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Abstract: The rapid development of information technology has led to the explosive growth of multimedia data, including
text, images, and videos. The vast amount of data and the powerful computational capabilities have significantly driven
advances in deep learning, allowing models to achieve exceptional performance in single-modal tasks, such as object detec-
tion and semantic segmentation, as well as multimodal tasks, such as cross-modal retrieval and question answering. High-
performance deep learning models are typically developed in static learning scenarios in which they can access all training
data simultaneously and update the model using the entire dataset. However, in real-world applications, deep models
always learn from task streams that dynamically receive new data over time. In these scenarios, deep models must simulta-
neously retain old task data and maintain performance on old and new tasks through repeated joint training. This approach
of unrestricted joint training and continuous dataset expansion to maintain high performance incurs substantial time and
financial costs. Furthermore, the prolonged runtime of high-power devices during joint training leads to significant carbon

emissions, thereby contributing to environmental pollution. Such costs are even higher in multimodal scenarios due to the
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vast amounts of multimodal data and the large number of model parameters. This learning strategy, which is misaligned
with the sustainability goals of artificial intelligence (Al), is impractical for real-world applications. Therefore, deep mod-
els must be capable of adapting to new tasks in dynamic environments, commonly known as incremental learning sce-
narios. However, developing a high-performance incremental learning model in incremental learning scenarios remains a
challenging task, because the model must update its knowledge base each time it receives new data, without access to pre-
viously learned data. Due to the unavailability of previously learned data, models face the problem of catastrophic forget-
ting (CF) in which they tend to forget previously acquired knowledge when learning new tasks. CF degrades model perfor-
mance, especially in scenarios with high privacy and security requirements, such as personal data in medical image pro-
cessing. Therefore, incremental learning methods must possess the ability to acquire new knowledge (plasticity) while
simultaneously retaining previously learned knowledge (stability). Enhancing stability reduces plasticity, while increasing
plasticity causes instability in old tasks. These conflicting demands form the stability—plasticity dilemma, and resolving it
is the primary challenge for researchers specializing in the field of incremental learning. This paper categorizes incremental
learning methods into four perspectives: regularization-, replay-, and architecture-based methods, as well as methods
based on fine-tuning pre-trained model. Regularization-based incremental learning methods mitigate catastrophic forgetting
by adding regularization terms that optimize model parameters, adjusting the update of key parameters related to previous
tasks while learning new tasks. Such an approach can be divided into two types: parameter and output regularization. The
former adds regularization terms to the model’ s parameters, while the latter applies them to the model’ s outputs. Replay-
based incremental learning methods transfer key knowledge from representative old samples to mitigate catastrophic forget-
ting. Replay-based methods are further divided into generation- and experience-based replay wherein the former generates
old representative samples using generative models, while the latter retains actual old representative samples for training.
Structure-based methods mitigate CF by maintaining task-specific model parameters. These methods are subdivided into
neuron-expansion and parameter-isolation approaches. Neuron-expansion approaches allocate new model parameters for
each task by expanding the network, while parameter-isolation approaches freeze key parameters of old tasks to ensure that
learning new tasks does not interfere with previous ones. The fine-tuning of pre-trained model methods apply fine-tuning
strategies to large models to learn new tasks directly, while leveraging their generalization ability to maintain performance
on old tasks. Such methods can be divided into prompt- and representation-based fine-tuning approaches. The former intro-
duces prompts to fine-tune the pre-trained model, thereby balancing old and new knowledge. In comparison, the latter
directly leverages the model’ s generalization ability to build classifiers, utilizing high-quality feature representations to
handle new tasks without significant changes to the model architecture. This paper also provides a mathematical definition
of incremental learning scenarios and the objective function for optimizing incremental learning models. In particular, it
summarizes six key evaluation metrics used in the incremental learning field : average accuracy (AA), average incremental
accuracy (AIA), average forgetting rate (AF), forward transfer rate (FTR), backward transfer rate (BTR), and learning
plasticity (LP). Based on the tasks stream pattern in incremental scenarios, the need for task identification, and the num-
ber of classification heads, this paper divides incremental learning into three subfields: task-incremental learning (TIL) ,
domain-incremental learning (DIL) , and class-incremental learning (CIL) , along with detailed explanations and math-
ematical definitions. This paper summarizes the latest research progress in single-modal fields, including semantic segmen-
tation, image generation, and large language models, as well as multimodal fields like vision-language and vision-audio
multimodal incremental learning, based on the application scenarios of incremental learning. Furthermore, this paper sur-
veys the publication status of papers in leading English journals and major conferences in the field to compare the research
levels of incremental learning between domestic and international scholars. The comparison analyzes research investments
and progress in incremental learning, both domestically and internationally, based on the total number of published papers
and the average citation count per paper. Finally, this article anticipates three future directions for the development of
incremental learning: large multimodal model incremental learning, incremental learning based on novel deep network
architectures, and continual forgetting of knowledge for Al security.
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Fig. 4 llustration of stability-plasticity dilemma

B ) R S A 5 A i N R S I ok
B AT FER G 527 ) AR RRE B AT TIRARY
PREAANBH) A o A4 1 o ST AR AN R B9 25
2736 243 AT 55 48 i %% > (task-incremental learn-
ing, TIL) 383 2% >J (domain-incremental learning,
DIL) F1 28 #% & 2% > (class-incremental learning,
CIL) , ooy o PRER BE AR I B
2.1 ESEEF

1F 553 52 > (Hsu 28,2018 ; Van de Ven il Tol-
ias, 2019) f5 BB 45 AR AR Y A I AT D3R A
YILAEAS A AT S5 AR, BV B G2 E TE AT
WR— LS5 . 15 1. 270 45 i SCHERT b, I8 2R X
TAFMAES i LS, HAR S bR s R B 38 X,
Brc N e =3, L5 B B, X TAT:
—TRARE A 25 i BARAT 55 ¢ X I 1 LA AR
WS C RN H AR 2 TEAR A C el
FEARRYPRZ: o AT 55 1G5 2] 5 v B 1) i 7
Woe 23k i, 0 HAE 55 Sk i B0 BT 55 DBk
AN1EL 5 B BB AT: 55 1 a2 o] rp L 2 AT L) Oy f
AME 55 M 3 — 4> 58 A0 57 Y ™ 4% (Jiang F Celiktu-

tan, 2023) , 7E BRI B T , 56 2 AR 7 12 90 e 2
W, {FL A 45 25 5 7R 0% FL LA
RO S A TR Z R I 2 ]
JRLIE, £ 5 40 k2 5 00 o R0 20 49 25 )
B 4 0F S FR BT 5 65 B0 MOSh AT 45 1 R
5 S ETE L RO AR A T IRINE 55 47
VUL BT SRR PR P OF AR I Heoke ., B
5 TR KB I T W 75 B AR WD AT 5

i
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Fig. 5 Illustration of task-incremental learning

2.2 HIEEET

B4 2] (Hsu %% ,2018; Van de Ven #l Tolias,
2019) 1, AN [E] s 2210 2038 B EcHis I8 T [R) — T 55 1R
[0 o FEASSC 1. 2 b Y BEil B ib EOR XA
6] AT 55 @ AT 55, Ko op K hn B as & 4, /)
C'=C. 6 IR, B a2 > 140 2 a0 5k
G128 , AR DA R B, AN K TR fop HE TR A 11
PRGBS N REARAE o3 A
W DX ABAE D 2R R B B, R AR AR AN T 2 Fff
WAL SRR . REATEREAR AT SR RS
HAT R AT LA AT R AS B8 TR — RS 25 ]
B A AR AR S5 3G e o) R B L R
T A AR AU AT 55 il U o B A 3 T1T:
55 Mo ) BN IR

------ B
Kla X1b Kle
ZK2a 252b K¢

B
o
BB

B51 =< | (152 | = [ (%3
N2 MR

Ko ity mEr

Fig. 6 Illustration of domain-incremental learning
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2.3 RBEFT

