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Measurements of single top quark production in association with
a W boson




In this talk ...

@ Physics motivation - Single-top-quark production and tW channel

@ Inclusive cross-section measurement
» Systematic uncertainties and maximum likelihood fit method

@ Differential cross-section measurements
® Adversarial neural network



Part 1

@ Top-quark production and decay
@ Single-top-quark production
® tW & tt interference



Top-quark production
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Top-quark: m ~ 173GeV, 7 ~ 0.5x10-25> < 7qcp decay before hadronisation

: . Weak interaction « |Vip|?
Production at LHC: Strong interaction

_Pair production: tt | ~ /Single productdbg
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Top-quark production

Top-quark: m ~ 173GeV, 7 ~ 0.5x10-25 < 7qcp decay before hadronisation LHC is the unique

Production at LHC: Discovered at Tevatron
in 2009 as combined
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place to discover it

s-channel /

O-Z‘W chan a : 71 ] + 8 +3 4pb
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tW production and dileptonic decay

All- Single- :
Br(t—Wb) = 100% hadronic| lepton Dilepton
46.2 % 43.5 % 10.3 %

tW & tt interference
Same final states: lIbbvv
tW become even ill-defined in higher order

tW-channel tt
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In theory:
ﬂ:ﬂtw

Cross-section:

Ampllll'Ude: ﬂﬁa

o« |A* = | A’ + 2R(AywAL) + | Ay |
=S+7+8.

> In MC generation, two schemes:

t

y <:Diagmm removal: cocS

t

l Diagram subtraction: cocS+I+B-B’

As a systematic uncertainty
Ve
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LHC and ATLAS
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Part 2

@ BDT tfechnique
® Maximum likelihood fit method



Event selection and regions
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Separate signal from background - BDT

3 BDTs trained in 1jlb, 2jlb, and 2j2b

Optimisation is done iteratively on variable list and
hyperparameters of BDT (backup)

Overtraining check
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Uncertainties estimation

Two categories: modelling and detector related

Modelling related
Matrix element calculation (ME)/NLO subtraction
Parton shower (PS)/hadronisation
Initial- and final-state radiation (ISRFSR)
aDiagram removal/subtraction (DR vs DS)
Parton distribution function (PDF)
Backgrounds cross-sections

Detector related
Lepton related
Jet energy scale (JES) and jet energy resolution (JER)
b-tagging
ETmBs

Luminosity

31.08.2018 UCAS seminar
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Take JES as an example: (jet

calibration and systematics in backup)

Detector effects

True jet Measured

energy jet energy
Calibration

eCalibration is done in several steps;
each step corrects some amount of
energy.

®Each correction is parametrised by a
so-called nuisance parameter (NP).

eIn total 84 NPs are used in JES.

oTo simplify analyses, NPs are further

reduced to fewer.
R. Zhang 11



Up to now, we have

BDT distributions for
each region &

Up/down variations
from each

systematics &

Both normalisation
and shape
uncertainties
How to extract
signal number/
vields/cross-section?
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Maximum likelihood fit method "
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Binned likelihood model Incorporating systematic uncertainties
iy . 3 n
P(n|A) = /lne— Total event yields ~ Poisson L, 0) = 1_[ l_[ P(nr,bur,b(ﬁ, 0)) - n G(0,16;)
n! r €regions b €bins s Esystematics
@ n Likelihood is a function of Ca?‘ be Gaussian,
L(A) = P(n|l) 1_[ f(x) |Likelihood ~ Poissonxshape “signal strength” and Poisson, log-normal
event nuisance parameters (NP) | [v:.14< can be NP 6 =
@ modified by 0: nominal
’ n “ NPs as well 1: up variation
L1,) = l_[ P(n,|A,) l_[ f(x) Production in multiple regions -1: down variation
r €regions | event |
@ Interpolation and extrapolation

L= [ ] Povslts) [ “Binned” likelihood: no different Knowledge of what happens when 0|0/ +1

r€regions b ebins treatment in region and bins

In L(u) = Z Z InP(n, | ,u/lfirged' + /lglrfgd') Use “signal strength” y as ratio of

r eregions b ebins predicted and observed signal yields
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Fit results
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Asimov dataset to check fit machinery (more Real dataset

checks on NPs in backup)  |“MC fit to MC”

