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EXPLORING EFT WITH ML AT THE LHC

R. Schoéfbeck (HEPHY Vienna), Sept. 8™, 2022
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ACTIVITIES @ HEPHY (CMS DATA ANALYSIS)

‘ top squarks
- 2l channel tz

___________ /ﬁ
P ~
, \
’ N . .
y, \ luinos with

Searches for four tops

\ \
1
1
/

\

SUSY TOP

-
- ~s

resonant BSM
\ I
. phenomena s

__________ compressed
E . E top-squarks displaced
BSM LHC signatures
Inter-
Displaced pretation
dimuons

SModelS

\5——’

Proto
models


https://arxiv.org/pdf/2008.05936.pdf
https://inspirehep.net/files/528c69ea81f06a852867a141d6fb9985
https://arxiv.org/pdf/1808.08242.pdf
https://cds.cern.ch/record/2758332?ln=en
https://smodels.github.io/
https://arxiv.org/pdf/1609.09386.pdf

w 7 Tev
w 8 Tev
w 13 Tev
z 7 Tev
z 8 Tev
z 13 Tev
Wy 7 TeV
wy 13 Tev
Zy 7 Tev
zy 8 TeV
ww 7 Tev
ww 8 Tev
ww 13 Tev
wz 7 Tev
wz 8 Tev
wz 13 Tev
7z 7 Tev
7z 8 Tev
7z 13 Tev
VBF W 8 Tev
VBF W 13 Tev
VBF Z 7 Tev
VBF Z 8 Tev
VBF Z 13 Tev
EW WV 13 Tev
ex. yy-»WWs Tev
EWqqWy 8Tev
EWqqWwy 13 TeV
EWos WW 13 TeV
EWss WW 8 TeV
EWss WW 13 TeV
EWqqZy 8TeV
EWqqZy 13 TeV
EWqqWZ 13 TeV
EW qqZZ 13 TeV
t 7 Tev
t 8 Tev
t 13 Tev
te_ch 7 Tev
ti—ch 8 Tev
te_ch 13 TeV
tw 7 Tev
w 8 Tev
tw 13 Tev
te_eh 8 TeV
tty 8 TeV
tty 13 Tev
tzq 8 TeV
tZq 13 Tev
tz 7 Tev
tz 8 Tev
tz 13 Tev
ty 13 Tev
tw 8 Tev
tw 13 Tev
tttt 13 Tev

JHEP 10 (2011) 132
PRL 112 (2014) 191802
SMP-15-004

JHEP 10 (2011) 132
PRL 112 (2014) 191802
SMP-15-011

PRD 89 (2014) 092005
PRL 126 252002 (2021)
PRD 89 (2014) 092005
JHEP 04 (2015) 164
EPJC 73 (2013) 2610
EPJC 76 (2016) 401
PRD 102 092001 (2020)
EPJC 77 (2017) 236
EPJC 77 (2017) 236
Submitted to JHEP
JHEP 01 (2013) 063
PLB 740 (2015) 250
EPJC 81 (2021) 200

JHEP 11 (2016) 147
EPJC 80 (2020) 43

JHEP 10 (2013) 101
EPJC 75 (2015) 66

EPJC 78 (2018) 589
Submitted to PLB

JHEP 08 (2016) 119
JHEP 06 (2017) 106
SMP-21-011

Submitted to PLB

PRL 114 051801 (2015)
PRL 120 081801 (2018)
PLB 770 (2017) 380
PRD 104 072001 (2021)
PLB 809 (2020) 135710
PLB 812 (2020) 135992

JHEP 08 (2016) 029
JHEP 08 (2016) 029
Accepted by PRD

JHEP 12 (2012) 035
JHEP 06 (2014) 090
PLB 72 (2017) 752

PRL 110 (2013) 022003
PRL 112 (2014) 231802
JHEP 10 (2018) 117
JHEP 09 (2016) 027
JHEP 10 (2017) 006
Submitted to JHEP
JHEP 07 (2017) 003
Submitted to JHEP

PRL 110 (2013) 172002
JHEP 01 (2016) 096
JHEP 03 (2020) 056
PRL 121 221802 (2018)
JHEP 01 (2016) 096
TOP-21-011

EPJC 80 (2020) 75

CMS preliminary

How well is the Standard Model? — Inclusive cross sections

[all summary plots CMS and ATLAS]
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* g orders of magnitude of inclusive x-sec measurements

* Drell-Yan; high rate— differential measurement

* 4-top quarks; only xsec, many kinematic features

What about fundemantal BSM models?
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https://twiki.cern.ch/twiki/bin/view/CMSPublic/PhysicsResultsCombined
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2021-032/

ATLAS SUSY Searches* - 95% CL Lower Limits [all summary plots CMS andATLAS]  ATLAS Preliminary

