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Ab,trac:t 

A neural network cluaifler hal been used to discriminate between Monte Carlo tt 
multi-jet evenb (generated with ISAJET and HERWIG) and real CDF multi-jet events 
from the 1988-89 run (considered as a pure background sample), uling only the kine­
matical variable. of the ti.x leading jet.. The clauifier prodUCe! a probability variable 
which can be uaed to enrich samples in top . A compariAon Us made to the kinematical 
discriminant described in CDF 1871. The Deural network is Cound to provide better a 
SIB ratio for equal top efficiency. When applied to those evenh which were Itdected 
by the kinematical discriminant, cub on network output can be Died to significantly 
improve the SIB ratio with veryliUle lou of efficiency. In addition, for the lower values 
of top efficiency, tm. combined clauifier is found to be superior to either method talr:en 
individually. SIB ratios of order 1/10, with 5-10% absolute top efficiency are possible. 
The conclusion is that, with the application of known methodJ for improving even fur­
ther the SIB, including the SVX, the multi-jet channel will contribute significantly to 
the top search. An initial survey of data Crom the 1992/ 93 run shows that these data 
have properties similar to those of the 1988/ 89 data. 
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1 Introd uction 

Although 44% of tf pairs decay hadronkally, these multi-jet events have been thought to be 

of dubious utility in the top search due to extremely high backgrounds from generic Q CD 

processes. As pointed out in [11, in the SUM...ET trigger data (summed transverse energies in 

~ tawen > 120 GeV) from the 1988/ 89 run ("" 4 pb-1), the SIB ratio for totally hadrortic 

top ranges from 1/ 103 to 1/ 104• The top search in multi-jet events is difficult because the 

cross section for multijet QeD procell is large compared to that for top and because the 

QeD events and top events, at the naive level, resemble each other. However, the attributes 

of these two dasses of events will certainly be quite different in detail, springing as they do 

from two distinctly different physical processes. The problem faced by the experimentalist 

is to determine how much of the underlying physical difference between the classes remains 

in the raw experimental variables which are available. 

A number of studie. have been done at COF to try to find way. of reducing the back· 

ground (2), (3) , (4), [I), (5) . In particular, in [I), in which Monte Carlo If is distinguished 

from real 1988/89 COF SUM..ET data assumed to be pure background, it was found that, 

by requiring a topology with at least 6 jets, the SIB ratio could be improved by about a 

factor of 100 by making simple kinematical cuts. 

In the present analysis a feedforward neural network l waa used to discriminate between 

Monte Carlo tf events (generated with ISAJET and HERWIG) and a sample ofreal COF 

multi- jet data, using 18 input variables consisting of the Ell 1], and '" of each of the six 

leading jets in the event. The real multi-jet data, for the purposed of constructing the clas­

sifier, are assumed to be purely background (a discullion of this point appears in Appendix 

0). The real data used was the same multi-jet data sample used in [1] and is described 

briefly in section 2. 

1.1 Multivariate Approaches 

A cursory examination of the distributions of lignal and background events in the kinematic 

variables showl substantial overlap (figure 1), although there are dearly differences between 

the two daSlel. Since no lingle one of these variable appears to be sufficient to provide good 

discrimination, it is reaaonable to try multivariate approaches. In [6] and [3], a Fisher's linear 

discriminate was tried (NB: those analyses use different input variables from those used 

L The type of cla.nifier Uled ia referred to in the pattern recognition literature ail a MuitiloUtr Perct ptron. 
For simplicity, ..,..e thalllimply refer to it ail a 'neural net..,..ork', 
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) 
here}. In (IJ the approach used was to create lome new ad hoc variables using the 18 input 

variables and choose appropriate cuts on these VBriablel by examinjng the distributions in 

them of the Monte Carlo top events and the real background events. 2 

1.2 Bayesian Probabilities 

Another approach would be to divide the 18-dimensional input variable space into many 

bins and examine the population of signal and background events in each bin. The frac· 

tion of top events in each bin is then a measurement of the probability of an event falling 

in that bin to be a top event. This probability is an approximation of what is called the 

Baye3ian probability. The true Bayesian probability is only obt&ined in the limit of an infi­

nite statilticalsampie of both claases and an infinitely fine binning. A true Bayes classifier 

il an optimal clallifier in the seose that it minimizea better than any other type of classifier 

the number of errore made in ASaigning evenh to one cla .. or another. Although binned 

Bayesian c1assifiere have very good performance, they become impractical to construct when 

the dimensionality of the input space is large, due to the necesaity to hand craft the binning 

to match the distribution of data in input space and the large amount of memory required. 

In practice, in mo.t applications which estimate an optimal Baye. classifier, some kind of 

parametrization is used to .implify the implementation. 

1.3 Neural Networks 

Recently there have been numerow applications of neural networks to event classificat ion 

in high energy physics (see [12J and references within for a summary) which demonstrate 

that in many instances their performance is superior to that which can be obtained with 

'traditional'methods (see in particular [I3} comparing various multivariate discriminants 

for B-tagging at LEP). 

It can be shown that a feed forward neural network trained with a squared error cost 

function teclutique3 produces a network output variable which approximates the Bayesian 

probability of an event to belong to a particular class [7]. A simple derivation of this, 

following [9J, is given in the appendix. The we of a neural network parametrization has 

several advantages: 

• The network output variable is itself an approximation of the Bayesian probability. 

lThat analyaW al.o made UK of non-kinematical Tariable1l. This point will be dUcuued again later. 
'We ahall diKuu UW tra.iniq technique in more detail in the appudil:. 
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• The neural network formalism, unlike likelihood techniques, does not make assump­

tions about the underlying probability distributions (e.g., gaussian, gaussian m..i.xture). 

Rather, it estimates the Bayesian probability directly, from examples of the two classes 

of event. [7J. 

• Likelihood classifiers ignore correlations in the input V&riablesi in the neural network 

formalism, there is no restriction on correlations in the input V&riables. 

• Neural networks can learn to classify from examplesj this is a particularly useful 

capability when there is no known algorithm for perform.i.ag the classification. This 

is clearly the case for the tf multijet problem, since no full tree level calculation of 

the six-jet QeD background i. available. A neural network can instead learn the 

characteristics of the background from real events in the training set. 

• Neural network classifiers are more efficient than linear classifiers such as the Fisher 

Discriminant since they handle naturally those CaBes in which the decision boundary 

between classes is nonlinear. 

• Finally, neural networks inay have an advantage over ad hoc techniques since they 

do not rely upon projections of the data onto arbitrarily chosen axes which may not 

provide optimal separation. 

The preparation of data for the neural network and training strategy, are discussed in 

section 3. The results of applying the network to the data are presented in section 4. Section 

5 shows the advantages realized in combining the neural network method with the analysis 

in !1]. A preliminary look at the behaviour of data from the current run using our classifier 

(trained on 1988/ 89 data) is given in section 6. A discussion of systematic uncertainties 

appears in section 1. DirectioIlJ for further work (i.e., Part II) are presented in section 8 

and conclusioIlJ in section 9. 

