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Abstract: Continual learning generally refers to the ability of intelligent algorithms and agents to learn and adapt to a
dynamic and changing world, enabling these algorithms to continually acquire, update, accumulate, and utilize knowledge
throughout their deployment cycle. Continual learning technologies endow intelligent systems with the prospects and capa-
bilities of adaptive development. In the context of deep learning, continual learning specifically refers to the ability to learn
from non-stationary data streams and adapt to changing training objectives. This task often faces the challenge of catastroph-
ic forgetting, where learning new tasks typically results in a significant decline in performance on previously learned tasks.
In recent years, with the rapid development of deep learning in various fields such as language and vision, numerous ad-
vancements have emerged, effectively extending the understanding and application of continual learning. This work con-
ducts a relatively extensive and comprehensive survey of existing continual learning research, analyzing it from multiple
perspectives including fundamental definition, representative methods, applications in the visual domain. Finally, this paper
also discusses the current cutting-edge developments and future research trends in continual learning. Based on the discus-
sion of relevant work in the field of continual learning, we hope this review can effectively promote the development and ex-
ploration of this field and subsequent research endeavors.
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(Dynamic Self-sustaining Representation, DSR)[(’giT{ |EE
RUHUBSE R 22 [8] A TREIE 728 18 DA DR 3R R i B2 B 28 7
AN A 55 B B i i e e M . RG22 2 (Incre-
mental Learning with dual Memory, IL2M) (7o) i [n] 3% &
2 2] TR B TR R 2% (Syntax-aware Network for Con-
tinual Learning, SNCL)[H]%:J:%X:E{TJE]%PW( RRIE R TN
A EME R TT 22 5 501 HE B DM RAE S UM 25 /Y10
fCFE M . 3R L 5 5 i (Representation Evolution
and Replay, RER) 738 it 205 45 4E 2R 3 7 08
IHASAE . 328 (REMIND ) ™ 4 B 43 25 2% A 4 5 2%
F REMIND (Auxiliary Classifier Auto-Encoder for
REMIND, ACAE-REMIND )" [ 52 % iF 41 B % 11 fr A
J2 I A P R AR DL SR R 2 . R T

= % ) (Feature Translation for Incremental Learning,
FeTrIL) 7> A HE AT 55 v 11 2545 30 R 285 14 2 iE 482 B0
28 AR SR BEAT 55 vhoH B R R A T
3.2 IEMFZE

TE WA 7 2 4 2% R Kb s . =X A 1 D) AT
PP B IHAT 55 2 20T 55 . X — 207l Wl
LA N R AR 45 S BB AN A S H RIS A R
i U T R A TG 42, 33X 26 0 vk T LA 43 AR O
DA 1 PR ESLE DU A . S T ) i = R 3 iR
T S S EOE WAL A R B E U A 28 7 S B

IR wHE q,

i as I —> | SHENk | < P

i () = Sl —

=

¥R 28 g MMI’D’(‘M |:> BRBUE 4k, <:| 04,951 o4

3 M RIE N T Bt

— SRR SR T I SE B AT T . T
M E YL [E (Elastic Weight Consolidation, EWC V2SI
4= )R = B JE [ (Fisher Information Matrix , FIM ) X £ £k
P RUA] e 23 2 K00 TIRAE 55 1045 ., e i st A i I
& (Rotated Elastic Weight Consolidation, R-EWC)"™ i
ok S80S 0] (0 ) AR AR T i X FIML AT 43 % . 47 T
Kronecker 73 fi# it {84 1] & (eXtended Kronecker-Factored
Approximate Curvature, XK-FAC)P 4 55 L FIM B 3 —
T REAR MBI OC R , AT I il it it )3 — k. 2R
3 Ak 3 B AR X6 R 25 02 8L (Asymmetric Loss Approxi-
mation with Single-Side Overestimation, ALASSO) Bl:iﬁi‘l‘
T AR XS AR 0 U ST I, X FIM S M e R
S, LA 2B A IHAT: 55 B AEXTFR s . 2 1 78
(A AY 1) 29 ST 2 > B AN BT 55 W] I s S A2 AN R
FE Y - E I A A PRI AT DA AR R S R
P -] 9 A A 210N 3 B A DL (Ineremental Mo-
ment Matching, IMM) 2038 1o 48 5 DC I THAT: 55 F AT 55
P I B a3 A B AR A T, BEBT IHAE 55 S50 BG4
{EoR S PLIX — B bi . 5% 22 % 222 > (Residual Continual
Learning, ResCL) 3 13 A] 2 > (Y 20 43 2R Houhix — Al ik
AT R . EJE 5 R 45 (Progress & Compress, P&C)
i 1A A0 1) ) 4 Bt 2 2] AT 55, SRR [T EWC 1Y
i I WAL 0K L7808 Il TH RS . 2 3 s
(Active Forgetting of negative transfer, AFEC)"¥ 5| A T
R BRI R R p (0D, ) H

D Fie SHENKL | <<= Fdes
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FE A I AT, I 38 o — R R AR M 2% 2805 IHATE 5%
FUBAE S5 i 0 22 5 . O 1 AT S b 3 15 1H A 55 FURTAT 55
A R SR, — S TR R BT S R 2 TR A
MR IR 22 B8 A8 PRI R PRI 44y . BT XTI % A B
B AR 20 TE AR Ty 2 e X — Tyl . A, s
B 43 AT A TE LR AT T T AVE S 2 80B A0 i Ba =XE ) Ak
an A 4y % 22 %% 2] (Variational Continual Learning,
VCL)PS | SR8 43 % 4224 ) (Natural Variational Con-
tinual Learning, NVCL)™* | [ 3& I A% 8 3% 4 2% ) (Con-
tinual Learning with Adaptive Weights, CLAW)™ ]
AR G224 ) (Generalized Variational Continual Learn-
ing, GVCL)M B & 424 3 (Kernel Continual Learning,
KCL)™! Fn Ax 4y A |\l & 03 #2 (Variational Auto-
Regressive Gaussian Processes, VAR-GPs)*, HRAZ
BN, 28 50 90 AT 98 % #25 i (Neuron-level Plasticity
Control ,NPC) wﬁiﬂ“ﬁ?$é’é@?§$fﬁ%ﬁg@ el
TE 46 b B3I HE 2 o) 8 L BE TR o R Y % 2L
(Uncertainty-based Continual Learning, UCL)™ f1 g &
R 2H #i B7 i% 2% %% > (Adaptive Group Sparse Continual
Learning, AGS-CL )"V 44 1% 2 0 B2 4 22 D 1) 20, HD
AH Y T A T ) e Rt g

SR SR T, 33X 3 32 OG5 ik X ) £ 2
B Z R AT O A OR SF  TC AC R e R A A ) R
PE . AN E R T A R 37 S AT 55 h AR B H 45 A
DA Sy BRAE: , T B AR A BAR T SR AT PRk .

