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1000 2000 3000 4000 0 5000

waveform integral count
method vol. acc. (%) cap. acc. (%) overall (%)
Nearest Centroid 95.90 72.69 =2
Random Forest 95.90 82.23 92.95
linear head on 256 feat. (TimesNet) 65.11 35.80 29.42
nonlinear head on 256 feat. ( TimesNet) 82.20 38.98 36.48
linear head on samples 95.90 59.70 57.43
nonlinear head on samples 95.90 78.77 75.73
linear head on 256 feat. (TimesNet, finetuned) 95.83 89.12 85.80
nonlinear head on 256 feat. (TimesNet, finetuned) 95.92 81.84 79.29
linear head on 32 feat. (TimesNet-LE) 95.85 97.99 94.00
nonlinear head on 32 feat. (TimesNet-LE) 95.90 98.92 94.94

2 We do not include the overall performance of nearest centroid because it is very poor and not representative
when considering rise time and waveform integral as input features at the same time.
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network architecture #param (encoder) #tparam (head)
linear head on 256 feat. (TimesNet) 684.9k 6.2k

nonlinear head on 256 feat. ( TimesNet) 684.9k 36.0k

linear head on samples None 9.2k

nonlinear head on samples None 52.4k

linear head on 32 feat. (TimesNet-LE) 31.5k 0.8k

nonlinear head on 32 feat. (TimesNet-LE) 31.5k 1.8k
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