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Background

(1) Contrastive pre-training (2) Create dataset classifier from label text
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Head Classes

Challenge 1: long-tailed data distribution
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(3) Use for zero-shot prediction

-

Ty ‘ Ty Ty

Ty

E"ﬂr\code(aoe —» LTy | IyTy | IpTs

A photo of

............

_____________

a photo of
a {class|

I Ty

~

G AALS

Nanjing University of Aeronautics and Astronautics

e

Pre-trained vision-language
models like CLIP have
shown powerful zero-shot
iInference ability via image-
text matching and prove to
be strong few-shot learners
in various downstream
tasks.

Challenge 2: new classes with no samples
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Experiments
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Dataset | Classes Train

Test

Balanced

ImageNet [5] 1000 1.28M

Caltech101 [9] 100 4128
OxfordPets [26] 37 2944
StanfordCars [17] 196 6509
Flowers102 [23] 102 4093
Food101 [1] 101 50500
FGVCAircraft [21] 100 3334

SUN397 [41] 397 15880

50000
2456
3669
8041
2463

30300
3333
19850

XX NSNS I XSS xS

DTD [4] 47 2820 1692
EuroSAT [12] 10 13500 8100
UCF101 [34] 101 7639 3783
Dataset | Classes Test Balanced
ImageNet-A [14] 200 7500 X

ImageNetV2 [28] 1000 10000
ImageNet-Sketch [38] 1000 50889
ImageNet-R [13] 200 30000

v
v
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1. Base-to-new generalization

2. Cross-dataset transfer
3. Domain generalization
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Table 5: Harmonic mean values of base-to-new accuracy (%) of different methods on datasets with (mbal ratios 10, 20, 50.
The models are trained on an imbalanced bhase set and then evaluated on both base and new classes. Harmonic accuracy is
calculated by ‘-‘5"';’5"—::—':—“ to highlight the generalization trade-off. The best results are presented in bold,

(1) Imsbalance Ratio = 10.
] Cal op, SC Flw. Food FA. SUN. DTD. ES UCF.  Avg,

CoOp + LogatAdjusted Loss G178 S0 6523 Tise 8925 3212 TS SRS 5442 64 T0s6
CoCoOp + LogitAdjusted Loss | 9509 9669 7191 7761 9120 3371 7799 0511 028 7678 7547
Linear Feature Alignment 9569 9009 7272 MAN 9044 MZT TRAY 6743 6950 271 Y697
Candle (Ours) 9589 9599 7430 #5033 0080 3798 7926 68.13 8051 BN1Y7 79

(b) Imbalance Ratio - 20,
| Cal OP. S« Flw. Food, FA SUN, DI, ES UCF,  Avg.

CoOp + LogitAdjusted Loss 9265 9415 6739 TAT2 8638 2933 6893 5518 6264 o012 TOO8
CoCoOp + LogitAdjusted Loss | 9525 9664 7138 8031 9120 3278 7729 ol31 5882 7170 7448
Linear Feature Alignment 9556 9090 7035 &03 8972 3302 773 6607 6874 BLAO 7575
Candle (Ours) 9584 9589 7349 8492 9075 3802 7853 6732 809 8259 79.08

(¢) lmbalance Ratio « 30,
| Cal oP. SC Flw. Food FA. SUN. DT ES. UCF  Awg.

Colp + LogitAdjusted Lass | 9330 9334 0718 7545 8765 2920 6591 G042 5735 6062 6992
CoCoOp « LogitAdjusted Loss | 9450 9544 0997 7688 9110 3145 7618 5937 6499 7750 743
Linear Feature Alignment | %423 8676 07.95 8281 K770 3075 7513 6L7S 6101 1949 7288
Canulie (Ours) 9495 9383 TLIE 8462 0020 3668 7805 6569 8017 SL7Z 7820
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Figure 3: Absolute improvement on the base classes with imbalance ratio 10, 20, 50
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Figure 4: Absolute improvement on the new classes with imbalance ratio 10, 20, 50




Experiments & Ablation study
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Table 6: Comparison of different methods in[16-shot base-to-new generalization.|We report the accuracy (%) on both base and
new classes, as well as their harmonic mean. d.

