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Process

In this work we are interested In
studying the production of a direct
photon plus a pion In proton-
proton collision:

pp - T +y

The aim is reconstruct the
momentum fraction x , X, and z of

the originals partons in the
interaction to NLO QCD + LO Havol

QED accuracy .

photon

Extraction fractions moments using Machine Learning techniques in pp = m +y process.



Motivation

« Aim: reconstruct the momentum fractions x_, x, and z.

* Nowadays, Machine Learning is a tool that allows to make a predictive model to

reconstruct {x,, X, , z}.
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We compute the next-to-leading order QCD corrections to the polarized (and unpolarized) cross
sections for the production of a hadron accompanied by an opposite-side prompt photon. This process,
being studied at RHIC, permits us to reconstruct partonic kinematics using experimentally measurable
variables. We study the correlation between the reconstructed momentum fractions and the true partonic

ones, which in the polarized case might allow us to reveal the spin-dependent gluon distribution with a
higher precision.
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Hadronic Cross—Section

In hadron-hadron collisions, the cross section Is described by the
convolution between PDFs, FFs, and the partonic cross section.
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Partonic
Process
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Cross section calculation

 The Cross-Section at NLO QCD is implement in FKS (virtual + real + UV
counter terms + ISR counter-terms)

Hadronic cross-section
1
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Computational details

The selection procedure is given by the Smooth Cone Isolation algorithm

Parton 2

)

= —\/ + (¢ — ¢0)?

Smooth cone isolation
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Computational details

The selection procedure is given by the Smooth Cone Isolation algorithm

4
Smooth function: &(r) = e, E7 (1 - COS(T))

1 — cosrg
Selection criteria
Define: Er(r) =>_, Er,0(r — ;)
If Er(r)<&(r) Then:
E, Y is Isolated

— 7= \/ — ¢0)? Else:

Smooth cone isolation Yy is not Isolated

Parton 2
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Computational details

The selection procedure is given by the Smooth Cone Isolation algorithm

4
Smooth function: &(r) = e, E7 (1 - COS(T))

1 — cosrg
Selection criteria
Define: Er(r) =>_, Er,0(r — ;)
If Er(r) <&(r) Then:
E, Y is Isolated

— 7= \/ — ¢0)? Else:

Smooth cone isolation Yy is not Isolated

Parton 2

The cuts are used by STAR/PHENIX @ RHIC
" <0.35, |n7| <035, ph>2GeV, 5GeV <pl <15GeV

Extraction fractions moments using Machine Learning techniques in pp = m +y process.
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* The cross-section increases for higher c.m. energies.
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* The distribution in p7T falls faster than the p% -spectrum, mainly because of the convolution

with the FFs.
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First: Photon + H
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Fraction momentum distribution.

* Important NLO QCD corrections, but small percent-level LO QED ones.
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« The experimental cut in pJ- induces a restriction on the maximum value of x involved in the

collision.

« The distribution present a peak, located at z,_, = 0.35 for RHIC z, _, = 0.25 for LHC Run II.

Extraction fractions moments using Machine Learning techniques in pp =* m +y process.

10



Reconstructing the partonic kinematics

Experimentally accessible quantities:

Vexp = {Ds D57, 77, co8(¢™ — ¢7)} = Detector measurements
LO kinematics , x
X)) =——= (e”” + e’fy) zZ= p—i
S Pr

Extraction fractions moments using Machine Learning techniques in pp =* m +y process.
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Reconstructing the partonic kinematics

Experimentally accessible quantities:
VExp — {ﬁ%:pg’v ﬁfya ﬁwam(¢ﬁ - ¢7)} -

LO kinematics , x
X —_— ﬁ ( ’1” + e']iy> Z — &

1,2 4

S Pr

NLO QCD approximation (2011)
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Reconstructing the partonic kinematics

Experimentally accessible quantities:

Vexp = {Ds D57, 77, co8(¢™ — ¢7)} = Detector measurements
LO kinematics , x
_ pT ( r]in niy) _ pT
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Reconstructing the partonic kinematics

| | | 10 | | | 1.0
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Reconstructions Methods

X = { Xgenerala XLO—in87 Xph,ysically}

 Linear Method

i=0
YrEec = ZOAZ{C@' for x; € Xj
i=k
7 = general, LO-ins, physically

 Gaussian Process Regression

Yeme = | [ exp (<|lz — wl*/20%)

Extraction fractions moments using Machine Learning techniques in pp =* m +y process.
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Reconstructions Methods

X — { Xgeneml,XLO—in37Xphysically} Neural Network |
Input Hidden Layer | Output
* Linear Method (s @ %m —®
YrEec = Z a;x; for x; € XJ GDK% % @
7.6
j = general, LO-ins, physically @%/ 0 >0 ()
* Gaussian Process Regression ,_ I W
B 112 /072
YrEC —IZIeXP (=[x = pal[7/207) Input

]_)Exp - {ﬁq{aﬁﬂ-aﬁ/ya ﬁwam(¢ﬂ - bey)}
« Neural Network e

The NN implemented in this work is a Multilayer ~ Output
Perceptron with 5 hidden layers, 300 neurons per x.,x,, 2}
layer and a Relu (Unitary Linear Rectifier) v
activation function.