March 2022 Vs =13TeV
Model Signature  [Ldt[fb7'] Mass limit Reference
L] L] L] L] L] L) L] L) I L) L) Ll L] Ll
. G4 0e.p 2-6 jets E%‘f” 139 1.85 m())<400 GeV 2010.14293
» mono-jet 1-3jets EF™ 139 g [8x Degen.] 0.9 m(g)-m(¥})=5GeV 2102.10874
© , . iy
S 22 2-qa0 Oep  2-6jets EP™ 139 [ . 2.3 _m(¥))=0GeV 2010.14293
S g Forbidden 1.15-1.95 m(¥;)=1000 GeV 2010.14293
8 22, 3—qgWi| Tepn 2-6 jets ) 139 | & 2.2 m(¥})<600 GeV 2101.01629
- F-qq(tOx) ee, i 2jets  EFP™ 139 |2 2.2 m(¥})<700 GeV CERN-EP-2022-014
3 2-qqWZ¥} Qe 7-11jets EPS 139 |z 1.97 m(¥}) <600 GeV 2008.06032
= SSe,u 6 jets 139 g 1.15 m(g)-m(¥})=200 GeV 1909.08457
= 23, 3—1it| 0-1e,pu 3b EXss 798 g 2.25 m(¥})<200 GeV ATLAS-CONF-2018-041
SSe.pu 6 jets 139 g 1.25 m(g)-m(¥})=300 GeV 1909.08457
biby Oe.u 2b EMss 139 | B, 1.255 m(¥})<400 GeV 2101.12527
b, 0.68 10 GeV<Am(b, ¥1)<20 GeV 2101.12527
w = bbby, by—bY¥s — bhi) Oep 6b Ei?fﬁ 139 | b, Forbidden 0.23-1.35 Am(¥3, £1)=130 GeV, m(¥])=100 GeV 1908.03122
§ % 27 2b Epss 139 by 0.13-0.85 Am(¥;,¥1)=130 GeV, m(})=0 GeV 2103.08189
§..§ 7, it 0-1e,u >ljet  Emis 139 |7, 1.25 mit))=1GeV 2004.14060,2012.03799
e S if, oWt Tepu Bjetsnb EMS 139 |7 Forbidden ~ 0.65 m(¥})=500 GeV 2012.03799
9 3 i, h—=T1by, 117G 127 2jets b EFS 139 | # Forbidden 1.4 m(7)=800 GeV 2108.07665
T 2§, fiodt) /8 eock) Oe.p 2c  Ep™ 361 |@ 0.85  m(})=0GeV 1805.01649
(Sl Oe,u mono-jet  EF 139 [ 0.55 m(7},&)-m(¥)=5GeV 2102.10874
fif1, f =0y, X9—Z/hi) 12epu 1-4b  EPS 139 | 0.067-1.18 m(¥3)=500 GeV 2006.05880
b, h—oi) +Z 3eu 1b EPsS 139 | 7 Forbidden 0.86 m(¥1)=360 GeV, m(f;)-m(¥})= 40 GeV 2006.05880
Direct X X] prod., long-lived X7 Disapp. trk 1 jet E;‘iss 139 ,\f* 0.66 Pure Wino 2201.02472
S A5 0.21 Pure higgsino 2201.02472
> O Stable g R-hadron pixel dE/dx E;‘*“ 139 g 2.05 CERN-EP-2022-029
SE  Metastable g R-hadron, g—qqt! pixel dE/dx EPs 139 | & E@ =10ns] 2.2 m(7})=100 GeV CERN-EP-2022-029
S 8 W16 Displ. lep Emss 139 | é&@ 0.7 () =0.1ns 2011.07812
= : 7 0.34 ~
pixel dE/dx ET™SS 139 T 0.36 (
— * no tell-tale signals in model-dependent searches
XIXT IR X —>ze—eee Bep 139
~t ~0 H miss
XiXT XS - wwjzeeetvy 4ep Ojets  EI 139 ] . )
2, Foqal 2 - gq 45 large jets 36.1 * push mass scale into the multi-TeV regime; here: SUSY
~ T, i—t¥), ¥ — tbs Multiple 36.1
Q77 iob¥7,X] — bbs > 4b 139
(aE s ’ - . . .
i1, fi—bs 2jets +2b 36.7 * Are we doing it right?
i, h—qt 2e.u 2b 36.1
1 DV 136
L AV Y . I’
T IR, 10 ,—tbs, ¥} —bbs 126 >6jets 139 |4 0.2-0.32 * model independent? — ""anomaly detection
: . * search deviations compatible with SM symmetries
*Only a selection of the available mass limits on new states or 10! ) )
y . . s A\ 14
phenomena is shown. Many of the limits are based on L — “effective” theories y

simplified models, c.f. refs. for the assumptions made.



https://twiki.cern.ch/twiki/bin/view/CMSPublic/PhysicsResultsSUS
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-013/

WHERE TO LOOK AT THE LHC?

* Let's add all terms compatible with the SM symmetries
* respect SM symmetries: SU(3). ® SU(2) ®U(1)
* 5goperatorsatd=6 [JHEP10(2010)085 ]

Leﬁ— (4)+ZA2 zﬁ"‘hC

Wonr™ W _H_Eﬂ
g ~ ‘MSM ol ezM%FTIQ W

SSM 0i int. 0i0; BsMm
7= +Z AT Cis W WYy “H"_"::

— or quadratic effects

* SM-EFT effects are polynomial modifications with
varying coefficients over feature space


https://arxiv.org/abs/1008.4884

CONFRONT THE MODELWITH COLLIDER DATA

Hard scatter event

* initial state — standard model

* intermediate (quantum/virtual) particle,
"beyond” SM in the language of QFTs

Opie =
argmaxg L(D,0)

-16 -1 -05 0 0.5 1 1.5 2 25

uggH,t(H

81 d
50 100 150 200 250 300 350 400
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Shower, hadronization & decays

* parton shower
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6 o . .
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* ionization (Bethe-Bloch), szintillation,

brem., transition-radiation ...




THE LIKELIHOOD FUNCTION aniv:1503.0x7622

Neyman-Pearson Lemma: The likelihood ratio
test statistic is optimal

L(D|6 ) p(xz;|6 )
D lo ~ lo
a(D) =log L(D|6o) ; ® p(x:160)
Likelihood ratio “trick’: label two values of 0 with z=0, |
r 2 * L p(wa 1) . 1
L= fde 3 oo (- flo) P = @) +p@.0) ~ 1+7(@)

z€{0,1}


https://arxiv.org/pdf/1503.07622.pdf

DISENTANGLING SI\/I-EFT IN THE HIGGS-SECTOR
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THE HIGGS INTHE GOLDEN CHANNEL EPIC 80 20200057 ATLAS

decay: 21% 2.6% 0.15% 0% 023% 0.02% 6.3% i 58% . :
t
e,

example #1: ZZ* decay channel in all production modes
’Zé_h_ i QQQQQQ N Z  experimentally clean (“golden channel”)
7 ‘;‘ S "ﬁ; 10 = 5 (+5 CP odd) operators: C,w, Chgs Chwr Cunr CHwa

' Z

/ “h * attempt to optimally disentangle production modes

= = |¥
I
l
N
N
l
2



https://arxiv.org/pdf/2004.03447.pdf
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THE HIGGS INTHE GOLDEN CHANNEL

EPJC 80 (2020) 957
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ATLAS

EXPERIMENT

* Reconstructed bins contain a mixture of production channels and backgrounds (mostly ZZ*)

—aEEEEyEE—E—E—E—E—E—E—_E—_E—_E—_E—_E—_—_— Emm= T ——— e ———
Lo I \ _________ ' —
s | . . | 1 gg2H-0j-p-Low [l gg2H-prHigh | !
2 ATLAS Simulation | I gg2H-0j-p™-High 1 qa2HaaVBF | |
% : H— ZZ* — 4l j M gg2H-1j-pf-Low [ gg2Hag-VH |
O N 4 I gg2H-1j-p”-Med [ qg2Hqg-BSM 7
= : Vs=13TeV, 139 fb | -gng-v-pf'-High B VH-Lep | R
o I \ Wag2H-2 WMt | )77
L 0j-p*-Low o
° 0j p‘a-MedI
2 -piL
5 j-py-Low!
2 1j-p*-Med|
-— inHah | .., oo
2 Lo
o 1j-p*-BSM-like
(8] T .
o) 2j
s 2j-BSM-like!

