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® 13:00~14:00 Invited Speaker:

Professor Serge G. Petiton (University of Lille, CNRS / LIL and INRIA)

Title: Toward future smart auto—tuned Parallel Krylov methods and programming
for Exascale Computing

Abstract: Auto—tuning Krylov subspaces sizes at runtime for the GMRES (m) methods
may be efficient to minimize the global computing time toward convergence. We
introduce a general algorithm to auto—tuned the Krylov subspace sizes at run time,
and we also introduce the first algorithm to auto—tune at run—time the number of

vectors targeted by an incomplete orthogonalizations of Krylov basis associated with
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the GMRES (m) method, minimizing in particular the number of dot—products for a fixed
subspace size. We present and analyse in this talk these new algorithms and we propose
some experimental results. As a conclusion, we introduce some future projected
researches which would lead to smart auto—tuned Hybrid Krylov methods for exascale

computing, including language issues

WK 23 SFEERT EFRREHERE R
® 14:05~14:25 Junichiro Shiomi (Department of Mechanical Engineering, The

University of Tokyo)

Title: Calculations of phonon transport in semiconductors based on first
principles

Abstract: Encouraged by the recent progress in nanostructuring techniques to
enhance the conversion efficiency of thermoelectric materials by reduction of lattice
thermal conductivity, we aim to develop a numerical tool that evaluates microscopic
heat conduction characteristics, namely phonon transport properties, based on
first—principles. The capabilities and limits of the new framework for designing
thermoelectrics will be discussed
® 14:30~14:50 Kimio Kuramitsu (Yokohama National University)

Title: A scripting language design and implementation for HPC computing

Abstract: This talk presents our attempt to extending Konoha scripting language
for HPC computing. Konoha is a newly designed scripting language that has static typing
feature. As a static typing helps produce well-optimized execution code, Konoha is
expected to run scripts much faster than existing dynamic scripting languages, such
as Python and Ruby. The speaker will report our experimental results with several
efforts, including GPGPU integration, LLVM-base JIT compilation, and MPI-based
extension. The myth of HPC scripting will be revealed.
® 14:55~15:15 B FHM (ILRLKRFRFERE EFETHREEEER)
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® 15:20~15:40 Hidetaka Muguruma and Yuichi Tsujita (Department of Electronic
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Engineering and Computer Science, Faculty of Engineering, Kinki University)
Title: Study of A Pipelined Processing for High Throughput Collective MPI-I0
Abstract: One of the MPI-I0 implementations named ROMIO provides high performance
collective MPI-I0 with the help of its Two—Phase I/0 protocol. Two—Phase I/0
consists of repetitive operations including file accesses and data communications.
We propose a pipelined processing implementation by overlapping file accesses
with communications for further throughput improvements. We have evaluated its
performance on the T2K Open Supercomputer with a Lustre file system. We observed
effectiveness of our implementation. Furthermore, we found effective memory

utilization in some access patterns compared with the original Two—Phase I/0.

BRegular Presentations
® 15:45~16:30 Yoshikazu Kamoshida (Information Technology Center, The University
of Tokyo)

Title::Jitter Quantification on a Supercomputer in Operation

Abstract: Analyzing and preventing system noises on the parallel computing
environment are one of very important problems to run the parallel applications with
better scalability. We introduce an analysis method of system noises which estimates
the processes that are causing the delays of the parallel application and the degree
of them. We also discuss about our light-weight monitoring technique which enables
our method to work efficiently on the running supercomputer
® 16:35-17:20 Takahiro Katagiri (Information Technology Center, The University of

Tokyo)

Title: New Auto—tuning Functions and Its Effect of Xabclib and OpenATLib Ver. 1.0
Abstract: We have developed a sparse iterative solver with an auto—tuning (AT)
facility, named Xabclib. In this presentation, we present new functions of the AT
ver. 1.0. The main functions in Xabclib and OpenATLib Ver.1.0 are summarized as
follows: First, we have developed new AT for selection of preconditioners and solver
algorithms. It is known that selection of preconditioners is crucial function for
iterative solvers; however, automatic selection was very difficult in general. We
propose an algorithm for detecting stagnation of series of residual errors. By
utilizing the algorithm of stagnation detecting, the solver establishes high
convergence ratio to that of conventional solvers. Second, but this is not new, we
have developed an automatic selection of implementations for sparse matrix vector
multiplications (SpMV). Especially, we provide a new implementation of segmented

scan (SS) method for scalar processors. This enables us a dynamic parameter change
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for the new SS on SpMV. We show several results of performance evaluation with the

ver. 1.0 with one node (16 threads) of the T2K Open supercomputer (U.Tokyo).