Extraction fractions moments using Machine Learning techniques in pp = m +y process. 16



Reconstructing the partonic kinematics
General basis:

Km 2T PR o), exp(n™), cos(67—67), (—2L_ )1

- VSeu \/SCMé Scm
Yeec = Y (af +b) Ks)K; + >

i=1,i#5 i<j,{i,4}#£5,—i#£5

i

Extraction fractions moments using Machine Learning techniques in pp =* m +y process.
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Reconstructing the partonic kinematics
General basis:

C pr jzs

n7), exp(n™), cos(d™ —” Pr_y1 PT_y-1 exp(nN) 1, (exp(n™)) !
—{@7\/%—]%;)@(0 ), exp(n”), cos(¢" —¢ )’<\/52—M) J( SZM) , (exp(n”) ", (exp(n™)) "'}
YrEC = Z (aZY + b}/ Ks) IC; + Z (03; + d}; Ks) ICiKC
i=1,i#£5 i<, 4,5} #5,5 —i#5
LO—-inspired basis:
Y Y T T
B3 = Pr exp(n?), Pr exp(n™), Pr exp(n7), br exp(n™),
p7Ks o PrKs o~ PTKs w  PTKs -
exp , exp : exp , exp
JSen (n7) TS (n™) N/ (n7) S (n™) }

BE o = {p%/p), Ks v}, Ksp5/\/ S, Ks v/ Son [k}

p%/" *r + r
x1’2:_<’1 +e;17) Z:ﬁ
S

Extraction fractions moments using Machine Learning techniques in pp =* m +y process.
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Reconstructing the partonic kinematics
General basis:

= Pi P n7), exp(n™), cos(d™ —” Pr_y1 PT_y-1 exp(nN) 1, (exp(n™)) !
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Y Y L T
BN g BT exp(n7), Dy exp(n™), by exp(n7), br exp(n™),

p7Ks o PrKs o~ PTKs w  PTKs -
ex , ex : ex , ex
N p(n7) NG p(n™) TS p(n7) oy p(n™) }
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Physically—motivated basis P
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Py +n + n X1 _ (. Z g7 . ,
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Reconstructing the partonic kinematics

Reconstructing {x, z} at higher-order
* NLO corrections involve: real (2-to-3), virtual

(2-to-2), counterterms (2-to-2).

Integrator
i e Create “bins” in the external variables and
compute the cross-section:

Phase-Space randomly

Monte Carlo | t
simulation npu
Y

> |ntegrator

pj = {py, Pr, 77,77, C08(¢" — ¢7)} € Vixp

Overcome
cuts?

(p7)4,MAX , (PT)4,MAX
i |
(

> Uj(ﬁ}?ﬁzlr"vﬁ’)l)ﬁﬂvm(gbﬂ_qyy)) :/ dp% oo X /dl’ldiﬁgdzd&

Vegas
/- y algorithm

N (P7) 4, MIN PT)4,MIN
< GTOTAL = Z a; PDE® FEQ d&!so
o Factorization . . .
theorem * Weight the MC momentum fractions with the

cross-section per bin:

@) = 3 (wni;%j(pj; (21):)

(2); = Zzz‘%(m;zi)
20
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Reconstructing the partonic kinematics

2112.05043 [hep-ph]
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Reconstructing the partonic kinematics

2112.05043 [hep-ph]
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Reconstructing the partonic kinematics
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Reconstructing the partonic kinematics
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Conclusions

* Updated results are still consistent with '11 analysis (modifications come
from new PDFs and better FFs)

* LM: better for large-size basis

* GR: has more flexibility, and better agreement w.r.t. LM (improvement in
X)

* NN: based on MLP, offers the best balance between assumptions and
guality of the reconstruction

Extraction fractions moments using Machine Learning techniques in pp =* m +y process.
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Motivation

« Aim: reconstruct the momentum fractions x_, x, and z.