VH-Lep-enriched|

0j-p?-High

ttH-Had-enriched
ttH-Lep-enriched |

0 01 02 03 04 05 0.6

0.7 08 0.9 1

Expected Composition

* ML is used to separate production modes in each category

* perreco-channel: NNs trained with 2-7 observables

Processes MLP Lepton RNN Jet RNN
46
A pr>Dzz-, miz, m3s, ¢
’ geF, 2z* prsMe
PR |cos 6*|, cos 1, ¢z z B
ac
. Pt s PrsNjs
_w 8eF. VBF,ZZ L Pl ne
ARscj, Dzz-
a J miss
. Py P s EX™,
ggF, VBF, ZZ L ph.me
ARs¢j, Dzz+, e
4 J
- Pt P 1> ¢
ggF, VBF e PrsNe
T » 4€js N4e
geF, VBF, VH mjj, pacii P, me Phon;
Zepp 4Ljj j
ggF, VBF iz 0 P me P11
Nj 5 Np.j fos
VH, ttH jets . b-jets,70% P-(f
E,'II.HSS, Hr
46
PrsMmjj, i
| ggF, 1tH, XX R ph.ne prn;
ARu4¢j, Np_jets,70%»
L1 L1 L1

* combine with RNNs (LSTMs) using variable-length jets and leptons

« common network layer for multiclassification in e.g., ggF, VBF, ZZ*

o[0)e

10


https://arxiv.org/pdf/2004.03447.pdf

THE HIGGS INTHE GOLDEN CHANNEL EPIC 80 (2020) 957
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r A [ 115 < m, < 130 GeV WVH W Z+ets, tt

[ 115 < m <130 Gov EvH Wz, E ti-ptLow with NN,, <025 EH«tH 7 Uncertainty
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10~ W

22222

0.8 1

0j-p!-Med oL
9F U-prlow

'VBF sy

Likelihood = prod. of Poissonians v auxiliary measurements

Ncat me NPI'Od nuzs

L(D|0,V) = H H Pois Ni,j L Z (p) B A(p)(l/) +Bz',j( H C )

f
\ V4 220 —.— 2z0) —a—
L ) ATLAS ol — | ATLAS i -
Log-likelihood ratio Ho> 22 4 B pua— ' H—> 22" >4 wf e ]
Vs=13TeV, 139 b x| - 1 Vs=13TeV, 139 b w| ————
. . Production Mode - |y, | < 2.5 SRS TR R NI ¥ Reduced Stage 1.1 -y, | < 2.5 T T T T8
te St Statl Stl C . M —m— Observed: Stat+Sys SM Prediction b
—#— Observed: Stat+Sys SM Prediction B [ Observed: Stat-Only p-value = 77% oB [fb] (a.B)SM [fb] |

: Stat- -value = 91 j
[m] Observed: Stat-Only p-value = 91% SBfb] (@B, Ifo] 9g2H-0j-p!-Low

- i 9g2H-0j-p""-High
(D | 0' Vo-) ggF Emil 1120+ 130 1170 £ 80 992H--p-Low 50 + 80 172+ 25
(a- ) _ 2 10 L : i 9g2H-1/-p""Med 170450 119+ 18
: -1j-pH-High | 16
q g ~ ™ VBF o R 110440  920%20 992H-Y/-p I High | : 918 204 |
o y ) 74 i | | g02H2) : 40+75 127427

170 £ 55 176 £ 25
630+110 550 + 40

i

£ H 3 75481 52.4°27 gg2H-p’-High B R | 38 :ﬂ 1544 ]
™ : - - a02Hag VA £ —. S 21xss 13870
i i i : b B 1 3 06‘ 24 ]
f I d d I h E : a +26 +10 qa2Hqq-VBF | [ 150" 107.6 34 |
(P r'O | e 9 tO ea. Wlt ttH E 5 ER 18455 aq2Hag:BSM | H;% 3 osj}i 420£0.18 |
e | ] VH-Lep —t— 3 227% 164+ 04
nuisances) nccie| % s " A N O
1 2 3 4 5 L L L L L L 1 | I
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https://arxiv.org/pdf/2004.03447.pdf

THE HIGGS INTHE GOLDEN CHANNEL EPIC 80 20200057 ATLAS

£ eop <o § 14[ATLAS to ] i - . o
P Eems, | 8 ESESn LELEEL signal-strength production decay acceptance lFissmmm ]
s ince m Wi Y piloh i Ny <025 Wi 7 Uncenany | mo diﬁ ers 51:47 Hozz —Z:::n
E 4e % 1ab Acceptance E
®) (g —| 7 (0) ) A6) T

p? () = X X

T B Ay

. USM SM 04

/ i defined at the

) : . . i | o

fiducial level universal! -

Likelihood = prod. of Poissonians v v auxiliary measurements

(9)
Neat. me NPI'Od ( Niuis.
L(D|8,v) = [] ] Pois | Nij| £ Y u®(8)oR) B AP (v) + Bij(v H Cm
71=1 =1 =1
=
YV 2 [atias """";"c';és'e'n‘,'eh'L'e's{.}n"" 2 | aTLas |+ Observed bestit | 90'03],'-,_,43 ST Observed bestit
N N N © = —— Observe = o i L ::z fo.I ] © ; :z: B CL |
Log-III(EIIhOOd ratio 5§H_>zz*_>4| I valiaie 0.08-H—2zz* >4 Vel y [H—2zz >4l T et
L 4 G-tateviamt SM expected 95% CL- L E-13Tev, 130007 SM expected 95% CL | 0.02 [E=13Tev,130m" SM expected 95% C'—‘
te St Statlstlc 33_Best~m p-value: 0.88 —f 006 :_Best-ﬁtp-\‘l.a—lft'e'f.78 L _: :Best-ﬁtp-valua: 0.80
A 2 7 004:— o’ / ) _ 0'01? ;
L(Dlo’ Vo) 1E _E ’ r ,—\\‘ ,/~ ] r 1
q(e) = —2log 2 A of Y W/ . o ]
L(D|0, V) g ] I v ] :
_g 0:_ n —0.01_— N
(profiled, to deal with ; : | : |
I _0.02AII\lIIIIIIIIIIIIIIIAIIAIIIIIIIIAA 002 .....................................
-15 <10 -5 0 5 10 15 —40—30-20 10 0 10 20 30 40 50

nuisances)

cuH

significant"interplay of production an& decay effects
learn “only” the likelihood ratio of different SM production modes



https://arxiv.org/pdf/2004.03447.pdf

TTHINTHE MULTILEPTON CHANNEL JHEP (submitted)

decay: 21% 2.6% 0.15% 0% 0. 23% 0.02% 6.3% 58% 0%
: ttH multilepton « example #2: t(t)H multilepton in 28SS+o7t, 225S+17, 32 final states
D * 3 DNNs for signal/background multi-classification
g

targets t-t-HYukawa coupling (M) in x-framework

QQQQQL; ) Z
zmmi\\t 7

in SM-EFT: “"CP” structure (complex phase) of HHTq'pu,.I:I

= =
N N
ANV

dl T Pus Groven
¢ | p—Pure CP-odd |
\ m * use ML for separating CP-even vs. odd effects &
/ v h * gradient-BDT XGBoost i
‘ b * 38 input features (kinematic properties) 1

0
\'\t [o 500 1000 1500 2000 2500 3000
Mg, [GeV] 13


https://xgboost.ai/
https://arxiv.org/abs/2208.02686

TTH IN THE MULTILEPTON CHANNEL JHEP (submitted)

