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WHAT IS THE UNCERTAINTY A OF MY RESULTS

increasingly urgent to address with Agyp \y (¢» HL-LHC)

what does 56 mean if Ay non-negligible?

interpretation of data in need for robust Ayy: PDF fits, y*in ATLAS jets, ...
various sources that contribute to A-y:

Ay, Aparam’ Parametric uncertainties «v» exp. extraction

Appg: parton distribution functions (PDFs) < fits

A on pert.; hadronisation, UE, ... «v» parton showers [e.g. HERWIG vs. PYTHIA]

Avpo: missing higher-order (MHQO) corrections o cus here



CONVENTIONAL APPROACH FOR Apyg — SCALE VARIATION
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approximation for an observable @ (next-to-)" leading order: electroweak (EW):
L, < scheme dependence

NHLO: Y ~ Zn(//t) — Z Z(k)(/,t) S o< a;g

truncation of series induces a sensitivity to terms of the next order

d
_ np+n+1\ __
U _Zn(//t) = @(O‘SO ) = @(AMHO)
du
0.04 |
8.039 |
Zpert e e > B.038
NG ¢ = 8.037
©
central : 5 8.636
value g 8.035
convention: T T (kg HF) 9.034
[12,2]

pol2 Ho 214




ISSUES WITH STANDARD SCALE VARIATIONS

known to be insufficient: choice of the central scale
exclusive jet(s) (veto) fastest apparent convergence (FAC)
ratios (correlation?) = Z(n)(:“FAC) =0
cancellations (e.g. gg vs. gg in DY) principle of minimal sensitivity (PMS)
9 v (n) _
~ Lxmgy| =0

HpMS

BLM /PMC

[Brodsky, Lepage, Mackenzie ’83]; [Brodsky, Di Giustino ‘12]

o/oN3LO

| | | | K—Factor W&
0.95) ; | | | | LHC 13TeV |
| | | | | PDF4LHC15_nnlo_mc
Meent.=Q | |

crucially: no probabilistic interpretation!
+~ can we do better?
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PROBABILITY DISTRIBUTIONS FOR AMHO "Cacciari. Houdeau '117

Sequence of perturbative corrections o, normalised w.r.t. LO (dimensionless)
2, =20 (1+6+...468,) -~ 5 = 0
Probability distribution for 6, , given 0, = (8y, 9y, -..,9,)

PBui1) _ |d"p P8, 1p) Py(p)
P(5,) [dmp P, |p) Py(p)

P(5n+1 ‘611) —

P(A,B) = P(A|B) P(B)

Model: P, |p) Hidden

P(A) = 4B P(A, B)

& parameters
Priors: Py(p) 4

Unknown orders:
P(5n+1 ‘571)

Bayes: P(p|0;) « P(0,|p) Py(p)

Known orders: 6, .



THE CH MODEL .
[Cacciari, Houdeau '11]

perturbative expansion §, = ¢; a* bounded by a geometric series: |c,| < ¢ Vk

35| < Dlald s Yot
k k k

one hidden parameter: ¢

o nk
constrain upper bound ¢ from known orders b sfrve £ observabl
y of observables
> COnstralnt on unknown COQfﬁClentS Cn-l—l [Bagnaschi, Cacciari, Guffanti, Jenniches '14]
< fitting
llmltathnS [Forte, Isgro, Vita '13]
04 0

a, at what scale? why not: —, —

J
T 27

, Q In*(v), a, In(v), ... 7

why not let the model figure out the expansion parameter itself?



THE GEOMETRIC MODEL i 28]

bounded by a geometric series with expansion parameter a:

|6 <ca* Yk  <«v twomodel parameters: a, c

| %)
model: P(k)(ék\a,c)z Of c 0|
2¢ ak

geo ak 5,
priors:  Py(a,c) = Py(a) Py(c) 3 E: _
I
Pya) = (1 + ) (1 — a)” O(a) O(1 — a) \
£
Py(c) = " O(c — 1) «v» dc/c ~ dlIn(c) (e: regulator)




THE INFERENCE STEP — GEOMETRIC SERIES: &, = (0.7)"
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5 = 1 1 I n=08——
0 3.5 |- _
Py(a,c) = O(a) O(1 — a) Py(c) Pla) | _
0 el.5 1 2.5 1 ]
chose 60 :-O or I very broad distribution )
flat prior in a e L )
s _
0.5 | //L i

0 i I i | | |

, p 8.5 1 1.5 2 2.5 3 3.5
no inference yet!

