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University of Pisa

Thesis: “Computational Geometry Techniques for Approximating Electrostatic Forces”
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University of Texas at Austin

Dissertation: “Mechanical Derivation and Systematic Analysis of Correct Linear Algebra Algorithms”
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University of Texas at Austin

Dissertation: “Mechanical Derivation and Systematic Analysis of Correct Linear Algebra Algorithms”

Automatic backward analysis?

D11 + @1 = oa1 — Fjuor

A&t | < i1 (11 ||wot |+ 911 Th. 3.9 R2-F
o1t = et — I o (1 luon |+ 1011
WL = ol T afy + &, = oy — 1 Uo2
= — 02 .

12 1z A&y <ve1 (I Uoz| +ay)) Th. 5.1 R2-F
l21 := (a21 — Laouo1)/v11 | -
( )/ l21v11 + dve1 = a21 — L2ouol

A |21 | <741 (|Laolltor|+|l21|lv11]) Th. 5.1 R4-F

Symmetric eigenproblem  AX = XA
Multiple Relatively Robust Representations (MRRR)



Duke University — Cell Processor & FFTs

Time (

Cell Broadband Engine Processor
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2D FFT
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Germany — RWTH Aachen University
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The world of scientific computing

. e

V=42 [(5)” - (3)°]

LENNARD-JONES POTENTIAL

0 _[=2h_,
:hE\U(r, t) = [ﬂv + V(r, t)] Y(r, t)

SCHRODINGER EQN.

| y=XB+Zu+ e|
miny || Ax — b||2 + ||T'x]|?
LINEAR MIXED MODELS
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The world of scientific computing

V=42 [(5)” - (3)°]

LENNARD-JONES POTENTIAL

0 _[=2h_,
:hE\U(r, t) = [ﬂv + V(r, t)] Y(r, t)

SCHRODINGER EQN.

| y=XB+Zu+ e|
min, ||Ax — b||? + ||x||?
LINEAR MIXED MODELS

Domain Specific Languages, Compilers, Libraries



Molecular Dynamics Simulations: Speed & Portability M.Hghnerbach
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Pair vs Many-body potentials

V= Z Z V(i,J)

Fi=-V,V

for i in atoms:
for j in neighbors(i):
V +=V(i, j)
F[i] -= dvdi(i, j)
F[j]l -= dvdj(i, j)

i k

for i in atoms:
for j in neighbors(i):

tmp = O

for k in neighbors(i):
tmp += £(i, j, k)

V += V(i, j, tmp)

F[i] -= dvdi(i, j, tmp)

F[j] -= avdj(i, j, tmp)

tmp = dVdf (i, j, tmp)

for k in neighbors(i):
F[i] -= tmp * dfdi(i, j, k)
F[j] -= tmp * dfdj(i, j, k)
F[k] -= tmp * dfdk(i, j, k)
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Vectorization

x86

ARM

POWER

SPARC

SSE
AVX(2)
AVX-512 (IMCI)

NEON
SVE

AltiVec/VMX/VSX
QPX

HPC-ACE
HPC-ACE2

128 bit
256 bit
512 bit

128 bit
up to 2048 bit

128 bit
256 bit

128 bit
256 bit

~



§
A




i



Manual Optimization: Tersoff

V = ZZ V(i,j,zf(iajv k))
i k

The Vectorization of the Tersoff Multi—Bo
Potential: An Exercise in Performance Portability

Markus Hohnerbach Ahmed E. Ismail Paolo Bientinesi
RWTH Aachen University RWTH Aachen University, RWTH Aachen University
West Virginia University
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Manual Optimization: AIREBO

V=SS VG ik zfofzzgw/
i k
i0
+ZZZZV/(’717k7I)
i ko
p i j iJ
STV maxgli .k Dk 1SRG, ST G, ST
i k ! :

k

gli,j, k1))

Optimizing AIREBO:
Navigating the Journey from Complex Legacy Code to High Performance
Markus Hohnerbach, Paolo Bientinesi
submitted
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PotC: A domain-specific language + compiler