2 Event Selection 

2.1 Background 

The data used for the background was the 1988/ 89 miniDST sample for the SUMET_I20 

trigger (495,452 events). The details of the data selection are reported in !I]. Briefly, the 

cuts used were: 
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• only one primary vertex 

• at least 6 jets (clustered with R = 0.7) with PT ~ 10 GeV within I'll < 2.4 

• event passes Main Ring splash veto (see (ID 

A further cut requiring total summed Er of the event to be greater than 150 GeV was 

also applied, leaving a total 5910 events available for the newal network analysis. 4 The 

ensemble of cuts used to produce these events will be referred to 8S the loo.se cut", 

2.2 Top Signal 

Samples of6,OOa top events with maases, ml = lOa, 120, 130 and 150 GeV/ c2 were generated 

using ISAJET 6.43, and HERWIG 5.3. QFL 3.4 was uled to simulate the detector response, 

and TRGSIM waa used to simulate the trigger. The cuts placed on the signal sample were 

identical to those described above for the background sample. 

In the ISAJET generation, the W', were allowed to decay in all modes (inclu.9ive gen­

eration) in order to model the situation in the real data, in which all decay modes will also 

be present. In fact, even after the topological cuts, non-hadronic decay modes still account 

for some 25% of our signal [1] . In the generation with HERWIG, which has a completely 

different treatment of fragmentation from that ofISAJET, the W decays were forced to be 

hadronic( ezcl1Uive generation). The use of ezcl1Uive HERWIG allows us both to examine 

the effect of using Monte Carlos with different fragmentation models and to construct a 

classifier which is explicitly sensitive only to hadronic decays. The performance of such an 

exclusive classifier is a lower limit to what should be achievable. These arguments will be 

returned to in the section 7. 

3 Data Preparation and Training Strategy 

Neural network training proceeds by choosing a network architecture (i.e., number of hidden 

units, see figure 2), preparing a 'training set' consisting of a mixture of top events and 

background events, and running the training program. The performance of the net must 

always be evaluated using a statistically independent 'test set' of events not used in the 

training in order to insure that the network has not simply fit to statistical fluctuations in 

fin (I], an additional cut requirin, tiJ: jet. after reproceuine; the data in venion 1_0 wu made. Tm.. cut 
was not applied in the pretent analym; therefore our total initial number of evenb, 5910, diffell .lightly 
from that in [I] 
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the training set data. We give here a summary of the training procedure. Details are to be 

found in the appendices A and B. 

The training forces the network output to be as dose as possible to ' 0' for background 

events and to '1' for top events (however see appendix A.3.1). In general the input variables 

alone are not sufficient to uniquely assign all events to one dass or another; rather, the 

network output after training represent. the probabildy of an event to be top, given the 

relative fractions of the two dasses in the training set. We shall designate this probability 

as P'op(a) where a is the ratio of background to top . 

The architecture chosen was a feed forward net with 18 input units (i.e, the 18 input 

variables), a single hidden layer with 5 units, and a single unit in the output layer (figure 

2) whose output i. the probability. The training set consisted of 1700 real CDF QeD 
background event. and 1700 top event. of the 4 different masse.. In creating the training 

set, the 4 top masses were combined so as to create a classifier which was not sensitive to 

the top mass. (The population. of the different top masses in the training set were not 

equal: the higher masses had larger populations. We shall return to this point in section 

4.3.) A cut of total summed jet E, > 240GeV wu placed on all events in order to restrict 

the operation of the network to that region where the top and background dasses overlap 

(see figure 3). The motivations for these choice. are elaborated in appendix A. The training 

procedure used wustandard gradient bac.kpropagation ([10! and appendix B). 

A number of standard 'trias' were employed in order to speed up and improve the 

training and to aid in choosing the optimum network architecture. As these may not be 

immediately obvious to the average reader I their discussion has been relegated to appendices 

A and C. It is important however here to remark upon one consequence: the resulting 

network outputs, ranging from ·.9 to .9, need to be modified before they can be interepreted 

as probabilitie.: 

() 
out +.9 

P'op 1::; 1.8 

where out is the network output, and a here::; 1 since the populations of top and background 

events are equal in the training set. 

The choice of equal populations of top and background in the training set clearly does 

not reflect reality. This choice wu made because the training procedure achieves maximal 

separation power with equal populations. The result for an arbitrary SIB ratio can then be 

euily obtained from: 
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P ( ) _ P,.,(I) 
,., <> - P, .. (I) + <>(1- P, .. (I)) 

(see Appendix C for & derivation) which represents the probability that a particular event 

is top, for Ii given ratio, Q, of background to signal. For simplicity in most discussions, cuts 

for enriching samples in top will simply be placed on the network output variable, out. 

4 Results 

4.1 Output Distributions for Neural Net and Fishet Discriminant 

The distributions of network output for events passing the loo6e cut" are shown in figure 

4 for training set and test set, for ISAJET and HERWIG. ~ The test set network output 

distribution for ISAJET i. repeated in figure Sa Cor comparison with the distribution of 

the Fisher linear discriminant, calculated for the standard set of 18 input variables, shown 

in figure 5b.6 The performance of the Fisher discriminant appears, from the figure, to be 

poorer, but this can be substantiated in a quantitative comparison. 

The relative performance of two duamera can be gauged in a plot of purity versus 

efficiency. Such a plot ia used in figures 6a and b to compare the neural network and 

Fisher dasamers for HERWIG and ISAJET. These plots are constructed by moving a cut 

in output variable' across the test set distributions in figures 5a and b, and recording the 

fraction of events above thia cut which are signal (purity) versus the fraction of total signal 

events above the cut (efficiency). (Recall that in the test set, the populations of signal and 

background are equal.) For both Monte Carlos, the performance of the Fisher discriminant 

is substantially worse than that of the neural net. 

A cut on the Fisher variable ia equivalent to chooaing a single plane in input variable 

space to separate signal from background, while a neural net can combine several such 

planes to better approximate the optimal surface for thia aeparation. The auperiority of the 

neural net indicatea that, for the present choice of input variables, this surface is curved. 

'Note that the aipal and b.d:p'0und dUitributioru for the trai.ni.n& teb are Iliptly better Icparatcd than 
thOR for the tcst Rb. ThiI i.a normal, and does not reflect ovutraininc, whic:h .hOWl a much largu deficit 
in performance on the telt Rt. Unbi.ued me"'Ul'e.menb of network efficiency mwt be bued upon data from 
the tClt Rt. 

aTo allow a direct comparOOn of the two cl .... ifius, the Filher coefficienb were calculated wing thc 
evenb in the training let, while in the dUitribution IhOWD in figure 5b, the Fiaher variable it calculated using 
data &om the telt act. 
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4.2 Explanation of Tables 

The efficiencies in figure 5 are relativej absolute efficiencies, separated into the different 

masses are presented in tables I (HERWIG) and II (ISAJET). The first line of the tables 

shows the number of background events and absolute efficiencies of the loose cuts alone. 

The' rest of the first section shows the number of background events retained and absolute 

top efficiencies, broken down into the four top masses, for no cut on network output (i.e., 

total summed E t > 240GeV cut only), and for c.uts on network output of 0.0, 0.1,0.2, and 

0.3. The middle section of the tables shoWI the expected number ?f top events for the 4pb- 1 

1988/ 89 run (using the calculation of (8] for the top crall section) for the four masses, for 

network output cuta at 0.0, 0.1, 0.2, and 0.3. In the bottom section, the SI B ratios are 

presented for the same cuts on network output.7 

The efficiencies for ISAJET are about a factor of 1.6 higher than those of HERWIG, 

both for loose and tight cuts. There are two reasons for this. First, as mentioned earlier, 

there are well known differences between the ISAJET and HERWIG Monte Carlosj here, 

these apparently have the effect of making HERWIG resemble the background more than 

does ISAJET. The second reason haa to do with the fact that the HERWIG tf pairs decay 

exclusively hadronicalIy, while ISAJET tf pairs were allowed to decay into any final state. 

