H1OEEHA— N —a L B a—TF ¢ U TEBEMYES (ASE BF2ES) FEhEHs
WRRKFEEREE Y ¥ — F{EMEEE R HZRE

20114 10 A 13 B (OK) 15 K¢ 00 23 ~18 IKf 30 47, HURL R FIEFMAEAR & o & — 4 [tizlaEas
FTEICT, F10EEERA— R—a L EVa—T ¢ VEREENS (ASEWFER) MBS
* L7z,

EN O KZ TR L ORENDOBMEN 134 H 0 IERR#EmNS 2SN E LT,

Wk & L, ETH Zurich 72>5 Markus Piischel #d%%ZBIMOL, HEIF 2 —=7
TR DGR ATV E Lic, Fio. LERERFOBIERZE it SEKFEOL
FEHRRIC L D, BERE T VI XANZBIT2HET 2 — = 7 OHEITVE LT,

Piischel #f%di#iEIX. lAutomatic Performance Tuning and Machine Learning| & RE
L. HEIF 2 —=2 7 OEEMR EOFEITIAE Y . HE)T = —= 0 7 ~HREE %0
L7 BEIMICE D REBMIE N CH#E T Lz, #ic, BB TF 2 —=27%475 Z &1 [
) APINLE ST DD 2 ENRZ OO TT A, Plischel HIROFEHTIL, BEF 2 —=
VNF AL R GRS T ENT DD —ANEKKOEKRTH Y ERITa A MG
ThbH, TTLOMBEEZEAT A2 RT L0 FRITPARTHY . DT 0nd
DT L7, Puschel HfH AT CEAFHUH (FFT) ORENF 2 —= 71T+ 57 =
V=7 b Spiral IZBITLHETF 2 —=0 7 OMNEST b RERKENE DT L, ZI#E
fIT, TeWSATERREGR DR SIVE LT,

PLEDGEHNFIZOWT, KAERORZRICYHORKERZBE L 3, JHEKOH D F
FZEL L&, YHOTr YT A ELUTICHEHTET,

Program

® 15:00-15:05 Introduction by Takahiro Katagiri (The University of Tokyo)
® 15:05 — 16:05

Invited Speaker: Professor Markus Piischel (Computer Science, ETH Zurich,
Switzerland)

Title: Automatic Performance Tuning and Machine Learning

Abstract: Automatic performance tuning has emerged as a paradigm complementing
traditional compilers to port software and performance between platforms. Several
techniques have proven useful including adaptive libraries, program generation,
domain-specific languages, and models. However, one technique is shared by almost
all approaches: search for the fastest among a set of alternative implementations.
Typically the search space is huge and hence the search is costly. This may be bearable
in offline tuning (e.g., ATLAS) that is performed during installation but becomes

cumbersome in online tuning (e.g., FFTW) that is performed at runtime since the input



size is required. We argue that machine learning, which has already been studied and
used in the compiler community, can solve this problem and should be added to the
portfolio of performance tuning tools. As example we show a successful approach to
automatically convert Spiral—-generated online—tunable transform libraries into
offline—tunable ones
® 16:05-16:15 Break
® 16:15 — 16:45

Sparker: Akihiro Fujii (Kogakuin University), Osamu Nakamura (Sumitomo Metal
Industries)

Title: Automatic tuning for Algebraic Multigrid solver for Fluid analysis

Abstract: This talk presents an online automatic tuning method of Algebraic
Multigrid (AMG) solver for fluid analysis based on SMAC method. This type of fluid
analysis requires to solve Pressure Poisson equation every time step. As time steps
forward, problem matrix does not change, but the right hand side vector changes
gradually in many cases. To shorten the total time the solver uses, we try to optimize
AMG solver by selecting its parameter setting for each time step. In this talk, we
consider automatic tuning technique of AMG solver parameters such as smoothers,
multigrid cycles, acceleration coefficient of the smoother and others. We studied
the auto tuning method which narrows the search domain by determining parameters in
a step—by—step manner based on typical property of the AMG solver parameters. In
addition, optimizing parameters is done every constant number of time steps such as
100 time steps to reduce the overhead of measuring the efficiency of various parameter
settings. Our AMG library with online auto—tuning mechanism which determines
appropriate solver parameter set among 900 parameter settings improved the
performance of AMG solver with default setting up to 20 percent in our numerical tests.
® 16:45 — 17:15

