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Tiny-ImageNet 5 tasks Tiny-ImageNet 10 tasks

Tiny-ImageNet 20 tasks

Type Method Exemplar ImageNet-R 10 tasks
Avg Last Avg Last Avg Last
Conventional EWC [@] 19.01 6.00 15.82 3.79 12.35 4.73 35.00
LVVF[@] 22.31 7.34 17.34 4.73 12.48 4.26 38.50
iCaRL[@] 45.95 34.60 43.22 33.22 37.85 27.54
EEIL[ﬂ] 47.17 35.12 45.03 34.64 40.41 29.72
UCIR,[Q] 50.30 39.42 48.58 37.29 42.84 30.85
PASS[@] 49.54 41.64 47.19 39.27 42.01 32.93
DyTox[@] 55.58 47.23 52.26 42.79 46.18 36.21
Discriminative PT models Continual—CLIP[@] 70.49 66.43 70.55 66.43 70.51 66.43 72.00
LQP[@] 83.53 78.32 76.37 65.78 68.04 52.40 72.92
LQP[@] 80.24 72.89 80.08 72.61 79.44 70.41 59.78
DualPrompt[EI] 85.15 81.01 81.38 73.73 73.45 60.16 68.82
DualPrompt[El] 79.92 72.83 79.15 73.21 80.17 71.74 57.02
CODA—Prompt[@] 85.91 81.36 82.80 75.28 77.43 66.32 73.88
Linear Probe 74.38 65.40 69.73 58.31 60.14 49.72 45.17
Linear Probe 70.10 61.11 69.35 64.19 71.64 70.50 55.72
Generative PT models Zero-shot 58.16 53.72 58.10 53.72 58.13 53.72 67.38
GMM(Ours) 83.42 76.98 82.49 76.51 81.70 76.03 80.72
GMM(Ours) 84.16 78.46 83.95 78.64 84.23 79.17 89.41
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0 1 2 3 4 5 6 7 8 PDJ
iCaRLI[4§] 61.31 46.32 42.94 37.63 3049 24.00 2089 1880 17.21 44.10
EEIL[7 61.31 46.58 44.00 37.29 33.14 27.12 24.10 21.57 19.58 41.73
LUCIR[24] 61.31 47.80 39.31 3191 25.68 21.35 18.67 17.24 14.17 47.14
TOPIC[62] 61.31 50.09 45.17 41.16 37.48 35.52 3219 2946 2442 36.89
CEC[9] 72.00 66.83 6297 59.43 56.70 53.73 51.19 49.24 47.63 24.37
F2M[p3] 72.06 6747 63.16 59.70 56.71 53.77 ©51.11 49.21 47.84 24.21
MetaFSCIL[12] 72.04 6794 63.77 60.29 57.58 55.16 52.90 50.79 49.19 22.85
Entropy-reg[31] 71.84 67.12 63.21 59.77 57.01 53.95 51.55 49.52 48.21 23.63
L2P*[[72] 94.12 87.20 80.99 75.67 70.94 66.76 63.11 59.81 56.83 37.29
DualPrompt™*[[7 1] 93.97 86.85 80.67 75.31 70.61 66.44 62.77 59.58 56.80 37.17
CODA-Prompt*[p5] 95.37 88.86 82.69 77.87 7447 70.16 66.46 63.73 61.14 34.23
Zero-shot 58.08 58.95 57.76 57.89 5819 5742 56.26 54.82 54.95 3.13
GMM(Ours) 89.35 88.40 86.11 85.07 83.61 81.35 7897 77.34 7518 14.17
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3.3. bkEA CIL L scss:

fe48d, FRATHE mini-TmageNet L1/ REA B
o LA BT T Hede . HL e B S AT S R i
ST B VRS L FRATIAG I B G 4 46
DA 26% BN EERE TG0 AN, RAT T
BTN CODA-Prompt 14 AN 43 1A
b BEEEGE, ROES LS IERR (39.35)



This is a photo of a statue of a
bird with a long beak and a
long neck. It is made of stone

pelican

This is a pelican.

