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Precision example: strong coupling from pT(Z)
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> at low pT resummation regime!
- theory uncertainty?
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Uncertainties in precision phenomenology

Experiments are getting more precise » theory uncertainties matter!

Sources of theory uncertainties:

- parametric (values of coupling parameters etc.)
- variation of parameters within their uncertainties

- parton distribution functions (PDFs)
> different error propagation methods (fit parameter, replicas,...)

- non-perturbative parameters in Monte Carlo simulations.
- needs data constraints by definition. Problematic if dominant effect...

- missing higher orders in fixed-order and resummed predictions (MHOU) (Credit: SHERPA]
> tricky because we are trying to estimate the unknown....
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Missing higher orders

Notation from: [Tackmann 2411.18606]
Beyond Scale Variations: Perturbative Theory Uncertainties from Nuisance Parameters

Generic perturbative expansion:
fl@) = fo+ fia+ faa® + f30° + ...

i : the coefficient of the series, potentially unknown

A

We can compute the truncated series:  f; : the true value, i.e. a value we actually computed

fLO(Oé)Zfo fNLO(@):fo+f1& fNNLO(a):f0+f1a+f2Oé2

The missing terms are the source of uncertainty.
(assume convergence - the first missing is the dominant one)

fLOH(Oé) = fo + fia fNLOH(O‘) = fo + f104 + facr® fNNLOH(Oé) = fo + flOé + f2042 + f3a®

Challenge: how to estimate fy, 5, f5, ... without computing them?
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Theory uncertainties from scale variations

Lets focus on QCD as an example: o = a,(1o)

do = do'? + a,doV + a2de® + ... > u Ay = O(agn0+n+l)>
Of same order as the next dominant term = exploiting this to estimate size of do(™*+1)
Scale variation prescription (ad-hoc and heuristic choice) (™) (1)
- choose ‘sensible’ 1
> principle of fasted apparent convergence: o™ (upac) =0 I PR B
N do(p) AP I R PR L (ko)
principle of minimal sensitivity o =0 \

- o(2pg)

2 ...

- vary with a factor (typically 2)
- take envelope as uncertainty

ro/2 KO 2pg
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Scale variation approach

Estimates from scale variations for the unknown f;:
f2 = AfNLO _ fNLO . fNLO(&) _ _052b0f1 + O(a?’)

fa = AfNNLO = pNNLO _ pNNLO () = o®(2bo(f2 — bof1) + b1f1) + O(a?)

Bo 32 B1 I65 58051 Ba Mo
bo=—L b 0L2+—L by = 0 3 P2, P2 1 L=1In
2 LT g2 872 2= gt T T [
° ° . NNLL+NNLO QCD+NLO EW N3LO QCD+NLO EW
Sometimes it does works ... sometimes not of -
\* NLO QCD ;
_ | , | | L _E“’ r Anastasiou et al. (2016)
2 2B 451000 GeV %
3 T ‘ $30
S it ISRy 5
% 0.92—‘ __________________________________ s o o o \6%2,,_ Lo
O (1.8 =
—Y 06 04 02 ) 02 04 06 08 \ -
[ATLAS 2301.09351] [Grazzini, talk]
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Short comings of scale variations

- not always reliable ... however in most cases issues are understood/expected:
new channels, phase space constraints, etc. » often we can design workarounds

- however, some issues are more fundamental:

- how to choose the central scale? » not a physical parameter, no ‘true’ value

(Principle of fasted apparent convergence, principle of minimal sensitivity,...)
> how to propagate the estimated uncertainty, no statistical interpretation!
-> what about correlations? Based on ‘fixed form’ of the lower orders and RGE.

(At the moment) two alternative approaches under investigation:

“Bayesian” “Theory Nuisance Parameter”

[Tackmann 2411.18606]

> W mass extraction: [CMS 2472.13872]

[Cal,Lim, Scott, Tackmann Waalewijn 2408.13301]
[Lim, Poncelet, 2412.14910]

[Cacciari,Houdeau 1105.5152]
[Bonvini 2006.16293]
[Duhr, Huss, Mazeliauskas, Szafron 2106.04585]
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Introducing theory nuisance parameters (TNPs)

[Tackman 2411.18606]
Generic perturbative expansion:
fla) :f0‘|‘f104—|—f2042—|—f3043—|—...