Goal: Good —not best— performance on different platforms and arbitrary potentials

energy 1 / 2 * sum(i : all_atoms)
sum(j : neighbors(i, R(i, j, j) + D(i, j, j))) V(i, j);
function V(i : atom; j : atom) = f£_C(i, j, r(i, j)) *
(f_R(1i, j, r(i, j)) + b(d, j) * £_AG, j, r(d, j)));
function f_C(i : atom_type; j : atom_type; k : atom_type; r : distance) =
implicit(i : i; j : j; k : k) piecewise(r <= R - D : 1;
R-D<r<R+D:1/2-1/2%sin(pi/ 2% (x -R)/D);r>R+D: 0);
# ...
function b(i : atom; j : atom) = (1 + beta(i, j) ~ n(i, j) *
zeta(i, j) "~ n(i, j)) = (-1 / (2 * n(i, j)));
function zeta(i : atom; j : atom) =
sum(k : neighbors(i, R(i, j, k) + D(i, j, k), j))
implicit(i : i; j : j; k : k) £_C(zx(i, k)) * g(theta(j, i, k)) *
exp(lambda_3 ~ m * (r(i, j) - r(i, k)) ~ m);
parameter A(i : atom_type; j : atom_type) = file(1l);
# ...
parameter gamma(i : atom_type; j : atom_type; k : atom_type) = file(5);
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Tridiagonal Eigenproblem

Algorithms

Bisection + Inverse Iteration (BI) subsets O(kn?)
QR robust, accurate 0o(n%)
Divide & Conquer (DC) BLAS3, accurate 0o(n®)

MR3 / MRRR subsets, fast O(kn)
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Tridiagonal Eigenproblem

Algorithms

Bisection + Inverse Iteration (BI) subsets

QR robust, accurate
Divide & Conquer (DC) BLAS3, accurate

MR3 / MRRR subsets, fast

[.Dhillon & B.Parlett (U.C. Berkeley)

O(kn?)

no reorthogonalization = k eigenpairs in O(nk) operations

1) eigenvalues (dqds, bisection)
2) eigenvectors + eigenvalues
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MR3 speedups m;x \Zinj|
i#j

Time / Time DSTEMR
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Matrix size Matrix size
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Time / Time DSTEMR

MR3 speedups

H,
max |z z

4
o
3.5/ : 1 107% L.
o
3t i ¢
o
2.5¢ o 1 10722 o ¢ ]
g ¢ DSTEMR
2 O DSTEDC ]
. ] A R 2
15 4 A B 6
10" g V | ¢ DSTEMR |
1r-¢9-¢ 14 ¢ ¢ 1 vV O DSTEDC
Vv DSTEVX
0.5 1
-16 A DSTEV
i i i i 10 L il il 1 Il ]
966 4,289 7,923 12,387 966 4,289 7,923 12,387
Matrix size Matrix size

Idea: Trade speed for accuracy

...diametrically opposite approach wrt to current trends
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MR3

Workflow

Scan \'s

singleton

Compute
1-(\, 2)

K

cluster

Shift
New RRR

i

Refine \'s

__J
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MR3

Workflow

singleton

Compute
1'()‘7 Z)

Scan \'s

cluster

Shift
New RRR

i

Refine \'s

.

A=A
if min 2L 1
i#i A

then J; is a singleton

> gaptol

gaptol: “small” (loose) =

less clustering, better robustness,
more parallelism, more BX

gaptol: “large” (strict) =
more work, deeper trees,
better orthogonality (?),
more failures

ne
gaptol

orthogonality <
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A Mixed Precision Approach M.Petschow

. ne
orthogonality <
gaptol

Double Precision
-8
_9 L
-10

[ Double precision MRRR
-11] (gaptol = 10_3)
-12| |
-13 //
- Goal
-15|
1,000 10,000 100,000

Matrix size
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A Mixed Precision Approach

orthogonality <

Double Precision

-8
_9 L
-10
[ Double precision MRRR
-11] (gaptol = 10_3)
-12| |
-13 //
- Goal
-15|
1,000 10,000 100,000
Matrix size

-16|
-20|

—-24|

- — Y\gaptolzlo’3 i

-28

M.Petschow

ne

gaptol

Quad Precision

. —

-12|

1,000 10,000

Matrix size

100,000
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A Mixed Precision Approach

_97

orthogonality <

Double Precision

-10

[ Double precision MRRR
11 (gaptol = 10_3)
-12| |
-13 //
- Goal
-15|
1,000 10,000

Matrix size

100,000

-12

-16

-20

-24

-28

1,000

M.Petschow

ne

gaptol

Quad Precision

Y\gaptol =107

gaptol = 10715 ]

“~gaptol =107°
I ~~gaptol = 107° ]
- . . Y\gaptol =1073 |

10,000
Matrix size

100,000
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Time in seconds

10

10

10

Results: Dense Real Symmetric Eigenproblems

32 cores — 45 application matrices n € [1000..8000]

