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CLIP MODEL IS AN EFFICIENT CONTINUAL LEARNER

10 steps

20 steps 50 steps
Methods Avg Last Avg Last Avg Last
65.27 50.74 61.20 43.74 56.08 36.62
58.66 43.39 38.17 40.63 56.86 37.09
68.80 53.54 6648 47.02 62.09 41.04
68.60 57.05 - - - -
69.46 53.78 67.33 4731 6432 42.14
58.03 41.05 5397 3502 351.19 3299
75.36 6522 74.09 6248 7241 59.08
74.64 6435 7398 6255 7205 59.76
67.33 51.68 67.30 4845 64.39 4347
74.10 62.34 71.62 5743 6890 51.09
Continual-CLIP 75.17 66.72 7595 66.72 7649 66.72




ImageNet100-B0O

ImageNetl K

ImageNet100-B50
Avg Last Avg Last Avg Last
- - 38.40 22.70 - -
- - - - 68.09 57.30
- - 65.67 55.60 - -
- - - - 74.81 66.91
- - - - 74.33 -
- : 66.63  59.24 - -
Yan et al.| 77.18 66.70 68.84 60.16 78.20 74.92
lm» 76.12  66.06  66.73 58.62 77.13 72.06
Douillard et al.| 73.96 62.20 - - - -
1 41202 77.15 67.70 70.88  60.00 - -
Continual-CLIP 85.00 75.42 7551 67.71 79.69 75.42
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> ) i Q T ) 2 — 2
2 5 g E § & = 2 ¥ E ¢
Method s = = E > 5 = E | % N Average
e g < A 2 2 & z 8 3 z
< = = = T = = =
O o O
a. Zero-shot 24.3 88.4 68.2 44.6 54.9 71.0 88.5 59.4 89.0 64.7 65.2 65.3
5 5-shot Full Fine-tune 30.6 93.5 76.8 65.1 91.7 92.9 83.3 96.6 84.9 65.4 113 7719
5-shot Fine-tune Adapter 29.7 90.0 1.3 63.9 81.1 94.2 87.8 90.4 89.0 68.2 72.5 76.6
Continual-FT 72.8 53.0 36.4 354 43.3 68.4 47.4 72.6 30.0 52.7 51.2
" LwF [42] T2 49.2 35.9 44.5 41.1 66.6 0.5 69.0 19.0 517 50.0
& LwEF-VR [15] 82.2 62.5 40.1 40.1 56.3 80.0 60.9 77.6 40.5 60.8 60.1
% WISE-FT [67] 77.6 60.0 41.3 394 53.0 76.6 58.1 T 375 58.2 7.7
& ZSCL[78] 840  68.1 448 468 636 849 614 814 555 622 65.3
Ours 87.9 68.2 44.1 48.1 64.7 88.8 69.0 89.1 64.5 65.1 68.9(+3.6)
Continual-FT 28.1 86.4 59:1 52.8 55.8 62.0 70.2 64.7 T9:9 35.0 54.0 58.5
LwF [42] 23.5 77.4 43.5 41.7 43.5 52.2 54.6 63.4 68.0 21.3 52.6 49.2
go LwEF-VR [15] 24.9 89.1 64.2 534 54.3 70.8 792 66.5 79.2 44.1 61.6 625
) WISE-FT [67] 32.0 87.7 61.0 55.8 68.1 69.3 76.8 71.5 77.6 42.0 59.3 63.7
% ZSCL[78] 282 886 665 535 563 734 8. 564 824 515 629 64.4
Ours 30.0 89.6 73.9 58.7 69.3 79.3 88.1 76.5 89.1 65.3 65.8 71.4(+7.0)
Continual-FT 27.8 86.9 60.1 58.4 56.6 1.7 73.8 93:1 82.5 57.0 66.8 67.1
LwF [42] 22.1 58.2 17.9 32.1 28.1 66.7 46.0 84.3 64.1 34D 60.1 46.5
& LwF-VR [15] 22.9 89.8 59.3 S57:1 /6 79.2 78.3 717.7 83.6 60.1 69.8 66.9
§ WIiSE-FT [67] 30.8 88.9 59.6 60.3 80.9 81.7 7.1 94.9 83.2 62.8 70.0 71.9
ZSCL [78] 26.8 88.5 63.7 3.7 60.2 82.1 82.6 58.6 85.9 66.7 70.4 67.4
Ours 30.1 89.3 74.9 64.0 82.3 89.4 87.1 89.0 89.1 69.5 72.5 76.1(+4.2)
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Figure 5. t-SNE on DDAS’s output of each task on full-shot and
few-shot MTIL. The corresponding task names from i:d = 1 — 11
are matches with the datasets listed from left to right in Table 1.
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