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How long ago was your last update?

As of my knowledge cut-off date in September 2021, I'm unable to access real-time updates
or information beyond that time. Therefore, | may not have the most current information or

recent updates. Feel free to ask about information available up until that date!
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- 1I8EF>) (Incremental Learning) : MNYYFTEME, RESEY E

Domain-Incremental Learning Task-Incremental Learning Class-Incremental Learning
Task 1 Task 2
9 " ™ Train
by Test

Bird or Dog ? Bird or Dog or Tiger or Fish?

Zhou et al., Class-Incremental Learning: A Survey. TPAMI 2024
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AT FERBERIEETD?

WBEIh, BEREHE
I FEEEIIFE B NRBIRET]
-BHERETE B KRIRKMEEIRT (catastrophic forgetting)

> %ﬁ&lf)ﬂ”'ﬂﬁ [Kirkpatrick et al. PNAS’17] [Friedemann
et al. ICML'17]

min £ — SIM(Bold: Bnew)

new

[S[CES
. \,/,,\. ___

\ Eﬂi‘lﬁ / min 'e _ SIM (feold (anW)l fenew (xnew))

97’16 w
TRELME A& | HSSANF Z<A0 T

> FVRZXIER [Li et al. TPAMI'17] [Baek et al. NeurIPS'22]

Xnew
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> FECRIBEHA, S SHERED

[Rebuffi et al. CVPR’17] [Pietro et al. NeurIPS'20]

min e+ Y =SIM (fo,,, (), fa,,, (¥))

Qnew

X € XnewYUXpld

s

7 A

> B2 EA{VESIE [Wu et al. CVPR'19] [Pham et al. ICLR’22]
> TIEEU_T?'LS [Wang et al. CVPR’22] [Wang et al. NeurIP’S"22]

izt &2

SefilEE (exemplar set)
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me (X, y;): = sn Z 16,115
81, |

\

s.t. argmax F(x;,64,...,6.) # V;

2R ARSI RRIFTRAAIRERELL — 61
Hime MU (BPEREIRRE X TIERRAY_ESY)

Y G 1
& N log2n +
Jn (x.y)~Pn mp(x,y)? ogn+¢

Ep[fo-1(F(x),y)] <
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mp(x;,y;) < Mg (X, y;):= n}giln||5z||2,

s.t. argmax F(x;,0, ..., 8, ...,0) # y;.

1

O

(w]
L

Accuracy After Perturbing
o
(93]

/MR A - BB THFERRE g0 | T Dpper Bound
~ . : 1 Model 5
Mme (X, ;) = rT(lslln”(Sz”z 0757 . Model 9
~ min ||a- = (F Z; )” 00 02 04 06 08 1.0
g | Ltz l( l'l) 2 Perturbation Scale

s.t. argmax F(x;,0, ..., 6}, ...,0) = y;,

- B ERESES o|FSEZS
2 (Fz)l, eted e R s
EEBHEA 2 B R ST S AR AR X & . bx ¥ ZISEI’J:i’J IEPRIEAEE
FeRIEIRREI AN TR S N

g (X, yi) = a;

Zheng, Zhou, Ye, Zhan. Multi-layer Rehearsal Feature Augmentation for Class-Incremental Learning. ICML 2024.
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- EE—EXREG

- FFEERAY TS 1)

1RE
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i1)

);

/ 12: function AugmentedForward(F'(x). . y. [. 3)
“‘-\\\\£: 2= fi1000 0 fi(x) ERERENETSE
14:

HIHEEFIER 2 EARR

Algorithm 1 Multi-layer Rehearsal Feature Augmentation

I: Input: batch B, current model F;(x)
2: for x;.y; € Bdo

30 if w;, y; € M then (LN QFFANHTIFAESR

4 Sample [ ~U{1, L}, 3 ~U(0,3)

5 Le1s,i = AugmentedForward(Fi (), x;. ;. [, j)
6 else

7. *Ccls,i = ((Ft(m?) yz)

8 end if

9: end for

10: ’CCIS - ﬁ Zg Lcls,i

[1: Output: L.

