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Abstract: Continual learning (CL), which is also known as lifelong learning, is a major concern in the field of machine
learning. It refers to the capability of a system to learn new tasks while retaining knowledge gained from previous ones. CL
has broad relevance in many real-world applications that require continual adaptation and learning such as autonomous driv-
ing, robotics, and medical diagnosis. CL succumbs to the catastrophic forgetting issue, which occurs when a model over-
writes or significantly diminishes previously learned information while training on new tasks. This issue is prominent in tra-
ditional machine learning paradigms where models are trained on static datasets. The goal of CL is to develop models that
exhibit plasticity, which allows them to adapt to new information, and stability, which ensures that previous knowledge is
not lost. Various strategies have been proposed in the literature to address this challenge, which are comprehensively
reviewed in this study. Broadly, CL techniques can be classified into those based on continual training and those based on
prompts. Methods based on continual training can be further divided into three main categories: replay-based,
regularization-based, and dynamic architecture methods. Replay-based methods are among the most popular and well-
established techniques in CL. These methods aim to mitigate catastrophic forgetting by storing and replaying data from pre-
viously learned tasks. By revisiting samples from prior tasks during training on new tasks, the model is effectively reminded
of past knowledge, which helps maintain accuracy on earlier tasks. Replay-based methods can be further categorized into
two types: replay memory construction and replay memory utilization. Replay memory construction focuses on saving the
replay memory, and methods can be categorized into three types depending on how knowledge is stored: storing raw data,
building generative models, and storing data features to construct memory. Memory replay methods that store raw data
directly save the original data from old tasks along with the corresponding labels. The raw data are available in various for-
mats, such as images, videos, audio, or text. During training on a new task, the stored memory data from old tasks are
trained together with the new task data, which helps prevent forgetting. Storing raw data for memory replay requires no
additional operations for storage and utilization, and it maintains consistency with the training process of the original
model. The method of building generative models has been influenced by the recent development of generative models,
where representative samples of past knowledge are generated for replay. These methods can be classified based on the type
of generative model used. In CL, the strength of generative models lies in their ability to generate high-quality synthetic
data, which helps the model overcome catastrophic forgetting issues common in traditional methods. Ultimately, the long-
term memory capacity of the model is significantly enhanced. The method of storing data features is chosen when data fea-
tures provide a good representation of the original data. In situations where privacy protection and storage constraints are a
concern, storing data features rather than raw data or additional models becomes a practical solution. Replay memory utili-
zation focuses on effectively leveraging the stored samples to enhance the efficacy of replay. This approach includes tech-
niques such as data augmentation, knowledge distillation, Bayesian methods, optimization, and gradient projection, as
well as representation alignment and bias correction. Regularization-based methods aim to address catastrophic forgetting
by introducing constraints on the parameters of the model, which prevents them from undergoing drastic changes when
learning new tasks. This approach enforces stability by preserving the critical aspects of previously learned knowledge
through penalizing large deviations in the parameters of the model. Regularization methods can be categorized into those
based on Laplace approximation, task representation constraints, Bayesian regularization, and knowledge distillation. The
Laplace approximation technique approximates the posterior distribution of the old task as a Gaussian distribution, which
imposes constraints on the important parameters of the old tasks. This type of regularization method works by adding pen-
alty terms to the loss function to restrict changes to the parameters related to previous tasks when training on new tasks. In
doing so, it achieves balanced learning of new and old tasks, which reduces the risk of catastrophic forgetting. Task repre-
sentation constraint-based methods utilize the historical model to generate representations of current samples while applying
regularization constraints based on these historical representations. The core idea of Bayesian regularization is to use a
Bayesian framework to update model parameters, which allows the retention of knowledge from previous tasks while learn-
ing new ones. By regularizing model parameters within the Bayesian framework, this approach effectively balances the
learning of new and old tasks, which reduces catastrophic forgetting. By contrast, knowledge distillation-based regulariza-
tion methods do not require additional storage of replay memories. Instead, they leverage stored historical models as teach-

ers while using the current training samples as input to guide learning. Dynamic architecture methods address new tasks
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and knowledge by gradually adjusting the structure of the model. These methods dynamically modify the architecture or
parameters of the neural network based on changes in input data and the demands of new tasks. Thus, they add or reallo-
cate network resources to learn new knowledge without forgetting the old. Dynamic architecture methods ensure CL by auto-
matically expanding the network, activating important parameters, and freezing irrelevant parts, which allow the model to
adapt to new tasks while avoiding catastrophic forgetting. Dynamic architecture methods can be further divided into multi-
expert and subnetwork structures, dynamic scarification and masking techniques, dynamic structural adjustment, and the
learning of additional task-related modules. In recent years, pre-trained large models, such as Transformer-based architec-
tures, have achieved remarkable success across various domains due to their ability to generalize effectively across tasks.
These models, which are commonly pre-trained on vast amounts of data, have strong representational power and are
increasingly being applied in CL scenarios due to their ability to learn new tasks with minimal forgetting. Pre-trained mod-
els can be used in CL through two primary strategies: fine-tuning- and prompt-based methods. Fine-tuning involves adapt-
ing a pre-trained model to a new task by updating some or all of its parameters. In the context of CL, fine-tuning can be per-
formed by freezing certain layers of the pre-trained model and only updating specific parts, such as task-specific layers, to
prevent the model from losing knowledge gained from earlier tasks. Another approach is to fine-tune the model using task-
specific learning rates, which ensures that important parameters for previous tasks are modified less during the training of
new tasks. Prompt-based methods represent a newer approach to leveraging pre-trained models for CL. Rather than adjust-
ing the internal parameters of the model, prompt-based methods guide its behavior by designing and inputting task-specific
prompts. These prompts serve as auxiliary information that helps the model focus on the relevant aspects of the new task
without altering its underlying architecture or parameters. Despite the advancements in CL techniques, several challenges
remain. An important concern is the scalability of CL. methods, especially in real-world applications where the number of
tasks and data diversity can be vast. Another issue is achieving an optimal balance between plasticity and stability, given
that methods that overemphasize stability may limit the ability of the model to learn effectively from new tasks. Future
research in CL is expected to focus on the integration of pre-trained large models with traditional CL techniques. It will
explore novel architectural designs and optimization strategies that can better address the demands of complex, real-world
tasks. Additional works are needed to develop CL methods that are computationally efficient, particularly for large-scale
models, without sacrificing performance or flexibility. By combining the strengths of large models with classical CL tech-
niques, the field is set to achieve considerable advancements in creating intelligent systems capable of lifelong learning in
dynamic and ever-changing environments.

Key words: continual learning(CL) ; catastrophic forgetting (CF) ; memory replay; regularization; dynamic architecture
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Fig. 2 Development of continual learning algorithm
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AN S5, M3 B0 B8 R R . AR S 1
TR R0 R SR A B B A A R R P G 5
AR, FEURE R (1 5 B — Btk Bt R
TERERT A7t 23 ) A AR T 6% Fg X

Tk JE LA B 00 T RO AT 55 ¢ ISR, RS
Pi 8 D, TR RER /NI AP BB AR BT ST M,
I | M,| < |D,|, #4555 30122670 o it B 2 15 B
TORMAES 22 h, FRE IR, T
TR BB 102 Y0 TE  FEAT 55 ¢ 25 ST I, VI 2 ) 3
AT LR 0 R (92 B AR AL il 5

min  {€(f,, f,. D) YULE(fn fo. M) |VE < 2}(1)

0.{0,.--.0,}

P BE AL DR AP AFAR 2D RS2 , 11 B i 0
WAL JEAFAR I D I GRAEAS . L7 R JHRE AL
A% J7 1%, B U ER (experience replay) (Rolnick 55 ,
2019) 2 Hi —Fofr ] B ) it B ARG 05125 B B HIL
AR AREAR Y B REA — I AT H IR . 2R, BE
P AFTE AN E 2R, ME LA R RCR

FEAS e ) — D IT ), — e 2 oY
Pk B BACRMERHEA AR LSS . Castro
AN (2018) 42 H I FH Herding 25 5 77 72 Bk 16 e HAY
RMAEAR LT X TR 200 AR AR A B2 51
KB A EE B AT HER SRS R HE P 51 R vh FE T Y
FEA . Herding B4 5 LN IS CHEE B8 - 1) M 45
A 20 X6 17 2 1 SRR A Y AR IR B X R A R AT HE
JP L AR B — A E AR 2) NHEF 5 1 91 R rh e £
A n AREAS . XSS PRI RE A BN R i RB AR
MR o BN, AN 27 25 38 A (] ) B 2 Y
SE S, AN Shim 45 A (2021) F FH & AR FEZR 18 T T T
O 43 L RS 19 )5 75 Shapley {H R 1 2 121 REAS
Xf g 2 PERERY TTRR , ARG REAS 5 21 i A 55 B9 5%
F 8 SO Shapley fH , PAIEFENT 5 2 A 4 11
TCREAR . WP 4 775, Koh 5 A (2022) 44t it 15
BEASFEA XTI R 1A TIPSR e s TIPS A 7 22 %
B B 5, RITE BRI Rk AR AR DI ZRatt e A
PR 22 R TR0y 3 A 46 8088 3 P 59 Sy 2256
FETFLASE R B RO . AU AR AR A, I R
A IXFEE ORI R AT B = iz Ak .
JIRIZ R, — 2z 25 TF R B ST S T+ T AR Iz A T
M £ #F Pk 2k 5 0K B . MIR (maximal interfered
retrieval ) (Aljundi %5 ,2019a) $& 5 il 8 1 2 5000 07
B IFARE SRS S EOT AR IR AR R

PR e R REA EAT H AL . Sun 25 A (2022b) 2
T TR BIE RIS I A R FEAESE , 8 PEAh
BAE i B AT TR R A SR PRI ACHEA . DCM
(dynamic cluster memory) (Ye F1 Bors, 2024) 5| A T
BT RIR 25 S o B N AT AL K AR LT AR
SRR [ S i 7 A [F] B A A7 SR 26 o, [a] i
PEHEN ARSI IR ZAEE . HeAh, BRI F 50 &
R e 2 B0 1B SR X A SRAT I ) S 2k
S I A R AR L ) AU B A A R . BCSR
(bilevel coreset selection via regularization) (Hao 4 ,
2023 )3 i °7 2] — MR AR AR R
AR AR 1 I R4S 21 A AR 2 8, 2 R R 4
LR A . Luo 55 A (2024) i 4 2 37 2 ] A7 i
LR RS AN - [ BT, 308 5 288 ) 266 7 119
HALEE 73 2R GERRG AR AL AR AR A A TR RS

|
mﬁ¢= ‘i i
S AR T |

4 shaSTHE s R AS () 51 B LR AL AT i
(Koh %%,2022)

Fig. 4 Dynamically calculate the importance of replay

s "
A

samples to adjust storage (Koh et al. ,2022)

2.1.2 MR T A A A E AL

AR IR B S B C 20 T —EmRCR H
SERAEAE B AT 8 1 KUK, HLZ A PR BOR 32 B A7 Ak
FEASBEAURENR o 52 21 T AF R AR AR L R B ST
—BET7 AN A SR A, T e A AR AR
A AR B REA S AT E . X 2Tkl LA
HRAE AR SR YA R EAT 0 2 0 FERRgE 2] h AR
RS Y ) AN FAHE T AT LLSE Ao AR R e O A S B
I, BB vi A 52 07 125 v 2 5 A W e 35
ARl T R THE Y K A2 RE T .