BRI I AR Xof e AR (14 v TR AR AL B8 e 2% 000
Jit o0 L DU A 3 o SRS e S e P S DI R A R A
SO 4E YT ZR AR SR 2 A T 2% 3d i R
7518 (Knowledge Distillation) """ 36 22 ff# J¢ MEME i B . 3
NSO , IR ZE IR N > ) (A TR AR 55 HEAS (32
PR F 3% 2 2% S A 55 3 5 v 4T THREAS B9 A B mT 3R L RR
il 3 — T RIEANTIAT . B AR SE Ty AR TR I
SRREA 0818 NER AT IR R A 910 A
PRICEHE i A o 3 e B AR TR AR B
BES AR . TimE¥® (Learning without Forget-
ting, LwF)“* &322 7 i (9 FF Q0 T4, Hoai oo 0 FH IH AT
55 i 2 Y FI0I0 Ofe TSR ZE AR A AR R, 27 2D I 2k
A . T g 12 %% 2 (Learning without Memorizing,
LMD 7 B VIR REAR 14 12 58 1 0BG A T T
EBLL 2% 2 FRE AT 55 19 A g fih s , OB 1R FRAE KR &2
54K . B R B (Gradient Descent, GD) ™! F a] {ii FH i)
HAMC BRI — 2R S IH I ZREA DA 250k
S, pRAECE WA A T AT At — P i . X —
R, RBUENL 25 5 H b w IH YA AR A S A
a4 25 2% 5 %78 2% 2J (incremental Classifier and
Representation Learning, iCaRL)PY | it 1) Bty W4 5 2E 3

(End-to-End Incremental Learning, EEIL)™ GE T O
W ) 5 e ( Learning a Unified Classifier Incre-
mentally via Rebalancing, LUCIR)"™*" b fk i it 215 % 4%
(Pooled Outputs Distillation Network, PODNet)P" 1 £
55 ® it (Dark Experience Replay, DER)? 45 5 —J5
T, R KR S (] 0 7 40 A DL 30 4 38R AT LA kg — b
PRBCE B 2, (H X — S I 75 2 A D i IH I 25
FEAS, iy g 1E Wk 1% 2227 > (Functional Regularisation
for Continual Learning, FRCL)®¥ | IH BE 7 35t s 1E ) 4k
(Functional Regularisation Of Memorable Past, FROMP)"**
1 53 bR R ZS 18] A% 43 4 T (Sequential Function-Space
Variational Inference,S-FSVI)™. X T 44445 ik , S5 R0
S 2 WREAS K ISR RIS AL 113 4 A4 S 2 [l o i
AT — B E WIS, anic A E AR O 4% (Memory
Replay Generative Adversarial Networks,MeRGANs)[“: \Bh
A KK 5 M % (Dynamic Retrieval and Imagination,
DRIV I B Az i %70 2% (Lifelong Generative Adver-
sarial Networks, LifelongGAN>[l40].
3.3 ETMRUmAE

Y IR FOMEME S SEBLE 2L ) AN AT DL ) AR
35 2 R ER TP S AR A B AT IS B 3 T L i T
PEACERIS B o3 48 T 508 . DL 2 TR A 3 1 %
grig o] R LE— D03 AR B Tt A T ik
KAGR RECT- 1 B2 DT AT e AN &1 4 Fvs .
%08 ZyiprSTEeROE i Wil NSy (5 3 WiRrS ) »
Ak s B BRERCY- T B S H 3 A AT 55 B A DX Ak

R R T BE

K4 fefedrikist

— PR T Y MR T 1 R RO . X2k
T3 38 2k XA B TR 7 1] £t U2 O, % fidk ey T A AR
Wk B i T 28R IHAE 5 R T R 1
rh, kT R Y O ek (AR B A 5 12 42 (Gradient
Episodic Memory, GEM )" 5P 2546 ) 4% 532 12 (Aver-
aged Gradient Episodic Memory, A-GEM)"'*/  JE T4 &
i )z JZ2 164 (Layerwise Optimization by Gradient De-
composition , LOGD) "™ F1 i 510 12 T ik (Memory Epi-
sodic Replay, MER)"" ) ¥4 2 50005 7 0 5% 31 5 4 5
N FF I 18] O A5 RT3 THAT: 55 U1 45
FEAS, ASEBLOR B IHE 55 i A 25 TR) FBR HE 25 18] . 5 |
A O R 5 IR AR 55 757 18] AN [, 1 22 A 38 i (Or-
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thogonal Weight Modulation, OWM) " Fl [ 1 )i 1F 22 #%
% (Adaptive Orthogonal Projection, AOP)" 7"\ %5 o 7
77 1] YA RE g IEAE 55 i A 25 18] 9 IR 32 5[] . 1RSSR T
[ ( Orthogonal Gradient Descent, OGD ) “SJR BB IHATE 584
b B BT 07 1), 240 0 25 i 2 > A 55 4 e R R 7 1)
SIHAE 55 1E A8 2B T 55 S 80 50 IHAE 55 PR RE Y
SR . TS5 1A gkt ik — 2 3 3 1 58 Ak i
TS A AT S ) I REFEAS R 55 586 B AH ELAE
A& . Fan, B R 4% 59014 (Gradient Projection Memory,
GPM)"7 7 5 3 2 B A 4% (FAT: 55 450 v 11
Tofs JE 1 18] ( RIVAZ O b 2 23 ] A4 ik ) ), LA SEE B IE 52
Fer2 . ZEHNBAE 52 (Class Gradient Projection, CGP )80l
A2 2] 2RI THIR X — A% OB B T A5 [, DA i —
AR AL 55 AW 200 ) 4. shZB R G2
A4 S ¥ 8 )% (Flattening Sharpness for Dynamic Gradient
Projection Memory, FS-DGPM " 3 25 B il Bk JE B 1012
(Gradient Projection Memory , GPM) o) rR R T ) )
i, DU R 2 ) ] SR TR A S A AR A I3 ST A A 45
2K RRBURE T THT . A S 1) 1A% 388 I 1) TR PR AR 1Y
% 22 % ) (ContinUal learning with Backward knowledge
transfer and forward knowledge preservation, CUBER)"*
VEPETEH BB, B0 5 2 F AL 55 IR A SCRY IHAE 55
FR L AE AT BBR BE 4% 52 (Trust Region Gradient Projec-
tion, TRGP) ™3 st X S ir iy A1) 725 [ f) 6 3 45 3
Bk E SCATAF DI, DT 8 428 P TH AT 55 119
SERUE . A B S AR Adam AL E8 T iE L2242
(Adam with Null Space Constraints for continual Learn-
ing, Adam-NSCL )" 15 1 2 BUR B8 5% 21 Hh 1B AT 55 11
AR A O RS AE P Ty 2 20 AR A 2 i 4 ] v T ) N
25 [a] (Adaptive Null Space , AANS ) mﬂ%fﬁﬁﬁﬁ*/l\ff%
2 i AT 95 2 o 4k 25 () (R S B2 80 0 HEAT S RCER . 1
A, AR 2452 2] (Natural Continual Learning, NCL)**'%¢
— 1 DL ST A T A FIRG B 805 , SR TR IHAE 55 %
23 () PP AT ST, TS D 0T I AR 56 A e K
& . 338 5 BB & 1L 1k (Recursive Gradient Optimization,
RGO)"™ 7 UL M- WA o 1E Ak Yy — AT BB A
IR LA T A s B 5 1] LASRAS R A . TE DU A A
AR A e AR R T e L Y R BB R T ) R S LAY, T
b B B R A S RCE B i R b U B A T Y

T3 —FAERNME T 1L & I0 % 2] 77 1 (meta-learning).
W5 R S & R 55 37 3R IBCE U 3K ) 1 3 A
A f S W PRAT S5 =2 ) b 2 o — i 2 o
R w6 2 80 oA TR ), i Ae 2 22
155 LR RHE R, LA/ BT 2 A 52 B 1) 38 A
G IERL . X BT ik R, fE 2T 2] (Online Meta-
Learning, OML) " 4241 T — R a7 5 (16 T Il 25 S mg S2 R,

