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The gl obal picture o ronEcHNIOU:

» Lecture | - Introduction to UQ

Motivation, terminology, background, Wiener chaos expansions.

» Lecture Il - Stochastic Galerkin methods

Formulation, extensions, polynomial chaos, and examples.

» Lecture lll - Stochastic Collocation methods

Motivation, formulation, high-d integration, and examples.

» Lecture IV - Extensions, challenges, open questions

Geometric uncertainty, ANOVA expansions, reduced order modeling and
discussion of some open questions.
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A brief overview

Dealing with geometric uncertainty

ANOVA expansions and parameter reduction

Open questions and challenges

Want to know more !
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A brlef overview BOIE JOPrTCHNIaL:

We have the majority of the tools in place

» Wiener Chaos expansion and the generalized Polynomial
Chaos (gPC) expansion to represent random variables.

» Superior performance for ‘smooth’ random variables

» Developed the Stochastic Galerkin methods to solve
SDE/SPDEs with uncertainty.

» Formal, systematic, general, and rigorous, leading to large systems of equations
» Requires new solvers to be developed

» Developed the Stochastic Collocation method to improve

efficiency and eliminate need to develop new solvers.

» Reformulates the problem to require the solution of many decoupled problems
» Connection to approximate high-d integration forms leads to further savings

) ldentified the Karhunen-Loeve expansion to represent
fields and processes
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A brief overview l(lfl!

There are a few issues we should still consider

» How to deal with geometric uncertainty

» How to continue to push towards high-d

,,,,,,
,,,,,,,,,

Shock reflection from
rough boundary

From G. Lin et al (2008)




Uncertain geometries

Consider the random domain problem

u;(x,t) = Lx;u), D(Z)x(0,T],
B(u) =0, 0D(Z) x [0, T1],
u = uy, D(Z) x {t = 0},

Introduce an invertible mapping

y=y(x, 2), x=x(y, 2), V/Z € Rd,

to obtain
vy, t,Z)=L(y,Z;v), E x(0,T] xR,
B(v) =0, JE x [0, T] x R,
v = v, E x {t =0} x R,

Deterministic problem in random domain is transformed

to a stochastic problem in a fixed domain

ECOLE POLYTECH

NIQUE
FEDERALE DE LAU SANNE
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Uncertain geometries T
Example: Diffusion in channel - (L,H) with random boundary
Xiu, 2010
(x1,x2) € D(w) = [0, L] x [h(x, w), H], <o
= =g s b o) -
Introducing this yields L L
V. [lc(x)Vu(lx,Z)]=a(x) 1n D(Z),
u(x,Z)=0 on 0D(Z2),
¢ ) ¢ il 01, - )e)
J 0 Sy, Z) = ,
Yo — kD)) (aij(y, Z)—v) = J f(y, 2) A(x1, - .- s %)
i—1 3)/1 1 8)/] 1
-t "~ - (v, 2) = J 7'V -V,




Uncertain geometries
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Roughness by covariance

0.02

Con(r,s) =E[h(r, )h(s, w)] = 0% exp [ —
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d=10
b=L/5

Xiu, 2010
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0.004
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-—- MC: 500
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—— SG: 2nd-order
I I

25 3 3.5 4 4.5 5

0.009013
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Uncertain geometries il

" Mapping is essentially
around a mean grid

c

K]

‘ \V4
Yaviva

—N=fme [
N —N=8mc1l
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RCS (db)

|0% uncertain radius



)
Uncertain geometries il

Correlation length is about |/5
of total length
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The use of random mappings in combination with the
Stochastic collocation approach is flexible and robust.

We can now address and have demonstrated the
ability to deal with uncertainty of a variety of types

» Geometrics

» Initial and boundary conditions

» Materials

» Sources

» Both steady and unsteady problems
) etc

Computational cost is becoming problematic for d>>1|
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AN OVA Expan5|ons GO POIVTICHNIOD:

In many cases we are left with wanting to evaluate

X)) [ FX (@) do X = (X1, Xa), d> 1

which quickly becomes an expensive exercise.

Q: Can we reduce the cost without loosing accuracy !