K¢ > (HsuZE,2018; Van de Ven il Tolias,
2019, Zhao 7, 2021a) EHi 22 ] Gy i PR R AT
T — e RN R o R AR AL
IBE RS LEAN T ZAT S AR IR AT DL T 23 HE 3 H Hih 1k
2] Wb WA AT 55 o TEETIN , TR EE A AL A Ak
Syedn IR T s e R o) AT S5 Y R 2T
[7], [ R SRAT 55 TR RO A %, 5 I AR SC 1. 279 1Y
T LSH X T AR S5 i LS5 j, A C' N C = D
et AR B AR T S5 R IR I L T
TEFRA 4326 C i I IE A 402 o [N MR i =2
(] P AR TP R, 2 S M B v o AR T 5 4
ey ] B o N BATAE S5 R R ARG T
o] R I YN 2, DR HORT AT 55 B8 2
[F) ) EAH TP, 2 > B B sy

281250 2R3 284 285286

=
Hi?
BB R

5 | =< 5 = %
pIIIESS M
7 by R

Fig. 7 Illustration of class-incremental learning

bR T R 3R A A i T AT 55
fr iR 3 & % 2 (task-free incremental learning)
(Aljundi %5, 2019a) \7EZ 1 52 2] (online incremen-
tal learning) (Aljundi 5% ,2019a) DL S A50R 1 B4 a2
>J (blurred boundary incremental learning) (Bang 55 ,

2021) %5 TEL A A4 .
3 EEFIAHE

AN I8 1 4 A BER A o o) TR ALY
APEBIE ARG E 23 Bl AR B RS
BRI ZE R IR A BRI RS o X 1Y
TR RN 8 Fr s« 1) BT IE WAL R Ik, 1X 305
5 BTG A BA) A S5, 384 I T ST 5 2) 6 14 5
V5 XTI IE BRI 00 L A I AR AS B AR S 15
K5 3) BT ALY J7 1% , 1 05 R RIS £ £
JE AP R e B SR 4) H T 0 A5 0 el 14

12, 31X 2877 1 N HON A R S B J AR A AR L, 51 AL
TSR . 9 R T4 I MR Ik

* IEMIfE

* - | Hilase r B q

BN e RN

* g5k

FiI iR * i

R
K8 gkt ) Jr ik oy JoR B
Fig. 8 Illustration of classification of incremental

learning methods

3.1 BEFEMNEKHFZE

BT IR A 9 O gl i AN R R b g AN
T LA S B o ST SR T IH P Z ) (P . AR
B TE DU IS 0 %) 7 B HAAR ] 23 S AR R 2R U A
o0 28 1 TE A o SR 2 M W AL A A B S R = T
VAN O DU 3 T O 2% i T )£ U 7 T 4 e S O3
B hn e,
3.1. 1 BEAIZHGENL

R R ZAOE A 1 5 2 AR A 2 2 K02 T
DU T, 5 2 A R AR v T 2 2] SO THAT: 55 114
L, AR R AT ) SR R, AT
e R B RE M/ 727 T A 55 I oo B AR 1 TH
PRSI RNE o RO S HOE WA Y J7 0 A5
PR - 1) LR 2B AT 55 Al AR vh A A S 8L
(RS HUR ST 1) XHTE 55 B E 2 2) TR T
—MEF I B b —AME S PR SR AR
DAL R EOR A E X SHOR B ERTIRE . B
BOE WAL A% s B0, BRAS S 73 25 R b, ik 5]
AR, %A R 45 6 RO T Al R
TP 2E ) SRS i B S EUE , Kirk-
patrick Z¢ A (2017) #2 1 i) EWC (elastic weight con-
solidation) J5 2% FH 9 Wi H- (Fisher ) {5 5 3H M (9 XF £
LR UL S HORCE , e 2y > i A v oA R
[HATR, PRAER THRIRIE o 5 2 0 2RO OB E 55
B SRTZ T BAES ) e M 55 e i it
R 2 B T B, 2 T RS ) RN [ 9 25
TR XS B SR A R . Liv 55 A (2018)
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Ok T EWC 5 ik AR (4 S 805 e 31— A
JE I 73 (8], BT 125 7] b BE A% B2 (4L 0T 4 149 9% k-
5 BB , 175 EWC e b B B2 o) (T 55 1 s
B SR IEAE I Zhad A2 v 5 B AR 1 240
Bt [, JETAE RN AR b 7= A B 2 R AR
Ao Lee %5 A (2020) [FIFEECS T X EWC 2% B H A5
S R A YR A T T R T S
(Kronecker ) Rl 304 A AR, FH 5% 2 i B A 8L 1
PEAT BT A AT, B AR AR S B IR AR
PN TR 3 2 20 3 5 v SR A S5 b A T TS AR L A
HEMSE . X T RESEAE M T, Zenke
S5 (2017) 48 38 o R R AR S I i
W B AR B M i S BN L . [l Zenke
SEN(2017) 3848 H L B BB AR S 40T il 2 3o

EWC (Kirkpatrickd%, 2017)
R-EWC (Liu%;, 2018)

K-FAC (Lee%, 2020)

Path Integral (Zenke%£, 2017)
MAS (AljundiZ, 2018)

RWalk (ChaudhryZ§, 2018)

EVCL (BatrafliClark, 2024)

LFD (Wen%%, 2025)

Adam-NSCL (WangZ, 2021)
GPM (Saha%§, 2021)
Continual-RNN (DunckerZ%, 2020)
TRGP (Lin%g, 2022)

PGP (Qiao%%, 2023)

C-LoRA (Smith%, 2023)

O-LoRA (Wang%§, 20233%

Space Decoupling (ZhaoZf, 2023b)

FERIZHL

(i)

EBLL (Rannen%%, 2017)

LwF (Li%%, 2018)

Rebalancing (HouZ%, 2019)
LwM (Dhar%, 2019)

LwC (HouZ%, 2019)

DMC (ZhangZ§, 2020)

CAMP (Rypesé&s, 2024)
Grad-CAM (SelvarajuZ, 2017)
PDR (Hou%:, 2018)

SR B B R A AT S AL I e T S D0 ]
B SO L SR EEMARL . A T XA
] 75, Aljundi %5 A (2018) # i1 MAS (memory aware
synapses ) J7 V% , 127 1 30 o AR B2 T 2 R BRI BBURR FiE
(B2 R/ IELITH Z B E . Chaudhry 55 A
(2018) 4 it RWalk J5 i , 1% 7 10 2 df B0 84 [
U AL 27 2] B0 RR 3 WA O VA Rl T — ANk
i IR IR RYE IR FEAR S — 2D i 258 . Batra Fil
Clark (2024) i 33 25 & EWC FIAE 43 FE 8224 2] AN IE
IO [l ) e R . e EWC ik i 2
BCHAR SR AR 5 0 40 A1, AR 43 R > W)
TR oAl A HE R U S0 oA . A, S
Y 5 4k AR T T & 24 IR I (HAE TS5 A A
ST IH AR A R . Wen 558 A (2025) $2 0

DGR (Shin%, 2017)

GD (Lee%, 2019)

ILCAN (XiangZ, 2018)

ESGR (He%%, 2018)

PGMA (HuZ%, 2019)

DGM (OstapenkoZ, 2019)

FeTrIL (Petit’, 2023)
HEREAS [ SDDR (JodeletZ, 2023)

SDDGR (Kim%§, 2024¢)

CGIL (Frasearoli%, 2024)

BIR-improved (KhanZ§, 2023)

MDM (MengZs, 2024)

DDDR (LiangZ%, 2024)

GUIDE (CywinskiZ, 2024)

DDGR (GaofILiu, 2023)

()

ER-RINGBUFFER (Chaudhry%, 2019)
A-GEM (Chaudhry%%, 2018)
HAL (Chaudhry%§, 2021)
iCaRL (Rebuffi%, 2017)
E2E (Castro%%, 2018)
GSS-Greedy (AljundiZg, 2019b)
CCBO (Borsos&%, 2020)
OCS (YoonZ, 2021)

25 REAS | ASER (Shim?%, 2021)

RM (Bang%%, 2021)