2 = z1 + Bllzi]|2VL(Fi(21), y) {Eq. 6}
return ((F;(z;).y) {Eq. 7} iR [OIZREHNDIERE

16: end function
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BN (.road = B (.road N O.road
B (.train B 4.trout [ T.crocodile
W Ltractor B 5.house 7.bridge
B 1. bear 0 S.owhale 9.ray
" _ N 9_pear
/fi }ﬂ ﬁfj— 9.?0rest
(a) Input Space of Model 1 (b) Input Space of Model 5 (c) Input Space of Model 9
I 0.road B (.road B O.road
B O.cloud B 4.elephant B Swillow tree
B O.train BN 5house 9-forest 9 pear B
[0 Ltractor [ 5.whale I 9 forest
1% H Jja
(a) Input Space of Model 1 (b) Input Space of Model 5 (c) Input Space of Model 9
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Table 1. Performance Experiment Results on CIFAR100. Bold font represents our method improves the baseline in this scenario.

Memory Size 500 1000 2000
Scenarios 10-10 50-10 10-10 50-10 10-10 50-10
Last  Avg Last  Avg Last  Avg Last  Avg Last  Avg Last Avg
Replay 30.50 50.83 30.29 41.66 38.55 56.65 38.33  47.72 45.57 61.95 45.80 354.63
w/ MRFA 31.69 51.61 31.98 42.85 39.42 57.12 39.78 48.54 46.85 62.59 47.24 55.51
iCaRL 32.11 53.24 36.16  50.59 41.50 59.98 4479 56.23 48.65 64.52 50.56  60.08
w/ MRFA 33.51 54.84 37.89 51.48 42.84 60.82 46.02 57.96 49.73  65.17 5249 61.50
FOSTER 41.54 63.15 48.98 60.32 56.06 71.55 51.40 61091 62.20 74.49 59.80 67.54
w/ MRFA 42.12 63.90 49.51 60.83 56.76 71.94 52.06 62.34 63.41 75.23 60.74  68.02
DyTox+ 52.61 69.29 53.16 6597 58.47 7348 56.29 66.71 62.06 75.54 66.75 73.36
w/ MRFA 54.31 70.56 54.03 66.82 59.38 74.17 57.96 67.56 63.80 76.23 68.21 74.73

{(EFRFTIRLRYTIA, REBSSMETHANNNESDAHTES, eI A ERE
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Zhou et al., Forward compatible few-shot class-incremental learning. CVPR 2022
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Accuracy in each session (%) T

Method PD| APD
0 1 2 3 4 5 6 7 8 9 10
Finetune 68.68 4370 25.05 17.72 18.08 1695 1510 10.06 8.93 8.93 8.47 60.21 +41.25
Pre-Allocated RPCT [32] 68.47 51.00 4542 40.76 3590 3318 2723 2424 21.18 1734 1620 5227 +33.31
iCaRL [33] 68.68 52.65 48.61 44.16 36.62 2952 2783 2626 24.01 2389 21.16 47.52 +28.56
EEIL [] 68.68 53.63 4791 4420 3630 2746 2593 2470 2395 2413 2211 46.57 +27.61
Rebalancing [21] 68.68 57.12 4421 2878 26.71 2566 24.62 2152 20.12 20.06 19.87 48.81 +29.85
TOPIC [41] 68.68 6249 5481 4999 4525 4140 3835 3536 3222 2831 2626 4240 +23.44
SPPR [67] 68.68 61.85 5743 5268 50.19 4688 4465 43.07 40.17 3963 3733 3135 +12.39
Df:couple-:l-I*If:gCosine:T [26] 7496 70.57 66.62 6132 60.09 5606 5503 5278 5150 5008 4847 2649 +7.53
Decoupled-Cosine [+45] 75.52 7095 6646 6120 60.86 56.88 5540 5349 5194 5093 4931 26.21 +7.25
Decoupled-DeepEMD [57] 75.35 70.69 66.68 62.34 59.76 5654 54.61 5252 5073 4920 4760 27.75 +8.79
CEC [5¢] 75.85 7194 68.50 6350 6243 5827 5773 5581 5483 5352 5228 2357 +4.61
FACT 75.90 73.23 70.84 66.13 6556 62.15 61.74 5983 5841 57.89 5694 18.96
oo ¥l
=T
= CUB200EUEEELL100 N ZEBI{E /abase task,
4\ ANEQAT
g HRZL5153 10/ EREISRAY10-way-5-shotig
>0%0 ° ——
vy B, BEEIRSOTARI£294.5%
B’J .-L‘-l. \ 7\ U
3 - FEBAYFERTE (RE) BRIFiE RS
(=]
- bHEF=RIB O ER
(a) Base session, 5 old classes & 5 (b) Incremental session, 5 old —*EU‘ETIEL \%’J EJJ

