet'?’ 100 60 000 224 x224 x3
Full-ImageNet 2 1000 1280000 224 x224 x3
CUB-200""" 200 11788 224 x224 x3
CORe50"" 50 15000 128 x128 x3

AR I WP SRR S R e TR
il 26 A By BE W F5 sk. MNIST!M®
MNIST'"™" CIFAR-10'"" 5 SVHN""" & 5| i gy
/N, H AL 4 B F0 3 Rk B 56 IE ; CIFAR-
100'"" Tiny ImageNet''”' fil Sub-ImageNet >
TS, S A PG IS o B g
I 4 R 43 25 O S ) R, 2 Y TR R Y
FRUESEE ; Full-TmageNet ' 47 12851 5 KM
BEREAS &L, F T RIS 1 2% ) B ; CUB-
200243 FHF VAR e 25 1A M R0 4% 1 T B 0 1
FaE 1 ; COReSO ™ i A 46 06 7 S A AL A 1 T
PRZALRE ST 5B

Fashion-
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3.2 EMiIERR

FEZEHG 2 o [a) f v, SR R AR R 2k )
ACHT N ) 3k A e ) s PR R X6 E 2% 200 B R
SIRET o B, PEA 48 bR AU B S B isE 7 A
AT BB Y o 2 M AR, 38 5 25 Z) i H X TH AR
(PR FFRE 1 LA S AT 55 B AT B Ak . B
WF 538 5 R 22 b B AME AR, A HE AR M | 3 T
JEE R B 8 1 55 AN [R) A B 0 1 it 2 2] Oy vk i
TR A .

O EUER R T IR PR HE bR o 7 5E R
e MES ISR G, R F e & R Y AT A
CL LS IR EEA T PEAL . 1 R, A
TESERLER ¢ MESF R X5 © AME 55285 1Y 73 28 i
2R, W0 B B P-4 R e S

1 t
Al - i ;Rm (14>

HNRse sl T MES o A8 A, T
i BB 5 B I i o) S R SR A AR (A
BEo ILAN, D S MR T A 4 A2 o) i e o B 2
IR 2T R BT AT B BT P HER R 1
PR, VD3 T B HET R
GOMENE 18RS I R~ T (A0 R L2
—, PR 2738 A5 )42 T A A R0 TH 28 51
IR PREFRE S0 X T 5 @ AT S5, Hos w AR
M HE ONZAE 55577 > S8 18U BT ik 21 8 e e
TR e B BERA R Z A A 22 (6L, B -
F, = E{R?")'(‘T}R:,i -R;; (15)

l

HART 35t W o X T O 2R AT 55 O 243k
o, T E SO
|
F = T o1 ; F, (16)
ZAR PR RES BOUL S S R TR 227 ST A o
Ho B2 P RE IR ML YRR
R T UMERA R 5 OGRS RS A TR bR T
T2 A RUTE 55 Z [ YRR S 5 AT Jy o Horpr, i
[a] 3T 4% (forward transfer, FWT) i 5 455 AU 7 1
K2 2 He— 4155 Z 0T, B A FIRRHZAE 55 T 1
PR o 13 b, FARTEAR T4 i ME S5 Ty Ak
ZeMERE Gl N BEPLI IR AL BERL) | DU ] 32 7% 1
PERE Pryr i LN -
L
Pr‘\\;'r = ﬁ; (Ri—l,i, - bi) (17)
HiT I A% oA 1E B 2 WIS R BB A% A A50F FH 2 4 iR
T A B 2 2 S e A
S5 Z M %, I m iF £ ( backward transfer,
BWT) F i A B A~ 2] i 2R ) 2 ), R E o

FMPERE AT, HAERE Py i€ LN -
1 T-1

PBWT = T_lz(RT,i_Ri,i) (18)

i=1

R ) TE R Ry T (B 8 R IR A AR B A S S
A R B T B s o SRS R O B
HIR 5 I A IHZE RSB 7 A 1 BRG]

TESEPRIETE b, P 2538 5 S 1) i 78 AN [A]
113 20 ) AR R PR AL TR 1] A T s
W 7 ARERDS B R B A AT I R, R 2 2R
S R FIHEE TARAE A [ IR F R 84K, L
XI5 AR 2 A s B P AT N R A T 4
T8I 737 o
3.3 RFRMEFEWXTLE

9T AN 20 A S O R T R GE LLAL,
A SCH IR A AR AE R T, AT B HER 3 (L
A (14)) FARNP 5 (W (16) ) AN IS
Prxr AT HO A, AR S

T B UL I, BT A TRl AR [ 2 ARt ) A5
TAZERE S A I3 B AFAE 22 57, R P A ROIFARTE
SERGE— SR E T AR, Mk T & Tk &
S g 0 X AT S g | Y R S g R, I,
F S F R HA A HAEXS AT Fe iy 05 v,
3 [T E R A 2 07 vk th T A 5 EA TR R 2
Ha) iy A KIS B 0 540 S5 O T 22 S R, R
RIED LR, BARBRCEIT

