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Gradient-enhanced interpolants: Local Error Estimation with Data-Free Inference (DFI)

c developments global h-refinement Hierarchical Value/Gradient

foc us on key C h a | ' en geS i n QXtre M@ Dimension-adaptive h-refinement for SC: Pt L

. _ _ _ * |Inputs often specified incompletely in the literature I
Sca|e comPUt| ng cubic Hermite (gradient-enhanced)  Mean and confidence interval provided, but no covariance. Original ost L \
» Global grids: iso/aniso tensor, iso/aniso/generalized - = data missing. 04 oo \
sparse oa | o Hierarchical basis: - Data specified as mean and standard deviation, but number of o] ol Tt based on post. mean |
* h-refinement: uniform, adaptive, goal-oriented adaptive .| * Improved precision in Qol (mean samples missing |[EL gvenerorvar | | |
° H|gh D|men3|onal|ty + Basis formulations: nodal, hierarchical : . and higher order moments) + Overall output uncertainty depends strongly on joint N
_ _ 1 increments distribution of input parameters T
» Gradient-enhanced interpolants Muiltivariate tensor product to arbitrary derivative order (Lalescu): - Surpluses provide error estimates - DFl infers joint distribution of parameters based on available ., .
m D H H T
i ' ' i ' <™ (2 2o ) — (I1.eeedD) (4 ; () (o for local refinement using local/ information N
» Local error estimation with hierarchical =205 20) Z_ , Z_ I G15:--+40) Ha"k () - T J « Pool family of posteriors that are consistent with given information >
_ b dp=0i1,.in=0,1 k=1 global hierarchical interpolants Berry et al., JCP, 2012] oo \
value/gradient surpluses : ; ; T - New Qol error indicators naturally erry etar, JLE, SR B
_ (M) (M) M qf; po M) M — IO i 2D ) * Appllcatlon to :
. . : . £ = D FHP R G )+ 3 LD COH GO+ = 3 fon i+ = w4 leverage both value and gradient Inf £ chemical kineti
« Compressive sensing for sparsity detection . v i | | ierence o7 chemical MIneHes e e on st man
S Y 50 (e )+ 3L 5O H (e (x,) i df, o o idf. 0 0. ) surpiuses » Inference from data products (processed raw data) 02| B post. pred. error bar L
" " . i=1 d. 2 l 1 l ’ l ’ i=1 d. 3 l : l ’ l ’ —lWi Wi Wi + —lWi Wi Wi t { given error bar
¢ Data CharaCterlzatlon- - - i=1 dxz i=1 de -0 0.2 0.4 ) 0.6 0.8 1.0
_ ] and similar for higher-order moments AY.. = AE[R.R;] — ugr AE[R;] — ugr AE[R,] — AE[R,)JAE[R ] Inference from data with standard deviations
° ) - 5 v | Y o " g j ‘ ‘ 7708502 04 o6 08 10 but unknown number of samples
Data-Free Inference to handle missing data )= exp(-1057 =52 -2 2%, 0 01248 e
. " j=1 J
o RandOm fleld representatlons o omvergenca for Gareiner niec for sperve gide underuriform refinement ) Convesgence for Sobol & Fn for sparse grids under uniform refinement i—e =(1,2) i=(2,2) R d F. ' d Ch t o t‘
ST - SR e T T T ’ I P anaom rile aracterization
¢ PredICtlve mOdel Callbratlon- 10'2 r :zgialézzir::;v:::gz:::— 'P/-A‘R 4 . ¢ ) E]_>£ * 1 o0
. Subgri d model upscaling oot A : Lﬂ A . +“4 « « « 3 e Random fleld§ are conve_nlently represented with  F(x,0) = (F(x, 0)), + Z Vk fie (X)) &k
= ESsReas ; | . . x oem e m % Karhunen-Loeve Expansions (KLES) —1
: e | 0 h i : - T . T - Enables dimensionality reduction R

» Local spline interpolants: linear Lagrange (value-based), : SU fp' USBS

M~
-
)—\
(N
W
}_L\_\
(-
—
(N
(V)
.
°

KLESs require a covariance matrix
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is the number of dimensions that contain 95% of the total sum of a;’s.
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