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#define WINDOWSIZE 100

stream InputData(data : Float)
= Source{file:///input.csv,nodelay,csvformat}

stream SubsequenceData(datalist : FloatList)
= Aggregate(InputData){count(WINDOWSIZE
),count(1)}[Col(data)]

stream SST(score : Float)

= UDOP(SubsequenseData)[SSTComputation] {GPU
Enabled=false}
-> node(ComputeNodePool,0)

Nil := Sink{file:///score.out,nodelay,csvformat}
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