Speaker: Ikuro Yamazaki, Hiroto Tadano, Tetsuya Sakurai (Graduate School of Systems
and Information Engineering, University of Tsukuba)

Title: A parameter selection for a preconditioner using a cutoff for Krylov subspace
methods

Abstract: Large linear systems involving a semi—sparse matrix which has relatively
large number of nonzero elements appear in nano—science simulations. Preconditioners
with a cutoff is proposed as suitable methods for such semi—sparse linear systems.
The performance of these preconditioners is highly dependent on a cutoff parameter.
A smaller value of cutoff increases a computational cost in preconditioner

construction. Meanwhile, a larger value of cutoff leads to a less effective



preconditioning matrix with a large number of iterations. Hence, the selection of
an appropriate cutoff parameter is important. In this talk, we present a strategy
to find an efficient cutoff parameter for the preconditioners using a cutoff. We
estimate an appropriate cutoff parameter using residual norms before applying an
iterative solver, and verify the validity of our strategy by numerical experiments
® 17:15 — 17:30 Break

® 17:30 -18: 00

Speaker: Satoshi Ohshima (The University of Tokyo)

Title: Implementation of 3D FEM program on GPU

Abstract: GPU is now utilizing for several scientific applications because GPU has
high calculation performance and memory transfer performance. FEM (Finite Element
Method) is one of the applications expected to accelerate with GPU. This talk shows
the implementation of 3D FEM program on CUDA GPU. The main targets of acceleration
are sparse matrix solver (CG method) and matrix assembly. Our GPU implementation has
obtained better performance than multi—-core CPU. Also we are now trying multi GPUs
implementation.
® 18:00 - 18:30

Speaker: Masae Hayashi (The University of Tokyo)

Title: OpenMP/MPI Hybrid Parallel FEM Based on Extended Hierarchical Interface
Decomposition for Multi—core Clusters.

Abstract: ILU preconditioner is a powerful and popular preconditioning method for
Krylov iterative solvers on sparse matrices derived from FEM applications.
Block—Jacobi-type localized ILU preconditioner is generally employed in parallel
computation basing on domain decomposition. The localization of ILU process is good
for parallel efficiency but decreases the effectiveness of preconditioning since it
neglects the effect from out side the domain. Hierarchical Interface Decomposition
(HID) and proposed extended version of HID, where additional layers of separators
are introduced for robust and efficient computation is a robust and efficient parallel
preconditioning method. We are developing preconditioning methods using OpenMP/MPI
hybrid parallel programming models on multicore/multisocket clusters. HID and
extended version of HID (ExHID) is applied to both of inter—node parallelization with
message—passing (e.g. MPI) part and intra—node parallelization with multi-threading
(e.g. OpenMP). We implement the OpenMP/MPI hybrid parallel programing model to FEM
application solving 3— dimensional linear elasticity problem. The developed code has
been tested on the T2K Open Super Computer (T2K/Tokyo) using up to 8 nodes, 16 cores.

We report the scalability and the robustness resulted from numerical experiments of



parallel ILU preconditioner with fill-ins and iterative solver and we show the
developed code provides better performance compared to that of multicoloring method
used for intra—node parallelization.

® 18: 30 Closing Remarks by Takahiro Katagiri (The University of Tokyo)

® 19:00- Banquet near Nedu station
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Why Autotuning?