B, A2 B BT 4% (generative adversarial net-
work , GAN) J& — 7t phy Az 78 i F1 ) 1) 28 AH 5 X Bt o
R 2 2 BEAY . DGR (deep generative replay )
(Shin 25, 2017) 48 H{ — 3 B Az AL Fr) 1 25
) MESR T 5 AR et 254 55 B O S 8 55 1Y
BARIR G , DL TR A 27 2B AT 55 X IHAT: 55 19
1% %5 o LwP (learning without prejudices) (Jeon %5 ,
2023 )i A= O BT I 46 A i B SR (5 B RHE
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FEFMRIR

I8 X L2 2 AT U, DAS Al R M dt s s 20 %
PRt i o HOR, A2 4 H 3l g i 4% (variational auto-
encoder, VAE ) f& — 1 5 T 48 3 (K1 BC AU (19 A= pUASE A
M 327 B A AR A R AL | ey
2] VAE B SAE T 0] LA AN [T 55 A6 s /25
] B ZE 2237, B BRI A 22141 55 18] RAE TR
P IR IR IS

FearNet (Kemker £l Kanan, 2018 ) J& —Fj & T fii
Ja KBRS Z AR ] A= i A 3l g A A A
B 2k s 49, i BT C A2 5 THIC I 30 4T B i
HKILE T HIILAZ , AT S i KMEPE IR 52 . DRI(deep
retrieval and imagination) (Wang 4§ ,2022¢) /& —Fji {11
R P28 FI A AR RS A HE SR, e rprim A M 26 T
P g8 — i A A3 (8], J0 i 7R A 55 1) ok i 58 s
RIZH, A USRI T BRI A U B
A, BB A (diffusion model) J&—F il 13 & 48
B AN PSP [ 3 I A SRR ) A U, 7R

fT%%1-1 |

5y '5
[ ‘fgl?l( . ) ] |

I PR
_—

Bl \ —>
| 6 (") ]
N e — C—

Regip o) op  § BOSE R A R 3 AE T B P A i 72
AE A% B 4 b V- 457 57 IEVAE 55 22 1) B R U , ik /b o
XE P 5t s I B v B R 92 AE BE 1 . DDGR (deep
diffusion-based generative replay) (Gao il Liu, 2023 )2k
PP WO BIAE g A2 s Ll oy 2K it s S s
PG B R R I AP SR AR AR i e 1%
T3 SRV TR 2R 232 g ok d5 T4 BB 114
MRk &, W 5 BT 7R o DCMI (dual-consistency
model inversion) (Qiu 55,2024 ) $& H P i — Z P X 5%
R Sk A il B ) TH 20 5 IOREAS , AL 45 5 A 15
E5RE R B 22 [ T SC— SO R — Bt

S A AR ) P 352 T LA 2ok 25000 1 sl 4
P53 A AT HEAE, 2B U S AT [ e 2L AR
ZAEE, HA RO T RRARAIER )R, KT, AR Al
RRIAS B[Rl REAT Ok T BRI A0 T IR THAE , HLAE A
PRI A B A A7 A 38 AR XU, 3k BR ) 1 86 T A A
TR B O IR RHE

155t

Hiy

LR GITIE S

——

Ok )| > )
\ — / ‘%};g‘ I e(f,( * )
— i;/ T — — —

KI5 R OO AR BREAS 14T B (Gao 1 Liu, 2023)
Fig. 5 Generate samples for replay using a diffusion model (Gao and Liu,2023)

2.1.3  BEEREHEFHEAAE G A L
TEAF it B U6 K0 R e A JRRE L 45 | AR 2
MIREOL T, — eIk & T h T % . AR SRR
X IR BE BAT B Y RAERCR 725 B B AL R
FEAR 2R B D0 , BB R A AR 1T 3R T 4 3
oy & /ME AL, DER (dark experience replay ) (Buzzega
85, 2020) FAA#FEASERSM Logits , i85 45 5 MR ZE H
RV IE D) ke fige e R M 52 AR [R) T . PRAKA (proto-
type reminiscence and augmented asymmetric knowl-
edge aggregation) (Shi fll Ye, 2023) il 15 45 5 #2551
SRR T 2K ) D 280 50 25 T B TH 2R I R AR o3 A, DA
FRAEATAE S MK i B . CCFA (cross-class feature
augmentation) (Kim 5% , 2024b) 52 X} $ip 4 W 5 5 %
FEAN A 0 FIAREAS b5 U 5 RPAE , 107 0 5 18 2 28

M ET A A SR AR IR By FO B
FEA# AT /N ORI BRI A A R T P a2 B RRAE
MEDABR A 4 T 945 S L 6 TR 0 38 e R A i 2k
PRVESOE DL BT AE A R IR )2 2 05 B S50, 3 nT B 3 2k
{1152 T = SN S
2.1.4 Zicl RS

RIS T A AT, — e T
[ B e 2 Fhicte Ty KM e R 8 . XKk &
WRET WS & A B AR R DI RE R IC I B RS,
TR ICAZ 5 . FearNet (Kemker il Kanan,
2018) & —Fh R A RGCIZ R G % ik Rl 45 &
F 2l i 5% A= B3 S H . Pham 55 A (2021) #2 3
—MXOCNL R G, AFE G Fac i AE Gt , o5
T FCE OIS MR gz A EE SGdi
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AAES5 FEERFAIE . Arani 28N (2022) $i Hid i 470
A I8 SO S5 R L 52 . R A B
HCHLR L 7RI RN R A [ i X 5% pe s Bt 5 i
ARt ISIAT I & o SCOMMER (multi-
memory experience replay mechanism that employs
sparse coding) (Sarfraz 55 2023 ) il 11 5| A i £ 2 5 il
ZiCIL RG], R A TARICICh dts Y (5 2., Ol
AR R UK S R E, LU TAREZ
PRI ER A [A] Y — B0, A&l 6 7 o Sun 55 A (2023a)
Fi 3 3 R R TR 2 ) i AR AL O L
AT A EAMYICAZANE , — D TAEAEIH RN, 55
— TR A

iy &
PRI e 4
e

K6 I RS (Sarfraz %7 ,2023)
Fig. 6 Multi-memory system for replay ( Sarfraz et al. ,2023)

2.1.5 frfifif B

A E O EMBOCAL A 7E R i
FEARIR B H RYE R T e U R At L 32T
FRR AR . AR AEE TG BRI AR S 5
ZRID RS (1 ANV N BT e €1 Y U E S K R A = e ]
1, REMIND (Hayes 25, 2020) 38 35 {if ] 7 & 2 1k ok
Ji 45 A7 A Rf AR, DL S 22 4% AR . DSDM
(dynamic sparse distributed memory) (Pourcel 4 ,
2022) i 3 S AV N A SO REAR S A
A B R ZR BEAT A AT R, LA S BRRREAR Y
27 2] Fig1Z . MRDC (memory replay with data com-
pression) (Wang 45 , 2022a ) i i 208 1 46 2 A ik >
FAE TN ZRREAS B A , DT AT BR A A7 Al 25 1] Y
FEABEE Z2 B THAEAS | LUSE A R8O R 52 0ok 234 55 19 8
P53 . LoDM (low-rank dataset condensation) (Yang
5, 2023) FEARAE R FoRE RS B AU 4 T 4
BN R A | 38 o A AR 4 s [) m DG i
YRR G R AR, W R o T RO A TR A AR
WA, ICAZ RO XA it 23 18] 1) RN AE 2R, 3 S

il i T R AT R A i A TR A TR RE . Kim 55 A
(2020) 7272 7 ) FPAR P B i i e 05 Bk
PRI 2E 00 DX LU0, 9K 5 (i P I A7 2R 38 05 A7
2R HER LBl . RM (rainbow memory) (Bang 55
2021) 38 1 34 LA 24 VR4S B PR 25 B Y REA AT
fitg , L TR AR 43 2R 1 AFER A 184 58 11 vk
AL

TR o 5 IR BN — L, AN BURA )
A H A BN 52 2R, JRAEIX 2837 b i i S AR A
it 75 20, 6 T A Dy S RS ST A M R A T H I . XK
(AR OEE Ao W AN N CIBEivE e R )y S o et oy g R i
B FEA . Gdumb (Prabhu 4%, 2020) iy £ 257 fy
KL AR N7 2] 3 P 23 2H 8, RAERRTE N A7 Hh 20 8E
HOAFARAEAS TFF- A2 0] , 27 > 45 10 i B I P N A7
HAREAS K TR LR N ZRAAL . Lee 55 A (2024) DL 5
A0 7 AT S T A YN ZRAE 55 1920 M4 A1 £
it L A P 3 6 K8k TR VI o 22 I 26 Y e s
—JZ.
2.1.6  FEACHIAlCTZ

TEER (4 F RO VR B A 38 BOREAR O RCR
ik T EARRYREE o I3 — 7 T, W AR REAS A AL
H RS BORAT B o T BE 5T AR F A
LRl 1 BT AnAe] SE I A A A A A A BRAEAS
T A PR T CICR

DRGSR, P RLE i B0 SR 1 i R
o B AR RO EERCROE AR T ROSCR . BN, RAR
(repeated augmented rehearsal ) (Zhang 55,2022 ) |- 5
A G BRI BR  ad Z2 UG IR A 2R Y
BRI U B AEAS AT I 25, [ g 17 ] B AL 72 $60 3 5
ICICHEA B RAT o Seo 45 A (2024) 1] H i 22 55 i 2L
G P e o RS RO O U A I 2 R P
JB (10 B0HIE 1 5 5k A AN TR) T 5 46 80 1 1 5
I, DA T 22 it 7 1 H 2 ) A i =2 ] g v 22 ) A

2)HRZRIE . o — b TR E R E AR
G PR A5 A R R . TERrEE ) P R
TR AT A O B TV 55 0 P B MRV I8 06 . 24
RITE 5 2B AT 55 I, 3 o ZR TR B Z HiT AT 55 1
PUT AL 2 2 gAY v, BI Al DU~ ~J 35 R
B IH 135 . iCaRL (incremental classifier and repre-
sentation learning) (Rebuffi 55 , 2017 ) F] F 17 fif i) £
A AL 2R IR AR O LU RAMETE B RS . He 8 A
(2020) #2 Hi it B Bl 19 58 SRR FIR 257 >
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BORAFRACL AT S 7 2] vh 1 RAMEPE IS SRR, HAL
(hindsight anchor learning) (Chaudhry %5 , 2021 ) i i3
TEH R SRS B3I — R 2 H s, IF R SUZE
AT ISR, b 2 AR T fe /M 2 /Mt
B IR AN ZUEAE T PR 355 B A3 i A T A
A% . SS-IL(separated softmax for incremental learning )
(Ahn 5§, 2021) 48 H — B0 73 B 3 softmax J7i% 177
3 18 14 softmax i )2 FIAE 55 2ORIH 210 L DL
TR H TR AN A 5 B0 70 2R 0 B 22 1] . Bos-
chini % A (2023) 83 T DER B9 HIRZEIR @ o 51 A
R S THE 2 SR, 4SS 50 B Je i 5 IO A DR PR A 55, Ak
FIHT A B2 5 TH S Z 18] (4 SRAE A AR RLPE , AT 5
T A E R ARG B o AR ]
AT 5 o 24 i )I Gt o BE = 1 D SR e R
G fif ROMENE 18 S, (E 28 1R R vh AT AT RE 22K
FECYRTERIVERE T [, A 55 8] A9 i b 58 ml fig 5
FUOREIXE LS55 IHAE 55 09 3R B . oAb, 32 Iy s At
TR I 52 e AR, I o A 23 0 i A A 5
iR

