Impact of theory uncertainties
in the extraction of precise EW parameters at the LHC
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Introduction: the Drell-Yan process experimentally and theoretically

Theory Uncertainties and how to propagate them
»> Scanning or off-setting

>> Profiling

a,(m,) and my, extractions as examples



Drell-Yan: the EW standard candle of the LHC

LHC not only discovery machine, but also a precision machine!

Drell-Yan process (mostly its color singlet g spectrum) has a special role:

|
ATLAS

Electroweak fit
PRD 110 (2024) 030001

LEP combination
Phys. Rep. 532 (2013) 119

DO
PRL 108 (2012) 151804

CDF
Science 376 (2022) 6589

LHCb

JHEP 01 (2022) 036

ATLAS

arXiv:2403.15085

CMS

This work

CMS

I

I

my in MeV
| 803536

80376 + 33

80375 + 23

80433.5 + 9.4

80354 + 32

80366.5 + 15.9

80360.2 + 9.9

]

K

80

300

I | I
80350 80400

|
80450
mw (MeV)

[CMS 24]

-@- Hadron Colliders
—-@- Category Averages PDG 2022
—@- Lattice Average FLAG 2021
-@- World Average PDG 2022
-@- ATLAS Z P, 8 TeV
ATLAS ATEEC ® 0.1185+ 0.0021
CMS jets L _ 0.1170+ 0.0019
H1 jets ° 0.1147 + 0.0025
HERA jets 0.1178 £ 0.0026
CMS ttinclusive ® 0.1145+ 0.0034
Tevatron+LHC tt inclusive 0.1177 + 0.0034
CDFZpT 'I 0.1191+ 0.0015
Tevatron+LHC W, Zinclusive | 7 ) A 0.1188+0.0016_ _
7 decays and low Q° 0.1178+ 0.0019
QQ bound states 0.1181+ 0.0037
PDF fits @ 0.1162+ 0.0020
e’e jets and shapes ® 0.1171+ 0.0031
Electroweak fit @ 0.1208 £ 0.0028
Latics Lol i@ T litedzoo00s
Worldaverage ________ | ________] '__l’; ___________ 0.1179+0.0009_ _
ATLAS Z P, 8 TeV | B | I0.1 183 O.OOIOQ
0.115 0.120 0.125 0.130
ocs(mz)
a(m,)
|ATLAS ‘23, 24|

1/20

4
S1n Heff
[CMS ‘24]

LEP A2, - = | 0.23099 = 0.00053
LEPP, | — | 0.23159 + 0.00041
LEP A2 | — | 0.23221 = 0.00029

LEP A% | . | 0.23220 = 0.00081

LEP QR [ | 0.2324 =0.0012
SIDA’. | —n— | 0.23098 = 0.00026
Rl S —— T e U
D01.96TeV | . | 0.23095 = 0.00040

i as oy [ Ao
LHCb 7+8TeV | o | 0.23142 + 0.00106
CMS8TeV | o | 0.23101 = 0.00053
i e A e

0.229 0.23 0.231 0.232 0.233 0.234
sin“6!



https://arxiv.org/pdf/2309.12986
https://link.springer.com/article/10.1140/epjc/s10052-024-12438-w
https://arxiv.org/pdf/2408.07622
https://arxiv.org/pdf/2412.13872

Drell-Yan: the EW standard candle of the LHC

>> Wide-ranging applications, many precise measurements:

ATLAS 20, ATLAS 24, CMS '17, CMS 19, LHCb 16, ...

> Many theory requirements to reach the same level of precision:
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Theory vs Data

Given a measured observable f:

[fi Afgtar AfSYS] CXp : [f(p )iAf] theo

9 © ?

Af theory uncertainty due to inexactness of theory prediction, usually dependent on a Pol p

5/20. taken from Tackmann’s EW-WG '26
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Theory vs Data

Given a measured observable f:

[f == Afstat = A sys] exp ~ [f(p )+ Af ] theo

9 © ?

Af theory uncertainty due to inexactness of theory prediction, usually dependent on a Pol p

Meaningful Theory Uncertainties:

must reflect our degree of knowledge (or ignorance) of f(p)

provide correct correlations for different predictions

have a statistical meaning needed for the interpretation of experimental measurements

»> High-precision measurements often deal with  Af > Afstat =>> Afsys

5/20 taken from Tackmann’s EW-WG '26
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Theory vs Data: propagate uncertainty

More delicate treatment when extracting a Pol :

[fi Afstat = A sys] exp — — [f(p)_l_Af] theo pi Ap

4/20. taken from Tackmann’s EW-WG '26



https://indico.cern.ch/event/1641306/contributions/7006930/attachments/3249061/5798764/2026-03-31_EWWG.pdf

Theory vs Data: propagate uncertainty

More delicate treatment when extracting a Pol :

[f * A £ Afsys] exp [f(p JXAf ] theo =777~ > p=x Ap

Scanning (off-set): fl exp — fl( p)+ 0 Afl —> pi A pP usually multiple quantities f; (different bins, processes, ...)

