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What is it about?

Situation
Models (computationally expensive)

Experimental data (possibly a lot)

Research question

How can we use statistical methods and methods of
machine learning in combination with modern
computer infrastructure to improve our knowledge
about nuclear models and experimental data?

Parameter estimation, uncertainty quantification,
uncertainty propagation




DE LA RECHERCHE A L'INDUSTRIE

Publications

G. Schnabel “Estimating model bias over the complete nuclide
chart with sparse Gaussian processes at the example of
INCL/ABLA and double-differential neutron spectra”, submitted to
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scenario

Data: EXFOR database Model: INCL/ABLA

Help » Manual POF | Lexfor | NNOC-Help | Output | Plots | R33 _ Databases » ENDF | CINDA | IBANDL _ CO-ROM'> EXFOR-CINDA | CD-Catalo
a "ﬂbﬁ Experimental Nuclear Reaction Data (EXFOR) %
2017-04-03
170610
‘,H‘ o] *
boie 2]

Excited nucleus
Evaporation

(0]
Lo
A ' Spallation residue
gp Py decay
ogg 2.
¥ Fission products
Database as of: 2017-04-03
Number of 21574 experimental )
ENTRY works Features:
» Stochastic output
bl 1200 saldiaote - Computational expensive
 Many parameters
Number of 167 857 data tables of °
Datasets reactions Large OUtpLIt
Number of 14 739 297 total number of

Datapoints data points
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Automatization

Compute cluster

Database
R Retrieve Prepare - !—
w data P calculations - —
. —

Retrieve
results

Packages / Libraries in Python / R / Scala / Root

Request

Request calculation
information

IDX REAC EN ACCNUM SUBACCNUM ANG E DATA PROJ.SYM TAR.S5YM EJECT.5YM QUANT A Z MODXS MODERR tarA tarZ RELDIFF EXFPERR

1 77048 (13-AL-27(P,X)®-NN-1,,DA/DE) 8008 E1762 B2e 15 1.25 16.020 p Al27 n DDX 1 6 6.542152%1 0.517202600 27 13 -0.5316065%0 1.0020

2: 77049 (13-AL-27(P,X)B-NN-1,,DA/DE) 800 E1T762 p2e 15 1.75 5.963 p AL27 n DDX 1 @ 6.74659519 0.525221723 27 13 0.11614676 0.5963

3: 77050 (13-AL-27(P,X)0-NN-1,,DA/DE) 800 E1762 B2e 15 2.50 6.791 p Al27 n DDX 1 0 6.29682218 0.717589485 27 13 -0.67848051 0.6791

4; 77051 (13-AL-27(P,X)@-NN-1,,DA/DE) 800 E1762 p2e 15 3.50 5.278 p Al27 n DDX 1 @ 5.88793762 0.693900103 27 13 0.10359105 0.5278

5: 77052 (13-AL-27(P,X)0-NN-1,,DA/DE) 800 E1762 B2e 15 4.50 4.833 p Al27 n DDX 1 0 5.64260685 0.679250043 27 13 ©.14348100 0.4833
9283: 109738 (40-ZR-0(P,X)®-NN-1,,DA/DE) 1608 01170 pes8 1560 B81.00 0.15%0 p r n DDX 1 6 ©.13737011 0.030716891 91 40 -0.38312475 0.0150
9284: 109739 (408-ZR-0(P,X)®-NN-1,,DA/DE) 1600 01170 pe8 156 5S2.80 0.130 p r n DDX 1 0 0.22666068 0.039456560 91 40 0.42645545 0.0130
9285: 109740 (40-ZR-0(P,X)®-NN-1,,DA/DE) 1608 01170 pe8 150 106.00 0.096 p r n DDX 1 6 0.10%62135 0.006222730 91 40 6.12425817 0.0056
9286: 109741 (40-ZR-0(P,X)®-NN-1,,DA/DE) 1600 01170 Be8 150 124.80 0.064 p ir n DDX 1 ® ©.07555356 0.005270431 91 46 0.11553561 0.0064
9287: 109742 (40-ZR-0(P,X)®-NN-1,,DA/DE) 1608 01170 Be8 150 147.00 0.053 p r n DDX 1 6 0.04361501 0.004144504 91 40 -0.0538455%0 0.0053

S. V. Gleyzer et al, Development of Machine Learning Tools in ROOT, J. Phys.: Conf. Ser. 762 012043, 2016
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E <126