3) WM 7 vk o FERpgEs 2, DU 05 3% ml
DA3E ik g 3 252 3 i) R Sy Se B, AN Wy SE RS Y
XA 55 (A B ROE P 35t X . VCL (varia-
tional continual learning) (Nguyen 5 , 2018 ) £ 2%
] i R R O S U o3 A AR 3 i R, O R R
S o ) UL FHTAE At 08 THAREAS XS 24 1 2 8000 A1
BE 47 A8 4 4 Wr o KCL (kernel continual learning)
(Derakhshani 25, 2021) 38 2 22 73 $f W i) 2 69 2 5,
K AL ST SR i e A &, JF A REIME 55 Y
Tt v HE DB 3 A8 43 J5 35 43 A . SNCL(sparse neu-
ral network for continual learning) ( Yan 55,2022 ) i i3
UL 53 DU S i M e 9627 >0 B I 2%, -4 114
A At AR R A I FLAREAS 4 o ] S22 AR A 8 528 X A o
LU LT s o SR, DUy R A
Fe PR R RN R TE i 4 25 [B) BSOS B B DL T
SR AR I B o3 AT BN FEIRT , ) BE - BB B AT 55 fY
W RE S0 , BRA AR 52 284 55 v B

DA S B . TEICICE O At
R D13 st R RO 24 RS DI R s 45 F B
PR PRBORAFBRE . — LR U AT 55 A2 A
b BE ph €, DT 5 BT 1 A A R 3T, X LA
i Py SRR A g, EUB IR 27 > e s2 52
N, 3K T3 ¥ i B R A SRR R 4

NEZi
HEZ&ER

| Eis
J g

) L e
oA mygn | s T 1 0
US qrER ey

B7 A2 53 DU ) 265 RO FE G 25 (Yan 2, 2022)

Fig. 7 Replay training in variational Bayesian sparse model

(Yan et al. ,2022)

R AR —E 55 BB . GEM (gradient episodic
memory ) ( Lopez-Paz Fll Ranzato, 2017 ) i i & 521042
PR 3k 24T 55 A B  JFTE BT 55 VI 2, A e
UM TR 2 AR A D 1w, DAY 5 RSO
R IE R iEFS . Chaudhry 55 A (2019) $#2 1 GEM &
1 R ML AS A-GEM (averaged gradient episodic
memory ) , ¥ JE A BN THAT 55 % A A — DB EE 54 AL
Ht 5T A AL 5 F ¥ 86 2 . MER (meta-
experience replay) (Riemer %% ,2019) fEAEBREAR 1%
PRI B S RV At vyl = R Py e S A
BT Z R BT . I Ah , iAo 7 e 4%
T HREAA S R AR R e 12 2 50 IR AR
Ry R b AT SR, B BRI R L B ie S
o ESROGT S IR AR J5 Se I 2k rh R AT
J& . 541, Mnemonics (Liu 45 , 2020b ) i 1 24k /7
fift A I L3 21 3 114 J7 AT D0 A, A A BUZ p Ak
PR SR DA BB RIREAS , DA ol I HE P88 A5 )
GMED (gradient-based memory editing) (Jin % ,2021)
& ) A0 2 2% S 95 T B BE X RE AR S AR R R
b
5) RAEXS 55 5 0w 2L . ICACE IR,
T S R 0 B B/ N TS AT 55 I 2R %L
Pt XA rad fe b BT " E AN, RN
iy s RRTE AR 25 ) Th ™ A — e R BRI
EERE )T, — 62 38 I o) 7 B i e v S B
1 H R FR AR X 55 . BiC (bias correction) (Wu 45,
2019) Bk 1 RS2 ] B o3 A A 7™ B A UL , I 4
tE R T A i 1 38 I 4R 1 AT T U2 A D 22 M OE .
MDMT-R (multi-domain multi-task replay) (Lyu 5§ ,
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2021) 4t —FP AT 55 W PG IR K, il 42 A
5 1] 2 W] F) 73 2 0] i $ TR TR () SR AERE ) 0 Co2l
(contrastive continual learning) (Cha%f,2021) 4 H —
ol 3 Ao SR M X BE A 2R 2 T AT 55 SR AE i 5
115G FR 2R ARAF 2 2 B RAE  ITERR S 2
SR MYE ] TR FE R . ER-ACE (experi-
ence replay with asymmetric cross-entropy ) (Caccia %5 ,
2022 )38 b AN B AR S BT AL DN A R RS B0
o 1H 28 AL B (W) L, ol 4538 28 ) 34 107 TH 28 51
PCR (proxy-based contrastive replay) (Lin 55,2023 )
Hh 2550 sy > MR B ) i R g2 2] O vk 4T
TAESHIRAERE TS
2.2 ETFEMNHHTE

TEFRFEE A v A ik Ok B THAE 55 19
Bl s A AN A SR OR B T R R, O SR 55
Bels— N, BARBEA ROBD I8 RS B/ Z RS
P s () AT B R4S AR 4 | v RE 2 2B A
MR 55 )T, 25 BRI — S ip gy A o AN iR
LRI , B SRV AR RN | T I H T A
PURIEAE T o IE AL 7 i i U s o i 29 51, 95
JRE AL 5 B 2 i 2 2 0 L 3 R 2 R0 B
PEIASCR DX THAE 55 3 s o HARATE TN A7k
ISR , R XA S AT e, DR B A
£ His G B BUS ) ) 5

TERpgsy i e, ZHCE WAL TT vk B A4 2
IR 5 B SRR . R B AR 55
RSB AORMRE L EHr . i PR X e S HE 2
g SR, 0T LUA SO RMEE SR IS . 4ol
PR O B 2 ) A T3 o X S S R
Je BRI — A oAl . A B EI(E
HIAE 55 S ERE , s BERUAE IRAE 55 rh 2 B 0 d
WS % RIS , BREA s B 8 i % D,
Dy, HA D =D, U D, MR35 5 1 S,
T )25 > 3 R TR SR AR5 56231 p (01D) By .
AR DL 307 28 52X, 20 96 73 A T A3 i D 6 A [T
55 WY AR DT AR 3L R RSS2 X6 55 [ FL A 55 ) St
HAR Ny
logp(0]D) =logp(D,|0) + logp(6|D, ) - log p(D,)

(2)

TERREE S A R 1 57 I A 55 AL B

¥ 2JAE% BLH AT LA p(0|D, ) 23TE4 4 B

Zp A BIN R LR . TEHEATEE S B 195 T,
Voh o ONGARE xS b I IO 22 (S | DR W e
[ AL, )

0 = arg max logp(@| D) = arg min L,(0) - logp(8|D,)

(3)
K, logp(D,|0) TS50 0 X EHE S D, (1) 4511
B BSEBR 1 R L, (0) RS DI, e R AL 3
MRS T /ME L, (0), RVBEEDGHETE 45 B2 )
A LA o e/ MR 2 BRBOR S, i logp(0] D, ) M
S REAE 45 AV G55 138 B HUME , BRI THE 45 A
XY [ 2 BRI SE B0

SR, EFF S 3D 5 R MR IR 51T 55
B, BR4E D, R AT L, 35025 R 5 AR 01 AR
Hlogp(0| D, ) FTAL & (IS 3045 B . PR 8 Fi L 3%
Pl ST G 3 R L BB A I 2R AT 5 B
i, A B2 3ot BE S AT 45 A M B850, T 56
ZHISEBI AR, T X — ), S 80E L
i BT 55 A 10 S35 S50 30 DL A5 B g T U A 35t
BRI SR T . B T A4 B TR R4
LB, AT 45 FR 2930 LT UL 7 1E 0 L) R S
FRZEIE . B F R x LRI R A2
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Fig. 8 Principle of regularization-based continual learning

2.2.1 FEHIHTE e

L7 37 3T BL AR AT 55 A 1R 38 53 A 3 A
KA~ 1w A, DT H AT 55 119 32 28 2 501 n 24
W0 AN IE N A D 12 A TR AR R eR P I AR THAT:
5 ZRCEARY G, 7RI 2558 A 55 4 il 5 S hiy
155 S A9 2 80 JBE BT, DT S5 BRAS58f IFE 55 Y
Ao 2 R AR SOME R 38 A XUBS . EWC (elastic
weight consolidation ) (Kirkpatrick %5 ,2017) B 4% F] FH
A~ S VAT (V= N b il [V Rl I & N s .
logp(0| D, ), %5 7 1 7T LU ) B el — 4> —
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UCIE D] e, B
0 = min £,(0) - 3 (0-0) /" (0) (4

EWC ] 9% 55 75 2R B A4 53 2 50 v R AR R
RETEBASERHE S EERE, fEEWC K
itk F, SI(synaptic intelligence) (Zenke %5 ,2017) % HH
TRMARIAENE , 75 EAUR BREUE AR RZ I, A R
AL T DL 3R O BB E A A AR . MAS (memory
aware synapses) (Aljundi 4 , 2018 ) 3 12 X 4% 7 2 4
B s 5 S B A, WA E T RS
Kty SR AT DL 9 S5 AR R A A ROk RO .
RWalk (riemannian walk) (Chaudhry 45 2018) 3T %%
2RI i TERTRL Y 2 8 as ) h R AT R AL TS 2D B
BRI S E TERRR I BB AR 2 T 2
BAE AN BT — B S8, AR5 8
BH 2B H . NCCL (neuron calibration for con-
tinual learning) (YinZ5,2021) $#2 H —Fh BTl 00
FEHE Y J7 1 G2 kst IS T T o 28 I 5% v ) il 22T
AR TR HERY B TT , IR R — Fh DI A R AL 1
2 HEHL . CPR (classifier-projection regularization)
(Cha 4§, 2020) i 2 75 BE AT 35 47 297 303 B 1 D) 4 )
Rrgios: 21 7 vk R s I — A8 B IE AT, 5 KAk
Gyt AR 0 | LAAE I 58 e E e /MELAY Y 2R
M2 i R 227 2 I ik PERE . EFC (elastic feature
consolidation ) (Magistri 55 , 2024 ) $2 H — F1 44 Ay 5Pk
REAEIUE 73k 38 2 5 | G290 REAE A P o 1E I R AIE
23 (8] v 5 5 i 2 AT 55 B A G D 1) /Y A2 A, 4
N %o o i 2 A 2 Y- AT 55 K0k AR o S Y
(7] ) ) FH TE DU A i 52 0 2 i TR A M T 7 I AR
NI BE 442 2T 3B ATE: 55 I F 0l 382 16
2.2.2 fEHFIRLAH

SR PRSI AL D7 125 g 2 S D 30 ) e
FE T Q] A5 5 S 40T Bk | X T 38 R B A
FRTFR R o HAh, — e B AN R R S 2 i
L ZRGE WU 2, A58 R I TAT: 55 2 i1y
IENAET5 B Rl B 2 AR 55 R 5 {5 2 . MER
(meta-experience replay) (Riemer 55 , 2019 ) 2% & i %k
EHTT ] FHRBB A S SR G WO 55 86 B Bl
AR ZHE WK 9 BT 7R, MUC (multi-classifier) ( Liu
4 ,2020a) B 5 2l B 20 A UG THE A 208 1E
WAL 2o, 38 5 I R od 2 a2 P R0 T 202K
s LEAL B3 A AR IR A OIS — S, ] i e AR

B3 A B I DR — S, AR 4 B 2 S AR e 6%
N IENIE Z i ) AR 55 SR i BRI R A A B
PCL (per-class continual learning) (Hu &, 2021 ) 7£ 5.
RIS gy I BT — MR E N AL 7
12 Horeg, i 2% 2 5315 RE MK 2 T % 18 R S HRRAIE
%5 15 0 1 AR i AT R AR A i DR RS £
SRR SR ) e, KR A AT HE . Inter-
ContiNet (interval continual learning) (Wolczyk &
2022 ) 3 12 75 P 25 W0 245 2450 (8] L it fin X i) 249 o4
RS o 1207 e R 55 o S0 ] vh i
FEIE | T DROR AT 55 0 T 1 0 & 7E Z A4 55 1Y
FEFEIE A, AT A AR st R it 17 PR . AdaB2N
(adaptive balance of batch normalization) (Lyu 5 ,
2023) ¥5 i B A ik 14 — 1k 2 (batch normalization,
BN) 15 4k 3 % B2 AT 55 A7 AR 3 0 0 22, 0T 4Rt —Fb
3 -1 SR DA BN e a, DA i R A i 25
RS PR TERE .

