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ABSTRACT
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data.
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1. INTRODUCTION

With the ALEPH detector 1^ we have many informations on an hadronic

event. We get tracks for charged and neutral particles; we get the momentum

and the energy of these tracks. The data banks contain informations for the

identification of the tracks.

But in the 1990 runs the vertex detector was not in full operation, it works

for the 1991 runs.

Usually the tagging of b events is done with the detection of high energy

leptons of this event 2 \ But all the b quark do not decay into leptons. This

method decreases the statistics.

Our choice was to include all the hadronic events, then we increase the statis-

tics, but the identification is more difficult. To be able to compute systematical

errors, we were limited to the charged tracks of the event.

To perform the classification of the b quark events, we have compared sev-

eral methods of classification. Some methods are neural network methods: multi

layer perceptron (MLP) 3\ LVQ 4^; other methods are statistical methods 5^ as

discriminant analysis.

As learning and test sets we use events from the standard ALEPH Monte

Carlo. Our comparison with data is done with data from the 1990 ALEPH runs.

In a first chapter, we define the variables used and we give a method to find

the most discriminating ones. We compare the variables computed with Monte

Carlo events and data events. The first method studied is MLP, the second is LVQ.

We give some results from 2 calculations with discriminant analysis methods.

We attempted to improve the results by a combination of two methods: MLP

and LVQ or LVQ and MLP, discriminant analysis and MLP.

We compare global results of these different methods.



2. VARIABLES

2.1. Definitions Of The Variables 6) nK

Our aim is to study the whole event. We use variables which describe the

whole event. But we hope that the b quark hadronizes in the most energetic jet:

we define some variables connected with this jet.

It is well known that the sphericity product (DSPH) of the two most energetic

jets boosted with /? = 0.96 is a good variable to tag b quark events.

Some other global variables are the sphericity (SPH), aplanarity (APL), thrust

(THR), oblatness (OBL) of the event. The Fox-Wolfran coefficients H2 (H20),

H3 (H30), H4 (H40), H5 (H50) are also interesting.

The transverse mass (YMT), the missing transverse mass (YPTNU), the num-

ber of charged tracks (YCHAR) and the visible energy (REVIS) are also used.

With the tracks of the most energetic jet we define the following variables:

the energy of the jet (EJET), the mass of the jet (MJET), the sum of the P^.

of the tracks (SPT), and the charge of the jet (QJET) which is defined by the

relation QJET = X)i Ii * (v« * * 0-2) where qi is the charge of the track and y; the

longitudinal rapidity.

2.2. Selection Of The Variables

To get an idea of the discriminating power of a variable we use the F test

which is used in discriminant analysis.

We have n events, k classes, I variables. The data are given by the matrix

Xij, i = l...n, j = I...L

The number of events in class c is nc with

(1)
C=I

We define, for a variable j , the total center of gravity gT(j)



J J = 1...« ( 2 )

The center of gravity of the class c is gc(j)

iÇclass c

We define 2 quantities: the within W value

(4)
c=l iGclass c

which describes the dispersion of the classes and the between B value

1 k

B (J) ' = ^E nc(Sc(J)-gT(j))2 (5)
C=I

which describes the distance of a class to the total center gT-

If W is small and B is large the variable is able to discriminate the classes

and we define



When we compute the F values of the variables defined in 2.1. we get the

following table

Table 1

Classification of the variables according to the F test. The sample is:

10 000 b, 10000 c, 10000 uds events.

Variables

DSPH
SPT
YCHAR
H50
MJET
H30
YMT
APL
H40

EJET
SPH
QJET
H20
OBL
THR
YPTNU

F value

1869
785
505
276
245
197
187
127

70

30
24
12
7
6
2.7
2.3

We have chosen 9 variables, the most discriminating ones, for our study.

2.3. Comparison With The Data

We have also compared the values of the different variables from Monte Carlo

events and data events.

In Figure 1 we give the comparison for the most discriminating variables: the

agreement is good.
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Fig 1 : Comparison of Monte Carlo and data for some variables

- : Monte Carlo ; -r : data



2.4. Different Sets

For our study, we have used different sets of events, for these sets we have

computed the 9 variables used in this work.

As learning set we have used 10000 b events, 10000 c events, and 10000 uds

events for our neural nets. For the discriminant analysis we have used 3000 events

for each class.

The test set is composed of

33 677 b events

24413 c events

96 812 uds events

These 154 902 events are a "natural set" of events according to QCD.

The data set taken from the 1990 runs is composed of 86 054 events.

We have chosen 3 classes of events. The b class of events is interesting, we hope

to be able to compute QCD parameters. The class of c quark is also interesting

to study, the third class is the light quark event class with u,d,s quarks.

3. MULTI LAYER PERCEPTRON (MLP)

For a first study, we use a feed-forward neural network with back-propagation

of the error. This network is a multi layer perceptron 3).

