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Note to reviewers. The following section is an extended version of material already included in the1

main submission. It is provided here for ease of review only; in the camera-ready version, it will be2

moved to Appendix F of the main manuscript and supplied as part of the official appendix. Please3

note that this relocation will update the reference and table numbers accordingly.4

Throughput–Accuracy Trade-off Comparison5

Table 1 compares the inference throughput (images/s) of various transformer variants, measured on6

the ImageNet validation set using V100 GPUs and a batch size of 256. Introducing wave dynamics7

(Diffuse+Wave or Wave alone) reduces throughput by roughly 50% from about 2 600 to 1 200–1 3008

images per second which may pose a limitation in real-time applications. However, this slowdown9

must be balanced against the gains in representational power and accuracy that wave-enhanced10

models provide. A simple mitigation is to insert wavy blocks in only a subset of layers to recover part11

of the lost throughput. Concretely, replacing only the last six blocks with wavy blocks (Wave (6))12

increases throughput by about 33 % relative to the full Diffuse+Wave with FeatScale variant (1 64913

img/s vs. 1 241 img/s) while sacrificing 0.18 pt in Top-1 accuracy (72.44 % vs. 72.62 %). In this14

experiment, the velocity tensor was initialized to zero at the first wavy block, and all other conditions15

were identical to those of the full Diffuse + Wave with FeatScale variant.16

Table 1: Inference throughput and accuracy on ImageNet. Wave (6) indicates that wavy blocks are
inserted only in the final six layers.

Model Residual Connections Throughput Top-1 (%)

DeiT-Ti [1] Diffuse 2632.1 72.17
DeiT-Ti + FeatScale [2] Diffuse 2483.2 72.35

DeiT-Ti Diffuse+Wave 1266.0 72.33
DeiT-Ti + FeatScale Diffuse+Wave 1241.4 72.62
DeiT-Ti Wave 1312.2 –

DeiT-Ti + FeatScale Diffuse+Wave (6) 1649.3 72.44
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