BRI

EZIES R

K9 Z/rZedE Nk (Liu 55 ,2020a)

Fig. 9 Multi-classifier continual learning(Liu et al. ,2020a)

2.2.3  DUMSrIER]

DL ert397 1 D0 5% B4 Ao JEUAELIZ 1) P D v i A 24
SRR SR, DU A 27 > BT 55 i O) B S i 55
AR o DI ST T U 7 92 d ek A DL RE 2R T I
W AT 2R, A R P A T T TR 55 2~ DL
/bR ME M 5 T o OSLA (online structured laplace
approximations ) (Ritter 2 , 2018 ) 42 tH —Ff D1 i 37 7
LRFFLF I HESL 3 VA b3 (RIS 95 53 A, LR A
AL 55 1 AR, DT AT 800800 1 RMETE IR RS
S-FSVI (sequential function-space variational infer-
ence) (Rudner 55 , 2022) ¥R 2227 2] 90 4y JIUFP DL - S8
FHE W Tr] R, 368 5 Ty o 802 1] 728 73 DB fe ik ke A £
oL rpr g o Ik IOMEME SR R . 1205 1 AR E I
Grid R TP SHRy )z AR AL [ e A B SR Ay
3 AT H B AT A% R0 TE U Ak ok 8 BT AR 55 . TriRE
(retain, revise & rewind ) (Vijayan 55,2023 ) 52 #f1 22 B}
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Al g G 2R g A B AR DR T 55 18] 1Y
T, Bt T3 BB 2 ou R B R T 8h
AL DU IR 7 2 BARAESE T G b AT R
LA, AEE Pl B B T AR RS B A
7 SR O JH R S8 L S R RE
2.2.4 IR

ECACE ok R FRZE A [A] B TR R
TR L AR YR AN BN EE IR T e A A
il 9 D7 St AR TR g 200, O T 25w 2R A A
B o TERAESF ISR, 121304 55 RO REA G
VNI BRI v NI R E OB U SRS 7N
FrRE ). RANZIT IR B RN ZE B SRS T LU0 A o2
WE A B —FF o LwF (learning without forgetting) (Li
il Hoiem, 2018 ) 4% i 2 > 3 i Yl G AR 10, [ i
FHIE AT 55 B Sk B J8000 5 31 55 28 I B 2k o LwM
(learning without memorizing) (Dhar 2§ ,2019 ) & H ¥
AR IR RS IR 2, 3T o 28 A8 1
TR A A AT B TR B 2R B9 (5 B o Zhao 55 A
(2020) fdf FH R0 R ZE 4R AE 3 TH 250 N A Do 2, 32
EE S 5% 2 21 TE A 4 132 2 v B 2 0l ) i 25 A0
SLEE ] 55 18 T 2 | ) A ] 5 2805 TH 2 %
35, PRI IH 260 A7 4325 . PODNet(pooled
outputs distillation network ) (Douillard 5§ , 2020) i i1
b A i HH 2R TR O 2 AR R Y R AE T Ak, AT Db
XFIHZERH B o Lee 38 A (2021) 76— 27 A AE
DR o e ) 200 2 ] AR LT S0 AT 55 RR AL )
R ] Y2 eSS PR T, 8 5 42 1l
AR TE S AR LRI TE AT 55 AR B X R 27 2T 1Y
S A 10 7R, GeoDL(Simon 45 ,2021) i i 4
AR AR AL e b A TH BB RN 25 i A5 AL A4 AL, 1)1
0 b 28 AR AT 55 8] B - 22 AL, R A T D0 2k
VAR B/ MR I ] 79 25 57
2.3 ETHEEMNAE

i E R AR A E O O A i TH AT 55
R ok A BT AT 55 00 R, A7 RT3 A A 1
T VU500 Ao 7 458 2K RSP S 0 I DU, IR i A ) 2
HCR0) BRI B2, A0S L DU 30T ) 1B P FASUA , X L Ak
PUES5 22 R BORMIG O . Fp8isy I A o —Rh )y
G ZAL 555 ) A AR 55 4% B — 2 P27 ) (5
VAL AN T 2 [R5 24T 55 RO . PR AT 55 FniRAT
filf TRATI SR, — i) 5 J7 i R LA AT 55 /9
A T A [ B S8, 3R AT DA SR R 2 sl B 7

I A -
FEESR I % e

A

K Vil A

amﬁ’ ’
1]
Sy

iR

P10 0 b 2 ke ol P2 55 D ) - A2 1
(Simon%:,2021)
Fig. 10  Capture smooth changes between tasks using

geodesic path(Simon et al. , 2021)

255 BN ZRox THAE 55 1 i , DT 32 AR ME PR S A6
TR LR b, ZhAS S5 1% 18 i 7 A0 e B A 45 1
e IO X T A 55 AR, AR 408 g AR 4 722 AR A
G5 IR, B TR R 28 I 245 () SR s SR, TS I
TR 53 TC 9 £ BE A, LA 272 > 5 R AR A 35 s TH
W ShSSkIE L A shy M I EESA
URESAHH 7873, B DRASE L REAS 305 VR4 55, [+ i
E G JOMEMEIE TG, DT S IR 2227 ]
2.3.1 ZRFEHTMELHHY

— )y PR AL AN Ry P 2 L AL
e R A B — A R L T R R 2 R P 2 R i
V7 FE LRI B o7 2 A 55, IX S8 T 5 TR BE RS 1 5l
A HAS I A R B A DTS T AT 55 oK (R
SREATREHL IR B Z A2 ST AE S HICAL . XD
PAE T HRTGVERGE N, REOE R IR AT 55 A 1L R
T VAR R 2 gy DS AT 45 3 s, O FLIE A
Bk i3 S A e IR A R AR . Expert Gate
(Aljundi 55, 2017) 38 & % Z W 25 F 145 A 2l i )
i AEATERR ST R EER A DL T AL BT 55, A shik
PEAH O SC Y0 AT 55 18 B 27 21 BT 55, e Il e 4%
AIEAAL . WA 11 7R, SEED (selection of experts
for ensemble diversification) (Rypesé 55 , 2024 ) 7 B4
55 R e e — IR AU & S0 AT BT, LA igt
SIS & R Z B Z e, R 5T 5T 2748
T R ST R TR e E R K
FIIITEEFL . PICLE (probabilistic, library-based con-
tinual learning) (Valkov 4§ ,2024) #4 & T & Hefk i Ff
Zrap 2 HESR | 3 o AR ALDE Al AN [F] B R 4 5 Y 3
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FEFMRIR

NERE, LASE B D AR AR TG TE R T B o A
MOSE (multi-level online sequential experts) (Yan 55,
2024) BN GB R S 1) A 7808 A S 1 T
KB TEA R M 28 2 9 A MBS S A s m) B
ZEIBTERIRY TR AL AL FR, B 1Y & R B e 2 1Y)
T , A AN TR S R

8,9/ (%)

T=3

Sl &

ey
T

8,9/ (%)
Bl ZRFZEEMPMRITM (Rypesc 5 ,2024)

Fig. 11 Co-predict using multi-expert structure

(Rypesc et al. , 2024)

A, —LET7 VEAL H L A 1 190 28 SR 1V T
RS AR R THATE 55 W1 . 5 2R KA
T R RN CA R E W28 70 F R e B Y
X053 R 22 A1 WK SRR, A A 0 2% 67 57 b PRARR
SE WATE 55 BT 55 2 5 AR BT IHAT: 55 Z 8] i T4
T AR SR M 35t Ao 8 XUy o X SR A TE T
BATTREUE 1L BB B S5 K (Y Sl b, AN S i
RS VERERBE G 55 , (AR Y BB 6% 15 23 1
BT 09 B HE 43 A o CTrL (continual transfer learning)
(Veniat 55, 2021) £ H — i 57 A9 A5 e A 28 ) 45 22
PRI T 55 SR B 0 S 2 ) Bk iz vkl g 21
B BLHOR R AT 55, 38 2 58 5K 2l 7 2 90k i 2%
BB H . WSN (winning subnetwork) (Kang 4§ ,
2022) 32 R SHRBR K A TR M 48 N A AR SE 4
PR T 2%, 8 5 W 27 > I M 55 1R B e
T2, [) i 2 X 2 5 2 i ) 28 0 AR R 0
— /N AL HE . MIND (multi-task incremental network
distillation ) (Bonato 55 , 2024 ) i iz 2 5 I 25 £ R H%
P2 o3 AT N BT IR 5T A — A
FREAT 55 o MIND FI I RIRZE AL, K B BT
S5 YN LR FTASERL e (1) TR 08 21X 0L A 1~ 1 285 1 Bt
Hh DAL R B SR AT 55 B9 A1 . NICE (neurogenesis
inspired contextual encoding) (Gurbuz %5 ,2024) M i
Lh R B 28 D 2 PP R IR R T o e TR T P 2 T 2%

HP ) 28 e RO W) A s B B AT 20 41, O T AE T
X B B T A A1 15 5 B AT A T L N T AR 2 Ao
ZIt.

