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Abstract. This paper presents the development of the Generative Adversarial Network
(GAN) model to study the properties of direct photons produced in proton-proton collisions.
The study aims to extend the capabilities of our model (developed previously) by introducing
the initial collision energy parameter \E;\, in the range from 9 to 27 GeV. The model has
been trained on the data generated using PYTHIAS and tested both at training energies and at
intermediate energy values. Special attention was paid to the ability of the model to preserve
kinematic dependencies and to reproduce the double longitudinal spin asymmetry A,,. The
results proved the possibility of using the GAN to interpolate the characteristics of direct
photons in terms of collision energy.
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AnnHoranusa. B pabote npeacraBieHO pa3BUTUE MOJEIU T'eHEePaTUBHO-COCTSA3aTEIbHOMN CETU
(I'CC) nnsa uzydeHus XapakKTEpUCTUK TPSIMbIX (POTOHOB, 0OPa3YyIOLIMXCSI MPU CTOTKHOBEHUSIX
npotoHoB. MccirlemoBaHne HallpaBiIeHO Ha paclInpeHre BO3MOXKHOCTE! paHee pa3paboTaHHOMI
HaM¥ MOJIEJIM ITYTEM BBEJIeHUA TapaMeTpa Ha4yaJbHOM SHEPTMU CTOJIKHOBEHHUS VS, B IMANIa30HE
27 — 9 I'sB. Mogenp obOyyeHa Ha IaHHBIX, CTeHEpMpPOBaHHBIX ¢ Tomoinbio PYTHIAS, n
MIPOTECTUPOBAaHA KAK IIPU IHEPrUsX 00yUYeHUsl, TAK U IIPU IIPOMEKYTOUHBIX 3HAYECHUSIX SHEPTUHL.
Oco0o¢ BHMMaHUE YAEJIEHO CIIOCOOHOCTU MOJEIM COXPaHSITh KUHEMAaTUYEeCKUE 3aBUCUMOCTHU
U BOCTIPOM3BOAUTD IBOWHYIO MPOAOILHYIO CIIMHOBYIO aCUMMETPUIO A, . Pe3ynbraThl foKaszanm
BO3MOXKHOCTh Mcnonb3oBaHusg ['CC mIsg MHTEPIIONSIINN XapaKTePUCTUK TIPSIMBIX (POTOHOB 110
SHEPTUM CTOJTKHOBCHMUSI.
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Introduction

Study of the proton structure and the formation of its spin remains one of the key challenges in
modern physics [1]. Various experimental facilities are constructed to solve this problem, among
them, in particular, the SPD experiment at the NICA collider currently under construction at the
Joint Institute for Nuclear Research (Dubna, Russia) [1].

Gluons play a major role to the total spin of the proton [1], described by gluon helicity func-
tions Ag(x), integrated to obtain the total contribution to proton spin. An effective approach to
obtaining the values of Ag(x) is to measure the double longitudinal spin asymmetry (DLSA) 4,,
occurring in collisions of longitudinally polarized protons [1].

DLSA can be measured for various particles, including charged and neutral pions [2], as well
as (J/y) mesons [3]. A particular interest lies in the direct photons produced in electromagnetic
interactions of proton partons, in particular, in the Compton scattering reaction gq(g) — vq [4].
The advantage of direct photon measurement is in the simpler theoretical description that does
not require hadronization models.

Despite this advantage, direct photon measurements are fraught with difficulties, including
small sample size and problems with isolating direct photons against the background of photons
from decay of secondary particles, for example, the decay of the n° mesons [4].

An approach using a generative adversarial network (GAN) was proposed in a previous paper
to solve the problem of small samples [5]. It was proved that the GAN can faithfully reproduce
the characteristics of direct photons produced in collisions of longitudinally polarized protons,
allowing to calculate the asymmetries.

This paper develops the proposed approach to expand the capabilities of our GAN model [5].

For this purpose, we introduce the parameter of the initial collision energy \/%, which should
provide results for arbitrary energies in a given range. Such an interpolation should provide
improved accuracy in determining the values of Ag(x), consequently yielding better estimates for
the contribution of gluons to the proton spin.

Computational procedure

To verify that the GAN could be expanded to predict direct photon production at different
energies % and in the absence of experimental data, the model was trained on pre-generated
simulation data. The PYTHIAS program was used as a Monte Carlo generator [5, 6].

The main parameters of the Pythia8 program used in this study were as follows [5]:

PromptPhoton: qg2ggamma = on,

PromptPhoton: qgbar2ggamma = on,

MultipartonInteractions: pTORef = 2.2,

NNPDF31 nlo_as 0118 [7] (for unpolarized events),

NNPDFpolll 100 [8] (for polarized events).

The energy range of 9—27 GeV was considered for the initial collision energy \/%v The choice
of the range was dictated by the experimental conditions of the SPD at the NICA facility [4]. To
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train the model, samples were generated at \/% =9, 15, 21, and 27 GeV for collisions of both
unpolarized and polarized protons (the term ‘events’ is used throughout the paper). The size of
each sample was 500,000 events (collisions).

