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The Standard Model as an EFT

Effective Field Theories have become a main tool to search for new physics in a “model
independent way”

E

/N
1@ @
~ SREFT
" e
DLSnEPT = '(sn"’ v= lA"“\ )




The Standard Model as an EFT

Extend the SM Lagrangian by higher dimensional operators

Nys Ny N 4 N ¢
ZsMEFT = ZLsm T 2 @(5) + Z — 0+ z —0') + Z —@(8) + .

top EW 59 (2499) for one (three)
r \ flavour generations
Cw
c, L) Ca
(] Caws Cun € )
CHW He HI Hl Cg% CtB
. CS) 8 Cuu Cua iy
HG q
- EWPO | e

Cin

Com Ce CL® C3% C3, C:,
Crn Co Ci Ci C

C.u Lt |
L Higgs —

[Fitmaker, 2012.02779] 4



The Standard Model as an EFT

Extend the SM Lagrangian by higher dimensional operators

Nys Ny . Nap o Nag . 8
S l 7 I
3SMEFT_ESM+Z @()+Z @()JFZF@g)JFZF@’(')JF"'

top EW 59 (2499) for one (three)
r \ flavour generations
Cw

(CH \ CHt

R (=T A |

i CH Cl(r-?l) CVl(r-Ill) 1;;? o

Crw (3) (D) Cha Cis

CHq CHq CHu C1Hd 3.1

Cuc J CQ’q

C... k EWPO J

Com Co CLs C35 C%, C3,

Con Co Cu Ci Ci

C“H tt |
\- Higgs /

[Fitmaker, 2012.02779] 4



The Standard Model as an EFT

NdS Nd6 Nd7 Nd8

Systematic parameterisation of the theory space in the vicinity of the SM
Low energy limit of generic UV-complete theories at high energies
Assumes the SM field content and symmetries

Complete basis at any given mass dimension

Fully renormalizable QFT

Can be matched to any BSM model that reduces to the SM at low energies



The Standard Model as an EFT

Example: From operator to modified cross section

0. = ig. (QT'WTAt) (pG;‘U
2
C C
|+ a4+ -2
A

-

A _ A A ABC ~B~C
G,uv — GMGU — dyGﬂ + gsf GM G,
Q — (fL bL)

0
o~ ()

Linear EFT corrections:

interference SM-EFTde _ _
Quadratic EFT corrections:

EFTde-EFTa6




The Standard Model as an EFT

from the SMEFT Lagrangian ....
Nd6 Nd8

C;
z: 6 z: 8

J ~ ~

_ SM EFTde EFTas
to cross-sections....

Linear EFT corrections: Quadratic EFT corrections:

interference SM-EFTde \ / EFTde-EF Tae

Nd6 CZC]
osMerT ~ Osm X | 1 + Z—K + Z

/ \\

Evaluate at NLO QCD with SMEFT@NLO
Evaluate at (N)NLO QCD + NLO EW “



The Standard Model as an EFT

to cross-sections....

Linear EFT corrections: Quadratic EFT corrections:
interference SM-EFTde \ EFTd6-EFTde
Nd6 N, d6 C.C-

lJ~
OSMEFT ~ OsMm X 1+2A2 z+2

to constraints on the EFT parameters

1 Myat B
y7(c) = - Z ( 0; SMEFT(C) — lexp) (cov l)lj( 0, sMEFT(C) = JeXp>
dat .
i,j=1

Multi-Gaussian log likelihood optimisation problem
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Global EFT analyses

Several groups have presented global EFT analyses combining data from many different processes
(top, Higgs, diboson,...), yielding sensitivity to many directions in the EFT parameter space

I
SU(2)? x SU(3)3: EWPO+Diboson+Higgs+top (1TeV)?
o . .
B SU(2)? x SU(3)3: EWPO+Diboson+Higgs+top (Cg = 0) 95%CL marginalised; C; ~—g :
Top operators: EWPO+top (incl ttH) (Cg = 0)
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[2105.00006]

Combines 317 cross section measurements L~ B
..“)ltter

to constrain 50 EFT parameters

None of these measurements have been optimised for EFT studies, can one do better? [2108.01094]



From binned to unbinned

* Most EFT measurements are presented in terms of multi-Gaussian likelihoods

Number of observed events

Number of bins ™ —~_

N //
b 1 (n; — Vi(c))z
Fm:v(e) = | |exp |- 0

=1

Only statistical uncertainties here
No cross-correlations

Number of expected events

Q1: What is the optimal number of bins?

