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DissertaDon Goal

To	increase	the	performance	and	power	efficiency	of	High	Performance	
Compu:ng	(HPC)	systems	through	mi:ga:ng	various	sources	of	variability	
without	sacrificing	from	performance	
	

• 	Analyze	variability	in	large	scale	HPC	systems	
◦  Frequency,	power,	temperature	

• 	Address	each	of	the	sources	of	the	variability	
◦  Via	soHware	and	hardware	techniques	

	B.	ACUN,	P.	MILLER,	L.	V.	KALE.	“VARIATION	AMONG	PROCESSORS	UNDER	TURBO	BOOST	IN	HPC	SYSTEMS.”	
	INTERNATIONAL	CONFERENCE	ON	SUPERCOMPUTING	(ICS).	2016.	 2	
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2016 U.S. Data Center Energy Report
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Equation 1 
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Where f = fraction of 5th year shipments in installed base 
IBy = installed base in year y 
Sy = shipments in year y 

 

 
Figure 5. Total Volume Server Installed Base Estimates from Three Studies 

 

 
Figure 6. Volume Server Installed Base 2000-2020 
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ES-2 

The combination of these efficiency trends has resulted in a relatively steady U.S data center 
electricity demand over the past 5 years, with little growth expected for the remainder of this 
decade. It is important to note that this near constant electricity demand across the decade is 
occurring while simultaneously meeting a drastic increase in demand for data center services; 
data center electricity use would be significantly higher without these energy efficiency 
improvements. A counterfactual scenario was created for this study that estimates what data 
center energy consumption would have been if industry energy-savings efforts were halted in 
2010. For this scenario, the follow metrics remain static at 2010 industry-wide levels from 2010-
2020: 

• Average server utilization  
• Server power scaling at low utilization  
• Average power draw of hard disk drives  
• Average power draw of network ports 
• Average infrastructure efficiency (i.e., PUE) 

The resulting electricity demand, shown in Figure ES-1, indicates that more than 600 additional 
billion kWh would have been required across the decade.

 

Figure ES-1 Projected Data Center Total Electricity Use 

Estimates include energy used for servers, storage, network equipment, and infrastructure in all U.S. data 
centers. The solid line represents historical estimates from 2000-2014 and the dashed lines represent five 
projection scenarios through 2020; Current Trends, Improved Management (IM), Best Practices (BP), 
Hyperscale Shift (HS), and the static 2010 Energy Efficiency counterfactual.   

* Figures and data are taken from A.	Shehabi	et	al.	
“United	states	data	center	energy	usage	report,”	
Lawrence	Berkeley	Na:onal	Laboratory.	LBNL-1005775,	
vol.	4,	2016. 

•  Energy	consump:on	has	been	
flat-lined	due	to	(*):	

•  Improved	opera:ons	
•  Hardware	advancements	

•  Data	center	electricity	is	spent	by	(*):	
•  Servers:	~40%	
•  Infrastructure:	~40%	
•  Network	and	storage:	~20%	
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Charm++ as an Energy Efficient RunDme


7		B.	ACUN,	A.	LANGER,	H.	MENON,	O.	SAROOD,	E.	TOTONI,	AND	L.	V.	KALE.	“POWER,	RELIABILITY,	PERFORMANCE:	ONE	SYSTEM	
TO	RULE	THEM	ALL”.	IEEE	COMPUTER,	2016.	



InteracDon Between the RunDme System 
and the Resource Manager


ü  Allows	dynamic	interac:on	between	the	system	resource	manager	and	the	run:me	system	
ü  Meets	system-level	constraints	such	as	power	caps	and	hardware	configura:ons	
ü  Achieves	the	objec:ves	of	both	datacenter	users	and	system	administrators	

	B.	ACUN,	A.	LANGER,	H.	MENON,	O.	SAROOD,	E.	TOTONI,	AND	L.	V.	KALE.	“POWER,	RELIABILITY,	PERFORMANCE:	ONE	SYSTEM	
TO	RULE	THEM	ALL”.	IEEE	COMPUTER,	2016.	 8	



Components of Charm++ with Its InteracDons


Charm++	has	four	main	components:		
•  Local	manager:	tracks	local	informa:on		

such	as	object	loads,	CPU	temperatures	
•  Load-balancing	module:	makes	load-balancing	
						decisions	and	redistributes	load	
•  Power-resiliency	module:	ensures	that	the		