ORGP 2138 B A A AT R 4 TR O Je/ IMERE AT 4R
CHRMEPETHE) , AR IBGE T 2225 2T 55 IR B R
SR AF ) AT 55 B [ R LA R P s S PR B
YE— 20 M, 1 IS N AR 2RI 12 % ) (Adaptive Neural
Memory Learning, ANML)"™ £ F 502 > J5 g 52 91— 4>
TR SCRH O B TR R, S5 B 1 AT 55 A DG Bl 20T
B PEVE IO . i — 20 b, T R D ST AL (Attentive
Independent Mechanisms, AIM )0l SR A LR AR
(Mixture Of Experts, MOE) , di F OML 8% ANML 11 423 11F
FREAT IO | 3 — 20 75 SR 2 T AL R fE R s AR
RS 2 e ) . Ah , e S kR AE ] DL S
2006 T O WM T, TR MR T IHAT: 55 FUB AT 55
B YIZRFEAS . N A7 5 0 i (Memory-Efficient Replay,
MER )" 378 IH AT 45 (0 466 1 0y 1, i 484 o AT 45 G
% JG 2% X (incremental Task-Agnostic Meta-Learning,
ITAML) 23 FH — N0 2 > 5B U, (855 1H AT 55 P
PRFFEA . 7y BE S T4 2] (Look-ahead Meta Learning,
La-MAML)"* i 1 19 355 137 615 (1) 2% > S AE L A Ak OML
H AR , 155 JIT SR HURR B 28 fIF 0] 328 252 2 > 1 55 143 ok
TF 26 P& B 5 FR FR 2 (Online faSt Adaptation and
Knowledge Accumulation, OSAKA) 45 1 T — AN
SR A 107 AR A SR, T8 A T R AR A e Ak
1 I 25 25000 6 Ak, I ATE G080 06 04T 5540
PR A 4646 280 S8 BUBHT 55 MR T8 . T ik
AL AL T 2R L oo L T i 2% % 2] (MEta-
consolidation for continual learning, MERLIN)[%]???% T
BT 55 TR BB R S B T o A, B 55 AR R
RF A T S R b ok R AT 55 A S B S TR
P . [EARE, J5 560 E I (Posterior meta-Replay, PR)[%]%
FH DU 307 SR ek, ol P 1 2 ) SO AR 2 ) R AT 55 19 Je
L T~ Il W= () =< S IR 72 (Meta-leArning for Reusable
Knowledge, MARK) [97?ﬁf)ﬁ'—“§ﬂ;§$ﬁiﬂ*/ziﬁﬁﬁﬁ
52 Ty B A HOR TR R LA TR E AT 55
2L, PT 8 18] T 3 (Anti-Retroactive Interference,
ARD) B X 7 5 200 ] AR 25 4 LA S 210 T4
SEAT: 55 HYBEAY , 53 2k TC U FRB AR K X BEAT: 55 45 i A
RUHATRLG .

WAL AT — 26 T AR 2232 A5 2% o E00F- T B2 1) £
JEXT LA R A TR R R4k . 0, B E BEALES BE T
[% (Stable Stochastic Gradient Descent , Stable-SGD )’ 3&
TR EE Y 2R 07 % AR R F (A0 Dropout 2 2 R EEVE,
AL iR/ ) Al SGD LAl 48 2 — >389 Jy i d5e /)
{8, BA AR BT THERE I, T 57 B 0 35t PR BE
LA 2 PEBEHLER T F% (Mode Connectivity Stochastic
Gradient Descent, MC-SGD) '™ E A T 255 (R
A AT 55 (R I Zh) T i 2177 > BT AR A5 Jm) 9 o
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JIME AT DL i — AR 22 I Ze PR B A2 i 42, HLAT LAY
FH 50 1T BRI 2 R 22 4 AR 4R 3 S 41 el ]
TIESE ] RIS R . 2 1% HE 4% (Linear Connec-
tor) """ SR HI Adam-NSCL FURFAFE 2% 18K 1045 i IR 22 2k
P B AR % 4 1 THAT: 55 FUBE 55 RO BE L S8, O fdi T 2
PEV- 4 3R B 5 B 28 . A, TE B A B )
R T G0 0 M 2 20 ) O 10 R KRR )11 5 (R
Xt TR A Tk )12 S A (1 S 2 A UE T R
AU RAMEMEE IS . AR SR &, X P T LAA
PRI 3Je A SRR A A R 27 (01 B T 52 et A 5
A R AE R 1010 109y ISR TSP 3H 1 45 2k bR AR
SRRSO LI AR L g5 R A BT AE T L A
TS B 57 1 3 225 > fig

3.4 ETHIERTHTE

AR SO TE BIAAT AR 3 J7 15 5 45 TR B S Tl s
TS AT B B R R IR 2 on RE I VR ] T i 22y I T 55 .
) — 26 TAE G Tl g 62 2 (meta-learning ) * i R
S5 UM AR 27 2T, AN ] I — 28 LD A A g R A
B D5 i, ) — 2 T AR 45 6 A B 27 T (Self-
Supervised Learning, SSL)!" %1530k BUASE #i I| 2k £
R0 e i B O 5 R HE SR KRR L LASE B AR
SR

UL L TR RS B T ¥ R S AR 55 S
2 2] i MR 2 T BOR AT RS BN G
SR B R IE R . R BCIL S8 =
(Learning with Unsupervised Memory and Projection,
LUMP)" "3 35 it 397 1H AT 5 (14 11 5 AR 52 491 ) 308 47 47
(B S I 4 22 ) AT S5 MERE I et . 7EBE S,
% /INTT4Y (Minimum Redundancy , MinRed )" %5 P 7734
AR IHRE A EAT A M B B AN A R & T4
5 7 A FBORE AR 2R . RS2 A B 2 (Continual
Self-Supervised Learning, CaSSLe ) O3 SR DI SRR A Y
TIE 27 9 24 FibR A S 30 THAT S5 AE s RAS B A
B A 2R o B 8 Sy 2 RN R eR . X L i 2
(Contrastive continual Learning, CoZL)mS]}TéﬁHﬂEﬁ’EX Xt
K BRBOR 7 A AT 55, 90 R B B R B
BT THAL R B 5035 . S 2% ( Dual Network , DualNet )%
3 SN 507 T M 4 2 o 8 DI 2 T AR —
AN M AT 2 R B 1 ST AR i o T
>J 55 AR By R G 2 2] 8 A R B T Bz Al 1 ) R AE
.

TE T Ui 2227 AT 55 TR Al T FI b R . BSR4
SRR NS AR S W 2 45 T PO 2R R Y
il B R 1 R AR AL e ) Ll ok 1R M
Ph R A B B 201 5 20 K B
P i1 R AR ORI B 2 i k)

BEAT TN RIS, N i % 222 2T 55 i PR B4R THEAE
JBH R . SR, 33X — 28 J7 ¥ I I A OGSk o , B Y
L 3 H A R SO 2 b 8 PR ) 2 RTAE 55 JR R
R0 AR BE 55 1018 HIZ AL RE ) . A% A~ ) AT 2
o SR s S L, T AR A I 2 T 48 R RS AT
F . PN GRBE A T 2 UREE G s R, 9 (Side-
Tuning) [ '07:$HY5§F§§J% 1 1 S0 ( Deep Linear Continual
Fine-Tuning, DLCFT) "Il 255 3= W 48 34T B 5 ¢
W 2, I 21k Rl 7 L B B T AN 38 A (Transfer
without Forgetting, TwF)"'® g — 2Ll 25— AN 3147 M 4%
LA 2 975 2O 32T 2 4R IR . AR O T 9 2%
1812 (GAN-Memory) ORI FH R AE 902 M ] (Feature-
wise Linear Modulation, FiLM)""" T [ 1% W 45 4F 17
(Adaptive Feature Modulation , AdaFM) """ 3] Fiill 45:4=
JRURE Y i — 22 B AT 55 4 5 9 S 500, T 1 338 1 0090 3 5
(Adaptive Data Augmentation, ADA) U 4 A TR E
TR B 38 B A X TS U 25 89 Transformer 25 35477 2%