-1
PR M S B ——— e SCTR (Ce cMS 138 b (13 TeV)
$ 70— BestFit: x,=0.9, ¥=1.0 —= ""1.5F []H = Multilepton | -
. > — 4 Data Bl tHq (CP-even) [JtHW (CP-odd) [ ttZ []Conv. - - .
L - - H 1ZZ
ttH mUItlleptOn 60 — [ ttH (CP-even) [ tHW (CP-even) [l VH [ Diboson Z]Nonprompt ~ — 1‘_% H : :\(}ultile I ]
— [JttH (CP-odd) [ItHq (CP-odd) [ ttW [JRares [ Total unc. = - plonfyy. ]
50 — — C ]
7 - bl bt ] 05 -]
40— 0% o 0% o C
= QP‘6 < cf < P g?’g 0&6 oL f »\O?L - 5
L = ?L B 60 O ?7 < ?L .© Leo 60’\ 0969 = o— |
30 __60"0 o 06 0’(0 O\ o A - C
7 20— —] —0.51 ]
— =! L C68% CL
= = E oo 95% CL .
. 5 * toa o e s Best fit 7
0= 7 ] e s i . ] - 4 SMexpected ]
C PRI T R ST N S S i TR B
S 15 =l 1 ' ' ' I ) ' [ p-X 05 0 ! 15
S 10f Ao , R
% 0.5 . £
S 005 : : : : : =
0 5 10 15 20 25 30 35

The ttH node in 3l + Ot, category

* BDT exploits the likelihood trick to obtain
CP even/odd fraction from the data

example of learning “of” SM-EFT effects

issue: large top backgrounds from ttZ and ttW in all
* limits on deviations of the t-t-H interaction (K;, 7€t) measurement regions — combine sectors!

14


https://arxiv.org/abs/2208.02686

INTERLUDE: CLASSIFICATION WITH DEEPTAU

T leptons in the detector
* 5 hadronic + 2 leptonic decays

* three main fake contributions

new [DeepTau] identification
algorithm classifies T, modes

similar to
* ATLAS 71D [using RNNs]

* [Deeplet] for g/c/b/uds/leptons
identification and

« [DeepAK8] for t/W/Z/H decays
high level
and

on two grids of all particles
in the vicinity in

140M 1 candidates, 69ohrs

n-l-
11"1:.0 Tt
\

real T,

charged tracks
+ ECAL clusters

e

e — t, fake

JINST 17 (2022) P07023

u — t, fake

sketch from lzaak Neuteligns

4
!
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INTERLUDE: CLASSIFICATION WITH DEEPTAU ner s

* tleptonsin the detector 105703 inputs o

..................................... ,
: 19911 TP | : 161004 TP }
L .

E

* 5 hadronic + 2 leptonic decays

el SIS | |,
* three main fake contributions Zoehls [ g g
° new | DeeQTaU] identification 21 x 21 grid iz/oaalmi 21 x 21 grid : 120 TE < lEEEE m Ye
. . 188 inputs each : er /vy i 64 outputs each i S E% ' g % % % % % : ,
algorithm classifies 7, modes Outer cells |:> |:> o IR Z;Tl
: : i 85 E% : 5 :
' [P % S : o : .
L] Similar to :-.'.---------------': E-.:.-:-.:.—;==-.-.===-l E y-]et’
' i 11 x 11 grid : Lsiie | :
. : h ! H
e ATLAS 7 ID [using RNNs] N 5%: .
* [Deeplet] for g/c/b/uds/leptons ; i
identification and
2
¢ [DeepAK8]for t/W/Z/H decays ... Y AR _ e 4 i
: Filters w/ 1 x 1 wind ' ;
c H W r;('ltszzvrrmnl:er ovzﬁlo;:: ;gr : ? X7 A :
e h|gh Ievel : g 8|88 subsequent convolution ~ _ | 5x5 ﬁ :
+ Sl B gi 3x3 =
e /v | algllEls 51 - 2!
on two grids of all particles A Zﬁ ZJ Z g 23 o
BRIEIE A g e=1le=10=115=] &' L :"U:: _i
: . T AmEEEIENEE - -
in the vicinity in 1| g5 lele g o B3 E
: =00 © [l~D - &i El E
_ 4fiafel - : 1] 4 '
- h*/h° | glalslls ' i & L .
* 140M 7 candidates, 690hrs l _____ l _____ i e Applied similarly for inner and outer cells
Applied similarly for inner and outer cells TP: trainable parameter
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INTERLUDE: CLASSIFICATION WITH DEEPTAU

* tleptonsinthe detector

JINST 17 (2022) P0O7023

* 5 hadronic + 2 leptonic decays

* three main fake contributions

1CMS Simulation (13 TeV) 1CMS Simulation (13 TeV)

* new [DeepTau] identification = I = T T TR

algorithm classifies 7, modes % E § MVAvs. jets (JINST 13 (2018) P10005) % §  MVA vs. jets (JINST 13 (2018) P10005)
Rot - 1 MVA (updated decay modes) Pot 1 MVA (updated decay modes)

- | t g_ -~ —e— DeepTau vs. jets LN g_ 10 ' E-—— DeepTau vs. jets N

* similarto 3 E

5 107F = 5 - §

* ATLAS 7ID [using RNNs] @ : _2°‘f'°r<m‘?e" 3 @ [ p_>100Gev . i

= - jets from jets . e 102k jets from W + jets LI -

* [Deeplet] for g/c/b/uds/leptons o i 1 e E

identification and T ) i T : -

= 10°F - - B ]

- [DeepAK8]for t/W/Z/Hdecays 5 [ 1 3 10k .

> high level :
> i . [] ] g .

and <>EI§- 21_ ........... [ s R - ’ N s A.A_ <>Ela g_ ..................................................... . . i -

i S .

on two grids of all particles  =|$ 57 55 55 ) =3 =7 — — 3

in the vicinity in - 7, id. efficiency Q 7, id. efficiency

* 140M 1 candidates, 69ohrs
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RECENT SM-EFT RESULTS (SELECTION!)
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SM-EFT EFFECTS ARE EVERYWHERE

775" (13 TeV)
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* Solve background correlations like a triangular matrix (i.e. staged): 197 15" (13 TeV)
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* Multi-differential high-dimensional SM-EFT analysis of candles: .
O 400 e | - 3
* Drell-Yan, W+Jets, ttbar, single-top (t), etc. £ 200f- . | .l :
& o e
* Then move to ZH (+ Drell-Yan), WH (+ttbar), HH-WW (+WW and ttbar) ;g,g—mtﬁ e ]
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EXPLOITING PARAMETRIZED SIMULATION WITH TREE ALGOS

* Quantum field theory: Differential cross section have structure

do(0) o |[Mgm(2) + OaMEey(2)[2d2z

* sampling z at a fixed 0,

* re-evaluate the likelihood for a few alternative 6

* fix polynomial coefficients of event weights w;(0)

1
w; () = w; o + za: Wi g 04 + 5 zb: Wep 0,0, = (x4, 24|60, 60)
. pure
SM interference SM-EFT

* obtain predictions parametrized in 0
from MC simulation run in “forward mode”
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T R E E S & B O O STI N G [arXiv:2107.10859, arXiv:2205:12976]

weak learner phase-space partitioning tra‘i‘r(\:ir;\gR_prilasle:
e.g. algo

A ‘. 1 cutonx,{ .....
F(x) =) 1,(x)F; : -

e ; |

F. | Fs ke F; /\ cut on X,
Fi Fa
: : - \
| ’ ’ "\ cut on X, again etc.

> X| . S W

* Let us make a tree-based ansatz for the differential cross-section ratio R
* The “weak learner” is a tree associating a of a partitioning J with a

* Fitting tree: Optimize “node split positions” on some loss. Trained (e.g. greedily) on the ensemble.