P(5,) entirely determined
by the model & priors P(5,) = JdaJdC P(l)(51 |a, c) Py(a, c)

geo



THE INFERENCE STEP — GEOMETRIC SERIES: &, = (0.7)"
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© 0=l — W T T T e
Py(a, c) = O(a) O(1 — a) Py(c) Pla) | _

NLO = 8, = 0.7 1 V| _
P(a,c| o)) x Pg(é())(él |a, c) Py(a,c) s L

. L
9.5 |
posterior likelihood prior
e |
Bayes’ theorem:
<
p|B) = L& ﬁg ) P(5,|5,) = JdaJdc P(5,|6,,a,¢) P(a,c|5))
o, independent:
TR X Jda Jdc Pg(gz)(éz |a, c) Pg(éz)(él |a, c) Py(a, c)
P(52 ‘ 51) — P(52)

?



THE INFERENCE STEP — GEOMETRIC SERIES: &, = (0.7)"

000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

LO Oy = 1
Py(a,c) = O(a) O(1 — a) Py(c)
NLO =68, =0.7
P(a,c|8)) < P)(8;|a,c) Pya,c)
N2LO - 6§, = 0.7°
P(a,c|8,,8,) « P(6,|8,,a,c) P(a,c|5)

x P (0, ]a,c) P(l)(él |a, c) Py(a,c)

geo geo

Bayes’ theorem an~ 0.7
& independence also: c ~ 1

—_ N w ~

o
' | | &

n =6 L
3.5 n =1 —— -
n =2
3 r _
2.5 =
localised i

0

L
0.5 -
N
6 0.5 1 1
3
P(5;]68,,8,) JdaJdc ]

k=1

.b

P

geo

2 2.5

&la,e)

3 3.5

Py(a, c)
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THE INFERENCE STEP — GEOMETRIC SERIES: &, = (0.7)"
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O =g =1 N A
Py(a,¢) = 0(a) O(1 — a) Py(c) 3 -
NLO =8, =0.7 o '
P(a,c|8)) < P)(8;|a,c) Pya,c) or
NZLO = 8, = 0.7 L
P(a,c|6,,8,) « P(5,|8,,a,¢) P(a,c| ) % b5
x Py, a, ¢) P8yl a,c) Pasc) )
P, 10,) x J'daJ'dc H :ngz)(ék | a, c)] Py(a, c)
k=1

can be solved analytically
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THE abc MODEL — ASYMMETRIC GEOMETRIC MODEL e B Y tiara Sntron a1

geometric model is symmetric: P(6y, ..., 8,) = P(| |, ..., 18,]) + (6,11)ge0 =0

allow for ditferent lower & upper bound:

L bias/offset
0 y
b—c< —l]i <b+c Vk «v» three model parameters: a, b, ¢
a
I Pé’gi(ékla, b, c)
model: P (5 |a,b,c) = -Olc—|—-b
2c|al a Ok

(b = c)a" (b + ¢)d*

priors:  Py(a,b,c) = Py(a) Py(b,c)

Py(a) = % (I1+w) (1 =[a])* O -]al) <«v support: [—1,+1] (alternating )

en’
C1+8

1
Po(b.c) = —= ©(c = ) 5— O(Ec — b)

cc

12



A REAL-WORLD EXAMPLE — m, (OS «» MS)
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; 5 2.5 .
Py n — — ]
Z> () T n=1 - | _
m, — —— mdu > 1+ n= 4 2
t t\VR _ _
5 =3 — | <
Z3S(ug) = 4 .7 i
< 0.1} N S
4—7‘—_|1— : " E & —
=2 m" S on N
: = me— I\ —
0.001 | ' | Ve ! . —
160 165 170 Al75 80 - -2 —-15 -1 =05 0 0.5 1
(me)53ty (GeV): (05241 = On1)/ 1001l
e © 180
strongly peaked n / L
1 § 175 I “ ¥ FO*= =O* |
estimate for m, — (m), 3
i 170 + -
Clee = [0.008,0.046] GeV gs
3

positive corrections

Clys = [—0.027,0.112] GeV anticipated 165 || (m)y o -

abc model +——
geometric ——

160 - - '
0 1 2 3 1

n 13




WHAT TO DO WITH THE THE SCALE /2

Vi v P(03]06y, 01,00 1) 90

- n—3 —
— abc-model ——
——  geometric

| > 1IN e e
W L d [ [ g

Clgsyos ﬁ(ge()) ﬁ(abC) EROHIRN

A
/

eO N——"
= Y.l L 7 ¥
always entered around E.Q()"__ s T
om | N o _..

