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We integrated the regularised SWAP-Score with an evolutionary search algorithm as SWAP-
NAS, applied it to the DARTS search space. SWAP-NAS only requires approximately 6
minutes to search for neural networks for the CIFAR-10 dataset, and 9 minutes for the

NAS-Bench-Suite-Zero, a standardised framework for fairly verifying the effectiveness of
training-free metrics, incorporates five neural architecture spaces, NAS-Bench-101/201/301
and TransNAS-Bench-101-Micro and -Macro. On the NAS-Bench-Suite-Zero, the same

Define a batch of inputs contains S samples, V denotes pre-activation values, p,ff) IS a single post-
activation value from " pre-activation value at gth sample, a set of post-activation values is

defined as:

setup is applied to all metrics, SWAP-Score and its regularised version outperform 15 other

ImageNet dataset.

Ay = {P(S) P =10, se{1,..., 5}} training-free metrics in the majority of the tasks.
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In sample-wise activation patterns (SWAP), the upper bound of [Axrg[ is V, which would be ¢ 1 g 50 g o0 Future Work. Our future work aims to extend the sample-wise activation patterns to other
much larger than S, thus, |A v 4| offers much higher capacity for distinct regions than [Ax 4. A O ' S |8 2 0o types of activation functions such as GELU. Considering the increasing popularity of
The process of collecting activation patterns requires only a feedforward pass with a mini-batch of L B e research on Transformers, evaluating the performance of Transformers in a training-free

inputs and without back-propagation, thus, SWAP-Score is a training-free performance indicator. E e 1 A < fashion would benefit the research community and have practical significance.
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