* MRRR (LAPACK)
O DC (LAPACK)

Test case

40

Orthogonality
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Test case
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Results:

10

10

Time in seconds

10

Dense Real Symmetric Eigenproblems

32 cores — 45 application matrices n € [1000..8000]

O  mr3smp (mixed)
X MRRR (LAPACK)

¢ DC (LAPACK) Roo
e ]
68
o008
2 C
a3 ]
10 20 30 40
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Orthogonality

10°°

10—10

-11

10

-12

10

=

o
A
w

I
1N
N

=
o

Q0

00,4000000%00, 2%

Xx

¢

% o X <><><><><>
<><><><><> <><> Vo ©

L o) C)Oooc’oooooooc>OOOoOoC’OchPo Ooooo’

20 30
Test case
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Numerical simulations

Typical workflow

> Run
Simulation

Collect
—> Results \
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Numerical simulations

Typical workflow
o »  Choose > Run »  Collect
IHI Parameters Simulation Results

Proposed workflow

@ \
Choose » Run > Collect
IHI > Parameters Simulation Results

Automated
Parameter
Selection
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Problem: Parameters selection

Optimization problem — p: input parameters

min time(resources, p) subject to accurate(p)
p

Easily millions of combinations of parameters

What is the “fastest” combination that leads to sufficiently accurate results?
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Problem: Parameters selection

Optimization problem — p: input parameters

min time(resources, p) subject to accurate(p)
p

Easily millions of combinations of parameters

What is the “fastest” combination that leads to sufficiently accurate results?

Automated parameter selection

Automated Tool

Simulation,

Accuracy, Accurate Selected
@  Architecture Points Parameters
[ ] Accuracy Performance >
7] Evaluation Modeling

20/38



1) Accuracy boundaries
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Cutoff
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2) Performance models

4_ 3
30C A2
2L L,L, N+
5Nlog(N) + 8(G« G, G, )+
Accurate but slow Fast but inaccurate

Hybrld

Few samples + simple models

Both Fast and Accurate?
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Results — Interfacial System

Time (seconds)

Reduction of time-to-solution

Expert’s best guess
Automatic selection H——_

Differentiation method
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Results — Bulk System

Time (seconds)

Reduction of time-to-solution

70 e Expert’s best guess [
Automatic selection H——_

ad
Differentiation method
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Linear Algebra Applications

Generalized Least Squares

b:=(XTM1X)"1XTM~1y n>m; M€R"™" SPD; X € R™*™; y ¢ R"%!

Signal Processing

x:= (A"TBTBA-1 4+ RTLR) ' A-TBTBA-ly

Kalman Filter

Ki := PPHT(HPEPHT + R)=1; x2 := xP + Ki(zi — Hxf); PZ := (I — KxH) P?

Ensemble Kalman Filter

X7 := Xb 4 (B~ HTR=1H) ™" (Y — HX®)

Image Restoration

Xk = (HTH +Xo?In) "M (HTy + Ao?(vk—1 — uk—1))

Rand. Matrix Inversion

Xip1 1= S(STAS)LST + (I, — S(STAS)"1ST A)X, (I, — AS(STAS)~1ST)

Stochastic Newton

B == 25 Br_1(ln — AT Wi((k — 1)l + W, AB_1AT W) L W,T ABi_1)

Optimization

xr = WAT(AWAT)=1(b — Ax); xo := W(AT(AWAT)~1Ax — )

Tikhonov Regularization

x:=(ATA+TTN)~1ATh A€eR™m [ € R™Xm; b e R™1

Gen. Tikhonov Reg.

x:=(ATPA+ Q)"Y(ATPb+ Qxo) P € R"%" SSPD; Q € R™*™, SSPD; xo € R™*1

LMMSE estimator

Kig1 := CtAT(ACtAT + G)7h xer1 = xe + Kep1(y — Axe); Cepr i= (I — Ke1A) G

26
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Ci = PCPT + Q

— A(BTB + ATRTARA)-1BTBA-!
x=ABTB+ ) / {K — CHT(HCHT)!

E:=QlU(/+ UTQ-lU)tUT

IMUL|[ADD || MOV

Xeop'
pmcesgor
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Ci = PCPT + Q

— A(BTB + ATRTARA)-1BTBA-!
x=ABTB+ ) / {K — CHT(HCHT)!

