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FEAST for First-Principle Calculations

Ground-State Calculations Excited-State Calculations
DFT/Kohn-Sham/All-electrons Time-dependent DFT (TDDFT)
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FEAST Solver Library

Design a robust, parallel and unified framework for solving the “interior” eigenvalue problems

Family of Eigenvalue Problems
@ Hermitian Ax = ABx, A Herm., B spd/hpd
e non-Hermitian Ax = ABx, A, B general
e Non-linear eigenvector A({x})x = ABx, A Herm., B spd/hpd
e Non-linear eigenvalue A(A\)x = ABx, A, B general
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@ Hermitian Ax = ABx, A Herm., B spd/hpd
e non-Hermitian Ax = ABx, A, B general
@ Non-linear eigenvector A({x})x = ABx, A Herm., B spd/hpd

@ Non-linear eigenvalue A(A)x = ABx, A, B general

www.feast-solver.org

Release dates

¢ v1.0 (2009): Hermitian problem : |
ress FEAST Eigenvalue Solver

¢ 2.0 (2012): SMP+MPI+RCI interfaces i

[ Home T Features

o
¢ v2.1(2013): AdO tion b Intel—MKL M
. . The FEAST cigensolver package is a free high-performance numerical library for solving the Hermitian and non-Hermitian cigenvalue problems, and

obtaining all the cigenvalues and (right/left) cigenvectors within a given scarch interval o arbitrary domain in the complex plane. Its originality lies with

[ Documentation T License [ Downtoad [ References | contacvinfo ]

a new transformative numerical approach to the traditional cigenvalue algorithm design - the FEAST algorithm. The algorithm takes its inspiration from
the density-matrix representation and contour integration technique in quantum mechanics. It contains clements from complex analysis, numerical lincar

hand sides. A Rayleigh-Ritz procedure is then used to generate a reduced dense cigenvalue problem orders of magnitude smaller than the original one.
The FEAST cigensolver combines simplicity and efficiency and it offers many important capabilities for achieving high performance, robustness,
accuracy, and scalability on parallel architectures.

. . .
‘ . FEAST is both a comprehensive library package, and an casy to use software. It includes flexible reverse communication interfaces and ready to use
0 0 0 predefined interfaces for dense, banded and sparse systems.

The current vers

n v3.0 of the FEAST package can address both Hermitian and non-Fermitian eigenvalue problems (real symmetric, real non-

symmetric, complex Hermitian, complex symmetric, or complex general systems) on both shared-memory and distributed memory architectures (i.c

-PFEAST (3 MPI levels) ST
-IFEAST (FEAST w/o factorization)

News & Updates

Jun. 17,2015

FEAST version v3.0 release |

*Support for non-Hermitian problems
*New/Improved integration schemes
*Expert routine

custom contour
*Stochastic estimates

Feb. 20, 2013

FEAST version v2.1 release |
*mproved stability
*ddoption by Intel MKL

Mar. 20, 2012
Second FEAST version v2.0 release |

*FEAST-SMP and FEAST-MPI
included

Sep. 4,2009

First FEAST version v1.0 release |

-mixed precision
-non-linear (polynomial
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| 0 algebra and approximation theory, and it can be defined as an optimal subspace iteration method using approximate spectral projcctors. FEAST's main
i V N ; I Ippo I O l I I O l I = e l I I I 1 al I building block is a numerical quadrature computation consisting of solving independent lincar systems along a complex contour, cach with multiple right
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FEAST Algorithm- AX=BX/\ (Hermitian, Generalized)

Subspace iteration with RR

0. Start: Select random subspace Yy, = {y1,¥2, - -, Umo tnxme (N >>mg > m)
1. Repeat until convergence

Compute Q,,, = p(B~1A)Y,,,

Orthogonalize @y,

Compute Ag = Q,ﬂﬂ AQm, and Bg = Qin BQm,

Solve AqgW = BoW Ag with WHBoW = I, xme

Compute Y, = QW

Check convergence of Y, and Ag,,  —for the m wanted eigenvalues
End

NSOV W

Standard iteration (power method)
p(B~1A) = B~ 1A

big

.....
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FEAST Algorithm- AX=BX/\ (Hermitian, Generalized)