Solve for p at fixed O: =0 — J 22 0 ==xc - % Ap 0 central value, ¢ value of the variation
»» using a common ¢/ means treat all Af. as 100% correlated

»» using separate ¢ for each Af. means treat all Af. as uncorrelated

4/20 taken from Tackmann’s EW-WG '26
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Theory vs Data: propagate uncertainty

More delicate treatment when extracting a Pol :

[f = Afstat = Afsys] exp [f(p )+ Af ] theo P T Ap
Scanning (off-set): fi, exp — fl( p)+ 0 Afl —> pi A pP usually multiple quantities f; (different bins, processes, ...)
Solve for p at fixed 6: 0=0— J 22 0==xc > =* Ap 0 central value, ¢ value of the variation

»» using a common ¢/ means treat all Af. as 100% correlated

»» using separate ¢ for each Af. means treat all Af. as uncorrelated

Profiling: Jiexp =JiP)HOAf = p £ Apg and 6 £ Ay, correlation of Af

Solve (fit) both p and : ' is fundamental! : '

»> fit move theory prediction along fixed trajectories given by 0Af,

»> relies on knowing correlation of Af,

4/20 taken from Tackmann’s EW-WG '26
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Uncertainty: approaches for MHO uncertainty

2 A2
do = dgresum @(Q—Tz> @( QZCD>
0, | qdr

{

m2

q

q7

)

missing higher orders (MHOs) or perturbative uncertainty

@(GISR/EW)

fl@) =fy+afi + a*f,+ O(@®) —> NLO : fla) = fy+af, = Af

Can be determined through:

- scale variations A/ = max| f(tty,r,) — f(Meenira) |

vary

. scale variation with bayesian approach

Cacciari, Houdeau ‘11 - Bonvini ‘20

. series acceleration

Duhr, Huss et al. ‘21 - David, Passarino ‘13

- using reference processes

+ Theory Nuisance Parameters (TNPS) Tackmann 24 - Poncelet, Lim ‘24
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Ghosh, Nachman et al. ‘22

O(a>R) + PDFs

cm

Major source of uncertainty

Af is due to the series of the unknown true values fn


https://inspirehep.net/files/abfbf4f9d50e77b667a093cec306b0f3
https://inspirehep.net/literature/2861366
https://inspirehep.net/literature/901436
https://arxiv.org/abs/2006.16293
https://arxiv.org/abs/2106.04585
https://arxiv.org/abs/1307.1843
https://arxiv.org/abs/2210.15167

Uncertainty: approaches for MHO uncertainty

2
do = do™""+ 0 (ﬂ>

. ) (m_C?) @(GISR/EW)
Q

q7

. ( Adep )
q7
i
missing higher orders (MHOs) or perturbative uncertainty

fla) =fy + afy + a*f, + O(@®) —> NLO : fla) = fy+af, £ Af

O(a.>®) 4+ PDFs

Major source of uncertainty

Af is due to the series of the unknown true values fn

Can be determined through:

o scale varlatlons . Af — max\f (:uvary) _f (/’tcentral) ‘

CEssssssssssEsEEEEEEEEEEEEEEEEEER Vary

- scale variation with bayesian approach: . . ..o

. series acceleration Duhr, Huss et al. 21 - David, Passarino ‘13
Ghosh, Nachman et al. 22

. using reference processes

5/20

many known limitations

new approach
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Theory Nuisance Parameters (TNPs) in a nutshell

Tackmann 24

[D Parametrize the uncertainty by the missing highest piece

N2HLO : fPred(x, 6,) = fo(x) + a fl () + a? fz(x) +a’f; (x, «93) nuisance parameters 0,
| |

key condition: f (x) =/ (x,0 ) - truevalues én must satisfy this relation

. | .(x, 0) encodes correct x dependence correlation structure in x

- once (; becomes well constrained/known, move to 0,

6/20.
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Theory Nuisance Parameters (TNPs) in a nutshell

Tackmann 24

Parametrize the uncertainty by the missing highest piece

N2HLO : fPred(x, 6,) = fo(x) + a fl () + a? fz(x) +a’f; (x, (93) nuisance parameters 0,
| |

key condition: f,(x) = (x,0 ) - truevalues ¢ must satisfy this relation

. | .(x, 0) encodes correct x dependence correlation structure in x

. once 0; becomes well constrained/known, move to 0,

Define 0,: account for the internal structure of /;(x, €;) and find a suitable parameterization
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Theory Nuisance Parameters (TNPs) in a nutshell

