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Abstract:	Machine	learning	(ML),	and	in	particular	(deep)	neural	networks	(NNs)	have	
become	widely	spread	for	applications	ranging	from	image	classification	and	object	
detection,	to	processing	multi‐modal	and	heterogeneous	datasets.	While	the	holy	grail	for	
judging	the	quality	of	a	ML	model	has	so	far	been	serving	accuracy,	and	only	recently	its	
resource	usage,	neither	of	these	metrics	translate	directly	to	energy	efficiency,	runtime,	or	
mobile	device	battery	lifetime.	This	talk	will	uncover	the	need	for	building	accurate,	
platform‐specific	power	and	runtime	models	for	NNs,	thus	allowing	machine	learners	and	
hardware	designers	to	identify	not	just	the	best	accuracy	NN	configuration,	but	also	those	
that	satisfy	given	hardware	constraints.	Our	proposed	modeling	framework	is	applicable	to	
both	high‐end	and	mobile	platforms	and	achieves	an	accuracy	of	88.24%	for	runtime,	
88.34%	for	power,	and	97.21%	for	energy	prediction.	We	show	that	power	consumption	
and	runtime	can	be	treated	as	constraints	for	NN	model	selection	in	a	design	exploration	
framework	based	on	meta‐learning	that	achieves	the	serving	error	of	a	constraint‐unaware	
method	up	to	30×	faster,	while	never	considering	invalid	configurations.	
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