very narrow peak

abc 0.1

uluy 2 1 w anticipate pos. N3LO

uluy S 1 v bias slowly disappears
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WHAT TO DO WITH THE THE SCALE /2

v//t M P(53‘5()9519 9/4) 90 : A R R —
— 80 | Nl Zs -

O T, — —) == —
CI68/95 ﬁ (ge()) ﬁ (abc) 2 70 Iu(z) 5 ; |
= 60 FAC Mg, _
3‘: 5D B %‘ _

5 —<F

two options: Eg 40 - —-
— 30 - | | _
1. invoke some principle to 5 i ]
S 20 \ 1 s 1 s s ;
pick the “optimal” scale 2 10 b gH ]
0 L N R I
FAL, PMS, PMC, .. 0.1 0.20 0.0 1 2 4 1C

pr/(mu/2), pp = mp /2

Fastest Apparent Convergence depends on order
2 (Upac) = Z,_1(Upac) might not be unique
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WHAT TO DO WITH THE THE SCALE /2

v//t M P(53‘5()9519 91“) 90 : A R R —
— 80 | Nl -

a A
CI68/95 ﬁ (ge()) ﬁ (abc) & 70 - 2) 5 _
‘& 60 Hpms Honrs -
z o0 " -
two options: Eg 40 -
— 30 - | | _
1. invoke some principle to 5 i ]
S 20 \ 1 s 1 s s ;
pick the “optimal” scale 2 10 b gH ]

0 L N S S I
FAL, PMS, PMC, .. 0.1 0.20 0.0 1 2 4 1C

pr/(mu/2), pp = mp /2

depends on order
might not be unique

15



WHAT TO DO WITH THE THE SCALE /.2

- n—3 —
— abc-model ——
——  geometric

e NT T -
Cleg/os ﬁ(ge()) ﬁ(abc) = 70 1IN

| =TI ]
two options: = 40 [ \\\l\l [ [‘mJ P [-j it
- e = 30 1 IS RSl
1. invoke some principle to > 90 | ST

pick the “optimal” scale Ao U
FAC, PMS, PMC, ... o L

2. combine different P(d,,|0,;u) ur/(mu/2), up = mpy/2

pursued in the following

16



PRESCRIPTIONS FOR SCALES

Scale Marginalisation (sm): Scale Average (sa):
[Bonvini ‘28] [Duhr, AH, Mazeliauskas, Szafron ‘21]
treat u as a hidden model parameter u has no probabilistic interpretation
& marginalise over it: ~ qoerage over it:

P, (5,10, = Jd,u P, 1, 110,) P.(5,..18,) = Jdﬂ w(u) P(5,.,10,; 1)

_ jdﬂ P(5,, 18, 1) P(|6,)

P(ulo,) « P(0,; n) Py(u) with prior: weight function:
Po() = 57 ©(InF = |In(£) |) A W) = 51— ©(InF - [In(£) |)
In u

u= ullF Mo F 17



PEAK OF THE DISTRIBUTIONS [Duhr, AH, Mazeliauskas, Szafron ‘21]

Scale Marginalisation (sm): Scale Average (sa):
if pupac € [/ F, F pyl then if pppms € [/ F, F ppl then
Pn(0,4110,) peaks at 2, (4pac) Py (0,4110,) peaks at 2, (upys)
P(0, | 1) dominated by (k = n) term overlap between P(5,.|0,; 1)

enhanced at stationary point

symmetric model
g > Zp(Upms) ~ O

+~ 0. (u) =0 enhanced

Choice of how to interpret the scale

has consequences for predictions!

* for symmetric models, a convergent series, and reasonable assumptions
18



INCLUSIVE CROSS SECTIONS UP TO N3LO

(ovBr—H)5y (fb)

4.2

4.1 +

3.9 -
3.8
3.7

3.0

W )

 (ovBrP—#)n(po, o) o
geo sm =+ sa == 9pt

abc sm = sa —— Tpt mm

0 1 2 3

n < 2: Clgg bigger than 9pt
0; <0 -~ abc alternating

n > 2: all prescriptions similar

overall: not radically different estimates for Ao (7 > 2)

(opy—NC)5t (nb)

