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Mobile-aware Convolutional Neural Network
for Sensor-based Human Activity Recognition
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e ConvOps: regular conv (Conv), separable
conv (SepConv), and mobile inverted bottle-
neck conv (MBConv) [1]

e KernelSize: 2-5

e SkipOps: pooling, identity residual, no skip

o BOBIN;: 2-5

o HAT7 1 ILAE F;: 32 - 192 (4 steps)
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