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Challenges and Motivation
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class Gemv(uflow.Ip): Register a IP “gemv Cycles
def init (self): 0.75
super(). init () e Traditional e Vivado HLS .
self.data _type = uflow.Float() IP data types 0150 | 0208
self.index_type = uflow.UInt(32) 0.25 '
Traditional quality-of-result estimation | 0.07¢ 0.024
self.par_m = uflow.CompileParam(self.index_type, [2, 4, 8]) IP compile-time params 0.00 ‘
self.dim_m = uflow.DynamicParam(self.index_type, (16, 1€24)) ) ) A ; ; ' bic correlation 2mm 3mm
self.dim _n = uflow.DynamicParam(self.index type, (16, 1024)) IP runtime params EXthItS large Ingeeuracies J
self.mat_a = uflow.InputPort(uflow.DynamicTensor( - - IP input port “mat_a”
self.data_type, [self.dim m, self.dim n],
lambda m, n: [m / self.par_m, n, m % self.par_m])) Shape and layout of “mat_a” . .
self.vec_b = uflow.InputPort( -
uflow.DynamicTensor(self.data type, [self.dim n], lambda n: [n]), size=[1]) Open Source ContrlbUtlon
self.vec_c = uflow.OutputPort( - IP output port “vec_c”
uflow.DynamicTensor(self.data type, [self.dim m],
lambda m: [m / self.par_ m, m % self.par_m]), size=[1]) ~—~— Size 1 indicates “vec_c” is FIFO

def semantics(self): ScaleHLS GitHub Repository
for m in self.dim_m: . .
for n in self.dimn: ;e : IP semantics for pattern match Q https://github.com/hanchenye/scalehls

erveceinl m sehneatn, i T settvecon . . 35k Views and 2.9k Downloads since 2022
An Example of GEMYV IP Registration



https://www.google.com/url?q=https://github.com/hanchenye/scalehls&sa=D&source=editors&ust=1688969709204245&usg=AOvVaw3Dd-tt4eNS4n_zyoOwBiOU

