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❏  Data challenges at the Square Kilometre Array (SKA)

❏  Memory-based computing

❏  Divide&Conquer in image processing

❏  Summary and outlook
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SKA-Low: 50 – 350 MHz 
                   ~130,000 antennas 
                   across 65km  

SKA-Mid: 350 MHz – 24 GHz 
                 200 15-m dishes 
                 across 150 km 

SKA: Telescopes in AU & SA 
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MeerKAT 

Center of Milkey Way: mysterious „fibers“ around 
                                         supermassive Black Hole    (July 2018)

Lorenzo Raynard (SKACON)
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Lorenzo Raynard (SKACON)

A	composite	of	the	radio	bubbles	in	the	GalacDc	Centre	and	the	MeerKAT	telescope	
(SARAO;	I.	Heywood	et	al.,	Nature,	Sept.	2019).	

MeerKAT 



_Hß_

SK
A
	(r
oh

)	
SK

A
	

CT
A
	(r
oh

)	
In
te
rn
et
	

Petabyte/a	

Exabyte/a	

ZeUabyte/a	

SK
A
	(r
aw

)	
SK

A
	

LH
C	

CT
A
	(r
aw

)	
CT

A
	

In
te
rn
et
	(2

01
3)
	

B
us
in
es
s	
Em

ai
l	

In
te
rn
et
	(2

01
6)
	

LH
C	
(2
02

7)
	

6 

Data	irreversibility	challenges	
-  reducDon	in	near-realDme	
-  dramaDc	loss	of	informaDon	
-  machine	learning		
-  simulaDon	

																Data Volumes 



Das Bild kann nicht angezeigt werden. Dieser Computer verfügt möglicherweise über zu wenig Arbeitsspeicher, um das Bild zu öffnen, oder das Bild ist beschädigt. Starten Sie den Computer neu, und öffnen Sie dann erneut die Datei. Wenn weiterhin das rote x angezeigt wird, müssen Sie das Bild möglicherweise löschen und dann erneut einfügen.
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Offline-Challenge : Huge Data Objects 
Automated detection and calculation  
of galaxy rotation curves in HI surveys 

SKA cube ~ 0.9 PB 

ASKAP HI Cube  (Jurek et al. 2010,  
3D visualization: Hassan et al.)  	

❏  SKA:	up	to	1	Petabyte	/	Cube	
■  36.600	x	36.600	x	250.000		pixel	
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   Sandbox @ HP Labs 

Sandbox	(=	2	Superdome	Flex)	
❏  64	processor	sockets	

■  4	processors	per	chassis	
❏  18	cores	per	processor	
❏  48	TB	memory	(no	discs)	
					

NUMAlink	cabling	
❏  Point-to-point	between	
						each	chassis	
❏  13.3	GB/s	
										

Subsystem	(�	HTW	Berlin)	
❏  1	chassis	�	Linux	
❏  1	chassis	�	Linux	
❏  2	chassis	�	Fabric	AUached	Memory	(FAM)	

HPE:	Superdome	Flex	server	architecture	and	RAS.	Technical	white	paper	(2019).

32-socket	Superdome	Flex
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Sandbox – Librarian File System 

❏  LFS:	interface	for	accessing	FAM	books	(				)	

CPU1	

	Librarian	File	System	(LFS)	

	
	
	

															FAM	pool	

DRAM	

CPUn	
	

DRAM	
...

FAM	FAM	
FAM	book	
•  basic	unit	
•  8	GB	

•  Concurrent	access	
from	mulDple	nodes	
to	shared	FAM	pool	

•  Cache-coherence:	
yes,	if	CPU	+	FAM	on	
the	same	node					
(else:	no)	

⇒ Atomic	work	between		
					FAM	nodes	



Memory-based Computing using LFS 

❏  Data	on	the	FAM	are	byte-addressable		
❏  C++	snippet:	

  fd = open(“/lfs/in.dat”, O_RDONLY);
  size = lseek(fd, 0, SEEK_END);
  *srcAddr = (char *)mmap(NULL, size, PROT_READ, 

               MAP_SHARED, fd, 0);
  cout << srcAddr[42];
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Analysing Big Data 

SKA cube ~ 0.9 PB 

❏  MapReduce	method	
■  Program	model	for	distributed	compuDng	(pro:	simple	interface,	con:	slow).	
■  Map	step:	input	data	are	processed	and	chunks	of	data	are	created,	
■  Reduce	step:	the	chunks	are	shuffled	to	appropriate	nodes,	where	they	are		

further	processed,	
■  and	the	final	results	are	collected	(or	a	next	map	step	is	followed).		