This is a painting of a fire
truck. The fire truck is red and
has a ladder on the side. The
ladder is painted in white. The
fire truck has a red and white
stripe on the side.

fire engine

This is a fire engine.

and has a blue sky background.

This is a sculpture of a bird
with its wings spread wide, as
if it is flying. The bird is made
of bronze and has a green
patina. It is located in a park.

- This is a pelican.

This is a toy car with a duck in
the driver's seat. The car is red
and has a fire truck on the back.
The duck is wearing a
firefighter's helmet and has a

- fire hose in its hand.

This is a fire truck.

Vel 4. FRAT00 )77 5K BRI MiniGPT-4[88] (BREA) LB RIS G, K 7550 SCAR 1 MiniGPT-4 5T R i

A O R SCRRERANTIER T TR MR T HER%

8

Method 0 4 8 PDJ
iCaRL[4] 64.10 27.93 13.73  50.37
EEIL[7] 64.10 28.96 15.85 48.25
LUCIR[24] 64.10 31.61 13.54 50.56
TOPIC[62)] 64.10 40.11 29.37 34.73
CEC|7d] 73.07 58.00 49.14 23.93
F2M[53] 7145 57.76  49.35 22.06
MetaFSCIL[12)] 7450 59.48 49.97 24.53
Entropy—reg[@] 74.40 59.71 50.14 24.26
LoP*[7] 91.22 68.66 54.89 36.33
DualPrompt*[7l] ~ 91.08 6845 54.67 36.41
CODA-Prompt*[55] 93.55 71.91 59.32 34.23
Zero-shot 74.13 72.59 6793 6.20
GMM(Ours) 91.53 85.65 81.47 10.06

% 3. MM ES CIFARIO0 LA (SOTA) M2/
FEAZEE2>] (CIL) TSR

A HE A1 CODA-Prompt(95.37) I8 AFG. HAEAERS
BO2GR, TR AT RS ] 2 ) AT 25 R IFAT
SRR, AT BB A CODA-Prompt F 5
.,

e, Ay EtE CIFARLO0 $icludkny /bt
AP B R T L, W R T T
% (PD)10.06. BbAh, BEEAELL T %A 5] PASE
BUAERAGH PD, (HIISORPEREI R A . BT
FTR, SRR 0 KR 2R PR ELAR T B

X BRI A B 4 2 A TmageNet-R A BEHLHR

3.4. a[ife

TePll, FelTHB T IR S R g R
GMM[BE). TTLAFH], FEIl GMM $RUE T XH bk
BN ASRTE USRI EL SRR K R —. (2
T T R BIEZ RS (BIAEHL, 5%, 14N
RS (BIBsHs, R7%5) Frefemi. I st
RS A (Hlh first fire engine). ML T, Fofilik
SRS 7 VR B MR 15 BUSSAR A AEAERE B (B0 fire
engine” vs. 7 fire truck”) WREAZ RGN HIEG A B 5L
K. WAL, TEMRH T A AR R,
FEB AR BUER 52 4 MR S04, FR AT RO B th fl
SBLIERI 42K

4. 45

TEASCH, FRATHE I T (8 Az iU A AT 2 1 o
2#3] (CIL) iy GMM (Generative Multi-modal Model)
ik R GMM AT, FoATTE A R 42K
EURIIARZE SCAS . AR5, FRATAR IR A e 5 A2 S
A AU AR . FRATTH LI RILX PP EA TR B4
F3k, I HXT R PR a2 > v i 43 250w 22 ) Bl
AR

4.1. JE Rk

H1 T3 2 1 R AR B B | AR B2 o), 3RAT)
TR R R AT, BEEX A7 m b
W2 NI, Feghat o) Gt f B8k



FATNAF GMM 5] AFpgEE>] (CL) 2AEH
Y. FEE GMM BPud A R, FATA AR EAN]
(RE SR PR Lkar I PERE . BEA, K CL 5k sy
B GMM i A T DA S 2 AR N 2R

4.3. g

ATAEGEIAT R ER A RS (NO.
62206135, 62225604) . Ht [EI Bk BE 7T AR I R A R BT
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