1)1CAZ 11 2805 0 A 29 R A D 15000 A%
E R AR 25 Ky 4 i 2 U7 125 - £ CIFAR-100 (32 x
32) BdatE BkAT 10 - 10 2% 735250, £ T M 2%
>4 ResNetl8, H. 1, iCaRL,FOSTER, BiC, WA #
DER R RICIZ A N 2 000 DA, B 285
G, 452 T RAT B FEAS 3B 2P 9 b s LWE
EWC GEM Fil DCMI TR AFFEAR

2) e 5 E TSR A CIFAR-
224 JHE sk EEAT 10 — 10 28400 70 525, T M 2%
>k Vision Transformer,

3) MG — 1 S BB 5 AR CIFAR-224 4l
4 bR CLIP SR ZRABUE N 1

M S GERTT LAMLEE R, AN 6] 26 50 5 i AE
RESR L5 PRI MUT A 7E I 25 57 o AT
52 PR sl AR RS BN 2B B A 3 55 1
AL Il S B G5 AR 4 e 2 07 vk HA S BT A
FesE PR L s ZEC S AL 29 R 28 Uy 3
TRETIEE RSB /0N i DR 0 288 AR AS 7 1Y)
o7 BRI 5 0 548 TN R 2 2% A ELX 1 RE R
RS Rh, SERMGE R 5 - 18 5 A
J5 S H RS U BRI
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Tab.5 Performance of representative class-incremental learning methods

Ji kAR i - HUER R % RS- H 35t 1/ %o

J G B ik iCaRL!™’ 61.56 46.99
ezl R4 5 i FOSTER ™" 68.79 29.93
A R i DCMI 53.24 15. 14
CIRESHESER LWF? 46.82 56. 14
SRS AR SHOE N R EWC! 28.49 84.64
BERELR GEM™ 27.32 86. 88
BiC!* 62.68 13.75

ARSI A 1T RSN AS 1T
WA 68.46 25.31
RIS BT FERIGERE 4™ 5% DER!®’ 72.42 20.61
£/ o 12pt*! 89.24 6.70
TR TS F TSRO SCHk[ 108 ] 94.89 3.57
W — 8 5 AR 5] SCHR[109 ] 87.52 10.89

TE A FZMIEET A A BRER N,

3.4 MEKMBSIREBESTA

W T IR 2 S Bk 9B B
DN AT SR ST AR I 5 TR, T
% 6. BEAERICHIET PyTorch 4 HHUHE .

B YNGR PP O 45 b i A, SR g — i 5
Bodie 11, SCHRF 2 B B I3l 4 4 DI 5 A s oE A6
1, T4 #85 A~ [8] 75 3k 22 8] 9 vl b4k 5 5 56 &2
Bk

RO KBEFIINEE

Tab.6 Class-incremental learning code library

PR FEAL pipesibidi g JTR 34
Avalanche' "’ R h B R P 5 n] & IS5
Mammoth''?7 =) Bl EESES <o = KRRy 306 P

PyCIL'"®! FHhmgs) = KRB E R GRT L

FACIL!"™ Fhhae>) e EHg a2 2] SRR 5 1 R A AT

PILOT ™! TN LR 21 o o LE BT R 1 B S Y

C3Box' " CLIP {254 552 > 1% T CLIP (2 25 ) 5T

T P FEL A 18 2307 , BRAG ARG T A4
i RS2 I HESR el 2 > L FIHEZL A1 7]
WO 45 B R B HE 42, Avalanche' ™! 1
Mammoth" "7~ J& T3 ] #r gk 2 ST HE SR, 42k
B2 3] AT 55 1B 2 5] S 2 ) G 2 Rk
B, PyCIL'™" 5 FACIL! ™ ] | ] i [ 2 3 ht o
Gy it, WA PR AL i AR B N AT
JG # R bR AL L I L. PILOT™PY A
C3Box! "™ S HR I F R 2 ) T BE - 18 5 B
(KR REBITSY , 43 T AT 16 F901] A 785 I 5 3
CLIP {2 2>

4 REEFINNAY R

IR 2 ) o A9) T 1] (RS 2 AT 55, R
Wt L 1 TR B g ) B T ML FH 5 ) AN W
Ji& LR E B AR Y e 2 IR A H ARG i
SOy FIE IR GEAT 55, Itk — 2D S fif =)
BN 2 NI E A s R T PR B R
FT G2, X AT 55 fE i B X 25 M 45 L
Sty A5 T B A B I R R B AR 2
I HEAN AT S5 Hh S B2 SR B Bl 5 BoR Tk
HAE
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SR R I AT 55 A TR Y 2, S0
G AE S G TE AR A W I AT 28 5, % 22
FRE AT KR RE ) o ZAE S EARE
SATEIRFR T VERE , A PR UE A ALTE A iR A
TSR AT LA 55 © 2 28 il 1) 2 A4 LA B o3 A
fiE o H T A RN — i 2 > B AR AR A e S 30
FEAIR G B0, 2800 1 AR 25 2 3 JAR B 4 A
KA , TIT S SO TH 230 A PR 5255

