Data Driven “Low-Fi” Covariances

Filling in missing and unlikely covariances in modern evaluations
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What to do when useful covariances are missing?

d and yell at the evaluator:
“Why is this covariance such #%##S&%&"”

= Request/fund a re-evaluation with a full quantification of

uncertainties and systematic errors .0
— Expensive without investments in automating the evaluation process.

= Construct simple “ad hoc” covariances based on
« Differences between existing evaluation libraries.
« Comparison of mean values with spreads of experimental data

« Model-dependence between channels
- Clone covariance pattern in library for neighbors in this nuclear region.
- For example, elastic and inelastic are commonly anti-correlated.

= se low-fidelity (“Low-Fi”) covariances described by Little et al (2008):
« Fills in gaps in ENDF/B-VII.O

\%se “machine learning” like approaches to generate covariances
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Little et al (2008):
M. T. Pigni et al (2009)

The Low-Fi Approach ( For Fast Region )

= Based on model variation.
— Low-Fi’s parameter variations built
on intuition of Low-Fi
collaboration
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The Low-Fi Approach ( For Fast Region )

Little et al (2008):
M. T. Pigni et al (2009)

Relative Sensitivity S(F, p)
S =
m S
E)
el

89Y +n,
parameter V'
1.0 L L L
0 5 10 15 20
Incident Neutron Energy (MeV)
40
35 Low-Fi
1 ENDF/B-VL.8 ---reereee [
30 - 56 Fe(n 21) JEFF-3.1
~ *°Fe(n,2n 33 o
8 25 JENDL-3.3
= 20 1 I —— e |
S ] X
5 15
10 -
5
0 L] L] L] L}
10 12 14 16 18 20

Incident Neutron Energy (MeV)

= Based on model variation.
— Low-Fi’s parameter variations built
on intuition of Low-Fi
collaboration

— Extending to ENDF-VIII requires
codification of that intuition.
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Towards data driven “Low-Fi” covariances

Abstractly, an evaluation with a covariance matrix represents a way to sample
a set of (nearly) continuous functions that are distributed pointwise as a
multivariate Gaussian”

—i.e. A Gaussian Process

F(x) ~ GP(,u(x), K(x', x))

* u(x) is the average or mean function
-The evaluation + interpolation rules
« K(x', x) is the covariance kernel of the functions

-The covariance suite + interpolation rules

* u(x), K(x', x) are often parameterized

*This is only approximately true, physical cross sections and distributions are positive definite, Gaussian stochastic variables are not.
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What does it mean to be data driven

o(E) (mb)

12 A

10 A

(x=x")"

K(x',x) = o*f(x)f(xNe 2P

= g and [ are hyperparameters trained on data.
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logp(yyglM) = —zyaK 'ys — sloglK| + C
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04 G.P. Cov (2)
12 14 16 18 20 = Predicted effective mean and covariance are
E(Mev) determined by MVN conditioned on training data

K(e,x") =K(x,x") — K(x,xg)K(xg,x) 1K (x4, x)

The surrogate covariance function is determined fully by data (x4, y;) and the
predicted mean of the evaluation (u(x)), instead of parameter variations.
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What does it mean to be data driven

K(E, E') L -

K(x',x) = o*f(x)f(xNe 2P

= g and [ are hyperparameters trained on data.

1 _ 1
logp(yqlM) = _EYdK_13’d — 5108|K| +C

K=K+3,

12 13 14 15 16 17 18 19 = Predicted effective mean and covariance are
determined by MVN conditioned on training data

K(e,x") =K(x,x") — K(x,xg)K(xg,x) 1K (x4, x)

The surrogate covariance function is determined fully by data (x4, y;) and the
predicted mean of the evaluation (u(x)), instead of parameter variations.
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Gaussian Processes to Make Up Covariances

22637008 Konno (1993) 5
30972002 Wagner (1989) 4
30972006 Wagner (1989) 4

e @ NO evaluation code is used, extremely fast
and simple to run.

1000 ~

1200 A 20486003 Paulsen (1975) 18 1
66Zn (n, Qn) *+H % 20835008 Bormann (1969) 9 Purely data drlven

800 A

= Can be applied directly by a user.

o(E) (mb)

600 1 — ENDF/B 8.0 = Depends critically on quality of data used.

LowfFi
excluded
G.P. Cov (1)
—— G.P. Cov (2)

400 -

12 14 16 18 20 1000 +
E (MeV)

11303003 Brolley Jr (1952) 4
11356004 Ferguson (1960) 7
11784002 Rayburn (1963) 18
11785002 Koehler (1962) 4
11797002 Fowler (1950) 5
20377004 Liskien (1965) 28

I 20416081 Frehaut (1980) 7

= 20772004 Ryves (1978) 6
20835004 Bormann (1969) 8

‘ 20890005 Cuzzocrea (1968) 27

800 A

= Presently, EXFOR is hand processed,
correctness validated, and extremal values are
potentially excluded.

20930002 Crumpton (1969) 2

21115005 Cohen (1956) 12
21673003 Jarjis (1978) 5
21673005 Jarjis (1978) 14
22547002 Ikeda (1994) 8

22547003 Ikeda (1994) 6

600 A

22662005 Sakane (2001) 6
sk 22703008 Uwamino (1992) 9
<% 22976025 Mannhart (2007) 13

o(E) (mb)

400 A
—— ENDF/B 8.0

LowFi
excluded
G.P. Cov (1)

30612002 Chatterjee (1969) 3
31107003 Glover (1962) 5
40212004 Andreev (1968) 9
40212005 Andreev (1968) 9

= |s this a task a user should be trusted
with? Likely not. 200 1
G.P. Cov (2)

= Pre-curation of EXFOR would allow for such a 01+ | | | |
tool for be full automated. 12 14 16 18 20
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Data Curation is critical to reasonable error bars

o(t) (mb)
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With light curation, hyperparameters tend Without any curation, hyperparameters explore
to adopt reasonable values, | = ~3 MeV or collapse, [ = ~15 MeV
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Conclusions

= Modern nuclear data libraries have many inadequate or incorrect
covariances; Limits uncertainty analysis of applications that consume nuclear data.

= Present solutions to supplement covariances
— Ad hoc mix and match from nearby evaluations.
— Low-fidelity “fill-in” covariances capture model variations

= Potential future solutions

— Gaussian processes provide a formalism to extract “data
driven” covariances for fast region of cross sections.

12001 %Cu (n,2n)

1000 A
— More general machine learning can replace concept of

covariances completely. 800

600 -

o(E) (mb)

* But this would require “new” evaluations.
400 A

= We need reliable (correctly encoded) lightly 2001
curated inputs to enable such solutions. 01
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