The leptonic ISAJET decays, perhaps surprisingly, in fact make up about 25% of the mulit­

jet sample. The remaining 35% of the difference can therefore be attributed to differences 

between the Monte Carlos. 

The tables show that the neural network provides considerable discriminating power. 

For example, for mta, = 150 GeV/c2 the SI B for the loose cuts alone is about 1/ 600, while 

for the ISAJET neural net, it becomes 1/33 for out ~ 0.3, a gain of a factor of 20. 

4.3 Comparison to 'Tight Cuts' 

The loose cuts were designed ellentialIy to clean the data and to provide a sample of 

topologic.ally well defined events. The SI B ratios obtained with these cuts alone are clearly 

too small to permit a physics analysis of tf in the multi-jet channel. Clearly, even restricting 

oneself to kinematical variables aa input, a wide range of different approaches to improving 

the SI B ratio. is pOlSible. 

Tin o!du to avoid a tmall biM which would no.ult from pmonoin, the cub on the tnsining letcliltribution , 
the cut d6.cienciet wue calculated hued on cliItributiODJ from data which had not been uted (or training 
(includini data.&om the tfllt Kt .. wdl .. additional (tipal) data contained neither in telt nor train IfIt). 
The number. in the tablfll are thus unbialed in this 1eDIfI. 
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) The neural network analysit described above was carried out in parallel with the analysis 

baaed upon standard kinematical cut., presented in [11, which we shall refer to here as the 

'tight cuts'. The tuts used in that analysis are: 

• L i Et ~ 180 GeV 

• '(""" , E i > 60 + 15 x N fP LJ. T - Jet 

• E, I ~'I 5 6.0 

• E, p~/I~'I ~ 380 G.V/, 

• number of jets (PT ~ 10 GeVjc,jl1l:5 2.4) with 0.4 clU6tering ~ 6 8 

where Nf~r is the number of R = 0.7 clustered jets in the event. All R = 0.7 clustered 

jets (not just the 6 leading jets) with PT ~ 10 GeVj c and I'll :$ 2.4 are included in the 

above sums, except for Li Et, which include. all (R = 0.7 cludered) jets. 

Although both analyse. use the same data set at a starting point (i.e., the loose cut 

data), and the lame 18 topologic:al variable •• the tight cutl use additional variables not 

uled in the neural network analysis, i.e., information on jets beyond the six leading jets 

and on jet. clustered with a cone of R = 0.4. In spite of these differences , it is instructive 

to compare the two approaches. The last lines in each of the blocks of tables I and II 

present the efficiencies, expected number of top events, and SI B ratios for the four masses 

as determined in the tight cut analysis . 

The tablea show that neural network approach is very competitive. For very similar 

efficiencies, the net gives SI B ratios which are superior to those of the tight cuts . The 

neural network baa its greateat advantage for mia, = 150 GeV where the SIB ratio is more 

than a factor of 2 better than that of the tight cuts, for almost identical efficiency. We shall 

return to this point in the discullion of figure 9 in section 5. 

The tables show that the neural network efficiency is higher for the larger top masses. 

This effect may be in part due to the higher population of the larger masses in the training 

set, as mentioned in section 3. It ia also however pOllible that the lower mass events resemble 

more the background events. To determine which ofthese two effects is the dominant one, it 

will be necellary to repeat the analysis with equal populations of top masses in the training 

set. Thia is reserved for future work Part II. 

I Note that un. ill not really a kinematic v.riable but concemJ the .hapcs of individual jeh. 
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It is important to underltand whether the two classifiers are in fact selecting the same 

event".. This point forms part of the discussion in next section. 

5 Combining the Two Classifiers 

:!;Seeause the neur&l network an&lysis and the tight cuts use some different input information, 

it is interesting to enquire whether the two classifiers can be combined to advantage. 

Figure 7 shows the network output, for HERWIG and ISAJET, for the tightly selected 

sign&l and background. It is reassuring to note that the effect of the tight cuts is to remove 

events with low top probability. For the sign&l events, this only skews the distribution 

slightly towards higher probabilities. For the background events, however, the effect is 

quite pronounced; in fact, the background diltribution, which was previously peaked at low 

probability (figure 4) is now essentially fiat. The fact that the background distribution is 

not completely depleted at low probability, however, impliel that addition&l discriminating 

power can still be had by placing a cut on the network output variable. The effect of placing 

such cuts is summarized in tables ill and IV, and in figure 9, described below. 

The above arguments can be stated in another way which addreues the question of 

whether the two classifiers choose the same events. The neural net discards little of the 

tight cut data: a cut on network output of out > 0, discards only about 20% of the signal 

(while rejecting about 50% of the background). The tight cuts, however, have a harsher 

effect on signal events selected by the neural network, as can be seen in figures 8a and b, 

which show a superpolition of ISAJET network output distributions for the loosely and 

tightly cut data, and their ratio, respectively. The tight cuts seem to discard events at all 

values of out with equal probability. The conclusion is that the neural network classifies 

most of the tight cut data as having high top probability; however, there are a significant 

number of other events with high top probability which the tight cuts reject. 

Table, m (HERWIG net) and IV (ISAJET net) .how the results of applying the neural 

network clusifier to background and top events selected with the tight cuts. The format 

of these tables is identical to that of tables I and 11.9 The neural network has provided an 

eThe efficienciet quoted ue hued upon the entire lample or 344 evenh .utvivin, the ti,ht cuh, including 
thMe which appeued in the bainiq; let. The ef6cienciet ue then 'biNed' in the leue described in . edion 
4.1. When the efficiencies in the table were reealculated with evenb wbich were not UKd in trainin" the 
difl'erencetl, in cun where Itatutia were adequate, were round to be only a rew percent or the ficuru quoted. 
In -ome CNell, however,the .tatutica! error introduced by uainc: the unbiued number aceeded the expected 
me of the bi .. ittdI. For tJu. reuon the 'biued' values were rdained (or UK in the table. ThU h .. a 
ne,li,able effect on the retwtl o( the analyu.. 
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) additional cutting variable which can be used to improve SIB beyond what the tight cuts 

alone give, albeit with somewhat reduced efficiency. For a cut at out > 0.3 for instance, the 

net improves the SI B by about a factor of 3 while reducing efficiency by only about 30%. 

However, the relative performance of the tight cuts, neural network, and combined 

classifier can perhaps best be understood by examinjng figure 9, which shows, for the 

ISAJET classifier, the reciprocal of the SIB ratio versus absolute top efficiency for the 4 

top masses. In each plot, the upper right-most dark circle (network alone) or open square 

(combined clauifier) represents no cut on network outputj the 'envelopes' then evolve as 

the cut is moved aeroll the network output distribution. This is ' similar to what was done 

in section 4.1 for the purity versus efficiency curveB, except that here the efficiencies are 

abBolute. 