virtual prototypes.

classes & 5 new classes.
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432 [Yan et al. CVPR'21]

[Wang et al. ECCV’22] [Wang et al. NeurIPS'22]

f(x) = W'Concat[¢; (x), ¢, (x), ... o5 (x)]
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Exemplar-Based Method Model-Based Method MEMO

o % % %

Exemplar Buffer ((HRCED)
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Shallow Features

Specialized Blocks
|

Generalized Blocks

1.0
-&- D! P 4 e 1
3 0 . +0 D =1 7
i 5e-31 III 0.8
E' |II .II l 3 "
g6 -1 & \ 2
=] E \ I|'-,I = 5
— \ - i
% 9 S F3e31 S , o 0.6
2 | 5
g praww 2
12 = L_._f—'/’- 0.4
le-3
9
15 : : . : , ! ! . !
[1] 1800 4200 6600 Q000 0 3 6 9 12 15 0.2
Iteration Block Index 1 3 5 7 9
(a) Gradient norm (log scale) (b) MSE of different blocks (c) CKA between backbones

Zhou, et al., 4 Model or 603 Exemplars: Towards Memory-Efficient Class-Incremental Learning. ICLR 2023.
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92 A e P
| SR B S R S R TR | TR
—_ w/ leg{:l:é};allow APER :
2 8y w/ Adapter /J}PnErt% “““ :
= APER | . w/ Finetune |
A - g : w/ VPT-Deep : : :
" = . | ;
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< 84 ; g E:_Fﬁ'il)”fﬂi HYJREY
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= L1y = i)o(x)) = R =
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0 0.15 5 100

Tunable Parameters ( Mlllon
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Zhou, et al., Revisiting Class-Incremental Learning with Pre-Trained Models: Generalizability and Adaptivity are All You Need. 1JCV 2025.
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CIFAR BO Inch