Similar to the procedure adopted in the previous paper [5], the z-components of the momen-
tum p_ , of the first and p, , of the second partons, as well as the p - Dy and p -components of
the momentum of the produced direct photon were extracted from the generated samples Instead
of the components p_  and p, o Ve used their transformed versions 7{(p, ) and T(p, 2) to train
the GAN, in accordance with the results from [5].

The GAN loss function remained unchanged and was a least square function [5]. The number
of epochs for training was increased to 2,000. The batch size was also increased to 2,000. The
gradient descent optimizer was replaced by Adam with the following parameter values:

The training step of 2-107* was taken for the generator and discriminator, the forgetting
factors B, = 0.9 and B, = 0.5 for the gradients and the second moments of the gradients,
respectively [9].

The architecture of the generator is based on the results of our previous work [5].
A 128-dimensional vector whose elements are normally distributed is fed to the input of the
generator. The initial energy \/sNN and the polarization type of the event are used as condi-
tional variables. Conditional variables are combined with a 128-dimensional vector so that
the generator can adapt its output to different generation scenarios. The number of hidden
layers was increased to 8. Each hidden layer has 512 neurons and a Leaky ReLU activation
function with a dropout of 0.2 [10]. Next, the ResidualAdd procedure was applied to each
hidden layer [11] to make the training process with a large number of hidden layers more sta-
ble. The ResidualAdd procedure is that the output of each layer after the activation function
is summed with the output of the previous layer. This approach allows to mitigate the gra-
dient vanishing problem in deep neural networks [11]. The output of the generator contains
5 generated values:

T(pqu)’ T(pqu)’ px’ py’ pz'

The discriminator has almost the same architecture as the generator. The input of the discrim-
inator is fed 6 values generated by the generator, along with conditional variables. The parameters
of the hidden layers of the discriminator repeat the parameters of the hidden layers of the gener-
ator with one exception: Spectral Normalization is applied to each hidden layer [12]. The output
from the discriminator contains one neuron reflecting the degree of confidence of the discrimina-
tor that the input is real data as opposed to those obtained using the generator.

Simulation results
To illustrate the performance of the GAN at different initial s,

syy» only a part of the complete

set of parameters is shown below; these are p_ and p =, | pi + pi , as well as the DLSA values.

The remaining values are not shown because their distributions are similar.

Fig. 1,a shows the distributions of the parton momentum p, i in collisions of unpolarized pro-
tons. The simulation results obtained by PYTHIAS and the GAN predictions were compared for
\/_ of 9, 15, 21 and 27 GeV, at which the model was trained, as well as for intermediate ener-
gies of 12, 18, 24 and 30 GeV. Each subsequent distribution in the graphs in Fig. 1 was shifted
by 10 GeV for clarity (to separate the distributions). Analyzing the graphs, we can see that the
GAN model provides good predictive accuracy for both the energies at which the training was
performed and the interpolated values.

A similar picture is observed in Fig. 1,b, showing the distributions of the transverse momen-
tum p_ for photons in collisions of polarized protons. Notably, the model preserves the prediction
accuracy in this case.

: ) ) 2
Fig. 2 shows the dependences of asymmetries A4, ,on the momentum fraction x, = Pr of

SNN
direct photons, calculated from GAN predictions and PYTHIAS simulations. It follows from
this figure that GAN predictions yield 4,, values coinciding with the PYTHIAS values (with an
accuracy up to the uncertainty) over the entlre range of initial energies Vs,
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Fig. 1. Comparison of GAN predictions (solid lines) and simulations (dashed lines)
for momentum distributions of partons P.a (a) and direct photons p,. ()
in collisions of unpolarized (a) and polarized (b) protons at different initial m
(see the legends: the energies are given in GeV; odd values were obtained during training and even values
were interpolated). Number of events N, = 500,000; the PYTHIAS8 program was used for simulation
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Fig. 2. Asymmetry A,, as function of momentum fraciton x,of direct photons in collisions of

longitudinally polarized protons, at different initial energies of Vs, in the range of 12—30 GeV.

The data were obtained using GAN and PYTHIAS (orange squares and blue circles, respectively)
The error bars are comparable in size to the data points
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Conclusion

This paper continues to developed the generative adversarial network (GAN) developed earlier
for predicting the characteristics of direct photon production in proton collisions. The model’s
predictive capabilities were expanded to extracting the characteristics of direct photon at various
initial energies Vs, in the range of 9—27 GeV.

We confirmed that the model predicts the results of proton collisions with high accuracy both
for the energies at which the training was performed and at intermediate values. From this, we
can conclude that the model is capable of interpolating the given parameters based on the initial
energies \/%v The accuracy of the predictions is preserved collisions of both unpolarized and
longitudinally polarized protons (p~p~)).

In addition, we established that the GAN model preserves the kinematic dependences
between the generated parameters, allowing to calculate the values of double longitudinal spin
asymmetry A,,. The A,, values can also be obtained at any energies \s,, in the considered range
of 9—30 GeV.
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