CPU	temperatures	remain	below	the		
temperature	threshold,	change	the	power	cap	

•  Client-server	interface:	Enables	interac:ons	
with	other	programs	

9		B.	ACUN,	A.	LANGER,	H.	MENON,	O.	SAROOD,	E.	TOTONI,	AND	L.	V.	KALE.	“POWER,	RELIABILITY,	PERFORMANCE:	ONE	SYSTEM	
TO	RULE	THEM	ALL”.	IEEE	COMPUTER,	2016.	
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Analysis of Performance Variability
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•  Intel’s	Xeon	Phi	-	Knights	Landing	(KNL)	processors	on	Cori	supercomputer	at	NERSC	
•  High	variability	due	to	4	reasons	is	reported	(frequently	15%,	up	to	100%):	

•  OS	noise	
•  Cache	conten:on	on	:le	(L2)	
•  Memory	variability	due	to	cache	mode	page	conflicts	
•  Network	variability		

*	Image	source:	hnps://insidehpc.com/2016/01/mcdram/		 •  ~	50%	performance	varia:on	on	256	KNL	processors	



Power and Frequency CorrelaDon
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•  The	processors	whose	frequencies	are	thronled	all	hit	the		
Thermal	Design	Power	(TDP)	of	the	chip	(135	Wans)	

•  256	Cori	Intel	Haswell	processors	is	shown	



Frequency ThroXling is not Only 
Temperature Related


���
���
���
���
���
���
���
���

���� ���� ���� ���� ���� ����

�
��
��
��
��
��
��
�
�

���������

���������������������������������

13	

•  The	processors	that	hit	TDP,	have	a	wide	range	of	temperature	
	from	56	C	to	78C		(22	C	difference)	

•  Processors	that	do	not	hit	TDP	have	similar	temperature	ranges	



Summary: VariaDon Analysis

• 	Large-scale	systems	exhibit	power	and	temperature	varia:ons	

	that	are	related	to	design	and	manufacture.	

• 	The	inherent	differences	manifest	themselves	as	frequency,	
	performance	varia:ons.	

• 	Mi:ga:ng	these	varia:ons	enables	to	increase	the	performance	and	
	power	efficiency	without	sacrificing	from	performance	
	which	is	an	important	concern	for	HPC	users.	

14	
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ON	VARIABILITY	IN	PARALLEL	AND	DISTRIBUTED	SYSTEMS	(VARSYS,	IPDPS).	2016.	 15	
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MoDvaDon

• 	Understand	the	temperature	varia:on	and	cooling	inefficiencies		
		 	in	large	scale	systems	

• 	Find	solu:ons	to	mi:gate	the	varia:on	in	order	to	reduce	cooling	power	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	 17	

POWER8	Server	Node	Architecture	

•  Four	fans	that	operates	synchronously	to	cool	the	two	chips,	GPUs,	and	memory	
•  If	any	of	the	components	hits	their	temperature	limit		(73C	,	79C	,	and	74C		respec:vely),	

fans	trigger	in	a	reac:ve	way	
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MoDvaDon

•  Temperature	varia>ons	among	cores:	

•  7	C	in	idle	temperatures	
•  20	C	idle/ac:ve	mixed	
•  9	C	in	all	ac:ve	temperatures	

	

•  Synchronous	fan	control:	
•  4	independent	fans	in	the	node	
•  Fans	all	act	together	and	cause		

even	further	temperature	varia:on	

•  Reac>ve	cooling	behavior:	
•  54	W	jump	in	fan	power	
•  10	minutes	stabiliza:on	:me	

	with	a	regular	workload	

7C	 20	C	

18		B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Temperature VariaDon in Large Scale


Cori	at	NERSC	–	Intel	Haswell	 Minsky	at	IBM	-	POWER8	

•  Steady-state	temperature	distribu:on	of	1,800	cores	in	two	different	plasorms:	
•  25	C	difference	among	cores	when	running	the	same	workload	

19		B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Oscillatory Cooling Behavior


30	%	

10	%	

60	%	

99	%	

Workload	starts	

20	

CPU	
U:liza:on		

	B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Fan Behavior of Different ApplicaDons
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•  Some	applica:ons	makes	only	single	power	peak	from	the	applica:on	start	
•  Some	applica:ons	keeps	oscilla:ng	even	aHer	tens	of	minutes	of	execu:on	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Why Temperature Modeling is Difficult?

