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CUB Stanford Cars FGVC-Aircraft CIFARI10 CIFARI100 ImageNet-100
Method All Old New All Old New All Old New All Old New All Old New All Old New
k-means [29] 34.3 38.9 32.1 12.8 10.6 13.8 16.0 14.4 16.8 83.6 85.7 82.5 52.0 52.2 50.8 72.7 75.5 71.3
RS+ [16] 33.3 51.6 24.2 28.3 61.8 12.1 26.9 36.4 22.2 46.8 19.2 60.5 58.2 77.6 19.3 37.1 61.6 24.8
UNO+ [13] 35.1 49.0 28.1 35.5 70.5 18.6 40.3 56.4 32.2 68.6 98.3 53.8 69.5 80.6 47.2 70.3 95.0 57.9
ORCA [2] 35.3 45.6 30.2 23.5 50.1 10.7 22.0 31.8 17.1 81.8 86.2 79.6 69.0 77.4 52.0 73.5 92.6 63.9
GCD [41] 51.3 56.6 48.7 39.0 57.6 29.9 45.0 41.1 46.9 91.5 97.9 88.2 73.0 76.2 66.5 74.1 89.8 66.3
GPC [50] 55.4 58.2 53.1 42.8 59.2 32.8 46.3 42.5 479 92.2 98.2 89.1 779 85.0 63.0 76.9 94.3 71.0
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ORCA [2] 900300 155 - - - . . ?AﬂEsimMiﬁ%ﬁE,&hﬁm.ML%ﬂﬁ
LegoGCD [3]  45.1 57.4 38.4 62.4 79.5 53.8 - - - 0.3%. #E—24F (3) 5 (1) X HATPAF i, CICO fiifs
A & e : ;
GCD [41] 35.4 51.0 27.0 52.5 72.5 42.2 32.5 58.0 18.9 WAy SCRBAE AN L A2 AR BT LA ek, A SCars (1)
SimGCD [45]  44.0 58.0 36.4 57.1 77.3 46.9 29.5 48.6 19.4 ‘New” | Bafik T 11% By T, 7E CIFAR100
b )y
GCD-CLIP  37.3 51.9 29.5 55.0 65.0 50.0 44.3 79.0 25.8 [y “New” JEI L§TH T 2.2%.

SimGCD-CLIP 48.9 64.7 40.3 61.0 73.1 54.9 54.9 72.8 45.3

GET (Ours)  49.7 64.5 41.7 62.4 74.0 56.6 58.1 78.8 47.0
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Stanford Cars  CIFARI100
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All Old New All Old New

1 x X X 70.0 834 63.5 81.1 85.0 73.3
(2 v 4 X 76.2 8.3 71.7 81.0 85.3 72.3
3) v 4 v 785 86.8 74.5 82.1 85.5 75.5
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Stanford Cars CIFAR100

Dual-branch Concat Mean

All Old New All Old New

(1) X 4 X 689 79.1 64.0 79.9 85.5 68.7
(2) X X v/ 72.0 85.0 65.6 81.1 84.3 74.8
(3) v X X 785 86.8 74.5 82.1 85.5 75.5

F A KRG TR0 S

Method Total Params All Old New
Baseline SimGCD-CLIP 92.2M 71.7 76.5 69.4
WordNet 155.8M 69.8 77.1 66.2

Text-Retrieval
CC3M 155.8M  72.3 79.1 68.9
VQA BLIP (ViT-L) 625.8M 67.1 74.3 63.5
BLIP-2 (opt2.7b) 3.9B 71.3 73.5 70.2
o BLIP (ViT-L) 625.8M  40.5 54.6 33.4

Captioning

BLIP-2 (opt2.7b) 3.9B 42.6 56.1 35.8
TES (Ours) 165.1M 77.0 78.1 76.4
Feature-Generation TES w/o Laiign 165.1M 74.7 76.9 73.5
TES w/o Laistiu 165.1M 75.3 77.5 74.2
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£ 6. AR 0T E AR
NEV TV-100
Methods
All  Old New All Old New
CLIP(zero-shot)  10.7 - - 1.93 - -
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