Input	 Output

Map()	

Map()	

Map()	

Reduce()	

Reduce()	

shuffle		(boUleneck:	node	connecDons)	

Reduce()	



In-memory Spark    _ 
(Sparkle)       _ 
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M.	Kim,	et	al.:	Sparkle:	Op+mizing	
Spark	for	Large	Memory	Machines	and	
Analy+cs	(2017).	SoCC	'17:	ACM	
Symposium	on	Cloud	CompuDng.	
arXiv:1708.05746.		

Spark	
Sparkle	

 



In-memory Spark (Sparkle)  _ 
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❏  Superdome X: 16 NUMA nodes, 240 cores, 12 TB DRAM 
■  Spark: TCP/IP over Infiniband (IB) for shuffling data between nodes
■  Sparkle: shared-memory shuffle engine

M.	Kim,	et	al.:	Sparkle:	Op+mizing	Spark	for	Large	Memory	Machines	and	Analy+cs	(2017)	
SoCC	'17:	ACM	Symposium	on	Cloud	CompuDng,	arXiv:1708.05746.		

5.4B	key-value	pairs	
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Thrill 

❏  High-performance	C++	framework	for	distributed	Big	Data	processing.	
❏  Data	are	transferred	to	a	Distributed	Immutable	Array	(DIA)	of	items.	
❏  A	DIA	can	be	modified	by	predefined	“operaDons”.	For	example,	
	

A	

B	=	A.Map(...)	

C	=	B.Sort(...)	

hUp://project-thrill.org	
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Thrill 

❏  High-performance	C++	framework	for	distributed	Big	Data	processing.	
❏  Data	are	transferred	to	a	Distributed	Immutable	Array	(DIA)	of	items.	
❏  A	DIA	can	be	modified	by	predefined	“operaDons”.	For	example,	

A	

B	=	A.Map(...)	

C	=	B.Sort(...)	
worker1	 worker2	 worker3	

host1	 host2	network	
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        Thrill on a cluster 

❏  Workflow	on	hosts	is	coordinated	collecDvely	over	network.	

	
❏  On	each	host	of	a	cluster,	start	a	Thrill	binary,	and	specify	

■  the	working	memory	limit,	
■  the	number	p	of	“workers”	per	host	(default:	p	=	number	of	detected	cores).	

❏  CommunicaDon	between	hosts	via	network	protocol.		
■  TCP,		for	tesDng:	local	mock	(“peers”	exchange	messages	via	shared	memory).	

❏  Input/output	stored	on	distributed	file	system	(e.	g.	NFS,	HDFS).	

Core	 Core	 Core	 Core	 Core	 Core	

Network	
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Thrill – operation on DIA   _ 

SKA cube ~ 0.9 PB 

	
	
				requires	communicaDon				
				between	workers	

T.	Bingmann:		Scalable	String	and	Suffix	SorDng,	PhD	Thesis,	KIT,	2017.	

⇒ 	word	counDng			
					(see	below)	
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Thrill – performance       _ 

SKA cube ~ 0.9 PB 

❏  WordCount1000:	n·32	GB	text	files,	1000	unique	words	
❏  WordCountCC:	n·19	GB	text	files	(gzip-compressed),	huge	number	of	unique	words	
❏  10	Gb/s	TCP	network	between	n	Nodes	

T.	Bingmann:		Scalable	String	and	Suffix	SorDng,	PhD	Thesis,	KIT,	2017.	

n	 n	

_Hß_



19 

Sandbox + Thrill 

❏  Test:	counDng	words	in	texqile	

CPU1	

		Librarian	File	System	(LFS)	

Storage						
	

FAM	
	
	
	

																FAM	pool	

DRAM	

CPUN	
	

DRAM	
...

