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Big Data Paradox: The bigger the data, the surer we fool
_ourselves, if we do pay attention to data quality
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https://indico.cern.ch/event/1553776/contributions/6652703/attachments/3148414/5590318/CERNddp.pdf
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Uncertainty Quantification

Aleatoric (“dicey”) Uncertainty:

« Statistical uncertainty in data that is reduced
by improving data quantity and quality

Epistemic (“*knowledge”) Uncertainty:

* Due to lack of knowledge, which can
iIntroduce bias. Improved through better (or at

least) representative modelling. Aka
Systematic uncertainty.

Hullermeier & Waegeman (2021)



https://doi.org/10.1007/s10994-021-05946-3

This Talk

Present challenges of quantifying uncertainty
preliminary results of the CTEQ-TEA's
simultaneous determination of the strong coupling
and PDFs using updated data sets.




NNLO fits with new data (nD) from LHC at 8 and
13 TeV

x?%/N,; for CT18A + new data (vs. CT18A at right) NNLO fits; 68% CL

(fits with 1 new process,

ID Experimental data set Np,+ CT25prel CTI18A ‘nProcces’)
Drell-Yan pair production
211 ATLAS 8 TeV W 22 2371030 3567328
212 CMS 13 TeV Z 12 2107220 2137318
214 ATLAS 8 TeV Z 3D 188 1.147330 1217532
) ' nDY
215 ATLAS 5.02 TeV W,Z 27 0.707927  0.74703%
217 LHCb 8 TeV W 14 1.367037 1477043
218 LHCb 13 TeV Z 16 1067978  1.29709%
13 TeV tt production nD

- i = +0.08 +0.12
521 ATLAS all-hadronic y,; 12 1.0'?';3_gg 1'07;8'32 (combined fit)
528 CMS dilepton y;; 10 1.100570 1.13%5:3
581 CMS lepton-tjet m 15 138705 14470 nTt
587 ATLAS leptontjet mys +y +y2 + HE 34 0947513 0.947528

Inclusive jet production

553 ATLAS 8 IncJet 171 1.54700%9  1.571022
554 ATLAS 13 IncJet 177 1257007 1.267508 nlnclet
555 CMS 13 IncJet 78 1117013 110192




Impact of new data on fits

Updates from the upcoming CT25 NNLO fits

- Significant pulls on a, from ATLAS Incl. Jets [553, 554]
and 13 TeV LHCb Z data [218] and tt production data

- Large tension between DIS, DY and Jet+ tt

CT25prel NNLO
as(Mz) = 0.1177 £ 0.0021 at 68%C.L.
I T T T I

100

| 1 1 1 |
0.114 0.116 0.118 0.12  0.122
as(Mz)

| «---204: E866 pp

CT25prel NNLO

as(Mz) = 0.1177 + 0.0021 at 68%C.L.
100 . : : .

ol Total

—_— ota

—— 160: HERAI-}II DIS
101: BCDMS F? DY
554: ATL13IncJet Jet+tt
553: ATL8IncJet -- it

—— 545: CMS8IncJet ----Jet

—— 542: CMSTIncJet

---544: ATLT7InclJet
---108: CDHSW F?
218: LHCb13Z

1 | 1 |
0.114 0.116 0.118 0.12 0.122
as(Mz)




Sensitivity to treatment of systematics

CT25prel with ksysl1 CT25prel ksys2 for Jet only
as(Mz) = 0.1177 £ 0.0021 at 68%C.L. as(Mz) = 0.1145 + 0.0021 at 68%C.L.
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as(Mz) as(Mz)
Left: multiplicative errors for all data sets Right: additive errors for jet data sets
a,(M;) =~ 0.118 as;(M;) =~ 0.115
... but possible theory bias in syst. effects ... likely reflects D’Agostini’s bias — cf. also a

similar shift in the 2025 NNPDF4.0 a, study
The truth is within a range between the extremes




Tolerance for Tolerating Tension

CT18A+nD,
as(Mz) = 0.1177 + 0.0021 at 68%C.L.
T T T T T T

100

Total
—— DIS

| —— DY
Jet-+tt

It is easy to see that there is a large
ter;snon etween DIS and other data or
sets.

Treat each of the sets (DIS, DY, Jet .
+tt) as independent and identically Fa0f
distributed measurements of «;

thot — Zi)(iz

20

Mean and Error given by minimizing 0

~2 (“si_as) 00 L. . . . . .

X - Zl 0__2 B 0.114 0.116 0.118 0.12 0.122 0.124 0.126

5 o lag 1 o 1 as(Mz)

As = Ofor L pr Zi? -

Large Tension: a7 = 17

Yet small uncertainty: ag x 103 115.88 119.91 118.94 117.88
at min of y?

*  a;=0.1179 £ 0.000329 Error (0; X 0.553 0.655 0.539 0.329

. . . 103)
« (Profile Likelihood) (Ay?=1)




How to proceed?