“MC fit to data”
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Fit results

Expected  Observed

0.20 0.26
Hsig 1-O()Jro.n 1-14+o.22

ui  1.000%5057 10047503

Source Apgio[ o]
ME 4.2
PS 3.6
ISRFSR 11
DR vs DS 19
PDF <0
Non-#¢ background normalisation <0
Lepton efficiency, energy scale and resolution 4.1
JES 21
JER 8.9
b-tagging 8.2
E;™ calculation 9.3
Luminosity 4.2
Total systematic uncertainty 23
Data statistics 3.4
Total uncertainty 23

31.08.2018
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Measured cross-section:

oy = 82 + 2.4 (stat.)" | (syst.) = 3.0 (lumi.) pb

Theory prediction:
U +W -channel — 717 £ 1.8 £34 pb

Observed (expected) significance of 100 (110)

These are estimated by fixing systematic sources to their best fit values in each category, re-
fitting, and subtracting refitted uncertainty in quadrature from the total uncertainty.
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Part 3

@ Differential cross-section measurements



Differential cross-sections u
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To check theoretical calculations in more details, cross-section are measured differentially
depending on some kinematic observables, e.g. pt, rapidity, efc.

tW dilepton channel

2 neutrinos => 6 free

1 top mass, 2 W mass, |:> Under-constrained |:> Unfold final-state
Etmiss x,y components => system variables

5 constraints

the energy of the b-jet, E(b) ;

the mass of the leading lepton and b-jet, m(¢,b);

the mass of the sub-leading lepton and the b-jet, m(£,b);

the energy of the system of the two leptons and b-jet, E(££b);

the transverse mass of the leptons, b-jet and neutrinos, m(££vvb); and

Remark: best channel for differential is single the mass of the two leptons and the b-jet, m(¢£b).
leptonic tW, while suffered from huge background
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However, still interesting to measure dependence on
final observables to access top polarisation property



Analysis strategy

Calculate response matrix

and correction factors
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Results

@ Predictions
agree with
observation
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Part 4

@ Adversarial neural network



Systematic treatment in analysis e
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Signal-background separation
MVA combines multiple observables to one classifier to gain separation
Training procedure done on large Monte-Carlo samples that target is known
Usually nominal distributions enter training, then apply to systematic variation

Maximum likelihood fit

Nuisance parameter (NP) assigned for each systematic uncertainty
NP fogether with signal strength determined by fitting

Pros
Easy to interpret
Fast training

Cons
Absence of cross-talk between systematics and training

31082008 UCASseminar  RZhag 7]



Adversarial networks "
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@ Adversarial neural networks (ANNSs)
» Two nets, pitting one against the other
* An analogy: an art forger & an art expert

» Forger/generator produces realistic image while expert/discriminator receives both forgeries and
real (authentic) images, and aims to tell them apart

» Trained simultaneously

@ ANNS huge potential

» Can learn to mimic any distribution of data
» Incorporate systematic uncertainties (next slide)



ANN as interpreter of systematic uncertainty e
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Build a classifier f as usual, minimising a loss function L«(9¢), giving prediction f(X,9¢),
where X is the input of the classifier

Pit f against an adversary network r, minimising a joint loss function L{(9+9:) producing as
output function a function p(Z|f(X,8¢) = s), where Z is the NP value

If the adversary can predict the NP from the classifiers output, then it means that some
information about the NP is carried through it: the classifier is dependent on the systematics

classifier f predict adversary r
: F(X,ﬁf) :
loss function L#(9¢) loss function LA(9¢9,) .
I predict Z
Determine 9+ 9; Determine 9
Gilles Louppe
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Adversarial training 7
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What if the classifier forces the adversary to perform worse by simultaneously maximising

L-? It should reduce its dependence on the nuisance parameter
minmax problem -> find the saddle point

Constrain loss function

E(8 £ r) = LF(3 F) - Lr(8 F,Sr)

optimise it by finding the minimax solution

07,0, = arg min max E(6¢,0,)
O O,

Accuracy versus robustness trade-off: rewrite loss function:

E(ﬁf,ﬁr) = Lf(ﬁf) - M-r(&ﬂ&r) A saddle point (in red) on the graph of z=x2-yZ

where A is a hyper-parameter controlling the trade-off between the performance of f and

its independence with respect to the NP
Setting A to a large value enforces f to be pivotal