I 0 T B2 7R 18] (prompt) 14 J5 it ] — 2L 42 /R 1]
[e] e 2R 385 Bc A FH 75091 25 ) Transformer PI%% . 28 7%
P K i R AR A S TR AR DR 3 AT 55 Hh T FAT: 55
REE BN A AT 55 F 3 I B s T HETE XS A 4R
i) ACERME A R A48 ML 7 18] (prompt pool) FHEEHE
AR B3R 27 2 75 (Learning to Prompt, L2P)') %}
PR 1R B 5 1 & 71 I F (attention factor) #E47 ALK F1
(B o d 2 14278 (COntinual Decomposed Attention-
based Prompting, CODA—Prompt)[lM: ), A5 BA A B9 4T 5%
SETE T 45 45 52 1978 W #2738 (Dual Prompt) > 54
1145 452 B3R (S-Prompts) ' JZ R 434 7R (Hierar-
chical Decomposition Prompt, HiDe-Prompt)"'"”", {F- 4% 45
FE PRI AT UED JE (Progressive Prompts)""™®/45 . 14,
T DR AT A i 3T 1) 28 A 3 2 A B 1)
T 45 A R, T LA i FILM RS i A AT
R S BORFE— D158 . A B4 A] SR 1y 321 K
2% F2M P2 I ZR B BAS 3R B pRBCR I P T SH Y SR
B/ ML, SR TR HE X 3 PN 27 2T 3 T 55 . 2800 1)
E A (Class-wise Decorrelation,CwD)“lQJﬂ%%ﬂﬁé‘ﬁﬁ&L
FoR AL S 3450 53 . BB SR B /MK (Sharpness-
Aware Minimization, SAM )" 122 &% Gl 3 35F {0 1k 4 25 bR
BOFWAFH R R AR T Wi 2277 AT 55 h 4R B3 X
S BEXS R T s T AR AR A 7 T A R A ) (6] B AL S
) SR TSR Y (R, RN S R U S
[EnSE OnePrompt with Virtual Outlier Regularization,
OVOR) 7 i S0 36 BF B AR SR ARk A 2 B SR s 5t
TH BRA S5 A 1 [ B 52 AR T 8RB AR R
(Convolutional Prompting, ConvPrompt) LSS At o 4 7 3]
T5 BB AT 55 T USR8 22 1 ) i, B 10 A A
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Do 2 ) B s TR A A ol R 0 2 S R 1 38 1) B
HRTRE , SRR A2 2% 2 14 27 > R G (Y AT 55 TR) 1R
T8 . —FE 78 (Consistent Prompting, CPrompt)[lsg]
P& 0 — BB R 3R] v 6 2 O i N R A B
KB BA

18 43 25 8 XF 5% J5 15 (Slow Learner with Classifier
Alignment, SLCA ) [160] % I 8 1 1531 25 Transformer
BEAY 8 3 W28 S H0T LAAE HE 22 ] v S B g
RE , PE— 2D 455 28 o0 A AR 73 2R 2 0 55 g, SLCA
SEEL T R R A AL R A PR RE . BEALICE S B
Zr A5 (Random projections and pre-trained models, Ran-
pac)" LT IR HEMG 7 P AR AR A R N
i 2 [B) SEER RE AL ST 2 . A2 i 2 BL AR EI (Generative
Multi-Modal models, GMM)""%25 - /R 2% 18 530 1)1 A
RUJ5 T A i SR FEe s f 2 > v
PGB | B E R S . TIP3 (A S (Bx-
pAndable Subspace Ensemble, EASE)"'* 75 218 i3 #ii)l|
R B[R A B — LA I G i a1
XAt B3 e #5898 %% (Semantically-Shifted Incremental
Adapter-Tuning, SSIAT) " ZETHI 2RI LA 1404 NE N
38 i GO T TAC AR SR A R v B 03 AT 54K
B[R, ConvPrompt[lsg] . CPlrompt[159i TG R
(Interference-free Low-Rank Adaptation, InfLoRA )™ i
OV LA A4 5 | GO Tl S A ) SR, S T
AU P AT 9 - A Y A

[F) FF {75 5 73 19 02 HF 22 11 )1l Zk (Continual Pre-
Training, CPT) 8k F5: 42 501l 45 (Continual Meta-Training,
CMT). i T I 25k s 9 Rt 500 el o L g o 07 =ik
8 D HEAT T 2R 3% 222 ) U4 i IR RE L W
W R B T S AR e > A
B WU G5 L B I BE A A%, ik S I EAE 55 AR R AY
ZEIE—B T SO R LU PR 5 W S AN i 1
1 2 CLIP (Incremental CLIP)""2 /8 jif D &I4% b 55 1 4
LR B SCA, I8 22 B2 S 2R A T X L i 5 -
1% 7 Il %k (Contrastive Language-Image Pre-training,
CLIP)"'7 . 515 5 B AL A CPT, A R0 2 1 I 25 19 4%
(Effective COntinual pretraining NETwork , ECONET)!*
BT T — B A SO RERY B B RESE . [R], Fr
ST LA DRSS AR nd Tt , BV 2 114 T )1 25 1 3R
DI A W AE RS A . A1 40 51 X 55 (Indirect
Discriminant Alignment, TDA )" 5 {357 [F 455 254 (%) 341) 531]
FOARXS T TH Ao g7 X 5%, 45 ST A el A ) 2 2
M TS5 . ORDER' SR FH BAT 22565 IR ORIRFAE [
1) A A T2 110 43 A /NS oy X6 58 G AT 55 ) 2 5 . %
i FME (Compatible Topology Preservation, CTP)!" |
ol 2 & N 5 BY & (Dynamic Adaptation and Pruning,

DAP) 245 53 551 e T T 22 AR SRR R KT 5 B kR
SETINZREL A 4 AR AR W 235K . ek
FH, A BE R T ERNIE 2 (455 22 9 )1 2R AE 40 K 56 T
ERNIE 2.0 i 3C.0 KA . ERNIE 2 AW | A ZRE 5 1
YIGAT 55, B1ENZA A BT 55 20 3l 2 2T 1L A
BANE 5B . B IR 55 B ENRIE 2 FF2E 2
AT 55 2 20 5 A T S i B 2 B0B 0 B Ak T e 7 i
1855 AL 55 B2k, SEBLR AT TN ZR400R .