Table 7l Cross-dataset transfer learning ‘«unq (%) of different methods. The methods are trained on an imbalanced source

(a) Average over 11 datasets. (b) ImageNet. (¢) Caltech101. dataset (ImageNet) and subsequently evaluated on the target datasets. The best results are presented in bold.
Base New | H Base New | H Base New | H
CLUP 6934 7422 | 1170 CLUP 7243 6814 | 7022 CLIP 9684 94.00 | 9540 N
. CoOp » LoghtAdjusted Loss | 908 870 649 673 853 188 6302 422 44 659 630
CoOp 8269 6322 | 7166 CoOp 7647 6788 | 71.92 CoOp 9800 8991 | 9373 CoColp + LogitAdjusted Loss | 914 886 656 69.4 B63 230 660 450 428 675 646
CoCoOp 8047 7169 | 7543 CoCoOp 7598 7043 | 73.10 CoCoOp 9796 9381 | 9584 Candle (Ours) 1913 B89 646 083 855 242 661 46 484 672 649
LFA 8362 7456 | 7883 LFA 7689 6936 | 7293 LFA 9841 9393 | 96.13
Ours 8386 7655  80.04 Ours 7697 6854 | 7248 Ours 9854 MA47 9646
Table 8: Domain generalization accuracy (%) of different
(d) OxfordPets. (e) StanfordCars. (f) Flowers102. methods. The methods are trained on an imbalanced source
Base New | H Bise New | H Buse New | H dataset (ImageNet) and subsequently evaluated on the target
datasets. The best results are presented in bold.
CLIp 9117 9726 | M2 CLIP 63.37 7489 | 68.85 CLp 7208 77.80 | 7483
CoOp 9367 9529 | 9447 CoOp 7812 6040 | 68.13 CoOp 9760 5967 | 74.06
CoCoOp 9520 97.69 | 9643 CoCoOp 7049 7359 | 7201 CoCoOp 9487 7175 | 81.71 IN. | IN-A. INV2. IN-S IN-R.
LFA 9513 9623 | 95.68 LFA 7632 7488 | 7559 LFA 9734 7544 | 8500 CoOp+LALoss 707 | 487 635 472 738
Ours 9553 9734 9643 Ours 7914 7492 | 76.97 Ours  98.01 7752 86.57 CoCoOp +LALoss 713 | 49.1 633 478 744
() Food 101, (h) FGVCAireraft. (i) SUN397. Candle (Ours) 716 | 49.1 628 483 75.0
Base New | H Base New | H Base New | H
Average results across datasets Average results across datasets
CLIp 92010 9122 | 90.66 cup 27.19 3629 | 31.09 CLIP 6936 7535 | 723 D

B Ours W' Cross Moda) Anention B Dars w/ Vimoal Prototypes.

LIRS
CoOp 8833 8226 | 8519 CoOp 4044 2230 | 2875 CoOp 8060 6589 | 7251 80 o1y ™ Oun wio Cros-Madal Ameation 801 soi W Oun w0 Vil Prowsypes
CoCoOp 90.70 9129 | 90.99 CoCoOp 3341 2371 | 2774 CoC 7974 7686 | 78.27 e TN
LFA %52 9148 | 91.00 LFA 4148 3229 | 3631 LFA 82.13 7720 | 7959 78 i 8-
Ours 9052 9123 | 90387 Ours 4386 3669 | 39.96 Ours 8164 7793 79.74 ' 6.77
04 To.14
76 o £39 761 -
(J) DTD, (k) EuroSAT. (h UCF101. =
Base New | H Base New | H Base New | H 74 74| 34
Base New H Hase New H

CLIP 5324 599 | 56.37 CLIP 5648 6405 | 60.03 CLIP 7053 7750 | 7385
CoOp 7944 4118 | 544 CoOp 9219 5474 | 6890 CoOp 8469 5605 | 6746
CoCoOp 7701 5600 | 64.85 CoCoOp 8749 6004 | 71.21 CoCoOp 8233 7345 | 77.64 Figure 5: Ablation studies on cross-modal attention (left)
LFA 8129 6063 | 6946 LFA 9340 7124 | 80.83 LFA 8697 7748 | 8195 . . . .
and virtual prototypes (right). The experiment is conducted
Ours 8140 6135 | 69.97 Ours [ 3997 8133 Ours 8713 8051 83.69 P ( gh) P

on the imbalanced base-to-new generalization task with an
imbalance ratio of 50.
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