G Z A E BT R T MR s
BIHAE 5 Z 18] AT IE , DA T A AR M P 388 165 8 XSS
10 2 L 52 8 22 1 0 265 6] 1) MU B AE R DR A i
Hb, X BT T BE T B A AR Y R 25 4 A AP Y
RGBSR ALY 24 W 2%, 75 19 28 45 Fg ] 2 Fi A
AR AT BE T I AP AR
2.3.2 S MEACHERETT %

— 2Ly R A Sl AR Y O AT AN [ A
55 B2 SRR AT LIRS TR AR A Y g ik 1, 325
A 8 A1, DT el 2D AN TR 55 1 R T
Piggyback (Mallya %5 , 2018 ) i 1:f 2% > — i il #5 5
PP b 5 R 1 5 AR ) Sl 1 2%, DA T 422 T A
55 BYPEBE . Abati 55 A (2020) A BRZH A T
55 58 I 1A HR , X SRS T DAL T 45 7 il A
TEHE N HIWIPSE 3o 8 4% 38 3k 4% i PR T A U A
DA B E R IR AR B0 DR 2 T 2 2T AT 55 RO R AL P BE
A2 . CCLL (calibrating convolutional neural net-
work for lifelong learning) (Singh %% , 2020) i i3 1R /b
() A5 1 S B0 26 LA 48 I 2% (convolutional neural
network , CNN)ZE 5l A S0 P A T RO HE , 1 H 58 4T
G5 ARG o A A [ R T R TR X 1 P 2% 22 7
A T PRI FEA TR , TR AN X SE e i 2 Bt AT
%, CAT (continual learning with forgetting avoidance
and knowledge transfer) (Ke 4§ ,2020) 1A & 24 1L 45 #H
L E AL = R0, PR T — A R R DR A
B H AN LA AR S E B B R, O BT A A 55T
LA TR, A SR EHE 55 5 Z i 55 A
RLE , XA AR 55 (5 1 iR 7% 1 3 ) i R e 5
TR LA 20T 55 01 S B ) FHAREE RS, XA AR B
255 (0 TR S5 R s 18 . AnIAT 12 97 MEAT
(meta-attention ) (Xue 45,2022 ) | ] ViT (vision trans-
former) A QLR FpE: , Sl i 72 22 3k B VE B B g
ATCTE R I, 3251 A58 A 55 A iU 558 E 7Y
HdE B 1. SPG (soft-masking of parameter-level
gradient flow) (Konishi 4, 2023 ) il i 76 Il Zx rh 3£ F
BASHON AL 55 B9 T Z R B B 2 B0E 8, 7
VRREME 55 0 2 B R 255, T A 2 3 E B4 55
P 28 18— 3, DA T 52 B R ) R AT A% D 2
AR
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000} (La0l) (Loea) Loac

K12 VIT 458 h 3 285 A4 iU 55 45 TE T (Xue 55, 2022)
Fig. 12 Adaptative generate task-specific attention in ViT
structure(Xue et al. , 2022)

Ty — i 5 2y 25 4 RO AT 1 Oy 12 4 8 2 R
7,5 H A S SR E AR R X Rk
NI PRI A% A% ) B TR AU A i A 17 S A% 328 1Y)
T 2, I ke O P AR TS R Y M PURYE . Kumar 55
N (2021) 4t — Al 7 DU -S54y 3 1 1) 4p 2 2 >
REZR K 4l kg 22 21 BE 3 Rl 27 2k DL 307 7 7 22 i
ARBIHER Gl it o7 2] BT 55 TR EE S5, S8
1155 R e 4% R B A JC W B iy R & A A
A RUEL I, NISPA (neuro-inspired stability- plastic-
ity adaptation) (Gurbuz F Dovrolis , 2022) 3 i 4 Bl
Je A 1 I R B I 2% R RS R ARk R B THUE
S5, IR 3 5 R R 1 R 174 T 9 i A LA
TGN AT SS o TERAE S5 I 2Rk B b, NISPA 23 )]
P M e P Ak e AR E BT , I 18 i 3 4 R R B A
B A . R E BT Y B PR T RO (LAY BN, T
0 T R A A T T A A A B, LD AN [T 55 (8]
AT FER TR

Wb AT —SE 7735 B4 AR 7 > B4 R B
>3 e X A TR A A, 36 28 T vk e R R R THAE 55
Z [E] ] A A e = AR AT AR, TR AR A 5 T 5
155 7Y (%) Ff B RN B3 53 A1 o SDMLP (sparse distrib-
uted multi-layer perception) (Bricken %5 ,2023) 5t T
i oA A RO, $2 ) — Fh sk Y 22 2 AL
BAL, i B AR A 2 L LA TR
25 7 N 25 1) 7725 o FPF (forgetting prioritized fine-
tuning) (Zhao 55,2023 ) & B 25 W 48 HE FF 22 2] i
FEh B DRSO YAT: 55 A2 AU TR 2 8

ST LIS AT 55 R T — R R, il ok O A
ESH A RO TR
2.3.3  ShASH R

— e BB T S AR R T 1 2Tk
IR FRREEF ] vh i P AT DR 3 R~ it
PR AR, NG R AA) 3 Ty T sl /0 B I 55 1 e 5
IV TN E TR o SIS R HE 7 vk 32 B AL FE A Y
P BRI BRI LA R A S5 R . o 9ROk
LG AT ST AR SE ) | Z2 A IEME IS,
AN R S5 5 BUROT A RE R R TUAR S , 4 12
BRI AR RN A Sl R I Y R 25 4540, 2
FHEAIPERE

BRI JF J7 vkl ot 3l 25 R w1 f) 254y
R N B S BT 55 o 108 AL T AT IR
fIE HE RS A 5 SR U, Bl A S AR
P RE A T I AR R 1) 52 2% JBE T (AR FE % - 2 4
PERAE TP AR . XTI e TR
T PRI N, RS BE A £ A0 AN BT S ) R A
AT 88 o 455 75 1) 65 N2 AL RE T, R S0l A A B
BAMEZ AR TS5 BT RIME H . DEN (dynamically
expandable network ) ( Yoon %5, 2018) 7£ &:AMT- 55 3] ik
I, A P s S R AT Sl A R M 4 5 i, Ol
Ik BT A o0/ ) RN ) R A R B 1k RS
Ostapenko 58 A (2019) 5| A T HA #f 28 ] 1 1 3
A BUCICHESR , 38 20 2 > Wi 1 7 ) 4 A 5 L i
FERTIAPE - — T 3 R 284 AL, DAf2 i
FIR R FELE2% 2] . Model Zoo(Ramesh 1 Chaud-
hari, 2022) % FI LM~ R Kk o7 ) iR s 2
ANEEHY b AR 2 B B i — S8 1 24T 558
B BB XS AT 55— 25 F AT 55 kAT I
Y5 TEHEFERT, Model Zoo i 1 e PEAE LAFE B B 32 81
AERATE S5 04T TR Sk, AT e KA DS /AT 55
Hh2E 2] 2 )45 B . BEEF (bi-compatible energy-based
expansion and fusion) (Wang 55 , 2023a) i 1o 8 12 5
Y R A AE LR, A ST bl R4S, e 2
o3t LR e A, AR TR AR
FLEAT PP 1 38 o ) IR R i MERE . Anf&l 13
7R, Zha 95N (2022) $2 ) — Bl A FZEF5 19 2 9
J&JT 58 il i B AR S R H 2 TR S TR MR
b A BN EEH A YRRl A IR B AR
SRR ) W B D AR RIS Z TR YRR TR VR o A
KR e )7 ki ad o) AR SS9 B I 454 K 9
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FEFMRIR

JEE R RZAILT REAS 22 it SN 18858l W AN R 55, B
W] B B0 A 2 A 8 E R, I HLBE A 45
F PR AE ] BE S | R UG Dl , S s Y A2 AL M BE
R A1) e A A i R B TR A2 Ok R R T o bR A
LF e

K13 ARRIFRLTEY 57k (Zh 55 ,2022)
Fig. 13 Self-sustaining structural expansion(Zhu et al. ,2022)

SNASE VA P AR BTA 5 1 e — i i s
B B 52 R B4R 2 ST BRI SR . B T )
AN, 5 A7 R S A RS BR A AY rh TU AR BN
HEAY T AR, LB IR e Ry gy o) i AR
At T Ak TR ORAE X BT RO A& WM . Pack-
Net(Mallya Fll Lazebnika , 2018 ) i 3 2% £t 85 4 F1 14
N R A TR 55 (H 2 A T S Rl
FHHES , HoMERE 25 Bl AE 55 B9 3 hnmi R % . UCB
(uncertainty-guided continual learning with Bayesian
neural networks ) (Ebrahimi 4§ , 2020a) 1] F D1 -3
25 o0 285 v A8 A T M 3R 00 A AN E TR AR R ) i
i, MR 2 B AN 5 P Sh A R 27 >0 R (AT
(S HTE " ) B AT 55 I ] LUSE 3 py 508G, (il A
B 5 MEREATACER BT, I A Y A i i PR A BT
55 By ki HE  ok ff 15 4E 55 PERE . DER (dynami-
cally expandable representation) (Yan % , 2021 ) il i
BT R U AR BB B 0 A 4 52 M P i B bt 2 2 >
B2, [ I T 38 3 O Y B AR I Bl S e SR
7 I A 0 O ik TR I 2R 0 26 4% . EFREE
F )Y, BT Bk T LAY S IR Y 5 A
By 1k B 3 P 1] R AR SRS R AR A5 5 T Mg A, AT
FEARITH B FAIAE TR oK o B AL RE DR D BT i U5
Ji v X TR BOZ AL RE T, el BB LR AN TR 722 1 Y B
B R R RGBT o SR, DY A AT BE 2 B R — S X

AR EE BT 5547 F A RFAE , DA TR 5 0 53 28 % )5 45
5 A 55 AR T R

P 2525 48 & (neural architecture search, NAS)
S A SRR s 2 B SRR B AR
BB I OB R SR Bl RS A
PR AR 0 A X 28 54, ol A5 28 B A% 35 AN [ A 55 5
Bl oy A AL o FEdrgis ) PREE L 55 105 ]
PSS R IT Rl P R S S AR R AN W] A ol
25 ) 25 JR K, 08 9 A5 A0 45 4 A BT AT 55 BB
L2G (learn to grow) (Li &, 2019 ) i 12 224 8 2 5k -
FoABEA T AL 55 1 B AR 254, R i T = i 2
SE SIS BRI, RO T IEN ATk
PR S5 R FN S50, LD sk S 455 0 R/ N TR BR ) 48 1<
H2 (helpful or harmful ) (Jin A1 Kim, 2022 ) K 18 153 [ 150
BT E SONAT 55 SCHK )L, 25 F 454 3 T SR v 1Y
55 T4, JF 4 ) — P B T RIBE R U i, LAIX 3
XFIHAE 55 4 AT 55 B4R B, L 38 U 2R — sy R — 1
IR 2T 0, (A5 FRAE S I 6 5 5 4T 55 ARG
IOL B AN A2 240 T8 3 A 1 1 2 SRR A R 2
T, R IR 55401 R SURR I S B S, Tk S
25 2] B AL 55 - PGMA (parameter generation and
model adaptation) (Hu %5 , 2019 )3 3 2% > #4 # & It
EZHON A LS BRI IR A A AR
JEE RS 29 RN G, I 3 Ay S0 B S A S
B, DU DU 27 2] vh i ROMEPE IS RS RN R, pf 22 4G
P8 0T R A fp 2y > vh BAT 5 R Y F 15 0 RE
AE 0% M2 5 K0 1 3 257210 B Bl e £645 1 A0 10 2% 45
Fy e T Fah R E AR . B e TR A
AR 55 AR I, IF RE A8 1R AN [A] A PR AR
FraRua e, AL, ph 2 4518 R 2B U2
N 8 SR AE NS KL - N TSR AN N
AR FNPEAL . AN, B Bl 2R O Y 28 S5 4 7T BE 2%
o TR AN Ty i RERALAL R R A A 3 B B A
BUNERE REEEI A R R T g o ad TS,
2.3.4  FHHMESS AHOCE R

BRSNS I AL OTE TR AR A AR A5 5l
AL IR B SR R X R,
TEVFZ 52 PR G, X IR AR A 25 40 A sh 2518
R R KR Y is A, HE S S oI R R s
PRI, — L2 B TSRS U S AR A Y () it |-,
HMEIME S5 RO RTINS . 207k 5 Bkl Il 25
() H R IC IS AN TR, AN g2 Bk T R i E . ACL
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(adversarial continual learning) (Ebrahimi %, 2020b)
A A 55 R R 55 AN AR R A i DA AR [] B P A
BN e R I T i @ S iR v
IS X 4027 >0 FIE S P 29 AL AAR AL, 4 i P RE
AANets (adaptive aggregation networks ) (Liu %5 ,2021)
AL TE BRI 25 GO PR SE ALY SR —— R
A aT S PE Y, e VA 27 2 TH 288 551 R0 28 il (9 A
PEFAT AP, IR [ 3 SRS A - R
MUZ AT 7 5357 M 48 S8R 3R -5 B, LA 2
Fa Mk — vl %8 Pk IH 5% . TRU (incremental rank
updates) (Hyder 5% , 2022 )1 45 |22 14 [ 45 AL EE 3R 7R
JUAMRBRAE FE A 2P 5 o O 1 SRR AL 55 A 1)
2% ORI SERIAE 55 B IR AR X -, B )2 45 m—
AN AT U R AR X 7, OF A T i) 2 o Y TR I
FCEREF IH P 74558k . A&l 14 Jif 7, DyTox
(dynamic token expansion) (Douillard 4§ , 2022) fifi F{
S i 2 AR A% 2, JF i o BT 55 4
2R RE B ARSI AR AR 55 R E A . X AT
BALE AT 55 IS I — MR 1) 2, JL-F- A3
WA

