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Abstract

Identification of heavy flavour jets plays an important role within the International
Linear Collider physics programme. The vertex detector design and the impact param-
eter resolution are of particular importance in the performance of the flavour tagging.
Studies of the performance of the flavour tagging at the International Large Detector are
presented.

1 Introduction

The performance of the flavour tagging and its dependence on global detector parameters
was investigated using the GLD, LDC and ILD detector models for the ILD Letter of Intent
[1].

The samples used in the studies are divided in two groups: the test samples and the neural
networks training samples. The test samples were generated with Pythia and consisted of
10000 events of e+e− → Z∗ → qq̄ at

√
s = mZ , where the fractions of the different decay

modes followed the branching ratios of the Z boson. The samples, e+e− → Z∗ at
√

s = mZ ,
used in the training of the flavour tagging neural networks are completely independent of the
test ones, were also generated with Pythia and consisted of 50000 Z ∗ → bb̄, 50000 Z∗ → cc̄

and 50000 Z∗ → qq̄ (q = u, d, s) events.

The samples initially passed the detector simulation for each detector model using Mokka
[2]. MarlinReco [2] was used for the full reconstruction and the flavour tagging procedure used
was that provided by the LCFIVertex package [2, 3] based on the neural network approach.

2 Neural networks

The LCFIVertex flavour tagging uses nine artificial neural networks (ANN) to identify the
flavour of jets: three ANN are used to tag b-jets depending whether one, two or three or
more vertices were found in the jet; another set of three ANN are dedicated to tag c-jets
also depending on the number of vertices found in the jet; the last set of three ANN, one for
each vertex multiplicity, serves to tag c-jets in the presence of backgrounds containing only
b-quarks.

The ANNs also use two different sets of discriminant variables. In the case where only
one vertex is found in the jet the following N = 8 variables are used: the two significances,
in r − φ and in r − z, and the momentum of the most and of the second most significant
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tracks in the jet; the two joint probabilities, in r − φ and in r − z, that the all tracks in
the jet belong to the primary vertex. In the case where two or more vertices are found in
the jet, the following N = 8 variables are used: the two joint probabilities, in r − φ and in
r− z; the decay length and the decay length significance of the vertex with the largest decay
length significance in 3D with rescpect to the primary vertex; the momentum of the set of
tracks assigned to the decay chain; the pT -corrected vertex mass; the number of tracks in the
vertices, except the primary one; the secondary vertex probability.

The aforementioned joint probabilities in r − φ and in r − z that all tracks in a jet come
from the primary vertex are among the most powerful discriminant variables and must be
carefully treated. They are obtained using parameters calculated by fitting the negative
impact parameter significance distributions, in r − φ and r − z, to a function composed by
a gaussian plus two exponentials. Consequently, the impact parameter resolution is very
important in determining the flavour tagging performance and the parameters for the joint
probabilities can be dependent on the detector model. In these studies, the parameters were
obtained for each detector model using a tool (SignificanceFit processor) available in the
LCFIVertex package. The values of the parameters for each detector model can be found in
the Appendix A.

The ANN architecture is a multi-layer perceptron with N inputs, one hidden layer with
2N − 2 nodes, and sigmoid activation functions. The weights were calculated using the back
propagation conjugate gradient algorithm.

The ANNs were trained for the differente detector models with the NeuralNetTrainer

processor of the LCFIVertex package. They can be found on CVS [4] under tagnet.

3 Flavour tagging performance

3.1 GLD detector models

The flavour tagging performance was evaluated for three detector models within the GLD
concept [1]: GLD, GLDPrime and GLD4LDC with magnetic fields 3.0 T, 3.5 T and 4.0 T
and inner radius 17.5 cm, 16 cm and 15 cm, respectively. For each detector model a set
of parameters for the joint probabilities that all tracks belong to the primary vertex were
obtained and a dedicated training of the neural networks performed. Figure 1 shows the
flavour tagging performance for the three detector models. The performances are similar
(. 1%) with a slightly preference for the 4.0 T configuration, in particular for b-tag at
high efficiencies. Uncertainites due to statistical fluctuations of the test sample and neural
networks training are . 2% (see Appendix B).

3.2 LDC detector models

The detector models within the LDC concept [1] used to evaluate the flavour tagging per-
formance were the LDC, LDCPrime and LDC4GLD with magnetic fields 4.0 T, 3.5 T and
3.0, and radius 14 cm, 15 cm and 16.5 cm, respectively. The parameters for the joint prob-
abilities were obtained and the neural networks trained for each detector model. Figure 2
shows the flavour tagging performance for the LDC, LDCPrime and LDC4GLD models. The
observed differences in the flavour tagging performances between the models are . 4%. The
high magnetic field configuration is also preferred. The detector model LDC4GLD presented
better rejection of light quark background, which reflected in a slightly better performance
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Figure 1: Flavour tagging performance of the GLD detector models.

than LDCPrime. Uncertainites due to statistical fluctuations of the test sample and neural
networks training are . 2% (see Appendix B).