B, 5T R AR B2 Y DU S A PR I ME T it
B F2 07 AR SO R LSO iR T B S X L, 4
RANFE 2 fis 6 Ry i g O AR R AR i i A T
a5 UL R S %W 1

4 MBESBNEEES

X AR BARIR ] T M 222 2 WEFEAE 0 i AL e
55 RAEAE B2 W), B TR 10 B 5 A SR S I 11T
SRS ST Y 7 7 2R OG5 1 . AR 24 i i
I TEA G U T Y R e, AR SC R BER AT H ARSI |
VB SCy HIFN A MR A AT 55 = 2R AE 55 . i
T A U O A X B D A TAE S Bk =4
BT EAT AL Z AL SR A T RS
4.1 BfRt

£ X H A5 K AT 55 (Object Detection) [ 3% £ 2% 2]
N — M FR A3 i H AR A (Incremental Object Detec-
tion, 10D) , e #2455 35 5 WU 5 | A A A [6] 28 51 b
VE RN RREAS | B 55 2 T 1 b I UM & F 2 2%
AIRBIMN 5 . SR IIGEA R B — DX R 1
WBE 3 AT 55 ANIR] , FARAS I 38 4 A7 24 T IH S FEr
XSG E I B . X — LB B4R 10D Ak 1A
AP, FE e 2 ST B 28I, IR bn i i 5t (SURAR
TEZRIN) X — AL BN T GO B R G . Rl XAl
FFAH 2R O S B H ARSI A A 207 S8 ——nl LA
BN ZRAEA R BRI 20 G R0, DA SR IH A AL A
AR AL 2 ) A PR 22 5

S U0 A EL B B8 8 2% (In-
cremental Learning of Object Detectors, ILOD) " | %} [
A T HEAT 7508, LB 1k R s X s B 22 0 2%
(Fast Region-based Convolutional Neural Network , Fast R-
CNN)M s A G xR s . B A 56 2R 51 5 9 U
# (Relation guided Knowledge Transfer, RKT)"" j#f— 3
FRNE 3 22 M 5E 4 (proposal ) FR B SLELAIR . L, R
ZENR A ST B A T B A AG U AE 2 v, 4 3 T SC B
=G BARKEI CenterNet' ' (R 1k 5 M1 X 1k 78 18
(Selective and Tnter-related Distilla, SID)'"? ) | Reti-
naNet' '™ ( 52 i} 3% 3 b5 4 1 (Real-time Incremental
Learning for Object Detection, RILOD)'"7*) 32 fb. & i 45



% 6 M Ty SR ) ik S HAE AT S5 1723
2 EELIFESRSREATE
T £ fi B
BRENIE | o o et i g5 s 0L N B AT BT
E L7 ﬁg;ﬁjﬂm&%:; P | s s T 2 | B2 P e P 2
FRGE N | RS e 1) 52 2 A1
ST TS TA BT
ST | GRBAIAES ISR | e TSt Harkt | MO TR 7R STkl 21
s IR T | 5 F OB A A BRI T8 5 S B 5 T
BETH | RET ’ 52 B AR B
e | DI E 5 BRI 1| Y62k 2 PEREL 7 LML | I 2 5 A 5 425 T2 003
YR S R R i)t A AL TR
sy | BB TR 0865 | Y% LR S 4L |5 O ORI (E 5 FEAC T 22
S e gt IH A 45 1 B NS T R 2 S T A FE 25 T 4 G
Ot LR 19 752 K L B e | 37 1T 25 K05 8 11 s, EL e 47
A 2 B X 25 435 1 1 e,
| | MmN LS | G B R | e ATAESE M A
feflrit : A TR
EEpsIRaN =
4 S P 1 A
R gngEHé;iéﬁ%; m%ﬁﬁ%%ﬁmﬁﬁiUEwﬁﬁ%ﬁﬁ%ﬂﬂ%%ﬁm@ﬁ%ﬁﬂ
o s ‘ BB R RN
R AL 2T B IR NI
PR T | o o b O BRI R J 90 | o ST MR AR S I ) 25 )
‘ - . X1 25 X 248 e 30 P AR
I | TS e T kb
BRI —
R o B 0 R e e R U
o | E s g T g e e
I L S A 3 %5 EE R B 7130 W 2 | 28T 45 B LA N A e L KU
P FWEES [ HEREE ) B
| W iy

I8 — il (Generalized Focal Loss Version 1, GFLV1 )78l
(P ) 1 7218 (Elastic Response Distillation, ERD Y76l
AT P X35k 25 B A 28 W 2% (Faster Region Convolutional
Neural Network, Faster R-CNN Y771 (5 5] 18 & Faster R-
CNN (Class-Incremental Faster R-CNN, CIFRCN)""" |5t
PR3 2% >) H Ak U 2% (Faster Incremental Learning
Object Detector, Faster ILOD)'"" 7 B A5 0 P [# ( Deep
Model Consolidation, DMC) Lisol MrizdE 4L (Bridging
Non Co-occurrence , BNC) '8 FLTFI02% 3 (10 B ArAe:
I (Incremental Object Detection via Meta-Learning, IOD-
ML), — 27 ) FH AR A e B TS 7R R 455 7
ZE MR B He AR b | DU BV T 1 SR SR B G &R (Bi-
Non-Cooccurrence , BNC ) - 52 B 5 - il fa 5 1k - o] 388 1k
Yy fr sh 210415 (Dynamic Memory Control, DMC ). H
kAR R ZE R AT S Y BT, T0D-ML
K I OC2F 20 B4 2 500 i 7 9 R TH 26 DR 28 22 [a) 14 °F-
i1 77 7] . SDDGR (Stable Diffusion-based Deep Generative
Replay) 134‘ET§1§H§ I 25 1) Stable Diffusion 22 i — %
B IHAT 55 B9 REAS FF 8T 55 B Btk A S0l
Yk, AR R 10D SR THAT 45 F1RIE 12 . 10D A&
JIF 2D B 1%, 38 T 3D B (% 54t i A 5
PEHS AN iR — e A AR S AT 55, A R NRE AR
R85 TN S5 A4 A S R 4S8 FH /0 B e T 5B 27 >

L eV INVYSSI0 SR E LN el R Sk SN Sl
M AT G, FFAESRIBUR L B bR 25 i AT
4.2 BXSE

F5 22 15 X 43 ] (Continual Semantic Segmentation,
CSS) B TE A FE ™ AR R G UM, 7 IH 250 1Y
il b2E 120 . 5 10D 251, IH SR 2 i X 4 )
PA—& 3. R TARTE L2 > i 1 TH2E A
NS G SE AR AR, bR IR A2
TR AN 8] A, AU BT I AR T Y T iE 153 1
2R, X BUH A 7 5 (H 95 5w 727 B
), TN 1 FAENE B

FEIX — AL 55, — Bl UL 0 SR W 2 DA TH ASE L vp
FI 30 7% 0 R AR 3k AT DLV A MK R AR U Y TH 26
5 XA N, a0 A2 ml A L i IH — 4k (Memory-
incorporated Batch normalization, MiB)! lsg‘ﬁiiﬁﬁ TH A5 1 (1)
TN oA A HE T AR 2R 1 1E FL A8 XA (Cross Entropy ) Fll
RFGE IR G . 3 N 12 B O DU A AR AR RO T
12 i X 43 #] (Adaptive Logit regularlzer and Feature re-
play for incremental semantic sEgmentation ,ALIFE) "5
i TE WAL i — 20 BOtE T IE LA SO AR 28 1 O fil
FHFFAE [BURCS 73 28 45 HEAT W0 . 3G 5 2] v 59 3R b
£% (Representation Compensation for Incremental Learn-

ing, RCIL) "0 o0 2% T 57 S AU A 14743 5, 3
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IH 73 S Wk 4 LA A T Hh 8] 2 ) i) R 28 08 . it LA
o E R (Sparse and Disentangled Representations,
SDR)"MHIAS B 5 1 JEE T FE 2% 8 (Uncertainty-aware
Contrastive Distillation, UCD )" ¥4 %t [t 2% 3 2| A B 45
fER R AR ZE I b, b ] — 2R R R RS AT
KRR . b 2 ALY TE 35 %% ~J (Pseudo-
Label OPtimized learning without forgetting, PLOP)"'*' |
RECALL!" 4 FRZL Y 1E X3 %) (Semantic Segmenta-
tion with Unknown Label, SSUL)"™ | ] 82 & K 1k
(Expectation-Maximization EM)[os) B Il % (Self-
Training) """ \UCD"" R KR 91 S 43 H1 08 2 2T R
fb.(Weighted Incremental Learning with Semantic segmen-
tation OptimizatioN , WILSON )" & 5 {if i [F A5 84 A= i,
IHZE 0y PR 25 . A /0 Ei 8 B¢ 5 4n ) 2% 1€ Ht (RECALL
with Web Scraping, RECALL-Web'"**") | T iJll 5 (1) A= g6
% (RECALL with Generative Adversarial Networks,
RECALL-GAN""*) (5 AR bR 10445 (Self-Training ")
AR IHUIZRREA (EMT SSUL™ | [BIG ibnss 5
Tl ( Image-Level Labels and Rehearsal , ILLR ) )Wk
TRITRZE I 7 12 AT 1E GOMEVE 5