Q2: How much information does one gain/lose by measuring the cross-section in additional
kKinematic variables?

* In the tails of the EFT distributions, the # of events can be small (i.e. < 30), and one must use
the Poissonian likelihood:

N, . n
I/i (C)e_yi(c)

Zm;ve) = | ]
=1

10
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From binned to unbinned

Main goal: construct unbinned observables from ML and assess their relevance for
global EFT fits by comparing their impact to those of “traditional binned” observables

# of observed events

# of expected eventS\

I/ C
Unbinnead extende@)—d\ g((,') — ot ( ) _DtOt(c) Hf xl, C
\

Probability distribution in the final state kinematics

1 do(x,c)
G(X) dx e.g.inZH — £¢"bb X = (pT’ PT, ARbba A¢l b> - ) “Features”

Fully differential cross-section

Jo (X, €) =

By construction, this unbinned likelihood contains all the information from the observed events

11



From binned to unbinned

For n.; EFT coetfficients c¢;,, we can express the EFT cross-section as

Mot Rete  Mofy

folx,€) = £,(x,0) + Zf<f><x>c + 2, Q2 f e

j=1 k>j

For the purpose of limit setting, it is sufficient to consider its ratio to some reference point
(e.g. the SM)

r(x,c) = ]]::g: ;; =1 + _it (J)(x)c + Ji; gﬂ r\ k)(x)cc

Extend the global EFT likelihood by the unbinned likelihood to assess their relevance (avoid
double counting): N NP N

ZL(c) = Hgk(c) Hgﬂ(ub)(c)Hgﬂ(bP)(c)Hg(b@(c)

12



Cross section ML parametrisation

* \We thus need to parameterise the dependence of the distribution ratio on the kinematics

ry(X,c) = j::g: (c); =1+ it (])(x)c + ]i; g rY: k)(X)Cc

* Adopt NN as universal unbiased interpolants as a proxy of the likelihood ratio that is fast to
evaluate

* The structure of the EFT cross section makes it possible to parallelise the training to any
arbitrary number of EFT parameters

related work by Chen at al 2007.10356, Tito d’Agnolo et al 1912.12155, Brehmer et al 1805.00013 + many others

13



Cross section ML parametrisation

* \We thus need to parameterise the dependence of the distribution ratio on the kinematics

ry(X,c) = ;:g: ;; =1+ it (])(X)C + ]2? g rY: k)(x)CC

» Use the “Likelihood ratio” trick to obtain a decision boundary that is 1-1 with 7 _(x, ¢)

do(x,c)
dx

do(x, ()
log(1l — g(x,c)) — de log g(x,0)

dx

L g — 0 for EFT \gﬁlforSM

-1
oL do(x, c) do(x,0) |
— =0 = g*x,c)=|( 14 =
Og dx dx 1 +r(x,c)

14

Ligx,c)] = — [dx




Cross section ML parametrisation

 (Generate Monte Carlo data with single EFT parameter activated + SM baseline

géft(c — (09 O OC 9096‘]-(tr)909 00 c 90))
to extract the coefficient function accompanying Cj(tr) at the linear level

r, ¢) =1+ ¢ - NNV(x) NNU(x) = r¥(x)

* The same logic holds at the quadratic level

Degi(e = (0,...,0,¢,0,...,0,¢,.0,...,0)) r(x, cj(tr)) =1+ cj“f)c,g“) . NNUA(x)