What should we do when we don’'t know how to
proceed?

Form committees!




Committee #1: Global Tolerance

CT18A+nD,
ag(Mz) = 0.1177 £ 0.0021 at 68%C.L.
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a,(My) = 0.1177 + 0.0021 at 68% CL

How should wef)'ustify the choice of
Tolerance here”




Committee #2: Global Tolerance through Effective

Gaussian variable

Sn = V2x*(N,) — VN, — 1

Criteria determined by values of S,, = 0.468
for 68% CL for the total y?
Note: Related to Quantile of y?

as(Mz) = 0.1179 + 0.0024 — 0.0025




Committee

3

Dynamic Tolerance
determine by using Lewis
formula for 52 individual
experiments

Comparison of
Credibility level for
Global Tolerance and
Dynamic Tolerance

Dynamic Tolerance
shows dependence
one how data is
partitioned

Dynamical Tolerance

Not Ny, 2 N,
2 2
xz(a,A) S 2 Dy, — Ty(a) — E Brara | — E Aas
k— k a=1 a=1
as(Mz) = 0.1179 + 0.0024 — 0.0012
CT25NNLO Preliminary: Dynamical and Global Tolerance
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Sensitivity to partitioning of data sets

CT25 NNLO, DT and GT based on Sg
(alt. clusters sampled over 200 configurations)

In an id_ea_l _ Global T (GT)} y
scenario, in which oymamical TONL b
all residuals are Y R
norma”y GT: residuals only (=no R?)} | —
diStribUted DT: residuals only (=no R?)} — + —
according to . DT: systematics only (=only R?)" — I - —— é
N(0,1), alternative N

DT: 3 alt. clusters- ; - - D
clusters would IR
prOd uce DT: 52 alt. clusters — I —
approximately the DT: 100 alt. clusters - —————f——————
same estimate for DT: 1000 alt. clusters| | =
the uncertainty. 1 I

0.115 aSO[}:/O’Z] 0.125

== 90% c.l. 68% c.l.




Committee #4: PDG Prescription: Scaling Errors

» PDG proposal: scale errors by a factor e; to make
fits more consistent, i.e. each g; — e, g;

72
* Cspng = dX—Of ~ 4.1 so that each g; » 4.1 x ¢; and
X 51
dof

« Caveat: For very large /% , PDG recommends

making an educated guess of the uncertainty
rather than scaling the errors.

.+ @ =0.11795 + 0.00135




Sensitivity to partitioning of data sets

° N =3 ¢ N =52
« a,=0.1179 + 0.0003209. * a,=0.1181 4+ 0.000334.

° 7(_2 ~ ° X_ >~ 31
dof =17 dof

e &, =0.11795 + 0.00135 * a;=0.1181+ 0.0006




Committee #5: The “Error on the error”

‘ Profile Li‘keli hopd

30 Ir;0.5,v=1x10“—5
InL(p,0,02) =1n P(y|u,0) 05l @s=0.1183 - 0.00196 + 0.00187
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Profile Likelihood
B

. . I r=0.5v=1x10"-7
Needs as input an estimate of the 155 Z. 201193 - 0.0003 + 0.0005

uncertainty on the systematic uncertainty
characterized by r.

10

-AloglL

Sensible values of r need to be chosen
by analyst, making and educated guess.

0: p——
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G. Cowan arXiv:1809.05778, see also as
M. Reader arxiv.org:2408.12922



https://arxiv.org/pdf/1809.05778
https://arxiv.org/pdf/2408.12922

Committee #6: Bayesian Hierarchical Model

Hierarchical Model
————————
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J. Erler & R. Ferro-Hernandez, arXiv:2004.01219 as



https://arxiv.org/abs/2004.01219
https://arxiv.org/abs/2004.01219
https://arxiv.org/abs/2004.01219

Impact of Clustering

N=52, e, .~ 1.8
More consistent fit?

Tracks PDG error
scaling factor

Hierarchical Model

i a=0
20 as =0.1180 - 0.0007 + 0.0008

0114 0116 0118 0120 0122

as



Gaussian Mixture Model 7\«

I T(a(l)) T(a(z)) T(a(K))
L S T B !
1. Modified e (X (X A S i
" k k 7 - | NG I\/\:\\\ 1
Posterior [1( > P@@)i) ) o T { Downh(DiIT@®), 00 | | iy
i=1 \k=1 i=1 \k=1 D, D, Dy
Npt, Npt K
2. Implementation via MLE m(10) = LI (o 20518) = L1 3ol Bt
. j=1 j=1 i=1
of Mixture of Gaussians 0<wi<l and > we=1
k

3. Calculate Mean

i=1
K K )
cOVoMM = Zw COVGMM,i+Zwi(E[9]*9i)2
4. Estimate uncertainty via N Lok
. . . Y 1 (0y;(6:)\ "N (y;. Ay;l6:) +3 (] - 00
observed Fisher Information Matrix T 2N ag ) a(, Al £ v

5. Use Information Criteria (AIC/BIC)  AIC = Npam logNy — 2logL|,_;,
to determine the number of Gaussians BIC = 2Npum — 2logL|,_;. Nparm = 2K + (K — 1).