DEF: The ANOVA expansion
D=1{1,...,d
X) = X'
f(X) f0+§)ft( ) Q= [0,1)°
X = [ 00 =S X
|t| dimensional hypercube
fo= | FX)dX, [ f(X)dX" = f(X) X’

t indexed sub-vector
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AN OVA Expan5|ons BOIE JOPrTCHNIaL:

A few characteristics -

» The ANOVA expansion is unique and exact
» It is a finite expansion with 2%terms
» All terms are mutually orthogonal

Example:

f(Oél,OéQ,Oég fO+Zfz az =+ Z fzg a17aj)

l=1<y<d

We have not achieved much yet.

Now define the truncated expansion

f(X,s)= fo+ Z f(XF) S = truncation dimension
tCD;t|<s
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AN OVA Expan5|ons GO POIVTICHNIOD:

Let us first introduce

Vi) = [ (REDPaX, V(D= 30 Vi)

1t| >0

... subset specific variances

Define the effective dimension through

> Vi) = qV(f) <1
0<|t|<p
Then one can prove Err(X,ps) < 1— g

1

Err(X, ps) = V(f)

/[fX F(X,ps)]? dX

NOTE: If p<<d there is hope!
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ANOVA Expansions
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Is that relevant ?

d=10

—_— L2 error

- Lw error

3 4 5 6 7 8 9 10

order of ANOVA expansion b)
- N L2 error
“\ - --L_error

3 4 5 6
order of ANOVA expa

|7'lsion d)

e Product Peak function: u;(x) =

P+ (i—)?)7 !,

p
e Corner Peak function: us(x) = (14 ¥ cix;)~(PTD),
=1

l

p
e Gaussian function: uz(x) =exp(— Y Ciz (xi — (Di)z)a
i=1

—_— L2 error

- Lm error

« s 6 7 8 9
orders of ANOVA expansion

_______

—_ L2 error

- Lw error

1 2 3

i 5 6
order of ANOVA expa

7
nsion

p
- Continuous function: us(x) =exp(— Y, cilxi — @)|,
i=1

Observation:

The majority of high-dimensional
functions have a low effective
dimension.

The ANOVA expansion exposes
this and makes it accessible



ANOVA Expansions -

Lets take it one step further and define

Sensitivity index: S(t) = —,

“ ’»

Then sensitivity of variable “i”’ is measured through

Y S+ xS = 1, i={1,...,d}, X"

it it
We can now measure impact of variable on output of interest

» Compute ANOVA expansion using Stroud-2/3 rule

» Evaluate which parameters are of importance

» Compress parameter set to these and maintain the
remaining at expectation value.

» Compute ANOVA expansion of compressed set

» Evaluate statistics of compressed problem



ANOVA Expansions
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10°
107 P
107"
107° +
107° F
107
1072
107

107"

Example: 25 planets of uncertain

p
X(t) =Y mifi/rf,
i=1

—_— L2 error

AN _--Lwerrorf
\

2 3 4 5 6 7 8 9 10
order of ANOVA expansion

Sensitivity index

X(t()) — X0. m’i

mass pull in a unit mass space-ship

%[1 0.1+ U(=1,1)

D+

-ull ANOVA based on Stroud-3

>
40/0 20/020/0 30/0 40/0 20/
3% 2%
2%
2%
2%
20 10%
5%

50, 4%
2% 3%
2% 2%
2% 2%

26%

15 I
trajectory
+ important
*  unimportant
10 1% + O initial
+ *
+ He
SF %
*
% *
ok *
*
* * *+ +
+
-5}
+
*
*
*
* *
-10 1
-10 -5 0 5 10

Active and passive “planets”

Active # of parameters is 7
>3%



ANOVA Expansions

Does it work ?

-20

10

—_— L2 error
- - Loo error

2 3 4 5
order of ANOVA expansion

0.9

0.7

0.6

0.5

position

0.4

0.3

0.2

0.1

—reduced solution
----- MC: 2000 points
- = =MC: 4000 points

kinetic energy

velocity

x 10~

—_

o
©
T

o
oo
T

o
N
T

o
»
T

o
(&)}
T

o
I
T

o
w
T

o
N
T

o
Y
T

— all parameters
- = =seven parameters

|
-

0.25

— reduced solution
----- MC: 2000 points
- = =MC: 4000 points

0.151

=
—_
T

0.051
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ANOVA Expansions
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p=100 instead