Setting A close to O constraints f to be optimal
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Preliminary training
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Impact on signal stren

UNIVERSITAT

+0.20,-0.166
+0.0318,-0.0308

+0.19,-0.153

+0.0324.-0.0311
Au Au
0.4 -03 -0.2 -0.7 v 0.1 0.2 03

>
-
)
>
A
)

>
=

>
=

31.08.2018

UCAS seminar

IIIII IIIIII IIIIIIIIIIIII_I.IIIIIIIIII_IIIIIIIIIIIII

SSSYSP?JR : Yy, /: DS \{s DR

:PUp . ’/" . JES:PUp
JES: Eff1 [ 1 JES: Eff1
tt ME . I, . b-tag SF: b1
tt ISRFSR ' . MET reso.
JES: JER : : tWw ISHFS%
MET reso. | . . tt ISRFSR
tW ISRFSR : ) G : MET scale
PS ' . JES: BJES1
MET scale Luminosity
b-tag SF: b0 JES: Eff2
b-tag SF: b1 JES: PU NPV
MET reso. | : MET reso. |
JES: m model [ i tW ME generator
Luminosity ] Y | Z+jets norm. 1j1b
tW ME generator 1 1 JES: ) model
JES: BJEST : : Fake norm. 1j1b
JES: n stat. . . b-tag SF: b0
JES:PUpn . . JES: JER
JES: PUNPV : - : tt ME
Z +jets norm. 1j1b ' I_’_| ' JES:PUp
JES: Eff2 : : JES: flav. comp.
Fake norm. 1j1b I I PS
e ID SF e ID SF
u ID SF syst. Diboson norm. 1j1b
Diboson norm. 1j1b ' . u ID SF syst.
Fake norm. 2j2b JES: n stat.
b-tag SF: b2 ! ' JES: n noncl.
JES: flav. resp. 1 1 JES: flav. resp.
JES: n noncl. . - JES: Efi7
JES: Eff7 ' . Fake norm. 2j1b
e isol. SF ﬂ:‘ e isol. SF
JES:PUp_ JES: Eff6
u isol. SF syst. ﬁ— JES: PU P
JES: Eff6 u isol. SF syst.
u ID SF stat. m JES: Eff3
Diboson norm. 2j1b P—— e— Z+jets norm. 2j1b
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Summary 7

UNIVERSITAT

@ Single-top-quark production is sensitive to CKM matrix element Vi,
» t-channel, tW-channel, s-channel
@ BDT technique used to separate signal from background (mainly tt)
© Likelihood fit to incorporate systematic uncertainties
® First tW-channel differential cross-sections measurement
@ Investigation of adversarial neural network fo reduce systematic uncertainties
@ Publications:
» Inclusive measurement (2015 data only) JHEP 01 (2018) 63, arXiv:1612.07231

» Differential measurements Eur. Phys. J. C 78 (2018) 186, arXiv:1712.01602, ATLAS Physics Briefing,
CERN Courier 58 (2018) pll

Thank youl!
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https://link.springer.com/article/10.1007/JHEP01(2018)063
https://arxiv.org/abs/1612.07231
https://link.springer.com/article/10.1140/epjc/s10052-018-5649-8
https://arxiv.org/abs/1712.01602
https://atlas.cern/updates/physics-briefing/measurements-weak-top-quark-processes-gain-strength
https://iopp.fileburst.com/ccr/archive/CERNCourier2018Mar-digitaledition.pdf

Backup

® MC samples (tW & tt)
® Other backgrounds and cutflow

@ BDT optimisation and variable lists

@ JES calibration

® Inclusive results and impact

@ Differential results
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MC samples

tW sample ME + PDF PS + PDF Tune PD;) [j :ll:une d];gly Detector Scheme
nominal PowHEG-Box 1 PyTHIA 6.428 P2012 FUL 1S DR

DS syst. PowHEG-Box 1 PyTHIA 6.428 P2012 DS
AF2 nominal PowHEG-Box 1 PyTHIA 6.428 P2012 PyTHIA 8.186 + EviGEN

ME syst. AMC@NLO 2.2.2 CT10 Herwic?2.7.1 CTEQ6L1 UE-EE-5 MSTW2008LO V120

PS syst. PowneG-Box 1 Herwic 2.7.1 UE-EE-5 + A2 o AF2 DR
ISRFSR syst. PowHEG-Box 1 PyTHIA 6.428 P2012radHi

ISRFSR syst. PowHEG-Box 1 PyTHIA 6.428 P2012radLo

Table 4.2: Summary of generators used in variant simulated tW signal events. Sample “nominal” is used to estimate the central value and “syst.” are used

to access the systematic uncertainties.

