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INTRODUCTION

The description of the fundamental interactions rely on unitary
and local quantum field theories.

Multiloop scattering amplitudes describe the quantum fluctuations
at high-energy scattering processes are the main bottleneck.

Accurate theoretical predictions in High Energy Physics require to
deal with multiloop and multileg scattering amplrtudes.

Even If we can compute all loops, numerical integrations are
needed to compare with experimental results.



PRECISE MEASUREMENTS

Standard Model Total Production Cross Section Measurements
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Status: February 2022

Experiments are
ouiding the
precision frontier

Most observables

are known to the

highest possible
accuracy

What is the
higshest theoretical
precision !

Where is the theory
precision frontier ?
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STATUS AT NNLO
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N3LO

How difficult could it be adding and extra “IN" to the game!?

Higgs (TH, app.) C. Anastasiou, C. Duhr, F. Dulat, F. Herzog and B. Mistlberger

Higgs (VBF) F. A. Dreyer and A. Karlberg
Higgs (Diff in TH app.) F. Dulat, B. Mistlberger and A. Pelloni
Higgs, B. Mistlberger

Higgs (Diff. qT-subt) L. C, X. Chen, T. Gehrmann, E. W. N. Glover and A. Huss

Higgs (Diff in TH app.) F. Dulat, B. Mistlberger and A. Pelloni
HH (VBF) F. A. Dreyer and A. Karlberg
bb->H, Duhr, Dulat, Mistlberger

HH (Diff. gT-subt) Chen,Tao Li,Shao, Wangd
DY (off-shell photon) Duhr, Dulat, Mistlberger

DY (W) Duhr, Dulat, Mistlberger
H->yy (diff) X. Chen, Gehrmann, E.W.N. Glover,
A. Huss, B. Mistlberger, A. Pelloni

H->yy (diff) Billis, Dehnadi, Ebert,
Michel,Tackmann

DY (diff) Camarda, L. C, Ferrera




FEIEORE [ ICAL [5SUES

Integrands are usually lengthy.

The number of Feynman diagrams increase enormously when high accuracy
s required.

Feynman amplitudes have divergences everywhere.We need to deal with all
of them !

Experimental results are always real numbers so, how we extract real
numbers from divergent quantities numerically ¢

Furthermore, exact comparisons must be done at Monte Carlo level and a
vast of numerical instabilities shall appear in the calculations.



BRIEORY MEETS EXPERIMERSS.

However, experimental data require

the theoretical input pushing the S T S ST Ee
g : : : - J2<u,pn,2Q<2m:1/2<p /u, u/Q u/Q<
precision frontier to a highest orderin § o ™ et 2Tt MRS b 1A ES
- B NLL+NLO resummed
QCD. ;3 40— I NNLL+NNLO resummed
% - I N°LL+N’LO resummed
v [

Physics searches have to be done at 20
the highest posible accuracy.

New methods for higher order

ratio to N°LL

calculations are extremely important. 0 5 10 15 20 25 _ 30

q, [GeV]

Experimental results needs Monte Phys.Rev. D 104 (2021) I'l,L111503

Carlo simulations in order to
compare with nature.



HANDLING INFINITIES

» The standard definition for observables rely on QFTs.

* The basic algorithm are the Feynman rules which provides the theoretical
predictions of nature through complicated expressions.

» First, build the scattering amplitude | A4 ), and then
o~ [dPS | A |7

» However, the validity of QFT Is extrapolated to infinity energy. when loops are

computed, and also to zero energy when parallel particles mimic the behavior
to a single particle emitted.




DIMENSIONAL METHODS

« Dimensional schemes

4p 't-Hooft and Veltman (HV) '72

4p Conventional Dim. Reg. (CDR) '73
4p Dimensional Red. (DRED) '79

4p Four-dimensional helicity (FDH) '92
« Reformulation of dimensional schemes
M Six-Dim. Formalism (SDF) '09

M Four-Dim. Formalism (FDF) '14

Desired properties:
B Mathematical consistency
B Unitarity and causality

Can | add:
B Symmetries !
B Computational efficiency ?



I SCHEMES - 155U

* Virtual corrections are, In some sense, doable up to certain level, but real
contributions are a hard task to perform.

UV renormalization s tedious.

» Pseudoscalars are complicated to study since the ys is not well defined in d-
dimensions.