15



Neural network training

Model uncertainties are estimated by means of the Monte Carlo replica method:
train a collection of 50 NN instances on independent MC datasets

Animations are static in the pdf

1.0
epoch 0 —— ML model (my, Y)
ML model 1o —band (my, Y)
08 -===Analytical (m,Y)
O 7
./\0'6-
N
D ) g e — ———— :
04 =
“‘t\i———im
0.2
c=¢Cg=2
0.0 —
0.5 1.0 1.5 2.0 2.9 3

| myz [TeV]

Training settings

 LO QCD MC dataset (100K)

* Mini-batch gradient descent

* Training/Validation sets (80/20)

 Runtime ~20 min per core (1 .
replica/core)

* 3 hidden layers (100 units)

e RelU activation functions

The MC replica method allows us to propagate model and methodological
uncertainties to the space of EFT parameters! (NNPDF approach)
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 LO QCD MC dataset (100K)

* Mini-batch gradient descent

* Training/Validation sets (80/20)

 Runtime ~20 min per core (1 .
replica/core)

* 3 hidden layers (100 units)

e RelU activation functions

The MC replica method allows us to propagate model and methodological
uncertainties to the space of EFT parameters! (NNPDF approach)

16



Neural network training

REPLICAS

NNPDF Approach: Monte Carlo sample (empirical distribution)
Animations are S ---------------------------- E

1.0

epoch 0 Naive idea: uncertainty comes from data, let's

propagate the data distribution back through the
().8 - regularized inverse function:

1Iset (100K)
Nt descent
1 sets (80/20)

fi(x) = argfmin (L(D;)) = NN (x |D;)
0() . Loss contains the XZ, but X2 is not the end of the story.

)
= — Very simple (possibly expensive®) usage: in order to
\; —_— obtain the distribution of predictions, apply your

0.4 += — theoretical calculation to the element of the sample:
per core (1
PredS = {F(f) V[ e PostS}
0.2
“To address this compressed sets are distributed along the main
_ release. There is also a program to obtain specialized minimal sets for i )
C = dedicated studies: OO unlts
0 . 0 () https://github.com/scarrazza/smpdf .
0.5 unctions

The MC replica method allows us to propagate model and methodological
uncertainties to the space of EFT parameters! (NNPDF approach)
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Neural network training

Animations are static in the pdf

Truth /NN (median)

Epoch 0 1.05

3
1.04
’ 1.03
1 1,02
| Pull
i:J [ - )
S 51'01 1.50
= | 1.17
= -0.99
= [ 0.83
~1 S
0.98 = "i 0.50
_ g . 0.17
4 —0.90
0.96
_a > ~0.83
0.95 117
500 1000 1500 2000 ~1.50

my; |GeV] 2.0

myi [ TeV]
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Neural network training

Animations are static in the pdf

Truth /NN (median)

Epoch 0 1.05

3
N\ o1
: 1.03
| 1.02
| Pull
J:’ [ - )
= 51'01 1.50
= | 1.17
z -0.99
= : 0.83
~1 S
0.98 = "i 0.50
i, g . 017
r —0.50
0.96
—3 —0.83
0.95 —1.17
500 1000 1500 2000 ~1.50

my; |GeV] 2.0

myi [ TeV]

Challenge: correctly describing tails of distributions (low stats)
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Neural network training

Animations are static in the pdf

Truth /NN (median)
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N\ o1
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Challenge: correctly describing tails of distributions (low stats)
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Cross section ML parametrisation

* (Cross section positivity can be enforced through either Lagrange muiltipliers ....

g— 1
g

L[g] = L[g] + 1 - ReLU (

) Non-zero whenever r_(x,c) < 0

.... or a final ReLU depending on the value of c].(tr)

ReLUNNY(x)) — 1/c™,  if ¢ >0

NNP(@x) - NND(x; ™) = . ,
/ —ReLUNNNY(x)) — 1/¢!", if ¢ < 0

« # of processors scales like O(n.), making our approach suitable for a large EFT parameter
space

