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<I 1> Comparison of transformer base models (Reformer: average complexity)
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Per-Sample Inference Time vs Token Count
(batch_size=1 vs 4, includes tokenization)

Per-Sample Training Time vs Token Count
(batch_size=1 vs 4)

Memory Usage vs Token Count
(batch_size=1 vs 4, inference)
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<Z1¥ 1> Training and inference speed comparison of transformer models.
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<19 2> Performance gains in inference and training time (%).
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