Under review as a conference paper at ICLR 2025

REDEBIAS: EXPLORING RESIDUAL ENERGY BASED
DEBIAS LEARNING

Anonymous authors
Paper under double-blind review

A APPENDIX

A.1 THE PROPENSITY IN DEBIAS ESTIMATOR

To develop an unbiased estimator, a straightforward idea is to adjust the naive estimator of ERM to
align with IPS:

o (1)

where O is short for O; . = 1, standing for the observed sample x; with target class y; = c. Thus:
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A.2 THE PROVE

We use the propensity to adjust the naive estimator of ERM. This adjustment allows for unbiased
estimates using statistical information from the observed dataset. Here, we prove that the Debias
estimator is unbiased:
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A.3 BASELINES

We categorize the baselines into three main approaches, as|Zhang et al.[(2023): Class re-balancing
methods, like Focal loss(Cui et al.| (2019)), BALMS(Ren et al.| (2020)), Logits Adj.(Menon et al.
(2021)), LADE(Hong et al| (2021)), and DDC(Wang et al| (2024b)), adjust the learning pro-
cess to prioritize underrepresented classes. Module improvement methods, including PaCo(Cui1
et al.| (2021))), TDE(Tang et al.| (2020)), BBN(Zhou et al.| (2020)), Decouple(Kang et al.| (2020)),
RIDE(Wang et al.| (2021)), NCL(Li et al.| (2022)) and LGLA(Tao et al.| (2023))), aim to enhance
network representation by architectures enhance or training strategies for long-tailed learning. In-
formation augmentation methods, such as Remixup(Chou et al.| (2020)), CMO(Park et al.| (2022)),
OTmix(Gao et al.|(2024)) and DODA(Wang et al.| (2024a))), seek to introduce additional informa-
tion into model training. We also compare with ViT(Dosovitskiy et al.|(2020)), DeiT(Touvron et al.
(2022)), LiVT(Xu et al.| (2023))), DeiT-LT(Rangwani et al.| (2024))), where ViT-B is the backbone,
trained from scratch.

A.4 HYPER-PARAMETER SENSITIVITY ANALYSIS oF K

Table 1: The number of softmax sensitivity analysis on ImageNet-LT. K is the number of softmax.

90 Epochs 200 Epochs
Backbone | K| s Med  Few Al Many Med P Few Al
T 627 478 251 504 | 644 476 269 512
2| 682 523 315 556 | 692 529 343 566
ResNewso | 3| 721 578 368 612| 743 578 385 616
4] 731 578 392 611 | 745 580 389 618
5| 725 551 366 593 | 724 566 366 60.0
6| 738 570 384 609 | 741 583 385 617
T 630 497 304 522 | 678 511 314 549
2| 69.1 559 367 584 | 713 563 355 592
ResNexiso | 3 | 728 613 421 631 | 744 610 45 639
4| 741 588 384 619 756 589 393 627
5| 751 584 393 622 | 764 588 40.1 63.0
6| 760 588 404 629 | 768 592 413 63.6
T 696 540 336 572 | 700 545 338 580
2| 710 555 353 588 | 73.5 567 381 607
ResNewl0] | 31 777 601 405 642 | 789 594 461 6.1
4| 774 592 418 638 | 787 589 479 654
5| 775 597 413 640 | 786 598 455 65.1
6| 750 580 393 620 | 764 592 406 633
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Table 2: The number of softmax sensitivity analysis on iNaturalist]18. K is the number of softmax.

100 Epochs 200 Epochs
Backbone | K| oo Med b Few All | Many Med b Few All
T 695 692 692 692 706 706 709 707
21 729 726 728 727 | 749 748 743 746
ResNet.so | 3| 779 772 768 771 | 788 783 782 783
4| 760 756 748 754 | 784 718 7115 717
51 736 738 729 734 | 759 751 749 75.1
6| 760 756 748 753 | 764 710 764 76.7
T | 781 733 679 717 ]| 766 737 702 72.6
2| 768 755 732 747 | 787 759 743 7155
ResNewlo] | 3| 784 786 778 782 793 791 786 789
4| 782 792 787 789 | 798 807 80.5 80.5
51766 777 710 773 | 768 81.6 835 783
6| 776 769 755 764 | 781 713 763 71.0
T [ 748 712 644 730 795 763 708 746
2| 788 769 735 757 | 764 714 781 78.0
ResNe[so | 3 | 802 788 774 784 | 800 796 783 79.
4| 783 824 838 796 | 804 808 799 804
5] 8.0 807 80.6 808 | 89 81.7 814 815
6 | 777 754 723 774 | 775 808 813 785
T [ 776 744 709 733 | - - N -
21 776 769 755 764 | - - - -
. 30 8.1 8.1 809 810 - - - -
VITB32 | 4 | 931 826 829 828 | - - ; ;
5] 842 840 839 840 | - - . ;
6| 836 837 833 835 | - - - -
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