Tackmann 24

Parametrize the uncertainty by the missing highest piece

N2HLO : fPred(x, 6,) = fo(x) + a fl () + a? fz(x) +a’f; (x, 93) nuisance parameters 0,
| |

key condition: f,(x) = (x,0 ) - truevalues ¢ must satisfy this relation

. | .(x, 0) encodes correct x dependence correlation structure in x

. once 0; becomes well constrained/known, move to 0,

Define 0,: account for the internal structure of /;(x, €;) and find a suitable parameterization

0.7c— T e er et
. ° ° E_ Nentries — 89 fn(n — 5) _E
ain suitable constraints on TNPs: = + 6= = 016+ o B T

Obt tabl traintson TNPs: 6 = gl + AQ 06
*g 0.5;— o=0.9+0.07 || —
theory judgement S 0.4- i \\\ E
S E
. needed for off-set or as prefit constraint when profiling 5 22 // \ -
- 0 _normalized such that default theory constraintis ¢, = 0 £ 1 0.1 ] M -
68% theory CL 0.0=H - LA FE H;

6/20 67
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Applications

a,(m,) from DY g, spectrum [a, is a %-level shape effect — bin-by-bin correlation is crucial]

» using toy/Asimov standard y? fits:

central theory prediction at o (m,) = 0.118 as pseudodata, uncertainty assigned from ATLAS 8 TeV meas.

»> study only the dominant source of uncertainty (MHO), neglecting power corrections, mass effects, etc..

CMS my, determination from DY g;spectrum [first modeling p; to then propagate uncertainty on p? and my]

7/20
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Applications

a,(m,) from DY g, spectrum [a, is a %-level shape effect — bin-by-bin correlation is crucial]

» using toy/Asimov standard y? fits:

central theory prediction at o (m,) = 0.118 as pseudodata, uncertainty assigned from ATLAS 8 TeV meas.

»> study only the dominant source of uncertainty (MHO), neglecting power corrections, mass effects, etc..

CMS my, determination from DY g;spectrum [first modeling p; to then propagate uncertainty on p? and my]

Drell-Yan resummed g, ( = x) spectrum case: [considering SCET factorization]

do
gr —— =
TdC]T

2 : :
HXB, ®b,& S] (aS, L=1Ingy/ mZ) + 0O <ﬂ> leading power g dependence -

m% ' known to all orders '

»>> Described by seven TNPs: [ 7, ,H(ay) ,S(a,) , B B,

cusp ° y/’t qq °’

% Nomenclature used: N"**LL, with k = 0,1

Full N*** structure, including TNPs for beyond N”LL ingredients
7/20
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a (m,) from DY ¢, spectrum

%-level shape effect

ek
ot

ek
=)

S
Ut

rel. difference [%]
S o
ot =

|
ek
=)
[




Perturbative uncertainty: TNP SCanning ¢, oy tacanann 23

Data as N°*!LL at @, = 0.118 against N°*'LL theory model

4r————T 1 L
SCETIib N3+'LL pp — Z (8 TeV) -

3__ MSHTaN3LO, 80 < my; < 100 GeV, |Y| < 1.6 __

rel. difference [%]

—_— e ——

»> Breakdown into independent sources of uncertainty with correct shape (correlation) in g,
varying each TNPby A0, = £ 1

8/20.
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Perturbative uncertainty: TNP SCanning ¢, oy tacanann 23

Data as N°T!LL at a, = 0.118 against N°*!LL theory model

rel. difference [%]

4

SCETIlib N3+T1LL pp — Z (8 TeV)

MSHTaN3LO, 80 < mj;; < 100 GeV, |Y| < 1.6 |

—

)(t%)tal = 2 (Vi = /li)TCi]T 1()’]' —4)
i

NSTILL pre-fit Z qr Asimov
exp. uncertainty | (ATLAS 8 TeV unc.)
total
® :
& I By,
7 | Byq
o : S
® H
o Yo
» . Yo
0.116 0.117 0.118 0.119 0.120

as(myz)

»> Breakdown into independent sources of uncertainty with correct shape (correlation) in g,

varying each TNPby A0, = £ 1

>> Repeat a, fit for every TNP variation: sum in quadrature — A
8/20

pert

=1.75%x 1072
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Perturbative uncertainty: TNP profiling ... oy tacanan 23

Data as N°T!LL at a, = 0.118 against N°*!LL theory model

rel. difference [%)]

- SCETIib N3*+1LL post-fit

pp — Z

(8 TeV)

MSHTaN3LO, 80 < my < 100 GeV, |Y| < 1.6 _

—— Peusp ——- S total
————— By total pre-fit -
......... B,, t Asimov data

0 5 10 15 20 25 30

qr |GeV]

0. — 0)

_ (
)(t%)tal = Z Vi = )‘i)TCij l(yj' —4) + Z
i i

AQ?