• 	There	are	lots	of	parameters	affec:ng	the	core	temperatures:	
◦  Complex	workloads	
◦  Ambient	temperature	
◦  Core	frequencies	
◦  Fan	speed	level	
◦  Physical	layout	
◦  Hardware	varia:ons	

• 	Combina:on	of	these	parameters	creates	
an	exponen:al	modeling	space	
◦  10	different	cores	
◦  0-100	CPU	u:liza:on	levels	
◦  44	different	frequency	levels	
◦  3000	RPM-10000	RPM	fan	speed	levels	
◦  4	fans	
v 	(10^10)	*	44	*	(10^4)	=	~	2^52	
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22		B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Neural Networks for Temperature Modeling

• 	Neural	networks	are	good	because:	
◦  They	can	capture	linear	and	non-linear	behavior	between	
input	and	output	parameters	

◦  They	work	well	in	noisy	data	
◦  They	do	not	need	for	formula:on	of	an	objec:ve	func:on	

• 	Neural	networks	has	been	used	in	HPC	for:	
◦  Energy	and	power	modeling	[1]	
◦  Performance	modeling	[2]	
◦  	Temperature	modeling:	
◦  For	GPU	temperature	modeling	[3]	
◦  For	coarse-grained	data	center	level	modeling	[4]	

1.  A.	Tiwari,	M.	A.	Laurenzano,	L.	Carrington,	and	A.	Snavely.	Modeling	power	and	energy	usage	of	HPC	kernels.	In	Parallel	and	Distributed	Processing	
Symposium	Workshops	&	PhD	Forum	(IPDPSW),	IEEE,	2012.	

2.  B.	C.	Lee,	D.	M.	Brooks,	B.	R.	de	Supinski,	M.	Schulz,	K.	Singh,	and	S.	A.	McKee.	Methods	of	inference	and	learning	for	performance	modeling	of	parallel	
applica:ons.	In	Proceedings	of	the	12th	ACM	SIGPLAN	Symposium	on	Principles	and	PracHce	of	Parallel	Programming,	PPoPP	'07,		2007.	

3.  A.	Sridhar,	A.	Vincenzi,	M.	Ruggiero,	and	D.	A:enza.	Neural	network-based	thermal	simula:on	of	integrated	circuits	on	GPUs.	IEEE	TransacHons	on	
Computer-Aided	Design	of	Integrated	Circuits	and	Systems	31.	

4.  L.	Wang,	G.	von	Laszewski,	F.	Huang,	J.	Dayal,	T.	Frulani,	and	G.	Fox.	Task	scheduling	with	ann-based	temperature	predic:on	in	a	data	center:	a	simula:on-
based	study.	Engineering	with	Computers,	2011.	

23		B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Neural Networks for Temperature PredicDon


Experimental	Setup:	
•  Firestone	cluster	at	

IBM	with	Power	8	
processors	

•  1	node	=	2	sockets,	20	
physical	cores,	160	
SMT	cores	

•  OCC,	and	BMC	for	
temperature,	power	
readings	
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•  Proof-of-concept	prototype	model,	other	models	can	also	be	used	in	my	solu:ons.	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Neural Network ConfiguraDon and ValidaDon


•  Other	configura:ons	include	number	of	layers,	and	number	of	neurons.		

•  We	test	different	back-propaga:on	algorithms	with	different	:me	
and	memory	requirements.		
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25		B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Model Guided ProacDve Cooling Decisions

• 	Fan	control	
◦  This	can	reduce	oscilla:ons	and	chip-to-chip	temperature	varia:ons.	
◦ What	should	be	the	fan	speed	level	to	be	able	keep	the	chips	at	a	
certain	temperature	limit?		

• 	Load	balancing	
◦  This	can	remove	core-to-core,	as	well	as	chip-to-chip	temperature	
varia:ons.	

◦ What	would	the	core	temperatures	become	if	a	certain	amount	of	
data	is	moved	from	one	core	to	another?		

• 	DVFS	
◦  Chip-level	DVFS	can	reduce	chip-to-chip,	core	level	DVFS	core-to-core	
temperature	varia:ons.	