® 17: 25 Closing: Takahiro Katagiri (The University of Tokyo)
® 18:00~ A Banquet near Nedu station
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Outline

* Introduction

* Exascale challenges

* Krylov methods and auto-tuning algorithms

* Incomplete orthogonalization auto-tuning algorithms

* Experimental results

* Hybrid asynchronous krylov methods

* Towards smart-tuning and future intelligent numerical methods
* Conclusion
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The Future Exaflop barrier : not only another symbolic
frontier coming after the Petaflops

* Sustained Petascale applications on an unique computer exist since a few
months, the “K” computer reached more than 10 Petaflops on LINPACK,

* Gordon Bell award : 3 sustained petafops (Boku et al.)
* Next frontier : Exascale computing (and how many MWatts???)

* Nevertheless, many challenges would emerge, probably before the
announced 100 Petaflop computers and beyond.

* We have to be able to anticipate solutions to be able to educate scientists
as soon as possible to the future programming.

*  We have to use the existing emerging platforms and prototype to imagine
the future language, systems, algorithms,....

*  We have to propose new programming paradigms (SPMD/MPI for 1
million of cores and 1 billions of threads????),

*  We have to propose new languages.

* Co-design and domain application languages and/or high level multi-
level language and frameworks,.......

March 16, 2012 11th ASE seminar, TODAI
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New methods for future supercomputer

* We have to imagine new methods for the exascale computers

*  Methods would define new architectures (co-design), not the old and
present methods....

* Many people propose new system and language starting from the exiiting
methods and numerical libraries .... but they were developed for MPI-like
programming and only SPMD paradigm, and at the “old time” of the
Moore law.

* We have to adapt the methods with respect to criteria from the
architecture, the arithmetic, the system, the 1/0, the latence,...... then,
auto-tuning is becoming a general approach.

* We have to hybridize numerical methods to solve large scientific
applications, asynchronously, and each of then have to be auto-tuned,

* We have to find smarter criteria, some of them at the application and at
the mathematical level, for each method : smart tuning

* These auto-tuned methods will be correlated : intelligent numerical
methods.

March 16, 2012 11th ASE seminar, TODAI
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GMRES : about memory space and dot products

1. Start: Choose x, and compute ry=f— Axy and v, = ro/ || ro|.
2. Iterate: For j=1,2,---,m do:
hij=(Av, v;),i=1,2,---,j,
1 =Ay-T,_, v,
hysr = |4, and
U1 = jr/ Byr o
3. Form the approximate solution:
X = Xo+ VY, Where y,, minimizes |Be,— H,y|, ye R™
4. Restart:
Compute r,, =f— Ax,,; if satisfied then stop
else compute X=X, U;°=r,/|r.|| and go to 2.

Memory space : _ . Scalar products, at j fixed:
sparse matrix : nnz (i.e. < C n) elements Sparse Matrix-vector product : n of size C
Krylov basis vectors : n m Orthogonalization : m of size n

Hessenberg matrix : m m

m, the subspace size, may be auto-tuned at runtime to minimize the space memory
occupation and the number of scalar product, with better or approximately same
convergence behaviors, with a minimized computing time.

GMRES : about memory space and dot products

1. Start: Choose x, and compute ry=f— Axy and v, = ro/ || ro|.
2. Iterate: For j=1,2,--+,m do:
hyj=(Av, v;),i=1,2,---,J, Incomplete orthogonalization : sum i =j-q,j ; g>0.
Bjey= A=Y, v, Then, g+1 bands on the Hesseberg matrix
Bysry = |64, and
Uiy = ﬁj+l/hj+lj-
3. Form the approximate solution:
X = Xo+ VY, Where y,, minimizes ||Be,— H,y|, ye R™
4. Restart:
Compute r,, =f— Ax,,; if satisfied then stop
else compute X=X, U;°=r,/|r.|| and go to 2.