D2 r
50 r
48 +
46
44
42 +
40
38

36

(0DY-NC)n (o, to) © -
geo sm = sa — 9pt

abc sm ~= sa ~— Tpt mm

0 1 2 3

n

05 1s large and outside of 9pt!
similar unc.: sa ~ 9pt
n=2: sm< others ((psc)

n = 3: all prescriptions similar

(Aw )ty

0.152 r
0.15
0.148 +
0.146
0.144
0.142
0.14

0.138

(Aw )n(po, f0) o -
geq sm —e - sa e Opt ==

abésm ~~ sa = 7pt mm |

0 1 2 3

large cancellations in the ratio
n < 2: 9pt performs poorly
(Aw), /* (anticipated by abc)

size: abc < others

n
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DIFFERENTIAL DISTRIBUTIONS

Bayesian approach also applicable to distributions
+~ treat each bin individually <« will not include correlations!

new challenges

no longer “easy” to identify an appropriate hard scale y, (up to rescaling)
+~ inclusive ggH: My vs. % My ? Just let the model figure it out.

ditfferential distributions can probe different kinematic regimes
+~ dynamical scale choice «v many choices!

~ e.g. in jet production: p!f, p,{}, (p%)avg,HT = 2 p%,I—AIT = Z p%,

i€jets [Epartons

re-cycling via quadrature limited ~ ideally interpolation grids

20



W-BOSON + JET PRODUCTION

000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

’

do/dp7 y (fb/GeV)
2

10

—
(&)
(o]
—_

= Er,v)
OO —m /4
N OO OO —DMN W

Ratio to NLO (pg

—

Ug = Eru

I

0 100

pr,u (GeV)
— l L | il
e
:"”"‘“»-...__,_,_»_~~ ------------------------------ scal@'gpt“”:
e e CEET R TR R T !
0 100

pr.y (GeV)

Ratio to NLO ([J@ = ET,W)
NN OO N WN0O® N WI00O® =N W00®® =R W
2 NG "‘I' .

geo sm C168 _

N

PAVANY WL WAVAN

XXX X X XN

\._VV —
O

€ 2K p
AVAN y\)\z\\r,\\(ww% SRERTOXTRETX

R =

abc sa Clgg

n<?2:
Cl, bigger than 9pt
abc captures pos. shift
n=2:
almost identical bands
Avipo very robust
sm Vs. sa

almost identical CI
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DI-PHOTON PRODUCTION

Ratio to NLO (pg = myy)

v =y PP~ VY J5= 8 Tel 1-2 - ' ' T example where 9pt fails
10° F— ' ' ' A ] |
NNLO 1.4 N [N -
) 1.9 NN = large corrections
, = TR — NILLLTE TR EE AL AR R E U - 5
10 E— 1.0
L0 0.8 b — ANNLO > ANLO
— 9.6 b - MHO ~ “MHO
1 I I I I I I —t—
% 1@ 1 8 B | _
o ) geo sm Clgg :
= . 16r . no sign of convergence
N 1@@ E; :]|.£21r - 000204
% 1@-1 pTV1 > 40 GeV g 0.8 &7 B
©
pY2 > 30 GeV o 0.6 : I I — CI68 ~ 2_3 X gpt
" |y¥| < 2.37 excl. [1.37, 1.56] = 1.8 - o 7
10 o 1.6 B S R 2 warl) :
ORy,y, > 0.4 oY KX R R R B IRRR R RR R AR RIS IRRREIE
o T1.4F . c n=2:
103 L SR - 4 U - |
100 1000 28 ] marginal overlap for geo
myy (GeV) 0.6 | . . A T
_I | I I I I I I I I | _ _' | ! ! ! ! ! ! ! ! | _ ° ° . o o
12 - scale 9pt | 12 i ceo sa Ty | ditfferences in size & position
1 .4 . 1 .4 . 0004 .
10— = 1.2 S ideally N3LO for robust Ao
1.0 1.0
0.8 - - 0.8 &7 2 ~
@.6 | | ,__,,,,—ﬂz””-'”'”—’—'—::—:;;:::—_;;;;;5;;;;;;::::::{::::; @.6 = | | | | | | | O —] Sm - Sa
100 1000 100 1000 -
myy (GeV) nyy (GeV) large corrections

