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Quarks are usually bound together by the 

strong interaction to form hadrons. At 

very high temperatures, they undergo 

deconfinement into a state of matter 

known as Quark Gluon Plasma (QGP). 

Studying it provides insight into the 

strong interaction and the conditions 

prevalent in the early universe during the 

Big Bang.

Quark Gluon Plasma
The conditions in particle colliders during heavy ion collisions are favorable for QGP formation. To probe 

its nature, we study dielectron decays i.e. electron-positron pairs (𝑒+𝑒−) produced as daughter 

particles. To do so, we must identify these dielectron decays with high accuracy. Daughter particles 

leave tracks in particle detectors. At the Relativistic Heavy Ion Collider (RHIC) in Brookhaven National 

Laboratory (BNL), the Time Projection Chamber (TPC) and Time-of-Flight (TOF) detectors record track 

data that is useful for discriminating particles species: momentum (𝑝), energy loss per distance (𝑑𝐸/𝑑𝑥), 

normalized velocity (ß=𝑣/𝑐), and TOF sensor readout coordinates. There exist efficient classical ID 

methods that make use of this data, but they are being supplanted by artificial neural networks (ANN).

Dielectron Identification

Introduction
The Standard Model of particle physics predicts many classes of 

fundamental particles: quarks, leptons, and bosons. Quarks are fundamental 

particles that form composite particles known as hadrons (e.g. protons, 

neutrons), while gluons mediate one of the fundamental physical 

interactions, the strong interaction).
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Artificial Neural Networks
We employed ANN’s to improve dielectron ID. A multilayer perceptron was used 

for binary classification between background non-electron and signal electron 

tracks. A simple perceptron approximates the unknown functional relationship 

between the input variables and the output classes. We tested both shallow 

networks with 1 hidden layer and deep networks with 2 layers. For both, we 

experimented with the number of neurons in the hidden layers.
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Classical Dielectron Identification Techniques
Classical dielectron ID methods are cut based. Each particle 

species leaves a unique pattern in the 𝑑𝐸/𝑑𝑥 vs. 𝑝 and 1/ ß vs. 𝑝

distributions. In certain kinematic regions, electrons display 

similar signatures as other hadrons (kaons, pions), making 

identification difficult. The 1/ ß vs. 𝑝 distribution provides 

independent information so that track selections can be made 

and the electron sample purity rate (# of electrons or positrons / 

# of total particles) is maximized.
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Shallow vs. Deep Networks
We found that deep networks with 2 hidden layers generally performed 

better than shallow ones with only 1 hidden layer. Deep ANN’s also 

reached near optimal performance faster than shallow networks during 

the training phase. We compared the accuracy and Receiver Operating 

Characteristic (ROC) curves for a shallow network with 400 neurons and a 

deep network with 200 and 100 neurons in the hidden layers.

Final Validation Data 
Performance

Shallow Network (400 
neurons)

Deep Network (200, 100 
neurons)

Accuracy 0.973 0.985

Area Under Curve (AUC) 0.961 0.997

Precision 0.943 0.960

Recall 0.975 0.971

Shallow NN
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Methodology
We generated 2 million samples of training data (1 million signal and 1 

million background) using the GEANT4 simulation framework. The networks 

were trained using TensorFlow. A grid search approach was used during the 

training phase to select the optimal number of neurons in each layer. We 

obtained heavy ion collision data from the STAR experiment at the RHIC and 

made inferences on this unlabeled data. The background and signal class 

labels were set to 0 and 1 respectively, while the threshold for classification 

was set to 0.8.

Deep NN

Parameter Value

Activation Function RELU

Optimizer Adam

Loss Function Binary Cross-entropy

Learning Rate 0.005

Decay Rate 1 0.9

Decay Rate 2 0.999

Training Cycles 30
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Inference
We used a deep ANN (200, 100 neurons) for inference. In the unfiltered 

𝑑𝐸/𝑑𝑥 vs. 𝑝 distribution, the electron band is mixed with light hadrons at 

low momenta. ANN filtering makes the electron band more distinguishable. 

Similarly, many non-electron background particle tracks are suppressed in 

the 1/ ß vs. 𝑝 distribution. Preliminary results suggest an electron sample 

purity rate of 97.3% achieved by the network, compared to ~96% for 

advanced cut-based methods. Further testing is needed for a direct 

performance comparison between ANN and cut-based techniques.
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Conclusion and Future Steps
Artificial neural networks are well suited for dielectron identification. 

Preliminary results suggest that ANN’s outperform classical methods, but 

further planned direct comparisons are necessary. We also plan to boost 

network performance by increasing the simulated training dataset as well 

as adapt our neural networks for multi-label classification of particle 

species.
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