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Overview 2

* Bound-to-Bound Data Collaboration (B2BDC)

* models + data = dataset (model-data system)

« Dataset Consistency — agreement between models and data

* scalar consistency measure
e vector consistency measure

« Dataset examples

- GRI-Mech 3.0
» DLR-SynG

e Summary
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Bound-to-Bound Data Collaboration

UQ as constrained optimization: parameters constrained by models and data

Models Data Dataset
“True” QOI del e Pri
ue” QOI models Prior knpwledge on ( e HCR" N
£ R* SR uncertain parameters
‘ ZCEHCRH Le_EGSMe($)§U6+€e
Surrogate QOI models - _
fore=1,...,.N
. QOI t B |\ Y,
M.(z) = f.(z) measurements — T
(w/ uncertainty)
Fitting error FCH
Le § Ye S Ue :
M, (z) — fo(x)| < e Feasible set — parameters
for which the models and
e=1,...N e=1,...N data agree.
. I
Prediction bounds the range of .
min Mp(x I max Mp(x
a model M p(x)subject to p(z) | p(2)
the feasible set s.t. x e F | s.t. x € F
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Consistency as Model Validation 4

« Adataset is consistent if it is feasible
— Parameters exist for which model predictions match the experiments

- M (x .
e —— | o
: My(@) | L, < M.(z) <UL
Parameter space QOl space

« Consistency analysis provides measures of validation
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Quantifying Consistency 5

Q: Does there exist a parameter vector Scalar Consistency Measure (SCM)*
x € H for which the models and data
agree, within uncertainty?
(Ue — Le) (Ue — Le)
A: Compute the scalar consistency — st Le 2 Y < Me(z) < Ue - 2 v

measure (SCM) reH,vyeR
fore=1,...,N

_____________ The SCM produces a symmetric tightening

ﬁ \ (v > 0) or stretching (v < 0) of all
experimental bounds.

L [
[/ —— _IUG — L (Ue - Le)(l _7)

*Feeley, R.; Seiler, P.; Packard, A.; Frenklach., M.; J. Phys. Chem. A. 2004, 108, 9573.
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Quantifying Consistency

Q: Does there exist a parameter vector _ Scalar Consistency Measure (SCM)*
x € H for which the models and data
agree, within uncertainty?
(U. — L.) (U - L)
A: Compute the scalar consistency — st Le 2 Y < Me(z) < Ue - 2 v
measure (SCM) reH,vyeR

fore=1,...,N

If , go to prediction

*Feeley, R.; Seiler, P.; Packard, A.; Frenklach., M.; J. Phys. Chem. A. 2004, 108, 9573.
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Quantifying Consistency

Q: Does there exist a parameter vector _ Scalar Consistency Measure (SCM)*
x € H for which the models and data
agree, within uncertainty?
(Ue — Le) (Ue — Le)
A: Compute the scalar consistency — st Le 2 Y < Me(z) < Ue - 2 v

measure (SCM) reH,vyeR
fore=1,...,N

If inconsistent, ... ?7?7?

*Feeley, R.; Seiler, P.; Packard, A.; Frenklach., M.; J. Phys. Chem. A. 2004, 108, 9573.
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Quantifying Consistency 8

Q: Does there exist a parameter vector _ Scalar Consistency Measure (SCM)*
x € H for which the models and data
agree, within uncertainty?

(Ue — L) (Ue — Le)

A: Compute the scalar consistency :> st Le+ v < Me(2) < Ue —

> > !
measure (SCM) reH,vyeR

fore=1,...,N

* Inconsistency - models and data disagree
 Follow-up questions:

* What are the sources of inconsistency?

* Where do we begin to look?

*Feeley, R.; Seiler, P.; Packard, A.; Frenklach., M.; J. Phys. Chem. A. 2004, 108, 9573.



