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Sources of Error in Simulation NCMIS

Approximation: ’U,(CE) — Uh (SIS‘) + gdis + galg + gfp

More refined mesh

Discretization Error Algebraic Error Floating-Point Error

Better discretizations

Lecture
Discretization Aleebraic Solvers Finite-Precision
Methods & Arithmetic

Better solvers

Better computers
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Introduction

Robustness is the Achilles’ heel of iterative solvers
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Robustness Is Crucial NCMIS

® In some (many) real applications, we need to solve thousands or more of linear systems from a PDE
with a set of physical/discretization parameters
@ Physical parameters could be nonlinear, heterogenous, anisotropic, degenerating

® C(lassical iterative methods (Weighted Jacobi, SOR, ...) introduce parameters

Shape Optimization for Artificial Heart Pumps

Source: W. Leng, C.-S. Zhang, P. Sun, et al., “Numerical simulation of an immersed rotating structure in
fluid for hemodynamic applications”, Journal of Computational Science, 30, 79-89 (01/2019)

C.-S. Zhang, AMSS 5
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Robustness of Solvers NCMIS

Parameters can affect convergence performance in a large extent =2 Iterative methods are not robust

Q: What does “robustness” mean?

® Robustness of a system can be viewed as the property of being strong and healthy in constitution
® For solvers of linear algebraic systems, robustness has two meanings:
B Breakdown-free and reliable for providing a solution; e.g.: GMRES, Robust ILU

B Performance is resistant to perturbations of parameters

!

@ Solve is a solution algorithm (or a set of solution algorithms)

Q
max HSOlve( P,) ‘ < ¢ @ || - || is a reasonable performance measurement (0: best, co: fail)

Q

9

P is a given set of problems (preferably parametrized)

FPe€P

e is a tolerance for worst performance compared with baseline

< refers to there might be a constant independent of parameter o

C.-S. Zhang, AMSS 6
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Algebraic Systems of Discretizations NCMIS

® Different discretization methods lead to systems with different properties
B Preserve positive-definiteness and symmetry at discrete level
B Preserve maximum principle at discrete level

B Sparsity pattern

Jm = wmm |Jd= a s |Jm ——
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SUPG and EAFE Methods

Solve the advection-diffusion problem using finite element:

SUPG

us +b-Vu— pAu =0

454,161
1,825,809
453210617

29,323,281

Average NNZ

EAFE Sparsity
Average NNZ Gain

329217
103135783
5,249,025

20,983,809

46,941
430,317
3,680,781
30,438,477

32,657
245,025
1,897,025
14,926,977

C.-S. Zhang, AMSS




AMG Performance, mu=1

NCMIS
SUPG EAFE
=10" Mesh

lter Setup Solve Total Comp| Iter Setup Solve Total Comp

1 5 0.10 0.05 015 242 5 0.08 0.04 013 219

. 2 5 048 025 0.74 243 5 039 0.20 0.59 219

Classic AMG

3 5 248 111 359 243 5 204 088 291 220

4 5 11.86 5.14 17.01 243 5 979 00392 13 110290

1 1k L 0.07 007 015 143 | 11 0.07 0.07 0.13 1.59

Best AMG 2 10 035 031 066 145 | 10 033 028 061 1.62
3 10 1.78 133 311 146 | 10 165 119 285 164

4 10 840 570 1411 146 | 10 825 589 1415 164

1 8 0.19 0.09 0.28 2.79 8 0.16 0.07 024 274

: 2 8 0.88 041 130 281 8 0.76 033 109 276
a2t 3 8 421 192 6.14 282 8 364 159 523 278
4 8 19.06 8.77 27.83 2.82 8 16.54 7.05 236 2.78

C.-S. Zhang, AMSS



AMG Performance, mu=1e-2 " NCMIS
SUPG EAFE
u=10"2% | Mesh

lter Setup Solve Total Comp| Iter Setup Solve Total Comp
1 4 0.12 0.05 0.17 243 4 0.09 004 014 219
: 2 4 051 022 073 243 4 039 0.18 0.58 2.20