By construction: Algebraic definition: d+#4
. » {}’5 a}’[d]} = 2}/d 4]}/5
o AC et
il o BM , u AC u
T &a) Ol plo)a) s Vgt s Mgk

Different results !
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NON-DIMENSIONAL
METHODS

« Non-dimensional schemes

4 Implicit reg. (IREG) '98

4 Four-Dim. Reg/Ren. (FDR) "2

4p Four-Dim. Unsubtraction (FDU) 'l 6

* Towards cross sections in 4D (LTD)

4 Removing threshold singularities, "2 |
4 Causality of multi-loop amplitudes, '2 |

4 LTD and Quantum computing, '2 |

Desired properties:
B Mathematical consistency
B Unitarity and causality

Can | add:
B Symmetries !
B Computational efficiency ?
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PRECISION PHENOMENOLOGY
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g Dot recond: 201213 0814621400 OHT 2-Jet Event at 2.36 TeV

Run/Event: 194108 / 564224000
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CATLAS
A EXPERIMENT

2009-12-08, 21:40 CET
Run 142065, Event 116969

Phenomenology in
Hadron Colliders




BREORE | ICAL PREDIC FICNS

To fully determine (or to try to understand) how elementary
particles interact, we need to compute a process like the following,
by means of the Factorization Formula (probabilities everywhere).

|
|
|
|
|

1 1 1
o+ X — 37 [ do [ dy [ de g2 (o) 527 (0 1) DE o e
0 0 0

a,b,c



BOVWEVER IN | RE LABSSS

Certainly, it is possible to compute this complicated object by some
complicated numerical methods, new algorithms, etc., but it is
enough the computation of it to claim that we understand the
physics of fundamental particles ?

The issue is that experimental data can
only provide us informations of the
particles that interact with the detectors.

In general, we only know completely the

information of the inicial and final state
particles.
What happens with fundamental partons ?

|4



MACHINE LEARNING

Machine Learning is a form of Artificial Intelligence that allows
a system to learn from data instead of learning through explicit
programming.

One of these systems that are widely used are neural networks.
Can we use this new paradigm to know the properties of
fundamental partons (at certain level of accuracy) ?

|
L

— Input — . '...'°.;}';' ,. : —{  Output |-
Experimental BRSSO A Theoretical
data SRR variables

IS



NEURAL NETWORKS

In practice, neural networks are organized by layers and
neurons. All connected in order to learn to recognize patterns or
structures that allow us to find the output faster.

Neural Network

|6



ANALYZING DATA IN HEP USING ML

* What would happen if we left you with a known data set and

asked predictive methods to learn and predict the unknown
theoretical variables?

o =
@ Linear Regression
1=0
e e — Zaixi Q16 45 (& A
1=k
@ @ Gaussian Regression

Yreo = | [ exp (—llz — wil*/20%)

..'.

%



STUDY OF pp — nty
@ NLO QCD + LO QED

« A first attempt was made to study the production of a
pion in association with a photon.

« Since the kinematics of a 2 — 2 process at LO is fully

determined, we are interested in quantum corrections:
NLO QCD + LO QED.

« It is important to point out that at very high energies
pions may be the product of a hadronization process,

wW.
W]

hic

n is poorly understood at the fundamental level but

nic!

n can be characterized by a kinematic variable, z.

|8



EXTRACTING DATA

The experimental data were simulated by Monte Carlo
simulation of different channels.

There are many integrals but we can reduce them by
applying the experimental isolation algorithms.

Generated channels

CYS (87 dPSQ_ﬂ IM )|2($1K1,$2K2,K3/Z K4)

~1SO +
do-cu az—aszy 27‘(‘ 27‘(‘ 24 82 LO QCD LO QED NLO QCD
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NON PERTURBATIVE QCD

Non perturbative objects (PDF and FF) enters in the Factorization Formula
and they are known from fitting data with theoretical inputs.

The parton distribution function (PDF) Is the probability density of finding a
parton a with momentum fraction x inside an & hadron, ffl‘(x).

Z/dx:cff(a:)nL/dx:cfg(a:) — 1

The fragmentation function (FF) Is the probability density of generating a
hadron A with momentum fraction z of the b-parton, D[ﬁ’(z).

drzDiz) =1
>/
20



PARTON DISTRIBUTION
FUNCTIONS

MSTW 2008 NLO PDFs (68% C.L.)
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FRAGMENTATION

FUNC TIONS
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ISOLATION CRITERIA

* The event selection procedure is given by the Smooth Cone Isolation
algorithm.

