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Table 5. The wall-clock time (seconds) and memory usage (MB) measured for processing 10,000 images of CIFAR10C on a

Figure 2. Example images from various domains within the Figure 3. Example images with different corruptions from single RTX 4080 GPU.
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Proposed method (AR-TTA)

Effect Of Exemplars. Average mean class accuracy (AMCA) values show that the usage of replay memory
might be crucial for high mean per-class accuracy.

|v|
|mZ(;§s Baselines With Simple Replay Memory. \While the proposed method performs slightly worse than Col TA
with simple replay memory on the CIFAR1OC, it performs significantly better on the natural domain shift
Moving dataset. Most importantly, our method is the only one that constantly improves over the source model.
Continuous Student Average | Tegcher ) . ' ’ . .
unlabeled Model /> | Model Computational Efficiency While our method does not rank as the most computationally efficient, it
data Strea;" achieves a balance between computational demands and performance. Despite incorporating exemplars,

we maintain a consistent computational budget.
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Batch Figure 6. Batch-wise classification accuracy (%) averaged in a window of 400 batches on CLAD-C benchmark for the chosen
o < > Previo_ug, BN methods continually adapted to the sequence of data, with major ticks on the x-axis symbolizing the beginning of a different
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