Aag(myz) [1079]
—-0.3 —0.2 —0.1 0.0 0.1 0.2 0.3

T | | |
N3+ILL Z qr Asimov
post-fit Aag| (ATLAS 8 TeV unc.)
AfG, =1
Byg 1
qq T
S .
H ®
Yv | -
Tu &
I1cusp ®
o

»> Fit a, together with all TNPs, included with Gaussian constraint 8, = 0 £ 1

»> Nontrivial data constraints on TNPs and reduced theory uncertainty

9/20

pert
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—-1.5 —-1.0 —-0.5 0.0 0.5 1.0 1.5
post fit constraint

=0.45%x 107
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TNP profiling against different orders . oy racnan 23

Data as N4L[)at a, = 0.118 against different orders

SCETIib Z qr Asimov

profiled against N*LL| (ATLAS 8 TeV unc.)
440 L +0.41
NTLL T —0.37
341 +0.47
N7 LL ° —0.50
340 e { +0.44
NTPLL T —0.43
21 10.66
N*LL : —0.62

SPEIT IRPRPIVEN PRIV SPIETIT BTN B I

0.116 0.117 0.118 0.119
as(myz)

*uncertainties in units of 10~

0.120

simulates the fit to real data, which contains the all-order result!

>> N*TOLL approx of N°HLL as N*V of N*FILL
absorb the N*MLL TNPs uncert. term into the N LL structure

>> Uncertainty decreases with increasing perturbative order

10/20
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TNP profiling against different orders . oy racnan 23

Data as N4L[)at a, = 0.118 against different orders

simulates the fit to real data, which contains the all-order result!

>> N*TOLL approx of N°HLL as N*V of N*FILL
absorb the N*MLL TNPs uncert. term into the N LL structure

>> Uncertainty decreases with increasing perturbative order

»> |Uncertainty size alone can be misleading

SCETIib Z qr Asimov

profiled against N*LL| (ATLAS 8 TeV unc.)
440 A +0.41
NTLL T —0.37
341 +0.47
N7 LL ° —0.50
340 e +0.44
NTPLL T —0.43
21 10.66
NTLL ; —0.62

SPEIT IRPRPIVEN PRIV SPIETIT BTN B I

0.116 0.117 0.118 0.119 0.120
as(myz)

*uncertainties in units of 10~

Investigate looking at the TNP pulls

2> Reduction on the uncertainty depends on the constraining

power of the data
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TNP profiling against different orders: N°"'LL ... tackman 23

Data as N*LL at &, = 0.118 against N“*'LL theory model

Aag(mz) [1077]

—04 —-0.2 0.0 0.2 0.4

10F——————7—————7 71— N B | ] ]
X gf SCETIlib N**'LL vs N*LL post-fit : N**!LL vs NLL Z qr Asimov
Ry E . post-fit Aa,| (ATLAS 8 TeV unc.)
ﬂ 3k pp — Z (8 TeV)_: A, — 1
‘“Z : MSHTaN3LO, 80 < my; < 100 GeV, |Y]| < 1.6 ]
e 75_ E qu
S 6F —= Deysp === S total E
% 5F — ey, > - B, total pre-fit - qq *
g 4F — oy, By ¢ Asimov data - S | o
+~ i
8 3: - H E H % ®
S 2F -
< = Yv | ® %,
S 1 SR e E
= O _____ e S — S— '——"'"";T":_“"'i"'%"i'_'—'-‘z'j T | *—p
?ﬁ. —]_;— E Fcusp : >
—9C l | | I l cec b e e b e e
%0 5 10 15 20 25 30 15 —1.0 —0.5 0.0 0.5 1.0 L5
qr |GeV] post fit constraint

»> N**ILL strongly pulled toward correct true values [*]

»> post-fit prediction for g, spectrum driven by constraints from data A

11/20

indication that the order is not enough for the data

1066 _3
pert =062 X 10
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TNP profiling against different orders: N°TLL ... tackman 23