Classic AMG
3 4 249 093 342 243 4 207 072 280 2.20
4 4 11.79 4.19 1598 243 4 10.00 3.30 13.30 2.20
1 10 007 007 014 143 | 10 0.07 0.06 0.13 159
Best AMG 2 10 035 031 066 145 10 032 0.28 060 1.62
3 10 1.77 134 311 146 | 10 166 120 286 1.64
4 9 9.03 515 14.19 1.46 9 805 469 1275 164
1 6 0.20 0.07 0.27 2.80 6 0.17 0.06 0.23 275
: 2 6 089 031 120 281 6 0.77 0.26 103 2.77
T 3 6 419 145 565 2.82 6 365 122 487 278
4 6 19.21 6.82 26.04 2.82 6 16.67 5.52 2220 2.78

C.-S. Zhang, AMSS 10



AMG Performance, mu=1e-4

SUPG
lter Setup Solve Total Comp| Iter Setup Solve Total Comp
1 8 020 0.15 035 4.14 6 0.12 0.09 0.21 4.09
: 2 7 085 060 146 4.07 6 0.70 043 114 450
Classic AMG
3 6 421 258 6.79 4.17 6 3.25 05 NS 21 41D
4 5 15.73 7.40 23.14 3.36 6 12.18 6.34 1852 3.01
1 14 007 007 014 143 14 012 0.14 0.26 2.99
Best AMG 2 12 035 031 066 145 | 15 053 064 117 2.63
3 14 1.77 134 311 1.46 [is 1.70 179 352 1.69
4 8 9.03 5.15 14.19 1.46 9 833 512 1345 1.67
1 5 0.71 0.17 0.88 11.03| 5 041 0.10 0.52 8.58
: 2 5 369 083 453 1296 5 281 0.62 343 13.62
CAir2 AMG
3 6 15.75 4.07 19.83 1143| 6 11.87 3.00 1488 11.79
4 5 39.22 9.63 48.86 6.32 5 32.73 7.51 40.26 6.79

C.-S. Zhang, AMSS
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AMG Performance , mu=1e-6

SUPG

Iter

Setup Solve Total

Comp

Iter

Setup Solve Total

Comp

1 X 0.15 350 3.66 3.88 7 0.10 0.10 0.21 3.76
: 2 X 0.64 15.56 16.20 3.89 7 045 041 0.87 3.77
Classic AMG
3 X 295 7135 7431 3.89 7 221 191 4.3 3.85
4 X 13.95 311.80 325.77 3.91 6 10.24 7.63 17.89 3.87
q X 0.12 256 2.68 2.28 16 0.11 0.17 0.28 2.91
2 X 0.56 12.14 12.71 2.40 16 0.51 0.76 1.27 2.94
Best AMG
3 X 2.54 53.13 55.68 2.31 15 239 3.13 5.53 2.92
4 X 12.73 202.35 215.09 2.26 15 1145 14.03 2549 292
1 9 034 0.19 053 6.12 5 0.15 0.06 0.22 3.41
CAIrY AMG 2 8 141 0.73 2.15 5.97 5 0.60 0.29 0.89 3.25
3 6 6.13 252 866 5.82 5 298 1.12 4.10 3.40
4 6 26.76 11.24 38.02 5.68 7 14.05 6.90 2096 3.35

C.-S. Zhang, AMSS
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Solver Performance for SUPG

SUPG Method

N MUMPS CAMG CAMG+GMRES AIR2 AIR2+GMRES
K Time (s) Numlt Time (s) Numlt Time (s) Numlt Time (s) Numlt Time (s)

256X256 0.88 23 0.18 11 0.15 11 0.25 8 0.28

109 512X512 5.02 23 0.89 10 0.66 10 1.14 8 1.31
1024X1024 29.56 23 4.34 10 3.11 11 5.67 8 6.14
2048X2048 203.17 22 17.63 10 14.11 10 25.22 8 27.83

256X256 0.89 16 0.15 10 0.14 8 0.23 6 0.27

10-2 512X512 4.85 16 0.73 10 0.66 8 1.06 6 1.21
1024X1024 29.17 16 3.65 10 3.11 8 5.05 6 5.65
2048X2048 203.34 15 16.48 9 14.19 7 22.57 6 26.04

256X256 0.89 14 0.21 14 0.14 9 0.71 5 0.88

10-* 512X512 5.47 13 0.85 12 0.66 48 7.46 5 4.53
1024X1024 33.52 29 5.43 14 3.11 58 37.18 6 19.83
2048X2048 265.11 9 12.63 8 14.19 19 54.71 5 48.86