-0.32
31%

——EN >=1350——

-0.43
14%

—E »>=26—

-0.47 0.2 -0.23
12% 2% 17%

0.047
25%

—tarA < 220

0.0089 0.2
20% 5%

Terry Therneau, Beth Atkinson and Brian Ripley (2017). rpart: Recursive Partitioning and Regression Trees. R package
version 4.1-11. https://CRAN.R-project.org/package=rpart

Cea Example of ML approach

0.13
43%

tarA >=42——

0.038
30%

—E ¢3.2—

-0.12 0.079 0.35
6% 24% 13%
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Bayesian statistics

P(O | H)P(H)
P(O)

P(H|0)=

H hypothesis
O observation

P(H) probability of hypothesis to be true
P(O) probability of observation to occur

P(O|H) probability of observation O to occur
if hypothesis H is true

P(H|O) probability of hypothesis
after we observed O

Consistent with Aristotelian logic
Consistent with principles of common sense

R. T. Cox, “Probability, Frequency and Reasonable Expectation” American Journal of Physics, vol. 14, no. 1, p. 1, 1946.
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Cea Inappropriate assumptions

Experimental Data Model Possibilities
50 - 50 -

——
20 - L ————
10 - 3 0 -
0- 0-
I I I I I I I I
12 15 18 10.0 125 15.0 175 20.0

Evaluated Cross Section

50 —
40—
4 4
30—
20 GiGo principle
Garbage in,
107 (3 Garbage out
0 But also

' ' ' Good stuff in,
12 15 18

Good stuff out
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In practice

Negative cross sections in
linearized evaluation methods

Uncertainty reductions beyond
experimental limits

Model predictions in disagreement
with experiment data

Reasons
Inappropriate prior for model parameters

Imperfect model / Not completely confident in the model

Inaccurate likelihood specification for the data

Solutions

Prior rescaling, likelihood broadening, model defects, removing suspicious
experimental data sets
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Cea Bayesian network

M = SADST + chp + Kdef

model
parameters

Kdef Bexp

measurement
errors

model defect

observables
true values

model
predictions

measurements

M

71 = Po + AgSTM 1 (Gexp — SPo)
gcxp,l = chpﬂ"{_l(gcxp - Sﬁﬂ)
Ay = Ag— AgSTM 1S A,

— -1
chp,l - chp - chpﬂ/f chp
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Cea Deterministic codes

M = SAgS" + Bexp + Kaef

model
parameters

Kdef Bexp

measurement
errors

model defect

v Oexp

model \
predictiory

observables
true values

measurements

M

gcxp,l = chpﬂ"{_l(gcxp - Sﬁﬂ)
Ay = Ag— AgSTM 1S A,

— -1
chp,l - chp - chpﬂ/f chp
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Cea Stochastic codes

M = Patar + SA0ST 4 Bexp + Ko

model
parameters

Kdef Bexp

measurement
errors

model defect

Oexp

observables
true values

model

predictions measurements

M

model calculation Erxpl = BexpM ™ H(Goxp — SP0)
results

A= Ay — AgSTM 1S A,

— -1
chp,l - chp - chpﬂ/f chp
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Cea Inconsistent data

model
parameters

Bexp(/\la )\2: . )
— T T~
( measurement N

\ errors 4 )

\_’

model defect

4
model \
predictiory

observables
true values

measurements

M

M = SAgST 4 Bexp(A1, A2y ... )

model calculation
results

G. Schnabel, Fitting and Analysis Technique for Inconsistent Nuclear Data
Proc. Int. Conf. on Mathematics & Computational Methods Applied to Nuclear Science & Engineering, April 2017
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Marginal likelihood

1

S5 = N 1 e s ol o
lOg p(o-exp |p07 Sa M) - _? log(27r) o 5 log |]\/[| o i(o—exp - Sp())TA[ 1(O-exp - S})())

M = SAgST + Beyp(A1, Az, .. .)

Questions . ?;Z
af
Is it computationally feasible?