18



Results

* To validate our methodology, we performed a study of top-quark pair production at the
parton level and compared the outcome to the analytical result

ol my; € 0.5, 00) TeV 1.0t
my € [0.5,0.6,0.8.1.0,1.2, 1.5, 00) TeV
4_
0.5}
2_
—~< ol 300
J J
_ 91 ‘
—0.5¢ AR
my; € 0.5,1.0,00) TeV
—4 my € 0.5,0.6,0.8,1.0,1.2, 1.5, 0o) TeV
1ol ML model (my,Y)
=0 Analytical (myz, V')
0 2 ] 6 0.1 0.0 0.1 0.2

Ct(3 CtG
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Results

Use FormCalc to obtain analytical expressions T. Hahn [9807565]

—— MadGraph5_aMC@NLO
N Analytical (FormCalc)
g smeftsim_main.fr
- —
‘R.'L\qq 4
g ( SMEFTsim 1
s Flavor = topU3l,
o \ﬂir"‘“ a L Scheme=MwScheme J
. i
ca = —10 (SM + hn) "hulrrrluJ]"
| | . . . . . " "ll‘ I
® ° ® ® o o PS ° . )
B L L EE TR e - a8 ,;q.fo:._ ‘; ’.:._..'0.-.4.-..& e ke e iy / FeynArts .mod file / / FeynArts .gen file /

my; [TeV]
\ —— MadGraphb_aMCGONLO
A , ( FeynArts: draw topo- 1
™, Anal 1 > <
Y, nalytical (FormCalc) L logies and insert fields J
\“m‘
L\k‘ \ 4
bl..-l&\“ [ F?Al:thalc.:N::ompuge J
""-""'l-l"u‘.,,.tn.. . [Msm + Mgt ()|
ul'rn“uﬂ"ﬂu""n'"n
(1) L T N !
Cyy = 10 (SM + quad) WU"U"JLun‘u Mathematica:
' ' ' ' ' ' ' compute do(c)
e e St S s S 5 0
0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0 / Analytical do(c) /
Myt [TGV]
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Results

Next, we consider Higgs associated production and top-quark pair production (already
included in the SMEFIT global analysis)

We make sure to use the same operator basis, flavour assumptions as in SMEFIT to allow for

Integration
operator SMEFTsim SMEFiT Definition

Oy cHu cpui > iz1,2(#TiD ) (@i ui)
Opd cHd cpdi Z¢:1,2(90T’5Du90) (diy*d;)
O%q cHj1 — D i=1,2 i(@*Buw) (i7" i)
O cHj3 c3pq | Doi—12 i(soTBmsO)(ciw“TI qi)
0L | cHj1l — cHj3 | cpgMi _
Oy, cbHRe cbp (0T)Qby + h.c.

Ouw cHW cpW (goTcp)WI“ VWA{V

O.wB cHWB CcpWB (oT110) BH Wl{y

pp = ZH = £Y¢7bb

21

Use realistic cuts from arXiv:1708.03299




Results
pp - ZH — £ bb

Rescale the features to the same scale

Elirs /Zﬁ_ —
] B > _
<
i O
&= i e)
q A
_\_\_ L
- Ng_ |
l l 1 | , , ‘ , — S
250 500 750 200 400 1 2 Iy
p7 [GeV] P} [GeV] AR(by, by) oS

2950 500 750

I

ot

a ] s |
s =
, , , o)
1 2 0 2 A ) T -
A(b, bb) An(Z, bb)] Ag(b, 1)
— SM Cod = —10 _1 O 1
Cou = 10 0501(1) — 10 Z

p7 (rescaled)