CUB BO Incl0

IN-R BO Inc5

IN-A B0 Incl0

ObiNet B0 Incl10

On}niBench BO Inc30

VTAB B0 Incl0

Method A Ap A Ap A Ag A Ap A Ag A Ap A Ap
Finetune 38.90 20.17 26.08 13.96 21.61 10.79 21.60 10.96 19.14 8.73 23.61 10.57 34.95 21.25
Finetune Adapter [10] 60.51 49.32 66.84 52.99 47.59 40.28 43.05 37.66 50.22 35.95 62.32 50.53 48.91 45.12
LwF [54] 46.29 41.07 48.97 32.03 39.93 26.47 35.39 23.83 33.01 20.65 47.14 33.95 40.48 27.54
SDC [111 68.21 63.05 70.62 66.37 52.17 49.20 26.65 23.57 39.04 29.06 60.94 50.28 45.06 22.50
L2P [101] 85.94 79.93 67.05 56.25 66.53 59.22 47.16 38.48 63.78 52.19 73.36 64.69 77.11 77.10
DualPrompt [100 87.87 81.15 T7.AT 66.54 63.31 55.22 52.56 42.68 59.27 49.33 73.92 65.52 83.36 81.23
CODA-Prompt [82] 89.11 81.96 84.00 73.37 64.42 55.08 48.51 36.47 66.07 53.29 77.03 68.09 83.90 83.02
CPP [55] 85.21 78.64 86.60 85.27 64.33 60.74 53.70 40.70 60.44 49.92 71.52 73.26 85.92 84.30
LAE [24] 92.47 87.62 83.13 77.78 69.05 63.17 57.19 46.41 62.28 50.57 73.80 70.63 86.14 84.39
SimpleCIL 87.57 81.26 92.20 86.73 62.58 54.55 60.50 49.44 65.45 53.59 79.34 73.15 85.99 84.38
AreErR w/ Finetune 87.67 81.27 91.82 86.39 70.51 62.42 61.57 50.76 61.41 48.34 73.02 65.03 87.47 80.44
APER w/ VPT-Shallow  90.43 84.57 92.02 86.51 66.63 58.32 57.72 46.15 64.54 52.53 79.63 73.68 87.15 85.36
Arer w/ VPT-Deep 88.46 82.17 91.02 84.99 68.79 60.48 60.59 48.72 67.83 54.65 81.05 74.47 86.59 83.06
APER w/ SSF 87.78 81.98 91.72 86.13 68.94 60.60 62.81 51.48 69.15 56.64 80.53 74.00 85.66 81.92
ApeEr w/ Adapter 90.65 85.15 92.21 86.73 72.35 64.33 60.53 49.57 67.18 55.24 80.75 T4.37 85.95 84.35
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Zhou et al., Expandable Subspace Ensemble for Pre-Trained Model-Based Class-Incremental Learning. CVPR 2024
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Text-only Instruction

Model DN Qwen  LoRAQIIER User: What are some refreshing fruits
LLM + + + to beat the summer heat?
ZE3A(Text-only) U TR L Clr [WINGS (Ours): (...) BFTETIENT, strawberries, |
MMLU 60.86 : 5083 5967 51.16 blueberrics, raspberries, peaches, and oranges.
Exam CMMLU 69.37 1 62.58 67.87 60.46 Interleaved Image-Text Context
ARC-E 5996 - 5693 5935 55.87 User: Oh wow! I just found two W
ARC-C 3890, 39.14 3864 39.50 watermelons in the garden: _
Winogrande , 71.38 | 69.82 71.03 69.05 They're gonna 1 .£7:7
OpenbookQA | 81.73 | 7831 81.29 77.51 be super refreshing.

Under- Race-Middle | 74.82 ; 68.25 72.06 68.34

: . WINGS (Ours): The 1\
standing  Race-High 71.05 | 5928 6567 57.72

image shows [1,0)] watermelons, onc labeled as

WSC 56.17 ; 54.18 \57.30 55.23 “1” and the other as “2.” They are placed next to
CHID 7194 7182 R92 7429 each other, and both are ripe. The watermelons
HellaSwag 65.70 § 61.90 6872 6324 are green and have a striped pattern. ..
Reasontiie SIQA 45.57 50.20 46.83 51.71
BL{);( 7A 50 74 AN 7R '7'ZEE EQ . g
%*%/QLLI\/I@EZEESZZK@/&;\E@ EJLJﬁ\ §D1ﬂETELLMAijE’§JIEH9L
Math GSMB8K 5677 50.10 5425 51.37 - iz '

Code MBPP 3750 3482 3672 3320 HEISEHIE N A(ES ERIEEN?
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Yi-Kai Zhang, Shiyin Lu, Yang Li, YanQing Ma, Qing-Guo Chen, Zhao Xu, Weihua Luo, Kaifu Zhang, De-Chuan Zhan, Han-Jia Ye. Wings: Learning Multimodal LLMs without Text-only Forgetting. NeurlPS 2024.
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Wy : Zero