—_— L2 error
- ==L errorf
4 5 6 7 8 9 10
order of ANOVA expansion

position

— reduced solution
----- MC: 4000 points
- = =MC: 6000 points

o
(6]
T

o
I
T

Active # of parameters is 10

2%
3% 1%

0.35

— reduced solution
03k == MC: 4000 points i
- = =MC: 6000 points

0.25F

velocity
o

— o
a1 N
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ANOVA Expansions il

Consider again the toggle-problem

du (04]
_ _ o= (o, ,0)=(ai,,pB,7.n%
a1+ " ) (o 6) = (on,00,B,7,1,%)
o =
dv _ w (1+[IPTG]/ 2 )" IPTG is a control parameter
di 1+ o7 |
Qigsot/o SH%ERZL’//‘:, 129 first sixth
a(X) =< a > (1+0X)
fX’L — U(_]'7 ]') second
oc=0.1 e S
, ourth
1 e 1S, 66% third
0.9t T % % % % ¢ 25%
* fourth
0.8 7
o IPTG = IE-6 IPTG = IE-4.5
8 0.6
S 05|
g )]
O 04r
pd . . . .
s} Parametric importance is nicely
02 reflected in sensitivity index
0.1
I DU, . e
10 10 107 107 10

IPTG



ANOVA Expansions

Consider a problem of pollution

_ y ri+

j€{1,10,14,23,24} j€{2.3.9,11,12,22,25}

)}

—rp—r3—rg—rip+ri+r

—ris+ri+ri7+riot+rn

—ry—Fri6—Tr17 — 123 +7115

—r3+2xr4+re+r7+riz+ry

—re—rg—ria—ryo+r3+2xrg

—r4—Tr5—T6+ 113
ra+rs+re+rg
—r7—1rg
—rip+r+nr
—rg—rio+rs+ri
r9

—ri1+rio
—ri3+r2

ri4

—r18 —ri9+rie
—Ino

20

—TI21 — 12 — 124+ 123+ 125

—rs5+ 14

Fj

chemistry

ri=ky - u rio=kio-uy-uiy || rio=kio-uie
ro=ky-up-uz || rii=kir-ui3 ra0=k20 - Ug - U17
r3=ks-up-us || rig=kip-uz-uyo || ra1=ka1 - uig
ra=ky4 - uz ri3=kiz - u4 rn=ky -u19
rs=ks - uz ria=kig-uy-ue || r3=koz - uy-ug
re=ke -ug-u7 || ris=kis-u3 raa=ko4 - uy - U9
r7=kz - ug rie=kie - 4 ras=kas - U0
rg=kg -ug-ug || ri7=ki7-uy4

ro=kg -uy-uyy || rig=kis - uie

k1=0.350 k10=0.900- 10* k19=0.444 - 102
k2=0.266-10> || k1;=0.220-10"" || kp=0.124-10*
k3=0.123-10° || k12=0.120-10° || k;=0.210- 10
k4=0.860-1073 || k;3=0.188-10 k»»=0.578 - 10
ks=0.820-1073 || k14=0.163-10° kr3=0.474- 1071
ke=0.150-10° k15=0.480- 10’ k24=0.178 - 10*
k7=0.130- 107> || k;=0.350-10"3 || kp5=0.312-10
ks=0.240-10° || k17=0.175-107"

ko=0.165-10° || k15=0.100-10°

(gl

ECOLE POLYTECHNIQUE
FEDERALE DE LAUSANNE
B ———

25 RV (Uniformly distributed with

20 equations

10%)
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ANOVA Expansions il

Active # of parameters is 6

—_— L2 error
- - Loo error |
""""""""""" 6%
| | | | | | 20/0 1 10/0
4 5 6 7 8 9 10
order of ANOVA expansion
0-305 T T T T T T T T 0-305 T T T T T : : :
0.304 - 0304} _
0.303F 1 0.303} _
C
ie) 2
S 0302r 1 8 0302} ]
@) [0
h >
0.301F - 0.301 .
03 0l — reduced solution
' - - = six parameters I . MC: 2000 points
— all parameters = = =MC: 4000 points
| | | | l l l l 0299 1 Il 1 Il 1 Il I I
0'2991 0 1 2 3 4 5 6 7 8 -1 0 1 2 3 4 5 6 7 8

time time



ANOVA Expansions
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Active parameters depends on

ul4 - Active # of parameters is 8

solution

0/2% 2°/o2°/°2%2°/020/

()
2%

2%

26%

D%

2%

2%

2%

2%

2%
2%
2%

x 10
8 : : ;
; | |
Il |

6_

5_

4_

3_

2_
1k - = =six parameters
— all parameters
%o 1 2 s 4 5 6 7

time

output of interest

ul7 - Active # of parameters is 8

2‘%:2%20/020/<20

7% 20/ 8%
x107°
7.005 : . . .
- = =eight parameters
— all parameters
7 -
< 6.995F
.
=
(@]
? 699}
6.985
6.98 -
-1 0 1 2 3 4 5 6 7 8
time
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AN OVA Expan5|ons BOIE JOPrTCHNIaL:

It is valuable tool to analyze and compress functions of many
parameters:

) It is exact and finite
) It nicely exposes low-dimensional effective dimensions
) It provides a practical tool for parametric compression

Only one bottleneck left

fo= [ f(X)dX, f(X)dX" = f(X)
Ad A0

This is a full high-d integration -

if done accurately, it is very expensive



ANOVA Expansions

The ANOVA expansion can be expressed with an

arbitrary measure -

FX)dX = [ f(X)du(X)
Ad Ad

Let us choose the measure w(X) =6(X =)

With the anchor point B=(B1,...,084)

In that case we get the expansion

fo(X) = f(Brs- 0 B, X)) = D fu(X) = fo

wCt

fo=[f(b1,...,0Ba)

No integrals - just function evaluations

B ('

EEEEEEEEEEEEEEE QUE

EEEEEEEEEEEEEEEEE
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ANOVA Expansions il

Does this really work ?

Lebesgue ANOVA

Dirac ANOVA

p
u1(a) = cos(2mwy + Z C; ;). p= 10

1=1

10° w 10°

100 T T T T - - 10 T - -

107 107

107 107

107° 107°

107 107

107°F 107"°F

N L2 error N L2 error
—-12 -12
1072} 1072}
- —_L error - - _Lw error
10 14 1 1 1 1 10_14 1 1 1 1 1 1
1 2 3 4 5 6 0 1000 2000 3000 4000 5000 6000 7000
order of ANOVA expansion computational time

10 ‘ 10
10° 10° T- -
1072 T T N
107 107
107 107
107 107

-10 -10
10 F| — L2 error T 10 | L2 error
ol - |_(>o error L Loo error

2 3 4 5 6 0 2 4 6 8 10 12
order of ANOVA expansion computational time



ANOVA Expansions

The key out-standing issue is now the choice of anchor

» Randomly chose the point

» Always choose the center point
» Choose a MC based mean point
» Centroid of associated sparse grid

p
ug(r) = (1+ 3 ciay) P+,
=1

1=

10°

—*— center points
—— mean points
——random points

107k

relative error
3 3 3

-
IS
&

—
o
b

2 3 4 5 6 7 8
order of ANOVA expansion

0 1

relative error

10’

10°

107k

107}

107}

107

10°

10°°

p

us(a) = exp(— _ cilay — &),

1=1

- | —— center points

| —— random points

—6— mean points

—v— extremum points

0

2 3 4 5 6 7 8
order of ANOVA expansion

The choice matters a great deal

(gl
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AN OVA Expan5|ons GO POIVTICHNIOD:

For non-uniformly distributed variables it is worse

1

—+— center points 100 ¢ ‘ ‘ t - :
—e—mean points |3 —*—center p(?lr][ S
——random points —S—mean points

*randompointsA Xz ~ (1 + 56)1/2(1 L 513)1/3

relative error
)
relative error

Small order => low cost

o 1 2 8 4 5 & 7 8
order of ANOVA expansion

o 1 2 3 4 5 & 7 8
order of ANOVA expansion

Directly comparing cost of integration

10° - - - 10°¢

/}]

Cost for

o
£ comparable
accuracy

107 —*— Sparse Grids method I Sparse Grids method .