* An axis-aligned tree is limited. Remove the limitation iteratively with “"boosting”.

25


https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

L EAR N I N G M O R E WITH TR E E S [arXiv:2107.10859, arXiv:2205:12976]

Regress in R, including its the polynomial @ dependence

R(x|0,SM) = do(x, 6)/dx — \ivill allow to com|?u1§e the
do(x,SM)/dx optimal LLR test statistic q(D)
é 2 ) é )
L= Z /da: dz p(z, z|SM) (R(‘B z|60,SM) — F(“’ 9)) Solve for the predictor on the empirical
6cB distribution (simulated sample
¥ O (w,o) _— ($|0,00) ﬁ ( P )
Tree ansatz for each a, ab: F(z,0) Z 1, ( < | F(0) = zzey wi(0) =Y (9)
F,(8) polynomial with const. coeff. e 7 zzeJ w;(6o) wj(eo)
(per node) \ g |\ ]
find optimal  find optimal No trainable parameters in the predictor
B partitioning predictor

A4
Solve for optimal partitioning with greedy CART algorithm

Z Z split only if We'll find an optimized tree.

ock 1c w](Oo w;(0) is positive VO — boost
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CONCRETE SOLUTION: TREE BOOSTING [arXiv:2107.10850, arXiv:2205:12976]

* Boosting: Fit linear model iteratively to pseudo-residuals of the preceding iteration with learning rate

* Ansatz: FO(z,0) = f(z,0) +nF* Y (x,0)

previous
iteration

* |nsertinto the loss function:

L[f®1 =" / dz dz p(z, 2/SM) (R(z, 210,SM) — nf (@, 0) - [ (x,0))’

0cBB 1 J
||

previous iteration

w(@) - wY(0) - nuw D (60) (i, 0)

... perform this iteratively
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[arXiv:2107.10859, arXiv:2205:12976]

“Boosted Information tree” (BIT)

500 k events, 3WCs, g coefficients
* 9 minutes training
Tested in a ZH toy model, and a more

realistic Delphes study, including
backgrounds

B // com.

B /hc.om.
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OPTIMALITY INTOY DATA

[arXiv:2107.10859, arXiv:2205:12976]

 Test with toy simulation in ZH final state — unbinned likelihood ratio test statistic

* Neyman-Pearson: The LL ratio test statistic has the highest power (1-B) for a given test size (CL=95%)
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THE SM-EFT CHALLENGE IS NOT ABOUT ML

* Methods to parametrize (close-to) optimal observables for
the various final states are established

Energy correlators in hadronically

[arxiv:2207.03511]

decaying | TeV WV bosons

0.08F I BSM
* The challenge is a 100+ combination (aka global fit) that we can trust | oor mse _ .
4g MEEE=Em— T T S —Sa
* across all processes, 0.05]
* across all operators, el
diee o = . =
* across many years of experimental developments, d¢ SEG_' = = =
* and while theoretical predictions improve - —n/2 0 "2

* The important groundwork is on what we publish, and how complete (uncertainties & correlations), and

reproducible it is.

* ML algorithms help to semi-automatize the analysis design while we can stay receptive to new theory ideas

10)

30


https://arxiv.org/pdf/2207.03511.pdf

NEURAL NETWORKS REGRESS; THE BIT DOESN'T

|
" @ > A‘A\lA‘ 02
R XN el
,’“.V"‘V‘V"‘V. Na(X)
xZ
s @\ //\\//\\
O
I / ~ /\\ /\ | @\ (do not take
J \ _4%’ \_ _j & .=// \¥. too literally)
//A\\ ;L\\ ) JC\_; . I'R\L{ o }Eg:iitseh':;;'r']{ng) — fewer DOF need regressing

* Each NN layer maps L,,, = 6(Wj L, + b;). These DOF need to select & predict the regressed values.

* Inthe BIT, we only select. The prediction (F)) is computed from the boxed events. This is possible,
because a tree algorithm is (greedely) trained on the .The BITs' DOF are NOT updated event-by-event.
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ATLAS
WW AND H — WW*COMBINATION (LEPTONIC)

ATL-PHYS-PUB-2021-010, 36fb

0-pp—)ei;fvv cpp—)H—)&u‘vv

o
(6]

stat+syst

Preformed combined fit of - ATLAS Simulation 'PreliéminaZry

- Vsi= 13 TeV, 361 fb!

c
OO«
whr

1. signal strengths of ggH and VBF in H — WW*
2. SMWW unfolded differential pr(lead-.1) x-sec

g\

A L N T EEE T LR
& F : . . . . . : . . . . . . : . : 1 & _

S SRS SN SN S S S S -~-:---4|.'-_H- N L

o H . H . . . . . ‘ H . . . L3 . o T qdce=041

20 SM-EFT operators affecting the measurements

physics-guided eigenbasis probes 8 directions

* Assume a U(3)5 flavor symmetry

Stepping stone for more global EFT combinations
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_
frouss
e
|

s
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STXS combination: [ATLAS-CONF-2020-053]

W
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ATLAS Preliminary —— HWW+SMWW
* V5 =13 TeV, 36.1 fb~" s Hmw
WW AND H —- WW* COMBINATION S
. e .
—0.04 —0.02 0 ‘ 0.02 0.04
ey : -
* Preformed combined fit of : e
1. signal strengths of ggH and VBF in H — WW* ‘ |
-06 -04 -02 0 02 04 06
2. SM WW Unfolded differential pT(lead_-l) X_Sec AT)_AS Preliminary — 68 % CL
V5=13TeV,36.1f0~" e 95 % CL
SMEFT A = 1 TeV * BestFit
» 20 SM-EFT operators affecting the measurements
olib ucum T
* physics-guided eigenbasis probes 8 directions oo ooz 0 oo oms
* Assume a U(3)5 flavor symmetry chn
CB.]/qW,Iq(‘h/d,Hd.Hu.Hq('),Hq(S) e
* Stepping stone for more global EFT combinations y
—3 1 0 1 2
* STXS combination: [ATLAS-CONF-2020-053] .
cf/]“’,um ¢
CI[S,]IqW.Iq(‘l,Id,Hd.Hu,Hq“thW ®
C/[:]/qm.lq(‘},Id,Hd‘Hu.Hq“),Hq(ﬂl e
-30 ‘ -20 -10 0 10 ‘ 20 30

Parameter Value


http://cdsweb.cern.ch/record/2743067/files/ATLAS-CONF-2020-053.pdf

LIKELIHOOD RATIO TRICK aniv:1503.0x7622

4 )

* Train a discriminator to separate signal from background and
Neyman-Pearson Lemma:

The likelihood ratio

L) & pio) L= / dz Y p@.2) (2 f@)

regress in the truth label

D == ~/ ]. . :
P~ Lol &% plaie) Joen
is the optimal test- statstic training sample cruth expressive function,
in hypothesis tests with mixture of e.g,a NN or a decision tree

signal (1) and bkg (0)

- [ @@ (p@.0f@) +plz )0 - f(@)?)

