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				Design	Features:	
–  RDMA-based	HDFS	write	and	
replicaNon	

–  JNI	Layer	bridges	Java-based	HDFS	with	
naNve	communicaNon	library	

–  On-demand	connecNon	setup	
–  Java	Direct	Buffer	ensures	zero	copy	
data	transfer	

Enables	high	performance	RDMA	communicaKon,	while	
supporKng	tradiKonal	socket	interface	[1]	

Reduced	by	30%	

Overlapping	in	SEDA-based	Approach	
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v 	SEDA-based	approach	for	HDFS	Write	[2]		
Ø  Re-designs	 the	 internal	 so^ware	 architecture	

from	OBOT	to	SEDA		
Ø  Maximizes	overlapping	among	different	stages	
Ø  Incorporates	RDMA-based	communicaKon		

v Default	 HDFS	 adopts	 One-Block-One-Thread	 (OBOT)	
architecture	 to	 process	 data	 sequenNally;	 good	 trade-
off	between	simplicity	and	performance	
v In	 OBOT	 architecture,	 incoming	 data-packets	 should	
wait	 for	 the	 I/O	 stage	 of	 the	 previous	 packet	 to	 be	
completed	before	they	are	read	and	processed	
Ø  Limits	 HDFS	 from	 fully	 uNlizing	 the	 hardware	

capabiliNes		

v 	In	RDMA-Enhanced	HDFS,	bo"leneck	moves	from	
data-transmission	to	data-persistence	
v  	Staged	Event-Driven	Architecture	(SEDA):	a	high-

throughput	design	approach	for	Internet	services		
Ø  Decomposes	complex	processing	logic	into	a	set	

of	stages	connected	by	queues	

	

v Four	 stages:	 (1)	 Read	 (2)	 Packet	 Processing	 (3)	
ReplicaNon	(4)	I/O	
v No.	of	 threads	 in	each	 stage	 is	 appropriately	 tuned	 so	
that	 RDMA-enhanced	 HDFS	 can	 make	 maximum	
uNlizaNon	of	the	system	resources	
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v  The	proposed	framework	improves	communicaNon	and	I/O	performance	of	HDFS	and	leads	to	maximized	
overlapping	and	storage	space	savings	on	modern	clusters		

v  In	the	future,		we	would	like	to	propose	efficient	data	access	strategies	for	Hadoop	and	Spark	applicaNons	
on	HPC	systems	

v  We	will	also	evaluate	our	proposed	designs	using	different	Big	Data	applicaNons	

Batch	ApplicaKons	
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Client	

(HDFS	Architecture)	

v HDFS	is	the	underlying	storage	for	many	Big	Data	processing	
framework	like,	Hadoop	MapReduce,	HBase,	Hive		and	Spark		

v HDFS	has	been	widely	adopted	by	reputed	organizaNons	like	Facebook	
and	Yahoo	to	store	petabytes	of	data		

v ReplicaNon	is	the	primary	fault	tolerance	mechanism	for	HDFS;	
replicaNon	enhances	data-locality	and	read	throughput	and	makes	
recovery	process	faster	in	case	of	failure	

v HDFS	uses	Sockets	for	communicaNon	and	cannot	fully	leverage	the	
benefits	of	high	performance	interconnects	like	infiniBand	

v  I/O	performance	in	HDFS	as	well	as	the	requirement	of	large	amount	of	
local	disk	space	due	to	the	tri-replicated	data	blocks	is	of	major	concern	
for	HDFS	deployment	

v HDFS	cannot	take	advantage	of	the	heterogeneous	storage	devices	
available	on	HPC	clusters	

	31%	

	24%	

53%	
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TestDFSIO	 So^ware	DistribuKon	
v  The	designs	proposed	in	this	research	are	available	for	the	community	in	RDMA	for	Apache	Hadoop	

package	from	the	High	Performance	Big	Data	(HiBD)	project	(h"p://hibd.cse.ohio-state.edu)	
v  As	of	September	’16,	more	than	18,200	downloads	(more	than	190	organizaNons	in	26	countries)	have	

taken	place	from	the	project’s	website	

•  Two	modes:	(1)	Default	(HHH)	(2)	Lustre-Integrated	(HHH-L)	
•  RAM	Disk	and	SSD	–based	buffer-cache	
•  Placement	policies	to	efficiently	uNlize	the	heterogeneous	storage	devices,	

Hybrid	ReplicaNon	
•  EvicNon/PromoNon	based	on	data	usage	pa"ern	
•  Lustre-Integrated	mode:	Lustre-based	fault-tolerance	
•  Caching	hierarchical,	placement	hybrid	
•  Key-Value	Store-based	burst	buffer	
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Data HDFS	with	Heterogeneous	Storage:	
v  HDFS	cannot	efficiently	uNlize	the	heterogeneous	

storage	devices	available	on	HPC	clusters	
v  LimitaNon	comes	from	the	exisNng	placement	policies	

and	ignorance	of	data	usage	pa"erns	

Triple-H	proposes	a	hybrid	approach	to	uKlize	the	heterogeneous	
storage	devices	efficiently	[3,	4,	5]	

Storage	Used	(GB)	
HDFS	 360	
Lustre	 120	
HHH-L	 240	
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•  RDMA	over	NVM:	(D	(DRAM)-to-N	(NVM),	N-to-D,	N-to-N)	
•  NVM-based	I/O	(Block	Access,	Memory	Access)	
•  Hybrid	Design	(NVM	with	SSD)	
•  Co-Design	(Cost-effecNveness,	Use-case)	

•  Stores	only	Write	Ahead	logs	(WALs)	to	NVM	
•  Stores	only	job	output	of	Spark	to	NVM	
•  NVFS	as	a	burst	buffer	for	Spark	over	Lustre		

•  For	in-memory	storage	in	HDFS,	persistence	is	challenging;	
compeNNon	for	memory	between	computaNon	and	I/O	

•  NVM	(byte-addressable	and	non-volaNle)	emerging	in	HPC	
systems;	CriNcal	to	rethink	HDFS	architecture	to	exploit	NVM	
along	with	RDMA		

1	

ApplicaKons	and	Benchmarks	
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Cluster	Size	:	No.	of	Records	
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HBase	100%	insert	on	SDSC	Comet	
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•  Exploit	byte-addressability	of	NVM	for	HDFS	communicaKon	
and	I/O	[6]	

•  Re-design	HDFS	storage	architecture	with	memory	semanKcs	

Reduced	by	2.4x	

Spark	TeraGen	on	SDSC	Gordon	

Gain	for	CloudBurst:	19%	over	HDFS	
Gain	for	MR-MSPolygraph:	79%	over	Lustre	
HHH-L	offers	be"er	data	locality	over	Lustre	

	

Gain	over	HDFS:	13%	
Gain	over	Tachyon:	9%			
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Increased	by	7x	

Increased	by	2x	

HHH-L	reduces	local	storage	
requirement	

As	I/O	bo"lenecks	are	reduced,	
RDMA	offers	larger	benefits	than	
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