PU + blc

tt sample ME + PDF PS + PDF Tune PDF + Tune decay Detector
nominal PowHEG-Box 2 PyTHIA 6.428 P2012 FuLLsIM
Ar2 nominal PowHEG-Box 2 PyTHIA 6.428 P2012
ME syst AMC@NLO 2.2.2 HErWIG 2.7.1 UEEEs  ymmsIsot po oiv AR
' - T1 ' TEQ6LI1 o MSTW2008L
PS syst. PowHEG-Box 2 1o Herwic 2.7.1 CTEQO UE-EE-5 > \_:_V AO208 O v1.2.0
ISRFSR syst. PowHEG-Box 2 PyTHIA 6 P2012radHi FUL1SIM
ISRFSR syst. PowHEG-Box 2 PyTHIA 6 P2012radLo N
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Backgrounds and cutflow e
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BDT optimisation

Variables selection

The separation power S of a variable x is defined by

1[0 - Y()”

°=2) @ ro)“

UNIVERSITAT

The selection of the variables for the BDT training is done in the following steps:

1. Rank the variables by descending separation power S.

[

2. Keep only one variable with the highest S if several variables are highly correlated (linear
correlation above 70 %). An exception is accepted when the variable shows large correlation
difference (> 10 %) between signal and background. After this step, the number of variables

4,

are largely reduced to 40 to 70.
. Starting with the top one variable, add variables one by one and repeat training. If the S of the

newly trained BDT response increases more than 1 % (2 %) of that of the previous response or
it exceeds more than 5 % (10 %) of the maximum § ever emerged in 1j1b (23) region, the new

variable is kept.

If it ends up with different collections giving similar § (difference smaller than 1 %), the

collection with fewer variables is used.

Hyperparameters optimised one by one

, MinNodeSize , BaggedSample No. of
Region NTrees (%] Shrinkage Fraction nCuts MaxDepth variables
Range 20-400 0.5-10 0.01-0.2 0.05-1 5-100 {2,3,4}

Step 20 0.5 0.05 5 -

1j1b 300 0.5 0.40 20 4 14
2j1b 280 2.0 0.15 5 3 11
232b 100 0.5 0.60 5 4 11

31.08.2018
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1j1b BDT variables and correlations

Correlation Matrix (tW) 1j1b

1j1b Ry o 3 4 5 '3 .

R Variable [1072] 14 :

: 12

1 pr&i6iET™) 4.8 i :

2 Apr(&ity, J1ET ) 2.8 g 0
3 2Ep . 2.8 7 .
4 ApT(el 62] 1» ETm.lSS) 2.7 2 ::z
5 A¢(ltyj, Er 1.7 : -
6 AR, j1Er ) 1.6 1

7 n(t,Er ) 1.4
o s Correlation Matrix (f7) 1j1b
3 m(fzjlli'rmlss)) ig 1 2 3 4( )5J 6 7 8 9 10 11 12 13 14 BDT

pT ljl T . 100

10 C(¢1,) | 1.1 ZZ
11 Apr(€€y ET ™) 1.0 -
12 AR(fl’ J l) 0.6 N
13 m(jy) 0.5 :0
14 m(tj,) 0.1 =
BDT response 8.6 :z

i 2 3 4 S5 6 7 8 9 10 11 12 13 14 BDT




2j1b BDT variables and correlations

Correlation Matrix (tW) 2j1b
1 2 3 4 ) 6 7/ 8 9 10 11 BDT

2j1b S -
R Variable [1()-2] -
1 Apy(€, 65, js) | 1.9 zo
2 AR(16, j1jET ) 1.7 :
3 m(f),) 1.4 zz
4 AR(€,1y, j1Jo) 1.3 _ | | -
5 pr() 1.0 t 2 8 4 5 6 7 8 9 10 11 BDT "
6 pT(jljZ) 0'9 CorrelftlonZMatrCISX (ttzl 211 b5 6 7 8 9 10 11 BDT 100
7 m(tj1js) 0.9 BDT .
8 o(pr)(tibij2Er ) 0. 10 :
9 pr(tajifnEF™) 08 :
10 X ET(J'zE%uS ) 0.6 g :
11 AR(¢y, j,) 0.5 g ZZ
BDT response 1.3 ; -