3.1. Learning

The input for the learning is composed of 10000 events of the b class, 10000

events of the c class and 10 000 events of the uds class. For each event we compute

the 9 variables.

The back-propagation gives the variation of the weights Wpq of the network.

We use the formula
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l(t + l) = aAW p q ( t ) -^ 5 ; 3 5 - (1)

where E is the cost function.

2 (Oneur-yneur)2 (2)
events output neurons

is the value computed for an output neuron by the network,

is the expected output value.

= 1 if the event belongs to the class of the neuron

Oneur = 0 if the event does not belong to the class of the neuron

We have chosen a = 0.5 et 77 = 0.1 and the reactualization of Wpq is done

after the presentation of an event of each class.

The number of epochs is n = 150.

As configuration of the network we have chosen

9 input neurons for the 1° layer

9 hidden neurons for the 2° layer

6 hidden neurons for the 3° layer

3 output neurons for the 4° layer

During the learning, the cost function E decreases regularly to a limit. We

have compared the result with a value 77 which varies regularly between 0.5 and

0.05, the result is the same.

3.2. Test

After the learning, the weights of the neural net are fixed. We can use the

neural net MLP for the test set.

The 3 output neurons are used as filters to analyse the result of the neural

network. We have drawn the histograms of these two niters: for an event which

belongs to the same class of the neuron we have the histograms TEl, TE2 and
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TE3 for the b, c and uds neurons; if the event class is different of Uî  neuron class

we have the TE4, TES, TE6 histograms (Figure 2); on the x axis of the histogram

we have the output value of the neuron. If everything was perfect most of the

outputs of the TEl, TE2, TE3 histograms should be close to 1.

The reality is different: the b are difficult to see. the c and the iicls events are

not very different.

On Figure 3 we give the output of neuron b: the strong background is given

by light quark events with a peak close to 0. the b signal is maximum around 0.5

instead of 1. but for x > 0.5 the b signal is more important than the background.

On Figure 4 we give a superposition from the b output neuron of Monte Carlo

events and data events for 86054 events of each category: the agreement is good.

3.3. Monte Carlo And Data

From the test output and the data output we can define some interesting

coefficients.

On Figure 3 if we consider the events with a cut on the output neuron value

greater than 0.65 we can increase the purity in b events of the sample.

From the Monte Carlo output we can define the coefficients.

_. . # of true b events above the cut
Purity = -

Efficiency =

of classified as b events above the cut

# of true b events above the cut
of original b events in the test sample

From the Monte Carlo and the data outputs we can 'iefine the coefficient

_. . # of classified as b events above the cut
Ratio =

# total of events

This ratio allows a comparison of Monte Carlo and data outputs.

On Figure 5 we give the purity versus the efficiency. For an efficiency of 1 we

find the QCD ratio 0.22. For a small efficiency the purity is around 75%.

On Figure 6 we compare the ration for the Monte Carlo and the data. The

difference is smaller than 1%.
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4. LEARNING VECTOR QUANTIZATION (LVQ)

In a MLP neural network, there are only 3 outputs, and we have seen that

the 3 classes overlap.

To increase the separation of the classes it will be interesting to increase the

number of outputs.

I+ 's possible with the LVQ neural network 4).

4.1. Definition Of LVQ

We have a set of n events with k classes. For each event we define 1 Tariables;

then an event is represented by the vector x(x E 3Î1)-

We choose m reference vectors Vj in 5?1 and we affect a class to each vector.

4.2. Learning

During the learning, we move the vectors V; to minimize the euclidian distance

between Vj and x.

If Vc is the closest vector to x, we move Vc according to the relation

if class (Vc) = class (ic)

Vc (t + 1) = Vc (t) + a (t) (x - Vc(t)) (3)

if class (Vc) ^ class (x)

Ve(t + l) = V e ( t ) - a ( t ) ( x - V e ( t ) ) (4)

and for the other vectors

Vi (t-i-l) = Vi(t) (5)

where a(t) is a decreasing coefficient.

After the learning, the V; vectors are fixed.
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4.3. Test

For each test event, we choose the vector Vc which minimizes the distance

of x to the vectors V;. If class (x) = class (VJ we fill the histogram of class c

and if class (x) ^ class (Vc) we fill the histogram of class non-c. On Figure 7 we

show the two histograms for the b class where the distance is on the x axis. The

distance is smaller for b events, we have 20 vectors for one class.

On Figure 8 we show the curve purity versus efficiency. The curve is not

complete because we scan the events cl?cr'. .ed as b events.

5. DISCRIMINANT ANALYSIS

Two methods of discriminant analysis were used: the Fisher linear discrimi-

nant analysis and the canonical discriminant analysis.

5.1. Fisher Linear Discriminant Analysis

We have used the same variables as for the MLP neural network.

The output of the analysis are a probability of an event to belong to a class.

This probability is computed in using the Mahalanobis distance DM a> between

the event x and the center of gravity p. of this class

D2
M = (x -ft)' S " 1 ( x - P) (6)

where ^T1 is the covariance matrix.

