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Abstract

A comparative study of Bayesian and neural classification was done. The mathematical
models of neural networks, trained in an evolutionary way, and Bayesian decision rules with
Parzen-window multivariate density estimation were applied for background rejection in
y-ray astronomy experiments.

A weight function was introduced in classification score to control the relative learning

‘quality’ of alternative classes.

The use of a new quality function, instead of classification score, allows:

e to avoid usage of Monte Carlo events with inherent misleading simplifications and
incorrectness;

o to directly optimize the desired quantity: the significance of source detection;

e to obtain the complicated nonlinear boundaries of y-cluster.

The proposed technique can be used for background rejection in the constructing experi-

ments of high-energy neutrino point sources identification.
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1. Introduction

The most difficult and most important part of high energy physic (HEP) data
analysis is comparison of competitive hypothesis and decision making on the
nature of the investigated physical phenomenon. Modern HEP apparatus consist
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of huge assemblies of electronic detectors that signal the presence and time of
passage of ionizing particles or indicate the amount of charge left by a traversing
particle. This bulk of diverse information on copious particles is assembled into
‘events’ that correspond to a single primary particle interaction.

The first decision making problem arises from the necessity of recording events
on permanent storage media. The interesting new physics that is expected to
embedded from the data analysis is very rare, and in contrast the already
well-known noninteresting (background, noise) events are much more frequent.
The signal to noise ratio can reach a value of 10~°.

The so-called experimental triggers are used to make selection and reduce the
amount of recorded data for subsequent analysis. In accelerator experiments,
several levels (steps) of data reduction are normally used, implemented in electron-
ics, firmware (special purpose processors) and software. Their time scale is limited
by the requirement of minimization of the dead time (the time when the apparatus
is unable to record events) and usually must not exceed tens of microseconds (for
more details see [1,2]).

After triggering, the raw data is converted into physical variables (masses,
coordinates, momentums) via the procedures of pattern recognition and estima-
tion, and it is then recorded. Subsequent analysis may involve searching for
evidence of new physics, requiring complex decision making and refined noise
suppression.

So, the on-line triggering and off-line selection are the key procedures in
searching for new physics and are constrained by the enormous data amounts,
collection speeds and negligible signal to noise rates expected in the next genera-
tion of large accelerators (hadron colliders) known as LHC (large hadron collider,
CERN, Geneva) and SSC (superconducting supercollider, Texas).

Modern air shower experiments in cosmic ray physics also are characterized by
a significant increase in the volume of data collecting and therefore in the
processing time to analyze this event [3]. Thus both in accelerator and cosmic ray
experiments new approaches are needed which attempt to reduce the decision
time and make the procedure tolerant of noise and missing data.

Another peculiarity of data analysis in high energy physics is the very intensive
use of Monte Carlo simulations [4]. At any stage of the off-line analysis the
simulated data are widely used; simulated data samples (training samples) are the
basis of decision making on the nature of real events. [5]. Thus the proper and
complete utilization of simulated data is one of the crucial aspects of data handling
procedures. The Neural Network (NN) approach meets all the requirements
discussed above and provides promising applications for triggering and pattern
recognition at high interaction rates.

Some applications already exist in HEP: the NN method is very efficient for
extracting features in hadronic data. World record performance is obtained for
quark /gluon separation. The network is able to reduce the QCD background to
W /Z jets by a factor of 20-30 [6,7].

Another example is connected with the most exciting discovery in experimental
astrophysics of the last decade — the detection of a flux of high energy particles
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from point sources. Recently, ground-based experiments have demonstrated the
ability to unambiguously detect y-rays from the Crab Nebula [8]. The Cherenkov
air shower technique detects an electromagnetic cascade in the atmosphere several
kilometers long and a few tens of meters wide. The characteristics of the detected
shower image (length, width of the flash, the reconstructed ellipsoid axis angles
with respect to the optical axis of telescope, etc.) permits rejection of the isotropic
background more than two orders of magnitude.

The first successful attempts to utilize the new classification techniques encour-
aged the physical community to widely incorporate the neural approach in differ-
ent HEP data analysis.

But further work is needed to enable NN to be properly simulated and used to
improve the way the learning process is implemented.

It is hard to derive the global concept of learning from biological observations.
However, we believe that in nature the brain has evolved by trial and error and
that the coarse structure of the brain is determined genetically.

Our concept consists in the application of the evolutionary methods for NN
training, as the most popular backpropagation method of calculation of couplings
appears to be unnatural. We suppose that the structure of NN is determined by
evolution and is fixed, but the synaptic strengths (couplings) are repeatedly
modified in a random search way which hopefully improves the situation until a
successful matrix of couplings is found.

The random search is a universal powerful methodology, akin to the trial and
error method, and perhaps it forms the basis of the unpredictable efficiency of
biological neural nets.

In our previous work, learning was performed in the framework of the Bayesian
paradigm, by multidimensional a posteriori probability density estimation. This
method was strongly dependent on the choice of a particular nonparametric
method of density estimation with its free parameters, and was rather time-con-
suming.

The NN classifiers can be analyzed as a special class of statistical pattern
classifiers which are derived from the training samples, such as Parzen-window
classifiers and K Nearest Neighbor classifiers.

The NN and Parzen classifiers are trained on the same samples and, so, for the
first time, we compare the two alternative classification techniques on experimen-
tal data, thus providing the continuity in development of new information tech-
nologies.

2. The nonparametric statistical inference

We shall restrict ourselves to the binary comparisons case, that is, comparisons
of two, from many competing hypotheses at a time. Qur example concerns a case
when we want to realize the choice of one of two well-defined hypotheses — the
background rejection in y-quanta detection with the Cherenkov imaging tech-
nique.