M.Yan, T.-J. Hou, Z. Li, KM, C.-P. Yuan, arxiv: 2406.01664



https://arxiv.org/pdf/2406.01664
https://arxiv.org/pdf/2406.01664
https://arxiv.org/pdf/2406.01664
https://arxiv.org/pdf/2406.01664
https://arxiv.org/pdf/2406.01664

Committee #7: a, Uncertainty with GMM

GMM (K=2) (Yellow shaded) 7
@; = 0.11801 + 0.00192 =

~ 4.1 (Green shaded, Cyan line)
as; = 0.11795 £+ 0.00135
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e; ~ 6.1 (Green shaded, Blue line)
a, = 0.11795 + 0.0020 120

Caveat: How we partition the data sets does
have an impact on uncertainty determination.
More complete study is underway
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Impact of clustering

GMM (K=2, N=3)
& = 0.11801 + 0.00192

Using 52 data sets. o GMM (K=2,N=52) (Yellow shaded)
Caveat: This is a simplified application of the &.= 01184 + 0.003
GMM on the profile likelihood of the strong ’ I

coupling.

Full application needs fits over GMM likelihood
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Committee #8: PDF Parametrization Uncertainty for a;

a, has low correlation

with PDF CT25prel NNLO (Nps=4260, Noar=2170)
parametrizations. 51801 A
51603 L + .
Epistemic uncertainty srap] _Candit S Xen
. . - parametrizations ‘x' ) -
from PDF parametrization -~ | R |
IS small ; g |
51001 T
o R
5080 Xo? i
E ¢7777:777,—AX2SC =1 |
50800 1475 0.1180 01185 01190 0.1195
as(MZ)




No unique solution to PDF’s inverse
roblem

CT error bands quantify parametrization CPOiCG as a crucial source of epistemic uncertainty

— representative sampling over PDF models=study of parameter dependence
(Bernstein basis ad-hoc forms or adaptable Bernstein basis—Fantémas )

— fitting methodologies also contribute to epistemic uncertainties

Pion PDF with adaptable Bernstein basis —a sandbox

Proton PDF with Bernstein basis ad-hoc forms
0.8

0.6¢

a(x, Qo)ref

0.2

0.0t

. N . . . PP AN 0.5
0.005 0.010 l 0.050 0.100 0.500 1
X

10%0° 10 1078 0.01 0.02 0.05 0.1 0.2
X

05 07

Fantémas:

flexible basis with hyperparameters on top of trainable parameters, C;
N

xf9(x, Q) = Agx®1(1 — x)Pa x Fcii(g(x))
l

[Kotz et al, Phys.Rev.D109, 2507.22969] To be applied to proton PDF soon!



Pion PDF

Combination of solutions for epistemic PDF
uncertainty

CT error bands quantify parametrization choice as a crucial source of epistemic uncertainty

Statistical meaning of the sampling over parametrization:

Unknown truth: all acceptable solutions stem from an unknown latent distribution of shapes

— no probability density interpretation in the space of data (aleatoric uncertainty accounted for the Hessian way)

— sufficient to select a few solutions with most diverse shapes in Ng,,o--dimensional space for x € [0,1]

A convex log-likelihood justifies the combination a la METAPDF
XV (x,Q) at Q=1.4 GeV

Aleatoric uncertainties
as single error band

XV (x,Q) at Q=1.4 GeV, 68% c... (band) 7" (MC) PDFs at Q=1.4 GeV, 68% c.l. (band)
1.5/»\\ _—

e h xS

Pion PDF

0861 008 o1 03 05 07 1
X
LYY — —3 o5 o7 — I he combination ) , , X |
[Gao & Nadolsky, JHEPO7], L orovides the most o e e
updated for [Kotz et al, PRDXXX, 2505.13594] comprehensive UQ
Next:

— information criteria to systematize the selection of solutions



Central Committee (Preliminary)

Statistical Method | Eq. as(Mz)

Global Tolerance | 4.8 | 0.1179 4 0.0024 — 0.0025
Dynamical Tolerance|4.10| 0.1179 4 0.0024 — 0.0012
BHM 4.13| 0.118 + 0.0024 — 0.0027
GMM 4.15 0.11801 + 0.00192
Average 0.11795 + 0.00225 — 0.00182




Outlook

* Presented (Preliminary) updated CTEQ-TEA fits to a;
 Significant upward pulls from Jet and ttbar data from LHC
 Statistical Modeling is challenging!

« Set up committees to determine the uncertainty on the
strong coupling.

* Each committee has its own estimate on the uncertainty —
represents uncertainty on the uncertainty

« Central committee to build consensus between
committees.
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