Gafidas fitid e
.x‘ — ;:.::6”'1::; e JA/Itl g
=lal]e 5| 15 [P
o R ERE S O i
seHep Aalg].— >
= SNk 75’ 5 B PP |
td..'tT

K14 ViT #3745 Token 37 J& (Douillard 25 ,2022)

Fig. 14  Dynamic token expansion in ViT
(Douillard et al. , 2022)

2.4 FHikINgE

TEAE GRS T i eI E s IE Ak
M AGEAIEZ 3 M EE R k. Hrh 0 fCE ik
38 L F R H IR 1k 5, D0 s 2 (AT B 0, BE AT
AR BA Ty S S AHL R 2 AT R O B M TR A st
Ko IE DAk i 5 A T IS8T TH R ARG A
FET A DA IR A 2 BT /Dt A (AT BE & PR
TR 22 ST BE T o B LA TE AR P52 2] 1 72 5
AV 28 S5, Pt 2 RE 8IS SR 4 LB T 55, (H 5K
PR 2 HOt B IF S R . X 3Mrik & A LA ML
£ IR0 S E I R N LIRS E 75 =7 I

WE& 2oy T W TSI TR, TIOR8 5 7 1l
N —FPEE B D7 o PO 2R R 1o e KSR
8 LT RIS, SRR AR E AT 55 L EAT IR0, fiE
BEA A E A R . PO IE AU w5 TR Y
ZALRE Ty A IR T X R AR T Bt A . 5%
GeRrS R 7 VAR HE , OIS 1 6% T 47 b 7 %o
IR 5% B AR B )L, JE A 1 Xk Z R YA 55
I, B SR ATE MM o 3T Ok BRI A
TILERrEE7 ] WP P B AR

3 ETWmil&ERENTE

PN A (PTM) (5K T 45, 2022a) & —
TE KA BE B b 19050 DI Zhtr i T B 2 ) B | i
BEAH T F 5 BRI R IR 2 R T AR 55 h R B
R B PERE . BEAE TR 7 ) R R, TN A Y
E 2 HARE A B AL 00 S U Y R A
UTAER, I ZRA B A T 5 ik JRe it , N WA TH =
# A 40 BERT (bidirectional encoder representations
from transformers ) , 2| ¥ 5 451 35K 1Y Transformer 2244,
WIVAIT, 14 3] 2 B KON 41 DALL-E #1 CLIP (contras-
tive language-image pretraining) , 33X #8450 B A K7 4 50
HNTERERL A . BEFEE A R TETRR I fff jx 26
R N RF 22 ) B B, BDZE R R R 5 By
[ s, i /Do S BRI PR 0 35 8 31X — U 5 TR AR
TR TR GRAS AL 3 T BT R
3.1 ETRIAMATE

F T WO 2R A BY 1 S8 J7 7% (fine-tuning) J& —
e SN ZRABE A0 Y et [, 3 3 70 R A 55 sl B
B LTIt — DN oRIE B E R R BOR o F574k
2 ) BUR B AR XA 55 B R A5 AE AN 1t IH AT 55
R 0 I S8 A 55 T AT o 7 R R A i 4
it SN R R LR b AT R — 2D S A S
PEREEAT 55 o AR 30 5 23 S SO 2R B0 v fin
BT 5 A RS 2 I H PR AT 55 e R kAT
AN T BRI G, LS TR B4 55 B
o HA STE T REAE o SOR FH B 8L i 2 4 A
P8 SR IN R B PRI A6 , H 8 i 4
## . DLCFT (deep linear continual fine—tuning) (Shon
5 ,2022) 3 32 ) TP R 28 9 2% Y e PE AL R
Z5E YT IR EBUR R AL, BT T SEGENL )y
ETERRLE A S P AR . X RO T A%
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S8 ZHOE AR 7 A0 b P vy AR AR 2 VA 28 I Z5 1) (1Y
Pk i B PR T — D EISHESR , iR T oA
A LT Hessian B2 B0E WAL 5 1278 5 28 S 6
RN W25 ZIAE . TwF (transfer with-
out forgetting) (Boschini 55 , 2022 ) il i 4 F5— [ &
A TR R AL B AS 5 (87 3 T R TR 2 18 114 )2 4 4t
RT3 S K PR S Y R G i 2 HART 55, DA
fift ke T e RS A AR rh IO 2R AR Bl R 5 T Y
[/, ConTraCon(continual transformer with convolu-
ﬁons)(Roy%%,2023)§§ﬂ:1Yanﬁbnner§§*@,ﬁﬁfix¢
%23k BIERE 128 Key . Query Fll Value #1475 JINFL,
i FH 4 BURAE M BB E 55 AT A5 554> A 55
I H % /> 2 8. FSA (first session adaptation)
(Panos 45,2023 ) $1& H {7 1 U 25 o B 501 5
PR 2% AR AR B2l b [, SR T w6
1 95 7 4 R T R A 0 53 o T 0 B e Sk R AR 1 B
#r o SLCA (slow learner with classifier alignment)
(Zhang %, 2023a ) 38 1 [ IR 3R /R )2 19 5 o) R 22 ik
PG ), IE I T — o 280 55 s, i i A5 4
N 53 A I VE R 3 28 2 RO R R X B AT 55 1Y)
P, A CREE XS THAT: 45 #1244 . TMC (tangent model
composition ) (Liu Al Soatto, 2023 ) i i 78 £ P4 AL Ft |
YRR Ji] Bl A 1 ) v Sz AR Y 2E A AR Ok 52
PR, X B PR AU T LIS A TR, LA SR
Hadep o] AR EGR RS . TR AR R 2 AR
A5 X SRR AT 814 FRCA R A1 30 B A6 1
AR o Lee 85 A (2023) PRI 1 FUI ZRA B 75 47 22
) RCR R BT AR TR R 2 FE AR RE Y
S5 H TR 25 b 32 2, -4t — 1R B EA R0
BRI RO R S T s/ E N ICAZ A
% . ImageNet 7l Il i A9 ResNet (residual network ) 5
B, DL K — A S TR R A B N 2R A B B iy
WIGRFE , 45 R R WITETE L FVPAG RpLl 2 2 S,
N7 YIRS BT By o 40 &1 15 7, Tan 556 A
(2024) K& T PO AL 1 o b ] 8 e = 8 P e 11 JR)
TRar AR R T AR B SRS AT R SR A 0T
FOF GRS — o S A i s, Al il i %07 iR AR S I
155 IR R A I SCAR AL | T4 A8 J7 ¥ A 1 A B ™
J& IR b T AR FE AR B AR . TATL (Liu 5%,
2024b) 5 7E AP T A L AE N7 v B A
AT R ) 8, 3 2ok 75 | A B8 e 0 ) TG A A e 3]
TN R i R AR R I AE R LL L) o7 ] BRI P L

AN [ P A58 I B AR, R ARG B 2 P 5% 52 BT S
AT 55 R PRI I, (7] Ao sl 6 O P it R PR 5 e
) IR . SR, FERRS S T Rt O T
TR —Se T, W R] RE 2 S BB R/ A 55
W UA T IE S THAE 55, LTS5 85 33 B sUR
SRR TYE . I, e g e IR 55,
PR 4l 5 H A AL R DB A2 38 T A

@ ®@® ¢ - O

P15 WUIZE VAT v i 2l A e 25 0
(Tan%#,2024)
Fig. 15 Dynamic adapter tuning in pretrained ViT
(Tan et al. , 2024)

3.2 EFRFANAE

TR R By el i AR I R AL g | A\
G TIRIE 8 s N R VTN SR 23 RV DS ITA [ s
%5, M oty R B AR AT KRB A ] . =207
KM TER R A TP S IR R | 3k B4/ 1T DL 2 2]
FNMSHEETESNTER, BES ] A
U5 BAT 55 AH G AR R R o IO IR RS LA/ N
TR A SIS A () DR 3 0, [R) B R A T i A
Y38 FH AR SR ICRE T

— STk L o AR — N R RS R T:
55, DI/ X e A 45 1t s o X i 2 eIl
GRS Ry B BT 55 A B B — R, IRk
PERAAEAE M o 7E HEBR A, AR 2 i X BB R R
Sb 3BT () A S (AR BT 55 R L R Y 4
7 F B B ABE RY [W]fZ RN 3E N . AN T 16 FF R, L2P
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(learning to prompt) (Wang 55 , 2022e ) 3 T 71 1)l Zh 5
TUSE 3 27 ] — DR W AR AR 2225 > TP RSB AL
HARNAL, L2P R 42 - A7 78— AR L 2 (0 A7
2 ) v 30 o A A BIL A AR 0 i AR B0 2 A AR G
PR, IXSE PR BN I B iy A A 48 T T 2R
AU e AH WAL 55 . DualPrompt (Wang 45, 2022d ) 78
L2P A LAl b od a2 2] P 4 AN A A2 Y 42 78 23 []
G-Prompt Fl E-Prompt 15 3 Fil Il 545 8 7 2] 1 55, Ik
38 G FOMEPE IR RS o HARSR L, G-Prompt JH T 4
(145 RASHIE 4 | E-Prompt T4 s L4 1045
Ao TG B, 38 35K G-Prompt A1 E-Prompt fff
IS BN AR A A [R5 &, It FH — b ] e Y
P pRECE BN S A RFE R 25 G, DT (1528 i
g2 > B S5 F G AP . ZE U e i — >4
161 bR £5 L 5 A VT IiE 119 E-Prompt, J-4% H 5 G-Prompt
— 2 B 2w A b iE AT B . S-Prompts
(Wang 55, 2022b ) [H] [is) 3838 5~ ~J v 9 9l 3 65
[a] 0, 3T I 2511 Transformer, A B> 40 3 2% 2] —
i VAR N & L B 1 b N A R i N
K-Means 5.3 A7 fif R A~ 4508 114 500 FH 9 B (14 450
BRG] RO IER LA TR B TR R
SMEACAZHLE] , SRV BT AN AL 55 ) AT g )
RV IO, [ S 3 o 52 9] A R 14 8 75 A g i A TR o
WAL S5 W~ ST RETT o SRT, B AR ot AL 5 B AT 55
e 34 n , 3278 ] AR e K, S BUE B %
EEPLENP-RS é o) | B o 1 R L E AN URP4
e AT 55 S 4, LA A e A5 4583 4R ik A AN )
PR AR B, ML I b5 vk T AR I PR AR

ENECR)
TN
000000 . 0

[ % Transformer ]

PRI

(Y] (o L

e,
mo .~ AvgPool
s
BUHIERES

16 MR I 2L 23Rt (Wang 45, 2022¢ )
Fig. 16  Construct trainable shared prompt pool
(Wang et al. , 2022¢)

hy VAR TR RS ) R L R
FE, — ST R o T W AR b G — 28001k
T D) 45 5 W 0 B 7R R . PromptSRC (prompt-
ing with self-regulating constraints ) (Khattak 55, 2023)

