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SEEL, DAY TASS #EFTAFH . XTI K2 A
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HRBOMERR, PIEMERRE LN Avg = S
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B ae CIFAR-100 Tiny-ImageNet
Jith 5 1155 10 11:5%5 20 1155 5 1155 10 115 20 1%
MUC 38.45 19.57 15.65 18.95 15.47 9.14
+TASS | 49.17 (+10.72) | 40.34 (+20.77) | 37.86 (+22.21) | 32.47 (+13.46) | 30.13 (+14.66) | 27.70 (+18.56)
1L2A 55.13 45.32 45.24 36.77 34.53 28.68
+TASS | 58.74 (+3.61) | 53.24 (4+7.92) | 53.07 (+7.83) | 42.49 (+5.72) | 41.34 (+6.81) |40.59 (+11.91)
PASS 55.67 49.03 48.48 41.58 39.28 32.78
+TASS | 59.10 (+3.43) | 54.45 (+5.42) | 52.37 (+3.89) | 44.05 (+2.47) | 43.06 (+3.78) | 42.57 (4+9.79)
SSRE 56.33 55.01 50.47 41.45 40.07 39.25
+TASS | 59.26 (+2.93) | 57.93 (+2.92) | 53.78 (+3.31) | 44.13 (+2.68) | 43.86 (+3.79) | 43.55 (+4.30)
1. T PARPAE BN 30/ TASS WA E HAL EFCIL Jrikr, top-1 MERPRIGTEREN iR AXHaRph (Z06) Fox.
Bl CIFAR100 TinyImageNet
BE 5 1155 10 {£55 20 f£5%5 5 {£5% 10 {£55 20 1155
Jiik Avg? | Lastt | FJ | Avgt | Lastt | F | | Avgt | Lastt| F | | Avgt | Lastt| F | | Avgl | Lastt | FJ | Avgt | Lastt | F |
iCaRL-CNN7 | 51.07 | 40.12 | 42.13 | 48.66 | 39.65 | 45.69 | 44.43 | 35.47 | 43.54 | 34.64 | 22.31 | 36.89 | 31.15 | 21.10 | 36.70 | 27.90 | 20.46 | 45.12
] iCaRL-NCMf | 58.56 | 49.74 | 24.90 | 54.19 | 45.13 | 28.32 | 50.51 | 40.68 | 35.53 | 45.86 | 33.45 | 27.15 | 43.29 | 33.75 | 28.89 | 38.04 | 28.89 | 37.40
;g LUCIRY 63.78 | 55.06 | 21.00 | 62.39 | 50.14 | 25.12 | 59.07 | 48.78 | 28.65 | 49.15 | 37.09 | 20.61 | 48.52 | 36.80 | 22.25 | 42.83 | 32.55 | 33.74
EEIL} 60.37 | 52.35 | 23.36 | 56.05 | 47.67 | 26.65 | 52.34 | 41.59 | 32.40 | 47.12 | 34.24 | 25.56 | 45.01 | 34.26 | 25.91 | 40.50 | 30.14 | 35.04
RRRT 66.43 | 57.22 | 18.05 | 65.78 | 55.74 | 18.59 | 62.43 | 51.35 | 18.40 | 51.20 | 42.23 | 16.67 | 49.54 | 40.12 | 21.64 | 47.46 | 35.54 | 29.10
LwF_MC 45.93 | 36.17 | 44.23 | 27.43 | 50.47 | 17.04 | 20.07 | 15.88 | 55.46 | 29.12 | 17.12 | 54.26 | 23.10 | 12.33 | 54.37 | 17.43 | 8.75 | 63.54
EWC 16.04 | 9.32 | 60.17 | 14.70 | 8.47 | 62.53 | 14.12 8.23 | 63.89 | 18.80 | 12.71 | 67.55 | 15.77 | 10.12 | 70.23 | 12.39 8.42 | 75.54
ﬁ MUC 49.42 | 38.45 | 40.28 | 30.19 | 19.57 | 47.56 | 21.27 | 15.65 | 52.65 | 32.58 | 17.98 | 51.46 | 26.61 | 14.54 | 50.21 | 21.95 | 12.70 | 58.00
= IL2A 63.22 | 55.13 | 23.78 | 57.65 | 45.32 | 30.41 | 54.90 | 45.24 | 30.84 | 48.17 | 36.14 | 25.43 | 42.10 | 35.23 | 28.32 | 36.79 | 28.74 | 35.46
PASS 63.47 | 55.67 | 25.20 | 61.84 | 49.03 | 30.25 | 58.09 | 48.48 | 30.61 | 49.55 | 41.58 | 18.04 | 47.29 | 39.28 | 23.11 | 42.07 | 32.78 | 30.55
SSRE 65.88 | 56.33 | 18.37 | 65.04 | 55.01 | 19.48 | 61.70 | 50.47 | 18.37 | 50.39 | 41.67 | 17.25 | 48.93 | 39.89 | 22.50 | 48.17 | 39.76 | 26.74
TASS (Ours) | 68.75 | 59.26 | 16.42 | 67.42 | 57.93 | 17.78 | 62.76 | 53.78 | 17.78 | 55.12 | 44.13 | 15.40 | 54.21 | 43.86 | 18.47 | 52.79 | 43.55 | 22.51

# 2. CIFAR-100 EARFEFSECE T top-1 HERIZR, RZ top-1

HER A DA BB Ol o T DR D7 YA T el

KA 20 AR, T ARIC. ARSI MR R . FAOTIrA SERITIatT =k, S PrA R P9 {E.

Btk ImageNet-Subset
W 5 {155 10 1% 20 1155
Jik Avgt | Last? | F| | Avgt | Lastt | F | | Avgl | Lastt | F |
LwF_MC 34.86 | 24.10 | 49.36 | 31.18 | 20.01 | 53.04 | 27.54 | 17.42 | 56.07
MUC 40.65 | 27.89 | 47.13 | 35.07 | 22.65 | 52.10 | 31.44 | 20.12 | 53.85
PASS 63.12 | 52.61 | 22.47 | 61.80 | 50.44 | 23.57 | 55.23 | 46.07 | 26.73
SSRE 69.54 | 58.46 | 17.22 | 67.69 | 57.51 | 18.60 | 61.23 | 50.05 | 23.22
TASS (Ours) | 74.32 | 63.14 | 14.37 | 72.60 | 57.93 | 16.09 | 68.79 | 57.60 | 18.41
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