Data as N*LL at &, = 0.118 against N"*"LL theory model

Aas(myz) [1077]
—0.3 —0.2 —0.1 0.0 0.1 0.2 0.3

10——7——————7—————F7 7 T | | |
X of SCETIib N**°LL vs N*LL post-fit : N**OLL vs NLL Z qr Asimov
Ry E ; post-fit Aa,| (ATLAS 8 TeV unc.)
j sk pp — Z (8 TeV)_: AG, — 1
¥ - MSHTaN3LO, 80 < my < 100 GeV, Y| < 1.6
Z T ‘; Buy s
T 6F —= Teusp —== 5 total =
= : By, —e—
= 5f total pre-fit -
) E ]
o 4r Asimov data - S .
~ £ N
s 3 : H | .
o 2r =
% 1? _E Yv @ H
&= 3 -
< OF ST St Sl L T | ®
?ﬂ. —1f I cusp | o
9L | ' | L ' Cooova b e b b b by
20 5 10 15 20 25 30 _1.5 =1.0 =05 0.0 0.5 1.0 L5
qr |GeV] post fit constraint

»> significant reduction in uncertainty in the post-fit prediction suspicious, insights in the pull plot

»> some TNPs are strongly constrained by the data: B, , B, Apert =044 5 10
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TNP profiling against different orders: N°T'LL ..o tackman 23

Data as N*LL at &, = 0.118 against N"*'LL theory model

Aag(mz) [1077]

»> N*HLL pulled toward correct true values [ ]

»> post-fit prediction for g, spectrum driven by constraints from data

—0.3 —-0.2 —0.1 0.

0O 0.1 0.2 0.3

pert
15/20

4: ' ' ' ! | ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! ! ! b | | | |
<) I | N3HILL vs N4LL Z qr Asi
% - SCETIib N3*1LL vs NLL post-fit : st fit Ace,| (ATLAS 8 Tev uno)
= g pp — Z (8 TeV) A6, =1
7 i MSHTaN3LO, 80 < my < 100 GeV, |Y| < 1.6 - B, ve
7 | —— Peusp -~- 8 total :
S %
% 2\ — Ay, T B, total pre-fit - 1
) s . - |
e By —— A e By, $ Asimov data . S| *e
& 1) H * d
= _
% L Yv @ |
ks _
% O_ Tu | *
?ﬂ. [ | Fcusp : ¢ *
_ ! | | N S N S - ! coooca b b v v v b e b v by
1o 5 10 15 20 25 30 15 210 —05 0.0 05 L0 L5
qr (GeV] post-fit constraint

_+0.47

3
=550 X 10
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TNP profiling against different orders: N*"'LL ... tackman 23

Data as N*LL at &, = 0.118 against N**"LL theory model

Aas(myz) [1077]
—0.3 —0.2 —0.1 0.0 0.1 0.2 0.3

4: ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! ! ! vl [ [ [ [

< i , N4HOLL vs N4LL Z qr Asi
% - SCETIib N4tOLL vs NLL post-fit | ostoflt Acr,| (ATLAS 8 Tev une)
= a0 pp — Z (8 TeV) - AG, =1
Z - MSHTaN3LO, 80 < my;; < 100 GeV, |Y| < 1.6 -
— ] Bgg {
g f = Teysp —=° 8 total - B,, | |
@ — Y, T B, total pre-fit _ | #
S — Ay, B, } Asimov data - S '
§ 1 = N _— - H ] H : #
% v l .
-
= [ Yo | ¢
E [ Fcusp : ®

1 | | | | | A

30

»> central N**YLL identical to that of N*LL by construction

»» reduction in the uncertainty less pronounced than N3*ULL case

14/20

cooo b I R
—1.5 —-1.0 —-0.5 0.0 0.5 1.0 1.5
post fit constraint

1041 3
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TNP profiling with different A9 : N°T'LL e oyt tackmann 2

Data as N*LL at &, = 0.118 against N°*!LL theory model

»> Change the prior theory constraint: using now ¢, = 0 = Ag_with Ag, = 1,2, 4 and fit again

SCETIib N°TLL Z pr Asimov
against N*LL (ATLAS 8 TeV unc.) effect of the theory constraint strongly depends on the power
of the experimental constraint
4+0.51
Aty =4 t —0.47
data reduces dependence on theory constraint and
associated potential bias
0.49
Al = 2 P J—r0.48
only slight difference in the uncertainties when relaxing the
TNP constraint
40.47
Aby =1 ° —0.50
Precise theory constraint does not matter here
oo b by e by by Lo o by v by

0.1106 0.117 0.118 0.119 0.120
as(my)