Subspace iteration with RR

0. Start: Select random subspace Yy, = {y1,¥2, - -, Umo tnxme (N >>mg > m)
1. Repeat until convergence
2. Compute Q,,, = p(B~1A)Y,,,
3. Orthogonalize @,
4. Compute Ag = Q,ﬂﬂ AQm, and Bg = Qﬂn BQm,
5. Solve AgW = BoWAg with W”BoW = I, xm,
6. Compute Y,,, = Qm, W
7. Check convergence of Y,,, and AQmD for the m wanted eigenvalues
8. End
Standard iteration (power method) Shift-invert iteration
p(B-14) = B~1A p(B™'A)=(0B—A)"'B

_big

{1Fi:n1)

AHFHLH—HH—

* 1 linear system solve by iteration
==== * fast CV near the shift

Goal: |p(Amg+1)/p(Ni)li=1....m * slow CV elsewhere

.....



FEAST Algorithm

Subspace iteration with RR

0. Start: Select random subspace Yy, = {¥1, Y25 - - - s Ymo fnxmo (1 >> mg > m)
1. Repeat until convergence

CDmPUtE Qmu — ;O(B_IA)]-/mD

Orthogonalize Q,,,

Compute Ag = Q,_ff:_ﬂ AQ, and Bg = QED BQ .,

Solve AW = BoW Ag with wH BoW = L xme

Compute Y,,, = Qm, W

Check convergence of Y,,, and AQ'mu for the m wanted eigenvalues

8. End

NSO N

Optimal filter for the M interior
eigenpairs is given by the
spectral projector




FEAST Algorithm

Subspace iteration with RR

0. Start: Select random subspace Yy, = {¥1, Y25 - - - s Ymo fnxmo (1 >> mg > m)

1. Repeat until convergence

2. Compute Qum, = p(B~1A)Yy,

3. Orthogonalize @,

4. Compute Ag = Qig AQm, and Bg = QED BQm,

D. Solve AgW = BoW Ag with WHBQW = Ly g

6. Compute Y,,, = Qm, W

7. Check convergence of Y,,, and Aq,, for the m wanted eigenvalues

8. End
Optimal filter for the M interior 1 H 1 1
eigenpairs is given by the p(B~A) = XmX;, B = 2 | dz(zB—A)""B

spectral projector

,—/ N“-\F’Ml’t




FEAST Algorithm: Numerical Quadrature

Rational function filter Solving independent linear systems
T
N W multiple shifts in complex plane
o) =3 (muli plex planc)
Hir_nilitian Qmﬂ - leﬂ Q"('?‘?L}D (EJB o A)Q‘.E‘I‘?L}u — BYmD
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FEAST Algorithm: Numerical Quadrature

Rational function filter

Ne

wa
J
a = = )
pa(2) E sz —
j:]
Hermitian

Qm

Solving independent linear systems
(multiple shifts in complex plane)

Ne
= wQR) (2B —A)QY) = BYp,
i=1



FEAST Algorithm: Numerical Quadrature

Rational function filter Solving independent linear systems
e W (multiple shifts in complex plane)
palz) =)  —— ne
. J . 4
Hemiian Qmo = D_wiQM (2B — A)QG) = BYm,
2 | | | j=1
10 1 1
107 = .. -
al v
| T | 10— Gauss
2T 2 3 4 6||—— Trapezoid
- REAL 1011~ Zolotarev

log ,Iry(z)l

N nr=3
n=>5
- ".=8

08,4/, (1)

L
L1 |

E’_\JI . lu{]- “\. ]
N I R 109095 1 1.05 1.1 <

2 -1.5 -1 0.5 ?. 05 1 1.5 2 | . | . | | |
Polizzi, Phys. Rev. B. (2009) -2 0 2 4 6 ¢

