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NREL	HPC	System	-	Peregrine	

•  58,752	Intel	Xeon	processor	cores	on	2,440	nodes	(16	–	24	cores/node)	
•  HP	Integrated	Lights	Out	(ILO)	sensor	–	power/temperature	
•  Building	sensors	(power/temp)	and	rack-level	sensors	(power/temp)	
•  Water	cooled,	building-integrated,	PUE	1.06	
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One	Day	in	the	Life	of	Peregrine	
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STM	Photovoltaic	Field	
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Peregrine	Power	Use	v.s.	PV	Power	Produc3on	
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Building	Knobs	for	HPC	System	Power	Use	

Power
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•  Data	Collec3on	
o  Sensors,	code,	databases,	APIs	

•  Exploratory	Data	Analysis	
o  What	opportuni'es	are	there?	
o  Structure	and	covariates	
o  Modali3es,	periodici3es,	variability	

•  Modeling	
o  Predic'ng	and	forecas'ng	power	
needs	and	energy	use	

•  Applica3on	
o  U3lize	predic3ons	to	control	system	
or	queue-level	power	use	by	altering	
the	schedule	(delaying	jobs)	

Building	Knobs	for	HPC	System	Power	Use	
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1)	Data	Collec3on	
	 (briefly)	

hcp://www.nrel.gov/docs/fy16os3/65392.pdf	
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NREL	HPC	Power	Informa3cs	System	

1.9	Million	Jobs’	
Metadata	

11.2	Billion		
Power	Measurements	
(10	sec	resolu3on)	
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2)	Exploratory	Data	Analysis	
	 (selected)	
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Power	Use	by	Applica3on	
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Per	Job	Power	Use	/	Periodic	Structure	

100

150

200

250

18:15 18:30 18:45 19:00 19:15 19:30 19:45
Time

Po
we

r (
w

)

Periodic Structure in Power Timeseries

100

150

200

250

12:00 15:00 18:00 21:00 00:00 03:00
Time

Po
we

r (
w

)

Periodic Structure in Power Timeseries



13 

Clustering	Jobs	
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3)	Modeling	(Predic3on)	
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•  Goal:	Predict	job’s	future	energy	usage	
characteris3cs	at	3me	of	submission	
o  Inputs:	User,	group,	alloca3on,	script,	applica3on,	
requested	resources	

o  Outputs:	Mean/median/min/max	power,	
periodici3es,	cluster	membership	

•  Relaxed	versions	
o  Allow	observa1on	of	first	N	minutes	of	job	
o  Include	informa1on	from	‘nearest	neighbor’	jobs	

Predic3on	
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•  Model	Shootout,	10	fold	cross	valida3on	
o  Train/Test	data	from	1	month	to	2.5	years	of	con3nuous	
metric	and	job	informa3on	collec3on	

	
•  Winners:	

o  Robust	Regression	
o  Random	Forest	

•  Lessons	Learned:		
o  Grouping	by	applica3on	macers	
o  Recent	informa3on	is	most	useful	

Predic3ng	Job	Power	Use	
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Individual	Job	Predic3on	
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4)	Applica3on	
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•  Goal:	Alter	job	schedule	using	predicted	power	
informa3on	to	keep	en3re	system	power	use	under	
some	threshold.	

•  Approach:	Simulate	MOAB-like	FIFO	scheduler	with	
backfill,	use	predic3ons	to	delay	jobs	that	would	
push	us	over	threshold.	

Applying	Predic3ons	for	System	Power	Capping	
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Job	Delay	Due	to	Power	Capping	
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•  An	informa'cs	system	is	necessary	for	building	a	deep	
understanding	of	system	dynamics	through	data	
collec3on	and	indexing	

•  There	is	substan'al	varia'on	between	jobs’	power	use	
which	provide	opportuni3es	for	intelligent	op3miza3on	
and	classifica3on	

•  Even	with	limited	informa3on	at	the	3me	of	submission,	
we	can	predict	mean	power	for	most	jobs	to	within	35	W		
o  A	3ny	amount	of	observa3on	improves	predic3on.	There	
may	be	opportuni3es	for	pre-emp1on	and	reruns	in	a	
power	constrained	environment.	

•  Predic3ons	allow	for	adap've	power	capping	and	
integrate	naturally	into	exis3ng	FIFO+backfill	schedulers.	

Summary	
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•  CWT	can	be	used	to	extract	power	3me-series	
periodic	structure.		
o  Construc3ve	interference	between	periodic	jobs’	
power	use	may	lead	to	(avoidable)	power	spikes.	

•  Systems	without	power	sensors	may	be	able	to	infer	
their	power	use	with	proxy	metrics	(CPU,	etc.)	

•  Ongoing:	Node	level	metrics	can	be	used	to	iden3fy	
anomalous	and	failure	states	in	real	3me.	Apply	
models	for	no3cing	problems	in	the	system-wide	
data	stream.	

Other	things,	ongoing	work	
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•  Becer,	ubiquitous	(power,	…)	sensors	
o  DOE	DCOI	moving	towards	this?		
o  More	sensor	data	sharing	between	HPC	centers	
	

•  “Monkey	queue”	
o  Incen3ves	for	users	to	par3cipate	
	

•  Clear	interface	and	tools	for	node-level	controls	
	
•  More	collabora3on	between	cloud/cluster	and	HPC	

Wish	list	
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