Setting

All  Old

New

a=0

a=0.01
a =0.05

a=0.1

63.1
52.9
41.8
32.9

81.7
76.0
61.2
56.2

53.8
41.8
325
21.7

Table 1: Performance analysis of different values of @ in Eq. 8 on the Stanford Cars dataset.

Methods CUB Stanford Cars Aircraft

All Old New | Al Old New | Al Old New | Avg.
XCon 52.1 543 510 | 40.5 588 31.7 | 477 444 494 | 46.8
PCAL 629 644 621|502 701 406 |522 522 523 | 551
Methods Cifar10 Cifar100 ImageNet100

All Old New | Al Old New | Al Old New | Avg.
XCon 96.0 973 954 | 742 812 603 | 77.6 935 69.7 | 82.6
PCAL 979 966 985 | 81.2 842 753 | 831 927 783 | 874

Table 2: Performance comparison of

XCon and PCAL on generic and fine-grained datasets.

Methods Cifarl0 Cifar100 ImageNet100

Al Old New | Al Old New | AL Old New | Avg.
SPTNet 973 950 98.6 | 81.3 843 75.6 | 854 932 814 | 88.0
FlipClass 98.5 97.6 99.0 | 852 849 858 | 86.7 943 829 | 90.1
Methods CUB Stanford Cars Aircraft

Al Old New | Al Old New | Al Old New | Avg.
SPTNet 65.8 68.8 65.1 | 59.0 792 493 593 618 581 | 614
FlipClass 71.3 713 713 | 63.1 81.7 538 | 593 669 554 | 64.6

Table 3: Comparison of FlipClass and SPTNet on various datasets.

Setting All  Old New
Ours 63.1 81.7 53.8
+ ReMixMatch Distribution Alignment [2] 60.3 78.2 51.7
+ Prior Distribution Alignment [3, 4] 58.1 76.1 494

Table 4: Performance comparison on the Stanford Cars dataset with different distribution alignment
strategies combined with our representation alignment.

Methods Cifar10-LT Cifar100-LT Places-LT

Old New All | Old New All | Old New All | Avg.
Non-parametric
ORCAY 775 556 666|550 308 501|215 69 142 | 43.6
GCD 78.5 71.7 75.1 | 655 490 622|299 227 262 | 545
OpenCont 872 472 672|624 409 59.6 | 306 124 21.6 | 495
BaCon-O 833 78.0 80.7 | 665 69.6 67.1 307 256 28.1 | 58.6
BaCon-S 942 88.1 91.1 | 674 665 67.2 | 31.1 284 299 | 62.7
Parametric
SimGCD 751 415 58.0 | 59.8 41.1 51.1 | 314 184 248 | 44.6
FlipClass 822 636 728 | 651 459 60.1 | 31.8 21.6 26.6 | 53.2

Table 5: Test accuracy (%) on three generic long-tailed image recognition datasets. (bold: best
performance among all methods)
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Figure 1: Zoom-in comparison of InfoSieve and FlipClass on the CUB dataset using t-SNE and PCA.
FlipClass shows improved cluster separation and compactness.