Memory space : Scalar products, at j fixed:
sparse matrix : nnz (i.e. < C n) elements Sparse Matrix-vector product : n of size C
Krylov basis vectors : n m Orthogonalization : m of size n

Hessenberg matrix : m m

m, the subspace size, may be auto-tuned at runtime to minimize the space memory
occupation and the number of scalar product, with better or approximately same
convergence behaviors. The number of vectors othogonalized with the new one may
be auto-tuned at runtime.
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Auto-tuned Krylov methods,
some correlated goals

*  Minimize the global computing time,

* Accelerate the convergence,

*  Minimize the number of communications,

*  Minimize the number of longer size scalar products,
*  Minimize memory space,

e Select the best sparse matrix compressed format,

*  Mixed arithmetic.

Criteria which are some of the requirements for Petascale and future Exascale computing.

The goal of this talk is to illustrate the difficulties to analyze auto-tuning algorithm efficiency
and to conclude that we would need “smart” auto-tuning algorithms to create the next
generation of High Performance Numerical software.

Experiences on cluster of GPU confirm the difficulties to conclude with the today auto-
tuning algorithms, to many correlated criteria have to be analyzed and it is quite impossible
to have some stable “conclusions”

March 16, 2012 11th ASE seminar, TODAI

Previous works

* Subspace size : different auto-tuning at runtime
— Subspace size increase, until a fixed limit [Katagiri00][Sosonkina96]
— Subspace size decrease, until a fixed limit [Baker09]
— Restart Trigger [Zhang04], restart when stagnation is detected.
* Orthogonalization : no auto-tuning at runtime
— Prior to execution : [Jia94]

Remark, in general:

*  Greater subspace size -> better convergence/long restart, less iterations

*  Smaller subspace size -> slow convergence, stagnation, short restart, more iteration
e Choice of m is mandatory.

March 16, 2012 11th ASE seminar, TODAI
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Subspace size tuning principle

We both increase and decrease the subspace size: based on the adaptive
subspace size

Cr=norm2 (r,) / norm2(r, ,)

1 - Keep previous subspace size ( cr low) :satisfying
2 - Decrease subspace size (cr medium) : reduce cycle time, we will have
approximately the same convergence rate but with less operations and

communications per restart.

3 - Increase restart (cr high) : we want to accelerate the convergence
* Track memory levels : Cache, RAM, Nodes

March 16, 2012 11th ASE seminar, TODAI

Auto-Tuning Algorithms

e Subspace size

— Evaluate convergence progression over
m iterations.

— Decrease if convergence are
monotonous or if they are smoothly
slowing ( approximately same
convergence but minimize time and
space)- Cr medium

— Increase if convergence stall (problem
if we increase too much the memory
space), Track memory levels : Cache,
RAM, Nodes. Cr low

— Do nothing if Cr high

Entry Point

Cr=norm2 (r) / norm2(r; ,)
Exit Point

Easy to implement using libraries

March 16, 2012 11th ASE seminar, TODAI
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Auto-Tuning Algorithms

e Subspace size

— Evaluate convergence progression over
m iterations.

— Decrease if convergence are
monotonous or if they are smoothly
slowing ( approximately same
convergence but minimize time and
space)- Cr medium (what value?)

— Increase if convergence stall (problem
if we increase too much the memory
space), Track memory levels : Cache,
RAM, Nodes. Cr low (what value?)

— Do nothing if Cr high(what value?)

Entry Point

Cr=norm2 (r,) / norm2(r; ,), Is it really a good
criteria???? N

Easy to implement using libraries

March 16, 2012

L

Increase

11th ASE seminar, TODAI

Exit Point

Do we have to change
at each restart?