256X256 0.89 X X X X 21 0.57 9 0.53

512X512 5.18 X X X X 13 1.94 8 2.15

107° [1024x1024 43.08 X X X X 9 7.48 6 8.66
2048X2048 371.99 X X X X 8 32.55 6 38.02

Direct Solver

A

A

Preconditioning

C.-S. Zhang, AMSS
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 NCMIS

Solvers Performance for EAFE

EAFE Method
\ MUMPS CAMG CAMG+GMRES AIR2 AIR2+GMRES

K Time (s) Numlt Time (s) Numlt Time (s) Numlt Time (s) Numlt Time (s)
256X256 0.93 23 0.18 11 0.13 11 0.21 8 0.24
100 512X512 4.33 23 0.79 10 0.61 10 0.94 8 1.09
1024X1024 25.28 23 3.68 10 2.85 11 4.79 8 5.23
2048X2048 157.77 22 16.23 10 14.15 10 21.52 8 23.61
256X256 0.93 16 0.13 10 0.13 8 0.19 6 0.23
= 512X512 4.41 16 0.64 10 0.6 8 0.88 6 1.03
1024X1024 26.08 16 3.03 10 2.86 8 4.28 6 4.87
2048X2048 158.03 16 15.02 9 12.57 7 19.38 6 22.2
256X256 0.98 X X 14 0.26 7 0.39 5 0.52
i 512X512 5.02 65 2.69 15 1.17 9 2.55 5 3.43
1024X1024 29.66 13 3.06 13 3.52 11 11.91 6 14.88
2048X2048 205.16 8 11.74 9 13.45 23 48.48 5 40.26
256X256 0.91 X 16 0.28 12 0.24 5 0.22
512X512 4.32 X X 16 1.27 8 0.83 5 0.89
10~°® [1024x1024 23.27 X X 15 5.53 9 3.97 5 4.11
2048X2048 143.19 X X 15 25.49 13 21.52 7 20.96

A A
Direct Solver Preconditioning

C.-S. Zhang, AMSS 14




Robustness of Iterative Methods

Standard techniques for improving robustness of iterative methods
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Practical Request on Robustness NCMIS

Find optimal available solver: argming, s maxp,cp |[Sp(Fa)| < €

® The easy way is, of course, to use solvers based on the direct methods; see Lectures 2 and 5
® \We mainly discuss how to improve iterative methods:
1. Improve theoretical understanding for simple model problems and construct preconditioners
that are not sensitive to given parameters
2. Combine appropriate iteration, precondition, and decoupling

3. Provide an automatic / adaptive procedure to select solver or its parameters to assist

simulation software

The unfortunate fact is: There is no well established theory, yet!

C.-S. Zhang, AMSS 16



Combination of Iterative Methods ‘?:%

® Poly-iterative methods: apply multiple solvers simultaneously

Method 1
® Composite methods: apply multiple solvers sequentially and

Method 2

Method

adjust ordering dynamically

Poly-lterative

Method 3 Review Lecture 4: Newton + Fixed-Point iteration methods

Adaptive solver selectors: pick a solver based on some criteria

Method 2 Method 3

Composite
Method
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3 Method 1 ‘
Working methods
5 |Adapiive B working
ol |Method 2 | -
2 Selection Method 2 - Void methods
2 | Module
S Selection procedure
2 Method 3 P

—
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Extended Combined Preconditioners

® Extended the combined preconditioners to nonsymmetric problems

® Combine drop tolerance technique with ILU(k)

® Applied to multi-group radiation diffusion problems

Table 1: Number of iterations and wall time of ILU(0) and AMG.

Table 2: Number of iterations and wall time of B¢, (left) and B, (right).

