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Scalars

50s: Assembly code
Building blocks == ISA

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

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

However, NOT the solution to all problems
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Matrices

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

Convenience, portability, separation of concerns

[80s—early 90s]: Memory hierarchy

Libraries —  necessity

How to use them?  (not just optimal parenthesisation)
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Applications

exponential

x:=AB"B+ATRTARA)"'BTBAly \ .
transient excision

1
VivVj b= (X,-TI\/IJ._IX,-) X7 My, GWAS |
{ CT — pcpT +Q probabilistic
Nordsieck method
L T Ty-1
K= GH(HGHT) for ODEs
L1-norm
E:=QtUu(l+ UTQ_IU)_IUT minimization on
manifolds

Xklk—1 = FXe_1jk—1 + Bu

Prik—1 FPi_1k—1FT +Q
Xk = Xujk—1 + Pig—1H" X (HPi—1H™ + R)™*(zk — Hxjk—1)
Pik = Pijk—1 — Piq—1HT X (HPyi—1H + R) " HPyie—1

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

{

C == PCPT +Q

K := GGHT(HGHT)1

E:=Q U/ +UTQ1U)tUT |

y::ax+y|| LU=A I

C:=aAB+5C

X=ABl|lC=ABT" + BAT + C

X:i=L"TML™T QR

LINPACK G BLAS @ LAPACK @

Xeon
p’btesso,-
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x:=A(BTB+ ATRTARA)"1BTBA~ly

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

E:=Q U/ +UTQ1U)tUT |

o
y::ax—|—y|| LU=A I C:=aAB+ pC
X =A"1B C=ABT+BAT+Cll| X:=L"ML"T RR=A

LINPACK ‘ BLAS ‘ LAPACK ‘

Xeon
p’btesso,-
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b= (XTX) Xy

M::XTX/ \R)—qr
LQ

(QR)Ty

b:=M1XTy
/A
7t
bi=MIXTy),” b= (MXT)y
/ : \
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Algorithm 1 | Algorithm 2
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b= (XTX) Xy
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LQ
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b= (XTX) Xy

M::X.TX/ \Q:R

b:=M1XTy =((QR QR 1(QR)
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M::XTX/

b= (XTX) Xy

b:=M1XTy

\
\
\

/
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Algorithm 1 Alg

\ = ar(X
1@

(QR)Ty
LINEAR N
mbolic|simplifications
ALGEBRA
MAPPING
PROBLEM o 1AT
(LAMP) b:=RQy]|
\ bi=(RT'QT)y
Algorithm 3 Algorithm 4

13



Human productivity vs. machine efficiency

A well-known problem

High-level languages Libraries
Matlab Armadillo
R Blaze
Julia Blitz

Mathematica Eigen

NumPy



Example

Example: w := AB~lc, SPD(B)

10/13



Example

Example: w := AB~lc, SPD(B)

Naive <« NEVER!!

w = Axinv(B)*c

10/13



Example
Example: w := AB~lc, SPD(B)
Naive <« NEVER!

w = Axinv(B)*c

Recommended
w = Ax(B\c)

10/13



Example
Example: w := AB~lc, SPD(B)
Naive <« NEVER!

w = Axinv(B)*c

Recommended
w = Ax(B\c)

Expert
L = Chol(B)
w=Ax* (L”/(L/c))
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Example

Example: w := AB~lc, SPD(B)

Naive < NEVER!! Generated — “Linnea” by H. Barthels

w = Axinv(B)*c ml0 = A; mll = B; ml2 = c;

potrf! (°L’, ml1)

Recommended trsv! (’L’, °N’, °N’, mll, ml2)
w = Ax(B\c) trsv! (°L’, °T’, °N’, mll, ml2)
ml3 = Array{Float64}(10)
Expert gemv! (°’N’, 1.0, ml0, ml2, 0.0, ml3)
L = Chol(B) w = ml3

w=Ax (L”/(L/c))
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Tensors

Building blocks?
BLAS, LAPACK

o= > (A%) ArS+(82) BYC sl

a L=(I,m)

* AB
G/ G Z Z ( ,a,t! T ! L]a AL a t) + ( L’ a,t/ T[’,L;]a BL,a,t)

+ (Blra Th e Avae) + (Biraw T o BLae)

Generation of overlap and Hamiltonian matrices.  With E. Di Napoli.
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Tensors

Building blocks?

BLAS,

=
= O ©0 N Ul WN

-
N

LAPACK

for i +=1,...,Na:
try:
C, = Chol(T}44)y
success:
Y, =CHA,
add Y, to Ygpp
failure:
X, =TY4,
add X, to X_gpp
add A, to A_gpp
H += Afypp X ppp
H+= YP?PDYHPD

(zpotrt: %Nﬁ + O(N%) FLOPs)

(ztrmm: 4N? Ng FLOPs)

(zhemm: 8N? Ng FLOPs)

(zgemm: 8N4 _ypp, Np NZ FLOPs)
(zherk: 4Ny pp, NLNé, FLOPs)

10x more flops. Speedups: 1.5-2.5x.  With E. Di Napoli.
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BLAS, LAPACK
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Tensors

Building blocks?

BLAS, LAPACK

Contractions, transpositions,
?27?

TPP

/o —
ay1,M,Qqq,M,51,52,51,5,

/nt
/ / Y Y
n,s,,s, n,s,,s, n,s,,s,
334 193924 193774
E E § PPy Qai,n,aQ, 51,52Xa,5,s3,54PPﬂ,a’l,n{,sl,sz

53,54,53,54 n=—Nj,; «a,8

Quantum Field Theory, Single Impurity Anderson Model. ~ With E. Di Napoli.
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Tensors

Building blocks?
BLAS, LAPACK

Contractions, transpositions, . ..
m?
Do we have a unifying language/formalism?  Tensor Networks?

Are we ready to fix interfaces & standards?

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

i

Example

1

2

3

4

b:=(XTX)"1XTy
b:=(XTMIX)IXT M1y
W := A"'BCD-TEF

X :=AB71C
Y := DB7'AT

x = W(AT(AWAT)"1b — ¢)

FullRank(X)

SPD(M), FullRank(X)

LowTri(A), UppTri(D, E)

SPD(B)

FullRank(A, W)
Diag(W), Pos(W)
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Performance results
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