March 16, 2012

11th ASE seminar, TDDAI

Parameters

d : number of steps between successive
decreases,

m_min: minimum subspace size value,
m_max : maximum subspace size value,
m_counts : number of successive
classical increase before intending a
more important one

m_memory[ ] : array containing
subspace size values for important
increase

Cr-min : if <, then “Cr low”

Cr-max : if > then “Cr high”

- 51 -
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GMRES Autotunin
Lehmer Matrix, size 2568*2568

GMRES(subspace size)

GMRES Autotuning evaluation

Time Execution Comparison (sec)
Lehmer Matrix (size: 2568*2568)

_~

60.0 { B GMRES
= autotuning
< B GMRES
g 40.0 (40)
¢ 30.0 [0 GMRES
" (44)
¢ 20.0
=

10.0

0.0
March 16, 2012 11th ASE seminar, TODAI
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Incomplete orthogonalization Auto-Tuning

Complete orthogonalisation : we orthogonalise with all the previous computed
vectors of the basis, i.e. at step j, we ortogonalise with j vectors, which generates
j scalar product at step j. (j=1,m)

Incomplete orthogonalisation : we orthogonalize with only min(j,q)
previous computed vectors of the basis, i.e. at step j, we ortogonalise only
with min(j,q) vectors, g <m. DQGMRES : [Saad '94], DQGMRES : [Wu '97]

IGMRES : [Brown '86][Jia '07]

Then, we have only q scalar product at step j (for j > or equal to q).

Complete ortogonalization : j scalar product for j fixed ; 1,m
Incomplete orthogonalization : q scalar product for j fixed, q <j

We may then save j-q scalar products, for q <j, and, then, several
synchronized communications .

Even, if the number of iterations may be a little larger, we minimize a lot of long
blocking gobal communications generated by scalar products.

March 16, 2012 11th ASE seminar, TODAI

Incomplete orthogonalization algorithm
at runtime

P — Evaluate iteration costs in
@ time vs. Convergence
— Decrease number of
orthogonalized vectors q

if ratio convergence/(time
iteration) decrease

{Gvesing |

A complex heuristic-based algorithm :
With respect to the variation of the
residual between restarts, we change
the number q of vectors concerned
by the orthogonalization

Entry Point 4

Exit Point

Still, a lot of researches to achieve to
optimize this algorithm.

March 16, 2012 11th ASE seminar, TODAI
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Incomplete orthogpnalization Auto-tuning Algorithm

No Yes

lovel = 1 level = lovel + 1

Qpmin= Minimum number
of vector to orthogonalize

Opmax= Maximum number of
vector to orthogonalize,
typically = m the gmres
subspace size

T, = time of the xt" restart

N, = norm of the residual
variation, equal to the norm of
the duration of the x * restart
minus the duration of the x-1th
restart

H, = relative variation
=N, /T,

Heuristic = ratio of the relative
variation between restart x and
x-1, equal H,/H,,

e=lrii 2z
March 16, 2012 11th ASE seminar, TOOAI

GS, MGS,or GS with reorthogonalisation

* MGS is more stable but GS is more parallel,

* MGS have several scalar product in sequence,

* GS have a large granularity; matrice multiplication : n x k matrices, k=1,m
* GS with systematic re-orthogonalization is a good compromise

* The sequential computation on the subspace is faster with incomplete
orthogonalization as the projected Hessenberg matrix has just g+1 bands

* The incomplete orthogonalization is possible for all the orthogonalization
processes,

* Nevertheless, MSG + incomplete auto-tuning has to be compared with GS

with systematic orthogonalization

We already auto-tuned GMRES with respect to these different processes
with complete orthogonaliszation.

We'll evaluate these processes with the auto-tuning strategies
March 16, 2012 11th ASE seminar, TODAI
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Incomplete orthogonalization auto-tuning algorithms

Towards smart-tuning and future intelligent numerical methods

Results : subspace size

Serial : Auto-Tuning VS. No Auto-Tuning

1.OOE+D0
——GMRES(3,30) Random Strategy
——GMRES(3,30) Simple Strategy
1.00E-01 =——GMRES(30) No Strategy
g =—GMRES(3) No Strategy
= - —
H
=
z
=
o
8
H
“ 1.00E-02
Residual
Norm
Si
LOOE-03

Interest of varying the subspace
size at runtime

No|strategy: m remain
fixed for the full resolution

Random : mis a random value
between 3 and 30

ple : Decrease m from 30
to 3 cyclically

10 40 50 60

Temps de calcul (s)

0 20 30 80

Computing Time

70

March 16, 2012 11th ASE seminar, TODAI
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* QOur algorithm compared to no auto-tuning