8000 x 6 16000 x 12 32000 x 24 8000 x 6 16000 x 12 32000 x 24
Euclid AMG Euclid AMG Euclid AMG Beo Beo Beo Beo Bio Boo
It | T, | It T, It T, It T It T, It T It | T, | It | T, | It | T, It T. | It T It T,
Sq 3 (04|11 05 3 1.6. | 11 2.0 4 6.5 11 8.9 S 111052 |05]|2]| 25 2 23 | 2| 10.0 2 92
S, 115105 (33| 13 |26]| 27 | 46 8.4 65 | 18.7 | 56 42.6 S, | 5107 | 6 |06]|5] 31 6 27 | & | 127 6 11.2
S3 - - 14 | 0.6 - - 16 35 - - 13 11.0 S3 | 7108|1007 |6 | 33 |10 32 | 8| 154 | 11 | 13.8
4000 x 12 8000 x 24 16000 x 48 4000 x 12 8000 x 24 16000 x 48
Euclid AMG Euclid AMG Euclid AMG B Beo Beo Beo Beo Bco
It | T, | It Te It T, It Te It T It T, It | T, | It | T, | It | T It T. | It T It T
M; | 2 |33 |14 |142 | 2 | 138 |35 | 1796 | 3 60.6 | 48 | 1002.3 My |1 |51 1 47 (1209 | 1 |191 |3 | 1191 | 3 98.2
My, | 2 |33 |14 |161 | 2 | 140 | 39 | 2123 | 3 61.6 | 42 | 972.6 M, | 1 |53 1 |48 (1 (215 | 1 |195 |2 | 1106 | 2 93.9
Mz | 2 |33 |22|278 | 2 | 141 |37 |2014 | 3 60.1 | 41 | 932.1 Mz |1 |52 1 47 (1 (213 | 1 |194 |2 | 1090 | 2 94.1
My | 2 |31 |48 | 436 | 2 | 128 | 51 | 2069 | 3 56.4 | 52 | 832.8 My |1 |54 1 |48 (1 (21| 1 |195 |2 | 1116 | 2 95.0
Ms | 6 |38 261|227 | 9 | 191 |24 | 976 | 19 | 138.1 | 29 | 4824 Ms | 6 |94 | 3 |56 |6 382 3 [23.0]| 3] 1257 | 3 | 102.7
Mg | - - |27 | 25,6 | - - 28 | 120.2 | - - 34 | 602.9 Mg | 4|79 3 |58 (3292 | 3 [235 |7 | 1911 | 3 | 103.6

Source: Yue, X., Shu, S., Xu, X., & Zhou, Z. (2015). An Adaptive Combined Preconditioner with Applications in
Radiation Diffusion Equations. Communications in Computational Physics, 18(5), 1313-1335

C.-S. Zhang, AMSS
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Matlab® Solver midivide

Dense or Sparse

YES | Use triangular

Use QR solver Is A triangular?

Is it @ square matrix?

Use permuted
triangular solver

Is it a triangular matrix?

Is it a permuted triangular matrix?

Is it @ Hermitian matrix?

the coefficient matrix

Is the diagonal
of A all positive
or all negative?

Use LU solver

Is it an upper Hessenberg matrix?
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Is the diagonal of the matrix positive?

C.-S. Zhang, AMSS 2 1



Intel® oneAPI MKL Advisor

NCMIS

Introduction

The Intel® oneAPI Math Kernel Library (oneMKL) is designed to run on multiple processors and operating systems. It is also
compatible with several compilers and third-party libraries, and provides different interfaces to the functionality. To support these

different environments, tools, and interfaces, oneMKL provides multiple libraries to choose from.

To see which libraries are recommended for a particular use case, specify the parameters in the drop-down lists below.

Select Intel® product:
Select OS:

Intel® oneAPI Math Kernel Library (oneMKL) Link Line Advisor v6.19 Reset
oneMKL 2022 v
Linux* ¥
CiC++ v

Select programming language:
Select compiler:

Select architecture:

Select dynamic or static linking:
Select interface layer:

Select threading layer:

Select OpenMP library:

Enable OpenMP offload feature to
GPU:

Select cluster library:

Select MPI library:

Select the Fortran 95 interfaces:
Link with Intel® oneMKL libraries
explicitly:

Link with DPC++ debug runtime

compatible libraries:

Use this link line:

Intel® oneAP| DPC++/C++ V|

Intel® 64 v
Static v
C AP with 32-bit integer v

“Intel® (libiomp5) v

(

Parallel Direct Sparse Solver for Clusters (BLACS required)
Cluster Discrete Fast Fourier Transform (BLACS required)
ScalAPACK (BLACS required)

BLACS

BLAS95
LAPACK95

-Wl,--start-group ${MKLROOT}/lib/intel64/libmkl intel lp6d.a
${MKLROOT}/1ib/intel64/1ibmkl_intel thread.a ${MKLROOT)/lib/intel64/libmkl_core.a -Wl,--end-group

-liompS -lpthread -lm -1dl

LAPACK

Access Individual Routines

Driver Routines

Computational Routines

Utility Routines

Testing Routines

Timing Routines

Download Libraries and
Packages

Documentation

LAPACK Search Engine

Home Help Netlib Search Sitemap

Search

Note: You can use two engines for your search:

