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Background-General	SVD
A=U∑VT

U	=	[u1u2,	...,	uM]	∈RM× RM
V	=	[v1v2,	...,	vN]	∈ RN× RN
Σ=diag(σ1,...,σν)=	UTAV,	Σ∈RM×RN,	ν=min{M,	N},	σ1	≥σ2	≥...≥σν ≥0.



Background-General	SVD
Example:	A=U∑VT

A =



Background
lLow-Rank	SVD	Approximation
A=Uk∑kVk

t

∑k:		largest	k	singular	values	of	A
large	matrix	in	image	processing

lLAPACK/MAGMA/CUBLAS-XT	software	framework



Algorithm--Power	iteration
Matlab Code	“svd_rand./”	SVD	approximation

function	[u,s,v]	=	svd_rand(A,	k,	l,	max_iters)

q	=	randn(n,k+l);

[q,r]	=	qr(q,0);

for	iter=1:(max_iters-1)

p	=	A*q;

q	=	A'*p;

[q,r]	=	qr(q,0);

end

p	=	A*q;

[p,b]	=	qr(p,0);

end

[x,s,y]	=	svd(b);

uk =	p*x(:,1:k);

s	=	s(1:k,1:k);

vk=	q*y(:,1:k);



Algorithm	and	Math	Model
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Computational	Cost
LAPACK	SVD:	M*N*N floating	point	operations	(FLOPS)
randomization	algorithm:	{2*[2*M*(K+L)*N]*max_iterations}	FLOPS

M*N*N>{2*[2*M*(K+L)*N]*max_iterations}
N>4*(K+L)*max_iterations

P=A*Q/	Q=AT*P:	2*N*M*K FLOPS

Matrix Size

A M-by-N

Q N-by-(K+L)

P M-by-(K+L)

B (K+L)-by-(K+L)

X (K+L)-by-(K+L)

YT (K+L)-by-(K+L)

SI (K+L)-by-1

S K-by-1

uk M-by-K

vk N-by-K



QR	Decomposition
[q,r]	=	qr(q,0);
q=q*r
In	linear	algebra,	a QR	decomposition (also	called	a QR	
factorization)	of	a	matrix	is	a decomposition of	a	matrix	A	into	
a	product	A	= QR of	an	orthogonal	matrix	Q	and	an	upper	
triangular	matrix	R.



Optimization	of	the	algorithm
Cholesky QR	

efficiency	(Gflops/s): giga-flops	per	second:	109	flops	per	second

algorithm	of	Cholesky QR	Decomposition:	

(1)G=CTC

(2)G=RTR

(3)	Q=CR-1



(1)G=CTC

(2)G=RTR

(3)	Q=CR-1

•suppose	C	is	an	m	× n	matrix	with	linearly	independent	columns

•	the	matrix	G	=	CTC	is	positive	definite	

every	positive	definite	matrix	G	∈ Rn×n can	be	factored	as	G=	R	TR	where	R	is	upper	triangular	
with	positive	diagonal	elements	

•	complexity	of	computing	R	is	(1/3)n3	 flops

•	R	is	called	the	Cholesky factor	of	G

Optimization	of	the	algorithm
Cholesky QR	



EXAMPLE

Optimization	of	the	algorithm
Cholesky QR	



Optimization	of	the	algorithm



Project	Scheme
1.	Implementing	the	randomized	algorithm	using	LAPACK	on	CPU	

2.	Implementing	the	randomized	algorithm	using	MAGMA	on	GPU	

3.	Implementing	the	out-of-memory	randomized	algorithm	on	GPU

-manual	pipelining.

-UMA

-CUBLAS-XT

4.	set	up	tester	to	compare	performances



Device:	Tesla	K80,	823.5	MHz	clock,	11439.9	MiB memory,	capability	3.7

1	MiB =	220 bytes =	1024 kibibytes = 1048576bytes	

11439.9Mib*1048576=1.1996e+10 bytes
Sqrt(12e9/8)=3.8730e+04

Out-of-Memory	GPU	Implementation



Out-of-Memory	GPU	Implementation
manual	pipelining

P=0;

For		k=1,2,3…..

set	(Ak to	dA);

P=P+AkQk;

end

A1 A2 A3

Q1

Q2

Q3

P=A*Q
=

Q

A

P

P



For		k=1,2,3…..

set	(Ak to	dA);

Qk=Ak
tP;

end

A1
t

A2
t

A3
t			

Q1

Q1

Q1

Q=At*P
=

QA

P

P

Out-of-Memory	GPU	Implementation
manual	pipelining



NB:	the	number	of	rows	of	Ai

calling	cudaMemGetInfo()

NB	= (0.8	*	(freeMem/sizeof (magmaDoubleComplex)))/	(N	*	num_queues);

NB	=	MAX	(1,	MIN	(MIN	(N,	KL),	NB));

Out-of-Memory	GPU	Implementation
manual	pipelining



Time	Line

Set			 gemm set gemm setgemm

Out-of-Memory	GPU	Implementation
manual	pipelining



Time	Line

Set			

gemm

set

gemm

set

gemmqueue1

queue2

Out-of-Memory	GPU	Implementation
manual	pipelining



UMA
Unified	Memory	Access.	
Unified	Memory	creates	a	
pool	of	managed	memory	
that	is	shared	between	the	
CPU	and	GPU.	

Out-of-Memory	GPU	Implementation
UMA
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DGEMM
DGEMM+Set,pinned
DGEMM+Set
DGEMM+UMA

Out-of-Memory	GPU	Implementation
UMA



lNVIDIA	cuBLAS library	: a	fast	GPU-accelerated	implementation	of	the	standard	
basic	linear	algebra	subroutines	(BLAS).

laccept	arrays	on	CPU	and	break	up	the	matrix	on	CPU	into	blocks	and	perform	
data	transfer	and	computations	on	GPU.

lmultiple	GPUs	on	the	same	node

Out-of-Memory	GPU	Implementation
CUBLAS-XT



Performance	Results
‘zgesvd_rand_cpu.cpp ’:	CPU
‘zgesvd_rand.cpp’:in-core	on	GPU
‘zgesvd_rand_m.cpp’	:	out-of-core	using	manual	pipelining
‘zgesvd_rand_uma.cpp’:	out-of-core	using	UMA&CUBLAS.



Name Steps

QR(Q)	 [q,r]	=	qr(q,0);

Gemm(Q)	 q	=	A'*p

Gemm(P)	 p	=	A*q;	

QR(P)	 [p,b]	=	qr(p,0)

SVD [x,s,y]	=	svd(b)

Gemm(X)	 u	=	p*x(:,1:k)

Gemm(Y) v	=	q*y(:,1:k)

GET-SET setmatrix and	getmatrix

Performance	Results



Comparison	1:	M=2000,	k=10,	max_iteration=10	
change	N
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Comparison	1:	M=2000,	k=10,	max_iteration=10	
change	N
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Comparison	2:	N=2000,	k=10,	max_iteration=10
change	M
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Comparison	3:	M=10000,	N=2000,	max_iteration=10
change	k
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Comparison	3:	M=10000,	N=2000,	max_iteration=10
change	k
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Comparison	4:	M=10000,N=2000	k=10
change	max_iteration
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Comparison	4:	M=10000,N=2000,	k=10
change	max_iteration
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Motivation	and	Application
lLatent	Semantic	Indexing	(LSI)

lGenetic	clustering

lsubspace	tracking

limage	processing



Future	Work
multiple GPU: CUBLAS-XT

randomized sampling and updating methods
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