Matrix-Matrix Multiplication (MMM) on quadcore Intel platform
Performance [Gflop/s]
50

45
40
35
30
25

Best implementation

Triple loop

0 1,000 2,000 3,000 4,000 5,000 6,000 7,000 8,000
matrix size

= Same (mathematical) operation count (2n3)
m Compiler underperforms by 160x
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Same for All Critical Compute Functions

DFT auf Intel Core i7 WiFi Empfanger (I Intel Core)
Leistung [Gflop/s] Leistung [Mbit/s]
40 70
35 60
;g 50
40
20
5 30
5 10
0 0 e==f——f—a— ——0
16 64 256 |k 4k 16k 64k 256k IM 6 12 18 24 30 36 42 48 54
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Solution: Autotuning

Definition: Searc ementations or

parameters to fi

Definition: Automating performance optimization with tools
that complement/aid the compiler or programmer

However: Search is an important tool. But expensive.

Solution: Machine learning




Organization

Autotuning examples

An example use of machine learning

No search
Search

No search No search No search

osearh osearh osearc

time of time of time of
implementation installation use
platform known input known




No search
Search
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time of
implementation

@

time of
installation

platform known

@

time of
use
input known

PhiPac/ATLAS: MMM Ge

Whaley, Bilmes, Demmel, Dongatrra, ...

// MMM loop-nest
for i = @:Nz:N-1
for j = O:N;:
for k = 0:

-1
Ng:K-1
// mini-MMM loop nest
for i’ = 1:M,:i+Ng-1
for j° = j:iNy:j+N;-1
for k’ = k:K,:k+Ng-1

for k” = k?:1:k’+K;-1

for j” j?:1:3j

// micro-MMM loop nest

for i” = i’:1:i°+M;-1

Markus Piischel, ETH Ziirich, 2011

nerator

* ijk or jik depending on N and M
* Blocking for cache

* Blocking for registers

* Unrolling
* Scalar replacement
* Add/mult interleaving

>+Ny-1 < Skewing

Search parameters: Ng, My, Ny, Ky, Lg, -




PhiPac/ATLAS: MMM Generator

Mflop/s Compile
Execute
Measure
Detect L1Size MU':‘?J - .
eee NR ATLAS T xfetch ~ ATLAS MMM MiniMMM
Hardware MulAdd Search Engine MulAdd Code Generator Source
Parameters — - > g #
— —_atency

source: Pingali, Yotov, Cornell U.

No search

Search

ATLAS
MMM generator
time of time of time of

implementation installation use
platform known input known
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FFTW: Discrete Fourier Transform (DFT)

Frigo, Johnson
Installation
n =1024
configure/make .
/\adlx 16
16 64

base case radix 8
Usage Twiddles /\
d = dft(n) < HZEIdB IR EHE 8 8
d(x,y) computation strategy base case base case

Markus Piischel, ETH Ziirich, 2011

FFTW: Codelet Generator

Frigo

n

l

DFT codelet generator

l

dft_n(*x, *y, ..)

fixed size DFT function
straightline code




No search Markus Piischel, ETH Ziirich, 2011
Search

FFTW codelet ATLAS FFTW adaptive
generator MMM generator library

time of time of time of
implementation installation use
platform known input known
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OSKI: Sparse Matrix-Vector Multiplication

Vuduc, Im, Yelick, Demmel

= Blocking for registers:
= |Improves locality (reuse of input vector)
= But creates overhead (zeros in block)

= B
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OSKI: Sparse Matrix-Vector Multiplication

Gain by blocking (dense MV M)

Register Profile: Pentium Ill-M (800 MHz) [Ref=59.5 Milap/s]

207 208 207 209

2.07 207 207 .

208 2,00

208

207

1 2 3 4 5 6 7 a 9 1o 1 12

Overhead by blocking

=

16/9 =1.77

"/

1.4/1.77 = 0.79 (no gain)

No search
Search

FFTW codelet
generator

OSKI
sparse M\VM

ATLAS
MMM generator
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OSKI
sparse MVM

FFTW adaptive
library

time of
implementation

time of
installation
platform known

time of
use
input known
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Spiral: Linear Transforms & More

Algorithm knowledge

DFT,, — PkT/Q_Qm (DFTQ,” ® (Ik J2-1 @i Com rDFTQ,”(i/k))) (RDFT}c @1.,,1)

rDF T, (u) rDF Ty, ((i + u)/k) ) ( rDFTo(u)| )
rDHT>, (u) rDHT>,,, ((i + u) /k) rDHT5;(u) "