* Nowadays, Machine Learning is a tool that allows to make a predictive model to
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Photon + Hadron correlations
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This procedure leads to three functions for reconstnucting each momentum fraction: given a
kinematic point in the grid, p; € V. we have

X(py) = {Xpge () Xpe () Xl o))k (50)
and define
max(X(p,))— min(X(p, )

EREE{PJ]=E{PJ]:I: Ex{f-’}] :I:M{PJJI- (51)

1.1
— Xggar — ZrpaL
10 NN Estimation 1.0 | NN Estimation
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0.9
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8k Z
. 0.8
T
= 0.7
X 6 N
= 0.6
syt SO e T 0.5
............................ o
P T i e
: \ . \ \ \ : 03Ee=25 A ) . \ . .
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Xrpar(x1072) ZppAaL
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Parameters TEST 1 | TEST 2 | TEST 3
# hidden layers 2 4 3

# neurons,/layer 50 100 100
tolerance 1072 107 1073
max. number of iterations 10¢ 10# 10%

# iterations w/o change 14,000 | 21,000 | 100,000

Table 3: Architectures for the MLP of three different tests for the reconstruction of
the momentum fractions at NLO in QCD. All parameters are taken to be the same for

Hppe and Zypge.

Extraction fractions moments using Machine Learning techniques in pp =  +y proces
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Xngr: (2 107%)
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Figure 19: Comparison of the momentum fractions Xy vs. Xppe (left) and Zpp,,
Vs, Zpge (right) obtained with MLP at NLO QCD + LO QED accuracy. The parameters
for TEST1 {upper row), TESTZ {middle row) and TEST3 (lower row) are given in

Table 3.
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Kppe (LO) | Zpee (LO] | Kppe (NLO) | Zppe (NLO)
# of hidden layers 2 1 5 5
# of neurons/ layer 200 100 300 300
activation function RelU Rell ReLlU RelU
# iterations 1= 10° 1= 10° 1= 101 1= 1012
learning rate 1= 1078 [ 1= 107 | 1= 107" 1= 107"

Table 2: Architecture for the MLP best fit parameters for the reconstruction of the mo-

mentum fractions at LOin QCD: Xppe(LO) and Zppe(LO) (second and third columns),
and for the momentum fractions at NLO QCD + LO QED: X -(NLO) and 2 -(NLOY

(fourth and fifth columns).

Nnear [=1077)

Xigar (= 10°%)

23 15 50 G4 74
Xnee [ 1077)

Figure 15: Left: Comparison of the momentum fractions X, and Xy obtained
with MLP neural networks with the parameters given in Table 2. The upper (lower)

row corresponds to the LO QCD (NLO QCD 4+ LOQED) data set. Right: same as the
Lh.s but for Zyp,, and Zgp-
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Reconstructing the partonic kinematics

Reconstructing {x, z} at higher-order
* NLO corrections involve: real (2-to-3), virtual

(2-to-2), counterterms (2-to-2).

Integrator
i e Create “bins” in the external variables and
compute the cross-section:

Phase-Space randomly

Monte Carlo | t
simulation npu
Y

> |ntegrator

pj = {py, Pr, 77,77, C08(¢" — ¢7)} € Vixp

Overcome
cuts?

(p7)4,MAX , (PT)4,MAX
i |
(

> Uj(ﬁ}?ﬁzlr"vﬁ’)l)ﬁﬂvm(gbﬂ_qyy)) :/ dp% oo X /dl’ldiﬁgdzd&

Vegas
/- y algorithm

N (P7) 4, MIN PT)4,MIN
< GTOTAL = Z a; PDE® FEQ d&!so
o Factorization . . .
theorem * Weight the MC momentum fractions with the

cross-section per bin:

@) = 3 (wni;%j(pj; (21):)

(2); = Zzz‘%(m;zi)
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Second: Photon + Hadron correlations

LO kinematics

® X VS
pT ® 7 VS pr
- o 1075
10 8
1076 _ ! T
] L
< —
1077 2 x 5 2
= ;\; 10 %
o 4
1078
3 10-8
10-° e
£ —9
Pl ————— Pr o 10
X o= T niﬂ+ eni}' 6 8 10 12 14 L= —
1,2 py [GeV] Pr
S
8 10-6 9 l-_ 106
7 8 u
6 1077 7 10-7
T T = Hl
Zs — g g
RS =t 5/5 10 =
S =
4 <) N 4 (<)
3 1079 3 1079
2
2
— T T T T T T T 1 10710 1 +—— T T T T T 10710
6 8 10 12 14 6 8 10 12 14
P [GeV] 5 [GeV]
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Second: Photon + Hadron correlations

NLO kinematics

® X VS Pr ® 7 VS pT
9
1075 8 1075
1076 ! 10-6
T
1077 =2 35 )
= N 1077 =
S N 4 [
1078
3 10-8
1077 5
T — 1+— — 1079
—_ "? .-? 6 8 10 12 14
X 12 =" P [GeV] =1 P} [GeV]
*
8 9
106 8 106
7
7
6 -7 s -7
7 0 5 76 1 5
o < o <
0 < X5 <
= 10-8 = e 108 =
53 4 [ I 4 S
3 10-9 3 - 109
i)
2 2 ||
— 10-10 171" 10-10
6 8 10 12 14 6 8 10 12 14
PF[GeV] PF [GeV]
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