* Training, e.g., with p(z=0) = p(z=1)

\cli=rrm
( )

Provides the (x,1) 1 “Likelihood ratio trick”
lowest mis-identification probability [ (x) = B = g provides a close-to
A " p(z,1) +p(x,0) 1+r(z) | iy
for a given signal efficieny | | 7 " T meees optimal test statistic
(No free parameters! <> simple hypothesis) \_ J
\_ J

Let’s look at SM-EFT applications & issues ... 34


https://arxiv.org/pdf/1503.07622.pdf

LHC LONG TERM SCHEDULE

2021 2022 2023 2024 2025 2026 2027 2028 2029
AM[J|J|A|S|IOND|]|FIMAM[]|J|A[S J|FIMIAM[]|J|A[S|O|N|D[] [FIMIAM|] ] |A|S D|J AM[]|J|A|S AM[]|J|A|S|ION|D|]|FIMAM[] |J|A[S D|J[FIMAM{] (] |A|S|O|N|D|J |FIMIAM{] |J|A|S|ON|D|
[ Run3 [ Long Shutdown 3 (LS3)
i ~
Run 3 dataset will ~ double S HL-LHC
to 300 fb-! (~103* cm-2s!)
2030 2031 2032 2033 2034 2035 2036 2037 2038
AM|]|J|A|S|ON|D[J [FMAM|][J|AS J|FIMAM|]|J|A|S|ON|D[J |FMIAMI] [J|A|S D|J|FIMAM{J|]|AIS AM|]|J|A|S|ON|D[J [FMAM|][J]|AS D|J|FIMAMJ|J|A[S|O|NID]] |FIMIAM|[]|]|AS|ION|D
Run 4 LS4 Run 5 }
\

~ factor 10 more data (~5 1034 cm2s-!) 3 ab"!

Last undated: Januarv 2022

Shutdown/Technical stop

Protons physics

Ions

Commissioning with beam

Hardware commissioning/magnet training



SENDING MIXED SIGNALS TO THE LOSS FUNCTION

L= [ do (plale)f(@)? + plalsM(1 - f@))?)

0chB

1 B 5] 2_0es P(]0)

)= 1+ rz(x) ri(@) p(x|SM)

MSE (& cross-entropy) loss functions average the training data set
* less-than-ideal for linear effects
Does not reflect what we know about the 8 dependence

The real issue is the necessity for a case-dependent training

The challenge of global SM-EFT searches will require a high degree of automatization
* Need strategies for learning (approximations) of the log-likelihood suitable for high parameter dimensions



HOW TO PARAMETRIZE?

* Quantum field theory: Differential cross section predict polynomial SM-EFT dependence:

do () o< [Msm(z) + OaMpgp(2)[*d2

* additivity of the matrix element — incur a simple (polynomial) dependence in O for fixed configuration z

do(zx, 0) daSM damt dUBsM( )
T +2 0 29 O
L(D|6 ) “normalization” nN ‘“shape”
e Neyman-Pearson: ¢(D) = L(DISM) where  L(D|0) = P.y(9)(N) x HP(-’Bz‘|9)

q0(D) = L(0g — osm) — Y _ log R(x;]6,SM)

o x; €D
const. do(x,0)/dx 1
R(x|0,SM) = To(a.5M)/da =1+ Ze Ra(@) + %:eaeb}zab(m)
(1 + Z OaTia( :c)) + Z (Z OpTigp () )
a b>a
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JHEP o5 (2021) 247
ATLAS-CONF-NOTE-2016-043

OPTIMAL PARAMETRIZED CLASSIFIERS JHEP 07 (2022) 02

« studied in the contextof pp — W* Z — (li v) (IT17) forthe mostimportant SM-EFT operators

— T > [ ATIASPaiminay e o
G.) - 20" Exclusion Reach Og) = GE) (QLo"+"Qu) (iH' Dy H) asof oumnen | WEememo
™ 300 —
B ME [] oc H BA ; Ow = Gwsach“”WprC“ s E = rs
105 A §250:_
1 LW 200 F- et
E (¢, ¢=eorp)
| 150;
-0.0 : 1005
] | ” A
I —-—0.5 o : % 2:_# et T E
Toy Diat MGLO  MGNLO < ISRE
oy Lia & % 1‘0-.. OQA A+++$ L+$l |+| &I ||| .
, s Kiakan ik
Gw — 20 Exclusion Reach ' ) ofF =
;_ ] r = {57 @, 9W: 0Z9 pr,zw, PT,Z, SIM YW, COS Yy, 0o To0 200 300 200
B ME [ oCc H BA 2 singz, cos @z} pZ [GeV]
H * high purity, ~85%-90% as seen by ATLAS and CMS (with SM-EFT)
o . :
a : « Adam optimizer, pytorch, 104 epochs, learning rate of 10%
-1
: ] * 4 hidden layers a 32 nodes, 2 networks simultaneously trained
" | Toy Data MG LO MGNLO {-2 _ _ _ _
] * alternatives configurations studied

establish optimality with analytic model (Toy), very similar at (N)LO


http://cds.cern.ch/record/2206093
https://arxiv.org/pdf/2110.11231.pdf
https://arxiv.org/abs/2007.10356
http://cds.cern.ch/record/2206093
https://arxiv.org/pdf/2110.11231.pdf

S. Chen, A. Glioti, G. Panico, A. Wulzer

PYTORCH IMPLEMENTATION JHEP o5 (2022) 247

* ZH production, analytic model, sook events

Epoch 0 Loss 3.3157

[ J 1 1 : I —IllllllllllllIIIIIIIIIIIIIIIIIIIIIIIIIIIIII—
Single coefficient: cyy (tested with up to 3) i T Ser (truth) o der {truth) 1

— 1°" der (pred) — 2°" der (pred)

* 4 hidden layers a 32 nodes, 2 networks simultaneously trained

10° E

* 104 epochs, Adam optimizer, LR=104 - —vield - .