Can we efficiently maximize this expression?
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Imperfect model

model

parameters

Kdef()‘la )\2: R ) Bexp

- - T~ ~

( model defect )
~ -

—— — —

measurement
errors

observables
true values

model
predictions

measurements
model calculation

results M = Pstat. + Kdef(Al; )\2: ces ) + Bexp
Pstat-
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(In)finite Covariance Matrix

Covariance matrices can represent a variety of
things such as normalization uncertainties,

linear trends, splines, Fourier series, polynomial
expansions, white noise, etc.

y(x)=kx+d, k~N(0,62), d~N(0,63)

Observations (Yexp, Lexp)

d

. 5 . -\ [k
Ypred = Spredp — (mpreda 1) (d)

P = ("3) = AST (SAST + B)‘1 Toxp

k(x1,x2) := Covly(xy),y(x2)] = (5;%:613;2 + 53
Kpred,exp - H(fpred: fexp) Kexp,exp - H(fexpa fexp)

— . —1 —
Ypred = Kpred,eprexp,expyexp

50

40+

30

20+

10+

Model Possibilities
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Powerful concept
Directly parametrize covariance matrix and
work implicitly with an infinite number of
parameters/basis functions!

(1 2—)\;’32)2)

k1, T2) = 0% exp (—

Sample from prior (d=A=1)

XS
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(Gaussian processes

Powerful concept
Directly parametrize covariance matrix and
work implicitly with an infinite number of
parameters/basis functions!

(z1 — 372)2)

k(x1, o) = 6% exp (— e

Sample from prior (d=A=1) Posterior uncertainty

XS
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Comparison to neural networks

GP processes artificial neural networks

Both approaches ...
... are methods for classification and regression

... are universal function approximators

Neural networks ...
. scale better to large data sets

. are able to capture non-local features
. are difficult to interpret

GP processes ...
... are statistical methods from the ground up (uncertainties)

... facilitate the incorporation of prior assumptions
... interface well with existing nuclear data evaluation methods
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Model bias estimation

model
parameters

model
predictions

model calculation
results

P stat

(

Kaet(A1, A2, .0) Bexp
/ T — ~—
N measurement
model defect ) errors

—

-

—— — —

observables
true values

measurements

M = Pyat + Kaet(A1, Ao, ... ) + Bexp
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(p,X)n above 100 MeV
% ISOtﬂ'PE En Emin El:mx 8tnill IIEEI:nux NumPts

— C 00 1.2 700 15 150 189
C 1500 1.2 1250 15 150 245
C 3000 1.2 2500 15 150 128
Na23 800 3.5 266 30 150 84
Al27 8500 1.2 700 15 150 119
Al27 1000 2.5 280 15 150 223
Al27 1200 2.0 1189 10 160 404
Al27 1500 1.2 1250 15 150 129
Al27 1600 2.5 280 15 150 226
Al27 3000 1.2 2500 15 150 132
Fe 00 1.2 771 10 160 505
Fe 1200 2.0 1171 10 160 417
Fe 1500 1.2 1250 15 150 129
Fe 1600 2.0 1572 10 160 460
Fe 3000 1.2 2500 15 150 133
Cu 1000 2.5 280 15 150 227
Cu 1600 2.5 280 15 150 231
Zr 1000 2.5 280 15 150 229
Zr 1200 2.0 1189 10 160 423
Zr 1600 2.5 280 15 150 229
In 800 1.2 700 15 150 116
In 1500 1.2 1250 15 150 128
In 3000 1.2 2500 15 150 133
W 8500 3.1 333 30 150 110
W 1000 2.5 280 15 150 231
W 1200 2.0 1189 10 160 413
W 1600 2.5 280 15 150 231
Pb 318 n.4 356 7 7 53
Pb 00 1.2 771 10 160 G624
Pb 1000 2.5 280 15 150 231
Pb 1200 2.0 1189 10 160 563
Pb 1500 1.2 1250 15 150 249
Pb 1600 2.0 1591 10 160 691
Pb 3000 1.2 2500 15 150 131 |nput Space:
Pb208 2000 0.4 402 30 150 170
Th232 1200 2.0 1189 10 160 351 A’ Z’ En’ E’ e
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Covariance brewing

Combination rules for covariance functions

Kit2(21,22) = K1(x1, 22) + Ka(21, T2)

’431><2(331:$2) = H1($1,$2) X H2($1,$2)

Squared exponential covariance functions

1
k1(x1,x2) = 612 exp (2)\ 5 (T1 — xz)Q))
1

1
ko(xy,xa) = 5o exp (2)\ 5 (1 — IL’Q)Q))
9

Transition kernel
T1(21,22) = o(x1)0(22)
To(z1,22) = (1 —o(21)(1 — o(x2))

( ) 1 touon L n
o(x) =
1 4+ exp(—k(z — xg))