Tang, Polizzi, SIAM SIMAX (2014) £

Guettel, Polizzi, Tang, Viaud, SIAM SISC (2015)



FEAST Algorithm at a glance

* Select search interval
* Select quadrature rule
« Select subspace size M_

Dhin ]
AX — )\BX —

<<Large>> M, [Q"AQ, Q"BQ]

==Small<<




FEAST Algorithm at a glance

* Select search interval
* Select quadrature rule
« Select subspace size M_

Ax=\Bx ==

<<Large>> M, 1Q"AQ, Q"BQ]

==Small<<

Properties

“Fast” and systematic convergence

Captures all multiplicities

]

]

@ No explicit orthogonalization

@ Reusable subspace O
@ Allow the use of iterative methods
@ Applicable to non-Hermitian problem
o

Natural parallelism at three levels




FEAST non-Hermitian algorithm

AX BXA Kestyn, Polizzi, Tang, SIAM, SISC (2015)
. XHBx =]
AEX = BEXA*
# Right projector Gauss
1 ~
p(B71A) = o j{ dz(zB—A)"'B=X,,XHEB,
C
¢ |_eft projector
1 ~
p(AB™1) = — j£ dzB(zB — A)~! = BX,, XH
2m Je

i

inssEl) \ i i i



FEAST non-Hermitian algorithm

Kestyn, Polizzi, Tang, SIAM, SISC (2015)

AX = BXA
AFX = BEXA*
¢ Right projector

p(B71A) = = ‘?{ dz(zB— A)"'B = Xm)?EB
C

XHEBX =1

Gauss

2m1
¢ |_eft projector
1 ~
p(AB™Y) = 5 ‘?g dzB(zB — A)~! = BX,, X2
C

=—a Without

i
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-15
0 1 2 3 4 5 6 0 100 200 300 400 500 600 700 800
REAL Subspace Size m




PFEAST (James Kestyn, PhD thesm 2018)

3 MPI communicators L1
. /’""cv Distribution of the spectrum (slicing)
III \I/_ Comn‘;\;E\F'cdation LZ
= R Ideal scalability - requires matrix copies
F0,r so TeT e T R
I P1]- \ Leet T K- - . \'r{\\ L3
- . Z21 IR ! § . . :
\ [ . NG (Row) Distributed direct solvers: Black-
X, . X ~ box (cluster pardiso,mumps) and DD
v <0 2 3
; 'R custom solvers
A N
New parallel FEAST interfaces L1 gr.ld L3 can be fused to reduce memory
local/global distributions and increase periormances
Example with 2L1 and 2L3:
PFEAST =
Kestyn, Kalantzis, Polizzi, Saad, supercomputing (2016)
FEAST-DD: A %
Kalantzis, Kestyn, Polizzi, Saad, NLAA (2018) _ 1 L S




IFEAST- w/o factorization- (Brendan Gavin, PhD thesis 2018)

Il < ellrell,

@ FEAST using inexact iterative solves  (zxB—A)yy =Bx+1, < y<1

@ Example: Parsec Si. (B=I)

= 10° T l . . @ 700 : . ‘
3 St Lowest 20 —— | 5 o0 Lowest 20 —f— |
3 107 | Middle 20 —— B 200 Middle 20 —3— |
< 104 | — 8
T 0=0.5 2 o
S 10 £ 300
L =
% 108 | s 200 50000000000 AL00GOMAAAE
& I x 100 | POVIGRVEEEREEEEEEO0000
L 1010 L L L L L = g p Lo
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
IFEAST Iteration IFEAST Iteration
. . . 2 + ah . . s :
CV rate is still linear ew: < (p( m) ) #inner iterations is constant!
j
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Il < ellrell,

@ FEAST using inexact iterative solves  (zxB—A)yy =Bx+1, < y<1

@ Example: Parsec Si. (B=I)