GCR (Tiwari%s, 2022)
BiC (WuZ, 2019)

PMAA (ZagoruykoFIKomodakis, 2016)
CABD (Zhao%%, 2023a)
MTD (WenZE, 202)

E2E-CL (Castro%, 2018)
ScalL (BelouadahF1Popescu, 2020)

PNN (RusuZ, 2016)

Expert Gate (AljundiZ, 2017)
DEN (Yoon%§, 2017)

RCL (Xuf1Zhu, 2018)

CPG (Hung%¥, 2019)

DER (YanZf, 2021b)
DynaMMO (Qazi%, 2024)
DFLM (QiangZ§, 2024)

PackNet (MallyafilLazebnik, 2018)
HAT (Serra%g, 2018)
PathNet (Fernando%¢, 2017)
CCGN (AbatiZ, 2020)
ESN (WangZ§, 2023b)
TCN (ZhaoZ%, 2023¢)

Rebalancing (HouZ, 2019)
DRC (ChenfChang, 2023)
AdaER (Li%%, 2024)

L2P (WangZ%, 2022¢)
Dualprompt (Wan§%, 2022b)
S-prompt (WangZ§, 2022a)
ASP (LiuZE, 2024)
OS-Prompt (Kim%§, 2024a)
DPaRL (Kim%E, 2024b)

. St
| SRR RCS-Prompt (Yang3f, 2024)

PrototypesCIL (ZhouZ, 2023)
ADAM (ZhouZE, 2023
RanPAC (McDonnell%, 2024)
DIKI (TangZ, 2024)

K9 bR I M TA B

Fig. 9  Overview of incremental learning methods
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R S R T 1 3R 1B 55 1 s s B iy Oy
], AR P2 IH 28, JF 42— b B ok 4
) i — A [ b 1 P17 5, B4 AR A 55 5 THAE
S Z MR, LR WF 98 T WA AL S 5B
JEARAR A T7 ) 2 i DAk e R SOMEPE I8 B . Saha
2 N (2021) Al Wang 25 A (2021) 76 24 > B —MT 55
Jo AR 25 (8], 725 2] R — AT 55 I A T AR
T3 (A RHTE 55 25 >0 R B A T8 TR LA S B0 TH
W2 fi /M . Duncker 55 A (2020) £ X6 416 2 il
25 M % (recurrent neural network , RNN) 1 #2 1 2K 111
MRt Bl , Lin 58 A (2022) & BUNBREE M B 1T
(149 T D)% 387 55 1) 2 2 2 el i, DAL o DT[] £
PERITROE RS ) ) B2 322 1 805 0 | S A6 B2 TE U Ak
e Qiao %5 A (2023) fe e i HVHE AR B2 IE ML 5T AF
BT PN SR A g 3 2 ) Dy vk vl R HEOR 2
ORI A AR FEAT R 23, 2 RO X 22 T AT 55
(A6 13 HEAT 454 . Smith %5 A (2023) Fl Wang %5 A
(2023a) H4- 46 B2 E WAL 7 ¥E 5T A RS XA R 55 27
A RARIERC e o EARE TR EE A IE L i RE
% A A DAY 2 ST AT 55 B X T TH IR R X
IR, JERE TR AT 5516 B 1 5 24 oA A 2 A5 B AT
55 W) RE S A2 . XFIE , Zhao 55 N (2023D)
Fi HH K AR 2 () firp S Ay o st 2 () PR 2 ), JRAE
AFRE 1)~ 225 [ % Aefs it I A (] 2 %) TE I A 24 34
AT S5 BRI TH AR [ 2R A~
3012 P2k IE N Ak

PO 24 i 14 T D) P Dy T TR R AR 1 v ] J2 B
Jei )2 FR VA0 L DU S P A R 55 T A 55 14
SCTERE 8 F 5N (Hinton %5, 2015) #HC . A1
PR AN T BRI RS rhr 2 2] Hy— >
R EM A AR, TR LA B, Li Al Hoiem
(2018) 2 15 1Y LwF (learning without forgetting) PiRES
B UK AR 28 s RS 2 2] b o B, LwF
TE27 21 BT 55 N AN In—A~ 5 28 I AH DG 1 461 2% LA
IS (MR 50 i A% L OF 5 ) ATRLE 2 0 o 31
AR AR = B [P, LwF S & —Fh B XS4
55 Mo 2] T 1 I SR W N S v T 1Y
KRR T o Rannen 55 A (2017) 38 53 18 4k A 3)
G i 25 (autoencoder) ¥ & LwF , T W 47 1iE 3 5% 2
YD IRIE o AR SRR — AN AT 55 BB o
A=A A g ey, BAR SR AR A 2
MRS B A Shdmbt s 5 SR LUAR /)N, PR mT

L) Bt S B 5% 95 A9 T8 AR ARSI PEBE . Hou 55 A
(2018) 1F Lk f) LR _F 42 PR B — /N o B L
BORHYIHAE 55 50080 , IR 3 50 73 580 1 D 28 1 Y
YIZRAEAS DAY A AT TH TR ¢ M 1 a5t 7, [ e
BAMI ATHT 55 B DI 2 R — > KR 4%, JFF
FHAZ I 28 B By A DA bR 28 R4 7 2 10 L L TS 2R 6f
BFIR A2 > o 78 DO TH RS 22 18] AN P A 5 3
H5E Y () Y1 5 22 (0] @R, Hou 55 A (2019) 7€ LwF J7
iy A aE B 42 LwC (learning without forgetting-
multi-class) 77 1% o %07 5 B SeXbE IHAC AL 0 4 it 245
RIEAT L2034k, DITHBRAS [T 55 2 Al Hh 4 2R R
BE2E MR . HE IR SZARRUEE (cosine simi-
larity ) LA 24 OB RS RS A iy o 32200 00 A6 07 =0 i
U R T A J 4 1] e R AR ASE R X T 50 8h P AN -
B RBURE . Zagoruyko 1 Komodakis (2016 ) #2 H3 ] FH
HOMBB ) 2 5 | S AR AR e e
I+, Dhar ¢ A (2019) # tH LwM (learning without
memorizing) J5 % , TEYI AT 55 I 1 4o T 2 ) 2818
PARARAFIHAT 55 B YIRS i A B8 1 &

XA . A5 E B BT 55 HoAT DA HosR iy
WEBE T IHAT: 55 1 W B e 55 0 HL A gl ik i 72 18
(977 AT AR RS . Ry 1 I BRI R A X AR
Zhang %5 A (2020) # ! DMC (deep model consolida-
tion) J ik , B 1 FYNZRBT TH AR 55 FUBT A 55 Z [ AN
XEFRYE . DMC AT I K Bl 73 JE AR, I ELX [H AR
RUFHAE YN AU ZE IR 0% o Zhao % A (2021D)
B CIVC (class-incremental video classification)
T3 A 2R s A B AT A AN AR
— A O Ak R T TH B AR ) OC B A
Rypesé %5 A (2024) 7E LwF Ay 5EAE |, $2 HB ml 24
B i SRR IE ZE AR 45 5, DA TIT 3% S A2 1Y) 3 7
P AR, B — THAE AL vh 280875 3] 1 A HUOF A 2
G 4 DR 53 B B TR D B AR Y e T X TS Y
PEAT 22 £ BE R B ik ] DLZS 4R B 2 R X
I, Zhao 55 A (2023a) 44 1 [7] 5 X5 P B0 A Y i 4 7
=M. — DRTEPTA S BdE IR sial, B
5T AE IR, AT DU T U AR AR o Y i A 55
B B U o — A L — RS IR
IHAERY, 65 1 X IHAT 55 B9 AR, s st s
3 3 NP T TH A Y o [] I 2808, 7T LA A
RIXPHIHAL 55 B PERE . BLAh, Wen 55 A (2025) 2 i
K A B 46 R ARSI 3 A0 22 R P D U AR AR X TH
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BALHEATHE) , DR AR, Rl 2o X 211 ) 1Y
[FRR R R AT 2 AR A PR BB RS TR W LA~ ] 38 B Oy 4 i
R THAT: 55 F0R
3.2 BETERWAZ