RDFT-3n — (Qf /2, ® 12) (I @ rDFT2,,) (i 4 1/2) /k)) (RDFT-3; @)

— L2 (Ik ®i

Spiral

¥

Optimized implementation
regenerated for every new platform

Platform description

Am 1y — (L @ Lnyp ) (I ®(Am © 1)) (Lp? @1y )
smp(p,p)

ln @Ay, = T @) (T ©4n)
smp(p,pu)

smp(p,u)

(PoL) — (P®L,),)81,

smp(p,p)
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Program Generation in Spiral (Sketched)

Transform DFTg
user specified

1Algorithm rules

(DF T2 ® I4) TS (I @ ((DF T2 @ 1)
- T3 (I ® DFT5) Lg)) 3

Fast algorithm
in SPL
many choices

: |

3-SPL 3 (8,DFT265) Y (Z (SM diag(ty,) DF T Gl)
b (Sm diag(tm) DF T Gk,m»

: |

Optimized implementation

Optimization at all
abstraction levels

parallelization
vectorization
loop
optimizations
constant folding
scheduling

+ search




No search

Search Machine learning Machine learning

Spiral: transforms Spiral: transforms
general input size general input size
Spiral: transforms
fixed input size

OSKI OSKI

sparse MVM sparse M\VM
FFTW codelet ATLAS FFTW adaptive
generator MMM generator library

time of time of time of
implementation installation use
platform known input known

Organization

Autotuning examples

An example use of machine learning




Online tuning Offline tuning
(time of use) (time of installation)

Installation Installation

configure/make configure/make

for a few n: search
learn decision trees

Use Twiddles Use

d = dft(n) < HEH4RIAEHES" d = dft(n)-{TwiddIes
d(x,y) computation strategy d(x,y)

7

Goal

Integration with Spiral-Generated Libraries

Online tunable
library

(DFT, ®Ly) T (1; @ DFTy) LY
+ some platform information

Spiral

DFTh — Py, (DFTgm ® (Ik jo-1 i ComtDFTo,,(i/k))) (RDFT}, Im), k even,
RDFT, RDFT,,, rDFT5,,(i/k) RDFT),

RDFT)/, T RDFTS,, ) rDF Ty, (i/k) RDFT),
pHT, | 7 Frzm 2 || DHTor | @ | /21 i P2m|ippT,  (i/1) pHT,| Im|. keven
DHT), DHTY,, rDHT>,, (i/k) DHT),

tDFTo,(u)|  yon(;  |TDFT2((i +u)/k) rDETop(u)|

rDHT>,, (u) m "k eDHT 2, (G 4 w)/k)|) \[rDHT ()| ™)

RDFT-3, > (Qljo,, 12) Ik itDFT2,)(i+1/2)/k)) (RDFT-8; In), k even,
DCT-2, — P55, (DCT-25,, K3™ @ (Lo 1 NQmRDFT-ng))Bn(ng 1)(Im  RDFT)Qp /2
DCT-3,, - DCT-2,),
DCT—47I~>Q;/272m(Ik/2 NQ,,LRDFT-3;H)B;(L,'€‘//§ 1)(Im RDFT-3.)Qp, /2 1
DFT, — (DFT, In)TA(I; DFTR)LY, n=km

DFT, — Pn(DFT, DFTy)Qn, n=km, gcd(k,m)=1
DFT, — R}(1;@DFT, 1)Dy(I; ®DFT, 1)Rp, p prime
DCT-3, — (In @ Jm) LL(DCT-3,(1/4) @ DCT-3,,(3/4))

Im 0@ —Jp-1
(Fo  Im) { 715(11 @2 Im)} , n=2m
DCT-4, — SpDCT-2pdiago<r<n(1/(2cos((2k + 1)m/4n)))