1 2 3 4 5 6 7 8 9 10 11 BDT




2j2b BDT variables and correlations

Correlation Matrix (tW) 2j2b
1 2 3 4 ) 6 7 8 9 10 11 BDT

2j2b S BDT "
R Variable [107%] ch} .
1 me) 40 : :
2 Apr(tity, ) 3.4 . 2
3 pr(n) 2.9 ; .
4 pr(iJa) 2.9 - | | -
5 m({’lfzjl 12) 2.4 f 2 3 4 5 6 7 8 9 10 11 BDT
6 AR(fl 52, jl 12) o) Correl1ation2Matr:i3x (ﬁl{ 2j2b5 R —
7 pr&ji2Er ) 1.2 50T o
8 AR({,, jr) 1.1 o0
9 m(Lyj, EZ) 0.8 .
10 m(4,j,) 0.7 o

11 E/m(ti4j1j) 0.6
BDT response 16.2

i §
2 N W POTONOOO .




JES calibration "

UNIVERSITAT
What do we have to take into account?
Non-compensated calorimeter: different E scales for HAD/EM showers.
Dead material: energy lost in the inactive areas.
Leakage: showers reaching the outer of the calorimeter (punch-through).
Energy deposited below noise thresholds: none cluster created.
Good calibration scheme should provide jets with:
Good linearity in the response
Good €n€f‘gy resolution EM-scale jets Origin correction Jet area-basec.i biss ST p.ile-up
up correction correction
Good POSl'l'lOn reconstruction Jet finding applied to Changes the jet direction Applied as a function of ~ Removes residual pile-up
topological clusters at to point to the hard-scatter event pile-up pr density dependence, as a
the EM scale. vertex. Does not affect E. and jet area. function of u and Npy,

Absolute MC-based Global sequential Residual in situ

calibration calibration calibration

Corrects jet 4-momentum  Reduces flavor dependence A residual calibration
to the particle-level energy  and energy leakage effects is derived using in situ
scale. Both the energy and using calorimeter, track, and measurements and is

direction are calibrated. muon-segment variables. applied only to data.
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JES calibration

UNIVERSITAT

- - ' t -based pile- Residual pile-
EM-scale jets Origin correction Jetarss asec pie Ssichelpreth
up correction correction
Jet finding applied to Changes the jet direction Applied as a function of Removes residual pile-up
topological clusters at to point to the hard-scatter event pile-up pr density dependence, as a
the EM scale. vertex. Does not affect E. and jet area. function of u and Npv.
Absolute MC-based Global sequential Residual in situ
calibration calibration calibration : : :
et area based pile- Residual pile-u . . .
: P #5520 1 Decreases pile-up contamination.
Corrects jet 4-momentum  Reduces flavor dependence A residual calibration up correction correction
to the patrticle-level energy  and energy leakage effects is derived using in situ B
scale. Both the energy and using calorimeter, track, and measurements and is | . . .
direction are calibrated. muon-segment variables. applied only to data. | 4 pT _lets at constituent level receive affected b)’
» In-time pile-up: additional interactions in the
: : | same bunch crossing (Npv).
Jet corrected to point back to the primary vertex. : g (Nev)
I
2 ook, ATLAS Smulaion iy 0n Gorcton I » Out-of-time pile-up: multiple interactions in
'8 v EPteluminary + Without Origin n
" 0.07- Anti-k, R=0.4 E . .
centroid T <10 ; i surrounding bunch crossing (<H>).
rgy clusters 0.06; _, E |
0.05 R -  iaiaiaiakaaied  alabaiaiaiad i >
M T, e Jet area corr. Residual correction
— = T ———— The origin correction improves corr _ _const _ . .
" T, E the n angular resolution due Pr Pr pPX A-aX (NP v 1) B . <”>
000 : : , 001 e ee——ossa to the length of the BS -
O, B — E " i Nivarers & . . N N N R R R R R RS REEEREEE R ' ! !
it At n 00 W xF N ® Area based subtraction: g | ATLAS Simulation Preliminary - 8 12" ATLAS Simulation Preliminary
' . . S 05" pythia Dijet s = 13 TeV E z 1 Pythia Dijet s = 13 TeV
- p. plle-up energy denS|ty § | EM-scale Topoclusters il <20 | § g gl anti-k EM R=0.4 E
§°'4§20sw)<21 —Ney= 6 E %"06 E
- A:area of the jet s Aoty R B & ‘
' o Ny =18 f : a
! ' 2 .
02:_ 9 0 OE:--'--"."".""'.'".' B "
S I s S : S e e
. . . ) B " . -0.2|- —¢— Before any correction
® Residual pile-up correction °*\ | | | % Aflr peA sublacion ;
e Mm“ a4y ] “UAE 4 After residual correction
%2 4 6 8 10 12 14 16 18 20 005 1 15 2 25 3 35 4 45