POt (a) = fo + f1(0)a Introduce a parametrisation of
unknown coefficients in terms of

RO (@) = fo+ fra+ fa(0)a?
FNNLOHL () — fo 4 fra+ foa® + f3(0)a® "Theory nuisance parameters” ¢

Key features ) )
- The parametrization such that there is a true value: f;(0) = f;

- Distributions of 8 "known"” (for example from already existing computations)

- “"Expert knowledge” to construct such a parametrisation
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Example: TNPs in resummed cross sections

Transverse momentum resummation:

do
de

=|H x By, X By x S

\ -

soun(i)+o()

[Tackman 2411.18606]

X(as, L) = X (ay) exp/0 dL{T (as (L)L + vx (as(L'))}

Perturbative expansion of resummation ingredients:

X(as)
[(as)

v(as)
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= Xo +a, X1 +a? Xy + - a X, (0)

= as[To + a1 + Ty + - | + a”T,,(6)]

= as[yo + asm1 + aiye + - - |+ alyn(0)]

Task: find suitable parametrization
and variation range

These are numbers for simple
processes - only need normalisation
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TNP parametrisations for resummation

[Tackman 2411.18606]

v(as) Ny, %/No  41/N1 42/N2 43/N3 Y1/Na

B 1 ~153 773 362 9652  —30941

gnl —383 —4.83 -565 —37.7 ~30.2

4HCpCn | —1.28  —0.54 —0.21 —0.47 ~0.12

o 1 ~800 —112 950 5650  —85648
gt -200 -7.028 148 221 —E38 “Statistic of many computations”

4"H1CRC% | —1.50 —1.76 —1.24 —0.61 —0.77

IR 1 +10.7  +73.7  +478  +282  (-+140000)

4l +2.67 +4.61 +748 +1.10 (+137)

AHLCRCT | 42,00 +1.15 40.62 +0.03  (+1.27)

. Matrix elements Anomalous dimensions
. 0.7:I [ | ‘ 1T T T | T T T T UL | T IET U ‘ 1T I: 0.7:I T T ‘ L | T T T 7T T T 1T l T T T | L l:
) 0 6i Mentries = 79 ] fn(ng =5) 7 0 6:, Nentries = 93 I Tn(rg =5) 3
°F p=-0.11+0.11 ] PF 4 =0.16 + 0.11 =
£ 050 0 =0.944+0.077 | [ 5 £ 050 0=1.05+0.08 =
S 0.4F . m N 4 8 o04f =
g ¢k 1 2 :
= 0.3 M - = 0.3F -
< F = ] < £ 3
£ 0.2F 4 & o.z2f =
0.1 [ 3 0.1F =
0.0" a : 0.0° 5
-3 -2 -1 0 1 2 3 -3 3
or o,
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TNP approach for fixed-order computations

[Lim, Poncelet, 2412.14910]
do = a?N"dg(® + ot TINTHLdg() 4 or 2N +2453) 4

da) da(2)
_ narm 1=(0) 2 772
= a?N"do P+Q$Q&M@)+QA7QM@)+”1

da ()
Observation, i.e. “expert knowledge”: FE R o(1)

Use some knowledge about lower orders but introduce parametric dependence:

15N+ x - mapped kinematic variable

ITNP Z £ ( ) g
da(0) ’ da(0) Approximation of original TNP philosophy
> thereisonly fi(0) ~ f;

k k
Bernstein: f,f( , ) Zez< ) i(1 - )i Chebyshev: f,f(e,x) - %gem(:p)

1=0
z€0,1] € [~1,1]
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Uncertainties from TNPs - ttbar+decays

pp — tt — 00 2b—jets, LHC @ 13 TeV central scale: y = Hr/4 Bernstein parameterisation (k=2)

14 Errorbands: TNP (bands) Errorbands: TNP (bands) Errorbands: TNP (bands)
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Uncertainties from TNPs - ZZ

pp = ZZ* — ete ptp~, LHC @ 13 TeV central scale: u = My Chebyshev parameterisation (k=2)

2.0 Errorbands: TNP (bands)

Errorbands: TNP (bancis) Errorbands: TNP (bands)

1.5 1

1.0

3,5 = ‘LO — NLO  —— NNLO _|

20 Errorbands: TNP (quad.

-

Errorbands: TNP (quad.

u
&3]
o
=

rbands: TNP (quad.)

ratio to NLO

20 Errorbands: 3-Point scale var.

Errorbands: 3-Point scale var. Errorbands: 3-Point scale var.
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Example of TNP fit: pp > ZZ

dg Vi th)

TNP al @ (g doty)
da(©) =2 ( ’x) (d5(0)

)

f,f(é,@ - 2;9( ’f >xk—i(1 pnt

pp — ZZ* — ete putp~, LHC @ 13 TeV central scale: = M.

5 3.0 1 1.4 47
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= 05 =1.11 2.5 - 03 =1.42 194 & 05 =1.06
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Fits - meta-study

TNPs in Bernstein parameterisation

Process Distributions
pp — H (full theory) YH
pp— ZZ* s ete ptu” Me+ i+, P, Yo
pp > WW* — evepuv, Mww, pﬁ_, Yw —
pp— (W = v) +c P lyel
pp — tt Mz, Prs Yo

pp — tt — bbll
pp — 7Y
pp = YJ
pp —jjJ

_ b
Mz, pr, P10 /pT,fz

V1
M, Pr s Yyvy

Yy
M.y, pr', cos ocs, |y71 |, Ay
EEC with Hr o € [1000, 1500), [1500, 2000), [3500, co)

pp — VJjJ
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Points for discussion, caveats and open questions

. . . . : do (TJXFEU al da )
Some arising questions regarding fixed-order model:  —~;— ka ( : ) (d5(0)>

How does the uncertainty estimate depend on the central scale ch0|ce?
< bad scale choices lead to large uncertainties by construction due to large corrections.

