A tale of efficiency and productivity.
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Computing Petaflops over Terabytes of Data:
The Case of Genome-Wide Association Studies.
ACM Transactions on Mathematical Software, 2014.
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International Supercomputing Conference, 2015.
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High-Performance Generation of the Hamiltonian and Overlap Matrices in
FLAPW Methods.
Computer Physics Communications, 2017.
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LEND High-Performance Solvers for Dense Hermitian Eigenproblems.

SIAM Journal on Scientific Computing, 2013.
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LEN? TTC: A High-Performance Compiler for Tensor Transpositions.

ACM Transactions on Mathematical Software, 2017.

-

0
ih—WV(r, t) =
Mot (r.1) [2u
SCHRODINGER EQN.

“V+ V(r, t)J W(r, t) ‘

f
i

/15



A historical perspective: It used to be “easy”
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Performance = Op.Count
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Op.Count

i

... but productivity?
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From math to code

Scalars
Vectors & matrices

Tensors
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Scalars

[1954]: FORTRAN  (IBM, John Backus)
“Specifications for the IBM Mathematical FORmula TRANslating system, FORTRAN"

no more Assembly!  —  compiler
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Scalars

[1954]: FORTRAN  (IBM, John Backus)
“Specifications for the IBM Mathematical FORmula TRANslating system, FORTRAN"

no more Assembly! —  compiler —  ACM Turing award (1977)

Pros: A gigantic body of work on compilers

Cons: Almost never the “right” level of abstraction
Blocking /tiling
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Vectors & Matrices

[70s, ..., today]: Identification, standardization, optimization of building blocks
Libraries: LINPACK, BLAS, LAPACK, FFTW, ...

Convenience, portability, separation of concerns
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Vectors & Matrices

[70s, ..., today]: Identification, standardization, optimization of building blocks
Libraries: LINPACK, BLAS, LAPACK, FFTW, ...

Convenience, portability, separation of concerns

[80s—early 90s|: Memory hierarchy —  Op.Count # Performance

Libraries —  necessity

7/15



oo
P’chggo,

—-1RpTRrA-1
A(BTB+ ATRTARA)"1BTBA-1y
X =

{

C == PCPT +Q 1
K := CiHT(HCHT)~

E:=Q U/ +UTQ1U)tUT |

inteD

Xeon pp

[MUL|[ADD || MOV |

15



C == PCPT +Q
K := GGHT(HGHT)1

E:=Q U/ +UTQ1U)tUT |

x:=A(BTB+ ATRTARA)"1BTBA~ly {

y::ax+y|| LU=A I .-+ ] C:=aAB+3C

X =A1Bl|C=AB"+BAT+C|| X=L"ML-T || QR

LINPACK @ BLAS G LAPACK G

ntel)

A

[MUL|[ADD || MOV |

Xeon ph

Xea
n
Process,




x:=A(BTB+ ATRTARA)"1BTBA~ly

C == PCPT +Q
K := GGHT(HGHT)1

+UTQ 1u) luT

")

y—ax+y|| LU=A .| c:=aAB+5C

X=A"B||C=ABT +BAT + C|| X =L*ML~T QRR=A

LINPACK . BLAS . LAPACK ‘

[MUL|[ADD || MOV |

MOVAPD
VFMADDPD

inte])

Xeo,
n
Processy,,

15



C. = PCPT + Q
— A(BTB+ ATRTARA)~1BTBA~! f
x=AB B ) 4 ‘ {K = G HT(HCHT)

E:=QlU(l+ UTQtU)tUT

LINEAR
ALGEBRA
MAPPING Y
y i =ax+y PROBLEM =aAB+ 5C
X =A1B|| C:=/ (LAMP) “ML-T Y] Qr=A

LINPACK @ BLAS & LAPACK G

[MUL|[ADD || MOV |

Xea
n
Process,




Linear Algebra Mapping Problem (LAMP)
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E: a list of assignments  var; := EXP;

JC: a list of available computational kernels (BLAS, LAPACK, ...)
M: a metric (FLOPs, data movement, stability, time)
LAMP:

Find a decomposition of the expressions £ in terms of the kernels IC,
optimal according to the metric M.

15



Linear Algebra Mapping Problem (LAMP)

E: a list of assignments  var; := EXP;

JC: a list of available computational kernels (BLAS, LAPACK, ...)
M: a metric (FLOPs, data movement, stability, time)
LAMP:

Find a decomposition of the expressions £ in terms of the kernels IC,
optimal according to the metric M.