p[GeV]
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Jet area-based pile- Residual pile-up

EM-scale jets Origin correction . .
Up correction correction
Jet finding applied to Changes the jet direction Applied as a function of Removes residual pile-up .
topological clusters at to point to the hard-scatter event pile-up pt density dependence, as a U N IV E R S IT AT
the EM scale. vertex. Does not affect E. and jet area. function of u and Npy,

Absolute MC-based Global sequential Residual in situ

calibration calibration calibration

Corrects jet 4-momentum  Reduces flavor dependence A residual calibration
to the particle-level energy  and energy leakage effects is derived using in situ
scale. Both the energy and using calorimeter, track, and measurements and is

direction are calibrated. muon-segment variables. applied only to data.

Calibrate the jet energy and the N to the particle level scale. Reduce the differences in response between quark-gluon jets
calibration

and also correct for the jets not fully contained in the calorimeter.
Functions are parametrised in N: jqFinslenergy calibrationcurve Before correction After correction

g E  Anti k_ R=0.4 (topo cluster) 3
» Energy response: R = (E™/E""¢) vs. E'v¢ 2 TE i0en <omo meaaaess t
e O ¢ i GSC variable (EMTopo jets): g
D> n_response: An = nreco — ntrue VS. Etrue § 0.8;— . at
g oot B cudh
The energy of the jet is then corrected 3 .t —LCW topo > Longitudinal structure of the energy
. 1o . s - f = pilow depositions within the calorimeters ' ’ \
by multiplying by the inverse of the R: & o04f . P 7N
3 03fF g (friie and fiar3) =» Improve the JER "R
— - 0.2'....1 M 22 2 22.2.l M 2 a2 2 221 ) )
Ecorr = R-! x Ereco 6 10 20 1°2x1F.  10°2x10°
Eine [GeV] » Track information associated to R BeforeGSC__ =~ After GSC_
. . @ . ATLAS Simulation Preliminary @ . ATLAS Simulation Preliminary |
the jet (nu« and widthy«) =¥ Correct S 1.2- EMWESWOGS PyrHi S 1.2 EMWES Pyiung '
l.l: T _Tabv T T ™ ™ ™ Adiha T . g 1.4’_ T Y_Imv) T T T ' v.v —— MRS R . . g ' anti~k, R=0.4 MI<0'3 ) anti-k, R=0.4 m|<03
) e EM;BO ATLAS Simulatn{gn Internal - . ;a;w ATLAS Simulation Internal - for flavour differences in response o« ' [57] 30< 0" < 40 GeV « ' [7) 305 0™ < 40 GeV
S o = Pythia Dijet (s =13 TeV - sl - Pythia Dijet (s = 13 TeV | . I T i T ‘
E sol E’,";=lc1>g anti-k, EM R=0.4 jets | E 3E - &J:)g anti-k, EM R=0.4 jets between quarks and gluons jets. 1'11 . E:g;f;,y;:?;f;:v 1'12 %:ﬁj;’;’fﬁfﬁo“’;ﬁv I
[+ By =1200 before calibration - o Ewe=1200 after calibration (closure test) - e o " ! ! ' j
0.8;_ """""" ;.f,'.:o c-‘c““ _; . . ) . . 1: ::.-::’f 1~ T - —:
F T o o E b e » Activity in the MS behind the jets | e— | | _ Trhnas
R S RE T B S N (N | (Ny_segmens ) = Correct high prjets. o0 %
! E | 5 “.‘. ‘r'f,L : ‘E_ ':"**o“WWWeM \ ':j‘ @ ‘ @ 01 ..................
wsf- ", R : ? : B S 0.5
of . > o . : 09 -] > 2 i ;
’ * 6 oy ¢ £ %0, 4 3 £ % o1 o0z o3 g & o1 o0z 03
e e £ Widtha & Wit
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Jet area-based pile-

