Temporal Imbalance of Positive and Negative
Supervision n Class-Incremental Learning

Jinge Ma, Fengging Zhu
Purdue University, West Lafayette, Indiana, U.S.A.
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Method CIFAR-100 ImageNet-100 Food101
10-task 20-task 10-task 20-task 10-task
AMca'n. ALast AMea'n. ALast AMca.n ALast AMea.'n, AL asi AMean ALast
1iCaRL [29] 58.76+0.12 45.39+022 55.98+0.14 43.20+024 43.71+012 24.38+024 33.45+0.14 17.62+028 63.46+012 50.13+022
+ Ours 60.82+0.10 47.36+0.18 58.68+0.12 44.79+020 52.19+0.10 32.78+020 42.54+0.12 23.90+024 68.57+0.10 56.03+0.18
FOSTER [44] 62.04+042 49.30+064 56.99+046 47.341+066 48.39+046 20.88+070 35.67+048 15.284072 63.88+046 52.60+0.66
+ Ours 64.80+040 52.76+060 58.21+042 49.28+064 51.49+042 23.38+066 38.07+046 19.72+4070 64.61+042 53.90+0.60
MEMO [53] 61.68+0.16 51.70+030 56.98+0.18 48.93+034 47.01+016 34.98+034 34.73+0a8 22.78+036 62.25+0.16 54.75+030
+ Ours 63.81+0.12 52.85+028 58.04+0.16 49.86+030 51.05+012 37.28+030 38.76+0.16 26.164+034 64.73+0.12 55.83+0.28
DER [50] 63.53+0.19  50.75+035 57.47+017 50.34+031  52.25+025 40.28+049 43.95+0.19 25.82+035 69.20+023 61.42+4047
+ Ours 66.33+0.17 53.82+031 60.34+0.13 53.49+029 54.57+023 42.62+043 47.80+0.17 29.79+031 71.58+0.19 63.98+0.41
TagFex [52] 65.97+020 55.99+041 59.55+020 51.48+041 54.73+035 41.70+059 47.32+023 31.36+035 71.55+031 66.67+0.53
+ Ours 68.68+0.18 57.91+037 62.34+0.18 54.70+037 57.05+031 43.01+055 51.08+0.19 35.78+031 74.57+029 68.64+0.49
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Figure 5. This figure illustrates the impact of applying TAL on
the feature space of iCaRL. We visualize the distribution of test
images from several new and old classes in the ResNet18 feature
space on ImageNet100 at Task ID = 3.
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Sample Count
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Method CUB-LT [42] ImageNetR-LT [16] Food101-LT [15]
S-task 10-task 5-task 10-task S-task 10-task

AM’ earn ATat[ AM' ean ATat'[ A!&I ean AT&-H AM ean ATaii AM ean ATa-aI AM earn AT.-::-LI
L2P (CVPR’22)|46] 74.22 57.20 68.91 46.05 70.03 56.32 69.94 54.52 55.36 29.33 47.46 16.11
+ TAL 75.91 61.19 70.71 49.80 72.84  63.50 71.63 6047 58,53 40.93 50.84 23.84
DualPrompt (ECCV’22)[45] 73.85 51.30 69.87 50.75 65.40 48.28 65.14 46.52 52.24 25.55 49 .84 22.56
+ TAL 75.06 5465 70.68 5250 6645 352.04 66.00 350.06 54.28 30.01 50.77 24.89
CODAPrompt (CVPR’23)[33] 74.14 53.26 69.10 4954 7292 57.16 70.61 53.60 62.64 34.71 56.11 28.33
+ TAL 75.51 56.04 7045 51.68 7534 62.08 7286 58.00 65.19 39.44 58.12 34.10
LAE (ICCV’'23) [13] 74.54 57.90 72.03 50.20 69.13 53.52 69.54 56.00 62.14 37.96 56.43 2991
+ TAL 76.97 61.40 7483 57.10 70.54 5848 7100 58.64 64.34 42.35 59.38 35.89
MOS (AAAI'25)]35] 73.95 51.40 71.52 48.93 69.15 53.80 68.73 55.44 60.63 29.30 55.46 28.08
+ TAL 75.30 5486 72.14 5095 7147 39.29 70.31 58.77 63.24 33.27 57.92 33.73
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% 7’— ELL Dataset Method | Batch=64 Batch=128 Batch=256
- jjSthﬂe batChS|Ze EIJ'T%E”EiE%— 5 classes
7R 'FI:T 'U-ﬁ /\\\T [//( Ei% batch l:l:] JZ—SIZ'[%I CIFAR CE 38.50 88.68 85.88
B 5] 5 TAL 89.36 89.24 89.36
° N CE 96.83 94.84 96.43
mageiNet | AL 97.62 95.24 97.22
10 classes
CE 85.64 84.56 84.28
CIFAR 1 par 87.42 85.76 84.88
. CE 39.00 86.60 88.24
mageNet | pap 89.80 88.40 88.68
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