*uncertainties in units of 10~ 15/20


https://inspirehep.net/files/40fccb4cdb817a8a4a7e21d66dc56831

TNP profiling with different A9 : N°T'LL e oyt tackmann 2

Data as N*LL at &, = 0.118 against N°*!LL theory model

Aag(myz) [1079] Aag(myz) [1079] Aag(myz) [1079]
—0. 3 —O 2 —O 1 O O 0.1 0.2 0.3 —0. 3 —O 2 —O 1 O O 0.1 0.2 0.3 —0. 3 —O 2 —O 1 O O 0.1 0.2 0.3
L | | B B | | L
N3+1LL Vs N4LL Z gr Asimov N3+1LL Vs N4LL Z gr Asimov N3+1LL Vs N4LL Z qgr Asimov
post-fit Aag| (ATLAS 8 TeV unc.) post-fit Aas| (ATLAS 8 TeV unc.) post-fit Aas| (ATLAS 8 TeV unc.)
@F, =) @&, =2) @O, =14)
B, | * | By, | 'y | By, | Y
“a | o—* | By, | * | By, | ¥
S| *—o : S | ‘ | S | R
H * ¢ | H| | ’* o | H| *—o
Yv : o *— Yv 10— Yv : %
T | *—0 | T | * | Yu || *- !
I‘cusp : ¢ l * Fcusp : ® * l Fcusp : < %
IIIIIIIIIIIIII IIIIIIIIIIIIII ||I||||I|||| ||||I||||I|| IIIIIIIIIIIIIIIIIIII IIIIIIIIIIIIIIII
—1.5 —1.0 —-0.5 0.0 0.5 1.0 1.5 —2 —1 0 1 2 —4 —3 —2 —1 O 1 2 3 4
post-fit constraint post fit constraint post fit constraint

Post-fit constraints on TNPs become even more consistent with true values!
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CMS m,, determination



CMS W mass measurement .,.c.amwrs.000

Perturbative uncertainties in the resummed prediction: N"""1.1. SCETIib

— f() + fla + f2a2 - [fg + ap fa(04)]

f(&794>
«105 16.8 fb~' (13 TeV)
> g T T T T ]
8 E CMS Prefit + Data :
% 5E 'L - MINNLOps -
g Bl Ziy* > pp -
T

Bl Other 7

= -ﬂ: :
§ 10:—,_[_th _l—_ﬁ:+ﬂ+—=.— . ;— ------ A i
o e ettt ]
8 09-_’ Fixed-order+matching CS-Nonpert. -
[ Resum. TNP Nonpert.

1 1 § 1 l 1 1 I 1 l 1 1 1 1 l 1 1 1 l 1 1 1 1 l l-

0 10 20 30 40 50
pr" (GeV)

consider the N°LL structure but absorb the N°>HLL

TNPs uncert. term into the N°LL structure

limited effect on the overall size of theory uncert. but
correlation approximated by lower order structure

» p; modeling fundamental: uncertainties in the low p,region affect

the shape as my;, variation

. . . . W
>> theory correlations are crucial: uncertainty propagated from p;
to pf to my!

TNPs enable consistent W-only fits by allowing in-situ proﬁlmgé
of theory uncertainties :


https://cds.cern.ch/record/2910372/files/SMP-23-002-pas.pdf

CMS W mass measurement .,.c.amwrs.000

Perturbative uncertainties in the resummed prediction: N"""1.1. SCETIib

Events/GeV

Ratio to nominal

—
=)
&)

contribution of all theoretical and experimental uncert. before and after profiling

x106 ___ 16.8fb' (13 TeV)

_ CMIS lPrefit | I- Wt[_)p\, i
B Nonprompt -
N Z/y*F - g/ttt
 WESs v ]
]

—

Rare

Hard func. ]
——= Soft func. -

"~ (p=23%)
0.6

Events/GeV

%107 16.8 fb~! (13 TeV)
1.0_"']""]"'."""]‘UFIIllil]
. CMS Postfit } Data
0.8} x?/ndf = 35.4/30 WSy

B Nonprompt

0 WESs v

 Z/yT - pp/tr

—

TR

] | LJ L I ] | L) L) I I 1

9.9 MeV

B

Data/Pred
—
o
(@]
o
(&> ]

1 III_‘ ilIII 1
- ' —
i : )

i
= ‘i -
i ot | i
— !
-

L] L ! ]
Model unc. ;
i
' | -*--J-

ﬁ
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https://cds.cern.ch/record/2910372/files/SMP-23-002-pas.pdf