—+— anchored-ANOVA expansion . —+—anchored-ANOVA expansion

—<4— Monte Carlo method —<— Monte Carlo method

-3 L T T 0 I 1 1

10 10 15 20 25 %350 35 40 45 50

dimensions dimensions



Mean(u)

ANOVA Expansions
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Final example

o"u_H/
ot

(1:8) 5 =0

x e |—1,1]

V(&)=Y Vauu®é &~U(=1,1) cov(V(t1),V(t2)) = exp(—|t1 — t2|/L)

(L, M) = (1,4); (0.1, 10); (0.005, 500)

Exact(E) vs. ANOVA(A) at t=0.5

0.8

0.4

0.2

AL=0.1,M=10 [
A:L=0.005, M=500

Z. Zhang et al, 2009

Variance(u)

Ps = (27 27 1)

Exact(E) vs. ANOVA(A) at t=0.5

0.5
0.45 _
0.4 _
0.35 _
0.3 _
0.25 _
0.2 E:L=1 4
E:L=0.1
E:L=0.005
0.15F B
@) A:L=1, M=4
X A:L=0.1, M=10
0.1rF A:L=0.005, M=500 7
005 — T O—, — I
~4 Py T~ Py
~ e ~a e
s ~<a s
~a 2 ~ L
0 I T4 LT I I I T4 LT I
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
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UQ using reduced order models il

What we need is an accurate way to evaluate the
solution at new parameter values at reduced
complexity.

[input: parameter value u € D ]

Lpn(up(p);p) =0

[ PDE solver]

_output: s, () = L(un(p)ip)




.. but WHY ?

Assume we are interested in
—V2u(x, ) = f(x, ) x € 2

and wish to solve it accurately for many values of
‘'some’ parameter [/

We can use our favorite numerical method

Apup(x, 1) = fr(x, 1) dim(up) =N > 1

For many parameter values, this is expensive
- and slow !

(gl
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B ———
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. but WHY (con’t) il

Assume we (somehow) know
up(x, 1) ~ urs(x, ) = Va(p) V'V =I

dim(a) = N dim(V) =N x N

Then we can recover a solution for a new
parameter as little cost

l , l \ ~ .. if this behaves !

N X N N N



. but WHY (con’t) -

So IF

»..we know the orthonormal basis - V

»..and it allows an accurate representation - urpg (1)

SREE

8
7

»..and we can evaluate RHS ‘fast’-

we can evaluate new solutions at cost -

So WHY ? - promise to do
sampling at low cost

%5
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Does this even worlk ? .(”_

We can get a good sense by a feasibility study

o Define a point-set P, = {u1,...,upm} C P.
o Compute for each u; the truth solution u(u;) using a simplified model.
o Store the degrees of freedom row-wise in a matrix A.

02 F
0.15

0.05 F

H1 2 3

This samples the solution manifold



Solution manifold
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3D EM scattering with the angle
varying 0-360 deg. RCS is
computed every 2 deg.

Computing the SVD of the 180
solutions shows that less than 60
samples would suffice -- and likely
much less for applications

Computation by CERFACS

%
Angle 6 in [0, 27| &
&

Wavenumber = 27

—11 'ﬂ&

—15 S e e e E—
O 20 40 60 80 100 120 140 160
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Basic settin g o ronEcHNIOU:

We consider physical systems of the form

L(x, p)u(x, 1) = f(x, p) x € ()
u(x, 1) = g(x, p) x € 0f)

where the solutions are implicitly parameterized by

neDeRY

» How do we find the basis.

Certified Reduced
Basis Methods
for Parametrized
Partial Differential
Equations

» How do we ensure accuracy under
parameter variation !

» What about speed ?
Free: https://infoscience.epfl.ch/record/213266?In=en



http://infoscience.epfl.ch/record/213266?ln=en

: G\
BaSIS b)’ POD approach GO POIVTICHNIOD:

H1 2 M3

Find eigen-decomposition of C



. (P
BaSIS b)’ POD approach GO POIVTICHNIOD:

The reduced model is now obtained as
Apus = frn =
(VIAVIWV us =V VIV =1

or
Arburb — frb

and the output of interest is

s(u) ~ s(ug) ~ s(Vup)

Since N < N we have the potential for speed



POD example - Ex |
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o Nodal values of exact solutions used instead of FE-approximations.
o Py : 491 equidistant points in P = [0.01, 0.5].

