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e Energy consumption of DNNs depend on computational complexity (#MACs) and energy effi-
ciency of each MAC operation, which in turn depends on data movement.
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e DNN is a special type of workload which has computation phases with radically different com-
putational intensity (OPs/Bytes). For example, depthwise, pointwise, groupwise convolution.
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Data reuse coefficient (o)

1
DI = 2 x [0.8 x ActivationReuse
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Al (Cumulative arithmetic intensity)

(a) Roofline model (with Al ) on P4000 GPU

Data reuse coefficient (o)
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Al (Cumulative arithmetic intensity)

(b) Roofline model (with AI.) on P100 GPU
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DI (Data type aware weighted arithmetic intensity)
(c) Roofline model (with DI) on P4000 GPU
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DI (Data type aware weighted arithmetic intensity)
(d) Roofline model (with DI) on P100 GPU
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(e) Throghput and energy efficiency on P4000 GPU
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Energy efficiency (MACs/Joule)
(f) Throghput and energy efticiency on P100 GPU
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r = correlation (X,Y)
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Relative disparity (df) between Al and DI

AI. — DI " A W -
x100 = 75—6.25x | —+3x —
W A _

df:

Case 1: AL W
~ M. /W
~ 0.2 x M_./A
~75—18.75 x &

Case 2: A~ W
~ 0.5 x M_./A
~ 0.25 x M. /A
~ 50

Case 3: A>W
~ M. /A

~ 0.06 x M./W

~75—6.25 x &

e Al. is a representative of energy-efficiency
for mainly DNNs with A~ W.

s to estimate the data reuse in DNNs

o Al fai
when

e DI is a better representative of energy-
efficiency in DNNs.

e FEvaluation of DI on DNN accelerators and
FPGA.
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