2.18 Adaptive multidimensional modeling with applications in scientific
computing

Adaptive multidimensional modeling

with applications in scientific computing

» network problems (energy distribution, telecom networks,
queueing problems, ...)

» vision/graphics (shape reconstruction, reflectance distribution,
video signal filtering, ...)

» metamodelling (microwave devices, material design,
computational finance, ...)
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G‘ Adaptive multidimensional modeling
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G‘ Adaptive multidimensional modeling
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U' Benchmark

» National Institute of Standards and Technology (NIST)
reference dataset

» 151 observations
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best {>-approximation
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residuals, o = 0.16355
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fO £ —2(26) =0.6542=>n=2,m=2
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compare to best (. -approximation
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G‘ Grid structured data

Ideal lowpass filter:

H (eill‘. eilz) - {

In practice:
» passband [1 — 81,14 81], (t1,t2) €P
» stopband [—82,82], (t1,t2) ¢PUT
» transition band [—8,, 1+ 81], (t,t2) €T
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G‘ Grid structured data

Examples of passband: s + 1 =33 x 33

centro symmetric filter fan filter

- —RT

319



U' Grid structured data

Rational models for the parameters ; = 0.01 and 6, = 0.02

T10.20(t1, t2) T12.14(t1, t2)

U' Point valued data

parameters — physical model — behaviour
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G‘ Point valued data

parameters — physical model — behaviour

1 simplify |

G‘ Point valued data

parameters — physical model — behaviour

1 simplify |

parameters — metamodel — behaviour
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U' Point valued data

Model of the stripline characteristic impedance Zg(q, €+)

Suppent Pornts for [14710]
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Zglg, €.} T1a10(d, €;) s +1 = 25 data points

U' Point valued data

Model of the transmission coefficient Sy1({f, w) of two inductive
posts in rectangular waveguide

B a 10 1" 12 k]

NGk

s + 1 = 40 data points

Gl wimas] EHz] " wim]

arg(Sy (f, w)) arg(rig20(f, w}]
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G‘ Interval valued data

A European call option gives its holder the right (but
not the obligation) to purchase from the writer a pre-
scribed asset for a prescribed price at a prescribed time
in the future.

T expirydate (0 <t<T) C

E strike or exercise price

S asset price Sy =0

T annual interest rate (constant)

o market volatility 0 E Sy
G‘ Interval valued data

Black-Scholes PDE
BC . 1 5.5,0°C oC
— — S e — S —"

£ +2(r 352 +rSaS rC =0

C(S, T) =max(S —E, 0)
C(0,t) =0, ALt T
C(S§,t) = S, large S
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L  interval valued data

Typically a few million values computed:
(E® 6, o), 4=bi10Y

(S(i,nltrt.u) . (3, k) =0(10%

» fit model through subset of s + 1 data points
» check model on all available values

» increase s and update model

- —RT

L  interval valued data

Graphin (u,v): u=1In(S)—In(E) +1t, v=ovt
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L  interval valued data

T15,20(1, V) relative error

degree 4 + ajsu® + azeV’
degree 5
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U' Scattered interval data

The Bidirectional Reflectance Distribution Function
p(0y, ¢y, 0y, ¢y ) describes how a material reflects light
from surfaces.

lighting direction
viewing direction
zenithal angle
azimuthal angle
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chrome steel fabric beige
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U' Scattered interval data

For isotropic materials 90 x 90 x 180 ~ 1.45 million measured
BRDF samples (RGB values):

> p(el; q)l- ev- (bv] ~ r'n,m[eh.; ed]
» a priori error control (3-5%) on all data points (~ 1.12 Mb)
» a posteriori error control on all measured samples

T2518(0n, 08a), s +1 =205 relative error

U‘ Scattered interval data

Rendered example: blue-metallic paint

Original (33MB) Approximation (1.15KB)
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U’ Sparsity
Compressive sensing recovers a K—sparse signal from only
M = K measurements without loss of information.

x(t) = 2cos(5t) — 15 cos(14t) + cos(26t) 0<t< 2
+ 5cos(35t) + noise([—0.1, 0.1]),

MAMAAAMAAL,
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U’ Sparsity

t __27t
V=9

Choice of datapoints allows to recover the frequencies first,

=05 T s+1=38

5 14 26 35
and afterwards the coefficients by fitting the same data,

2.004 —14.93 0.9668 5.007

x(t) = 2cos(5t) — 15 cos(14t) + cos(26t) + 5 cos(35t)
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