prohibit FAC points
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THE PROBLEM WITH JETS...
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° /A
Ho = p;’F: infrared sensitivity Ho = Ht: recommendation [Currie et al. *18]
be = PT,j pp - jet(s) Js= 13 TeV pp = Hy pp - jet(s) Js= 13 TeV
| | L R —_— | | | | | | |
104 NNLO ' ] 19 NNLO 7 |
NLO 1 = NLO 1 :
LO ] LO ]
~ 10°F 5 ~ 10°F 5
= . = J
S S
o 0 o 0
E 107 F E & 107 F E
—é; 1@-2 ) ) ? —é; 1@_2 ; i
= E_ anti-kr jets _E' < = E  anti-ky jets
© B R=20.4 . © R =20.4
E |yI] < 0.5 lyI| < 0.5
1976 | | | N B | 1976 | | | N B |
. 200 300 400 600 1000 2000 200 300 400 600 1000 2000
g pr,; (GeV) o pr,; (GeV)
| | L B R R —— | | | L B R R —— |
1.3 n n 1.3 F n
= 1.2 . = 1.2r .
\C': 1.1 F = s 1.1F __—
-2 1P E— o bl = 1.0 BPBBMm— —— ===
i 9.9 _\/\/\/—j\ _| InStq I ")' Q 9.9t B —
+ @.8 N scale 9pt "; @.8 B scale 9pt _
o 9 ! ! T T | | at IOW pT = | | L e |
5 200 300 400 600 1000 2000 & 200 300 400 600 1000 2000
pr.; (GeV) pr.; (GeV)
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non-trivial change of dynamical scales

THE PROBLEM WITH JETS... PERSISTS cannot be captured by a simple re-scaling

Uy = pl: infrared sensitivity Uy =

1.3 F - 1.3

1.2 - - 1.2

1 larger NLO -

1.0 1.0

9.9 AMHQ 9.9

0.8 0.8

1.3 F - 1.3 F _
> 1.2 - . —~ 1.2 - N
=11 F = = 1.1F
n 1.0 1.0 F
o 8.9 S aob abc captures
— 0.8 geo sm Clgg | 0.8 o 0
s %8 | —" 1 barelyany < 0.8 positive
g 1.2p 1 difference s 1.2 corrections
o . — o . -
E 1.0 = at NNI—O T 1.0 B
~ 0.9 T R R R IR IS _ ~ 0.9k ]

28 abc sa CIgg _ 0.8 L abc sa Clgg |

13E i ] i - [ | —t———t———+ | -

1.2 | : 1.2 _

. N . e e \
9.9 = - 0.9 - \\\\ N
0.8 | , L Beo sa Lles - 0.8 |- . T 5 A R -
200 300 400 600 1000 2000 200 300 400 600 1000 2000
pr,; (GeV) pr,; (GeV)
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WORK IN PROGRESS — CORRELATIONS A el sk i

idea: if two bins show similar (opposite) perturbative behaviour
< two bins should be partially (anti-)correlated.

we want: joint probability distribution P(x, y) for two bins x & y
< preserve projections for compatibility:

P(x) = de P(x,y) = sz P(x, z)

< hidden parameter —1 < ¢ < 4+ 1 to smoothly implement the correlation

possibilities: algorithmic “earth movers distance”; map P(x) onto P(y), ...
< can be done much simpler

25



WORK IN PROGRESS — CORRELATION MODEL IN miho A el i o

projections of multi-dim. Gaussians (+ correlation matrix) are again Gaussian
< map P; onto Gaussians, implement correlations, map back

P(z,y) = Pi(z) Pa(y) @)= [ R
d(I)—l(a) d@_l(IB) q)_l(p) _ \/iErf_l(—l + 2p)

L- -3 h 1 1 1 s
4 0 1 2 3 4
I
I
[ ]

use inference to constrain ¢
26



CONCLUSIONS & OUTLOOK

Bayesian inference is a powertful framework to estimate A0 relying on a single
prescription for TH unc. in
T1ictir 1 ‘ precision measurements
probabilistic interpretation «» F(6,.,|0,) herh e

probabilistic interpretation

exposes our assumptions & biases clearly «» model & priors is potentially dangerous!

but: it is not more reliable than scale variation w careful analysis required/‘
typically for n < 2: Clgg > 9pt; n > 2: Clgg ~9Ipt
public code: < 7 (miho) -~ https://github.com/aykhuss/miho

future directions

correlations (p%v / p%, pTZ VS. p{f, PDF fits & data interpretation, ...) [AH, Mazeliauskas w.i.p]

marginalisation over models,
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CONCLUSIONS & OUTLOOK

Bayesian inference is a powerful framework to estimate Ay, relying on a single

prescription for TH unc. in

probabilistic interpretation «» F(6,.,|0,) precision measurements

that does not admit a
probabilistic interpretation

exposes our assumptions & biases clearly «» model & priors is potentially dangerous!