BEA , IR 0 25 VA B3 W ] T 1E CSS HhE ok
B B 64, LAY 5 AN PR R b T Y 85 R B R
(WILSON'™ ILLR"") , seAh , FEF5 52 v SR
LA )T 2 2] A 38 ¢ (SSUL™ ). i W 43 %1 (Micro-
Segmentation, MicroSeg) ™ #4224 §if {55 VI A 1Y 15
SR REAL T A IR 55 BRI 55 9 2], LAS 5
ICIZREEPERIZE ) AT . CoinSeg ™ FEIIERS 1M 52
PISRIAT RS e > G 1 1 i SO B A ] 284
4.3 MRENBER

25 AF A Bl 3%E 227 ) (Continual Learning for Condi-
tional Generation, CLCG) 5 4= 1l 2 5 it 4% R % V) AH 5% .
15 3.1 1 PR A U N A TP AR SCRE T — R A2
T2 I (o FH A 2R U RY AR B IH AT 55 A AR AR, DL
R AT 55 AP By S s . FEAE B U 55, T
IHAE A A B A A R R A 1 2 ) il fe vy, ol T 22
3 g A S 0T T LA I > AT 55 9 B 43 A, AT
e o PR REAT S5 A A R AR s RS L A, — LSO TR
Hy 202030 204 S e e R LA AL 55 18 k2 o) AT 4545
RUFEATHE T 55 E 3G 2 2T I, 2 RO A v i 0 ) 245
[FIRE s A A s R IR . A T st A 0 A B 9k 322 [
9, w5 1] 1 AR B T, A AR R A A T i
G0 JEOMEME IS R P . DG T — U AR FR Ak S5 B B
¢, SCHRL204 ] TR EFXT LT A 9 i 8% YL 58 A 28 A2 1 5
HEF MR g T IR G AR R TR

IRV B 25 A U AL Y g5t RS 1), 370 T AR 5
SR A T 0 Ak 7 95 0 B E 0 R 2

B BB 2 - 14910 B i FH o2 20 0 8 vk AU ok
KA. SZ X BESEEK T AR IR K, — RIVIRER A i A 3%
S 2] 1 TAEIR I, 20 B Zad R b R R S A L
BEAY RE A% 1 22 A I i B i A, T AR 52 9 ME P 358 55 1Y
fR DT 58 TERT R X BT A USRS GAN [T 38 SR R
o 45 G 3.1 R R 2 fid B AE (Synaptic Intelligence, ST)2
FEWC > AE IEM AL E A, 3 TR 22 %
T #2242 > (Disentangled Representation Discrepancy for
Continual learning, DRDisCo) ' #1 ek [210] . A
T F T, MeRGANs! ' 5 L-VAEGAN """ #H 2k
PR BT AR I | LifelongGAN' 015 18 9] 4% 2
B2 3] =l BT W 2% (Hyper-Lifelong Generative Adver-
sarial Network , Hyper-LifelongGAN ) 2" 4 45 i 4T 45 A4 %01
UM TH [0 265 75 188 310 357 0 £8% v L st B %) THAT: 55 IR Y
B . D REA &2 o] T AR 4 B R Y B (Few-
shot Incremental Learning for Label-to-image Translation,
FILIT) "5 5 Ry A A S 2 ) — HUB 2800 7 305
PRAE BN 25 B A G d 2 ) Rl GAN-Memory[lw]
ST 55 3 B A s I 2 GAN R0 45 Hf () 4 12 RS AR
JZ BR3P s R AR R RO T AT
J (SR 25 b R TE UK (VL) s A Bl ol il (Rt
Jo W 2% 2 (Continual Unsupervised Representation
Learning, CURL)" L= AR5y H i i 2% (Varia-
tional Autoencoder with Shared Embeddings, VASE)"?"*")
e TE R FAMEMEI RS . Horp AR 03 A St g RS ) 4
F+77 1 (Boosting approach for continual learning of Varia-
tional AutoEncoder, BooVAE)""' % FH [l 5 () 25 284
A RME 55 BB A {5 B A IR B — bR 5 5 5
o, JER AR5 24T 55 1Y e 30, ZERTAT: 55 N R £ 3t
IHAT: 5515 B DA e IR st s . A — B PR A S 36 (Dual-
Consistency Model Inversion, DCMI) ' $ 14 8 1 25 i KR
ASFIAR R 2 ] J A 22 8] 1) 1 SC—Bove, LROR 2K 5 &
JIURE AR T L 52 PR 2 1] 7 Sl — 0P 8 B0 — BevE DR
Az R BT I TH 2R 5 MR A, S VAE R 2% (14 47 35t
TSRUR . BR GAN R VAE W 2 4b , 35 1 B 45 o e 9 i
(Stable Diffusion )" A= Bl 455 0 (%) 245 , S Bk 3 N
(Continual Low-Rank Adaptation, C-LoRA )" ¥4 &% iF
WAL 77 5 5 % 7k 3E W (Low-Rank Adaptation, LoRA)J5
B4E4E, SEEL T Stable Diffusion #5584 () f4 5E GE J1 9719,
FFUR T Stable Diffusion £ |- (1% 24522 2] 1K

5 EZFImMnERE

ARICAEX — 19 E AR L > Tk RO IS
5 R ETT I . SRR AR LR % 275 > AR A ad T3
G B TR ER , 32 BNV GURA G , AT
TSI M L T BRI AR . K, R
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B DG 1 LR 5 AR AL e BE Rl A | 2 AR S AR A
AR AYFLAAE A (foundation model ) & JE YR, A<
X i B ) AR BE R AR Y b (g 1 AT FE 40 e XA
P L 2] HOR TR JE 2 ) U I BT HOR R
RSN . B BT X S o A — S s i A A
& % 68 (Embodied AI) . Al 5 £} 2% (AI for Science,
AT4Sci ) 558 24 38 SO 8 T, A1 R AT — i AUk
SR
5.1 BREZES

18 %42 >) (General Continual Learning,GCL)[SZ'M'M]
BRI 2 N 50T B S5 AT 55, [A) It 2 %
JEE 2 v SR 2 Y R EAA R AT EZ Ty
2o BB A W R A 5 L RH N L ]
i B2 > 23 IR B P A A TG IR (1) 3% 2L 5 S AT 55 1
2E  ToAT 55 i 21 2% 31 ) (Task-Free Continual Learning,
TFCL) 5 fF £k 1% 4 2~ 37 (Online Continual Learning,
OCL). JoAT: 55 % 277 2 4841 55 iR AE U 2k 5 0 4R
TCARE, PR i 85 > I R AAE — R B s i rh
AT . T ICAT 55 22 203l i — R R 7 [n) /M
WILAEAS , LAB AP AT 55 00 AT AR 25 > i
S RS T A 2B DN RREA AL S5 R L,
127 > B e A EAAS AR DT i A AR B S