TR AR P A 21 f 5 2] 2 B A oxt
PO 45 00 52 B, 4 B AR R R 4% 7 Y
( lifelong network ,
LifelongGAN ) HI & A4 A5 Ji BIL il A A il =X ik, 78
AN AGH 2 1 2o i v ) RS 28 A i P TH 2531
FEARZ 525, NTTE— & FERE 2R 1 JOUEME
BSAYIRIRL, SCHR[ 134 ] AR Al b — 20 G TE
SRR R I A AR A B AT S
KRS, S T R A RREE S5 AR A

UTAER , BEAE RO R ol F2 A L =, A
FEETT IR R AR R 8227 2] 5 50 T A 1k 1)
A N, SCHR [ 135 ] 2308 179 HoRe B 7 i 2231
ZRhps s IR, M SCHR [ 136 ] 7E4 s L v 5|
A PELY R LSRR A i, X S T AR
OB B R B A il o T BT ) A A
JURE I EBCE T I RGEHETEA IR XA R

25 b 2R 5 R A iR B 5 1 AR AEE T 0)
ORI 255 T LA, 3220 ¥ i 22 7 B RO
A HER R S | ASEA R S S50 E R . Toie
SETEXT I GRIE 24 BB AL rh i 28 50 1) T AR
x5 A BT A B HE A F% , DT 52 0 TH 2 104
AW TR S 2R BRI, 78 DR 4 A U5 5 114 [
S B AR E 14 0 A AR, S 32 7 1o T s F) %
Ok BEAN, B AR U S22, Ay
TEE T A S A T8 R FiT B2 T S B0 S 80
SEFT, Ry S A T ST Y T 1]
4.2 B

BT BB KM, BArk iz 5 2k
W r ) BN 2 BB BEGE AR FOEPE 35t
SRR, 3075 B A e H R A I rp R A7 1 7 S
B S BNEVE AR5, — 15 S e T

SCHR[ 138 ] R 2838 2 o 5| AR ) 2% 46t %
( detection transformer, DETR ) §EZE | 38 13 X 27 1) A1
FREFRZN AT 200, DL 2800 5 | A TH 28531
R PERE R SZM . SCHR[ 139 3% by 52 H FRAE
PEAT R R ACH L, 2t 1O R R G A S 2

generative adversarial

TSRS [ R, DA T 7 DR 4 TH 288 5300 A6 T 1 76 I T
WA TR XA T LTRSS
P Ak AT 55 b i AR

AR, s S BRI 2 ) B H AR
K37 5 rh b Tk B0 HAE T . SOk 140 ] TR
W — T A R AR e TR OO AR A, A IH 28] 4R 4
WA W BE T, HE T G2 A ol T 1 B Bk = T
IR RYE R R, 27 18] R 1 SRS S iR
B RS TP R BT T

AN WA B AACAL 2 T8 Z2 i IH 2R 5 2
IR eoe . SCHRL 141 ]38 3k X A6 B R AT 43 5 %o
7, BN HZN 7 2] BARZ R e, 2 &
27 2] 78 B AR I rb g SE PR AL T —Fh o i U
i G AW Y

R B SRR 54, 20 i H bR A 7 1 )%
AR BEIT 515 45 e 1 U [m] e B A S0 AN
(B TEIEIR H BRI b, BRI B L H AR R
72 e K HLIS DX A1 22 53 W 2 B 2 iz 20 5|
AR5 FEOE S GRS A AR I 25 B2 A
PR AITSEAE I8 237 5 AL A 2 i A I AE 42, 5
T RFAE RS 55 AR TR e S5 I 0 2 o ) i
KPR IR G AT 55 b )
T L A R S A Bl R R A B
PR H SIS I BSE o ARG TARESE & ARz
TS A E PR BN, 7B A0 5 R i A8 200 1Y)
le Bt 2445 B A R R

EENs I WU <35 =g S R AN Rl TV AW IN S BAS
P15 Bt B 2 20 4 e 2 B B P v ) 3 BT 90
o TES ZRBAE I3 A6 A o B A SRR R,
] E AR ARG TS 4 ) i S 804 3 R o, 1))
SRIE LT ) () B SR
4.3 EXSE

T Sy B T2 iy ) vh B R ME R R o
52— TR N e ERd I HE
St SO BEE 280 BB WY R AN 2 4, B2k
SV B2 el A IH 286 O30 9% DX g A 1 e 000 Oy
SECE TR AHIZE A 2, DT i X 1 35

PG T oy R 55 2RI 2 ) K2R
FRRZEHESE , IR R R EE R R R IR R
FOBT IHBE R (1 — 3500k o ASH 2 PR L2818
el uncertainty-aware contrastive distillation ,
UCD ) 7.2 18 2ot 2 v 3 X A 0000 A 1 5 1, A
A M 7 D s 28 08 TH 24 531) 2 ~J 3t i 1) 170 T 5%
M. i 5 A E fl A 7 2 (endpoints weight
fusion, EWF ) 24022 142 ) Iy i A E il 5 1) 7
125, RIEOR B TH 20 D S5 S [ I m ACER 26531,
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