= 10° T l . . @ 700 : . ‘
3 A Lowest 20 —— | 5 o0 Lowest 20 —f— |
s 10 Middle 20 —¢— B 200 Middle 20 —3— |
< 104 — 8
: 0=0.5 2 00
S 10 £ 300
> =
g 108 = 200 0000000000000 06A50005GAAD0
s x 100 Ive v
i 1010 L L L L = g p Lo e
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
IFEAST Iteration IFEAST Iteration
. . . A +al . . s :
CV rate is still linear ew: < (”( m) ) #inner iterations is constant!
j

@ Generalization of previous work on inner-outer iterations with single real shift-
invert. Robbé, Sadkane, Spence, SIMAX, 31(1), p.92, (2009)



IFEAST- w/o factorization- (Brendan Gavin, PhD thesis 2018)

Il < ellrell,

@ FEAST using inexact iterative solves  (zxB—A)yy =Bx+1, < y<1

@ Example: Parsec Si. (B=I)

100

T::U 5[ [ I Lowes:t 20 —I—I 1 g ;gg 1 Lowe:lst 20 ;|_ |
g 1077 Middle 20 —— - B oo Middle 20 —%— |
< 104 | — £
5 0=0.5 g 400
S 100 & 300
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g 108 = MO0AOOG0000000000GALOAALALEDE
> i x 100 | '
o 1910 L s ! L . L - R R e o e
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
IFEAST Iteration IFEAST Iteration
. . . Ams1) + 0l . . . .
CV rate is still linear e < (”( %)_) ) #inner iterations is constant!
J

@ Generalization of previous work on inner-outer iterations with single real shift-
invert. Robbé, Sadkane, Spence, SIMAX, 31(1), p.92, (2009)

@ Formally equivalent to block restarted Krylov ideally suited for interior problem-
Krylov eigenvalue strateqy using FEAST with inexact system solves, Gavin, Polizzi: NLAA, (2018)



IFEAST- w/o factorization- (Brendan Gavin, PhD thesis 2018)

.. : , < ,
@ FEAST using inexact iterative solves (2B — A)yx = Bx + 1, ”%lL aﬂ'?”

@ Example: Parsec Si. (B=I)

= 10° T l . . @ 700 : . ‘
3 A Lowest 20 —— | 5 o0 Lowest 20 —f— |
s 107 | Middle 20 —¢— B 200 Middle 20 —3— |
< 104 | — 8
T oot 0=0.5 2 00
S 10 £ 300
> - =
S 108 = 200 0000000000000 06A50005GAAD0
s I x 100 |- Ive v
L 1010 L L L L L = g p Lo e
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
IFEAST Iteration IFEAST Iteration
. . . A +al . . s :
CV rate is still linear ew: < (”( m) ) #inner iterations is constant!
j

@ Generalization of previous work on inner-outer iterations with single real shift-
invert. Robbé, Sadkane, Spence, SIMAX, 31(1), p.92, (2009)

@ Formally equivalent to block restarted Krylov ideally suited for interior problem-
Krylov eigenvalue strateqy using FEAST with inexact system solves, Gavin, Polizzi: NLAA, (2018)

@ Equivalence to Polynomial filtering [ Fafional Fiter = (o ¢ Wear Conversence % |

Filter Value

| L L | |
1000.46 1000.48 1000.5 1000.52 1000.54
[ o Eigenvalue N



IFEAST- w/o factorization- (Brendan Gavin, PhD thesis 2018)
@ Example: Parsec standard Ga41As41H72, n=268K, m=10 lowest,m_=20,nc=3
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IFEAST- w/o factorization- (Brendan Gavin, PhD thesis 2018)

@ Example: Parsec standard Ga41As41H72, n=268K, m=10 lowest,m_=20,nc=3
@ FEAST/PARDISO: ~few hours
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@ Example: Parsec standard Ga41As41H72, n=268K, m=10 lowest,m_=20,nc=3

@ FEAST/PARDISO: ~few hours
@ |[FEAST/BICGstab: ~few minutes ~100K mat-vec (1 rhs), 20 feast iterations
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@ ARPACK: ~12K mat-vec (1rhs), ~2K restarts,
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@ Example: Parsec standard Ga41As41H72, n=268K, m=10 lowest,m_=20,nc=3