ﬁ3¢:3011r1p($13332) — 71(3315332) X F‘:l(a:lamZ) + 7-2(3313-1:2) X 52(3713:52)
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Prior visualization

ncomp(xlaLEQ) — Tl(:Bl}:r?) X J":‘:1(51?131332) + T2(3313332) X 52(1513:52)

8125,7\.125, 8221,7»221,k20.5,X0=10

~

model defect
o

-10 A

0 5 10 15 20
energy

8125,7\.12500, 8221,7\.221,k=10,X0=10

model defect
o

-10 A

energy
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Real case

INCL vs experiment data

Final goal: Inclusive DDX data over the

complete nuclide chart projectile + target -> ;
ejectile + X (~100 000 data points above 100 }%
MeV, INCL gives predictions for ~40 000) ’ ; -

Inclusive DDX for p + target -> X + n

9287 data points, 11 targets, incident
energies ranging from 300 to 3000 MeV)

5 dimensional space (A, Z, EN, ANG, E)

Ko O, A, A,

Ky O, A, A

T kx ® M = Pytat + Kaef(A1, A2, .- . ) + Bexp
e 1 Ol

‘?’? 1

& - — N ]_ ; — ~ — Bl , F — ~ —
: ? ? log p(D |p05 Oexps ﬂ[) — _? 10%(271') - § log |ﬂ[| _ 5(00};1) - ‘sp[))l M l(vo-(.‘xp _ bp())

ffcomp(ﬂ?l,ﬂ?z) = T1(1L“1:332) X Hll(ﬂfl,ﬂ?z) + Tz(il’l,l‘z) X H2($1,$2)
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Introduce sparsity

Assume latent variables (pseudo-inputs)

S

e Y

Yobs =— KObb pblebl psi Ypsi ypbl ~ N( Pblapbl)

P — C B
Kspa,rse - SKpsi,psiS — Kobs,me Kpsi,obs ""

psi,psi

Diagonal correction (essential for continuous optimization)

Ks arse — d?:ag[Kobs,obs — Kobs, ‘alK_ K si,obs] =+ Kobs, blK_b] blK si,obs
p p p ps17psi,psi® P

psi,psi

E. Snelson and Z. Ghahramani, "Sparse Gaussian processes using pseudo-inputs",
Advances in Neural Information Processing Systems 18, Cambridge, Massachussets, 2006

J. Quinonero-Candela and C.E. Rasmussen, "A Unifying View of Sparse Approximate
Gaussian Process Regression", Journal of Machine Learning 6 (2005), 1939-1959
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Joint optimization

Efficient computation of objective function:

O(m2n) instead of O(n°) with m pseudo-inputs and n observations

— — N 1 i l — v — v — —
log p(D | po, Gexp, M) = —5 log(2m) — 5 log | M| — E(rf{_\_xp — 5}7)())1 M 1(00”, — SPo)

Scenario
300 pseudo-input points (1500 parameters)
15 parameters in covariance function (a.k.a hyperparameters)
9287 experiment data points
Timings
Obijective function: 1.3 sec (4 cores: 0.5 sec)

Gradient wrt hyperpars & pseudo-inputs: 50 sec (4 cores: 17 sec)

Optimization on cluster
3500 iterations with L-BFGS-B algorithm in 10 hours

using 25 cores (inefficiency: distributed memory)
X?/n=1.03
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Pseudo-input distribution (A,Z)-projection
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P+AI27 - X+n EN: 1500 MeV  ANG: 30 deg
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P+AI27 - X+n EN: 1500 MeV  ANG: 60 deg

E [MeV]
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Interpolation between angles

P+AI27 - X+n EN: 1500 MeV  ANG: 45 deg
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(p,X)n at 60 degree

0.4-
oS
[9)]
X
3 .
g iso
= — Al27
£ — c12
i)
@- 0.0 — Feb56
= — S32
a
0
o)
©
(@]
1S

0.4+

1 10 100

emitted energy [MeV]
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Cea Discussion of extrapolation

Fig. 2. Model bias of INCL in the (p,X)n double differential spectra for 800 MeV incident protons and different isotopes as
predicted by GP regression. A missing mass number behind the isotope symbol indicates natural composition. The uncertainty
band of the prediction and the error bars of the experiment data denote the 2o confidence interval. Carbon and indium were
taken into account in the GP regression but not cadmium and oxygen. The experiment data is colored according to the associated
access number in the EXFOR database. This shows that all displayed data come from just three experiments.