Modality Learners

w/ Low-Rank Residual Attention rf--u; =3 )

Visual Hidden
Features States



Wings

XTEC S SRR ZRESLLM,

Model

Vicuna

Vicuna LoRAvicu,Vicuna Qwen Qwen LoRAQ Qwen | wings Text-only  Our
Dataset LM »  cim SigJIr,IP LME Sig;n) (Owrs) lzorgfmn)g (Im?m')

MMLU 51.18 51.12 48.89 50.63 60.86 50.83 59.67 51.16 | 60.53 9.70 9.37

Exam CMMLU 38.60 3829 37.24 38.73 69.37 62.58 67.87 6046 | 69.82 8.91 9.36
ARC-E 57.62 53.63 55.82 53.95 59.96 56.93 59.35 55.87 | 54.29 4.09 -1.58

ARC-C 3375 3460 34.68 35.17 3890 39.14 3864 3950 | 4339 -0.60 3.89

Winogrande 68.01 6497 67.83 65.21 7138 69.82 71.03 69.05 | 69.28 2.33 0.23
OpenbookQA  77.10 7328 77.15 72.12 81.73 7831 8129 7751 | 81.05 4.22 3.54

Under- Race-Middle 6399 60.10 62.84 59.45 74.82 68.25 7206 6834 | 74.24 6.48 5.90
standing  Race-High 58.74 53324 54091 52.69 71.05 59.20 65.67 57.72 | 69.62 13.33 11.90
WSC 5130 4721 51.06 47.72 56.17 54.18 5730 5523 | 66.35 0.94 11.12

CHID 39.05 49.66 45.26 53.49 7194 71.82 7292 7429 | 74.06 -2.35 -0.23

HellaSwag 63.11 63.08 62.58 63.02 65.70 6190 6432 6324 | 65.12 2.46 1.88

Reasoning SIQA 4237 4406 4327 4452 45.57 5020 46.83 51.71 | 49.64 -6.14 -2.07
PIQA 7192 7195 7035 71.84 76.59 74.60 73.77 75.19 | 78.06 1.40 2.87

OCNLI 3389 3774 3941 40.46 49.73 4831 48.07 5029 | 5039 -0.56 0.10

Math GSMS8K 25.19 2372 22.68 23.05 56.77 50.10 5425 51.37 | 52.08 5.40 0.71
Code MBPP 13.80 11.29 13.92 10.80 37.50 34.82 3672 33.20 | 38.92 4.30 572
MMMU-VAL - 35.67 30.78 35.56 - 3456 3233 3511 | 39.89 - 478
Multimodal MMMU-TEST - 3440 30.90 35.33 - 3490 31.80 35.10 | 37.30 - 2.20
MMBench - 63.18 59.83 65.14 - 66.05 62.84 7094 | 70.53 - -041

ScienceQA - 67.72 6449 71.50 - 7426  69.09 74.89 | 78.76 - 3.87

5 7 Text-onlyf1ZiR&5IE<S LRIE MRS

LLMSs: Vicunavl.5 & Qwen1.5
Visual: CLIP, SigLIP
Wings: Qwenl.5 + SiglLIP
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W Chinese-CLIP + Qwen1.5-Chat 7B OpenAl-CLIP + Qwen1.5-Chat 7B

B AT B A E — AR, @
B AT R e A AR, )

B ke - H2RE?
E EPMt e —ANF2F TR L, FHENR, 0 @

RAMEA . F HEBFHIME, LAKE, RAHT
REF A0 B R A BB,

v

The person in the image is a young man who i1s standing in a stadium, holding a trophy. He 1s
wearing a red and white sports uniform, which suggest that he 1s a member of a sports team.

gy S BTOAETHAL BAALRABA, BAMEEFRE—NER, TR | =
R—AEHR, BHRKBEATERRAL, o7 | &

A RALE R BEA], R £ RALE NG Bt

v

The 1mage portrays a man who 1s standing an arena, holding a trophy.

