Momentum reconstruction of particles in the forward muon trigger system of the ATLAS detector

Gideon Dror^∗ Department of Computer Science The Academic College of Tel-Aviv-Yaffo, Tel Aviv 64044, Israel

Erez Etzion^† David Horn^‡ School of Physics and Astronomy Raymond and Beverly Sackler Faculty of Exact Sciences Tel-Aviv University, Tel Aviv 69978, Israel

April 30, 1999

Abstract

We devise a feed forward neural network which identifies the charge and momentum of muons in the forward trigger system of the ATLAS detector. We use second order learning methods to train the network on a set comprising a few thousand simulated events over a wide range of energies and transverse momenta. The network produces an unbiased estimate of the particles’ momentum and charge. On a test set, the charge is correctly identified in 94% of the events, and the mean relative error in transverse momentum is about 1.9%.

∗gideon@server.mta.ac.il †erez@lep.tau.ac.il ‡horn@neuron.tau.ac.il

1 Introduction

The Large Hadron Collider (LHC) is an accelerator which will bring proton beams into head-on collisions at energies of 14 TeV and luminosity L = 10^{34} cm�^2 s�^1, higher than ever before. The high luminosity produces an event flux of about 1 GHz. In such an environment there is a unique importance to an efficient triggering system operating within the short bunch crossing period of 25 ns. For this purpose the trigger system is organized in three levels, each reducing the rate by several orders of magnitude.

In this work we describe a neural network implementation which may be used as an efficient triggering device. By using standard algorithms the network learns the statistics of the data which is otherwise described by very complicated dynamics.

2 Experimental setting

The muon detection and momentum measurement technique at the ATLAS detector is based on the magnetic deflection of muon tracks in a system of three large superconducting toroid magnets. In this work we focus on triggering with muon hits on three thin-gap chamber (TGC) stations [2, 3, 4] in the end-cap region, η ˘ 1.05, where η is the pseudorapidity η = � ln tan(θ/2) and θ is the polar angle. As trigger chambers, the TGC are required to have a good time resolution with fine granularity. The muon that is produced with momentum ⃗P , is Coulomb scattered while traveling through the calorimeter, and its track is being bent by highly non-homogeneous magnetic fields of both the barrel and the end-cap magnets. See Fig. 1 for a general engineering view of the setup. The trigger quality is determined by the momentum resolution that is achieved. Hence we wish to accurately reconstruct the transverse momentum and charge of the muon from the patterns of its hits on the TGCs. This is a highly non-trivial inverse problem.

3 Method

We use a standard feed forward neural network to learn the one to one correspondence between the final direction of the muon track and its charge and initial momentum. For training the network and for testing its performance we use simulated events produced by the DICE program [7] which include all essential features of the detector. We study events with single muon tracks in the range η > 1.05 which hit the end-cap TGCs. The events include positive or negative muons with transverse momentum (PT ) ranging from 1 to 50 GeV.

Several network architectures were examined, differing from each other by

Figure 1: Side view of one quadrant of the ATLAS experiment

the number of hidden layers and the number of neurons within each layer. Each network has four inputs, intermediate layers with sigmoidal transfer functions and four output linear neurons. The input neurons are fed with the slopes and intercepts of the projections of the track of the muon on xz and yz planes, calculated by preprocessing the raw data with the Hough [5] transform. This preprocessing is essential since the raw data consists of missing hits as well as multiple hits where TGC plates overlap. The outputs include the values of the the muon’s initial transverse momentum PT and direction (θ, ϕ) and its electric charge, q. An alternative for hardware implementations is to use a fixed preprocessing neural network dedicated to track identification (e.g. [6]).

Each network was trained using the Levenberg-Marquardt method with 1400 events. Typically, training lasted several thousand epochs. Upon completion of the training phase each network was tested on a test set of 1829 events.

4 Results

Figure 2: The errors of the network estimte of A) the muon’s transverse momentum and B) the track charge. A double Gaussian is being used to fit the ΔpT distribution. P1-P3 (P4-P6) are the constant, mean and width of the first (second) Gaussian. Also shown are the mean and RMS of Δq.

The network with the least sum-squared errors over the test set has two intermediate layers with seven neurons each. The training phase of this network consisted of 2000 epochs. Figure 2 shows the test set distribution of the deviation of the network estimate of the transverse momentum and charge. The widths of both histograms in Fig. 2 stems primarily from real stochasticity of the data due to Coulomb scatterings, and the finite width of the interaction region.

We calculate the mean relative error of transverse momentum separately for several pseudorapidity bins. The distribution of errors within each bin is approximately gaussian. The mean as well as the width of the distribution are depicted in Fig. 3. The poorer resolution in the range η < 1.8 stems from the highly non-homogeneous magnetic field in this region, produced by a superposition of the magnetic fields of the end-cap and barrel toroid coils [1].

Identifying the muon’s charge is somewhat more robust, due to its discrete nature. In total, charge is identified correctly in 95.8% of the events. Most

Figure 3: The mean relative error in transverse momentum as a function of η. The error bars are RMS of gaussian fit of ΔPT /PT . The larger widths in the region η < 1.8 mark poorer transverse momentum resolution in this region due to highly non-homogeneous field.

of the misclassifications occur at high momentum, where the bending of the trajectory due to the magnetic field is smallest. This tendency is demonstrated in Fig. 4, where we plot the mean of the network error of the charge q, viewed as a real number.

5 Summary

We presented a feed forward neural network which is capable of estimating the charge and momentum of a muon. The data is intrinsically stochastic, giving rise to an approximately gaussian distributions of network errors. The stochasticity of the data is the major source of network errors. The simplicity of the network enables to realize it with nanosecond technology hardware, thus making it appropriate for second level triggering.

Acknowledgment

This research was partially supported by the Israel Science Foundation.

Figure 4: The mean error in charge estimate Δq as a function of the total momentum P . The error bars denote standard deviations of Δq within each momentum bin. Since the final estimate for the charge is just the sign of q, charge misclassifications are actually quite rare (totally ß 6%).

References

[1] ATLAS Muon Collaoration, ”ATLAS Muon Spectrometer Technical Design Report”, CERN/LHCC 97-22, June 1997.

[2] G. Bella et al, Nucl. Inst. Meth. A252 (1986) 503.

[3] S. Dado et al, Nucl. Inst. Meth. A252 (1986) 511.

[4] G. Mikenberg, Nucl. Inst. Meth. A265 (1988) 223.

[5] P.V. Hough, ”Methods and means to recognize complex patterns”, U.S.

patent 3.069.654.

[6] H. Abramowicz, D. Horn, U. Naftaly and C. Sahar-Pikielny, An Orientation Selective Neural Network and its Application to Cosmic Muon Identification. Nuclear Instrum. and Methods in Phys. Res. A378 (1996) 305;

[7] DICE manual, ATLAS note SOFT-NO-10, 1994. A full simulation of AT- LAS based on the GEANT program, CERN program library Q123.