The probability is defined by the relation:

Prob (class) = N exp ( -^D&i) (7)

where N is a coefficient of normalization.

The x axis of the histogram if Figure 9 is the prob (b). As for the MLP case,

the background is important.
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We used the same test program as for the MLP network. On Figure 10 we

see the purity versus the efficiency we get from Figure 9. The purity is lower than

in the MLP case.

5.2. Canonical Discrimination

In the canonical discrimination, the x axis is the discriminator. On Figure 11

we see the histogram for the b quark events and the light quark events. On

Figure 12 vve see the same curve purity/efficiency.

The curves of Figures 10 and 12, for low efficiency, give the same value for

the purity.

5.3. Cut On Sphericity Product

To compare the classical cut on a simple variable, we give on Figure 13 the

purity/efficiency for a cut on the curve of the variable DSPH shown on Figure 1.

We see that the purity is lower than in the discriminant analysis case.

6. COMBINATION OF METHODS

To increase the purity of a sample, we have tried to combine several methods

of classification.

6.1. MLP And LVQ

The first layers of MLP organize the data for the classification on the outpui

neurons.

Inside the MLP 9 - 9 - 6 - 3, on layer 3 we have extracted the 6 variables:

and these variables are used to train and to test a LVQ network.
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Feeding the MLP with the learning set, we get a learning set with 6 variables

for LVQ.

Feeding the MLP with the test set, we get a test set for LVQ.

The final result is not better than the result from MLP alone.

6.3. Discriminant Analysis and MLP

To increase the b purity of a sample we select a sample of b + c and we feed

the MLP net with this sample.

The first step is to discriminate b + c from uds events.

The learning of the discriminant analysis is done with a set of 4500 (b -!- c)

events and 4500 uds events.

From the test set we select a sample such as Prob (b + c) > 0.5; we get 15 333

events.

With this selected sample we feed the MLP network. On Figure 14 we show

the curve purity/efficiency for the low efficiency values. The result is not very

different from the MLP curve.

On Figure 15 we compare the different curves purity/efficiency obtained with

different methods for the low efficiency values.

6.4. Leptonic Events

It is possible to increase the b purity of a sample: we take events with a high

energy lepton.

The test set was submitted to the conditions: events with momentum of an

electron > 3 GeV or events with a momentum of a muon > 5 GeV. We select

about 24% of the events but 55% of the b events and the purity of this sample is

about 50%.

We feed the MLP with this sample and we get the curve purity/efficiency of

Figure 16. It is the highest purity we have got.
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7. GLOBAL RESULTS

With all the methods, we can classify the test sample. We get a table given

by table 2.
Table 2

Global classification of the test sample.

Class

of

Origin

b

C

uds

Class

b

Nn

N21

N 3 I

of the classification

C

N12

N22

N32

uds

N13

N23

N33

The number of events classified as b is Nn + N21 +

The number of original b is N n + Ni2 + Ni3

With this classification, we can define 2 coefficients,

N11b Purity =

b efficiency =

N n + N 2 1 + N 3 1

N n

Nn + N12 + N13
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For example we get from the linear discriminant analysis the following table.

Table 3

Classification by linear discriminant analysis.

20387

6640

25 074

b

b

t

10

38

purity

efficiency

685

145

213

39

60

5

7

33

.1%

,5%

605

828

525

From the MLP we get the table

Table 4

Classification bv MLP

23074

7908

29871

4 984

6 679

22 988

5619

9825

43953

b purity 37,9%

b efficiency 68,5%
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We have applied this classification with all the methods, and we have com-

puted similar coefficient for the learning.

On table 5 we give those results.

Table 5

Global results from learning and test for the different methods.

METHOD

Linear discriminant
analysis

MLP

LVQ (21 vectors)

LVQ (30 vectors)

LVQ (45 vectors)

LVQ (60 vectors)

MLP + LVQ
(45vectors)

Discriminant anal.
+MLP

LEARNING

b purity

(%)
40.5

38.6

35.3

36.9

37.8

37.1

36.2

b efficiency

(%)
58.6

68.6

67.4

65.7

66.9

71.4

71.2

T

b purity

(%)
39.8

37.9

35.3

35.4

37.0

36.0

35.1

56.7

EST

b efficiency

(%)
58.4

68.5

64.3

63.5

66.8

70.9

71.3

55.6
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8. CONCLUSION

In all the cases, the purity is obtained with a loss of efficiency.

We need a new variable to improve the efficiency: this variable can be chosen

as an output of the vertex detector; but there are some problems for a good

simulation of this detector.

When we compare the different methods, the higher purity is obtained with

MLP, the global results are equivalent. The combinations of different methods do

not give a bett ;r result than MLP except when we get a sample of leptonic events.

With the different histograms from Monte Carlo events and data events we

can compute some QCD parameters 12\
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