P — 7 A FIR T HEZ R DR 2o o) R A ) i
PG R ZAE A i 3 M5 ik 5 | 3R s A s 2
55 A5 AR 55 To S A 2 < 1) 1l i e R A5 05
SERHY (A B — B Y 378 KR s 2) TE VI 2Rl
AR B A AR SORE T LA G i B A
3) i SR Z AP IEAT IR Y, DL 8 70 SO R
ARZ RN 0] 8. PGP (prompt gradient projec-
tion) (Qiao 55, 2024 )i 12 25 & i 7% A bR 2 45 5%
Wb g5t S, A B T B ALHIE VT b S R R
Bl BE Y TE A2 S5, O 18 5 w5 5 1 03 A i A 25 TR
7 % [B) Y 70 28 S (8] PR 2R A D7 A L DT A AL
B 1k 3% 5 o LGCL (language guidance for prompt-
based continual learning) (Khan %% ,2023) 8 i 764 55
oMM ol NiEE 485, ORI SR TR
AIRFEES Tk o TEAE S5 900, LGCL SR ALK 42
7Yl P Y AT 2 o) B B I AT 55 S AL SR
FR s PRSNG| & SRR R LR A58 2 i A5 14 i
HE R IR SRR 2 S B3 S SR X 5l X Al T
A, LGCL B AE A 2SN ] 24 ) SR OL T
P RS 2% ) 7 i B o EvoPrompt (evolving
parameterized prompt memory) (Kurniawan %5 , 2024)
TH A DA TN S 2 15 | 3 o P R B P ) 41 7 i 2R
DA (] B AN DE BC AT H 7R SCHRAS 2 iy ), H.
KI5, EvoPrompt ¥ 3% 22 ) $2 7R pREOE AL #h 2
LA, R P s 5 5 At 2 R 28 A . o
AL ARE S F PRI R TG TAER R IC1
R R R R IE 12 ZR ST, IR AT 55 6] fl e il 5
gt , S8 T e i 22 AL . CPrompt
(consistent prompting) (Gao 55,2024 ) i 5 15 pr 45 81
A RS SRR NGORRR 2R 8 A — SR
I3 2ok AL s b A SRR IR S /AT 55 19 53
e R RIS [R5 13 B RE T L T R
TN B A L 2 AL R R R R
HERATE . HiDe-Prompt(Wang 55 ,2023¢ ) il i1 BRIS 43
B KR > BAR il R 2 AL (4R AE 55
T AT 5515 S AW AT 55 3 0 T , 3 i+ R
SEAE S5 PR G A IR 18 SR R Rm gt
A, A S Z AL, 51K FEIE AR5
Wit Sk DM B AT

WeAb , — 2677 ka5 AR R R T S ) A 55 B9
PETRARIE NLHTE 55, X SE s 2 S SR Y, T A 2
TS E SR b e 9 ANl T2 ) I 2% 25 )
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e AR 31 i A S0 1) R A U 55 R E I R L 3X
Se PR B S T 5 1 T A R R B 0 1 55 A G
BY4RME 78 . APG (adaptive prompt generator) (Tang
45, 2023) U BN ZRAT 55 5 R RARAT 55 Z A7 1E
BOR 22, AT RE B RE T R, R4 HOR R A R
7R o7 2] T R G — B — 4> Al 27 o 4R 7R AR il A
v 3 DA B A s ao R A 55 1) 22 LAY £ T
520, ConvPrompt (convolutional prompting) (Roy %,
2024 )il 1 75 J= G 1] I i A b A R AT A
555 E 4R 7S , N TTEAS [R)AE 55 18] S LT RS
AN 3205 2R R B v 5 BB VA AT: 55 18] A4 AR 2
M, IFsh A T A S R B DML S 50K
o XRINEAMOED T SECR e 1A
TEES 7T IR, SR A Pt 7 T e
0% S0y B A 55 A E A4 7 |, B2 At RS 41 1Y 47 il
FIVEE G 3 P i/ 1 X T B R AS R ) T4
A BT G GOMEPE ISR R . SR, AR A AR 7S
AR AR T REAR fRp , T LA AI 1) IO 2% 254 2 2] 2
Lt AR, HAR AR 7S v] RE T B 2% 1 01 SR
TR
3.3 FHEINE

T i T RAERY A i, B 1 OIS B S B o
B YRS M T 0 22— BT IR
TRk > 05 10 B Pl sk . R T 0
P18 77125 2 1 2ok A R TN S 2 114 2 Ok O S AT
S50 T . AR AR TSR0 UM 2
A RS R e R E AT 55 E R R RS
REVEFIGRIZALRE 1o SR, SO B e TR A, HL

AT RE T ECROMENE 13, RIVBE B 727 ) 3 AT 55 I e 2k
XRS5 SRR . BT 378 B9 75 kT i B R e Y
PR 5 IR SE AT 55 , T AMBE BT S5
B RA RS RRCR R TG T , lE TRMENE ISR, I
AEIE o f] R BE AR R TS AN FAE 55 o SR, $ 7R
AR R AT 55 TR AR AT REAS Nl 2, HLoA iR
BB MEBE RO, JOIEAR A AR TR RE . ROk
ST AT 52 1] LSS & S0 -5 4R 8 22 T 9 L34
KRG TTIE IR 7R 5 > R 1 455 i Ak
1 I 1 O S /e N SO AN TR v DL N R o P
WOTEA BT R R B RO B S RE T, #fE
BhFFLL M R TR

4 BEESIHER

Nz 2 s gy AL E A RTES
bR LA Z2 BESAT 55 AR UM B 2 BULVF 258, A
TR RN T4
4.1 HENAEFHEA

Ry e AN T 22 k45 1 H A
A, 32 BB R R AR A . R 7R 4
S, $5 85 2 SRVFRE LA E 5 | ACH & 3 I AN e Z AT
ARG B, — T A S B R4,
AT RUAEAN W A8 080 26 1 Sl A ol A T AAEASIS ,
FEXHTHZE R CAR A=A ) R ERA N BE T o I Al
AE 738 1 AL T A WA T ik S B B DR R A
THTAS 7 8500 A 18R Z AT AR B o Ak, 7R A% 38
B rp FpgEas o) ] LAY B R S Gy B A 5 b Y

R2 FEFIINAHRTG

Table 2 Examples application scenarios of continual learning

v P2 RN FEEH CIENRS REMETAE
R Rk FMENER TG RFENh FETHIZEAEL  CPrompt(Gao 5,2024)
Ny FreeGn® R AR S SEAT 28 53 F SimCS( Alfarra %, 2024)
Frg Hbniall RS (HT SRS PO AL AR U SDDGR(Kim %,2024)
FEL UG A i A RS 2B AL ASEH 5 fiff i o7 XU L’DM(Sun%5,2024)
FRel SOAR 532 PMEPE TS BGAFEI S FETBNGAER  Snapshot(Wang % ,2023)
AR b3 FPELfm B SRR ML AR F R 2 H T CREST(Le % ,2024)
R XA A RSO AR SRS Kb IDS(Wang %,2022)
s FREL L bE ) 2 BRI VR K ZRASAT S5 e AR VQACL(Zhang % ,2023)
FREE AL B A L ERRIMAEDN 2 s CIGN(Mo%,2023)
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FMITER . WX R ] B RES I AL B
53R Xk PRI A HLE , 91 G A RE A AR G IR T Y
FHB B, U0, RKT (relation guided knowledge
transfer) (Ramakrishnan %5 , 2020) 7£ H A5 A6 4T 55 H
S i — A B B PRI, R T ) B LS AR
TE XS G 5 WP SR 2% DA A 19 24 55 2% 217 )
2 RIATIA— DT RR T R R, &
TEARAE FE A 190 265 11557 190 265 D11 o B 802 I A8 5
A LI A I 1 5K B9 52 i . SDDGR (stable
diffusion-based deep generative replay ) (Kim 4 , 2024a)
75 B AR AGINAE 55 bR 28 T AR A B 2 A 5T
SR A SCAS B R T8 00 25 25 I 52 24 Y IR
1%, 8 1 2R ACAR AR SR w4 o (RS S, R R L2 0
AR B BEE A R P e AR B R

TELE AR S5 b (R 222 25, 2024a) , 15255 ) W]
ASE A T R 28 SR R o X SRR ] L
AW S B A A s B B R . i, — A2
R KA B A ASE R AT LA 42 52 87 ) 2SR XA I A il
HLA XA BT 5 T i A e 8 A XU 11 2
e 1. A, Hyper-LifelongGAN (Zhai % ,2021) & —
ol T PRI A A il m] 7 R fp 2o ST HE AL Bl
TP ARG A0 A B B A5 70 DA Sl A JE Al s i
A 55 752 AR 0 2 PO R I A i R TR 8 o 22 ) 45 1
 F BT 5 I 0] eI RSB AT 5 B Rl . X AT %
A T B 55 Tl BRI 240, i i 1 RS
TREBARDR B T X e R AE 55 BYICAZ , ol A R TR A 1
B S5 BRI, RS PRI 0 Z A 55 HY A B i, A7
A R T M 5t 5 1], L’DM (lifelong text-to-
image diffusion model) (Sun %5 , 2024 ) 1 H} — i fiff th
1 2 SO B R A AT 55 B 7k J i B AT 55 TR
HCIZ R SRAS R A S 2R R R R ST T
A TEACHE & B RIIR, [R5 AME &S TR 2R
FALRFNIE S T EAR KRS A A 24
FH PR 5 A2 IR A SC 2L TRt , DA T R 808 A 12
A SCA 7R T A B e o A R
4.2 BREFTLEPRIEA

TE A 2R i 5 40 B (natural language processing,
NLP) H, R85y > T AW SRR g, i HLAE A R
5 LA Z AR AL B AT 55 M 8 2 AL R T 5 3R 8 . Bl
W FESCAS G JAT 55 v R ST 4R T TR 432
RE 7, (L RE RS VBT HE L% ) RN S 1), DA T
B PR IER Y 2SR50 . T I b A T i

S 2] BRI BT 24 0 T T AN AR IR 3k, S il 42
FEAC A RIS . X T ALGR BE, RRgat )
B R GEA WL B TR, LATE A [R]85 AR
TEFAS A S TH BB ER I . 7R XTI R
G Ry 3R 7B A R ) AR S T
e ol A P B 1R DA I 2 SR, DT 4 v
PRI o TESCA A AL 55, 227 ) (TR R BB A8 /1
JHE BB I DM Y SOAS, B 8 5 A KU A
B S IA BRALRERE Rl AHTIT R | DRAE X AT XU 119
A2 i RE
5201 MEX IR RGP T I T — AT PG TS
HORPEAL X IR R AE Lo 24 R GEXT N AT =5 {5
O, B2 BRSSPI ARAE O AR 25T A
NT A Il Ay T B T A2~
PLIE REFT P sk o it 5 P RS S H, RS
RERS AT SR H &, 08/ D N T T oK, R 3
FEAG 7 BE U AR o PAGeR (prompt augmented genera-
tive replay) (Varshney 55 , 2022 ) 78 25 72 A 4T 55
255 T SR 5 A 1 A ol R B X L
A DMEAEAWTS AT = R R, O e il 2 K
FOTERE , T JC T U5 1R] S i A B . PAGeR 774l
A BRI BN SCE R #7 , JF I T Se 474k
1 R SCOR A ZBIARZ) A2 LR E T B B R E
[i) FR e ) W B o L A8 DA o 2 BB i . Snapshot
(Wang 55, 2023b) 75 SCA 43 FA4T: 55 il it e i G
HE 38 A R PR 2 TR e 2 PR 8 R TR 188 4 Y
B (AR HTE 7 2B AT: 55 109 [W] I 52 >0 e i 2= 31 i
IV, I3 1 3R EE A TR LA B e b B S ) e
W E
sequential multi-task learning) (Le 5%, 2024 ) il i 14 4%
BERT % ith v | fdf 1 vei 20 V5 5 B0 A g 0080 DA 2 42
Hh— L SRR SO AE BRI T SE TR R 2
FIPROCACHEZR , A3 R 1 8 R A RS TH R
PR Z A 17 )& -
4.3 ZEEESZHHNEA