◦ What	frequency	level	we	need	to	set	for	the	cores	to	stay	under	a	
temperature	limit	for	a	workload?		

26		B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



ProacDve Fan Control Mechanism


v  Preemp:ve	fan-control	removes	temperature	peaks,	and	
	 	is	able	to	keep	the	temperature	as	the	same	level	as	reac:ve	fan	control.	

v  The	key	idea	behind	precooling	is	to	cool	the	processor	proac:vely,	
		for	example,	before	the	applica:on	starts.	

v  It	can	be	done	via	job	scheduler,	and/or	run:me	without	taking	over	the	total	control.	
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27		B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	

45.6%	
reduc:on	

in	fan	power	

9.4%	
reduc:on	

in	fan	energy	



Decoupling the Fans


BEFORE	 AFTER	

28	

13%	reduc:on	
in	fan	energy	

7.7%	reduc:on	
in	fan	power	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Total ReducDon in Fan Power
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53%	reduc:on	
in	fan	power	on	

average	

22%	reduc:on	
in	energy	on	
average	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Remaining Temperature VariaDon
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•  How	to	mi:gate	intra-chip	temperature	varia:on?	
•  DVFS:	core-level	is	not	supported	in	many	architectures	L		
•  Load	Balancing	J		

30	

•  There	is	up	to	10	C	intra-chip	varia:on	that	cannot	be	mi:gated	by	decoupled	fans	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Temperature-Aware Load Balancing With Charm++


•  Load	balancing	has	poten:al	to	remove	both	chip	and	core	level	varia:ons.	

•  It	can	help	reduce	the	temperature	varia:ons,	but	how	do	we	decide	
	how	much	load	to	move?	

•  Charm++	has	an	run:me	database	which	stores:	
•  Number	of	tasks	per	process	
•  Load	of	each	object	

•  Load	balancing	is	triggered	periodically	
with	customizable	periods	

•  We	implement	our	temperature-aware	
model	guided	load	balancing	algorithm.		
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31		B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Summary: MiDgaDng Temperature VariaDon

• 	Analyzed	inefficiencies	in	cooling	systems	

• 	Proposed	solu:ons	based	on	a	neural	network	based	
temperature	predic:on	model:	

◦  Precooling	
◦  Decoupled	fan	control	
◦  Load	balancing	

• 	Our	results	shows:	
◦ We	can	accurately	predict	core	temperatures	
◦ Peak	fan	power	can	be	reduced	by	53%,	energy	by	22%	
◦ As	a	result,	air	cooling	systems	can	be	made	more	efficient	

32		B.	ACUN,	E.	K.	LEE,	Y.	PARK,	L.	V.	KALE.	“SUPPORT	FOR	POWER	EFFICIENT	PROACTIVE	COOLING	MECHANISMS”.	
IN	SUBMISSION	TO	HIPC,	2017.	



Outline

1.  Introduc:on	

2.  A	Dynamic	Run:me	Interac:ng	with	Data	Center’s	Resource	Manager	

3.  Varia:on	Analysis:	Power,	Temperature,	Frequency	

4.  Mi:ga:ng	Frequency	Varia:on	

5.  Mi:ga:ng	Temperature	Varia:on	

6.  Mi:ga:ng	Power	Varia:on	

7.  Mi:ga:ng	Within	Applica:on	Varia:ons	

8.  Conclusion	
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MiDgaDng Across Component Power VariaDon


CPU	 CPU	

GPU	 GPU	 GPU	GPU	

Heterogeneous	Compute	Node	Architecture	

Memory	 Memory	

Network	Card	 Network	Card	

•  Sierra	and	SummitDev	node	architecture.	
•  SummitDev	has	IBM	POWER8	CPUs,	NVIDIA	Tesla	P100	GPUs,	
DDR4	memory	and	Mellanox	EDR	Infiniband	network	adapters.	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK.	“MULTI-COMPONENT	POWER-AWARE	JOB	SCHEDULING	BASED	ON	NODE	AND	APPLICATION	
CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	 34	

•  An	exascale	architecture	having	fat	and	heterogeneous	compute	nodes	
•  Each	of	the	node	components	have	different	power	varia:ons	



Idle Power DistribuDon of Node Components
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CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	