WIBZIESESE, SESKIERIZEVisual Encoden)lZRIEIESHIENG, BALLMPAENSIESEEN

Hai-Long Sun, Da-Wei Zhou, Yang Li, Shiyin Lu, Chao Yi, Qing-Guo Chen, Zhao Xu, Weihua Luo, Kaifu Zhang, De-Chuan Zhan, Han-Jia Ye. Parrot: Multilingual Visual Instruction Tuning. ICML 2025.



Parrot

BEFZESMOE, ERREiERIVisual Featuret&(t HmEA4E

1. The animal in the picture is a rabbit
2. BF 8RR —RART

3. Resimdeki hayvan bir tavsandir.

[ Large Language Model }
DDET]D -0 00000

[ Multilingual MoE ]

f
‘]A [ Cross-Attention ]
4 4

~

Projection | [ Word Embedding ]

—— t
Efj:c)lgr 1. What animal is in the picture?
) 2. BH PRy RAT A7

3. Fotograftaki hayvan nedir?

L A S

Ela=s

---->[ Weighted-Sum ]4—
/'y

MLP 1 MLP2

Pre-training

s ™

S LILM

i > MoE
'_6 Projector

|Linear'
[ Router ]

MLP Expert

Multilingual MoE block

' Vision Encoder

!

Instruction Tuning
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» LM

J

t 6 MoE
'_6 Projector
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Parrot

MMMB MMBench
Method Lt en zh pt ar tr ru en zh pt ar tr ru

Open-source models
LLaVA-1.5 [36] Vicuna-v1.5-7B 67.07 58.83 59.76 43.50 4643 59.06 | 65.37 58.33 59.02 36.16 4390 5695
LLaVA-1.5 [36] Vicuna-v1.5-13B | 69.76 62.86 60.76 4549 5444 62.69 | 6898 6323 6297 46.56 53.17 61.59
LLaVA-NeXT [37] | Vicuna-v1.5-7B 70.87 61.57 61.81 42774 4695 63.85 | 6795 60.56 6039 3840 4536 59.62
LLaVA-NeXT [37] | Vicuna-v1.5-13B | 74.44 67.19 63.21 4536 53.09 68.24 | 70.87 64.51 64.08 4536 5292 61.85
Qwen-VL [6] Qwen-7B 52.63 36.37 38.65 36.54 3742 40.70 | 4226 2225 2508 18.72 2637 28.17
Qwen-VL-Chat [6] Qwen-7B 56.02 57.77 4637 43.04 41.05 48.65 | 5429 56.52 43.12 3573 3917 42.86
MiniGPT-4-v2 [75] | LLaMA2-13B 38.71 30.05 31.52 26.60 26.02 29.23 | 2388 11.76 1426 249 6.78 12.54
ShareGPT4V [12] Vicuna-v1.5-7B 69.24 60.23 60.29 43.57 4526 61.23 | 69.59 61.6 59.62 37.37 4338 5945
InstructBLIP [17] Vicuna-7B 3947 3292 3567 2380 2836 3637 | 27.83 1881 27.14 3.26 8.50 20.87
mPLUG-OwI2 [64] | LLaMA2-7B 67.25 6099 59.70 45.78 4543 62.63 | 66.15 5936 58.24 3788 47.68 60.39
Monkey [35] Qwen-VL-7B 66.02 58.18 4631 38.83 37.66 48.59 | 58.07 53.52 4957 31.01 3135 45.18
Monkey-chat [35] Qwen-VL-7B 71.63 66.54 60.35 48.77 4631 5859 | 70.79 65.72 65.03 4690 48.10 59.36
Visual GLM [18] ChatGLM-6B 31.05 18.07 1942 1538 2281 19.77 | 232 17.18 1143 292 6.62 5.33
VisCPM-Chat [24] CPM-Bee-10B 53.10 4754 28.19 2690 26.78 26.84 | 45.88 46.39 1581 1.46 9.19 1.20
PARROT Qwenl.5-7B 70.00 68.13 67.31 62.69 58.01 6626 70.70 7036 65.12 57.82 5843 64.00
PARROT Qwenl.5-14B 73.92 71.64 69.82 68.13 6433 70.18 7440 7225 69.16 66.15 64.52 69.33