BETAEA T 12 ) 5 sl A A G I
55 BIREAAR B TR0 A 55 I [a] i 52 ke ~F- iy
BRI E HAR B PERE . AR IH G BAEE A
[F] | e TR AR T TR 1 2 ) D7 iR AT LA 3 Ty
BT A I S O T 2 A R
3.2.1 AEEAREL

BT AR PR A ER ) 3 o ) D7 AR AT 55
R ) B AR 2N o3 A AR AR B Y 2800, I T
SO L3 AR AL ] A i THAT: 55 DA RE A i A7 TH
55 R, X R WAR IV AR B B %38
T3 Pl i R TE 55 I ZREEAS 55 A2 Y THAE 55 DA ke
ARG IFHEATIR S U sl AR X TH PR X 1 5
Ko W UL Y AR U AL 4 AR BT I £ (generative
adversarial network, GAN) (Gui %% ,2021) .28 4 H 9
5 #% (variational autoencoder, VAE) (Elasri 4§ ,
2022) A (flow) (Elasri 45 , 2022) Al 4™ ##
(diffusion models, DMs) (Ho 5%,2020) 5% . A= iiAEAS
S HIFEAA L, BARTELGERAE EARML, (H A 4
RPAIE 2 (] P 19 28 50 A A A Y ) 1R BE T
PAIR 7 A SRR AR B8 JER: , SR A 53 A A B 2 A
TR PAREAS I 5 2 > AR 2 S O AR RS
P B b JCvE IR B0 45 R (Lavda %5, 2018; Van
de Ven il Tolias,2018) . DKL, Wfaf il 25—~ i i
AR PAREAS A il i S0 i T A JURE AR T A 4 £ )
T A E B HAR . Hu Fl Rostami (2023) {ff 4% 43
F g b i A2 B IEAE 55 OO REAS , 51T I )RR Y
TE AL D7 ik Sl A5 8 B A 2] TR TE WA A
X 3 NZR HARTIAIALE . Khan 55 A (2023) $i
HAESE T VAE (925 il H RSB v, Az il AL 7
S B PR 23 F) I 55 D 0 AR A 22 L2, AT ke mT PAAE
21 i ASE AL R THASE 8 22 (] 1) 7 7 5 ) o g | A 2 1 45
P8, LIV AR IR RS o Gulrajani 55 A (2017) B UK
A IO I 286 107 P 38 2 S AT 55, R WGAN-
GP (Wasserstein generative adversarial network with
gradient penalty ) 7F ] #1545 42 (Lecun %5, 1998) I
S TSR RYTERE . (HIZ T AR R R A U T
55 LT R PR AR SR ™I (Shmelkov 45 ,2018) . Lee
2 N (2019) 42 i GD(global distillation) J5 %5 , F i £k

IR HY AR T AT: 55 10 4 B BN | 3% SE 500 14 [R) BT
558U — B TN AL, Xiang 55 A (2019) 42
B — o T A P R R0 288 1) A IR A EE O 1L
BRI A [ B A 2R O Be I 26 1 251
A AR REAAS A THAEAS o SR, il FH A ioxsd
P2 A AT S5 AR VEREAS P REAFAE AR AR I 25
AN R E T Bl A AU o BT A IR, T ™)
28 A U THAT: 55 DR AR 0 o s B v, 5 LS AR T
FE o PRI, RS AT 8 0 AT DA o AL
A XL 2% o Meng 55 A (2024) 5K F 22 73 13 DT i
P HIOBE A 2 5 A2 R A 1 o £, AR L T R
BTG 1S 5 4 e I R BOHE B9 4 A o Liang 5% A
(2024) £ 1 —Fh B T4 BB R A B8 SO v . X
J7 A8 W 25 0 25 BB Y (conditional diffu-
sion models, CDMs )8 [m] A= BEEN 2 9 PAREAS , il
R 1 AE A RAERE ST o 2 Il X A )
(contrastive learning ) #E— 25 B 58 43 JE 28 78 A2 lUREAS
A SAEA Z [ 2 AL RE T, 035 0 /D 15 5% 5 F
N 1] 37 A Tl B D) TH AT 55 O AR A B A 280 A ko
Cywinski 55 A (2024) {if F—FoHr 2 i 5 | S AL 1 ]
ARACY B B e 5 G 7 b 9 B3 0 A, R
SNSR>S LACAL 2= ST 3R . it Ah i
BT A U A Y 1 e S R 2 UM T AR
FEAS R A s , 3 B4 U DA A O 25 S BT 55
FEAR 347 o XTI, Gao Al Liu (2023 ) $1& H 3 15 4328
T Y HOS A B A i R . R T AR R A Y
R 27 2] Iy gk AR AT LA A AL THAT: 55 R 0 K
MEPE 35S (BAE BRI 27 2T B4 55 AT 5 I 2R A 1
R L3 C A B 35 0 A8 Bl XA i R s AR 2
AN TR IR
3.2.2 ZRMATEIR

BT AR A BB B ) O i B IBAE:
S5 GRFEA b P A AR PR AR AS | X Se A AR
18 FR VB (exemplar) o IZZEITIETE ) FiAE 55
i, 2o R AS 530 ) 5 I A — B HEAT I 5 I 25
DA A B TH AR 55 R ROEME 8 TR . TEAFAR S
] 52 BRI 5T, anfer 5 PRE A B A AR PRI IHAE
ASEZIETT BRI OGRS R
Ry T B REAS SR AL S 491 4 DN THAT: 55 5Hks v B
PLRFE . Rebuffi % A (2017) 15 U 2 H 5l o £ 82 /0
i BRI IHAEAR 2 st i) R, e A2 o
BT 55w}, % 5 % JH Herding HE ¥ ¥ (Welling,
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2009 ) X 4 REAS TR B 50 rpoC O B B EA T HE R
TEHCE I oL BT A REAAE TS o BR T Herd-
ing 1% , i85 K-Means (Chaudhry %5 ,2019) | Plane
Distance (Riemer 45 , 2018) fil Entropy (Riemer N
2018) S5 RAE Ty V5 , (HIX 2E77 1 RSB RCR R TH4K
R B PR SRAT D 1 U S e TR B T A Ak
IHED , 5140 Aljundi 58 A (2019b) 42 i 19 GSS (gradi-
ent based sample selection )} 1518 1 S 006 i KAk
W Z R SR RS B 56 B 2 I IHAE 55 P AIE .
Borsos 45 A (2020) 41 t — B2 919 2 H br it
J7 ¥ CCBO (cardinality-constrained bilevel optimiza-
tion) , T VE T Pe e — YU B4R THE 55 RO TR RE R I
i BUZ AR W 1207 AR A IR O T A
ROV T REAAE A BRI MERE o Zhao 55 A\ (2021¢)
B Ol Pl O AR O L RE R AR S Y 491, e it
KT 7 G R OR EL R RS I B S 491 2 [
GRS L G2 T ORATIE B B 5 N A A R ] A
Yoon 25 A (2021) #& 1 ) OCS (online coreset selec-
tion) J7 VETEBEAS /N B BN b, MR 6 £ R 1B 4%
— BRI, I LAY Z Fi B THAE 55 PR 45
IR , 30855 X M BT 55 1Y FEEAFAE . Shim 55
A (2021) 2 i ) ASER (adversarial shapley value
experience replay) J5 74 i iof 5 7 1155 5 3% F (Shap-
ley )L , 26 43 60 A6 18 244 i phe SR o A7 32 I 1) 916 091 2 1o
BB IHAE 55 B30 14 BE T o Bang 5% A (2021) 42 H
Y RM (rainbow memory ) J7 7238 i 45 B VI (91 ) Z2 R
SRR IZ AL RE JT , W DR SE  RE A S AT RET 2 Ml
% HAT 55 F-AE o Tiwari 55 A (2022) 32 9 GCR
(gradient coreset replay ) /732 3 o M /iS40 5 HAE
55 FEAR Z 1) (R A6 B AR AU e 5 5 Y TR B e AH O 1Y)
IHFEAAE 5 0] . Li 458 N (2024) $2 i (9 AdaER
(adaptive experience replay) Jy {3l & | K CHER 4
(e S % 26 495 5 224 i i A\ 0 e AN SR AR AS A T
o BRI Z AN %05 B30 58 it fe KA IC I 22 v X 1Y)
F R SO I R AR SR o SR AR AR IHAE 55
A AT LAS A IEVE I8 (R A5 B A 55 I, T
B 0 8 R TH AT 55 38 9 e, S Bt AL AR )|
S i A ) T B B4 (Hou 55, 2019; Rebuffi 5%
2017; Wu 55 ,2019) o 4 T ZfiX AT, Wu 55 A
(2019) $ 7R TR BB (1) 4 52 IR s — N E SR
R EARAL I L MR AR A TE X FRT 250 L . Bel-
ouadah F Popescu (2020) $2 {3 K [HAT: 55 19 43 2 4%

