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Input: The number of task 7', training samples D, =
{(x;,y;)}+ of task ¢, model ©°, replay buffer ¢, and
masking ratios r, 71, 3.

Output: model 6T

1: fort € {1,2,...,T} do

O + o1

2:
3: R, < ReconstructOldSamples (¢, )

4 while not converged do

5 (z,y) < Sample (R;, D;)

6: (LS8, £re¢) «— BilateralMAE (z, y)

7: (21, Z2) < MaskAndReconstruct (z, 71, 72)
8: L3t « ComputeDetailLoss (1, 22)

9: train ©! by minimizing £; from Eq. 12

10: end while

11: end for
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Method N=10 N=20 N=50
Avg? LastT F' | Avgt Last? F | Avgt Lastt F |
iCaRL [29] 65.27 50.74 3123 61.20 43.75 3240 56.08 36.62 36.59
UCIR [12] 58.66 4339 35.67 58.17 40.63 37.75 56.86 37.09 38.13
BiC [36] 68.80 53.54 28.44 6648 47.02 2930 62.09 41.04 34.27
PODNet [8] 58.03 41.05 41.47 5397 35.02 36.70 51.19 3299 40.42
DER w/o P [40] 7536 65.22 15.02 74.09 62.48 23.55 7241 59.08 26.73
DER [40] 74.64 6435 1578 7398 6255 2347 7205 59.76 26.59
DyTox [9] 7547 62.10 1543  75.10 5941 21.60 73.89 5721 2422
Ours 79.12 68.40 12.17 78.76 6522 1439 76.95 63.12 18.34
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N=10 N=20 N=50
Method
Avg? LastT F' | Avgt Last? F | Avgt Lastt F |
BiC [36] 64.96 55.07 31.32 5940 4935 3470 53.75 44.56 40.23

PODNet [£] 63.44 5175 35.63
DER w/oP[40]  77.18 66.70 14.86

55.11 4537 4170 51.72 4294 44.65
7270 61.74 20.76  70.44 58.87 24.20

DER [40] 76.12 66.06 15.09 7256 61.51 2046 69.77 58.19 2535
DyTox [9] 77.15 69.10 14.66 73.13 61.87 1732 71.51 60.02 20.54
Ours 79.54 70.29 12.04 7520 64.40 14.89 7442 62.87 17.22

# 2. fEImageNet-SubsetF &£ 101> 20N FIS0MESS 5 N HIFIHERZE (%) BRIGMTBHERZ (%) DLAIEETEEF (%) .

top-1 top-5
Avgt Last? Avg?T Lastt
iCaRL [29] 38.40 2270 63.70 44.00
Simple-DER 66.63 59.24 85.62 80.76
DER w/o P [40]  68.84 60.16 88.17 82.86

Method

DER [40] 66.73 58.62 87.08 81.89
DyTox [Y] 7129 63.34 88.59 84.49
Ours 74.76  66.15 91.43 87.13
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Method Replay Reconstruction Bilateral | Avg | Last

Baseline 73.40 | 62.31

Variants v 75.88 | 64.35
v v 77.48 | 66.54
v v v 79.12 | 68.40
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ROM K3 4 i 4 i 7 AT 5 iEImageNet-
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Je T TR A 2R 448 06 38 25 49 3l EbDyTox [91%1 Hi1.19%.
2.53% M2.85%. BB BT HER R, 3
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R ARG M BUAMAE > 3o FATTFE R4 0 iIX =

r  Data Source | Avg | Last

0.60 Generated | 77.50|67.37
0.75 Generated | 79.12 | 68.40
0.90 Generated |77.12|67.02

N/A Real 79.57 | 68.87
5. T R AN AR S P R R SEES . SEES AE L BT 1000
f£45 (CIFAR-100% B E 4T, RATLLE 7 L Uk &
Ttop-1#ERiZE .  Data Source 7N B B2 A2 T IE A2 L SEHY
FER G AT, BATER T #HomRBIR, HAMERS0
FELBI D = 0.750 F1 2.

Domain | Avg | Last

Spatial | 77.45 | 65.93

Frequency | 79.12 | 68.40
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AN CEHE ) . The results in Table 5 show that r =
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Method Parameters (M) Avg?T Last! F'|

DER w/o P 112.27 75.36 65.22 15.02
DyTox 10.73 7547 62.10 1543

Ours (MLP size = 1536) 12.89 79.12 68.40 12.17
Ours (MLP size = 768) 9.35 78.36 67.52 12.90
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Feature space density
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Method Buffer Memory size 25% Patches Images Acc(%)
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