@ FEAST/PARDISO: ~few hours
IFEAST/BICGstab: ~few minutes ~100K mat-vec (1 rhs), 20 feast iterations

= ]
@ ARPACK: ~12K mat-vec (1rhs), ~2K restarts,
@ A lot more mat-vec than standard Krylov (Arnoldi) but can be performed in parallel

=> |[FEAST fully in parallel, 1.7K mat-vec (1rhs)



IFEAST- w/o factorization- (Brendan Gavin, PhD thesis 2018)

@ Example: Parsec standard Ga41As41H72, n=268K, m=10 lowest,m_=20,nc=3

@ FEAST/PARDISO: ~few hours

@ |[FEAST/BICGstab: ~few minutes ~100K mat-vec (1 rhs), 20 feast iterations

@ ARPACK: ~12K mat-vec (1rhs), ~2K restarts,

@ A lot more mat-vec than standard Krylov (Arnoldi) but can be performed in parallel
=> |FEAST fully in parallel, 1.7K mat-vec (1rhs)

@ Difficulties: inverse free generalized problems (B#l) and preconditioners

Convergence for Generalized Eigenvalue Problems
10°

T I .
Generalized IFEAST —@— |1
Basic IFEAST ---l--- |1

Eigenvector Residual

10°

106 |

10—? I I 1 1 1 I
0 5 10 15 20 25 30
Iteration



IFEAST- w/o factorization- (Brendan Gavin, PhD thesis 2018)

@ Example: Parsec standard Ga41As41H72, n=268K, m=10 lowest,m_=20,nc=3

@ FEAST/PARDISO: ~few hours

@ |[FEAST/BICGstab: ~few minutes ~100K mat-vec (1 rhs), 20 feast iterations

@ ARPACK: ~12K mat-vec (1rhs), ~2K restarts,

@ A lot more mat-vec than standard Krylov (Arnoldi) but can be performed in parallel
=> |FEAST fully in parallel, 1.7K mat-vec (1rhs)

@ Difficulties: inverse free generalized problems (B#l) and preconditioners

Convergence for Generalized Eigenvalue Problems
10°

T I .
Generalized IFEAST —@— |1
Basic IFEAST ---l--- |1

Eigenvector Residual

10°

106 |

10—? I I 1 1 1 I
0 5 10 15 20 25 30
Iteration

@ Solution: Generalized IFEAST (based on Residual Inverse Iterations)
[ o [ [ ([ [ o [ [



Residual Inverse lterations

* Generalization of previous work:

*Golub G., Ye Q. Inexact Inverse Iteration for Generalized Eigenvalue Problems, BIT p671 (2000)
*See also (in the context of non-linear problems): A. Neumaier, Residual inverse iteration for the
nonlinear eigenvalue problem, SIAM J. Numer. Anal. 22 (5) (1985)



Residual Inverse lterations

* Generalization of previous work:

*Golub G., Ye Q. Inexact Inverse Iteration for Generalized Eigenvalue Problems, BIT p671 (2000)
*See also (in the context of non-linear problems): A. Neumaier, Residual inverse iteration for the
nonlinear eigenvalue problem, SIAM J. Numer. Anal. 22 (5) (1985)

Solve (2B — A)Y = BX}

—

R = BXiA — AX,,
Solve (zxB — A)y=—R
Y = (Xk+7) * (2] — &)™




Residual Inverse lterations

* Generalization of previous work:

*Golub G., Ye Q. Inexact Inverse Iteration for Generalized Eigenvalue Problems, BIT p671 (2000)
*See also (in the context of non-linear problems): A. Neumaier, Residual inverse iteration for the
nonlinear eigenvalue problem, SIAM J. Numer. Anal. 22 (5) (1985)

R = BX,A — AXy
Solve (2B — A)Y = BX} :> Solve (zxB — A)y = —R
Y = (Xg +7) % (2] —A)™