E:=QlU(/+ UTQ-lU)tUT

y::ax—|—y| LU=A I C::aAB—i—ﬁCl

X:=AB || C:=ABT +BAT + C || X:=L'MLT |[[ QR= A

BLAS ‘ ‘ LAPACK ‘

ae e, [yl [ADD][MOV]
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Ci = PCPT + Q

— A(BTB + ATRTARA)-1BTBA-!
x=ABTB+ ) / {K — CHT(HCHT)!

E:=QlU(/+ UTQ-lU)tUT
°

y::ax—|—y| LU=A I C::aAB—i—ﬁCl

X:=AB || C:=ABT +BAT + C || X:=L'MLT |[[ QR= A

BLAS ‘ . LAPACK ‘

& A (UL [ADD][MOV]
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Ci = PCPT + Q

.= A(BTB + ATRTARA)1BT BA~1
x=ABTB+ ) Y {K = G HT(HGHT)™!

E:=Q Ul + UTQ tu)tuT

LINEAR
ALGEBRA
y:=ax+y MAPPING =aAB+ §C |
X —A1B |[ci= s PROBLEM M7 |[[QrR=A
(LAMP)

' LAPACK ‘

[MUL || ADD || MOV |
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Ci == PCPT 4+ Q

— A(BTB + ATRTARA) 18T BA ™!
ks ) Y {K = G HT(HGHT)™!

E:=QlUu(l+uTQtu)-tu’

1. Associativity
Generalized matrix chain

LINEAR
ALGEBRA — | 2. Specialized kernels
y =ax+y MAPPING B Property propagation
oo PROBLEM | =
(LAMP) — | 3. Common subexpressions

' LAPACK

. Algebraic identities

[MUL || ADD || MOV |
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Linnea: A compiler for linear algebra H.Barthels, C.Psarras

Linnea’s speedups

[3 g
100 [ . ¢ 4 ¢ gi a ©
4 Jln Jir = Arman © Armar QQ::A A
! ; oo
—— ¢ Eign o Eigre Matn o Matr — '; s
- A 5
L 7N a
A =00 B¢
b R
A4 feX J . 4
10 - $ "vv — [ = ;‘ﬁ_ - 7
' o ot 0’0‘0'60 :‘ s . “Oge 5
ot $e02 o b 8550 OQ O‘ﬁ.o-i‘o = W $s - u
o %00 O %4es 6 ‘& ¢ 2 o) A ot
008 soe 4T e, 9 g0 A w .'A-OQ x Bo.ms, 998 e ¢ . .
PR *,0 Q*/-. 4 0 QO.g!.lx [ ’gl GA A% m 2 g = 8o é;u . e ‘ =
o Az R%2  gRog,vc A° 0 RO ;
oot z_.‘ ﬁ§ Ql‘g 'Avg;|§ 5! ‘ ie AR Fooaa 8% B on e . .
1 il!_. : % - = A B L -
a s at N Aa
Test problems
JI: Julia, Arma: Armadillo, Eig: Eigen, Mat: Matlab. n/r: naive/recommended implementation.
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Tensor Operations
Coupled-Cluster methods

1 .
b b b
T =t +SPEPIEY,

Fro= 4> v
fn

. - 1
F2 = (17536)1;372@4,752 t"f+2v
mnf
Em = (@Q-6m)f" +ZF’"te 22\/ tef+2v
nef
W o= I+ Y v,
£
A f
VV,‘J"nn _ mn+Plvante 2X:anTe
Y 7 F f
Wam = vgm—ZW'?'"t3+Zv ! QZV T2t
V’V;m _ am+PlZv3mte 22 a;n,ruef,
= 1
R W IS SRS WEE WSy
em efm
= Y P s Py Wi+
e me m

credits to D. Matthews, E. Solomonik, J. Stanton, and J. Gauss
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github.com/HPAC/TTC
github.com/HPAC/HPTT
github.com/HPAC/TCCG
github.com/springer13/tcl

Tensor Operations
Coupled-Cluster methods

ab
U

Fr
P

Em
Wimn
wzr
W

ab
U

1 .
20 4 5P;ijtf,?’tff’,

£+ D vt
fn
(17635)1‘:72/:‘;%;,7%2; t"f+2v
mni
(1= 6m)E™ +2:F’"1:e 22\/ tef+2v,
nef
v,;:-’"+2v;?"r'
vi" + Pi Z Vie'tf + 5 Z vgf’"T,ff,
—ZV’V"J"tUer s QZV npaf
am+PlZv3mte 2ZV:;"T,jef,
PR R+ S + NI AEED
em

efm

P+ PSS Vbt + PERL S Wit — Py S Wit +
e

me m

credits to D. Matthews, E. Solomonik, J. Stanton, and J. Gauss

1) Kernels

Identification, standardization

2) Decomposition / Mapping
Tensor Transpositions Compiler
TTC — github. com/HPAC/TTC