Quantifying Consistency 9

Q: Does there exist a parameter vector _ Scalar Consistency Measure (SCM)
x € H for which the models and data
agree, within uncertainty?
(Ue — Le) (Ue — Le)
A: Compute the scalar consistency — st Le 2 Y < Me(z) < Ue - 2 v

measure (SCM) reH,vyeR
fore=1,...,N

Lagrange multipliers
from dual form
d(SCM)

Local: Aj ™ d(bound j)

Sensitivities
Global: a A(SCM) < AT A(bounds)

Feeley, R.; Seiler, P.; Packard, A.; Frenklach., M.; J. Phys. Chem. A. 2004, 108, 9573.
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Quantifying Consistency

Q: Does there exist a parameter vector Scalar Consistency Measure (SCM)
x € H for which the models and data
agree, within uncertainty?
(Ue — L) (Ue — L)
A: Compute the scalar consistency — st Le 2 Y < Me(z) < Ue - 2 v

measure (SCM) reH,vyeR
fore=1,...,N
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Vector Consistency

Q: Does there exist a parameter vector Scalar Consistency Measure (SCM)
reH fo_r WhICh the models and data | ypax  ~
agree, within uncertainty? Y
(Ue — Le) (Ue — L)
A: Compute the scalar consistency — st Le 2 Y < Me(z) < Ue - 2 v
measure (SCM) reH,vyeR
fore=1,...,N
If inconsistent, compute the _
vector consistency measure Vector Consistency Measure (VCM)
(VCM) .
. min A%+ [|AY],
» Offers detailed analysis of v
inconsistency by allowing s.t. L. — Af < M.(z) <U,+ Ag

independent relaxations. L AU

» Can be used to flag A, A eRzeH
constraints contributing to fore=1,....N
inconsistency
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Vector Consistency

Q: Does there exist a parameter vector Scalar Consistency Measure (SCM)
reH fo_r WhICh the models and data | ypax  ~
agree, within uncertainty? el
(Ue — Le) (Ue — Le)
A: Compute the scalar consistency — st Le+ 2 Y < Me(z) < Ue - 2 v
measure (SCM) reH,vyeR
fore=1,...,N
If inconsistent, compute the _
vector consistency measure Vector Consistency Measure (VCM)
(VCM) ,_:; . T 7 heuristic for fewest #
I;"IAH “A ||1 T HA ||1 of nonzeros (sparsity)

» Offers detailed analysis of
inconsistency by allowing s.t. Le— A< M. (z)<U. +AY
independent relaxations. L AU

» Can be used to flag A A ERzeH
constraints contributing to fore=1,....N
inconsistency
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Examples”

* Hegde, A.; Li, W.; Oreluk, J.; Packard, A.; Frenklach, M., SIAM/ASA J. Uncert. Quantif., 2018, 6(2), 429-456.



Example 1. GRI-Mech 3.0

GRI-Mech 3.0 dataset (77 QOls, 102 uncertain parameters) for natural gas combustion.

Scalar Consistency Vector Consistency

* Procedure: apply SCM, use
sensitivities to flag problems.
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Example 1. GRI-Mech 3.0

GRI-Mech 3.0 dataset (77 QOls, 102 uncertain parameters) for natural gas combustion.

Scalar Consistency Vector Consistency

* Procedure: apply SCM, use
sensitivities to flag problems.

« SCM < 0. Analyze ranked sensitivities
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Example 1. GRI-Mech 3.0

GRI-Mech 3.0 dataset (77 QOls, 102 uncertain parameters) for natural gas combustion.

Scalar Consistency Vector Consistency
e P Model-data constraints
S | | |
QOI (36)
° S QOI (37) r
QOI (17)
QOI (64) g
QoI (19) |
QoI (67) |
QOI (69) |
QoI (75)
QOI (66) |
QOI (11) I Upper bound
. I L over bound
0 05 1 15
Sensitivity
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Example 1. GRI-Mech 3.0

GRI-Mech 3.0 dataset (77 QOls, 102 uncertain parameters) for natural gas combustion.

Scalar Consistency Vector Consistency
o Model-data constraints « Compute VCM.
St | . - T r w . -
QOI (36) - i |
. S 15
QOI (37) r 1
QoI (17) ] r ]
QOI (64) g . 05l |
Qol (19) | S
S o0
QoI (67) | 5
£
QOI (69) | T 05+ 1
QoI (75)
QO (66) | AT 7
QO (1 1) I - Upper bound 15F - Upper bound
. - Lower bound - ) ) ) ) ) I . over bound
0 05 1 1.5 10 20 30 40 50 60 70
Sensitivity Experiment index
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Example 1. GRI-Mech 3.0

GRI-Mech 3.0 dataset (77 QOls, 102 uncertain parameters) for natural gas combustion.