B, it H AT 55 28 0] 0 5% ) g 55 07 41 55 2 I AR DL I .
Hou % A (2019) 5| AJE T4 sXARRLEE 1 43 2 d s /b
H 55 4R 43 A A A R B il 25 o Castro 58 A
(2018) 4 H} ) E2E (end-to-end ) J5 ¥ 2R JH 7 55 1 i
N7 = R — I AR S IR s ST A —
ASEAN BB, B A 2 1) ] Bt i AR A i3 AT
A BRI kI, Chen Fl Chang(2023) 18 i3 5%
LR SR IFHER AL T IH R A 5K
R BN ST A2 R N ), A, FE BT
55 (R Lk B8 rh 3G AR bR v i 5l B I R A AT LA
G fitp B TH B84 18] 1 AN P-4 0] 3 ( Zhang 55, 2020 ; Lee
4%,2019) .

SR BT A BUREAS SR 3 e 2] ik
J AR T AR OB R A PERE , TR T 2R B AR AR F
1) 348 2 2] 5 1 DU B 2 7 3] 91 {3 3 4B TR W 1) S
SR, BIV{oft 56 T AR S 1) 398 B2 ) T AR AR T
T 1E WAk 9 35 2 ) 5 vk BRSO A Y M R
(Chaudhry & 2021, Buzzega 4%,2020) , (B & H X F
IHFEA B AEA — R Ly T S AR
T, vETM 52 2558 22 14 i 5% (Shokri A1 Shmatikov, 2015;
Smith %,2021) .
3.3 ETHEMENAE

T 5 T I T Ak R0 BRI 1) 38 i ) v B
SR H AT 1 A 55 =z ) 2R R O [ 1
155 Z IR XA AR . AL Z R B T4 1
AY3G 2 2] W B A B AL S AL
MIRTY SR, MRYE K S5 R B, T 45k
(3G 2 2] 7 VR oy A B AR SRR M S =
3.3.1 BhAZEM

BT B AL G 2 2] Dy s O R G
ot 22 D 245 14 7 =B AR 7R L AT 45 P P A AR
ST IHAE 55 B9 PERE . Rusu 25 A (2016) $2 4 i 7 ik
3 R 4 S B AT AT 55 BT A s — T I 2% [ el
T A ) T A A R B THRE AR B 4R 1E . Aljundi
FEN(2017) 2 i — M EE T L KM 7k . %07k
R R TR S RURME 55 AH DG B s Y
FERIHAE S5, 7R3 AR | 455 58 B die otk — 40
M . Yoon 5 A (2017 )42 i DEN (dynamic expan-
sion network ) J5 %% , TE X BT 55 AT VI 2RIt Bh A P
FE AT 55 T e B M 48 7t Gl o 2% AT S5 Tl g 3
EESRE AT 55 TR =2 2% [R5 2 oo
MR 457 . Xu Fl Zha (2018 ) i — 45 ) — Pt &
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sl AT BT 15 VR R B —E S AR R
3 Ao 5 G TIF VA e R £ A 2 B g 2 L B
BN AT S5 TR 2 W 25 (R SRR 20 o b 12k
RE A% A7 R0 - 153 AT 55 10 1 8 11 190 2465 235 g 114 52 %
J . Hung % A (2019) #2 i CPG (compacting, pick-
ing, and growing) Ji ¥ , X} BN HME 55, CPG 1 SE7R
CETEIRAE 5527 2] B BTRS S 80 B S IR BT 551
PERE T K, PR T M TH AT 55 rh R il i) AR i 5 )
PR 2% 2R o LUK, %07 125 08 T 3 T A R Y
22 BR R BE R RIAE YN T4 55 I 7 A TR S
T B e A5 T A S R Az AL RE 1 o Yan SN
(2021b)BEHTE 55 Y7 21 73 PN B BE - SR Ak~ By
BOFVRFIESR IR 22 T B, AR~ ] B B ] o [ A
TR SRAE , [R5 0 AHT A4 ] 2 > R S R 3 e R
JERERIM 26 o AEARAESE AR 7 ) B B, ad i S i Ay
B A 55 KAk X T A R E S BGER PEA T IR0 o Qazi FF A
(2024) # tH DynaMMO (dynamic model merging) J5 7%
HAF—MEF M — DR R 2 I B, I Y
AR 552 > Se BE S g T AT vl 2 I REHRAE 5 il — ¢
— BB e de /MG TR TS Y [R) I 2 AR X
155 ] 3 % o Qiang %F A (2024) $2 ) i DFLM
(dynamic feature learning and matching) 75 1 il 13 2%
) ML 55 5 S HE 55 B ARAE R AR AR 55 2 ) =
FALREST , NITAEA 2GR A B I O A
SR BRI THAT: 55 (o PERE
3.3.2 ¥

5T SR RS e S JTIE AR R ST S
BB B G 2 ) 5 T AR R AR S5 A
[ AT 28, DAS AT 55 1R A T4 AT RAT: 55
Z A B R <7 P . Mallya I Lazebnik (2018 ) #2 Hy
i PackNet J7 5 | FI A BE 19 28 vh Z 80 TUAR 1 |, 18
1 BT ACE 1Y BT AR BRI R B S AL
M BT 55 Bt S 80as (). Serra 55 A (2018) £2
A — BRI P, B — S5 o ] — A
TE T R RS S i 55 OFE R AT 264
i 3 BEALRR BE T B EAT D0 AL, LADSD GEREPE I8
Fernando 2§ A (2017) # H 1) PathNet J5 ¥ 7€ ¥R FiE W]
2 rhit A BRI, O 38 2o 5t 1% 5815 (genetic algo-
rithm, GA) (Harvey, 2011) 5118 [H AT 55 i) 4 =2 %
o TR HAE ST, 1 E IHME 55 A2 B S 80T
W UG BT B AR, T) I ) 3 1 Bk O A8 A 55 14 %
FREFE. Abati 8 A (2020) 5 o BB FRUZ B

A 55 5 1 T TR AR, S 2ok 3 5% 368 3 T DR AP
1155 Y CHES R, AR B T BT IHAT 55 i MR
1RGSR 2 07 T i A Rl R RSB S B B 45
AN A 55 0 2 R MEPE 35, (H B AT 55 R AR M
&30 HAA G2 . XL, Zhao Fl Mu(2023) 42 i 11
TCN (twin contrastive networks ) J7 630 &2 M T 5%
TRy — R B B 73 AT 55, IR U 2R Bl i 7326
ar U RS20 o [T, O T A SR RAE 18 O 78 00
LRI IHAT 55 HIE, TCN J7 35308 % FH T 0L 4%
S5 2 2 AN YRR AR R s R T BB AT: 55 12 2T L T
I [ E TR © A ) SRR K EVE S S . Wang
SN (2023b) W4 4 FH 2 5500 = SR o B4 B B
YGRS 8 73 26 , 3k S AN (] B Be ] B AR B4, [+
I 3o RS TR 0 B T 6 R 40 KA 2 8K
R HG AR ) A2 P T ] S

