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O Confidence-Based Candidate Filtering.
- O Quantile-Based Class-Specific Thresholding.
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E ;— EI O Dynamic Threshold Calibration

0 Q Q HRPF Mechanism
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From Sec 3.2, Sec 3.3, Sec 3.4 and Eq. (9).
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Additional Experiment
CIFAR-10 CIFAR-100 TmageNet-100
Methods Venue Known Novel All Known Novel All Known Novel All Overall accuracy of CIFAR-10 Overall accuracy of CIFAR-100
TFixMatch [11]  NeurIPS'20  71.5  504f 495 396 2350 203 658 3670 349 100 80~
I 'DSL[I7] ICML20 776 453t 402 551 237t 240 712 325t 308 70
{CGDL [23] CVPR'20 723 446" 397 493 2251 235 673 338" 319 < 95 3 W
*DTC [26] ICCV'19  539° 395 383 313* 229 183 256° 208 213 g //_'M = 591 —
q CRankStais[27] TPAMI22  86.6° 810 829 364* 284 231 473" 287 403 2 90 s S50
*UNO [33] ICCV'21 916 693 805 683 365 515 @ — - - 5 = \/\. 5
*$imCLR [72]  ICML'20  583* 634 517 286" 211 223 395° 357 369 g i Py g 40 T OReA
’ < 85 | < / } —+— OWSSL
ORCA [35] ICLR'22 882 904 897 669 430 481 81 721 778 ~4— OwssL 30- owssL
GCD [38] CVPR'22 784 797 791 685 335 452 823 5383 682 —=— OpenMCM —*— Opentich
NACH [39] Neur[PS’22  89.5 922 913 687 47.0 521 910 755  79.6 80 15 20 30 40 50 60 70 80 90 20- 10 20 30 40 50 60 70 80 90
OpenLDN [40] ECCV'22 923 868 886 673 404 494 745 457 553 Ratio of labeled data (%) Known classes (%)
TRSSL [41] ECCV'22 949 896 922 685 521 603 826 678 754
OpenNCD [42]  TICAT23 884 906 90.1 697 434 493 900 775 816
M TIDA [43] NeurIPS'23 942 934 938 733 566 653 834 712 776
SSOC [44] ICDM'23 933 926 928 69.0 480 531 914 784 827
OWSSL [45] PR'24 949 918 934 779 557 668 900 682 79.1 . .
OwMaich [46]  NeurIP$'24 930 959 944 745 559 651 917 720 818 Label ScarCIty NOVQI—CIaSS Rat|OS
TRAILER [47] CVPR'24 934 950 944 697 487 556 914 824 853
DSCL [48] TNNLS'25 939 939 939 738 567 623 906 813 844
OpenMCM - 953 951 952 784 598 691 920 818 869
m Consistently high m Strong ACC across
ACC across different different novel-
Key Results labeled ratios. class ratios.
®m 91.1% overall ACC B Demonstrates
_ with only 10% labeled robustness in highl
m SOTA overall ACC: 95.2% / 69.1% / 86.9% y ghly
data. open-world settings

m Gain over prior best: +0.8/+2.3/+1.6
®m Balanced recognition: Strong performance on
known & novel classes.

Robust to label scarcity and increasing openness.

From Tab 1, Fig 7-(I).A and Fig 8-(I1).A.
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Proposes a class-discriminative method.
Maps confidence distributions across
class different spaces.

O Dynamic per-sample class assignment.

v

Reliable model calibration.
Balanced learning pace across classes.
Mitigate the Matthew effect.

This study reveals cross-semantic data
correlations, providing new insights for
Open-World Learning models.
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v Robust class number estimation.
v Improve long-tail distribution calibration.
v" Fine-grained class relationship modeling.

O Class Number Prior.
O Extreme long-tailed distributions data.
O Fine-grained ambiguity.
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