The near verticality of the right hand Bide of the combined classifier's envelope reflects 

the fact mentioned above that progressively tighter cuts on network output significantly 

improve the SIB ratio with little loss in efficiency. It should be noted, however, that in 

those regions where the circle envelope is below that of the squares, superior performance 

can be had simply by cutting more tightly on net output without applying the tight cuts. 

At the lower values of efficiency, the envelope of the combined classifier intersects and dips 

below that of the neural network alone. In these regions, where the envelopes are nearly 

horizontal, the combined classifier give 20·30% better SIB ratios than the neural network 

alone. 

The fact that the combined classifier has better performance than either of the two 

taken separately can have two possible causes: 

• One or both of the classifierl has not reached the Bayes limit for kinematic variables 

alone. If one or both had, combining the two could not have brought improvement. 

• The improvement may be due to the fact that the tight cuh make use of information 

that the neural network did not use, i.e., information on the total number of jets and 

on jet shapes. 

It is luspected that the latter reason is the more relevant, for reasons which will be 

elaborated in section 6.2. 
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6 The 1992/93 Data 

6.1 Application of 1988/89 Network. 

The data from run Ia was collected via the multi-jet top trigger, TOTAL..ET_CL_IOO_6JETS, 

at level 2, proce8led !rom Stream2 and selected in the QCDX split. Standard checks of data 

quality revealed DO particular problem., and it was determined that the same cuts could be 

used to select the 1992/93 multi-jet sample as were used for the 1988/89 sample. 

ISAJET and HERWIG network output for a 2.5 pb- 1 sample of new data selected by 

the loose cuta are shown in figures lOa and h. The shapes of the distributions are similar 

to those for the 1988/89 data. 

Two points regarding the interpretation of the network. outputs are worth mentioning. 

First, since thele data have never been seen by the network, any questions of test set versus 

training let 'bias' (aa dilculled in section 5) are not relevant. The networks trained on 

the 1988/89 data can therefore be directly applied to the new data. The second point, 

however has to do with the trigger. The top trigger for 1992/93 is different from that used 

in 1988/89 and thus in principle can produce relative probability distributions for signal 

and background which are different from those used in training. There are two alternatives 

for dealing with this: 1) Make a correction to the probabilities based on a measurement of 

the trigger efficiency for top and bac.kgroundi or 2) Retrain the network using data from 

the 1992/93 run. These questions will be dealt with in Part II. 

6.2 Effect of Non-kinematic Cuts 

The relative importance of the 'non-k.inematic:al' tight cut, i.e., on the number of jets found 

with R = 0.4 clustering was asselled by examining a set of the 1992/93 data before and 

after application of this cut. The HERWIG network outputs for these two data samples are 

shown in figure 11. The figure shows that the application of thia cut preferentially depletes 

events in the low top probability region, i.e., that it is a useful cut for top /background 

discrimination. 

6.3 B-Tagging 

One major advantage of the 1992/93 data is that they contain information from the SVX. 

As we shall discuss in the conclwioIlJ, the multi-jet top analyais (&I for the other channels) 

will ultimately have to rely upon thia information to unequivocally establish the existence 
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of a top signal. 

A B-tagging algorithm has been applied to a 1992/ 93 data sample corresponding to 

6.8 ph-I . O\lf algorithm [11 is based on the aearch for at lealt one aecondary vertex using 

the tracks belonging to a jet and well reconstructed inaide the SVX. Thirteen events are 

tagged. The HERWIG and ISAJET network output distributions for these eventa are shown 

in figurea 12& and b. If we define samplea with out > 0.3 &I being 'top enriched', then any 

B-tagged event in that region will be interelting to evaluate in more detaiL No candidates 

with out > 0.3 for both Monte Carlos are found in the current lublet of data. However 

with a relaxed criterion, out > 0.0, two evenh &re found: (ruh=43123, event=321735). 

(run=43368, event=68233). A lego plot of the aecond event ia shown in figure 13. 

7 Systematic Uncertainties 

7.1 Inclusive versus Exclusive Generation 

It ia important to &lk whether the neural network may have a different efficiency for leptonic 

tt than for hadronic tt, aince the two typea of evenh will dearly have aome differences. To 

check thia, the ISAJET sample W&I separated into leptonically and hadronically decaying 

evenh and these two .ample. were pu.ed aeparately through both neh. Although a detailed 

study was not done, the network output diltribution. for these two clalles are very similar, 

with perhap. a .light tendency towarda wOlle identification for the leptonic evenh (see 

figure 14). 

7.2 Intrinsic Uncertainty in Measuring P,o,(l) 

A neural network clallifiea evenh by partitioning input variable space with hyperplanes (one 

hyperplane per hidden unit), with the orientation. of the hyperplanes being determined by 

the weight matrice •. For a given neural network architecture, because of limited statistics, 

several different aeh of hyperplane. (i.e., different sets of weights) may give essentially 

identical clallification performance. However, the re.ulting clas.ifier. may give somewhat 

different &DJWUS for P'op(l) on an event by event bui., resulting in a systematic uncertainty 

in P",(I). 

Figure 15 comparea the network outpuh for clas.mer. which were trained with different 

random initial sets ofweighh, but which had ne&rly identical. p"rily tier"" efficiency curves 

at the end of training. Figure 1510 ahowa the difference of network output for two different 
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ISAJET networks, while figure 1Sb Ihowl a Icatter plot of one of these networks venus the 

other. Figurel 1Sc and d repeat these plots for two HERWIG networks. For both Monte 

Carlos, the widthl of the diff'erence plots are about .22, corresponding to .6.NETPtop(l) '" 

8.5%. 10 A measure of the uncertainty due to model dependence can be had by comparing 

the outputl of networks trained with the two Monte Carlol. In order not to bias the 

Ip.easurement towardl ISAJET or HERWIG, this measurement was made on a sample of 

mtop = 130 Ge V / c2 data generated by a third Monte Carlo, PYTlllA. The tt events in 

this sample were allowed to decay into any allowed final state (i.e., inclusive generation). 

Figurel 16a and b are the output. of the HERWIG and ISAJE'P trained networks for the 

PYTlllA data. The two distributionl look qualitatively very limilar. Figure 16c plots the 

difference between the output. of the two network. on thil data sample, and figure 16d 

is a scatter plot of HERWIG versw ISAJET. The curve in figure 16c has a mean near 

zero, indicating no overalllh.in between ISAJET and HERWIG, and an RMS of .34, which 

impliel aTOTP1o,(1) N 13%. Thil containJ contdbutioDi from .6.NETPtop (1) 61 wellaa from 

the model dependence. 

As a further check of thil relult, figure 17a Ihowl the difference between the HERWIG 

and ISAJET network output for the 1992/ 93 data. The mean here is about .04, which 

iI consiltent with the slight difference in meanJ of the out diltributioDi for HERWIG and 

ISAJET. Thil overall offlet i. Imall compared to the RMS of the curve, .36, and can 

be ignored. The width correspondl to aTOTP'o,(1) ..... 14%, in good agreement with the 

mea.surement made on the PYTmA data. Figure 17b is a lcatter plot of HERWIG output 

versus ISAJET output for thil data let. 

Plots like those in figure. 16 and 17 were also made for HERWIG versus ISAJET net­

works operating on ISAJET and HERWIG data. Similar relults for aTOTP'op(l) were 

obtained. 

