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Future Work:

Conclusion:FAUST:

Network Strategies:

Diagnostics:

Figure 3: This plot overlays the NN’s predicted particle ID on the test data. 

Figure 4: Predicted particle ID for a Monte Carlo data set as determined by 

the above NN.

Figure 5 : Predicted atomic charge for known isotopes.

Figure 6: Predicted atomic mass for known isotopes.
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Figure 7-10: These charts describe the accuracy of the NN when applied

to 2% SRIM data shifted in various ways to determine the tolerance of the

NN to non-perfect calibrations.

Figure 16: This plot displays the accuracy of the NN when applied to the 

detector it was trained on (22) 

Figure 17: This plot displays the accuracy of the NN when applied to det. 23

Figure 12 : This plot depicts the 

data subset from detector 22 

used to train NNs. 

Figure 13 : This plot depicts the 

particle IDs used to train on detector 

22 data as determined by the 

traditional linearization method.

Figure 14 : this plot displays the 

particle ID of the det. 22 test set.

Figure 15 this plot displays the 

particle ID of the det. 23 test set.

Figure 14 (above): This plot displays the particle ID of the det. 22 test set as 

determined by the NN used in Fig 3-4.

Fig. 14 suggests that not only can we use transfer learning to expedite the 

process once we have a NN trained on one detector, but we can also use 

simulation trained NN as a baseline and thus reduce the number of data points 

we need to train on. 

▪ Trained NNs with 1-3 hidden layers

▪ 3-50 nodes in each layer

▪ Si ΔE & CSI E as the two inputs

▪ Binary method:

• 12 outputs: confidence level of specific isotopic ID

▪ ZA out Method:

• Two output nodes A (atomic mass) and Z (atomic number)

The binary system’s results were worse than the results of the ZA out

method NN. This is likely due in part to the increased number of

parameters for the NNs to tune, leading to its undertraining. The ZA

out method may allow the network to improve its responses due to

the physical correlation between atomic charge and mass.

*The ZA out method was used for all of the following results.

Figure 1 (right): This picture displays a

telescope composed of a ~300 µm thick

Si detector mounted in front of a CsI

detector. FAUST has 68 Si/CsI(Tl) ∆E-E

telescopes.1 This plot displays a calibrated

spectra.

Results:

It is worth noting that NNs with three hidden layers did significantly worse 

than those with two contrary to simulated data tests. This is likely due to the 

overtraining of more complicated NNs because of the smaller amount of real 

data available.

Various w

Machine Learning Basics:

Figure 3 (left): This diagram 

displays the back-propagation 

learning process.3

Neural Network: A Neural Network (NN) is a mathematical model

consisting of weights and biases between nodes in the network.

Node: A structure which takes multiple inputs (from the previous layer)

and produces a single output.

Sigmoid neuron: A special type of node whose output is governed by the

following equation where w represents the weight between nodes and b

represents the bias of the given node:2

Epoch: one epoch is the period in which every data point is checked and

the weights and biases are adjusted according to the averaged results of

randomized mini batches.

Traditionally this data is analyzed by linearizing the data to separate out the

isotopic regions (banana curves). Once the linearization is complete, either

1D or 2D gates are constructed to count the number of each isotope

observed.

The linearization process alone is incredibly time consuming, because each

of the 68 detector telescopes needs to be hand calibrated. We hope to

reduce the time this process takes without jeopardizing the quality of the

results by training neural networks to recognize the isotopic regions, and

create gates semi-automatically.

This research shows the potential of machine

learning to gate with high confidence on isotopic

regions in FAUST data. While the confidence of

the isotopic ID given by the NN is high, it tends

to leave a large portion of the data unlabeled.

One way to compensate for this is through the

tweaking of the constraints placed on A and Z for

positive isotopic ID.

While this method would somewhat lower

confidence levels, through the use of the particle

ID plots a researcher may, by eye, tweak them in

a manner similar to adjusting gates.

This project provides a proof of concept for

the use of NNs to avoid the time consuming

linearization process for most of the detectors.

This alone could save a large amount of time.

This research suggests the feasibility and

future importance of transfer learning which may

potentially allow NNs trained on simulated data

or past experiments to be mapped onto new

data sets through the variation of biases and

weights in a single layer. This would increase the

accuracy of the NN’s identification of less

abundant isotopes which lack the stats to train

well on experimental data alone. Transfer

learning would also decrease the overall quantity

of identified data from the experiment required to

train.

Once the machine learning process and

structure for FAUST are well understood, the

methods can be extrapolated to other larger

detector arrays.

The below diagnostics used a NN with three hidden layers of 50,15,

and 5 nodes trained for 750 epochs on 2% SRIM (Stopping and Range

of Ions in Matter) simulated data.

The NN used for fig 11-13 has two hidden layers with 30 and 

12 nodes respectively, and was trained on a training data set 

from detector 22.
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Figure 11: This Plots the particle ID for the 125 keV Si ΔE SRIM data .
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