Find a decomposition — easy

Achieve optimality — NP complete
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A well-known problem

High-level languages
Matlab
R
Julia

Mathematica

Libraries

Armadillo
Blaze
Blitz
Eigen

NumPy

11/15



A well-known problem

High-level languages

Matlab
R
Julia

Mathematica

Productivity!

Libraries

Armadillo
Blaze
Blitz
Eigen

NumPy

11/15



A well-known problem

High-level languages

Matlab
R
Julia

Mathematica

Productivity!

Libraries

Armadillo
Blaze
Blitz
Eigen

NumPy

... but efficiency?

11/15



Example

w = AB~lc, SPD(B)
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Example

Naive <+ NEVER!!
w = Axinv(B)*c

Recommended
w = A*x(B\c)

Expert
L = Chol(B)
w = A *x (L’\(L\c))

w = AB~lc, SPD(B)

Generated - “Linnea” by H. Barthels

ml0 = A; mll = B; ml2 = c;

potrf! (°’L’, ml1)

trsv!(°L’, °N’, °N’, mll, ml2)
trsv!(°L’, °T’, °N’, mll, ml2)

ml3 = Array{Float64}(10)

gemv! (°’N’, 1.0, ml0, ml2, 0.0, ml3)
w = ml3
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Experiments

# Example
1 b:=(X"X)"XTy FullRank(X)
2 b= (XTMIX)1XTM1y SPD(M), FullRank(X)
3 W:=A'BCDTEF LowTri(A), UppTri(D, E)
4 {X . AB:IICT SPD(B)

Y :=DB A
5 x:= W(AT(AWAT)"1b — ¢) FullRank(A, W)

Diag(W), Pos(W)
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Linnea — Performance results

Linnea's speedup over ...

The Generalized Matrix Chain Algorithm, CGO 2018 (submitted).
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Tensors
Building blocks?
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Tensors

Building blocks?
BLAS, LAPACK

o= > (Ar%) ArS+(82) BYC nal?

a L=(I,m)

H)g ¢ = Z Z ( 1at! T L]a ALa t) + ( Iar T[’/tf;]a BL,a,t)

[BA] [BB]

+ <Bi’,a,t’ 7_L’ L; aAL737t> + (B;_k’,a,t’ TL’ ,L;a BL,a,t) .

Generation of Overlap and Hamiltonian Matrices, CPC, 2017.
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Tensors

Building blocks?
BLAS, LAPACK

—
H O © 0N W WN -

—
)

for i +=1,...,Na:

try:
¢, = Chol(T}A4)y (zpotrt: N3 + O(N2) FLOPs)
success:
Y, = C’an (ztrmm: 4N%NG FLOPs)
add Y, to Ygpp
failure:
X, =T, (zhemm: 8N2 N FLOPs)

add Xq to X_upp

add A, to A_gpp
HE = A X reD (zgemm: 8N4 _;op, NL NG FLOPs)
H += Y{L, Yypp (zherk: 4Ny, NL NZ FLOPs)

10x more flops. Speedups: 1.5-2.5x.
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Tensors

» Building blocks?
» BLAS, LAPACK

Xr

Computing Petaflops over Terabytes of Data: The Case of Genome-Wide Association Studies, ACM TOMS 2017.
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Tensors

Building blocks?

BLAS, LAPACK
Contractions, transpositions, . ..

Coupled-Cluster methods (CCS, CCSD, ...)

TTC: A High-Performance Compiler for Tensor Transpositions, ACM TOMS 2017.

Design of a High-Performance GEMM-like Tensor-Tensor Multiplication, (accepted) ACM TOMS 2017.

Spin Summations: A High-Performance Perspective, (submitted) ACM TOMS 2017.
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Tensors

Building blocks?

BLAS, LAPACK

Contractions, transpositions,
?27?

TPP

I aa—
ai1,n1,00,N7,51,52,51,5;

lnt_l

P n 155,54
ai1,n1,Q,51,52

53,,54,53,54 n=—Ni,: a,p

X

! !
n,s3,s,

0575753754

Quantum Field Theory, Single Impurity Anderson Model.

PP
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n,s},s;
7o
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Tensors

Building blocks?
BLAS, LAPACK

Contractions, transpositions, . ..

”m
Do we have a unifying language/formalism?
Are we ready to fix interfaces & standards?

For once, shall we focus on performance *AND* productivity?

Thank you, and thanks to the team!

451

E. Di Napoll D. Fabregat M. Petshow . Peise P. Springer M. Hohnerbach  H. Barthels
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