Residual pile-up

EM-scale jets .
correction

Origin correction .
Up correction

Jet finding applied to Changes the jet direction Applied as a function of Removes residual pile-up -
topological clusters at to point to the hard-scatter event pile-up pt density dependence, as a U N IV E R S IT AT
the EM scale. vertex. Does not affect E. and jet area. function of u and Npv.

Absolute MC-based Residual in situ

calibration

Global sequential
calibration

calibration

A residual calibration
is derived using in situ
measurements and is
applied only to data.

Corrects jet 4-momentum  Reduces flavor dependence
to the particle-level energy  and energy leakage effects
scale. Both the energy and using calorimeter, track, and

direction are calibrated. muon-segment variables.

JES uncertainty is one of the dominant systematics in many analyses.

In-situ techniques employs the balance of physics objects in
G braton the transverse plane to correct residual Data/MC differences.

0.1— -

E - Data 2015, {s =13 T:av ATLAS'PreIiminary‘

, ) " g 1 anti-(s;,o R = 0.4, EM+JES + in situ correction ]

| jet 0.08("="0- — -

Raata _ <P'1?t/ p¥r>dm i galance . 52; B E::::Iu(e in':h:yJES 1
RuC (P petc T Ny Final JES 2015 (ICHEP): L o ool e . ]
: - 'ATLAS Preliminary - g [ - Ploup, sverege 205 oondane. | y

we" measured p E g e antl'k1 R=0.4, EM+JES \s=13TeV, 3.2 fb": } In-Situ anal ses (65NP) é 0 04“' = Punch-through, average 2015 conditions N

reference object , i | LU DR SUrs m|<0.8 E y c F :

» ! o F ] : » N-intercalibration (3NP) -
g f . » Jet flavour: |
2 0.95 - » Composition (I NP)
Multiple references have been used % ; 9; s y4jet ] » Response (I NP)
central jet o ad 3 Ez+]et P -1 . -1t
. librati M') 5 Multijet . ¢ b jetS (’ NP ) E - Data 201I5, G=I13 Tev l I ATI:AS Prleliminary‘
n-’nterca J rat,on 0.85 - - } Sin Ie hadmn uncert (INP) g : anti-kl R = 0.4, EM+JES + in situ correction :
(froward region) F — Total uncertainty ; ne ' 8 0.08Fy =60GV o certainy ]
- 1 Il Statistical compolnent . » P lIe-UP ( 4NP ) (% 1 — Absolute in situ JES X
08— ) . A i w L = Relative in situ JES - a
Z+jets / 74 200 10 2a0 10°,, 240 »Punch-through (INF) 3 oo e e
|ets 4 jets plT [GeV] S - ++ Plleup, average 2015 conditions y
(20<pT<200/30<pT<800) S o.04f S fegpnangeitemmmes
u_ b

[GeV]
Jets are ready for physics!! ...but the

JES systematic uncertainty arrives!! &
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Fit result "

UNIVERSITAT
Expected  Observed 1j1b 2]1b 2]2b
Hyie 1.00i8;%2 1.14i8:%g Pred. events 271004400 378005100 31900 +7700
1 1.000t8:83% 1.004t8:833 Pred. t}’V events 4910+ 800 3370+ 640 1080 + 290
Pred. 7t events 217003700 340004900 30700 7500
Source Apdsig| To] Pred. Z +jets events 152+ 76 116 + 58 10 + 10
ME 4.2 Pred. diboson events 169+ 42 168+ 42 05+ 24
R . Pred. fake events 120+ 120 180+ 180 92 + 92
DR vs D5 19 Observed events 26171 37147 20874
PDF <0
Non-#f background normalisation <0 Fitted events 26150+ 200 37160+ 230 29890 =+ 200
Lepton efficiency, energy scale and resolution 4.1
JES 21 Fitted tW events 53001000 3900+ 680 1050 =+ 140
JER 8.9 Fitted 7t events 20300+ 1000 32820+ 760 28740 =+ 270
e 2 Fitted Z+jetsevents 154+ 75 99+ 53 10 = 10
v  calculation 9.3
Luminosity 4.2 Fitted diboson events 168+ 42 162+ 41 100+ 24
Total systematic uncertainty 23 Fitted fake events 130+ 120 140 + 140 79 + 79
Data statistics 3.4