N
o

=y
v

[N
o

o wun

Time Improvment (%)
o

March 16, 2012

Number of Processors
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RESULTS Incomplete orthogonalization auto-tuning
Hardware : 2.26Ghz, Core2Duo, 4GB ram, PETSc 3.0

Matrix young4c from matrix market 6 experiments for each case,

Solution at 10%-6

took the best time,

GMRES subspace size m=30

Truncation at 10, 15, 20
Serial processing

Percentage of improvement over full orthogonalisation
in term of computation time. Iteration number does not vary much

18%

16%

14%

12%

10%

8%

6%

4%

2%

0% T
q=10

q=15 q=20

Auto-Tuning

Higher is better

A=N—aY¥a—F 4 YT Za—2A

- 56 - Vol. 14, No. 3 2012




RESULTS Incomplete orthogonalization auto-tuning

Hardware : 2.26Ghz, Core2Duo, 4GB ram, PETSc 3.0

Matrix hel369 from matrix market 6 experiments for each case,
Solution at 10°-3 took the best time

GMRES subspace size m=30

Truncation at 10, 15, 20

Serial processing

Percentage of improvement over full orthogonalisation
in term of computation time.

5% 7

a% - 1 1

3%

2%

1%

0%

q=10 q:!! =20 Auto-Tuning

N -
-2% .

-3%
March 16, 2012 11th ASE seminar, TODAI

Higher is better
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TCa TCb

HYBRID KRYLOV METHODS

Experiments up to 4 ERAMs on CEA
Titane computer shown very important
accelerations (more that x 4 faster); these
Methods are good candidates for
Exascale Computing

Tcomm a Tcomm b
v v
A4 = =[3 send M| AT send€|f= — _

-
- r N
7 n.,q 'd < d l m
”
\A Iq
receive receive
A i

E
/7 ' ‘\
We may auto-tune parameters
of each co-methods asynchronously

March 16, 2012 11th ASE seminar, TODAI

Asynchronous lterative Restarted Methods
Collaboration with Guy Bergére and Ye Zhang

o ) (=] )
GMRES Arnoldi

Thle computed Iﬁitz values miay be used
td analyze theGMRES convprgence and
ddcide auto- tuhmg parameter values

Lhée &

@mm ( inter-cluster or |ntm-duster$
March 16, 2012 11th ASE seminar, TODAI
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Performance of SpMV with C-Diagonal in
Double Precision on a GPU

Important to auto-tune the compression format first

i

B % % % <?( N le RUN <°(( 2%
\lig \16 ({r \Lo \L@ NG, \Lo \1% %
\ e % %\ e % % )\ e % "e
| Y Y
ne=4 nc=8 nc=16

March 16, 2012 11th ASE seminar, TODAI

A(Ax) on Cluster of GPU with a larger matrix

® N=1008000
® GPU Com Minmized
M Peak

_ Experiments with C-Diagonal
March 16, 2012 11th ASE seminar, TODAI N=8064000 Q=0.0
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* Each auto-tuning require to manage several parameters

* ltis really very difficult to analyze results on cluster of GPU and or a large
clusters of multi-cores, to many parameters are concerned, from architecture,
software, data structures, auto-tuning algorithm, latencies,.....

* The different proposed auto-tuning techniques have interesting behaviours
with respect of the matrices and the chose parameters ; but it is impossible in
the today state-of-the-art to really conclude that one is always the best.

* We have to include more numerical parameter, such as Ritz elements for
example, to be able to analyse the convergence at runtime and take decision
about changing parameters,

* Hybrid restarted methods will have to asynchronously exchange auto-tuning
parameter values to optimize local auto-tuning (ex MERAM(m1,m2,m3,...),
GMRES/MERAM-LS)

* Expertise from end-users would be exploited through new high level language
and/or framework (yml.prism.uvsq.fr); ex : cluster of eigenvalues,

* We have to analyse auto-tuned numerical methods to find new criteria to
evaluate the quality of the converge and to decide actions

March 16, 2012 11th ASE seminar, TODAI
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Collaborations are required

* The auto-tuning strategies have to become smarter and involve
perhaps specific computations to allow smart-tuning

* Onthe road to Intelligente auto-tuned asynchronous hybrid

March 16, 2012 11th ASE seminar, TODAI
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