RAORTE BT IR a3 52 o] 5T A5
A 38 2 2] Ty AR T S5 3 A ) T T 1
M AT 55 R AR S0 BUREE T A5 ey Jr
BT AT LASE 4 A MEPE 358 05, HL 3K 23 5% 1 1 o
Sp o BERL Al 47 RV DL R b 27 2 AT 55 Z IR iz Ak
REJT o MEAN, H T3k 2R 07 VA A HHE BRI 18 R 5 AT 55
PP 1 AR S0, R AR R B BR
il Y AR SR b ) RN R
3.4 EFlSEBEERNTE

BT FN GRB RGO (0 1 52 > JT ik R R
A BT ZRAEERL ) Bl AW 2 BT 55 RS
A REHE PRI IHAE S5 MERERY 7 v o X 2R DT I TE
VR 2 2 o3 A 880, PR SO e A
23 R BRIk, B R4 r93Z 1 BE ) AR AE
RE T o MR X I A A8 Gl 1) O =N [R) w24
BT R 0 I A B G 1 2 > 5 R T
A ) P A B G 1 o > O ik
3.4.1  FETHR/R I PO AL G

BET 7 (0 T S B G 1) 48 2 > O 08
i 51 A #E IR (prompt) X Fil Y1l Z5 £L KU (pre-trained
model , PTM ) i#E47 G 1] LA S 30 1% B A5 Y % 387 1H 203
Pl o T D)1 2R A% B 40 VAT (vision in Transformer)
(Dosovitskiy %5 , 2020) | DeiT (Touvron %5 , 2021) Fl1
MoCo v3(Chen %5, 2021) 38 # 7 K MU 4 42 LIl
gk, BA I ORRIERE ). B RTEAIE IR 550,
PN AR I SR B B 5 T URAT 55 0 BUE AR 111
FEAE UL 2% S o — S B 0 B30 H R 9] 4n VPT
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(vision prompt tuning) (Jia %5 ,2022) , LoRA (low-rank
adaptation) (Hu %5 , 2021) Il Adapter (Houlsby %5 ,
2019; Zhao 45, 2021d) A5 H 42 i LA L2257 . 1
b s R b=t ey | 2 B SRR o SIRAL
IER B AR 55, R AR B2 21 B A 55 I i X T
IHAT: 55 )38t 15, Wang 26 A (2022¢ ) #2 H (9 L2P (learn-
ing to prompt) Ji ¥ B YOR 42 78 5| A 2 > AR
tho ZOT A B T A R R R A R AL
il F 2 2 45 2 14 £ i) ) B 7E 42 78 B (prompt
pool) P &) A5 e 455 155 UM AFE AR Fre AH G 1 4 7 B A 7
JEZLHERE . BEJS , Wang 55 A (2022b) 7E L2P 1Y SE 7
42 DualPrompt J5ik o 1075 H T AHIA 19 $2 75
BEFEEME , (H 22 T Ab72 2] KRG (McClelland 55,1995
Kumaran 55 ,2016) (9 Ji & , ZEAf 1 7R3 it 2 2]
R R 7k . BRI S, DualPrompt 242 T
PR ZRREER o 38 P s AR BB 55 LA T
GRLA S UL SRR 5 A 55 B /8 BB U B X6 24 if A 55
BEATARAL , DT BE 43t P RS E M AT T 98 . Wang
S5 N (2022a) X5 U 27 > U HY S-prompt 77
U, [R) R S i e IR s A 5537, AN [ Y
S TR B BEOR H K-means B34 0778278 A Pk ik
TESG o S R v [ B2 5 3t A8 R/ 2 5 B Y
Xof Je AT 55 1 M R DR MR B2 AR, TS I 97 g 278 1tk
(Y N2 SR A B8 N i) [l . XL, Feng 26 A
(2024a) # 1 B PECTP (parameter-efficient cross-task
prompts ) 5 124 [f] 7€ BURE B4 s 78 2y ) i A
RS R LA O R (] SR A T A R O 125 %0
$E 7R W ZBOE I Z A, LASE D X6 THAT: 55 1 9 HE P 35t
o Feng 5% A (2024b) £t A9 LW2G (learn whether
to grow ) 77 15 MBS BE DG AL A A B fire e Y o o) it A
BT IH AT 55 18] 9 25 53¢ , 0T 3l 25 M 2R 2 5 75 2 56
LSRN —2HER . Lin%F A (2024a) $ HH 5 TUER
J1H A Al W $ s HL ] ASP (attention-aware  self-
adaptive prompt) , iZ AL il 7T DLARE 5L 700 A 4 A A B 25
AR T8 1 AT S ZS AR 7R, LUTE 27 > AT 55 g =2
BB IHN AP . BAT B9 5L T 327 i B e 2
T 1) 5 T s B AR P B B B, — R IR
B THREZR, 55— 2 T R 7R Tt N e PR
(0% GEMESR | TR I S S ABEAR THT I 25 LR Y 13 6 4
XX AR, Kim 55 A (2024b) 531 1 3 THE/R 1Y
B B A AL GO HE SR | S i A A b e 2
AIFRICHRAAE S m A ) . XA R 1A

W7 Y45 B B, TR ARG 1 DI R e I (9 135
JAS o Rl %I E 2B AT — A i e )
A R T 19 5 7S A TR R A B s Tt 2 TR A S AR
AL, YL T4 R 0 T s AL G vk R R
I 72 B4 s AL, 7 E Tk 5 37 55 O 8 0 O 1
AP . X I, Kim 45 A (2024a) $2 Hi 1) DPaRL
(dynamic prompt and representation learner) Jy 2 A Fif
WAL GE I S 4 7R 1, T 7E R DI R B2 2] —
A Bl SR A AR R RSB R 6% 1 A R 55 vh R
T R B R A 2 2 THAE RN BT AT 55 135 7 A
B GEHET 57 B TR ZRAS B S SR I ik = — 1B
WAL B AR A [R] 27 2] B Be Z ] i 260 G &
SEOMNGAEA R A FEATEW . —LEIHREATEHE
Wi B P R SRt 2 S B R — B 45 (]
o R TH 2R 25 B S W, X)L, Yang 6 A
(2024 ) 2 H4 #)) RCS-Prompt (rearrange class space) Ji
12 308 3 0w B A A 7 ER HE S 2 0 s (), 4 HLRE A%
DX I3 AN R T B S I8 1207 125 i e 3 4 70
BEA B BR 25 SO TR, I O SORFRit 2k ik
TN LA i n— I LS A EE 8, R
BT B PO 2R B Rl 48 o ) 7 vk A Al
N GRAPURN T IR AE 55 Z RIS T — @ ROR L H R
GG EP IR, S8 A BT BE 23 T 5 RS )
AN AP At 25 e 1 BRI AL 23 29 B 2 vl 9 /N, DT
SR B o) (R A PERE
3.4.2  BETRAEAY I ZRA AL )

BET AR B I A5 A G 7512 41 P e
RUI i R AR BE S 2 AT BT 55 (0 o K e, JF BoAS
(R T ERONER L SINIE N i MEY T € N &) IS eSS E B e 1]
B RS CANZRE 73264 ) BV 255 BT 55 1
i B 5 TE B IR A2 PR A PR S R o Zhou 5E A
(2023 ) 2 Hi 1Y PrototypesCIL i iz [ % Hi Il At 7 1
A BRVER, R3S 2y o] o R SR USRI P 1Y
AR AR R 0 2560 105 SAT 55 hil i B 3%
S T RAFROPERER B, WA s TR
F PRI RS . BT PrototypesCIL, Zhou 55 A
(2023) # 1 /) APER (adapt and merge) J7 15 1 56 X}
PN AR AT 35 AN R LA 4 /NS5 55 22 1]
M 228E . BEJS , APER J7 B3 e iy A8 5 10l
IR A BRBOHEAT B 0F R REE XS IR R Y
A PR LB DR AL B X THAT: 55 2801 1 X 43 g
McDonnell 5 A (2024) £2 i} ) RanPAC (random pro-
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jections) 77 ¥ 18 i 51 A BEAIL A 5 T2 W2 GXE 1 35t
&5 RanPAC 75 78 P ZRA Y i) 4 Ak 2 7 AL
JZZ I T — A ORas R BENLEE 2 Rl AR
PV RBCI R R IE 2 8] ) B2 L [ I O AR A8
[F) 24 i JE AT 97 e DAY 9 % 2 A5 R g R AR BE ) .
Tang 2 N (2024) 2 1 A9 DIKI (distribution-aware
interference-free knowledge integration) J5 A4 i T —
A58 AT AL BT 7 > A R TE AR SS i T
YRar TG b, CRA TR 25 TR A BT 5 ) /)
o WEAb, X Rl 22 e 1k n] LABA Al b 42 1k AR
3 B 15 BA A AR