C, 800 MeV, 30 degree C, 800 MeV, B0 degree
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Cea Status quo

model
parameters

measurement
errors

model defect

observables
true values

model
prediction

measurement

71 = Po + AgSTM 1 (Gexp — SPo)

model calculation
result

gcxp,l - chpﬂ"{_l(gcxp - Sﬁﬂ)

A= Ay — AgSTM 1S A,

— —1
chp,l - chp - chpﬂ/f chp
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¥ Fission products

Cross sections & isospin

Excited nucleus
Evaporation

. 0cz tot Do+ P tot_Io¥_N
t Spallation ré:iduc
1 Sl tot_Det+/N
n
tot_lB- N
e BON — W

el_D+=N el 194

el_-_N
tot_Ri+ P

piNTo4PRN_N_pi(PINTo4PaN_N_Pi-
piNTo3PeN_N_Pi- NToR._Pi-_ P
piNTo4PsN_pi B3P Pi_P

, ‘ iNToD N_Pi0
PiNToAPN RNPDIP INAN_PFE

i : 1 iNToD» N_Pi+
piNTo3PeRIDPHYSPN_PIO piNToD» N_Pi
: i oN_Pi0/R
plNTO2ﬂ&H€EF$I . g piNTold Pi+_P
piNTORPH_Pi+\P PINTOSEapI N[ Pi0_P
tot=Ri0 P el B+ P
piNTo»_N_Pi-
piNTo2PsN_N_PRi- tofl M_Pi0
¢1_N_Pi-
PINTo2PaN N\ Pi+ (o= Pi+
piNTo2PeN=Pi-/ P tot=Bi-_P
el _Ri6=P el_Ri-_P
el\ N-Pi0
el”Ne Pi+

piNTo4PeN_Pi-_P

piNTo4P&N_N_Pi+

NNToM
OND N-PNN D+ N

tot_DOUBTOLPHNN-N_P

el_De+_P

l;I_DO_P

el_[B-_#_D&+_ N

el N_P

NNTo3PsNN_N_P

tot=N_P

NNTo4PsNN_N_P

NDToN&_DO_P

NNTo2PsNN_N_P

NDToN&_D+_P

NDToNN_DO_N

NNToND_N_N

tot_D-dNNTo¥DP_ P

NDToNN_D++_N

NDToN&_[tot.fo+_P
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NNTo4PsNN_P_P
tot_ NN

el P

1oL PP
NNTO2PsNNEP P AN N

NNTo3PeNN_P_P:
NNTo2P&NN_N_N

NNTo3PiNN_N_N




M = 5Ag(81.82,...)ST + Kaer(\1, Az - ) + Bexp

the strings

elastic_Meutron_Proton elastic_Proton_Proton NMNTo2PiMN_Neutron_Proton NMTo2PiNN_Proton_ Proton

504

404

30+

204

MNNTo3PiNN_Meutron_Proton MMNTo3PiNM_Proton_Proton MNTo4PiNMN_Neutron_Proton MNNTo4 PiNM_Proton_Proton

xs [mbarn]

50+

401

2000 3000 4000 5000 B0O00 7000 2000 3000 4000 5000 6000 FOOO 2000 3000 4000 5000 6000 7000 2000 3000 4000 5000 6000 7000
Ecm
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C2a From deterministic to stochastic

Challenge

Marginal Likelihood for deterministic linear model

L N 1 1, T 1y .
1Og p(aexp |p07 Sa M) — _E log(?ﬂ) o § log |M‘ o §(O-exp - Sp('))TA’[ 1(O-exp - Sp(])
\/
Marginal Likelihood for stochastic linear model e.g. 10* x 10* matrix

p(Gesy | Fos M) = [ Gy | o S, M)p(S) dS

Likely, no analytic solution of integral
Size of N x M matrix S with

N ... number of experimental data points
M ... number of model parameters

equals number of integration variables

For inclusive neutron DDX: 200.000 integration variables
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Work ahead and outlook

Methodological

Complete framework for stochastic linear models

Investigate the propagation of model bias through
simulations

Conceive a Monte Carlo algorithm for non-linearity

Practical

Include other reaction data from EXFOR (e.g. isotope
production, cumulative xs)

Use the approach on other model parameters (e.qg.
potentials)

Propagate found uncertainties through a transport code
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Common sense inference

Hypothesis

Compute cluster maintenance ;

Observation

Can connect to compute cluster

Network cable not plugged in

Irfu intranet down

Cannot connect to compute cluster

Password expired -

If A is true, then B is true
B is true

Therefore, A becomes more plausible

CC-IN2P3