. quadratic i

* The training is simultaneous and it must be! - term :
* Positivity is a property of the polynomial, g L LT " E

not of an individual coefficient. ]

_ _ _ linear term
* several options to emphasise the tails T

-----

d
______

* bias loss with function of A(x) or choosing base points

I III,IIII
Lol

—1|||||||||||||||||||| ||||||||]||||||l|||||
105100 200 300 400 500 600 700 800 90!

pr(V)
R(pt=500) = | + blue 0 + red 0?2

* just a proof of principle implementation


https://arxiv.org/abs/2007.10356

K. Cranmer, J. Pavez , and G. Louppe [1506.02169]

"PARTICLE PHYSICS STRUCTURE" o e e Camer - fisoziogan} oo

* It's somewhat of a miracle that one can regress on the observable-level likelihood ratio

p(xz|0) = p(x|zq) p(z4|2s) p(zs|zp) p(2,]0)
' do(6) x
qo(D) = const. — Z log p(m2|z )
x, €D p($z| 0) |MSM(Z) + gaM%SM(Z)FdZ
superpowers

based on this talk: C. Kranmer, J. Brehmer
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https://indico.cern.ch/event/945096/attachments/2092094/3516391/BSM-PANDEMIC-Mining-Gold-EFT-DM-2020-08-26_2.pdf
https://arxiv.org/pdf/1506.02169.pdf
https://arxiv.org/pdf/1805.00013.pdf
https://arxiv.org/pdf/1805.00020.pdf
https://arxiv.org/pdf/1805.12244.pdf
https://arxiv.org/pdf/1907.10621.pdf

"JOINT"” DISTRIBUTIONS ARE MUCH SIMPLER

* To understand the power of simulation, look at the simpler “joint” pdf

1. Theintractable factors cancel in the joint LR

s 6 0 )|?
r(z, |6, 80) = LT 2 Z0 Zl0) P(=l6) | [M(zl6 )P
p(m,Zd,Zs,Zp|90) p(zp|00) |M(zp|00)|

2.  Now fit a general function on the join space with a regressor depending only on the observables:

_ Jdzp(x, 2|60) f(z, 2)
[ dzp(z, z|60)

i / dee dz p(z, 2|60) (f(:n,z)— f(a:))2 — min ()

3.  Now chose f(x,z) =r(x,z| 0, 0,) which is available in simulation & fit with expressive function:

f*(@) = [ dzp(z, 2|00) f(z, z) _ [ dz p(z, z|600)r(z, 2|6, 6)) [d= p(x,z|0) - [ dzp(, 2|0)  p(al0)

J dzp(z, z|60) J dzp(z, z|60) ~ [dzp(x,z60)  [dzp(x,z|6) p(z|60)

... statistical framework of all the parametrized classifiers 51



EXPLOITING PARAMETRIZED SIMULATION WITH TREES

* Quantum field theory: Differential cross section have structure

do(0) o |[Mgm(2) + OaMEey(2)[2d2z

* samplingz at afixed 0,
* evaluate do(0) for sufficient number of base-points 0

* fix polynomial coefficients of event weights w;(0)

02 w;(0) = w; o+ Za: Wi g 04 + 5 zb: Wap 0a0p = -r(x;, 240, 09)

pure

SM interference SM-EFT

* obtain predictions for, e.q., yields for all x,z and 6
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EXPLOITING PARAMETRIZED SIMULATION WITH TREES

* Quantum field theory: Differential cross section have structure

do(0) o |[Mgm(2) + OaMEey(2)[2d2z

* samplingz at afixed 0,
* evaluate do(0) for sufficient number of base-points 0

* fix polynomial coefficients of event weights w;(0)

1
w; () = w; o + za: Wi g 04 + 5 zb: Wep 0,0, = (x4, 24|60, 60)
. pure
SM interference SM-EET

* obtain predictions for, e.q., yields for all x,z and 6
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EXPLOITING PARAMETRIZED SIMULATION WITH TREES

* Quantum field theory: Differential cross section have structure

do(0) o |[Mgm(2) + OaMEey(2)[2d2z

* samplingz at afixed 0,

* evaluate do(0) for sufficient number of base-points 0

* fix polynomial coefficients of event weights w;(0)

1
w;(0) = w;p + za:’wz',a 0o + 5 Xb:'wab 0a0p = -r(x;, 240, 09)

pure

SM interference SM-EFT

* obtain predictions for, e.q., yields for all x,z and 6

Lt



TR E E S & B O O STI N G [arXiv:2107.10859, arXiv:2205:12976]

weak learner phase-space partitioning tril‘rér;\gRl?rﬁ?sf:
e.g. algo

A “ 1 cutonx,{ .....
F(x) =) 1,(x)F; : -

ieT o |

F. | Fs ke F; /\ cut on X,
F Fa
F F F ~
| ’ ’ “ . Cut on X again etc.

> X| . S W

 Let us make a tree-based prediction for R or its coefficient function
* Weak learner: Tree «<» Associates a (flexible!) with of a

* Fitting tree: Optimize “node split positions” on some loss. Trained (e.g. greedily) on the ensemble.

* Rectangular cuts are very limiting. Remove the limitation with “boosting”.
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https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

LEARNING THE SCORE FUNCTION [arXiv:2107.10856, arXiv:2205:12976]

* Example: Learn a , described by the

_ Vop(z|0)
p(z|6)

* Only the joint score t(x, 2|0) is available in training. This is enough, though.

t(x|0o) = Vg logp(x|6)

00 90

~ 2
L= /ddeP(w,z 6o) (ta(w,ZIOO) —Fa(-’L')) — min Fy (x) = ta(x|60)
w. | 2 w: 2 Nsim w2
S SR ST I 3 DI CES! I SECEP) SUD SUPES 30D B
(a,2,w); €D Wi,0 €T i€ : i=1 ' jeJ i€ T AT

L g ey

OF; 2 icj Wi

L _ _Z (Zie]‘wza>2 _ _ZI(/\J)

jeT 2ie; Wi jed


https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

CONCRETE SOLUTION: TREE BOOSTING [arXiv:2107.10850, arXiv:2205:12976]

* Boosting: Fit linear model iteratively to pseudo-residuals of the preceding iteration

* Ansatz: FO)(g) = f(b)(m) + nE®=1) ()
\ Y J
_ _ previous
* Insert into the loss function: iteration
£ (b Wi,a f(b—1 A (b ’ W —ﬁw'oﬁ(b_l)(w‘) ; :
MSE[f"] = Y wio| = —nF{ V(@) - fP(@)] = Y wy |ttt SV fO) (g,
W50 W40
(m,z,w)iG'D ’ 1 J (m,z,w)ieD ’
|
previous iteration ' T '
reweighting

... perform this iteratively
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https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

LEARNING MORE WITH TREES

[arXiv:2107.10859, arXiv:2205:12976]

