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Goal of this meeting:
- Identify tasks
- Get people involved
- Plan moving towards TDR



DIS Electron Finder
• Charge: Developing an efficient and accurate algorithm for identifying 

electrons and identifying the scattered electron of the DIS process
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Found it
Major Goals:
o Develop unified electron 

identification
o Implement DIS lepton finder 

algorithms

Realistic DIS lepton finding is crucial for 
many benchmarks and analyses needed 
to inform detector design



DIS lepton algorithms
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DIS Lepton Finder Algorithms
• Goal: identify the DIS lepton using only final state information
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In case of one electron anything will 
work. In case of multiple electrons even a 
simple rule, such as take electon with 
“maximal” energy/pz /etc. will work for 
50+% cases if only 2 electrons are 
present. Basically, implemented in Rivet. 

DIS electron in (a) detector

Any electron momenta are measured in tracking and in calorimeter.

Great if:

the e track matches the

calorimeter deposit in

position and energy.

the calorimeter deposit has

no physical noise around –

e.g. “/fi0
.

the tracking is done with

electron mass hypothesis

(typically with fi)

the dE/dx gives a good clue

for evsfi.

Solveable with a better detector.

But:

How to select the DIS electron when there

are multiple candidates? Essentially check

the hadronic final state kinematics is

consistent with the kinematics of each

electron, i.e. combine multiple

measurements [1].

How to associate the semi-hard radiation from

the electron with the electron? Try to cluster

some energy from the calorimeter deposits

with the electron. Cluster the photons from

the interaction point if they are angularly

close to the electron?

Not fully solveable
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Challenges:

Credit: Andrii Verbytskyi



DIS Lepton Finder Algorithms                
• Goal: identify the DIS lepton using only final state information
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DIS electron in (a) true MC event record
One should follow a clear rule: look only at the final state.. Approach pushed hard

by e.g. Rivet [2]/MCNET authors

How to associate the semi-hard radiation from the

electron with the electron? Looking only at the final

state.

Each electron is a potential candidate for DIS electron.

How to select the proper one? In case of one electron

anything will work. In case of multiple electrons even

a simple rule, such as take electon with “maximal”

energy/pz /etc. will work for 50+% cases if only 2

electrons are present. Basically implemented in Rivet.

Step beyond: combine

information from the

hadronic final state with

the electon to resolve the

ambiguity and outperform

the default Rivet

algorithm [3].

RivetMC [LMODE=MC]

RivetSTD [LMODE=STD]

RivetNN [LMODE=NN]
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Figure: the true Q2
from the full MC event

record, the standard Rivet algorithm from

the final state (STD) and the NN

algorithm from the final state. The cases

fro multiple electrons.
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Table 3 Kinematic bins in x and Q2, see also Fig. 3

Bin Q2 ( GeV2) x

1 120–160 0.0024–0.010

2 160–320 0.0024–0.010

3 320–640 0.01–0.05

4 640–1280 0.01–0.05

5 1280–2560 0.025–0.150

6 2560–5120 0.05–0.25

7 5120–10240 0.06–0.40

8 10240–20480 0.10–0.60

ing process as observed for larger learning rates. The larger
batch size does not offer any advantages in our analysis as
shown in Table 1. We, therefore, select an initial learning rate
of 10−5 with a minimal batch size. To choose the regulari-
sation parameter close to the optimal one, we vary its value
with constant batch size of 10,000 and initial learning rate of
10−5 and again observe the mean square error of the x recon-
struction model over the training set. For each set of parame-
ters, ten attempts are made and the best result is chosen. The
results are presented in Table 2. Accordingly, we choose a
regularisation parameter of 10−6. Using this regularisation,
the neural network models for both x and Q2 are defined
by weight parameters, of which 50% are effectively zero, or
less than 10−8 Following the suggestions in Ref. [63], we
start with a small batch size, and increase it in initial training
epochs. We test this approach by comparing the mean square
error of the x reconstruction model over the training set over
the first 200 epochs of training over three different training
regimes. The results are summarised in Fig. 4 and imply to
use a gradually increasing batch size up to a maximum batch
size of 1000.

7 Results

We evaluate the performance of our approach for the recon-
struction of DIS kinematics by applying it to detailed Monte
Carlo simulations from the ZEUS experiment and by compar-
ing our results to the results from the electron, double-angle,
and Jacques-Blondel reconstruction methods. For the com-
parison, we use various combinations of statistically inde-
pendent data sets, one for the training, and another for the
evaluation. In our systematic studies, we have found no signs
of overtraining and also no indication that the results depend
on the selected Monte Carlo simulations. For the results pre-
sented in this section, we use the “MEPS” data set for the
training and the “CDM” data set for evaluation. The main
quantities of the comparison are the resolutions of the recon-
structed variables log Q2/1 GeV2 and log x as measured in

Fig. 5 Distributions of log Q2/1 GeV2−log Q2
true/1 GeV2 for various

reconstruction methods in individual analysis bins. For better visibil-
ity, the data points for each reconstruction method are connected with
straight lines

selected x − Q2 regions (bins). The resolutions are defined

as

√
∑N

i

(
log Q2

i /1 GeV2 − log Q2
i,true/1 GeV2

)2
/N and

√∑N
i

(
log xi − log xi,true

)2
/N , where N stands for the

number events in the corresponding bin. The boundaries of
the bins are given in Table 3 and are chosen to be close to the
bins used in ZEUS DIS analyses, e.g. in Ref. [57].

The distributions of the log Q2/1 GeV2−log Q2
true/1 GeV2

and log x − log xtrue quantities are given in the Figs. 5 and 6,
respectively. The numerical values for the resolution are sum-
marised for all the bins and methods in Table 4. The DNN
optimisation procedure minimises the generalisation error
described in Eq. (25) plus the regularisation penalty, so dis-
tributions in Figs. 5 and 6 do not necessarily peak at zero. In
addition to that, Figs. 7 and 8 show the two dimensional dis-
tributions of events in log Q2/1 GeV2 vs. log Q2

true/1 GeV2

and log x vs. log xtrue planes.
The comparison of the DNN-based approach with the clas-

sical methods demonstrates that the DNN-based approach is
well suited for the reconstruction of DIS kinematics. Specif-
ically, for most of the bins, our approach provides the best
resolution as measured by the standard deviation of the log-
arithmic differences of true and reconstructed variables. The
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DIS lepton algorithms
• Baseline algorithm
• E/p electron id (0.9<E/p<1.1)
• E-pz cut (needs to be optimized)

• ML algorithms 
• Handle multiple algorithms?
• Handle events without electron candidate / multiple
• How to compare algorithms
• What is needed to train ML algorithms, avoid bias, etc.
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Truth approach
• PR #751 Add reconstructed electron factory, algorithm utilizing E/p cut
• https://github.com/eic/EICrecon/pull/751
• ReconstructedElectrons Factory
• Input:

• Output: “ReconstructedElectrons”
• Utilizes the ElectronReconstruction Algorithm
• Any track with an ECAL match
• Accept if 0.9 < E/p < 1.2 (needs to be studied and optimized)
• TODO: use HCAL
• TODO: handle multiple matches

• This is meant to be initial skeleton – keep same structure for RECO 
approach
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