Smooth function: &) = e, G:ZZZQ)
. 2SECHON
Define :
; Er(r) =8 En Gt
i 13 < @)
=1y =/ — ~ ¢o)? § y Is Isolated
Smooth cone |so|at|on  Else, y I1s not Isolated

________________________________________________

We apply to the MC simulation kinematical cuts from
STAR/PHENIX @ RHIC

L s 7 <035, ph>2GeV, 5GeV = pl - I5E T 0



HADRON AND PHOTON
DISTRIBUTIONS

Differential distributions of transverse momentum of pion and photon at
LHC and RHIC energies.
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Transverse momentum of the pion Increase faster than the photon
transverse momentum due to FFs,
Cross sections is larger for LHC energies.
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HADRON AND PHOTON
DISTRIBUTIONS

Differential distributions of inrtial and final momentum fractions at LHC
and RHIC energies.
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There are important corrections at NLO QCD and small deviations at LO QED.
Experimental cuts In p; ,Induce constraints on the maximum value of x.

The distribution averages around z,,, & 0.35for RHIC and z,,,,, & 0.25 for LHC. oc



CORRELATIONS OF VARIABLES

N W 01 O N o
[ ] | | S ) O R |

N w BN o1 (o)} ~ (e}

In order to consider experimental environment, we average the our

experimental data sets,as Vgyp, =

Momentum fractions at LO

=K.
_10

510_6

;10_7

10-8

N W s~ 01O N o o

{pTapTa 7nwam(¢w % ¢’Y)}

Momentum fractions at NLO QCD + LO QED ?

N w L= (&) (@) ~ oo
n-n_n_ ‘A .n n q[. n§n. 7§

= N W A~ 1 o N o ©

N w E-Y o1 (@)} ~ (o0)
N W B~ o1 o N o0 O

o[ubarn]

1077

10710



EERTON KINEMATICS Al

Since the kinematics at LO s fully known, we used simple Linear

Regression to test our approach.

The basis Is Inspired by the analytical results,
BLO = { /—gzM eXP(UW)a —/EZ;—M eXp(an)a —/gz;—M eXp(_nw)v /—gzM eXp(_an)a p%/p%}
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PARTON KINEMATICS AT NLO

For NLO kinematics, for Linear and Gaussian Regression, the LO basis is
not enough.

1S E= Pr D1 ex ex COs ok Ph -1 PT_y-1 exp(n)) L, (exp(n™)) ™!
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X RECONSTRUCTION AT NLO

There are different bases that can be used. The choice can be inspired by physics or
not, it depends on the programmer. [Renteria-Estrada, H.P, Sborlini, Zurita].
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ERECONS | RUCTION Al INESS

For the momentum fraction of final state partons we find a good agreement in the

reconstruction
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USING A NEURAL NETWORK

In the case of NN, there Is no need to specify the basis to
reconstruct momentum fractions of initial and final states partons.
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UNCERTAINTIES

The procedure presented leads to three functions for reconstructing each
momentum fraction. Given a kinematic point in the grid, p; € 7 gy, we have

) =l il
X(py) = {XREC(pj)’XREC(pj)’XREC (pj)} ;

and define

e ) = X5 4 ") — minCK(p)
REC\Lj/ — e

= X(p)) £ AX(p).
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CONCLUSIONS

* Precision phenomenology is needed for the forthcoming
precision era.

* Theoretical calculations needs new paradigms to avoid the
handling of ill-defined quantities (infinities).

* Machine Learning is now guiding some studies to achieve
the understanding of fundamental properties of nature.

* Monte Carlo simulations takes long time to compute large
number of integrals due to infinities but also from the
running of non-perturbative kernels, can we do something
there with ML ? Stay tuned...
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Figure 19: Comparison of the momentum fractions Xpgy, vs. Xppe (left) and Zyg,
vs. Zpge (right) obtained with MLP at NLO QCD + LO QED accuracy. The parameters
for TEST1 (upper row), TEST2 (middle row) and TEST3 (lower row) are given in
Table 3.



NN PARAMETERS

Different configurations
for each reconstructed
barameter were taken.

Xgee (LO) | Zpge (LO) | Xpge (NLO) | Zgge (NLO)
# of hidden layers 2 1 5 5
# of neurons/layer 200 100 300 300
activation function RelLU RelLU RelU RelLU
# iterations 1x 10° 1x 10° 1x 102 1x 102
learning rate 1x1072 [1x107* | 1x 107" 1x 1074

Table 2: Architecture for the MLP best fit parameters for the reconstruction of the mo-
mentum fractions at LOin QCD: Xy (LO) and Zpc(LO) (second and third columns),
and for the momentum fractions at NLO QCD + LO QED: Xp;:(NLO) and Zy;~(NLO)
(fourth and fifth columns).
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Figure 15: Left: Comparison of the momentum fractions Xy, and Xp; obtained
with MLP neural networks with the parameters given in Table 2. The upper (lower)

row corresponds to the LO QCD (NLO QCD + LO QED) data set. Right: same as the
Lh.s but for Zyg,, and Zggc.