Auuming that the errorl from aN ET P'op (1) and from model dependence add in quadra­

ture, we obtain 

IOThere iJ a lCale !actor or 1.1 between ""t and P ,op(l). and we may divide by Ji aince both Monte Carlo. 
contribute to the width. 
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) as the residual uncertainty due to the choice of Monte Carlo. The more relevant quantity, 

however, is the uncertainty aslodated with using P1o,(1) from a particular Monte Carlo, 

dHERW/GP",(I) - dlSAJETP",(I) = /(.14)' (.085)' = 11%. 

8 Directions for Future Work 

The addition of B-tagging from the SVX willlUl'ely be one of the major improvements that 

can be made to the present analysi •. An improvement of a factor of 20 in SI B i. estimated 

in [1}i this would provide overall SIB ratios of order unity. However there are also other 

avenues which should be explored. 

When the tight cuts were combined with the neural network, in certain regions of SIB 

-efficiency space, performance was improved. One explanation for thi., as was mentioned 

eatlier, is that the tight cut analysis uled additional information on the jets beyond the 

leading 6 and on the number of jet. clustered with a R = 0.4 cone size. This latter is 

not a true kinematical variable, but rather contains information about the shapes of the 

individual jets. 

QU&rk jets &re thought to be more collimated and have lower multiplicity than gluon jets. 

Jet shape information should be important for tl analysis since these events will contain 

6 quark jets, whereas Qeo background multi-jet events will contain predominantly gluon 

jets. Additional hints that such jet shape information may be useful come from [11 and [6J. 

In [6J, a factor of 100 improvement in SIB for multi-jet top events is had by making cub 

on the number of calorimeter towers above an E, threshold and on the number of charged 

tracks above a P, threshold (considered for the event as a whole). These cuts will have a 

tendency to select events with jets that have fewer, high P, tracks. Although that analysis 

used Monte Carlo background rather than real data, and a different set of input variables, 

it should nonethelesl be interelting to .ee what effect .uch cuts may have for the COF 

analysis. 

Evidence for differences in .hape between qU&rk and gluon jets in CDF data has already 

been presented [14J. In that analysi., a feed forw&rd neural network was trained on Monte 

C&rlo quark and gluon jets to produce a quark probability variable. The mean value of this 

variable Cor sample. of COF dijet data was found to increase with jet Elt consistent with a 

higher fraction oC quark jets at higher Et • A project is currently in progress to apply this 

network to jets in the tl Monte Carlo and COF multi-jet .amples in order to try to find a 

variable which can be u.ed to help diatingui.h top from background. Plob of the variables 
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used in [6] will abo be made to determine if they provide additionaiseparation power. 

Another approach will be to create a new network with a new set of input variables which 

includes information on jet. beyond the first 6, the quark probability variable, and the SVX 

information. Such a network will be able to correlate the B-tagging information and quark 

probability with specific jet., which is potentially a very powerful piece of information. 

In summary, then, the directions for Part II will include: 

• Continue to validate data from the new run and continue, via B-tagging to search for 

multi-jet top candidatel. 

• Understand the effect of the 1992/ 93 trigger on the top probability distribution. Pos­

sibly retrain the network with new data. 

• Investigate using quark probability for the jet. to improve SI B. 

• Look at distributioDi of the variables wed in [6]. 

• Try retraining a new network which includes more information: jets beyond the first 

6; quark probabilitYi and SVX information. 

• Relolve the questions about the ratios of the populations of the different masses in 

the training set railed in lection 3. 

• Try to recover .ome of the event. lo.t in the cut on totallummed jet E, of 240 Ge V. 

9 Conclusion 

We have shown that a neural network claslifier, trained on real CDF multi-jet background 

and HERWIG and ISAJET top event., provides an output probability variable which can 

effectively be used, with high top efficiency, to provide data .amples enriched in top . 

When the classifier W&I u.ed in conjunction with another classifier employing additional 

information, re.ult. are improved even further. SI B ratios of order 1/ 10 are possible, for 

absolute top efficiencies of 5-10% (depending on the top mau). This performance by itself 

is probably not adequate for a phy.ics anaiy.is of top decays at the collider; however I 

additional mean., including the SVX, may be used to produce SI B ratios of order unity 

or better. The multi-jet channel in that case will be very important for the top search at 

CDF. 
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APPENDICES 

A Data Preparation and Training Strategy 

The parameters of a neural network clallifier, rather than being specified by an explicit 

algorithm, Me 'learned' in a procedure in which the clu.mer is presented with a 'training 

set' containing examples of the two clusel of event. to be separated. This procedure will 

be described in more detail below, but fir,t a couple of points regarding the choice of the 

examples in the training set must be elaborated. 

A.l A Mixture of Top Masses 

Any technique to separate ~op events from generic QeD background will depend upon 

the assumed mass for the top quark. One may then either construct a set of clusmen 

with different assumptions for the top mall, or construd a lingle classifier which is largely 

independent of the top mall. For a neural network clallmer, one way to implement the 

latter strategy would be to prepare a training set containing equal populations of events 

with several different top masses. This was the spirit of the approach used in the current 

analysisj however, due to the strong mass dependence of the top efficiency of the loose cuts , 

the actual ratio of of masses 150:130:120:100 GeV Jc2 turned out to be about 3:2:2:1. Due to 

the training procedure used, this implies that the network may be more efficient at selecting 

the higher masses. In retrospect, in order to avoid this additional complication, it might 

have been wiser to generate enough top signal to equally populate the different masses. 

A.2 Removing ' Trivial' Correlations 

One of the main advantages of of a neural network classifier is its ability to discover mul­

tivariate correlations in the input variables, correlations which cannot easily be visualized 

in one and two dimensional projections. In fact there is little to be gained from training 

a neural network to make classifications based on cuts which could as easily have been 

determined from a CUl'sory examination of the input variables. One can bring to bear the 

full power of the neural network technique by making a priori cuts on the input data which 

remove those cases which can be classified ' trivially'. 

In our case it was found that the distributions of the summed EI of the six leading 

jets for the two classes have rather different shapes (figure 2). In fact it is only in the 
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region above about 240 GeV that dallification become. ambiguous. We have chosen to 

concentrate on this region. A total of 1253 events survive the cut. Two points must be 

stressed about the cut at 240 GeV: 

.. The training .et for a neural network dallifier mUlt be large enough to well represent 

the statistical diversity of each dus, and the relative populations of the two dasses 

ahould be equal. 11 In addition, it is necellary to aet aside a stati.tically independent 

'telt aet' of events not used for training in order to monitor the performance of the 

net and to avoid overfitting to the training data (as discussed below). Four hundred 

each ofbac.kground and signal events were reserved for this purpose. Trus however left 

only 850 background events, which experience dictatea ia marginal for training on a 

problem of thia complexity. In order to augment the training let aize, an additional 850 

eventa were artificially produced by '.8ipping' '1 for -'1 for each jet in the 850 remaining 

background events and including these also in the training let. Taking advantage of 

known aymmetriel in order to generate new training patterns is a atandard technique 

in neural network training. 

Such '.8ipped' eventJ are clearly valid from a physical standpoint. They do not sub­

Itantially enrich the Itatistical diveraity of the training set, but help the training by 

populating regioIll of input variable space which the network would otherwise not 

have aampled. The test let thul consisted of these 1700 real data background events 

and an equal number of top events with the ratio of the populationa of the masses as 

delcribed above . 