FAM	

/lfs/in.dat	 /data/in.dat	

/data/out.1.dat	

/data/out.N.dat	

Result:	failure,	
if	#worker	>	1	!	

Ext4	

Linux	

using	“word_count_simple.cpp”	

_Hß_
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Thrill: transferring data into DIA 

SKA cube ~ 0.9 PB 

❏  Thrill::ReadLines(…, “lfs/in.dat“) 
■  Each	of	n	workers	reads	a	part	of	the	texqile	in.dat.			
�	Race	condiYons,	if	n	>	1.	
	

❏  Thrill::EqualToDIA
■  Distributes	vector	components	to	n	workers			
■  Main	thread	(iniDalizaDon)	

❍  CreaDng	n-dim	vector	by	splitng	memory-mapped	texqile	into	n	pieces.	
■  Worker	threads	

❍  Phase	1:	EqualToDIA	for	spreading	vector	over	workers	and	generaDng	DIA.	
❍  Phase	2:	ReduceByKey	for	counDng	number	of	words.	

�	No	race	condiYons	�	
	

	

_Hß_
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Sandbox + Thrill 

❏  Word	counDng:	texqile	with	randomly	distributed	words		
❏  Phase	1:	Dme	for	distribuDng	the	vector	components	(EqualToDIA	)	

							E.	Buchholz,	H.H.	(HTW	Berlin)	
							with	strong	support	from	R.	Craig,	B.	Hayes,	B.	Tanner,	H.	Schultze	(HPE)	

_Hß_
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Sandbox + Thrill 

❏  Word	counDng:	texqile	with	randomly	distributed	words	
❏  Phase	2:	Speedup	=	Time(1	worker)	/	Time(n	workers)	

						E.	Buchholz,	H.H.	(HTW	Berlin)	
						with	strong	support	from	R.	Craig,	B.	Hayes,	B.	Tanner,	H.	Schultze	(HPE)	

9	GB:	THRILL_RAM	=	279	GB	
Chassis:		1.57	TB	

_Hß_



Imaging in Digital Pathology 
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1024	x	1024	px2	
no	cancer	

cancer	Tissue	secDon	

				M.	Strutz,	H.H.,	P.	Hufnagl:	A	Gray-box	Tes+ng	Method	for	Divide&Conquer	in	Image	Processing	
				IEEE	Big	Data,	Dec.	9.-12.	2019,	Los	Angeles.	



Splitting image into tiles 

Divide & Conquer in image processing 
25 

Running Ki67-framework on each tile  



Splitting image into tiles 

Divide & Conquer in image processing 
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2 2 2 2 

Absurd result:  
  parallelization  
  cures cancer !?  

 
 
 

no cancer 
medium cancer 

cancer 

Running Ki67-framework on each tile  

	M.	Strutz,	H.H.,	A.	Streit:	The	Challenge	of	a	Strong	Speed-Up	of	a	Bio-	
medical	Big	Data	Applica+on,		IEEE	Big	Data,	Dec.	10.-13.	2018,	Los	Angeles.	



Divide & Conquer in image processing 
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“Divide”: provides new dimensions to look at. 



Divide & Conquer in image processing 
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“stable” tiles all tiles 



Summary and outlook 
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❏  Data	challenges	@	SKA	
■  Data	irreversibility	
■  Huge	data	objects	

❏  Memory-based	compuDng	
■  First	tests	on	the	HPE	Sandbox	using	the	Big	Data	framework	Thrill	
■  Next	step:	exploring	a	selected	astronomical	workflow	(CASA?)	

❍  Open	standards	for	pooled	memory,	e.g.	Open-SHMEM,	Gen-Z,	OpenFAM		

❏  Divide&Conquer	in	image	processing	
■  Fundamental	assumpYon	of	Divide&Conquer:	parDal	problems	are	of	the	

same	type	as	the	problem	itself	
■  Stability	condiYons	for	divide	steps	�	idenDficaDon	of	regions	where	the	

outcome	of	a	workflow	is	not	reliable		
■  Extending	Thrill	

❍  		Generalizing	EqualToDIA	from	vectors	to	n-dim	tensors	
o  DIA-operators	for	overlapping	subsets	of	data	