Regress in one of the coefficient functions of R

do(xz,0)/dx
do(x,SM)/dx

1
=14 6,Ra(x)+ 5 > 00y Rap()
a a,b

R(x|0,SM) =

Regress in R, including its the polynomial @ dependence
do(x,0)/dx
do(x,SM)/dx

R(x|0,SM) =

s

a 2
Fa(,b) (:B))
)

2 T) = Z 1;(x)F}

L= /d:c dz p(x, z|SM) (Ra(,b)(:c,z) -

Tree ansatz for each a, ab:

s

L= Z/dmdzp(a: z|SM) (R(a:,z|0,SM) —ﬁ’(m,ﬂ))2

ocB ﬁ
=) 1

Tree ansatz for each a, ab: F a: 9

N

Zz‘ej W

JjeTJ

0cBjeg w;(0) is positive VO

Fj is a constant (per node) jed F(G) polynomial with const. coeff. ieT
(per node)
. .w" b Ez wz(e) w;i (0
.. Solve for F; & reinsert ... Fj; = ZZEJ - .. Solve for F; & reinsert ... Fj(0) = £ 0 J(o)
Ziej Wi Zze_y wi( 0) w;(6o)
Solve for optimal partitioning with CART algorithm Solve for optimal partitioning with CART algorithm
2
(Z’e ' wi,ab) split only if
L= — Z i — boost Z Z — boost



https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

f‘f\ AC
_)U\\ \4

TTHINTHE MULTILEPTON CHANNEL JHEP (submitted)

decay: 21% 2.6% 0.15% 0% 0. 23% 0.02% 6.3% 58% 0%
ttH multilepton : : :
i ! P * example #2: t(t)H multilepton in 28SS+ot, 28SS+17, 32 final states
];l‘" QQQ_QQL//E Z : :
4 h ‘i * deep convolutional network [DeepTau] for T reconstruction
I * uses tracking, calorimetry, muons via particle-flow collections
W’Z . t Z . . W ol .
L * 3 DNNs for signal/background multi-classification
W, Z g CMS S‘r‘mullati ““““ 1‘3 'I"eV
* targets t-t-HYukawa coupling (M) in k-framework £°®  —Pure CP-even]
- E o —Pure CP-odd |
\ m * in SM-EFT: “CP” structure (complex phase) of HHquurH g
/ 1 * CP violating effects in couplings to bosons (M) supressed by A* l
cono0 ¢ * use ML for separating CP-even vs. odd: gradient-BDT XGBoost
h 0.05
_ >'"' * 38input features (kinematic properties) 1”: 1
m*\,\t % 500 1000 1500 2000 MizoFGef./c;oo
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https://xgboost.ai/
https://arxiv.org/abs/2208.02686
https://arxiv.org/pdf/2201.08458.pdf

Number of Events

INCLUDING BACKG ROUNDS IN THETRAINING [arXiv:2107.10859, arXiv:2205:12976]

Delphes Simulation (CMS Detector) 350 fb* = R e R 1 3 1
L L L B L T L 18
108 - === Drell-Yan + bb N o E ] gg
_F = Drell-Yan + light jets e 1= =
10 ?7 CHW=1 e CHW=-1 _§ : | ’95
106 %_ — Cg‘;v=1 Cg‘;\,:"l E 0.5 [ il
107~ a0 T S0 improvement)\ § :
g —— Zh (SM) 3 B . i ] 1
orover “Runll 10
sk Strategy
N __ NN-loose
e o I\'N-ti;)ht
= F — BIT
L K E| kl|||1|||||1||||1||||1x||| 10_2
0 100 200 300 400 500 600 700 800 —-04 -03 —-02 -01 0 0.1
pr.z (GeV) C(s)
HQ

* Include most important background processes
* Simulate signal using MGg & SMEFTsim + Delphes
* learn R(x|0) for ZH + Drell-Yan (correctly weighted)

Observable

Hr
Niet
pr(j1), pr(j2), pr(js)
[7()]; [n(G2)]s In(ds)]
pr(h), [n(h)|
pr(2), In)|
0,40, ¢
fie, -, fro
pr(2)/pr(61)
Ap(£r,£2), [An(L1, £2)]
Agp(b-jet,, b-jety), [An(b-jety, b-jet,)]
m(b-jet,, b-jets)
pr(b-jety) /pr(b-jet,)
AR(Z,h), |An(Z,h)|, m(Z,h)
AR(non b-jet, Z), AR(non b-jet, h)
Thrust

Number of Events / 10 GeV

Delphes Simulation

10’ ==DY+bb  —— DV+lightjets
F —— SM CHW=-1 3

[ — ¢, =1 =-1 b
10°g —2w,=1 — 2&2’:-0.1 E
F—— C,,,=0.1 - ]
g sensitive 7
3l . -
s - bkgs  portion
= of signal 3
“E M
M =C=—g
10'E _|_'——'—|_ =
IIIII |I 111 I 111l I 111l I 1111 I 111l |I 11 I 11117

0 05 1 15 2 25 3 35 4
RHWti|, HWtil

 Train on observables that capture EFT dependence and also discriminate between backgrounds

* Compare with the CMS "Run II” strategy: NN to separate background, then fit p;(Z)

* substantial improvement

by


https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

TOP QUARKS + XIN SM-EFT

tt ?im::\/ :

t (t-channel) W
L5
W R S
t (s-channel) oW Ve
SN

LN
ttZ |
|’\/\/\Z
e
th q— q
W \\H\Z
b ¢

example #3: top quark —Z boson coupling

exploit kinematics in ttZ/tZq/tWZ final states
low-background final states; bkg for tt+Higgs
5 SM-EFT operators

Extensive use of MVAs

Multiclassifier to discriminate between
several SM processes

using 33 (mostly kinematic) event properties

8 neural network binary classifiers to BSM events

“NN-SM”
™ ) tzq &

o OB ®

O

o
L
O
{

"/

O
O

]
£

JHEP 12 (2021) 083

Weak top dipole
interactions

LH vector couplings

RH vector couplings

| 3
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https://arxiv.org/abs/2107.13896

TOP AND DIBOSON SECTORS

tt ?im—:\/ :

t

teW \rm Ce
t

~ My

t (t-channel) %W .
b g ¢ tey %ﬂ/
Y
W
B AN S
/ \t th q—— q
;
t (s-channel) AN ey # i 557
2 N\ R
0% /E Q0000 -t
ttZ | tett L ;
[ :
TN [
00000
th q—— q
W Z
T

WAWF
—_— \;’V

F\A/+ / )
WEWE
e
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WZ - .
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77 - W{W
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g
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DEEP TAU (DECAY MODES)

charge-conjugate decays.

Decay mode Resonance B (%)
Leptonic decays 35.2

T  —e V.V, 17.8

T S UV, 17 .4
Hadronic decays 64.8

T —+hv, 11.5

7~ = h=nly; o0 (770) 25.9

7~ = h~ %70, a,(1260) 9.5

T~ —>h h*hv, a,(1260) 9.8

= — h~h*th~ 70y, 4.8

Other 3.3
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