1. Netlib's Entire Repository Search

2. Search for LAPACK Routine by Name (applet):

C.-S. Zhang, AMSS




Lighthouse Project

’ ”

NCMIS

Lighthouse Taxonomy

A FRAMEWORK THAT BUILDS ON AND IMPROVES EXISTING COLLECTIONS OF NUMERICAL SOFTWARE
ADDED TOOLS FOR CODE GENERATION AND THE TUNING OF MATRIX ALGEBRA COMPUTATIONS

WITH

Lighthouse Taxonomy

ABOUT

Lighthouse is a framework for creating, maintaining, and using a taxonomy of available software that can
be used to build highly-optimized linear algebra computations. The Lighthouse search-based system
combines expert knowledge, machine learning-based classification of existing numerical software
collections, and automated code generation and tuning. It enables developers with varied backgrounds to

readily discover and effectively apply the best available numerical software for their problems

Lighthouse supports libraries covering a broad space of sequential and parallel solution methods for
dense and sparse linear algebra. It currently offers access to functionality from three packages: LAPACK
PETSc, and SLEPc. To start the services, please click on the links listed below. If you would like to check

out the code and run it on Linux or Mac OS X 10.6 or later, visit GettingStarted for Lighthouse

Click on the links below to start using Lighthouse!

SPARSE MATRIX

Linear systems

Linear systems
Eigenvalue problems

Singular Value Decomposition (SVD) Eigenvalue problems
Sylvester matrix equation

Build to Order BLAS

3

T —— - — —

C.-S. Zhang, AMSS
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A Weaker Request on Robustness

25

NCMIS

For any problem P, € P, find a solver Sz € S such that ||Sz(P,)||

Y

< ¢

analysis

tuning

Parameters ——— Feature (fixed) U Free (variable) ——— Performance!

7

@ Type of PDE (system)
@ Physical parameters

@ Discretization

\

s

@ Krylov methods
@ Preconditioning

@ Decoupling

N

e

@ Num of nodes
@ Num of processes

@ Num of threads

~\

Problems

Algorithms

Resources

Question: How to find a “good” set of problem (easy-to-compute) features?

C.-S. Zhang, AMSS
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Problem Feature Parameters

55

NCMIS

| Feature names

avgnnzprow

right-bandwidth

avgdistfromdiag

symmetry

n-dummy-rows

blocksize

maXx-nnzeros-per-row

diag-definite

lambda-max-by-magnitude-im

lambda-max-by-magnitude-re

ellipse-cy nnzup
ruhe75-bound avg-diag-dist
nnz left-bandwidth

lambda-min-by-magnitude-im

lambda-min-by-magnitude-re

norml

sigma-min

upband

n-struct-unsymm

colours

diagonal-average

diagonal-dominance

dummy-rows

ritz-values-r

symmetry-snorm

symmetry-fanorm

symmetry-fsnorm

lambda-max-by-real-part-im

lambda-max-by-real-part-re

lambda-max-by-im-part-re

lambda-max-by-im-part-im

col-variability

trace-abs

ritz-values-c nnzeros
diag-zerostart loband
positive-fraction trace
min-nnzeros-per-row diagonal-sign
row-variability nrows
colour-offsets n-colours
relsymm diagonal-variance
departure nnzlow
n-nonzero-diags sigma-max
dummy-rows-kind kappa

n-ritz-values

colour-set-sizes

sigma-diag-dist

symmetry-anorm

ellipse-ax ellipse-ay
ellipse-cx lee95-bound
normInf normF

nnzdia trace-asquared

Full feature set comprising of 68 features computed using Anamod

Feature learning (selection & extraction)

® Performance of ML models is largely affected by the choice of
features

® A comprehensive feature set may include all entries of A (however,
it is too complicated)

® The choice of features is usually problem-dependent

® Obtaining features is usually costly and needed in both offline and
online steps

® Training takes a lot of time if too many features are selected

® Analytical and/or empirical results should be used to select

features

C.-S. Zhang, AMSS
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Free Parameters: Weight for Jacobi

5

NCMIS

Weighted Jacobi method grev = gold 4 wD-1(f — AgoW)

® Minimize smoothing factor by LFA (local mode analysis) [Brandt 1994]
® Minimize spectral radius bound of iterative matrix [Yang 2004]