T(z):zB—A

b d2T(2) IBX® mm) Q = — ]{ dZ(X(’“> — T(Z)_lR(X(k),A)>(ZI —A)~!
C

271

Q =

2777,



Residual Inverse lterations

* Generalization of previous work:

*Golub G., Ye Q. Inexact Inverse Iteration for Generalized Eigenvalue Problems, BIT p671 (2000)
*See also (in the context of non-linear problems): A. Neumaier, Residual inverse iteration for the
nonlinear eigenvalue problem, SIAM J. Numer. Anal. 22 (5) (1985)

R = BX,A — AXy
Solve (2B — A)Y = BX} :> Solve (zxB — A)y = —R
Y = (Xg +7) % (2] —A)™

T(z):zB—A
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Residual Inverse lterations

* Generalization of previous work:

*Golub G., Ye Q. Inexact Inverse Iteration for Generalized Eigenvalue Problems, BIT p671 (2000)
*See also (in the context of non-linear problems): A. Neumaier, Residual inverse iteration for the
nonlinear eigenvalue problem, SIAM J. Numer. Anal. 22 (5) (1985)
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Three main consequences
*[FEAST applicable to generalized systems and preconditioners
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* Generalization of previous work:

*Golub G., Ye Q. Inexact Inverse Iteration for Generalized Eigenvalue Problems, BIT p671 (2000)
*See also (in the context of non-linear problems): A. Neumaier, Residual inverse iteration for the
nonlinear eigenvalue problem, SIAM J. Numer. Anal. 22 (5) (1985)
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Solve (zx B — A)Y = BX}, :> Solve (zxB — A)y = —R
Y = (Xg +7) % (2] —A)™

T(z):zB—A

[ a2 px O Q = 5§ dx(XP —T() T ROY, ) ) (o1 - )
C

271

Q =
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Three main consequences
*[FEAST applicable to generalized systems and preconditioners
*Mixed-precision arithmetic (single precision direct/iterative solvers)



Residual Inverse lterations

* Generalization of previous work:

*Golub G., Ye Q. Inexact Inverse Iteration for Generalized Eigenvalue Problems, BIT p671 (2000)
*See also (in the context of non-linear problems): A. Neumaier, Residual inverse iteration for the
nonlinear eigenvalue problem, SIAM J. Numer. Anal. 22 (5) (1985)

R = BX,A — AXy
Solve (zx B — A)Y = BX}, :> Solve (zxB — A)y = —R
= (Xg +7) * (zpl = A)~

T(z):zB—A

[ a2 px O Q = 5§ dx(XP —T() T ROY, ) ) (o1 - )
C

271

Q =

2777,

Three main consequences
*[FEAST applicable to generalized systems and preconditioners
*Mixed-precision arithmetic (single precision direct/iterative solvers)
*Applicable to non-linear eigenvalue problem T'(A)x = 0



Residual Inverse Iterations: Applications (Generalized+mixed)
Example: C6H6 (P2-FEM generalized), n=49K, m=6 lowest, m =20 n =5

Solver FEAST * IFEAST
precision (pardiso) . .
* (bicgstab 30 iter.

max, jacobi prec.)
double 7.94s (3 iter.) 51s (10 iter.)

single 5.18s (3 iter.) 33s (10 iter.)



Residual Inverse Iterations: Application to non-linear problem

0. Guess V (could be random)

1. Solve reduced eigenvalue problem

VHT(A)VJ: — () < reduced non-linear problem
v (reduced companion problem for
2. X =VX, polynomial eigenvalue)

3. Check ||T(A)x]|, stop if low enough
4. Generate subspace V(x) = Y.<, wp(x = T(z) 1T (D)x)(z — D) ?
5.GOTO step 1

Example: Butterfly problem PNz = (M As 4+ N3 As + A2 45 4+ A A + Ag)x = 0.