TEZASAT 55 b IR SO AR ) Hcis Ak
B Aoy S T IR EE L DR O BRI F n Eis
Qb PR SR8 H 2 B2 Ak HZ REALRY 3 b 22 P i dl s
SMAULIE LB X LRI 2] R YL
it A A5 R A P A o 2 AR U ] I R
B JE T AR ORI . IR0 e A G A 2 R A B )
BT 55 H3E 1V BB T, Ul XF T S I R S A0 R, DA

o IDS(incremental dialogue system) (Wang

CREST (continual relation extraction via
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17T 42 e B PSRN )&%, JF ELRE A8 S A i AL
FEAL SRR S5 e PR B A [ 32 2 P S 15
B, e AT R BRI B g . Bl
B AE B HH 0 KA A ZE S E (A P P T 2 19
IR ) B S (A& FISCAR S AR, T LB it
IS P/NNG S S VR U R N T S B = T SRR,
B SE (BB kR ) Ik ORIk O e U A
) A AR RS (Ui ige B2+ AIBE IR0 LA R A2 TR
B, AT LS B A MR ) 2 B PR . SCML
(sequential cross-modal learning) (Song I Tan, 2021)
A5 N2 DR i 0 B A 285 AR A DRI BIL ) e i 4
P— G — AR R AR A R S B L [R] R0R, I LA
F B 0977 kAT 2% > (L BE A ARl AN TR B 25 A 2
A {18 N R RE |, O 7R 2R S RS 2 B AT
B R SR o A, T SRR B S s B Y
GOXEPE 158 55 [P) R, SCML 3 4 H — b 6 T 1 4 3 i
12557 (long-short term memory, LSTM) B JC %% 2] 7
¥, 38 AR AR W] B IR R A T AL,
PRAS X BT AT 55 14 R 4 B () IR O BR SE T4 55 1 0
H o VQACL (visual question answering continual
learning ) (Zhang 5% , 2023b ) $& H — Fh 40 5t 7] 25 F5 2
T R REA S R MR AR AN AR R ik 27 2 X L
55 1] % (visual question answering, VQA ) 1T 55 BE A [X.
I PE N BATZACPE R R o T8 G D 406 A SCAS
A3 SIS BOX R 7R | 1277 1% BE A% Wt 73 B H g
FIHE & o CIGN (class-incremental grouping network )
(Mo 25,2023 ) i 3 27 ~J ¥ B — 0 B2 S 3 A5 43
—HRTE I 2H, AN BT 3R 5 2 RS AL [] i A 2
P C A 1 AR 2 0 R Bl 11 g e L 55 o
(250, DT B v A5 TR A 35 X P 5 A — A 2K 51
AIRE T

5 FHEFINTMiERSEENR

5.1 HREIEMEAR

TERFSES 2T 8 A PPAN 8 AR T A e A 7Y
TEHE S5 BRI IOMENE 805 0 A DA S RRE
P RE 155 o LAR 28 WL 8 JL AR BEA 48 A5 S L3t
At

1)K (average accuracy) o EEREEHTF
W AL BT A AR 55 BB IR R I . BT TME
55, a, BRI A L5 Ia  BRAEAE 55 i 1

FRORGRE o PR R SCH
1 &
Ap= ?;ai,'f (5)

2) 15t 155 K (forgetting rate) o 35t Jos 2R Ay H 455 70 7
BTS2 5 IHAE 5 R T AR AL . X AMT:
% i, HAE I ZR58 s (VS T 55 DI 405 ) R B hy
a, s EVVIERE FE N @, 0 WURRF 8 H

1 =l
Fy':ﬁ;(ai,i_ai,'r) (6)

AR B AR IR HITEAT 55 i Ik Bk
JE 5 YIRS BE Y 220

3) B [0 1F #% (forward transfer) . i 7] i F 7~
BOBYAE 2 2] B AT 55 1), 2 A5 e N Z Wi A A 550
Peai , RICWHAEF VNG RS o IRAEAE 551
WIATHIREEE R @, BT EERS E SN

FWT,=a,,, - a (7)

K, o) BBIIAEBA AT RTE 5 2R BT,
BEHEGAT 55 « BILG KT . AT AR FWT, > 0,
W27 2] SEHTAT: 55 BT 55 A i 1

4) J5 n i # (backward transfer, BWT), & [r]if
Rty it o 2R 55 I, 2 A0 0 IR 550 A 1 T
TS o BRI MESS (0> 1) Ja AR B EZ
BIAESS @ EORSEEN a,,, W mE i SOl

1 =1
BWT, = ﬁ;(ai,t - a,) (8)

J5 TR N IR, BB 2 T BT 55 A B TR
THEAE S IR

5)ic A2 - B % (memory retention, MR) . it1Z
O BR A B BN AT 55 AL ORI REE o X T8
AESS i AE2E SRR 555 ORI N o, U (58
5 Uy

1<&Ga;,
MR, = ?i: 107:,5 (9)

ARPR SR SR T 5 HA AR RS L Y L, IR
BA AR R, U BT THAT 55 1 A2 e B

X ULAE R i A RO 2 MRS B RYER
AR VA AR L2 T BE ) o 120G B DAl B 1
PERE , 3508 S W RS A 20, 10 ) 32 8 1 o i
R o3 VAl FR A BE A 55 LR ORI I B R 0
RHAALGAFIH R A BE ) o X Sedbr il Bh b #%
PUNFME AR 2277 2] R GEAE RN FMEPE I S AR TR
RS IRSCR .
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5.2 EEHEESME L

S, 727 B FE R B — Mk T e 1R
BRI AR AT B . AR AR O UE TR
BEZAT ST R T E AR, T LUK SR 4R 03
N3 BT IR O B AR A B T ) Bl AR
R DL AL T 20 & Y BE AR 2

DR TR5r R S5 O A 10 53 8880 B 4 B
R MASTRI BIAT 55 o 5] 40 - Split MNIST K 25 i
1) F 5 B 5 54 42 MNIST (modified national
institute of standards and technology database ) 73 i %
MTAESS o R R BGL R 10 20050 5 A
IRAES o BAESTER Y K2R ECT Y 2 2R
Split CIFAR-10 FiI Split CIFAR-100 /& # CIFAR-10
(Canadian institute for advanced research 10-class
dataset) Fil CIFAR-100 #4473 il 4~ — p K i 2
AT S WA CIFAR-10445 1012851, 7] L4y
N SA AT S5 CIFAR-100 A2 75 100 2851,
W H 10410 730 24155 o Split Tinylmagenet &
F T TinylmageNet FUEUHE 4R , A1 5 200 428 51 1Y [&]
&, 385 Al 70 104> 20 73 26 AE 55 5020 1> 10 730 28
155 -

2) T AR B () BHE BB O A B SR AN [ 17
T3 AR 1R — A>T BB | 43 A8 el R Ry —
AHAESS o Bl : Permuted MNIST )& 3EF MNIST
MAR R REAST 55 8 % MNIST £5ds BHR 1R %
HEAT BEPL 45 2R B, PR B AT 55 1Y AR U
], {5 H AR 2850452 0~9 %5 Rotated MNIST J&
i 3 X MNIST 48 45 Hh i) R AT e e 484 A4
MIFrg e RS . BIME S T B R 27 2
i RETERE B AT S5 19207 AE55 202 157, HL )5k )
180°,

3) BT B IR > B Ak O A AN ) 53
R BRSBTS
141 : Visual Domain Decathlon J&—> 2 S 2 541
PaAEPRA, W S 10 DLSE PR ST o B ME SRR
F AN [ 19 208 5, odis 25 6145 CIFAR-100. Ima-
geNet .SVHN Omniglot \UCF-101 . Aircraft A W T
Yok FEFRM ARG FEZR O, VLCS Bl
A5 K H PASCAL VOC2007 . LabelMe , Caltech 1
SUN S5 A [a] B4 0 58 ) Kcdhe L 1A [ 5 vy 121 45 03
AT IZEHE B RIR 2 A 5 T AR
s AN SRR IR e s SRR .

5.3 RE|MFTELTISLE

S BT M AR G > Oy i S 3 T B
Y T 7 95 W RCR 25 5, R SCAE CIFAR-100 Al
ImageNet-R B 5 4 — 26 B FCRMER AT
TR UL IR AR E A, MRS F, BRI, Ik 3
JI7R o ABGEHFER 2] Iy A G B THCAC R S8
ENAH 7 k55 . S a5 SRR I, L T F0I ZRAsi 2l
AT IETEVERE | O W HBAE G r 2 2 O ik
H 7, DER++ (dark experience replay ++ ) (Buzzega
4% ,2020) 7 CIFAR-100 % #5432 B 45 4 10 45
A BT IO ZRB R 1Y J7 0K 5 78 ImageNet-R
ot b HAERE R I R 3R R 2 > O 1 (H 54
B8 35 T I ZRA A 1 5 A AT AR TR A R 22 1
EASE (expandable subspace ensemble) (Zhou % ,
2024) 7R TR TERE . 20 i R A EHT
S RAE P IC e, Q8T 55 e 1 125 [H]
TX B ] 5 R e AR REAE A5 ], A AR R R A8 AE AN a5t
RIHZE BV HR R R, A 8057 210 . B T30
SR AR SO AR B AT 55 b 05 7% TR T 2k
THONGREBI Y J7 2%, LASRAS SEACRPERE .

6 HESRE

6.1 HARHEBRLE

Frgesf o] AR N T8 R4k A — 24y
L BRI T LA A ST BRI T AR
greE 2 ey, AE R IOR (5 BRI E
FHIR . AR, 3K — S0 A 5 8 B 2 e
TF 98 T HE 22 50 W SHe IO X o 26 I 45 7 7 31) 2% 2
155w 3] ) JEEVE B ) B, I BB AT L4y
P G R BN SR AR T T AR () Oy v . AL G
V1| B Oy e M SV LR TR VAN s 1 U T LA
[HAE 55 1 B0 s B £ JE O Al B ARS8 [l 42 AR TH
IR IE AR v, 3 ok BRI AL AR BT 55 IS4
OB AR B THAT 55 BN ShaS 2540 Jr ik, il 2h 2
R P R ] A5 A8 2 Ok I D 3o THAT: 55 R 4
BEAN , S5 F U AR R TN SRR A 1) & Ji& | JiF 1)1 At
Y B R > 3 3 SR S B s 2 2T 1 2R3 43R
TN GRA R R R X SEBIF I 0k b T e S 15
SR AN [ R 15 e R G AR T S A R 3
Bilfo AR SCRF R SE Iy IR AT T 48R 4R AL TR 4
AR K4



$30% /5 8H] /2025 £8 A

Bil, £, =&, BMEF, KE, BE, RKE
FEFMRIR

x3 EaRFEilG5ETRIIGERGERRT

Table 3 Comparison of traditional continuous training and pre-trained model based methods
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