22



) Marginalised 95 % C.L. interval O (A~*)
ML model (p%)
=~ T
- N p% € [75, 150, 250,400, co) GeV RGSU“S
= + SM L =300 fb!
.
0.75} 0.75} ,/f”‘_“‘\\\\\\\\
050] 0.501 * Assess the sensitivity of the STXS
3 Bimodal-distribution _ _ _ 7 _ :
0.25) 0.25) binning in p7 by comparing against
iR R the unbinned ML model trained on
—H 0 5} —2.9 0.0 2.0 Z I
0.1F 0.1} 0.1} pT On y

AN

This particular STXS binning is
suboptimal for EFT studies

— 0.1} —0.1¢t —0.11
w0 250023 000 * The ML model provides a very
1 10 10 10 useful benchmark for optimality
0.051 @ 0.057 C 0.057 0.057 @ StUd |eS
5@3 0.007 0.00¢ + 0.00¢ 0.00¢
—0.05} —0.05¢ —0.05¢ —0.05¢
—0.107} —0.107 —0.107 —0.107
=5 0 25 00 25 0.0 0.5 01 00 01
c(pWB Cch C(w (3)



Marginalised 95 % C.L. interval O (A~
7 1 ML model (p4)
= 7
5 — pZ € [75,150, 250, 400, 00) GeV R I
1 ML model (7 features) esu ts
2 + M L =300 fb™'
—5 0
0.75} 0.75}
050} 0.50 _
g ol Enforce a lower bound on the (relative)
—5 0 —25 00 25
01t 01t 01 Including all features leads to an
enhanced sensitivity iIn most cases
o5 00 @5 0.0f @ 0.0} @
) An unbinned multivariate analysis thus
—0.1} —0.1} —0.1} ,
| | S | | pays off, especially for CoWB and Chyp
=5 0 —25 00 25 0.0 0.5
0.10f 0.10f 0.10f 0.10f
0.05 0.05 A 0.05f 0.05
=5 0.0 0.00 + 0.00} 0.00f
—0.05] —0.05¢ y —0.05¢ —0.05]
—0.10} —0.10 —0.10} —0.10}
=5 0 5 —25 0.0 25 0.0 0.5 —0.1 00 0.1
Cow B CoW Chyp (3)

Coq



0.25}

S 0.00}

—0.257

0.057

Cb(p

—0.057

0.001

(3)
¥

—0.05}

—0.10¢

—0.1¢

Marginalised 95 % C.L. interval O (A_4)

ML model (p%)
ML model (7 features)

0.007

+ SM
0.05/
0.00} \ +
—0.05!
~0.25 0.00 0.25
0.00! /3 0.00! ;
—0.05} k —0.05} —
010 555000 0.95 ~010—5050:00 0.05
0.1 0.1
g\
0.0} . 0.0} >
-7
—01f | | 01t
—0.25 0.00 0.25 —0.050.00 0.05
C(pW Cb(p

L =300 fb!

0.1

0.0}

—0.1¢

—0.1

0.0
(3)

Copq

Results

Enforce a lower bound on the (relative)
statistical uncertainty of 1 %

Including all features leads to an
enhanced sensitivity iIn most cases

An unbinned multivariate analysis thus
pays off, especially for CoWB and Chyp



Conclusion and outlook

The SMEFT provides a model independent framework to search for NP that fully takes into
account correlations and connects new BSM phenomena

A global fit will profit from unbinned measurements: we are extending SMEFIT based on a ML
likelihood (ratio) parameterisation

Our approach scales to an arbitrary large number of EFT coefficients and gives a faithful
estimate of the model uncertainties

Our tool can be used to determine the optimal EFT sensitivity of measurements
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Conclusion and outlook

The SMEFT provides a model independent framework to search for NP that fully takes into
account correlations and connects new BSM phenomena

A global fit will profit from unbinned measurements: we are extending SMEFIT based on a ML
likelihood (ratio) parameterisation

Our approach scales to an arbitrary large number of EFT coefficients and gives a faithful
estimate of the model uncertainties

Our tool can be used to determine the optimal EFT sensitivity of measurements

Thank you!
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