® |t is complicated to determine w for practical applications: Trial and error!

h=750,At=0.5 h=750,At=0.5
25 1
7.0 -

6.5 201

% 6.0 1 g 157
[7] =]
£ o
=] [}
=

5.5 10 1

5.0 - 5 1

T T T -I T 0
0.6 0.8 1.0 1.2 1.4 0.6 0.8 1.0 1.2 1.
weight weight

C.-S. Zhang, AMSS
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Adaptive Solvers

Adaptive iterative methods via machine learning
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A Short Summary on Classical Methods NCMIS

e e MARE—TE
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Constructing Adaptive Solvers NCMIS

Need to find Keys to success:
influentigpl - - -------------~.. poos------------moy

®
solver Select input Obtain features LeBi El
parameters! Paramstors EEE

L preconditioners,

Need experts.

|

instead of simple

Free Distinguish Feature Find optimal free Kryl ov'su bS pace
parameters different types of parameters using
input parameters the ML model methods

\

Look at the powerful

preconditioners, like

' Reinforcement

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
parameters +—
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

S Tr:moangg:lll " J learning to
setting variabl¥as iirr?i?i;?\ﬁ c;[gteal ||_U’ DDM’ I\/Iultigrid,
| : — or combination of
Offline o -O_nli_n; _______

these methods ...
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Free Parameters: Coupling Threshold

NCMIS
Strong coupling threshold: —a; ; > Hstr| ming a; k|
— G = (V, E) is the corresponding graph of A
— S;:={j € N; : j strongly coupledto i},S] := {j € V: i €S;} setaffected by s
500 s 500 - -
450 407 | 450 - St
20 1 ]
gur i I 4° Ul
n 05 0.6 0.7 0.8 09 n 0.7 08 0.9
S 300 g 300
*{U' 250 "('U' 250
.
@ 200 @ 200
= =
150 150
100 100
50 - 50 - || |
0 I 111111 11T || ||II|||||||||||II||II||| ||l||l|||l||||||“ll|||| 0 .| I||I |I|I||II 1 ||||||I| I|I||| |lIII|IIII|ll|l [T T

OO 0.1 02 03 04 05 06 07 0.8 09 10

6

6
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Numerical Results Matches Theory NCMIS
Convergence Analysis (X. Xu and C.S. Zhang, 2022)
A2 A1
1— < ||Eprcl|la Smax{l— Az—l}
KTG KTG 7
Smoother Cycle Type Convergence Rate Y. Notay 2007 Xu & Zhang 2022
V-cycle 0.876 N/A 0.955
Gauss-Seidel
W-cycle 0.556 0.859 0.812
V-cycle 0.905 N/A 0.993
Weighted Jacobi (0.5)
W-cycle 0.639 Fail 0.979

Construct a test finite element matrix on 12 x 12 grid
e O = 0.26: Num Iter = 08, Actual Rate = 0.2498, Theoretical Rate = 0.2500
e 0 = 0.27: Num Iter = 74, Actual Rate = 0.9477, Theoretical Rate = 0.9477 -

C.-S. Zhang, AMSS 33
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W

Adaptive lterative Methods

x v ® A UIATHENE

a = [h, At] Wy
ML max HSolve(Pa) | S €
Feature Parameters = = = = = = P[ Optimal Parameter ] Autotuning Model P,eP
A

Sampling Optimizatio . EJ\E}KL%{_%;f
® SiTefsiERIEERE

v

ML )= 1 ST A FH
Free Parameters >[ Actual Wall Time ] Prediction Model ® MQ@E’EEE Elg l‘iﬁg}ﬁjl)ﬂwﬁ@
8= ] I ® it EIENANSETEESRRS

3D ICF Demo Example: 120 training problems and 10 test problems

Number of Nodes Average Number of Iterations

Graph Subgraph | 8 = 0.25 0 =0.5 Optimal | AutoAMG
6.29M 4.91M 51.3 466.6 23.1 27.7
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Designing GNN Networks NCMIS

/ \ Thomas N Kipf and Max
{ Skip ‘. Welling. Semi-supervised
\__Connection | _ _ classification with graph
Design computation :
dul convolutional networks.
m :
S [ : oauies arXiv:1609.02907, 2016.
_ _’: Sampling Conv/Recurrent ( Pooling :
1 Operator Operator Operator
Determine graph \ STTTTTToTs S TTTTTtoo
type & scale Ttee bt . .
ST oz Design loss function
Input RN -7 Output
e N\ Y g / - \
Node Loss Function
. Embedding
Find GNN GNN
se e # ini i
graph |:> Layer — Layer — I:> Edge . |:> TrammgSettmg Task
Embedding * Supervised * Node-level
structure * Semi-supervised * Edge-level
Graph * Unsupervised * Graph-level
_— — Embedding \ /