SEERF T 370 1Y B 2R B B ml e 2%
BRI PR, O HAR R A B A7 A KM
IBERRA)A T R AE Y I AR AL G ) T e
18 B 52 2R AT 55 PR RE 2 R, 5 E R T UM R
fE T AR 2 G H Al T LASE s R B o

4 BEFINMG=

B o] (PR R SRS 1S &S T ) 25
Bro ATTHNZE T HE 2 2] AE HBLS A 2 EAS 4l r
(2N FH o FE BB AITER , 1 2% >0 L 34
T Y 5 5 - 3G i i 43 % (continual semantic
segmentation) 7 5t | 4 1= K15 4= il (continual image
generation ) 37 5t FI 3 5 K1 5 A5 Y (continual large
language models )37 5% ; 75 2 WISk, 45 T 58—
5 (visual-language ) 3 1 2% > 3 5t LA S Wi —H0
. (audio-visual ) 3G 2% > 5t
4.1 HEEIENSE

W E e A S g R RENL & A SR H] b 22
W 2 B — 30 F R (Biasetton %5 , 2019; Michieli I
Badia,2018) o 18 73 I H 45~ > B4R m DLAE A
BN T RREE MO REA T IR AN E B
Fol 1 o EIE e 2 s F PR OE A
FEAALR T A2, e S AFTE 22 i i IH
KSR IR, 2N Z A BT, &
FE S EG 2 AN TR Gt i o 2
P R EPE RS . Michieli F1 Zanuttigh (2019) B
SE O TE B 2% > TR X430 b i SO 352 )
R, B T DLGE ok IH AR 1 A4 55 1 i 1 R v )
JERAESEAT RN 28108 LA 22 Al OHEPE 15 53 ). Dou-
illard 55 A (2021) 4 i — Bl & X Re A J2 T 1) 2 RE

Wb 7818 77 & Local-POD (local pooling distillation ) .
Yan %5 A (2021a) 42 H} 75 18] B2 5 K 1L (expectation-
maximization ) HEZE [ FF i 38 £ 27 2] H g DL P- A i
3 M A SRR Y T S P AR E M O A i
IO SR A 7 925 O B THAEAS P A B B B R iR T 5 8
P& o Huang 55 A (2021) # 1} Seglnversion 715 , %7
T4 P R SR 28 IR 35 0T i A il P45, - A2 i
R T8 580 2 ol ) LS PRMBTR  2 MMc ARE A 1 3
TR R Il 0T Y 1 S o3 BB o S R
Cermelli 85 A (2022) 2 1 — Fol i 1] i 14 53 1 k2~
HEZR , F T R DRSS A U ANREAS | i FH AR 45 Ak P
DOAEA AR e B v R, O J i 5 | A A A e T
DRAF TR BEASE R XA [R] 2 5 ) X0 BE 7, DA T k2 7
O i TH S E R R A XU o A9 8 L 3 7
SRR SO ETE S5 L IH RGBT SO
A1) 3 2 1 T AN S TH 21, DT o T 288 531 4 2K
ME P 35 58 DL BB 28 0 i i 45 o XTI, Zhao S5 A
(2022) #& Hy AT AL IE A B b T SCRHE i SO STAE
28, 15 i B bR SO0 5 — EROPE 5 R S i I HETE
WA, Shang 55 A (2023 ) $2 H Incrementer /775,
71 ] Transformer A5 4% T A IR 2 51 B9 FRIC
P2 ST BHE 55, JF 3 —Fiop A RRZE I T 58, L 0E
TAEIHIE DA T 245, Dol 2 [H RS TR o) 2~
TR L e TR AT . Cong 55 A (2024) 4
H %) Cs2K (class-specific and class-shared knowledge )
T3 i 2 R | S S R S | R A A
BEW A GOV RS . o, 2R RS R IH
BN AR 0 5 | T OO AR RS B A il () s 4 45 TH 2
00 R T m o VR R T A 55 A0 B9 2 1 0 A1 el TR
JERTINS IHAE 55 st s o 2R IL 2 R RUR Sl TH 250 AY
R THASE R A R R AT R 5, ol AL TR N TH 28
BIRICAL o SR, AL G o3 1 2 o) B A 27
2B 55 I 8 LR RORT 03 25 AR I S A, XTI RE
T BB S 28 il A T A 22 o X i, Xie AN
(2024 ) #2 i NeST (new classifier pre-tuning) /5% , %
T3 ¥ A WO SR B B o — et eR 8, K TH 23
SRR S HOW S BT 0 2 b, A 2 B8
s tlE S IS L I IO SRS R VS SR/ R R
XF IH 2850 B 3C 12, [ s 48 s X 35 248 531) B 3 1 g

TR R R o HIS R ) Y Y 55— &
BRI, RIAS [A) A REAS ) S 2 A2 1L, S 3
T SO R DR R T Sk AR E . H AT
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407 125 00 R T 3L 2208 o SR AR P i 57 AP e
S PO A9 RS MR L T S o3 R A At B 2 BRI
(], XL, Park 55 A (2024) 48 H 75 52 —28 51 7
BINESR . — D7 i, SR e B D R iC A A i AR AE
ZEIBEEIUHAT 55 R IH AR o) — L i@ 5 A
IEASTEA e R S SR Z A Ay 73 8, T A
PRAET T A th 28 1R At — AL T RIPERE . Zhang
1 Gao (2024) W 51 A AL Z M, o ) HATHE
AT ST IHAEATE 52 8] 1 22 57, dh e 1 AL
FoRorRan . R, $2 0 Db 5 oo s SO 2 A
T 7 2 AR 0 AR RS 4 8 S5l AL ), e e
THZE U3 0 S SR 0 22 0 TR 2 7 0 R s i/ 9
AR
4.2 HEEGKREN

PG AR L 1k TR A e AR B
HZE 2% B TR AR AR A o 7R RIS AR
I, LA 12 Mo T A S B A X 1o 285
ARGy H b I 2 SRR AR R R A 2 )
2L DA 55 U A AR KA R ), W %A
(2018) 78 AR JBORHURR Y Fb il AR AS F 0, O 422 1R IR
B VIR RO 5% 1 A2 i SOHEME IR 5 . Zhai 55
A (2019) 48 Hi 11 LifelongGAN J7 32 3 1o 1R 25 18 /4=
JIL 8 B S LA OKE 5 3 IE RS AR ) i 1, 2 T TH A 2
HPUER B AL T . Zhai 55 A (2020) $2 1 Piggy-
backGAN 7512 , 1% J7 ¥ 30 5 TH A B v i 5 AR 2 A
HIZ S ESR7  FE 55 L R 51 A —H8 7> R 32 24
IR 2o 0 SR 35 N AT 55, A RO PR AR T R ARG
IHAT: 55 B PERE , O LD 127 20T 55 B il i i ok
RIS, Zhai %5 A (2021) 4k 2 1E LifelongGAN fY
BEAth b4t SRR 2 A B e 0 1 S R A U HE
28 Hyper-LifelongGAN , 1% 77 A% e 26 B2 4 i
R Sy AR S v A RO E AL AR R, R LA RO
AR S R AT F R B IHAE 55 b Y A
B I ASHR N BEA BE A UK S B A $2 i A
AR T A PEBE . Ayromlou 55 A (2022) # i B9 Clas-
sImpression 77 2 W it i 131 1] 25 4% A pRAsE 780 A= B
R I R, [N LT A sk bm A 5 SUA 43
I HIGAR R LA A8 AR A 2 i/ R PR AR Y o)
IH A 55 B9 ROMEVE 352 65 o Jodelet 48 A (2023) 4 Hi /Y
SDDR (stable diffusion for distillation and replay ) J7 7 7
FSCA — &85 I 5 A A BUASE AL ) 22 ] RE ) B
S SIREAS | FE T A 1 o2 2T XEHTAE 55 10 3 FC g