3.3 ILD detector models

The dependence of the flavour tagging performance on the two possible vertex detector ge-
ometries, with three double-sided ladders (VTX-DL) and with five single-sided (VTX-SL)
ladders, using the ILD detector model was studied. The ANNs were trained for the VTX-DL
option and used for both VTX configurations as there was no significant differences in the
input variables for the two geometries.

The flavour tagging performances of the ILD detector for the two vertex detector options,
VTX-DL and VTX-SL, are shown in Fig. 3. There is a slight preference for the VTX-SL
configuration but the differences in the flavour tagging performances between the two vertex
detector geometries are very small (. 1%). Moreover, the LCFIVertex parameters used in the
vertex reconstruction and to obtain the inputs for the neural networks were optimised for the
VTX-SL. Further studies are necessary to evaluate the need for tuning of those parameters
for the VTX-DL geometry. Uncertainites due to statistical fluctuations of the test sample
and neural networks training are . 2% (see Appendix B).

4 Conclusions

The flavour tagging performance was evaluated with the LCFIVertex package for the GLD,
LDC and ILD detector models. All detectors presented very similar performance of the flavour
tagging, within uncertainties, which would be expected given that the impact parameter
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Figure 2: Flavour tagging performance of the LDC detector models.
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Figure 3: Flavour tagging performance of the ILD detector with three double-sided ladders
(VTX-DL) and with five single-sided ladders (VTX-SL).
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resolutions are also not too different between the models. However, there is a slight preference
for higher values of the magnetic field.

A Parameters for the joint probabilities

The parameters for the joint probabilities are given to FlavourTagInputsProcessor of the
LCFIVertex package via the Marlin xml file. The

<parameter name="JProbResolutionParameterRphi" type="FloatVec">

rp1 rp2 rp3 rp4 rp5

</parameter>

<parameter name="JProbResolutionParameterZ" type="FloatVec">

rz1 rz2 rz3 rz4 rz5

</parameter>

Where rp1...rp5 and rz1...rz5 are the parameters for the joint probabilities in r − φ and
r − z, respectively, given by the SignificanceFit processor. The values of the parameters for
each detector model are presented in the Table 1.

Table 1: Parameters for the joint probabilities in r − φ (rp1...rp5) and r − z (rz1...rz5) for
different detector models.

GLD GLDPrime GLD4LDC LDC LDCPrime LDC4GLD ILD

rp1 1.16052 1.1529 1.1472 0.822989 0.843068 0.900482 0.943512
rp2 0.327723 0.308651 0.315569 0.361365 0.364774 0.256118 0.191583
rp3 0.429758 0.438378 0.448459 0.60614 0.619891 0.503644 0.334776
rp4 0.134055 0.134452 0.142126 0.174974 0.150243 0.185938 0.168117
rp5 0.0264861 0.0261949 0.0246929 0.0252772 0.0290308 0.0244525 0.0196978

rz1 1.22518 1.23523 1.26986 0.902201 0.910629 0.973425 1.09571
rz2 0.373735 0.357187 0.323564 0.30077 0.305746 0.263325 0.220066
rz3 0.425616 0.405758 0.4041 0.418416 0.422501 0.374868 0.292588
rz4 0.140831 0.135549 0.140535 0.178969 0.139363 0.189426 0.15417
rz5 0.0253717 0.0242226 0.0255398 0.0263937 0.028365 0.0260952 0.0251253

B Uncertainties

The test samples are finite, therefore statistical uncertainties must be taken into account to
determine which detector has the best performance for flavour tagging. In addition to that,
the training of the neural networks can also provide a source of uncertainties.

When training the neural networks an algorithm with a random seed tries to find the
minima of a function. Those minima are the weights of the neural networks. It happens
that the algorithm can find many minima other than the global ones and the performance is
degraded. In a next training, starting with a different seed, the the majority of the minima
found may then be the global ones and the performance will be close to optimal. It is not
possible to tell beforehand that the set of trained neural networks is the optimal one. When
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Figure 4: Estimated uncetainties due to statistical fluctuation of the test samples and due to
neural networks training.

comparing the flavour tagging performances of two detectors, the one expected to give the
best performance (with better impact parameter resolution, for exmaple) can present slightly
worse performance than the other one, in particular if the differences in the impact parameter
resolutions are not large as in the case of the detector models studied in this note. Using the
detector model LDCPrime, a series of ten neural networks trainings was performed and the
rms of the purities for different values of efficiencies were obtained, giving an idea of the size
from the training uncertainties.

Figure 4 shows the estimated statistical and training uncertainties for b-tag, c-tag and
bc-tag. In general, the uncertaintes contribute with about or less than 2%.
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