CMS W mass measurement .,.c.amwrs.000

my = 80360.2 + 9.9MeV

CM S Pull £ Constraint |
Preliminary - ) 0 . 2
. SCETLib Nonpert. A(2) | ‘ ] Pu— R
| |
" SCETLib Nonpert. A3(Z) | | ® N
| | |
| SCETLD Monpent AN | — I E— Source of uncertainty Impact (VSY)
| SCETLib Nonpert. CS oy | | " N Nominal Global
) . . | | 1! | |
Resum.-FO transition z [dit] | * '; i Muon momentum scale 4.8 4.4
Resum.-FO transition Z [avg.] . } i i -
© Resum.TNPy, O —— Muon reco. efficiency 3.0 2.3
Resum. NPy, | ; . ' , W and Z angular coeffs. 3.3 3.0
Resum. NP Ty | ! * l | Higher-order EW 2.0 1.9
Resum. TNP qgAS BF | Q | v )
Resum. TNP qqV BF | ® | pT modelmg 2.0 0.8
Resum. TNP qqV BF | | PDF 4 4 28
Resum. TNP qqS BF | I |
Resum. TNP qg BF | - | Nonprompt ba.ckgr.ound S 1.7
Resum. TNP Soft func. ' | Integrated luminosity 0.1 0.1
| i | .
Resum. THE Hard func. - MC sample size 1.5 3.8
FO ug,Me Z [diff.] - .
I !
O Zlaval | | Data sample size 24 6.0
o T Total uncertainty 9.9 A
® m (Mt ag)fit W (p yM) it

TNPs ideal for future my, combinations: allow to have a common treatment of theory uncertainties!

Still some work on |1 FO contributions and specifically nonsingular TNPs for py (and not only...)

the th ide: .
= IOy SIEE 2| Look into sin? Oy
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https://indico.fnal.gov/event/66577/contributions/301676/attachments/184208/253317/2025_01_Long_CMSmW_Fermilab.pdf
https://cds.cern.ch/record/2910372/files/SMP-23-002-pas.pdf

Summary

Correlations are fundamental for the interpretation of precision measurements:
having meaningful theory uncertainty is as important as having meaningful experimental one!

Theory Nuisance Parameters perfect candidate to describe theory uncertainty and correlations

>> correlation encoded in those x dependences that have been parameterized

>> can be consistently used for profiling: done with care! Checking pulls and constraints on TNPs

Highly relevant for the extraction of EW measurements (and not only at LHC!)
»> toy studies for a, work as advertised, lots of effort on the extraction against real data...

»> my, extraction “real” example of TNPs at work

THANK YOU!
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Backup slides



Scale variations approach

Method: given f(«), make a variable transformation

~o

CNY(CY) — Oé[]. —+ b()CV -+ blOéz -+ O(C{S)] defining a different prediction f(&) — f() -+ fl& -+ fZ&Z —+ O(&3>

LO: A& =fy=/, LO:  fla)=f, = Af
NLO : @) =/, +af, =f,+fa’+ bofia>+ b, fia’+ ... NLO : fla)=/y+af, £ Af
Take the difference between the two “schemes”: 1.O - Af(a) =0

NLO : Af(a) = byf,a’+b,fa° + O(a™)

Estimating MHOs uncertainty by approximating them by some linear combination of known

lower-order terms [/, ~ b, fl]

Q Af(a) is genuinely of higher order
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Scale variations approach

Estimating MHOs uncertainty by approximating them by some linear combination of known

lower-order terms [/, = b, fl]

X nothing guarantees this is any good
X /. generally more complex internal structure than f_
X b, (b,) are just arbitrary constants and usually the same for any f

X b, are not actual physical parameter with a true value

X  correlation and shape uncertainties?

Po

Now imagine a = a(yy) and a = a(u): by = P In ﬁ, and why vary u by 2?
T Ho
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Correlation with Scale Variations

For a differential spectrum, each bin is a separate prediction as it is a separate measurement!

With scale variations:

-Mlﬁ

P13

P23

l P12
\
scanning over ?& b ? correlation?
> 1> X > b 1
{
l

|
scales 0 " ? shape ?
| \ C 1
,AS }- . C

22 Scanning over scale variations that fill the band is like scanning over several ad hoc correlation models

—> scale variations cannot give the correct shape (and therefore correlation):
that’s why we take envelopes!

—> to get correct correlation: breakdown into independent uncertainty components required
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TNPs for Boundary Conditions

relative count

o o o
- N W

relative count

o o 9
(S e |

S
S

T 1T 1 | 1T T 1 | T 1T 1
Tentries = 21
= —0.24 4+ 0.24
oco=1.12+0

fi(ny = 5)
1 loop

F6,)=4C4C)" \(n-1)06/

relative count

Good fit to a Gaussian withd, ~ O and A8, ~ 1

T 1T 1 | 1T T 1 | T 1T 1
Nentries = 27
1= —0.05 4+
oc=0.64+0

f3(ny =5)
3 loop

w

v

relative count

24/20.