Scalar Consistency Vector Consistency
* Procedure: apply SCM, use « Compute VCM.
sensitivities to flag problems. « Two QOIs relaxed (same as in SCM),
« SCM < 0. Analyze ranked sensitivities dataset consistent.
« SCM > 0. Two QOls removed, dataset
consistent.
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Example 1. GRI-Mech 3.0

GRI-Mech 3.0 dataset (77 QOls, 102 uncertain parameters) for natural gas combustion.

Scalar Consistency Vector Consistency
* Procedure: apply SCM, use « Compute VCM.
sensitivities to flag problems. « Two QOIs relaxed (same as in SCM),
Rapid and interpretable Rapid and interpretable

resolution of inconsistency resolution of inconsistency
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR*.

Scalar Consistency Vector Consistency

* Slavinskaya, N.; et al. Energy & Fuels. 2017, 31, pp 2274-2297
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency Vector Consistency
« SCM < 0. Analyze ranked sensitivities.
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency

d SC Model-data constraints

QOI (104)
QOI (109)
QO (69)
QO (56)
QOI (24)
QO (18)
QOI (108)

QO (141)

QoI (1)

QOI (2) I Upper bound
. . - Lower bound
0 0.2 0.4 0.6 0.8 1
Sensitivity

Vector Consistency

Set aside the top most sensitive QOI

Set aside the top two most sensitive QOls

Set aside the top n most sensitive QOls

Set aside the second most sensitive QOI
(counter intuitive)
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency Vector Consistency
e SC | Model-(iiata con§traints | b.
QOI (104) ] —
Q01 (109 Set as.lde the top most senS|t|y§ QO
QO (69) Se#a&de%he%ep%ﬁe#res{—sen&%w&Q@s
QoI (56) Se%asde%he%e&nmest—sen&%w&@@%
001 04 Set—a&de%he—seeend—mest—sen&%a%@#
001 (18) Locpmo s i e
QOI (108)
QOI (141)
QoI (1)
QOI (2) I Upper bound
. . I over bound
0 0.2 0.4 0.6 0.8 1

Sensitivity
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency Vector Consistency
« SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency Vector Consistency
« SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.

« SCM < 0. Analyze ranked sensitivities.
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency Vector Consistency
« SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.

« SCM < 0. Analyze ranked sensitivities.
— Remove QOI # 109.
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency Vector Consistency
« SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.

« SCM < 0. Analyze ranked sensitivities.
— Remove QOI # 109.

Repeat until
consistent
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency Vector Consistency
« SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.

« SCM < 0. Analyze ranked sensitivities.
— Remove QOI # 109.

Repeat until
consistent

« This strategy results in the removal of
73 QOls.
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency
SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.

SCM < 0. Analyze ranked sensitivities.
— Remove QOI # 109.

Repeat until
consistent

This strategy results in the removal of
73 QOls.

Another strategy results in 56 QOls
removed.

Vector Consistency
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency
SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.

SCM < 0. Analyze ranked sensitivities.
— Remove QOI # 109.

Repeat until
consistent

This strategy results in the removal of
73 QOls.

Another strategy results in 56 QOls
removed.

Vector Consistency
« Compute VCM.
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency
« SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.

« SCM < 0. Analyze ranked sensitivities.
— Remove QOI # 109.

Repeat until
consistent

« This strategy results in the removal of
73 QOls.

» Another strategy results in 56 QOls
removed.

Implementing 43 relaxations results in a
consistent dataset

25

2

151

10

% change

- Upper bound
I | over bound

1
20

1
40

1 1 1
60 80 100
Experiment index

120 140
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency
SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.

SCM < 0. Analyze ranked sensitivities.
— Remove QOI # 109.

Repeat until
consistent

This strategy results in the removal of
73 QOls.

Another strategy results in 56 QOls
removed.

Vector Consistency
« Compute VCM.

— Recommends 43 relaxations (18 to lower
bounds, 25 to upper bounds)
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency
SCM < 0. Analyze ranked sensitivities.
— Remove QOI #104 from dataset.