What about NLO uncertainty if d5Y) = 0 for given scale?

- amend parametrisation by j = 0 term.

Each parametrisation is for one observable at a time:
How to deal with higher dimensional distributions? Consistency upon integration?

What about EW corrections?

- Sudakov logs should work well! » Radiation from resonances more difficult.

How to correlate different processes at fixed-order?
> 2?2, would require something like: 45 () = d® (M°|P(0)|M°) P(8) > process-independent “operator”

How sensitive are we to the parametrisation? How many terms?
- two quite general parametrisations tested, increase degree by demand.
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Take home message

* Increasing precision demands accurate theory uncertainty estimates

* De-facto standard: scale variations
- various short-comings: robustness, no statistical interpretation, correlations,...

* Alternative approaches to scale variations: Bayesian and TNP approach
* Theory Nuisance Parameters

* In principle less biased, better correlations - does not depend on any “known" orders
... however needs “expert knowledge”

* Allows for a statistical interpretation and constraints from data!

* Fixed-order tricky, not much knowledge about higher-order terms
Proposed TNP parametrisation of differential cross sections shows promising first results
next step: application to an actual parameter fit

Is this the ultimate answer? Surely not, but a step in the right direction!
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Backup
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TNP parametrisations for resummation
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Higgs pT spectrum
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Figure 6: Relative uncertainty from varving each theory nuisance parameter as a function
of pP"* for two different STXS bins.
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[Cal,Lim, Scott,Tackmann Waalewijn 2408.13301]

Example: incomplete knowledge of
NNLL resummation

- some two-loop ingredients
unknown
- parametrise by TNPs

-> Make predictions and vary TNPs:

* correlated uncertainty for different
bins!

* See impact of different missing
ingredients
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Constraint of TNPs from data » W-mass extraction

Resummation ingredients the same for W or Z production

- constraint from precisely measured pT(Z) > use for pT(W)

> massive reduction of unc. with correct correlations!

16.8 fb~' (13 TeV)
B L e

- CMS

t  Unfolded data |
— (p" )
— mz (pr.n¥.q%) ]
— Prefit
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Some remarks on TNPs in resummation

Picture: simple ingredients that enter different computations/processes etc.
> ideal situation
But actually not that simple:

* Scheme dependence of ingredients? E.q. scales, IR subtraction, ...
- might need modified parametrisations

* Some TNPs represent directly numbers:I", v, H for simple processes
but others are functions - Beam functions, hard functions for more complicated processes

* Parametrisation works for the resummed spectrum. What about other observables?

* "Easy to implement” for use-cases so far
-> might be really expensive if each variation needs a full computations (Monte Carlos,...)
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Challenging case

1 n H L 1] 7] . _ .
Bad” scale choice = E7 no j=0 term Good" choice # = Hr no j=0 term
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Challenging case » extended parametrisations

“Bad” scale choice 4 = Er with j=0 term “Good" choice ¢ = Hr with j=0 term
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Challenging case » comparisons

NLO QCD

NNLO QCD
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Bayesian approach |

- Instead of ad-hoc fixed variation try to give some probabilistic interpretation
do=doe@ 1 +6W +6@ 4+ ..
Probability to find coefficient 5(”+1)given 5 - [Cacciari,Houdeau 1105.5152]

Py [daP(5"V]a)Py(a)
P(™)  [daP(6(]a)Py(a)

Bayes: P(A|B) = P(B|A)P(A)/P(B) with: P(§™[5t1)) =1

P(5n*D|5M)y = Need to provide

model and prior

CH model: 0k = ckak cx come from geometric series: |cx| < ¢ Vk
Geometric model:  |6| < ca® Wk [Bonvini 2006.16293]

Ok
abc model: b—c< E <b+c Vk [Duhr, Huss, Mazeliauskas, Szafron 2106.04585]
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Bayesian approach i

Inclusion of scale dependence: P(6pt1]0n) = /d,uP(énH]én; 1) P(p]dy)

Scale marginalisation (the scale becomes a model parameter)

S dp P(E = 5, (10)[Zn(p) P(Zn(p) Po(p) 10
Pam (2]2),) =~ Tdu P20 Bols?) _ FAC

Scale average (the results are averaged with weight function)

Pa(S[S,) ~ / dprw () P(S — 3 (1) S (1)) HPMS
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Bayesian approach il

Example: Higgs production in gluon - fusion

0.5

0.4
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0.2

0.1

P((UggH)%S-T—l‘én) (pb—l)

abc-model

70 ;

Comparison of different unc. estimates:
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2 3

centre » median
error box > 68% Cl
error bar > 95% Cl
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