.. The cut in fact eliminates a non-negUgable fraction of the signal events, and trus must 

be taken into account when calculating efficienciel. Preaumably a more soprusticated 

network could attempt to recover some of the lignal events lolt, but we have not 

attempted to do 10 in the present work. Thil will be attempted in Part II. 

liThe populatiou ahollld lIdually rdlect the true relative population. of the two da .. e., in order that the 
network output be interpretable .... probability. In our cue, the ratio of fop to b&c:kpoUDd it exceedin,iy 
tmall, which le.acU to probleuu in uainiq. m.tead, we artifici&lly Kale up the fraction of . jpal to 50% and 
correct the network output probabilities after the Caet. See abo ICCtioD 3. 
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A.3 Training the Neural Network 

A.3.1 Training Set 

Events of different top mu., and the background data, existed in separate files. In making 

the training file, the input file for each consecutive event was chosen at random. Thus, the 

signal events of different mUlel and the background data are mi.xed at random throughout 

the training file. IT the files instead bad entered the training set comecutively, the network 

would tend to Iforget' the maal it haa jUlt 'learned' as it passel to the next, and 80 on. 

Before training, the input variables in the training aet were shifted and scaled so as 

to have zero mean and unit variance. This i. done purely all a mean. of Ipeeding up the 

training procedure [l1J and doe. not affect the performance of the classifier. It amounts 

simply to a linear distortion of input variable space which does not affect the topological 

relationship of the two elaasea. 

Each element in the training set c:olllistt of the 18 input variables and a 'target' value. 

During training, the network tries to make itt output c:ome as close aa possible to this target 

value for eac:h event. The target is set to -.9 for background events and +.9 for signal events. 

The c:hoic:e of fta,.gdf = .9 dec:reases training time sinc:e it forc:es the training to operate in 

a range of finite slope of the neuron transfer func:tion. The inc:remental weight change per 

iteration is proportional to this slope (see [llJ). The c:hoke of target value determines the 

range of the network output. With a choke of fta,.getf = .9, the network output c:an be 

c:onverted to a probability (see appendix C) through the equation: 

() 
out +.9 

P'o, 1 = 1.8 

where P,,,,(l) is the probability that an event with a network output of out is a top 

event, for equal top and background pOpulatiOIll in the training set. As mentioned earlier, 

the training set c:ontained 1700 real data background events and 1100 Monte Carlo top 

events of all malle •. 

A .4 Choice or Network Architecture 

The architec:ture chosen waa a standard feedforward neural network with an input layer of 

18 neurons, c:orresponding to the 18 input variables, a single hidden layer, and one neuron 

in the output layer (figure 3). Training waa done using standard gradient bac:kpropagation 

([10] and appendi.J:: B) with the training set described above. 
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Generally spea.k.i.ng, the discrimination power of a neural network increases with the 

number of units in the hidden layer. The Fisher Dilcrim;nant is equivalent to a feedforward 

neural network without hidden units. In the case of a linear decision boundary between 

two dasses, the Fisher Discriminant is the optimal dassifier, and addition of hidden units 

c~ot improve on its performance. Additional hidden units are required in the case of a 

non-linear decision boundary, and should be added until the network is able to approximate 

well this boundary. 

The appropriate number of hidden units also depend. upon the amount of available 

training data. If the number of hidden units, and thus the number of parametexs needed to 

describe the network, is too large, the training procedure will caule overfitting of the data, 

i.e., the network starts to fit to statistical fluctuation. in the training data. This is analogous 

to fitting a curve to a set of points which lie ellentially on a line but with some scatter. A 

linear function will produce a good fit with reasonable residuals. A fit to a function with 

many parameters will eventually pass exactly through all the points, with zero residualsj 

however, such a function may have a quite complicated Ihape in ordex to do so. Overfitting 

in neural network training is u.ually called 'overtraining'. Thus in some cases, one may 

be obliged to use a lell powerful c:lallifier than the problem warrants, simply because not 

enough data exist. to accurately determine the parametexs of the optimal c:Iassifier. 

The standard procedure is first to try the Fisher Di.criminant (zero hidden units), and 

then progreSlively more complex architecture. until the addition of more hidden units no 

longer improves performance. For each new architecture, care must be taken to avoid 

overtraining. This can be easily monitored in the following way. As a network is trained, 

initially the performance of the network improves both on the training set and on the 

statistically independent test let. As overtraining begins to occur, the performance on the 

training set continues to improve but the performance on the test set begins to deteriorate 

(just as the many parameter fit to the line data will have poor residuals for new data points) . 

The optimal weights are those existing before this deterioration sets in. 

In the present analYlil, a study 19'&1 made of architecturel with 2, 5, and 10 hidden units. 

Training continued for 8196 'epochs', or palle. through the entire training set. In order 

to avoid the possibility that the badpropagation training become stud in a local 'energy' 

minimum. (see the next lection for a dilcullion ofbac:kpropagation training), several sets of 

random starting weights were tried for each architecture, and the set giving the best final 

discrimination was chosen. Periodically during training the network, performance on the 

test set 19'&1 evaluated, in order to be sensitive to the onset of overtraining. When optimally 
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trained, the 5 unit net had better performance than the 2 unit net, but the 10 unit net 

showed no improvement over the 5 unit net. The five hidden unit net was then chosen 

as the standard architecture for this analysis. The relative performances of the nets with 

different architectures and starting configurations were aslelled using the type of purity 

versus efficiency plots described in section 4.1. 

B Backpropagation Training 

The neuron activation, outA:, of a neuron k is multiplied by a weight, WjA: and appears as 

Wjkoutk at the input of neuron;. (The input 'neurons' are not function units, but just 

fanouts for the input variables.) Neuron; forms at its input the sum, 

ZA: = E WjkoWk 

• 
and produces at its output the nonlinear transfer function (see figure 2), 

We define an error or 'energy' function, E by 

E = LE' = LDout\ - tIl' 
I I j 

where out~ is the network output for output neuron; (in the general case there can be 

many output units) on event I (wing the current set of weights) and t~ is the desired or 

'target' output for this event. We wish to minimize the total squared error committed by 

the network by adjwting the set of weights {w}. We can do this by performing gradient 

descent on E with respect to the weights: 

1 lJE' 1 lJ I I 2 -- = --(out- t) 
2 lJWji 2 lJWji 1 1 

I ,lJou~ =(out-t)-
1 1 lJWji 

= (~ - t~ )oW~ oW~ for output units 
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::; rL)out~ - t~)out~WkjJout~out~ (for hidden units) . 

• 
where out" refers to the derivative of out with respect to its argument. The backprop· 

agation expression for the change in the weight Wji due to event I, in iteration N, is 

where £, called the 'learning coefficient', tells the distance al~ng the energy gradient to 

move in this iteration, and the term containing the constant, {J, called the 'momentum' 

coefficient, is a smoothing term. The total weight change in iteration N is the sum over all 

events I, however in pra.ctice, weights are often updated much more frequently than once 

per epoch, or pass through the training set. For the training in the present work, £ ::; .001 

and {J ::; .25 were used, and updating was done every 10 events. Typically 1000-4000 passes 

through the training set (1700 signal + 1700 background) were required to achieve optimal 

weights. 