T 1T 1 | T T 1 | T T 1
Nentries — 29
pu = —0.14+0.1
o=0.931+0

fa(ny =5)
2 loop

0.8

=
o

<
N

0.2

Nentries — 12

fa(ny =5)
4 loop




TNPs for Anomalous Dimensions

relative count

S
N

relative count

o
Qo

-
@

<
S

S
| @
W

0.8

n+1

(@) a 0.
1T T 1 | 1T T 1 | 1T T 1 1T T 1 | T T 1 | T T 1 a = Z — . _I T 1 | T 1T 1 | 1T T 1 1T T 1 | 1T T 1 | T 1 I_
: Tentries — 22 Y1 (nf — 5) : }/ o 0 4]2,' }/n | Mentries — 22 ’72(nf — 5) .
- ] n= - = 0.03 4+ 0.17 -
' _5:18.10135 2 lloop - n oy *50'6__5:078i012 2loop ~
7T : v,(0)=4C(4C,)" 0, 2 0 :
B _ g 0.4_— B
: : 2 L -
_| QO B n
B _ " 0.2 -
iy . 0.0 X 3

2 -1 0 1 2 3 -5 -2 -l ; 1
07 . . 2

! Good fit to a Gaussian with 6, ~ 0 and A6, ~ 1
1T 1T 1 | 1T 1T 1 | [T T 1 1T 1T 1 | 1T 1T 1 | 1T 1T 1 0.8 T T 1 | T T 1 | 1T T 1 1T T 1 | 1T T 1 | T 1 I_
: Nentries — 24 A)’3('"/]" — 5) : / Nentries — 8 ’74(’)’1;13 — 5) —

- p=-0.29+0 3 loop 06l B = 7069+ 4 loop

0.6

relative count
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TNPs for Drell-Yan ¢ spectrum

do qr
gqr— = |HXB, Q& B, & S (aS,Lzlan/mZ)+@ —
qu m%
S ‘
F = {H, B, S} solution to RGE equations F(aS, L) — 5{’(065 .EEXPJ dl.’ {I[O‘S(L’)I? 7 ‘|“}’F[055(L’)]}
......... .
. boundary conditions anomalous dimensions
Different orders at 95% theory CL (A8, = £ 2)
ST LA R I L5 o s L B Ly
- pp — Z (13 TeV) - . i pp — Z (13 TeV) -
— 4L MSHTaN3LO, Q=mz, Y =0 _ X, 10F MSHTaN3LO, Q=mz, Y =0 —
> I 7 - : |
& == N3HILL - !
= 3F == NSHOLL - =
Y . T N2HT T, - o
- . o
Saf ~ N'LL - Z
T - s
b+ 2
ge 1j E
: == N3tOLL - N'LL
O-IIII L1 1 1 L1 1 1 I N I N ||||_ _10l||||||1|||1|1|1111|1|1|||111-
0 5 10 15 20 25 30 0 5) 10 15 20 25 30

qr [GeV] qr |GeV]
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TNPs correlation for Drell-Yan ¢ spectrum

Relative impacts on W/Z*:
0.5¢

-ttt

rel. difference [%]

0.3 MSHTaN3LO, Q=my, Y =0 -

W/Z (13 TeV) -

»> uncertainties very similar for Zand W processes: same TNPs for both

—> each TNP impacts are 100% correlated between the processes:

nice cancellation in the ratio!
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Perturbative uncertainty: scale variations

Fitting only a (m,): Data as N*LL against N*LL theory model

4T T T T T T T T T T T T T T T T T T L B s B B B s B S B B B BB S L A
N4LL profile scale var. - - Z pr Asimov, SCETIlib N“LL profile scale var.
— HKFO — 0.120 | MSHTaN3LO, 8 TeV ATLAS l;ins and unc. . j
— My : e ® oo :
NN — matching 7 i ° )
? — resummation | 0.119¢ ’ ® o° ’ ’ |
Q \ —~ ¢ °
q:): SOSONNSS é N I © o o o
= S 2 € 0.118 . N PP o oo
PP —— — \-0/3 5 ®
E _ //%/ ~< — S o« o ° o T
g, —1— B e s ke < o o .
s _, / s ] 0.117} . — -
pp — Z (8 TeV), SCETIib - , ,
_ 3k _ - o upo © matching exp. uncertainty
MSHTaN3LO, 80 < my < 100 GeV, |Y| < 1.6| 0.116[ 4; o resummation  x2/ndof > 1.5 -
| | | | | | | | | | ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! ! ! A T T T T YO T NS TN T (NN T TN S (N NN Y NN AN N TN N AT SO TN N AT T N
_4() 5 10 15 20 25 30 0 54 10 15 20 25 30 35 40 45
qT [GeV] Nvar
. Absolute uncertainty on as(my) in units of 10—3
Sum envelopes of different types: Agc e = 2.43 y on as(mz)
Nai | A [ 73 Perturbative uncertainty | ATLAS 23 Our estimate of expected size
a1v€e €NvelopcC: = 1. . .
P scale / Scale variations +0.42 +2.43

x Scale variations are just insufficient for this purpose!

*uncertainties in units of 10~ 28/20.


https://arxiv.org/abs/2309.12986
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