2.0 T T T T 10?

10t b
15 10° L
1ol 107}
107
0.5 2 107
i FEAST for nonlinear
eigenvalue problems
Gavin, Miedlar,

Polizzi, JCS (2018)

T 10%|

Imaginary Part

0%}

Eigenvector

107 |
108}

107 |

“15¢ o o Eigenvalues 1 100
o - - Search Region o 101 ) ) ) .
—3.0 L " " : - 0 5 10 15 20 25
-15 -1.0 -0.5 0.0 0.5 1.0 15 NLFEAST Iteration

Real Part [ [ [ [ [ ] ] [ [ [



FEAST non-linear (FEAST and Beyn)

Rail Track Oscillations

TA) = NI+ AT+ A+ A2+ A+ 1

n=50K, m=250

FEAST

“N_ . m=300

10? L
10? m n--\rt —

102 . ._ .. =

10
0%
108 #*
107
0%
10°
LR .
10 11 [ ]
1= -

Eigenvector Residual
]
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& 4 n.=16
H@E =32
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FEAST non-linear (FEAST and Beyn)

Rail Track Oscillations

TA) = NI+ AT+ A+ A2+ A+ 1

n=50K, m=250
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FEAST non-linear (FEAST and Beyn)

Rail Track Oscillations
TA) = NI+ AT+ A+ A2+ A+ 1
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FEAST non-linear (FEAST and Beyn)

Rail Track Oscillations

TA) = NI+ AT+ A+ A2+ A+ 1
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FEAST

10
10t
10?

10

102

10%

10

0%

108

107

0%

Eigenvector Residual

10°
10 1]
10 11
103

10#
10*
10°
10
107
10%
10
10%
w0
107
10%
10
10 10
10 11

Eigenvector Residual

104
il

=

N\

m "'n--\]—.__t —
.- . —
. "

m,=300

-—s n,
n.=16
no=32
& n.=64

¥

-4
=58 ]

= Exact Eigenvalues |

e
£ ozf
m
[~
) ’
a oaf Il
= I
=]
m
E azf
aal Integration contour
13 5 14 17 ] ] 5 ] T ]
Real Part

Beyn’s Method Residuals for Rail Oscillations

. =8

e = 32

ne. = 64
g—

1. = 128

mo = 300
g = 500

2.4e-1
9.4e-1

1.0e-2
3.8e-8

3.8e-3
Q.5e-120

4.2e-9
6.9e-12

2 3 ] 5
NLFEAST Iteration




FEAST non-linear (FEAST and Beyn)
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Imaginary

FEAST non-linear (FEAST using Beyn)

Example: general nonlinear

T(A) = 2B, + (e* — 1)B; + B,
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Conclusion

FEAST v4.0

New implementation using Residual Inverse Iterations
PFEAST (MPI-MPI-MPI)

IFEAST (w/o factorization+basic preconditioners)

All linear system solves using single precisions
Non-linear problems (polynomial)

New Direction (beyond 4.0): Hybrid solvers, svd, quaternions

Students: James Kestyn, Brendan Gavin, Braegan Spring, Julien Brenneck
Collaborators: Y. Saad, A. Miedlar, P. Tang
Funding: NSF #1510010, #1739423, #1813480, Intel



	Slide 1
	Slide 2
	page3 (1)
	page3 (2)
	page4 (1)
	page4 (2)
	page4 (3)
	page5 (1)
	page5 (2)
	page6 (1)
	page6 (2)
	page6 (3)
	page7 (1)
	page7 (2)
	page8 (1)
	page8 (2)
	Slide 17
	page10 (1)
	page10 (2)
	page10 (3)
	page10 (4)
	page11 (1)
	page11 (2)
	page11 (3)
	page11 (4)
	page11 (5)
	page11 (6)
	page11 (7)
	page11 (8)
	page12 (1)
	page12 (2)
	page12 (3)
	page12 (4)
	page12 (5)
	page12 (6)
	page12 (7)
	Slide 37
	Slide 38
	page15 (1)
	page15 (2)
	page15 (3)
	page15 (4)
	page15 (5)
	Slide 44
	Slide 45