1 -1
IMDCT2,;, = (m @l @ Ln @ Jim) (({*1] Im> ® ( 71] Im)) J2;, DCT-45,,

t
WHT,, — H1(12k1+ thioy WHTr L bogn), k=ki+-- 4k
DFT, — F»

DCT-2, — diag(1,1/v2)F,

DCT-4; — JoRysg




Organization

Autotuning examples

An example use of machine learning
" Anatomy of an adaptive discrete Fourier transform library
= Decision tree generation using C4.5

= Results

Discrete/Fast Fourier Transform

m Discrete Fourier transform (DFT):

y = DFT, z, DFT, = [€_2k£7Ti/n]O§k,£<n

m Cooley/Tukey fast Fourier transform (FFT):

DFT, = (DFTy®Ln) T%(I,@DFTn) LY, n=km

= Dataflow (right to left):16 =4 x 4
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Fast Fourier Transform

16=4X4

(DFT; 1;)73"(14 DFTy) 3"

void dft(int n, cpx *y, cpx *x) {
if (use_dft _base case(n) .
dft be(n, v, x); Choices used for

else { adaptation
int k = choose_dft_radix(n) ¥
for (int i=0; i < k; ++i)
dft_strided(m, k, t + m*i, x + m*i);
for (int i=0; i < m; ++1i)
dft_scaled(k, m, precomp_d[i], vy + i, t + 1);

}
}
void dft_strided(int n, int istr, cpx *y, cpx *x) { ... }
void dft_scaled(int n, int str, cpx *d, cpx *y, cpx *x) { ... }

Markus Piischel, ETH Ziirich, 2011

Decision Graph of Library

void dft(int n, cpx *y, cpx *x) {
if (use_dft_base case(n .
(dft:bc(;) v, %); o Choices used for

else { adaptation
int k = choose_dft_radix(n)¢
for (int i=0; i < k; ++1i)
dft_strided(m, k, t + m*i, x + m*i);
for (int i=0; i < m; ++i)
dft_scaled(k, m, precomp_d[i], y + i, t + i);

}
}
void dft_strided(int n, int istr, cpx *y, cpx *x) { ... }
void dft_scaled(int n, int str, cpx *d, cpx *y, cpx *x) { ... }

dft_be
dft

dft_scaled ——» dft_scaled_bc

no

dft_strided
dft_strided_bc
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SpiraI-Generated Libraries

Standard
Scalar o

dft_scaled —— dft_scaled_bc

Spiral

dft_strided
dft_strided_bc

Vectorized
Threading

Buffering

Base

Base @
/ Case7
- Df Size? ‘ s
Threa s strided dft
v basecase
OpenMP loop of

scaled dfts Size}

dft

m 20 mutually recursive functions
= 10 different choices (occurring recursively)
m Choices are heterogeneous (radix, threading, buffering, ...)

Markus Piischel, ETH Ziirich, 2011

Our Work

dft Base O @
[ s S © N ;
readed;
#of N strided dft
Threads? : ; 4@
/ w basecase

OpenMP loop of
scaled dfts Sizel

Upon installation, generate decision trees for each choice

Example:
if ( n <= &553¢
if ((n <= 3
if ( n <=4 ) {return 2;}
else [return 4;:}

}
else |
if ( n <= lP”4 )
if ( n <= 256 ) {xreturn 3;}
else {return 325}

else |
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Statistical Classification: C4.5

Features (events)
A

4 \
Outlook  Temperature ~ Humidity =~ Windy | Decision
sunny 85 85 false don’t play
sunny 80 90 true don’t play
overcast 83 78 false play
rain 70 96 false play
rain 68 80 false play
rain 65 70 true don’t play
overcast 64 65 true play
sunny 72 95 false don’t play
sunny 69 70 false play
rain 75 80 false play
sunny 75 70 true play
overcast 72 90 true play
overcast 81 75 false play
rain 71 80 true don’t play

P(play|windy=false) = 6/8
P
P(play|windy=true) =1/2

don’t play|windy=false) = 2/8

P(don’t play|windy=false) = 1/2

outlook?
humidity? play windy?
/S 75&75 /ue \’al&e
play don’t play play don't play
Entropy of Features

H(windy) = 0.89
H(outlook) = 0.69
H(humidity) = ...