B o — 2 T ARSI TE A W™ e 1 19 2%
Sty rpeE ) B E B AT 5L ), CNDPM
R KR 5 8 (Dirichlet) 32 72 1R 5 468 18 A 8 8 Of i
Z 01 GRAN G BT T R TR AR 2% ) 2 o
e AR A BEAY . 8 43 JEA 3 K (Variational Ar-
chitecture Growing, VariGrow ) SRR TR R RO
B S B E SR YRR R KM 45k 2 TR IH & K
W 2% . FE2E 22 7B %% > (Online Discrepancy Distance
Learning, ODDL) 2 1124 {if 4 77 2% i IX 1 SG i 27 >
HIFITRZ 0] (9 28 SR AR . AR Sy > v, 52
5] J&% 70 2 B4k (Instance-Aware Parameterization , InstA-
Param ) BN I 2R AR 26 % R 38 4535 ) ) 4% ik
1. oy —Jr i, VF 2 AT 55 1 R 822 2] (TaSk-based
Continual Learning, TSCL) J5 % Fll KEZEOCL 7 iEap
SRS b, T NG s X AR A R
F . T UNGAEA LI & BB A RA AT 55 5
TR 2%, B KM R I H 2 — A R AR AR R
PEORMS . S S G R S % TR S B & IR A
H E L (17 818 7 2 iC A2 2 £ (Information-theoretic on-
line memory Selection, InfoRS) ') | B ¥Rk E 1) 2 REE
(GSS™7) B s i 2% 2 (19 13 (ODDL™) | b 45 -
( 2 51| 3 1 5 it 9K W% (Class-Balanced Replay Strategy,
CBRS)™!  GDumb!* R4k s B 3 2R (Continual Proto-
type Evolution, CoPE)"™") | I/ F| F 1 1 th 3 i1

(ASER'™). [FJif , A7 22 b DX AT LA 2 1L f91) i 1o
I 53 e B ) R AR (R0 o ) S RO AT
% it & (Class Incremental Learning with Blurry task con-
figuration, CLIB) ") & 48 IH Il 2 AL A (LT85 5 40
17, %% '8 (Gradient-based Memory EDiting, GMED) )'#%))
ol H o A (4345 B #2 4 AL (Distributionally Robust Opti-
mization, DRO) ™) B A7 0] e Bl a8t s, 4G R 25 %) 32 %)
T B IH YRR A (e KT Kz % (Maximal Interfered
Retrieval , MIR)'™ % & — 3 (Dual View Consis-
tency, DVC)P3Y,

I, 2P AE 4 B K (Multi-level Online Super-
vised Expertise, MOSE) P TN PR TR L R SR ST Y
G307, BRI FH TEAE AR 22 o DX R A ae B 40065 - R ABL 65 1)
L, TN 22 G B S 1) 1 M ) M 2 R e ke
TBREAS (8 AU LA R IHAREAS 22 W ik 5 | S 1) el B 405
7] . 7E 247 225 ) v Y F 3 0 S8 AR AR kA
(Adaptive Instance Similarity Embedding for Online Con-
tinual Learning, AISEOCL ) "' F [ 3 W AF AL 2 5]+,
IAEH Y B 55 F 2 F AT 55 4B X i DI A4S v gk B
WA E ARG B NI e E S ) h &
B REAE O RSCR L AR 4R 2 2 I AL ( Continual
Attention Mechanism for Agents, CAMA)LMJ?E‘ HEE AL
235 B2 2 AT 55 v X A7 A 0 TH AT 55 B A AR ) i, 4
th LIRS 3 P34 0 75 2R T8O T 55 i B AR B A0 8
BRI IHAE S5 AR AE B . DMERRZE 2] (Collabora-
tive Continual Learning, CCL) 7 ot o) 1 28 8 & 2% 3 fik
TYGR a] S8 P AN 2 ), 4t T pIpE 2 ) I TR 4R i 1
) J5 i B AR R AR OB R R A RE T AT SR
T AR L &S ) Ik AT e L AR R e )
(Equi-Angular Representation Learning, EARL)> 5] &
P 22 5 15 I AE A R 1) 8 7R 5[] PR Jl— 1> B4l
B A5 f EAESREE ), LM AE 7 25 8] v S 34 Al |
SRR IERTIE A BRI R I i 222 2] AU AT LA S
M2 S e . B A RRAEZS (B B 4121 (DY namic feature
space Self-OrgaNization, DYSON)D”]%]ﬁé%ﬂE{f%ﬁ?i
A5 PR I S ASFRIE S (W] B 2040050 I B 2E
IF RS I A T AN % S AL 50 ) e A
5.2 EfEBEESST)

TR AR, DUAE Rl 2 F I 25 48 $e 28 (Generative Pre-
trained Transformer, GPT)"?*  DeepSeek . OpenGLM . i
SCT 1R) 45 SR AR R A T 5 0 e il A 2 LS A e L T
TR EE A ) U B K R R X — Tk e e B [ A
PR BAE 5 4535, 4 CLIPY'™) SAM™*"  Dinov2 (Distilla-
tion with No Labels v2)"***) Stable Diffusionl“’z“mff%ﬂ"%
PR DE FERB I 23 23 L0 RN TR e Ji F2 0, AR 22 A

4L, DI b -15 5 (Intern Vision-Language, InternVL)
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BRI LlaVA (Large language and Vision Assistant)
SR AR 2 1) e b AR i kg A S 9 P L 3K S R At A
TSt 3 2 ELA KBTI 25t O K S50 (1290
WY PESR EL) . i 13k S BRI AU N, % 52 10 4 5 0
AR AE 2 8 B 3 HUA ) R, TR 2% Y LA Bk 5
LoRA™7 10 3% 1 15 3 2 BUOJE B2 R (Parameter Effi-
cient FineTuning, PEFT) 7 i SR % 3l 1 4 /b & &
B AT ORI I 25 B ] 52 BRATE 55 3T 8%, {H LA T ok £ i
FIEERIBA 25 BS & M II 25 . 7EX —i5 50T, Ll
PR 1) A 87 ] AR By T 1 @R i e T

Al AR TR % 2 o ) B Y e 5 O Ol I A
Adapter " 4R 7R 7] Prompts 2 L K 57 24 AR BE
I LoRA Y7 7 v 45 o U i e R 5 R ] 4y o, LA
L2P"'"% | DualPrompt ' | S-Prompts "'’ | Progessive-
Prompts[“g: N CODA-Prompt[zsm N HiDE-Prompt[ 7] K SEAY
& 1Y L T4 75 TR O A SRR AR 34 A o) Ty 1 ke e
R . L2P P FE 7R 1R 2 (prompt pool) HHEHRE S [
SCH A DG R HEAT 4K , CODA-Prompt' "™ %} 42 7% 5]
T 5 7 7 4 R T HEAT ISR AT, Dual Prompt ' {6 1 1
B BT 55 I AT 55 4R E IR R, S-Prompts[] 1) HiDe-
Prompt[m] AT 55 % & /Y 82 s A, Progressive
Prompts' "8 FIAT 55 45 8 S s 1A O E ) B 45 . k2
T 1 X A Y B 7 ) A T 1 R, S BRI AS TY
XPESE Y () HRGHT RS | (6] 3 R A A R A B 047
DR MRS BT, H Tt A5 4TS B P 55 S e 1) e P 1A
(SRR G, X — BBz [ T 2 T Trans-
former ZEAE Y SR ALY |- .

