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1 Results on Different Batch Sizes

Our method leverages examples from the entire batch in order to facilitate train-
ing. All our results on CIFARI100 in the original paper are reported using a
batch size of 128, following prior work [3, 1]. Here, we analyze the efficacy of our
method on different batch sizes used during training. Prior work has observed
that increasing the batch size tends to slightly reduce the test accuracy, and
have proposed various methods to reduce the drop in accuracy [4, 2, 5]. In our
experiments, we adopt the linear scaling rule [2], which scales the learning rate
in proportion to the batch size.
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providing a broader view of
the feature space, which di-
rectly benefits our objectives.

2 Results on Different Exemplar Memory Sizes

The memory size specifies the exemplars-per-class that the model can store at
the end of each phase. Here, we report results varying the exemplar memory
size.
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Table S2 showcases the re-

sults. Enforcing stricter mem- Table S2. Ablation studies on the Memory Size
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3 Phase-Wise Plots

Figures A1 and A2 showcase
phase-wise plots on three class-incremental learning settings on CIFAR100, on
top of multiple baseline methods.
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Fig. A1l. Phase-wise average incremental accuracies on CIFAR100, on the 100 Task
Setting with 1 Class per Task. The y-axis is set to log scale for visual clarity.
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Fig. A2. Phase-wise average incremental accuracies on CIFAR100, on the 50 Task

Setting with 2 classes per task (Left) and the 20 Task Setting with 5 classes per task
(Right). The y-axis is set to log scale for visual clarity.
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