J1o WeAh, SDDR J7 i3 38 2k Az i IH AT 55 PR i A 51
PTG e 30451 1) 1 A o 9D T A R Y R
SR VB TR AR IH K OIS . Seo A
(2023 ) % 1 it BG A BT A D REAR 5 T I
I PERE ] B2 H LFS-GAN (lifelong few-shot GAN) J7
B, AT A ) ARk i N BTSSR S R S
B, IFAER AT 55 (R) 2 S PR B RUA S, [] A 3
o | AASE 3 A 4R 408 2 it e A TR A 500 e D Y 1 1
TR B T DR Y T B RS A
USSR (18 S HE P 25 s ) R
4.3 HWEXEFHER

KB FH AL A] DU T i i an bl s 10) 22 Pl
BRI G R G0 45 0 22 LA PR v 1A 55, Ltk
FPTATHEREEAMWE RS HETIIZNK
1 TR TE R i R B P R oK, R B AT
O DA 3 WA [8) /9 °F 3 1 3% 5t . Winata 55 A
(2023) 38 1o Zh A P RE IG5 AR AR 2 2 W R
()27 2] 3R 8 A KO 5 AL R A (W st s fe 1 ek 2D
He i ef ) i R COEPE IR . Bai 45 A (2022) 1
i 4 BRI A (global prototypes ) X T 1 [ F i 2 4% .
TR R D TE T ST AN — A~ 2R IR AR
ANFHES AL TES 2 0 BEAITE I 2t 72 rhod ok XoF
LU Y2 X T EOE 5 AR IR 2 ] 4 22 SR A4
XFIHAE 5 1042 . Ke 55 N (2023) 48 H 25 T 505
ML B RS 5 BRI 22 o ik i i
HEETR v 25 A BT (AN 35 0 3k ) Xl 38 FH T RN 4 sl e
B R FE M | DT PR A S ) A 4 e A v el WA
B AT BT, DA TSI PR A 1 £ TR
Zhang 55 N (2022) #2 1 A3 1t 2% 2] P 90 A2 i) v
AL A3 A 2R o OR [R L L 1 TR
] A 55 B RN IR 40 . 3275 1% B A5 B A Tl I A A5
PXE A 55 () STk, AR sk /N R EE LA
RSB IA J2 US BT AR, DA T S5 360 397 4 55 79 3 1
WAL, Ph 2 55 R il dE— 20 i F T8 TH AR Y
5, He 55 A (2024) 7E 42 H 19 KPIG (key-part infor-
mation gain) J7 7% H1 5 | A —AN GRS R 2% L iR
25 e % 21 24 b IS A BICH rh o QB B 25
3825 A AR B 7 B I o B e 15 B R R
. Wang 58 A (2023a) $2 1 1 O-LoRA J7 i 4 1F
SEARTR 25 [ B BB AL 285003 i Sy Fem2
55 FeE k. FERRINZRad B b, O-LoRA fRFEI
R e | R SRR 55 R e SEAR I B 1T 55 R T
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AR DA T DR AN [ 4T 55 ] 1) S D R A% 2t 3 SR, B
R ARSI BRI B 0. AR D R S AR I AN
(v 5T IR A7 ) g 5 5 SR L O E 22 A TRt |-
Malla 55 A (2024) $& iy COPAL J7 1 , | HI U 53
B AL 0 BT R AR, 38 o PEAG A AR Rl 5 |
AR B AR 2 BE 30 I Ok B 5 THAE 55 Bl A O
P B v ) 2, AT 92D R 1 5 A e 2 )
s T B R MEPE IR RS
4.4 RR—EFEEFS

BE—1 5 2SI ok SCAS AR A5 B
B I B T R bR SR &S5 LR
UL AL —1E 5 LR CLIP(contrastive language-
image pre-training) (Radford 4§ ,2021) 4 . 5% —15
F R AT B 22 58 R 2500 5% TR ME LA K
B B R, DR 2o 2 T i o L S 2
M2 ARV Z () R . Srinivasan 55 A (2022)
¥ CLiMB (continual learning in multimodality
benchmark ) 3 i , F38 15 WF 5% % P H WL Y 38 10 2 )
J7 4N iCaRL(incremental classifier and representa-
tion learning) 5 198 7T Bk 8 25 B A o 1 {F
RGOSR SR ERBEL I RS 5T B
TS5 AR ARG . Yan 55 A (2022) #2 ) —Ffor
R AL — 1 5 PO GRS 2 ) 5 ik 005 Al
Az USSR A S 2 2T AT 55 AH S B SO REAS, ]
T 08 R AR AR SCA NG AE 55 TP Y S0 RE T o )
ISR T 2RI RO AR AE S | AT AR
(18 TR A i 20 K TH TR R 382 s o X ol 67 SCAS TS 1Y)
TR i A BT 1 S ) PR b AR R
AR . Zheng A N (2023) 4 i Y ZSCL (zero-shot
continual learning ) J7 ¥ 38 ixf 75 F#fiE 25 [A] F1 2 5505 [1]
PR RUE 3] D RHME PR IS . BT &, ZSCLadE i
—N A SRR TOhR 2 B R TE PR 25 [A) I
HEAT FARZER , I o - By A A R B 1E 2 80 ) Y
KR EEAEA . ZSCLAH THEA S L] , i 2 i
1 A S B0 SR PR R THAT 55 9 R . Zha 55N
(2023) & i i CTP (compatible momentum contrast
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A DDAS (distribution discriminative auto-selector) J7
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o 2 s AR R SR S R T 2 A SCA s i 25
(] A IR L LA R B, i — > 5 A B (42 B
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e TG i DI 25 AR A5 285 - A Bl /> CLIP A2 2 7 4
2 ] S AR PO AR AR A S B PR DL R o
FRBI TR AR 3858, O h ) R A T RIS 2 ) 2 )i B9
A S [] T AR AR S . Yu 55 N (2024b) £ X 7R
CLIP 51 |- 47 08 45~ ~J 2 KR I /0 40) 23 2 70 )
FHREA S 2] (zero-shot) i 7 Y [R] B HH XU Uil 72 17
[ AL = es Bun L LI N 'O Bl s e 54
5 2] S R AR AL BEA T ZE AR, XD A6 1 CLIP BEAY
frzsm.
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I — A E 22 WS R R % ] i Ak BRAIL 5 17
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S AR RN L 2 AR S5 b o EH—
BEHUARR T ARSI 5 2
F JERSRG 1052 Ak SE 2 BB IRTHAE | R 2D A
JF 1) L% . Pian % A (2023) 42 i ) D-AVSC (dual-
audio-visual similarity constraint) J5 72 75 45 0] 4 i F1
I B 248 J32 43 S 2 A 7 R 28 18 DA O B TH R R OGS4
BT I RS UL s B B RRAIE R AR AR A
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s rh sl 250 & XTSI AL TR 0 4
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BRI AZ AL RE ST o [RIINE, A AR 28 0 A 5%
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Fig. 11 Number of papers in incremental learning field in

different countries (data is sourced from Scopus )
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B 2B R ELA (large vision language model,
LVLM) \ifi & — 1 5 28 K (speech language
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(Anonymous authors, 2024 ) i 11 A [6] (4T 55 3 53 A
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B2 ARk 2 R AT 55 . PRSI T
A TR 28 M 45 42 3 1E U K (Wen 5%, 20255 Zhao 55
2023a) . HE i (Meng %, 2024 ; Chen £l Chang, 2023 ) 1
ZEHAL (Qiang 45,2024 ; Wang 45, 2023b ) 45 14 24 )
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5B FH 2 W 4% A6, Transformer F A H & J1
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