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Which Transformer to Favor?
A Comparative Analysis of Efficiency in Vision Transformers

<

Carl Zeiss
Stiftung

RPTU dfki

@,

INTRODUCTION OBSERVATIONS
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Problem: There is a wide diversity of training and evaluation
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Solution: We conduct a comprehensive large-scale analysis « Using high-resolution (3847 px) images is not Pareto optimal (dashed vs. dotted lines).

of the efficiency of 45+ transformer-like models for image * Vil is pareto optimal at all sizes for 3 out of 4 metrics.
classification on ImageNet. We train every model from * Token sequence reduction models offer a good tradeoff in speed vs. accuracy; especially

scratch. We compare model efficiency using the Pareto front. La rge r m Od e ls a re m O re effi C i e nt th a n TokenlLearner, ToMe.
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Based on DeiT 1l [58], follow . 90 epochs 8 * Hybrid CNN-Attention models make up the Pareto front for inference memory &
up ot the popular DeiT [57] . parameter efficiency; NextViT is also fast.
training Setup o 224 x 224 resolution
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