Eigenvalues:

0.1
0.01
0.001
0.0001
0.00001
1x107°
1x1077
1x10°8
1x107®
1x10710
1x10™"
1x10712
1x10713
1x10714
1x10718
1x10716
1x10™"

Tt

eu +u' =1, in (0,1),
u(0) = u(l) =
5 first basis functions:

X

— Precision of ~ 10~° with 5 basis functions.
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|

JAWN X
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RS RS
<P <
L R & Sc g DYy 2D PEC Pacm
NI :;V KIS < RRRSERSKIKIE
RO SOOI
O AVAYAVAY SSCRRNPEKP
<SR SRSAIKIEKED
PRIEKNAAYY KIS
KPKINAKT CRISKEERISKKIAS
RN S RERERRRER
KR SRS
KK PRI
PRI SRR P
SO PR SPESERSRISKIP t
B e ackscatter depends very sensitively on
KA RO 0% S
PRRSAAD SRR
<PRREAAIA <RI
PRI PRI
5 Moty e NG tout
: SERasit A cutout angle and frequency.
3 S P
>§ <> 55""' '1‘>><> 1»5I4§"‘WF%E§’Q>
RIS KSR~ 7SR K KIAOKISKISKISR
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2D Pacman prototype for UQ -

Fast evaluation over parameter space allows for rapid
uncertainty quantification
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3D Multiple scattering problems o ropiCiviav:
¢ €10,27];k=3,0 =m/2 z

RB for single scatterer has 5 parameters st CNGSN I
(frequency(l), angle (2), polarization (2)) s O ik

phi (RCS)

RB for interaction operator has 8 parameters
(frequency(|), relative size(l), distance (2),
rotation (2), polarization (2))

Full RCS computed in less than

Full scattering result computed with iteration 3 minutes for 36 spheres
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Multiple scattering problem il
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Other developments il

There are naturally several other developments

» Multi-element gPC

X.Wan and G. E. Karniadakis, SISC 28 (2006), pp. 901-928.
J. Foo, X.Wan and G. E. Karniadakis, JCP 227 (2008), pp. 9572-9595.

» Techniques for failure prediction

Jing Li and D. Xiu, JCP, 2010

» UQ using reduced order modeling | Py
P. Chen, A. Quarteroni, G. Rozza, SAM Report 2015-03, ETHZ °0- -
P. Chen and C. Schwab, SAM Report 2015-28, ETHZ 05 '

» High-dimensional interpolation and reconstruction

Narayan, Xiu et al; Doostan et al



)
Open questions and challenges il

Many challenges and interesting questions remain open

0.12 . .

» Efficient ways to deal with N
long term integration

gPC: p=15
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» Random variables h hon-smooth
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Open questions and challenges
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» Robust UQ and Epistemic UQ

q -’((‘X) = 1 e x w2 2ol
] /&) o2
; Ll T LN S A BN AN N AN AN NN R RN SN SR AN AR S S|

Beta Probability Distribution

X
0.03
Quadratic Map wu=3.65
p(x ) Prob(x)
A
0.021
1
(b-a) >

— 0.01 1

0.00 y y y T
p 7 > X 0.0 0.2 0.4 0.6 08

Predictions need to be robust to initial assumptions - how !

1.0

» Error estimation, correct choice of N etc based on a

priori and a posteriori error theory.



)
Open questions and challenges il

» Design and optimization under uncertainty
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0.2 / \ 4
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» UQ for multi-scale problems

What is important at one scale may (not) be important at another

»UQ for very high-d problems

How do we continue to push the limit ?



)
What to know more ? .(”_

D. Xiu, Numerical Methods for Stochastic Computations: A

Spectral Method Approach, Princeton University Press, -
Numerica
Methodsfor 2010. FINITE ELEMENTS

A Spectral Approach &

DONGBIN XIU

REVISED EDITION

o R.G. Ghamen and P.D. Spanos, Stochastic Finite Elements:
i A spectral approach. Dover Publishing, 2002.

*Roger G. Ghanem
Pol D. Spanos

O.P. Le Maitre and O.M. Knio, Spectral Methods for
Uncertainty Quantification. Springer Verlag, 2010

Spectral Methods

for Uncertainty §  RAPHC. SMITH
Quantification

Uncertainty Quantification
Theory, Implementation, and Applications

R.C. Smith, Uncertainty Quantification: Theory, Implementation and
Applications. SIAM CSE series, 2014.

SIAM Activity Group in UQ and SIAM Conference on UQ

UQ Community webpage: http://wwwmaths.anu.edu.au/~jakeman/index.html

UQ enabled large scale software: DAKOTA (Sandia NL):
http://www.cs.sandia.gov/optimization/



http://wwwmaths.anu.edu.au/~jakeman/index.html
http://www.cs.sandia.gov/optimization/
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Did you really have to show the error bars?

Questions or interest !

Jan.Hesthaven@epfl.ch

Yes you do !
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