CPU Power DistribuDon of Different Benchmarks
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36		B.	ACUN,	E.	K.	LEE,	Y.	PARK.	“MULTI-COMPONENT	POWER-AWARE	JOB	SCHEDULING	BASED	ON	NODE	AND	APPLICATION	
CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	



Random Node Assembly


Illustra(on of Data Center Components’ Efficiency 
in Random Assembly


Compute	Node	

CPU	

Memory	

GPU	

Power	efficiency	scale	

Efficient	 Not	Efficient	

Dic;onary:	

37		B.	ACUN,	E.	K.	LEE,	Y.	PARK.	“MULTI-COMPONENT	POWER-AWARE	JOB	SCHEDULING	BASED	ON	NODE	AND	APPLICATION	
CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	

•  Efficient	and	non-efficient	components	may	randomly	show	up	in	a	node.	



Categorized Node Assembly


Illustra(on of Type-1 Node Assembly
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•  Components	having	the	same	efficiency	level	are	gathered	in	the	same	node	
•  Data	center	consumes	less	power	if	not	at	full	load	
•  Customers	can	select	to	buy	only	efficient	nodes	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK.	“MULTI-COMPONENT	POWER-AWARE	JOB	SCHEDULING	BASED	ON	NODE	AND	APPLICATION	
CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	



AcDve Power DistribuDon of Components


39	

•  The	ac:ve	distribu:ons	are	fit	into	Gaussian	distribu:ons	
•  Extrapolated	from	~90	to	5000	nodes	in	order	to	represent	large	scale	
	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK.	“MULTI-COMPONENT	POWER-AWARE	JOB	SCHEDULING	BASED	ON	NODE	AND	APPLICATION	
CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	

CPU	 Memory	 GPU	



Categorized Assembly Power ReducDon
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40	

•  Total	power	consump:on	of	the	components:	6.5	MW	
•  Summit	is	expected	to	consume	13	MW	
	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK.	“MULTI-COMPONENT	POWER-AWARE	JOB	SCHEDULING	BASED	ON	NODE	AND	APPLICATION	
CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	



ApplicaDon Specific Node Assembly


Illustra(on of Type-2 Node Assembly


41	

•  Node	is	assembled	based	on	applica:on	characteris:cs:	
•  a	memory	intensive	applica:on	don’t	need	efficient	CPUs	

•  Performance	varia:ons	can	be	mi:gated	(up	to	16%)	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK.	“MULTI-COMPONENT	POWER-AWARE	JOB	SCHEDULING	BASED	ON	NODE	AND	APPLICATION	
CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	



Balanced Power Node Assembly


Illustra(on of Type-3 Node Assembly


				 		

42	

•  Makes	total	node	power	and	average	performance	more	predictable	
•  More	suitable	for	cloud	plasorms	

	B.	ACUN,	E.	K.	LEE,	Y.	PARK.	“MULTI-COMPONENT	POWER-AWARE	JOB	SCHEDULING	BASED	ON	NODE	AND	APPLICATION	
CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	



Summary: MiDgaDng Power VariaDon

		

• 	Analyzed	power	varia:on	of	different	components	in	the	node	

• 	Proposed	three	new	node	assembly	techniques:	
◦  Categorized	
◦  Applica:on	Specific	
◦  Balanced	Node	Power	

43		B.	ACUN,	E.	K.	LEE,	Y.	PARK.	“MULTI-COMPONENT	POWER-AWARE	JOB	SCHEDULING	BASED	ON	NODE	AND	APPLICATION	
CHARACTERISTICS".	PENDING	PATENT,	NO:	15/658,494.	JULY,	2017.	



Outline

1.  Introduc:on	

2.  A	Dynamic	Run:me	Interac:ng	with	Data	Center’s	Resource	Manager	

3.  Varia:on	Analysis:	Power,	Temperature,	Frequency	

4.  Mi:ga:ng	Frequency	Varia:on	

5.  Mi:ga:ng	Temperature	Varia:on	

6.  Mi:ga:ng	Power	Varia:on	

7.  Mi:ga:ng	Within	Applica:on	Varia:ons	

8.  Conclusion	
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MiDgaDng ApplicaDon-Level VariaDons


45	

•  Applica:ons	might	have	different	phases	or	kernels	that	execute	simultaneously	
and	have	different	“op:mal	frequency”	levels	