Closed-source models
GPT-4V [46] Private 74.97 7421 7146 73.51 6895 73.10 | 77.60 7440 7251 7234 70.53 74.83
Gemini Pro [58] Private 75.03 71.87 70.64 69.94 69.59 72.69 | 73.63 72.08 7027 61.08 69.76 7045
Qwen-VL-MAX [6] | Private 7719 175.26 7216 70.82 66.02 74.21 | 76.80 77.58 74.57 75.00 69.07 75.00
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MMBench-CN

720

RealWorldQA
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54.0

SQA-IMG SEED-IMG

37.8

39.5
MMStar
— ) LLaVA-NeXT 7B —— Monkey 9.8B
Parrot 7B (Ours)

Mini-Gemini 7B
Quwen-VL-Chat 7B =2 mPLUG-Owl2 7B
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https://github.com/LAMDA-CL/PyCI.

£H - B - YR - KE4EF

Da-Wei Zhou, Fu-Yun Wang, Han-Jia Ye, De-Chuan Zhan. PyCIL: A Python Toolbox for Class-Incremental Learning. SCIS 2022
Da-Wei Zhou, Qi-Wei Wang, Zhi-Hong Qi, Han-Jia Ye, De-Chuan Zhan, Ziwei Liu. Class-incremental learning: A survey. TPAMI 2024
AAR, TRz, TR, BR) . EFREZINKIEEFZITZFA. iR 2023.



PILOT: (BEFmilgiay) IHEFITHRE e

Learning And Mining from DatA

FineTune : Baseline method which simply updates parameters on new tasks.

PILOT

A Fre-trainea wioaei-pdsea

icaRL : iCaRL: Incremental Classifier and Representation Learning. CVPR 2017 [paper]

® (oil : Co-Transport for Class-Incremental Learning. ACMMM 2021 [paper]

: e al e R ® pER : DER: Dynamically Expandable Representation for Class Incremental Learning. CVPR 2021 [paper]

e s i e FOSTER : Feature Boosting and Compression for Class-incremental Learning. ECCV 2022 [paper]

* 1eMo @ A Model or 603 Exemplars: Towards Memory-Efficient Class-Incremental Learning. ICLR 2023 Spotlight
[paper]

e simplecIL : Revisiting Class-Incremental Learning with Pre-Trained Models: Generalizability and Adaptivity are All
You Need. arXiv 2023 [paper]

® 2P : Learning to Prompt for Continual Learning. CVPR 2022 [paper]

* pualprompt : DualPrompt: Camplementary Prompting for Rehearsal-free Continual Learning. ECCV 2022 [paper]

® copa-Prompt : CODA-Prompt: COntinual Decomposed Attention-based Prompting for Rehearsal-Free Continual
Learning. CVPR 2023 [paper]

e apam : Revisiting Class-Incremental Learning with Pre-Trained Models: Generalizability and Adaptivity are All You
Need. arXiv 2023 [paper]

* Ranpac : RanPAC: Random Projections and Pre-trained Models for Continual Learning. NeurlPS 2023 [paper]

® E£ase : Expandable Subspace Ensemble for Pre-Trained Model-Based Class-Incremental Learning. CVPR 2024

[paper]
https://github.com/LAMDA-CL/LAMDA-PILOT MEARBCILEASETNINGRENRINEA

Da-Wei Zhou, Hai-Long Sun, Jingyi Ning, Han-Jia Ye, De-Chuan Zhan. Continual Learning with Pre-Trained Models: A Survey. IJCAI 2024
Hai-Long Sun, Da-Wei Zhou, De-Chuan Zhan, Han-Jia Ye. Pilot: A pre-trained model-based continual learning toolbox. SCIS 2025
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