These are estimated by fixing systematic sources to their best fit values in each category, re-

Total uncertainty 23 fitting, and subtracting refitted uncertainty in quadrature from the total uncertainty.
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" Correlation Matrix

DS vs DR
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tW ISRFSR
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@ Two ways to check impact of a NP on u
) (upper scale)
"« Yellow: fix “the” NP to post/pre-fit value up/
_ down, float others, float u
::F::R » Purple: fix “"the” NP to post/pre-fit value up/
- down, fix others, float u
=& @ For example, two NPs and u => 3
o parameters
. NPL: prefit: 041; postfit: 0.1+0.7
5 oo » NP2: prefit: 0+1; postfit: -0.1+0.9

o u: postfit: 0.8

» Yellow: fix NP1=1/-1/-0.6/0.8, fit with 2
parameters

» Purple: fix NP1=1/-1/-0.6/0.8, fix
NP2=0/0/-0.1/-0.1, fit with 1 parameter
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Unfolding and RooUnfold package

Particle level (fid

Reconstruction level (reco)

Xg = R-yp
eff _ Nﬁd&reco B
€& = " yfd T A+B
1 _ _N™° _ B+C
E;)of Nﬁd& B
- 1 eff »
= XBiC = F'R'ei YA+B
J
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E(b) bin [GeV] [25,60] [60,100] [100, 135] [135,175] [175, 500]

(1/0) do/dx [GeV™'] 0.00422  0.00937  0.00428 0.00169 0.000801

Stat. uncertainty 22 12 27 48 11

Total syst. uncertainty 27 28 30 59 28

Total uncertainty 35 31 40 76 30

m(¢,b) bin [GeV] [0,60] [60,100] [100,150] [150,200] [200,250] [250,400]
(1/0) do/dx [GeV™!] 0.00105 0.0036  0.00887 0.00328 0.00163  0.000692
Stat. uncertainty 29 25 9.6 18 25 16
Total syst. uncertainty 54 48 21 29 26 47
Total uncertainty 61 54 23 34 36 50
m(£,b) bin [GeV] [0,50] [S0,100] [100,150] [150, 400]

(1/0) do/dx [GeV™'] 0.00205  0.00885  0.00654  0.000512

Stat. uncertainty 26 9.9 9.9 17

Total syst. uncertainty 83 8.4 9.9 65

Total uncertainty 87 13 14 67

E(¢€b) bin [GeV] [50, 175] [175,275] [275,375] [375,500] [500,700] [700, 1200]
(1/0) do-/dx [GeV™'] 0.00069  0.00364 0.0025 0.0014 0.000435 7.39x107°
Stat. uncertainty 30 9.7 12 15 22 34
Total syst. uncertainty 95 12 22 21 66 74
Total uncertainty 99 16 25 26 70 81
my(¢€vvb) bin [GeV] [50, 275] [275, 375] [375,500] [500, 1000]

(1/0) do/dx [GeV™'] 0.00353  0.00121 0.000498 4.25 x107°

Stat. uncertainty 6.1 22 22 28

Total syst. uncertainty 9.6 31 43 78

Total uncertainty 11 38 48 83

m(¢£b) bin [GeV] [0, 125] [125, 175] [175,225] [225,300] [300,400] [400, 1000]
(1/0) do-/dx [GeV™']  0.00112 0.0043  0.00586 0.00315 0.000486  0.000112
Stat. uncertainty 24 17 11 12 35 17
Total syst. uncertainty 130 21 23 14 54 84
Total uncertainty 140 27 25 18 64 86
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PowHEG+PyYTHIA 6 (DR)
POWHEG+PYTHIA 6 (DS)
aMC@NLO+HERWIG++
POWHEG+HERWIGH++
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