Source: Jie Zhou et al. “Graph neural networks: A review of methods and applications”, Al Open, 2020, Al Open, 57-81
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From Matrices to Graphs

Graph Structure Classification

dataset overview

0: cycle_graph 1: star_graph 2: wheel_graph 3: lollipop_graph

Or. %

4: hypercube_graph 5: grid_graph 6: complete_graph 7: circular_ladder_graph

iy

Source: https://www.dgl.ai/blog/2019/01/25/batch.html

® Using GNN to classify graph structures
(learn features)

® Numerical test: 320 (8x40) training graphs,
80 (8x10) testing graphs

® C(Classification accuracy: about 71.25%
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Learning Solver Components NCMIS

There are many examples on learning solver components by machine learning (deep learning)

“Learned” smoothing “Learned” subdomain solver

\ “Learned” preconditioner /

/ \ \J\g W

“Learned” restriction “Learned” prolongation

“Learned” coarsenmg ”Learned” cycling

Yuyan Chen, Bin Dong, and Jinchao Xu. “Meta-MgNet: Meta multigrid networks for solving parameterized partial
differential equations”. In: Journal of Computational Physics 455 (2022)
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Learning Proxy Models

NCMIS
o ZUEIHSHIEER EEW N REENZFL N ERReE
. BUBESTRRENIER | AR (— V- (kVp) =0, in Q,
- FLIEREEA— p = 10, in Iy,
- ERUSENSER( | (EBERLEMTBERIRES 1p=1, inT,,
o TERUEMERSIIENIR , SNTHS p _ 0, in T, UT,.
- SOEERIIRSHETY | RUENTSEER,. HEE. B In

- REZRIRTSMES R |, TTREX

o ZURUERET ST
o ZEZRNIBEDBRIIRERLS , BREXZER

o BHiF : B IBIRE , WFARRENMESEIER , REKREHEREDDT ’“’1‘5; 219:1 15(')10
: BN BERSTE ( SEUEIE ) > BFGE (0, 10) ORI
0.9) ¢ 9,9
(45.7)
.I ZR: ETFEA
¥ 2,4.5). 745 | Upsacaling @J??;Ué {J%T
1 ( ) ( ) | T, COEV 2:: .l;',onl Ip lE-I\ é‘%L_'Z_Z'l__I
| R |
%2’ \ . %% \ BB BIRIAFR A B
o0t— T T e (£E) ; FEF
z = o . SRIEBIERE
: Z)) ; BEIRE
S 58 N '
o RS IR (5E)
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Reading and Thinking

MULTITASK AND TRANSFER LEARNING FOR AUTOTUNING EXASCALE
APPLICATIONS

WISSAM M. SID-LAKHDAR, MOHSEN MAHMOUDI AZNAVEH, XIAOYE S. LI, AND JAMES W. DEMMEL

ABSTRACT. Multitask learning and transfer learning have proven to be useful in the field of machine learning
when additional knowledge is available to help a prediction task. We aim at deriving methods following
these paradigms for use in autotuning, where the goal is to find the optimal performance parameters of an
application treated as a black-box function. We show comparative results with state-of-the-art autotuning
techniques. For instance, we observe an average 1.5z improvement of the application runtime compared
to the OpenTuner and HpBandSter autotuners. We explain how our approaches can be more suitable
than some state-of-the-art autotuners for the tuning of any application in general and of expensive exascale
applications in particular.

https://arxiv.org/pdf/1908.05792.pdf

Are the algebraic solvers robust in
your application?
What solvers do you use? Do you

think they are good enough?

What strategies for improving

robustness will fit your application
the best? Why?
How do you want to improve

robustness?

C.-S. Zhang, AMSS
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Contact Me

® Office hours: Mon 14:00—15:00
® Walk-in or online with appointment

® zhangcs@lsec.cc.ac.cn

® http://Isec.cc.ac.cn/~zhangcs

My sincere gratitude to:

Xiaowen Xu, Haifeng Zou, Lian Zhang, Rui Li
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