)T, 25 A ARk 1 IV LoRA 7y it 82 2] J7 B e K
TR RS R | PG A R R 5 22 AN [ 4T
AR T T2 N . LoRA A8 & X80 (1) 2 508
W EAT ARk 23t , T A 5 o0 A A 1 A JE M S5, Tl
IO T AR 0] HAK TR AT 55 IR 1Y 37 5%, 5 i 4%
2] AT PR PR AN S . 7E LoRA JEA -, 472k
27 3] 5K #%3& B (Continual learning with Low-Rank ad-
aptation, CoLoR )"/ FI| ] LoRA 3k 57 387 Fli)I| £5 4 3 Jic %
PLSEBURAT: 55 byl 581, [R) i DR AESE AT 55 1O PR RE .
& Bk 3@ NV 5 5 %0 2% (Low-rank Adaptation with Effi-
cient Tuning, LAE) 41X % 82 > vh S50 3UMH —
75 1 vh S A AE Y RS T R E SRR R AR ) R
HH E 28 v ST R AR e 5 SRR SR R B T vk A
G —HESR EW] T ZF0 PEFT I ik g —1E . 1532k
Bk 1& I (Orthonormal Low-Rank Adaptation, 0-LoRA )%
BET LoRA HYRE I 2 b A 1 155 B0 2 JCEE 37 7 [ i
— G, B AT 55 B LoRA 25 [a] A DL AR B 25
], $& 7E 27 21 B AT 55 I 2 OB THAE: 55 LoRA 143 [H] 1E
ST e AR FAESS b LB T IR AR E v ]

IAPEVERE . SRR AR Z b S, SCR[254 145 6 4E
58K (task arithmetic) \LoRA FIFEEASICIZFE AR, 28 T
AT F 58 A OR A TR YERE . InfLoRAM® FE IH A 55 1Y
T 5 23 [R] P A /D i S8, SR RLIHAT: 55 O BB B2, e 3
TR B 3 AR 28805 [R) T THAT: 55466 5 25 [A] N Ak
PHTIZRAER | AT 52908 BB AT 55 X THAT: 55 9 T4, DA
([0 25 A= AT K el T o S I S U Y T
SSTAT 48 H 6 AS it 1 2 505 240 B 14 195 0 3 A 18
DAL 0 B 25 S50, 35 T 45 2= 2T B D, TN RR
B SR FNHAE 55 BEA AR T oK

R X SR TR T ) R T BRIE T LoRA 1975
AN, B A B A E s 3 08 5 2E £ (Dynamic Data Aug-
mentation and Selection , DDAS ) > 1 % 5t 1 o5 A5 U 75
RO AT A% v 0 AR N PR s R R A, £ S IR B B K
(Mixture Of Experts, MOE ) i& g %% 31 BV RS540
CLIP A58 LTS BT AT 55, 3T 4 MOE Hh iy s b L 647
DAk B 53 A R 345 A0 09 A 43 591 #% R 31 MOE i i
A LA T 2k CLIP AR | 35 252 30T vt K W& 415 £k (Con-
tinual Proximal Policy Optimization, CPPO )P &t i} E=)
ISRt 5 BRI 3L T A8 S5t 9 46 %% ~J (Reinforce-
ment Learning from Human Feedback, RLHF) fr ¥ J 19
IRF ] 3550 AR LA R HOHE B A (R R, 38 1 YA
R 78 T3 0 SR 2 ) R A2 s AR R Ul SRR A
SCHR (257 142 I ERA H 38 W =SB R , 5 3BT 55
FHOCHFIRAE RES & L BRI RRE T W4T 55 52 i w5 1 Al
P4 1 2 N7 R A A8 ik 3 o > E R T AL N ]
TR RSB . A T UL R R SR v A B2 ) TE RE AR A
e RIS 5 A AR K AT R A BT o R
5.3 EZEFIHEIARE

R AE T SCIIT IR A 25 ) Gl b A 31 S A LA i 4k
HYHTHT AN, S 7 S — S % S SXFE 7 [ s
IEAE R R, Horb LLR B GE AT AT S5 B 5 45
R .

H BB R ARXT T R TR RE” Y — R 2%
I T7 1), B AE A AT L R GEACPE (agent) il 1 5 9
POk R UL A S B A RSB ) X — i R
NS i R A 0 B A S R FAR R AN H RE Y Oy
KE AT . HAOTE T, B Re R RE A A H bl
YN R G R B AR B, IF LU Al 17
SEEORA AL A B PR FNAT B SRS . X2 2] ik R rh
BOR B RE R AT ENW 5 BT A L S 1 5 T L
SRR RO B B S R R T ¢ i 4
B FS [262-266) (\yultimodal learning) M G2 >
AR H B AL FE % (embodied agents) g% SZ B
s R RE Az ALRE )y . X E s B SR e Ak
AL HE S B — BB 7 >, I RRIE B 5ok LT
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Wt | fih ot 55 22 FhUSCE 105 B, DITAESE T2 AT 55
WEE R SCBUA R A SR . Ak, i i S )
HIWF5E A BT H B AR AL T A 3 3 P 8
AT Ay e o) o270 e ge N SRS TR BERT ST Y
B AR, B ATz IR R NS T B B e =
L2, SEIMB NN R E RS . Y,
SCHR[261 |36 ALk 22 ) 5l g F T BRI
FE L S HORTR e 2 S BB AT 55, PR Lk > 1
AR ) E S R AR R 22

AL 5P} (AT for Science) B R R 3T 4F S Pk & i
FRF R, BEE S AT F R B A Y
AN T N E - Y7 SR L S Y S
FIBIFSE . LLER 57 51 25 A0 TS A Alphafold ™ At
TR L BT AL S RE I
J1 - AURLRE S 5 Bh Bl 2% R4 AR, 38 T DA 5K
S M A B ECE | DT 28 1 B Bl 2 TR A 1) PR
ML 2 e Z AR BRI R EAR A
BN T LA BE 22 AR o B R AR 3R A ) s 2 R
B2k S B R AL AR G T
A iy, — S LRI R 2 1 A ek P A7 A 2 M LR SRR
B S8 — AR iR ROIE S KOs X LA 1] 5 3 B ek oh iz
A RE 77 25Kt 2 A (), 5L OB ) Bl A AR B
TR AL, T S gl % S ) R A 1 e LRI S8
SRR F R RE(E A 5 1, A B AR 2458 OB 2240
WP B S W

6 it

B ) B A TR M Sh A AR AR RE B S I
HOR ISR B HEORT R AM R, e R SR 6
WAL RER G . ASCE SN T HL 7
2T )RS PR R AR , MR AN [ 9 7 06 S U B, X
2 WSy ] TAE R o Wt et AT 1 2 F e i
IR X B AN T U5 AN T figp ke 1 25225 o) vp Y R B PR
T PR BT 1) 2 0 #r . HOK AR SR 41 T
TRV AE 55 0 i LR S ) TAR . s, AR 3C LA
XSRS TR I 48 e S R EBAS R, ik
TS W EORTRTHT S AR KR . B TASUN RS
I8 A HEL, A SO A T DAAS 4 A0 i 32 65 2 > Ik LA
Kt 7 ) % AT K SRR

st Bk R RN Ea ot kEEH
R VAR R PRI G Ffe RAZ RO B A= E .
S E Xk
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