Application to Libraries

Markus Piischel, ETH Ziirich, 2011

= Features = arguments of functions (except variable pointers)

dft(int n, cpx *y, cpx *x)

dft_strided(int n, int istr, cpx *y, cpx *x)

dft_scaled(int n, int str, cpx *d, cpx *y, cpx *x)

m Atinstallation time:

Run search for a few input sizes n

Yields training set: features and associated decisions
(several for each size)

Generate decision trees using C4.5 and insert into library
Some issues resolved (de Mesmay et al. 2010)




Experimental Setup

m 3GHz Intel Xeon 5160 (2 Core 2 Duos = 4 cores), icc 10.1

m Spiral-generated Iibrary:

Jhre ead57

strided dft
basecase

OpenMP loop of s e

scaled dfts

Siz

Complex DFT, double precision, up to 4 threads

Performance [GFlop/s]

15

12 - -
Spiral-generated library
online search

9

6

FFTW online search

IPP

input size

256

Ik 4k 16k 64k 256k IM

Complex DFT, double precision, up to 4 threads
Performance [GFlop/s]
15

12
online search

N

training set

learned heuristics

input size
0 T T T T T T T T T |

4 16 64 256 1k 4k 16k 64k 256k IM

Complex DFT, double precision, up to 4 threads
Performance [GFlop/s]
15

QO training set

12
online search

learned heuristics

input size
0 T T T T T T T T T |

256 |k 4k 16k 64k 256k IM

Complex DFT, double precision, up to 4 threads
Performance [GFlop/s]
15

O training set

12

online search

learned heuristics

input size
0 T T T T T T T T T 1

256 |k 4k 16k 64k 256k IM

Learning works as expected




Markus Plischel, ETH Ziirich, 2011

“All” Sizes

Complex DFT, double precision, mixed sizes
Performance [GFlop/s]

9
6 .
3
0 T T T T T T T
16 64 256 Ik 4k 6k 64k
input size

m Allsizes n <28 with prime factors <19

Markus Piischel, ETH Ziirich, 2011

“All” Sizes

Complex DFT, double precision, mixed sizes
Performance [GFlop/s]
9

6% learned heuristics

1%
FFTW heuristics

0 T T T T T T T
6 64 256 Ik 4k 6k 64k
input size

m Allsizes n <28 with prime factors <19
= Higher order fit of all sizes
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Related Work

= Machine learning in autotuning
= linear regression for stencil/sorting (Brewer 1995)

= Pioneering work:
Learning DFT recursions in Spiral (Singer/Veloso 2000)

= Linear regression/SVM in PhiPAC (Vuduc/Demmel/Bilmes 2001)

= Machine learning in compilation
= Scheduling (Moss et al. 1997, Cavazos/Moss 2004)
= Branch prediction (Calder et al. 1997)
= Heuristics generation (Monsifrot/Bodin/Quiniou 2002)
= Feature generation (Leather/Bonilla/O’Boyle 2009)

Markus Piischel, ETH Ziirich, 2011

This Talk

m Frédéric de Mesmay, Yevgen Voronenko and Markus Puischel
Offline Library Adaptation Using Automatically Generated Heuristics
Proc. International Parallel and Distributed Processing Symposium (IPDPS),
pp. 1-10, 2010

Other Recent ML work in Spiral

m Frédéric de Mesmay, Arpad Rimmel, Yevgen Voronenko and Markus
Puschel
Bandit-Based Optimization on Graphs with Application to Library
Performance Tuning
Proc. International Conference on Machine Learning (ICML), pp. 729-736,
2009
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Message of Talk

Machine learning Machine learning
time of time of time of
implementation installation use
platform known problem parameters
known

= Machine learning should be used in autotuning
= QOvercomes the problem of expensive searches
= Relatively easy to do
= Applicable to any search-based approach

= Don’t forget: autotuning # search