SCM < 0. Analyze ranked sensitivities.
— Remove QOI # 109.

Vector Consistency
« Compute VCM.

— Recommends 43 relaxations (18 to lower
bounds, 25 to upper bounds)

Repeat until
consistent

This strategy results in the removal o
73 QOls.

Example of what we termed
massive inconsistency

Another strategy results in 56 QOls
removed.
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Example 2: DLR-SynG

DLR-SynG dataset (159 QOls, 55 uncertain parameters) for syngas combustion developed at DLR.

Scalar Consistency

« SCM < 0. Analyze ranked sensitivities.

— Remove QOI #104 from dataset.

a SN -~ N _Analhizo ranlszod concitivitine

Vector Consistency
« Compute VCM.

— Recommends 43 relaxations (18 to lower
bounds, 25 to upper bounds)

Indirect and inefficient
resolution of inconsistency

73 QOls.

* Another strategy results in 56 QOls
removed.

Direct, one-shot resolution of
Inconsistency
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Including weights in the VCM

25
20
151

10

5| | { What if we are unwilling to change
— : I certain experimental bounds?

% change
o

-10 1
-15

20T e Upper bound
] ] ] I | ower bound

20 40 60 80 100 120 140
Experiment index
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Including weights in the VCM

« Goal: To allow domain expert knowledge and opinions enter VCM as weights.

« Motivation: If a dataset is inconsistent, one should be less willing to relax model-data
constraints they trust and more willing to relax constraints that are less reliable. The same goes
for parameter bounds.

Weighted VCM

min  [|AY 4+ [AY]l 4+ 181+ (6%
a:,AL,AU,él,éu

s.t. L. ‘;J < M.(z) < U, +f;’ fore=1,..,N
li @iéngu@ ;L fOI‘iZl,...,’n

« Small weight - less willing to change bound.
« Large weight - more willing to change bound.
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Including weights in the VCM

* Goal: To allow domain expert knowledge and opinions enter VCM as weights.

« Motivation: If a dataset is inconsistent, one should be less willing to relax model-data
constraints they trust and more willing to relax constraints that are less reliable. The same goes
for parameter bounds.

Weighted VCM

min  [|AY 4+ [AY]l 4+ 181+ (6%
a:,AL,AU,dl,au

s.t. L. ;P < M.(z) < U, +§’ fore=1,..,N
(Wl < a; <, +Huwdpy fori=1,..,n

With these weights, DLR-SynG can be made consistent by adjusting

wl'V —u, — L,
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Welights and GRI-Mech 3.0

e Single application of VCM

identifies two experimental |
bounds. 1"
05

% change
o

-05F
1k
1571 -Upper bound
l l l 1 1 I L ovwer bound
10 20 30 40 50 60 70

Experiment index
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Weights and GRI-Mech 3.0 Tradeoff effect from

using different weights

 Single application of VCM |\ Relaxations associated with sampled weights
identifies two experimental |
bounds_ 0.005 | = = = |nterpolation
R 0.02
« Weights applied to only the 27
previous two bounds. g
\_«;D
0.01
0.005
00 O.OIOS O.LJ‘I 0.0I15 0.62 0.0I25 0.63
W(L37) y A(L37)
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Computing the VCM

For quadratic surrogate models, we can
approximate the true solution (NP-hard) using T_radeéff effect frpm
convex lower bound and local optima. using different weights

Relaxations associated with sampled weights

. Optimal relaxation
= = = |nterpolation

0.03 1

Shaded red region certified
Local solver infeasible by SDP.

snmnn \/CM
Semidefinite Program provably
(convex lower bound) Inconsistent
0 - °- -
0 0.005 0.01 0.015 0.02 0.025 0.03
0 WED s A8

Example: GRI-Mech 3.0 dataset — VCM relaxations with
varying weights, relaxations allowed to two constraints
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Summary

« Consistency measures are tools to accomplish validation
— Scalar Consistency Measure (SCM) — are we consistent?
— Vector Consistency Measure (VCM) — diagnose inconsistency

« VCM particularly efficient for resolving massive inconsistency

 Weighted VCM allows inclusion of expert opinions

« Application: GRI-Mech 3.0, DLR-SynG
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Questions?
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