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Fig. 1. Visualization of learned features Fig. 2. Confusion matrices of old and new classes
Table 1. Performance on CUB200

Accuracy in each session (%)

Methed O e e SO e R e S e
TOPIC Tao et al. (2020) 68.68 6249 5481 4999 4525 4140 3835 3536 3222 2831 2628 42.40
SPPR Zhu et al. z(m* 6868 6185 5743 5268 50.19 46.88 44.65 43.07 40.17 39.63 37.33 31.35
SFMS [Cheraghian et al. (2021} 68.78 59.37 59.32 54.96 5258 49.81 48.09 4632 4433 4343 4323 2555
FSLL Mazumderetal (Z0ZL) 1201 6933 6551 6266 6110 5865 5778 5726 5559 5539 5421 17.38
CEC Zhang etal. (2021) 535 (194 6850 6350 6243 S582] 5773 558l 5483 5359 5298 2357
Meta FSCIL/Chi efal.[(2022) ~ 7590 7241 68.78 6478 62.96 59.99 5830 56.85 5478 53.82 52.64 23.26
FACT Zhou et al. (202 7590 7323 70.84 66.13 6556 62.15 61.74 59.83 5841 5789 5694 18.96
SOFTNet[Kangetal (2023) ~ 78.07 7458 7137 67.54 6537 6260 61.07 5937 5753 5721 5675 21.32
WaRP Kim et al. (2023) 7774 7415 7082 66.90 6501 62.64 6140 59.86 5795 5777 57.01 20.73
BiDist Zhao et al. (2023) 79.12 7499 7087 6730 6589 6345 6140 60.11 5861 5823 5748 21.64
NC-FSCIL Yang et al. zozgj* 80.45 7598 7230 70.28 68.17 65.16 6443 6325 60.66 60.01 5944 2101
OrCo* Ahmed et al. (2024) 7472 6606 6472 6288 6189 5069 5895 5903 5724 5779 SIS 1754
TEEN Wang et al. (2024) 7726 7613 7281 6816 67.77 6440 6325 6229 61.19 6032 5931 18.13
PA (ours) 78.69 7559 7271 6871 6837 6577 6475 6359 6276 62.02 61.19 17.50
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