C Equivalence of Neural Network Output and Bayesian 
Probability 

We use the expression above for E , for one output unit, and take ti to be -.9 for background 

and +.9 for top. This can also be expressed as, 

E = j[n •• ,(i)(out(Z) - .9)' + nQcD(i)(out(i) + .9)' )d"i 

where i is the n-dimensional vector of input parameters, and ntop(i) and nqcD(i) are 

the numbers of top and QeD events in the region trio 

The purpose of the backpropagation training is to find a let of weights, i.e., a functional 

form of out(i), which gives the global minimum of this expression. Under the conditions that 

the network have sufficient complexity (i.e., hidden units) to achieve the desired mapping, 

that the training set represents the Iu1l statistical diversity of the mapping, and that several 

sets of initial conditions have been tried in order to ensure that the minimum found is 

indeed global and not local, we may assume that the baekpropagation training has found 

the optimal. form for out( i). We may then explore the consequences of this extremum 

condition on the functional. form of out(i). We can interpret the integral above as a sum 
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over many Imail regions of space. Since each term is p08itive definite, we must chose out 

to minimize each term separately. Within each 8mail region, out is just a parameter, which 

allows us to differentiate with respect to out and set the result equal to zero. We obtain, 

0= n",(i)(out(i) - .9) + nqco(i)(out(i) + .9) 

80 that 

t( -) _ .9[n",(i) - nqco(i)J ou z _ . 
[n",(i) + nqco(i)J 

Making use of the fact that 

P",(I) = n",(i) 
[n",(i) + nqco(i)J 

where we now suppose that the total populations of top and QeD events are equal and 

Ph,p(l) is the probability that an event with input vector i is top for equal populations. 

This gives 

out(i) = .9[2P",(I) -IJ 

or 

n (I) _ out(i) + .9 
rio, - 1.8 . 

For an arbitrary ratio of QCD events to wp events, a, we need simply multiply the 

number of QCD events in any small region d"i by a , so that 

P ( ) n",(i) 
", a = [n",(i) + anqco(i)]" 

It is then straightforward to show that 

P ( ) _ P",(I) 
,,' a - P",(I) + a(l- P",(I)) 



) D The Effect of Possible top Events in the 'Background' 
Sample: A Heuristic Argument 

The question of the effect of possible top events in the 'background' training sample has 

often been raised. We c:~n8ider here the case where the 'contamination' from top is very 

~mall, which will be the case for the tf to multi-jets case since the SI B ratios for the data 

after the loose cuts are of order 1/ 600. 

The problem can be treated by considering a two dimensional model (figure 18). We let 

the top events (crosses) and background events (squares) be described by only two variables 

and suppose that they are distributed in the space of these variables &8 shown in the figure. 

Two events in the background sample are actually top events (square with the letter 't' 
inside). In a) we show a plausible clalfification boundary &8 might have been created by a 

neural network with 4 hidden units (4 sided polygon). As is typical in many classification 

problems, some of the events in each cla" are in fact on the wrong side of the boundary. 

These will contribute to the error committed by the network (appendix A). The two top 

events in the background sample are in fact in the correct region, since they are top , but 

as far as the network is concerned, they are trusclusified, and these, too, will contribute to 

the error. 

If we continue to train the 4 hidden unit net, the polygon may move around slightly, but, 

if there are not too many mislabelled top events, will never be able to dramatically reduce 

the error committed by the net. If on the other hand we now introduce many more hidden 

units, the network will be able to build a much more complic.ated classification bo~dary, 

ultimately arriving at a situation as in b), in which perfect classification is achieved. Note 

that from the standpoint of the network, the two top evenh in the background sample are 

treated in exactly the same was as signal or background 'outliers'. 

The situation we have just described, however, is just overtraining, as described in 

Appendix A, i.e., the network with too many internal parametera begins to fit too well 

to the training set. Clearly the irregular boundary formed will not be as efficient for a 

statistically independent set of eventi, and in fact might even perform rather poorly. 

The key to dealing with possible truslabelled top eventa in the background sample, then, 

is simply to ensure that the network does not overtrain. Straightforward proc.edures for 

achieving this exist and have been described in Appendix A. As long as the 'contamination' 

from top in the background training set is small, the truslabelled top events in the data set 

will simply cause an irreducible contribution to the error function and will not interfere 
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with the performance of the net. In fact , when the network is applied to a larger sample of 

multijet evenh which doe. contain Bome top, it will correctly clallify them. 
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Table I: The 4 pb- 1 of the 88/ 89 run have been considered and, at the level of the loose cuts 
of the analysis, efficiencies, number of eventB, and SI B ratios of the NET performance are 
reported for a few values of the output variable of the NET for ezclwive HERWIG. These 
are compared with those of the tight kinematical analysis. The SI B ratios are computed 
from the selected uperimental eventB. 

NET Efficiencie& for HERWIG 

data Top 100 Top 120 Top 130 Top 150 

loo&e cu,", 5910 3.9% 9.5% 11.1% 14.4% 

SUM_ET > 240 1253 1.8% 5.6% 7.5% 12.3% 

and OUT > 0.0 330 1.0% 3.8% 5.5% 9.7% 

and OUT > 0.1 267 0.9% 3.5% 5.1% 9.3% 

and OUT > 0.2 219 0.8% 3.2% 4.5% 8.7% 

and OUT> 0.3 169 0.7% 2.8% 4.1% 8.2% 

I tight cu,", I 344 I 1 0% I 4 0% I 49% I 7 7% . . 
Expected Top Even,", in 88/ 89 run 

loo&e cuLt 13.6 11.7 9.1 5.9 

SUM_ET > 240 6.3 6.9 6.2 5.0 

and OUT> 0.0 3.5 4.7 4.5 4.0 

and OUT> 0.1 3.1 4.3 4.2 3.8 

and OUT> 0.2 2.8 3.9 3.7 3.6 

and OUT> 0.3 2.4 3.4 3.4 3.4 

tight cuLt 3.5 4.9 4.0 13.2 

Signal over Background Ratio 

loo6e cut. 1/ 434 1/ 505 1/ 649 1/ 1002 

SUMJ>T > 240 1/200 1/ 182 1/ 204 1/ 248 

and OUT> 0.0 1/ 94 1/ 70 1/ 73 1/ 83 

and OUT> 0.1 1/ 86 1/ 62 1/ 63 1/70 

and OUT> 0.2 1/ 78 1/ 56 1/ 59 1/ 61 

and OUT> 0.3 1/ 70 1/ 50 1/ 50 1/ 50 

tight cuLt 1/ 98 I 1/ 70 1/ 86 11/108 
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Table II: The 4 pb- I of the 88/89 run have been cODaidered and, at the level of the loose 
cuts of the analysis, efficiencies, number of events, and SI B ratios of the NET performance 
are reported for a few valuea of the output variable of the NET for inclwive ISAJET. These 
are compared with those of the tight kinematical analysis. The SI B ratios are computed 
from the selected experimental events. 