•  Unstructured	or	non-uniform	applica:ons	
•  Applica:ons	with	special	threads:	I/O,	communica:on	threads	

	
•  Run:me	can	decide	the	“op:mal	frequency”	of	each	applica:on	task	

•  Transparent	from	the	applica:on	
•  No	need	for	applica:on	modifica:ons,	inser:on	of	direc:ves	
•  Higher	efficiency	by	making	automated	fine-grain	op:miza:ons	

•  What	is	“op:mal	frequency”?	
•  Energy	minimal	frequency	
•  Lower	frequency	without	sacrificing	from	performance	
•  Highest	frequency	under	a	power-constraint	
•  Temperature	restraining	frequency	



Per-core DVFS Support in Three Architectures
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46	

•  Intel	Haswell	is	the	only	plasorm	that	supports	per-core	DVFS	in	produc:on.	



RunDme-based FuncDon-Level  
OpDmizaDon Approach


Sta$s$cs	
Collec$on	

• Collect	power	and	
performance:	
• For	each	entry	
method	in	every	
chare	instance	

• For	each	
frequency	level	

Op$mal	
Frequency	
Calcula$on	

• Mode	1:	Minimal	
energy	mode	

• Mode	2:	
Maximum	
performance	

Op$mal	
Frequency	
Applica$on	

• Execu@on	@me	
and	overhead	
threshold	

47	

•  Charm++	“entry	methods”	naturally	enables	separa:on	and	control	
of	different	kernels	of	the	applica:ons.	



No Core-Level Power Data Available
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•  Use	a	locking	mechanism	–	one	core	ac:ve	at	a	:me	
•  Subtract	sta:c	power	of	idle	cores	

•  Does	measurements	one	core	reflect	overall	measurements?	
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Entry-based DVFS


Running	at	F1	:	Energy	Op2mal	Frequency	

Kernel-2	

Tlatency	

Kernel-1	

Toverhead	 Tx	

Running	at	F2	:	Energy	Op2mal	Frequency	

Ω
	

…	

:	Energy	
Loss	

:	Sub-op2mal	
Energy	

Ω
	 Ω
	

Running	at	F1	

Ω
	

Send	command	to		
change	freq	to	F2	

Freq	is		
changed	to	F2	

Ω
	

Timeline	

49	

T_overhead	=	2-5	microseconds	
T_latency	=	up	to	500	microseconds	



Energy ReducDon for Different Kernel DuraDons
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•  The	op:mal	frequency	of	the	target	kernel	is	2.3	GHz	
•  It	does	not	worth	transi:oning	from	1.7-2.8	GHz	
•  Shorter	kernel	dura:ons	have	less	benefit	due	to	overhead	and	latency	
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Summary: MiDgaDng ApplicaDon VariaDons


• 	Task-based	run:me	can	do	fine	grained	op:miza:ons	by	op:mizing	
	each	kernel	of	the	applica:on	

• 	The	performance	of	a	kernel	or	task	depends	on	what	other	cores	are	running		
◦  Need	core-level	power	counters	

• 	Per-core	DVFS	needs	to	have	less	latency	and	overhead	to	be	prac:cal	

51	



Outline

1.  Introduc:on	

2.  A	Dynamic	Run:me	Interac:ng	with	Data	Center’s	Resource	Manager	

3.  Varia:on	Analysis:	Power,	Temperature,	Frequency	

4.  Mi:ga:ng	Frequency	Varia:on	

5.  Mi:ga:ng	Temperature	Varia:on	

6.  Mi:ga:ng	Power	Varia:on	

7.  Mi:ga:ng	Within	Applica:on	Varia:ons	

8.  Conclusion	
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Concluding Remarks

• 	Large	scale	systems	exhibit	variability	due	to	various	reasons	and	likely	to	
con:nue	exhibit	in	the	future.	

• 	Variability	is	bad	for	performance	reproducibility	and	debugging.	

• 	Removing	the	variability	is	inherently	difficult.	

• 	Instead	run:mes	or	soHware	systems	should	know	and	accommodate	for	
variability.	

• 	Support	from	HPC	systems	to	enable	power,	temperature	related	
measurements	and	controls	are	key	in	achieving	this.	
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Thank you!
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