but: it is not more reliable than scale variation w careful analysis required/‘

typically for n < 2: Clgg > 9pt; n > 2: Clgg ~9Ipt
public code: < 7 (miho) -~ https://github.com/aykhuss/miho

future directions

correlations (p%y / p%, pTZ VS. p{f, PDF fits & data interpretation, ...) [AH, Mazeliauskas w.i.p]

marginalisation over models, Thank YOU!
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TOY EXAMPLE — §, = (0.7)"

........ geometric would be localised here
9 | | | .‘.. |
< 8 | x = 0.7 ﬂ i} 1.6 + A ! .
S n=0-— n=4 — 1.4 L \ I _
S Tr n=1— n=5 — 1 :
~ gL n=2 n==~0 | = L2 l I -
S n=3 — n="7 — gH 1 L : I _
Uf ° T A | § \ AN :
4L & 087 '\ i ] correctl
2L 9| =7 0.6 - YAY \\ : - 4
2,0 | & g4l 5 _ anticipates
g 1 J&L\ _ 0.2 | 5 - positive 0,
0 ' ' ' ' 0 — | _ e
0 0.9 1 1.5 2 2.9 3 3.9 —2 —15 —1 —-0.5 0 0.5 1 1.5 2
Sg,sil 1 (538431 _ 5n+1)/‘5n+1|
3.5 F | :
Confidence Intervals 3 Ij {01 g ¥ e
_ rvylow wsupp 2o } -
CIX T [ZX ? ZX ] %}r 1? " ) 7 CI68 CI95
containing x % of the probability | =07
1 F S, o N
0.5 L abc-model —— |
O | | | | | geometri? I_|_:

0 1 2 3 4 D 6 7



SENSITIVITY ON THE PRIORS (e,w,n,&) ~(0.1,1,0.1,2)

E
| e
Pya) = - (I+w) (1 = [a])” ©(1 - |al) Py(b, c) = O(c—n) B(sc = b)
ool —— -2 ° -0 — w=2
dependence on priors STI Te=1—  €=5— ST w=1— w=3—
n 6 n 6
decreases as n increases 5| 5 n=3 =23
4 F 4 F
less for & as it controls DY I - o
AR <l
the asymmetry of the L ST AN 2!
. . . 1.2 14 16 18 2 22 24 26 28 3
distribution o
N Y °
for geometric series: ST[ n=05 — g-20— <7
n 6 F 6 F
;Q\E D I n=3 ;Q\E D n=3
n — 0 4 }/] 4 &
w Qest — S 7t 3 | n=1 5L 3 ¢ n=1
5—>OO n+1 n+1 29l \ %2— ,
s 1 el
() ——i — = e e 0 O ) ====2¢t

1.2 14 16 1.8

2 22 24 26 28 3

est
Sn—l—l

est
Sn—i—l
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A REAL-WORLD EXAMPLE CusP ANOMALOUS DIMENSION IN QCD

000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

o0
reP = ¢, ) (2)7®,
k=1

e — f

el i . .

g% ,)\ E: 0.3 - \ -
= :

A ;

T

0.1 | | | / 0 ' | | Ti—
0.085 0.09 0.095 0.1 40105 0.11 —4 —2 0 2 4
(T it - (0531 — Ont1)/|On+1]
g ) 0.11
strongly peaked n / 0.105 | )
> QCD . < QCD) R ..Yo: ok +0O+
estimate for 1 cusp Fcusp . ito01 | _
ayy o[’
Q®m
a5 S8 0.095 -
CI68 — CF (7) [21, 95] \L_d/ L o’ | LR (: 5 (G)GV)
e | I’ o
o 0.09 + u° QCDJn _
O\ S Cl. always ..-- abc-model
CI95 — C’F (7) [_038’21] 08 Y geometric
captures next term 0.085 | | | |

0 1 2 3
" 37



(UggH)%Sil (Pb)

SENSITIVITY ON THE RANGE F

Scale Marginalisation (sm): Scale Average (sa):
70 ua - 70
60 - [l T | i : 60 + |l T I -
o Wil i I ﬁt&% ERE N {”H %{%HH -
.l l | Ll a2 l | 1 -
O . oS80 Il —
20 1 M scalé—marginalization_ § 20+ N " ‘| scale-averaging i
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INTERMEZZO

INTEGRATION OVER u
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the integration over yu is in general very costly (numerical)
~ approximate it using quadrature rule
+~ recycle existing calculations done for { Hol2, 2 /4()}

Gauss-Legendre
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(works well for Clg/gs)
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corresponds to F' =~ 2.45
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