NET Efficiencie. for ISAJET 

data Top 100 Top 120 Top 130 Top 150 

loo.e cull 5910 7.85% 15.6% 17.9% 23.8% 

SUM_ET 2! 240 1253 4.2% 10.3% 13.0% 20.3% 

and OUT 2! 0.0 345 3.1% 7.5% 9.9% 16.3% 

and OUT> 0.1 298 2.8% 6.9% 9.3% 15.2% 

and OUT 2! 0.2 229 2.4% 6.5% 8.8% 14.3% 

and OUT 2! 0.3 175 2.1% 5.5% 7.8% 13.0% 

I tight cull I 344 I 3.0% I 7.0% I 9.3% 1 14.1% 

Expected Top Events in 88 / 89 run 

loo.e cull 27.4 19.2 14.7 9.8 

SUM_ET 2! 240 14.7 12.6 10.7 8.3 

and OUT<: 0.0 10.8 9.2 8.1 6.7 

and OUT> 0.1 9.8 8.5 7.6 6.2 

and OUT> 0.2 8.4 8.0 7.2 5.9 

and OUT> 0.3 7.3 6.8 6.4 5.3 

tight cull 10.5 8.6 7.6 15.8 

Signal over Background Ratio 

loo.e cull 1/ 216 1/ 308 1/ 402 1/ 603 

SUM_ET 2! 240 1/ 85 1/ 99 1/ 117 1/ 151 

and OUT> 0.0 1/ 32 1/ 38 1/ 43 1/ 52 

and OUT> 0.1 1/ 30 1/ 35 1/ 39 1/ 48 

and OUT> 0.2 1/ 27 1/ 29 1/ 32 1/ 39 

and OUT> 0.3 1/ 24 1/ 26 1/ 27 1/ 33 

tight cull 1/ 33 I 1/ 40 1/ 45 1 1/ 59 
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Table ill: The event. selected by the HgM kinematical analysis of the 4 pb- 1 of the 88/89 
run have been considered. Efficiencies, number of eventl, and SI B ratios of the NET 
performance are reported and compared with those of the tight kinematical analysis. The 
efficiencies of the NET are computed for a few values of OUT for ezclwive HERWIG and 
the SIB ratiol are computed from the number of selected event.. 

NET Efficiencie6 for HERWIG 

data Top 100 Top 120 Top 130 Top 150 

tight cu" 344 1.0% 4.0% 4.9% 7.7% 

SUM_ET > 240 282 0.8% 3.5% 4.4% 7.4% 

and OUT > 0.0 128 0.6% 2.7% 3.7% 6.3% 

and OUT> 0.1 110 0.5% 2.6% 3.6% 6.1% 

and OUT> 0.2 88 0.5% 2.4% 3.3% 5.8% 

and OUT > 0.3 77 0.4% 2.2% 3.0% 5.3% 

Expected Top Even" in 88/ 89 run 

tight cu" 3.5 4.9 4.0 3.2 

SUM_ET> 240 2.8 4.3 3.6 3.0 

and OUT> 0.0 2.1 3.3 3.0 2.6 

and OUT> 0.1 1.8 3.2 2.9 2.5 

and OUT> 0.2 1.7 2.9 2.7 2.4 

and OUT> 0.3 1.4 2.7 2.4 2.2 

Signal over Background Ratio 

tight cu" 1/ 98 1/ 70 1/86 1/ 108 

SUM-BT> 240 1/ 101 1/ 66 1/ 78 1/ 93 

and OUT> 0.0 1/ 61 1/39 1/43 1/49 

and OUT> 0.1 1/ 61 1/ 34 1/ 38 1/44 

and OUT> 0.2 1/52 1/ 30 1/ 33 1/ 37 

and OUT> 0.3 1/55 1/ 29 1/ 32 1/35 
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Table IV: The events selected by the tight kinematkal analysis oC the 4 pb- I oC the 88/ 89 
run have been considered. Efficiencies, number of events, and SI B ratios of the NET 
performance &re reported and compared with those of the tight kinematical analysis. The 
efficiencies of the NET &re computed for a few value. oC 0 UT for inclu.tive ISAJET and the 
SI B ratios &re computed from the number of selected evenh. 

NET Efficiencie, for ISAJET 

data Top 100 Top 120 Top 1~0 Top 150 

tight cut. 344 3.0% 7.0% 9.3% 14.1% 

SUM_ET> 240 282 2.7% 6.2% 8.5% 13.5% 

and OUT > 0.0 129 2.2% 5.3% 7.3% 11.9% 

and OUT > 0.1 109 2.0% 5.0% 7.0% 11.6% 

and OUT > 0.2 91 1.7% 4.7% 6.5% 11.0% 

and OUT > 0.3 72 1.6% 4.1% 6.0% 10.1% 

Expected Top Event. in 88/ 89 run 

tight cut. 10.5 8.6 7.6 5.8 

SUM-ET > 240 9.4 7.6 7.0 5.5 

and OUT> 0.0 7.7 6.5 6.0 4.9 

and OUT> 0.1 7.0 6.2 5.7 4.8 

and OUT> 0.2 5.9 5.8 5.3 4.5 

and OUT> 0.3 5.6 5.0 4.9 4.1 

Signtd over Background Ratio 

tight cut. 1/ 33 1/ 40 1/ 45 1/ 59 

SUM-ET> 240 1/ 30 1/ 37 1/ 40 1/ 51 

and OUT> 0.0 1/ 17 1/ 20 1/ 22 1/ 26 

and OUT> 0.1 1/ 16 1/ 18 1/ 19 1/ 23 

and OUT> 0.2 1/ 15 1/ 16 1/ 17 1/ 20 

and OUT> 0.3 1/ 13 1/ 14 1/ 15 1/ 17 
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Fig.2 Schematic representation of the neural network used in the analysis. The vector of 

18 input variables is multiplied by a matrix of weights (represented by lines) to produce 

5 weighted sums at the inputs to the function units, If ', in the hidden layer. These units 

produce at their output a nonlinear function (also shown) of their inputs. In a similar 

manner the output unit produces the same nonlinear function of a weighted sum of the 

hidden layer outputs. 
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Fig.3 The s'UmET of the leading six jets of the data and the ISAJET sample. The vertical 

line at 240 GeV corresponds to the cut placed to restrict the operation of the network to a 

region where the top and backgroUnd overlapped (see pg.6 and appendix A). 
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Fig.7 Neural nets applied to events passing the tight cub; Le. the combined classifier. In (a) 

the network output distribution of the selected backgorund events and in (b) the distribution 

of the selected ISAJET events, for the network trained with ISAJET. The performance of 

the network trained with HERWIG on tightly selected events are shown in (c) and (d). 
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Fig.17 A comparison of the output.! from the network with HERWIG and ISAJET training 

for the first 2.5 pb- I of the 92 / 93 data. In (a) the distribution of the difference = outherwig­

out; ~ (lje!; in (b) the scatter plot of outherw;g VS outi~(lje!· 



a) 

o o 
o 0 

b) 

0 

~ 
0 0 

0 0 

o 
o 

0 
0 

DO 
0 

o 

0 

o 0 o 
DO 

-t-

o t 0 
0 0 

o 

o 

o 

0 

Do 0 
0 
0 

0 

Fig. 18 Two dimensional model of the ti to multijets problem. Crosses represent top events , 

squares, background. The two events with a It' inside the square are top events which have 

been mislabelled as background. In a) is shown plausible classification bOWldary created by 

a neural network with 4 hidden units . In b), the much more complicated boundary created 

by an overtrained network with many hidden IlIlits, which achieves perfect classification. 
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