High-Perf. Tensor Transp. Library
HPTT — github.com/HPAC/HPTT

Tensor Contraction Code Generator
TCCG — github.com/HPAC/TCCG

Tensor Contraction Library
TCL — github.com/springer13/tcl
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github.com/HPAC/TTC
github.com/HPAC/HPTT
github.com/HPAC/TCCG
github.com/springer13/tcl

High-Performance Tensor Kernels

Tensor Transpositions

Biyiy,...iy <= € 'Aﬂ(h,iz,m,im) + B Biin,....in

Summations — linear summation over tensor transpositions

Bi0i1i2 <~ 2~Ai0i1i2 - Aizilio - Aioigil
Biyivi, < 4Aiivi, — 2Aii0i, — 2Abiio + Aiviic — 2Aiii + Abioir
Bioi1i2i3 A 2"4"01'11'2"3 - Aiziliofs - Aioi2/1i3 - Aioi1i3i2

Tensor Contractions

Crc(Imuty) € @ Aragun) X Bas,u) + B Cac(imuiy)

P.Springer
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HPTT — Transposition

Intel lvy Bridge E5-2670 v2 IBM Power7
40,
35
@ 30 o
a @
0 25 o
g 20 g
315 3
c f=
& 190 a
5
01 4 7 10131619222528313437404346495255 01 4 7 10131619222528313437404346495255
#test case #test case
Intel KNL Xeon Phi 7210 ARMV7-A

Bandwidth [GiB/s]
Bandwidth [GiB/s]

m

0 1 4 7 10131619222528313437404346495255 1 4 710131619222528313437404346495255
#test case #test case

Black and orange lines denote STREAM and AXPY bandwidth, respectively. 33/38



Summation

Intel Xeon E5-2680 v3

{V small A medium ¢ Iarge}

50 : |
o S L
a0k B - ' ¢ ¢ ¢ ¢ e . ) S

A
" ’ X A ' ‘ ‘ v A : ¢ ¢ "' ..
< 30 A
o : L ¢
20
10

01 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
#test case

_ 2 x N9 x sizeof (double)

0 T GiB/s,  TRIAD:107.7 GiB/s

BW

Problem size: Small (70MBs), medium (320Mbs), large (1200MBs).

34 /38



TCCG - Contraction

40 : : , ,
> TT
35 v Eigen )
| < NumPy 4
o 30 e iTensor
825} v TBUS
0 A TCCG
n 20
o
Q15
T
S 10
5

test case

DP tensor contractions. Host: 2xHaswell-EP E5-2680 v3 @ 24 threads
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Mapping — LAMP (again)

Generation of Hamiltonian and Overlap Matrices

See=> > (A) A+ (B19) B2 linal?

a L=(I,m)

* AA * AB
(H)G/,G = ZZ ( L’ a,t T{/,L;]a AL,a,t) + ( L' a,t! TL[/,L;]a BL,a,1r>
a UL

* BA BB
+ <BL’,a,t’ T{’,L;]a AL,S,I’) + (Blf’,aﬁ’ TL[’,L;]a BL7a7t>

“mappable” to BLAS and LAPACK kernels
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Mapping — LAMP (again)

Generation of Hamiltonian and Overlap Matrices

NaCl (Kmax = 4.0): —@— IvyBridge —@— Haswell
TiO2 (Kmax = 3.6): —@— IvyBridge Haswell

[§ 8 10 12 14 16

Number of threads

18

20

22

24
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More on Tensors?

The “other” operations?

Data science — Decompositions, rank, compression, completion, ...

Kernels?

Common language? Interface?

Mapping onto kernels



Two passions: mountains & music




Two passions: mountains & music

Bivacco Tomé




Two passions: mountains & music

10
05
o
]
3
£ 00
£
05
-1.0 "
25 30 35 40 45 50 55 60 65
== Time (s)
+0dB
-10dB
-20dB
-30dB
-40 dB
-50 dB
-60 dB
-70dB
-80 dB

Talk: “Automatic Dj-ing”, next Wednesday, 9am
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