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Particle Tracking 



Introduction: Aggregation 
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[ x1, y1, z, t1]
[ x2, y2, z, t2]

Mean
Xnew = mean (x1,x2)
Ynew = mean (y1,y2)
Tnew = mean (t1,t2)

[ xnew, ynew, z, tnew]



Proposal
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Multi-Layer Perceptron Transformer Graph Neural Network
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Multi-Layer Perceptron

Admissible track combinations

Not admissible track combination
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Multi-Layer Perceptron

0.76 0.24

… ...

... …

0.13 0.87

0.94 0.06

[ x, y, z, time]

Existence Score 1- Existence Score
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Multi-Layer Perceptron: results

Efficiency   = 
# 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑡𝑟𝑎𝑐𝑘𝑠

Purity        = 
# 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

Fake Tracks   = 
# 𝑤𝑟𝑜𝑛𝑔𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑡𝑟𝑎𝑐𝑘𝑠
Efficiency Purity Fake Tracks

70.06 % 92.3 % 39.45 %

• MC kpinn Run012037 v3.5.3-v3.7.3 overlay
• 200156  events  {-10 ns, +10 ns} wrt KTAG reference time
• The models were implemented on an RTX 3060Ti Trio with 

8 GB equipped with a Ryzen 7 3700X CPU

• 60% Train, 20% Validation, 20% Test
• Training on Train Set 
• Hyper-parameters using Validation Set
• Results on Test Set
• True Track is composed of hits with the same kinepart
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Multi-Layer Perceptron: conclusion

• Poor Performances

• Big GPU memory needed to store all admissible combinations

• Slow computations 

• Class Imbalance

• Local awareness
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Multi-Layer Perceptron Transformer Graph Neural Network
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Global awareness with   
Transfomer

Local awareness

If we have n hits per station, we will create:
- n4 (GTK0-GTK1-GTK2-GTK3)
- n3 (GTK0-GTK2-GTK3)
- n3 (GTK1-GTK2-GTK3)
Total: n4+2n3

Transformer

What if move the problem from tracks to 
edges?
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Transformer

Binary Classification

The number of candidates we need to 
evaluate is (4n)2 =16n2 << n4+2n3
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Transformer
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Transformer

0.99 0.01

… …

… …
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0.12 0.88
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… …

0.99 0.01
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Transformer

0.99 0.01

… …

… …

… …

0.12 0.88

… …

… …

0.99 0.01
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Transformer

0.99

0.870.87

Max Edge selection
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Efficiency   = 
# 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑡𝑟𝑎𝑐𝑘𝑠

Purity        = 
# 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

Fake Tracks   = 
# 𝑤𝑟𝑜𝑛𝑔𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑡𝑟𝑎𝑐𝑘𝑠

Efficiency Purity Fake Tracks

70.06 % 92.3 % 39.45 %

Multi-Layer Perceptron

Efficiency Purity Fake Tracks

95.95 % 98.62 % 1.22 %

Transformer

Transformer
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Transformer

Efficient computations

Solved class imbalance

Global awareness

Many computations to consider all the connections
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Multi-Layer Perceptron Transformer Graph Neural NetworkTransformer
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Multi-Layer Perceptron TransformerTransformer

Graph Neural Network

Many computations to consider all the connections

Graphs allow to decide the topology (e.g. the connections between nodes)
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Graph Neural Network



22

Graph Neural Network

Complete Graph

Sparse Graph
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Graph Neural Network
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Graph Neural Network
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0.13 0.87
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Graph Neural Network

Efficiency   = 
# 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑡𝑟𝑎𝑐𝑘𝑠

Purity        = 
# 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

Fake Tracks   = 
# 𝑤𝑟𝑜𝑛𝑔𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑡𝑟𝑎𝑐𝑘𝑠

Efficiency Purity Fake Tracks

70.06 % 92.3 % 39.45 %

Multi-Layer Perceptron

Efficiency Purity Fake Tracks

95.95 % 98.62 % 1.22 %

Transformer

Efficiency Purity Fake Tracks

94.78 % 99.78 % 0.21 %

Graph Neural Network*

* Direct, Fully-connected graph with Graph Convolutional Network and Multi-Classifier
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Graph Neural Network

Example of an error Example of a good prediction 
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Graph Neural Network

Solved class imbalance

Global awareness

Flexible Topology

Computationally Efficient
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What if we remove the aggregation 
constraint?



Introduction: Aggregation-free
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[ x1, y1, z, t1]
[ x2, y2, z, t2]

Mean
Xnew = mean (x1,x2)
Ynew = mean (y1,y2)
Tnew = mean (t1,t2)

[ xnew, ynew, z, tnew]



Introduction: Aggregation-free
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[ x1, y1, z, t1]
[ x2, y2, z, t2]

Mean
Xnew = mean (x1,x2)
Ynew = mean (y1,y2)
Tnew = mean (t1,t2)

[ xnew, ynew, z, tnew]



Clustering
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1 2 3 4

5

We tryed 3 clusteiring algorithms and we evaluate the 
performances with Precision ( Pr), Recall (Re) and F1-score (F1):

1) No clustering: Pr= 95.04, Re=99.54 , F1 = 97.24

2) Recursive clustering based on a threshold in space and time:
        Pr= 99.31, Re=99.90, F1 =99.61

3)    Clustering based on a threshold in space and time: Pr= 99.39,
        Re=99.91, F1=99.65

6 7 8 9

At the light of these small differences, we let our tracking algorithm to solve the entire problem without any prior 
clustering. This strategy avoids the definition of very specific metric and make the implementation comparable 

with the others.
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We can have cases where a particle has more than one 
hit on a single GTK station

We introduce a more robust definition of True Positive 
Tracks, False Positive Tracks and False Negatives Tracks

Aggregation-free
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1 2 3 4

5

We create a set of Admissible True tracks:
• Blue particle: { (1-3-4), (1-3-5), (2-3-4), (2-3-5), (1-2-3-4), (1-2-3-5)} 
• Red particle: {(6-7-8-9),(6-7-9), (7-8-9)}

Given a prediction P of our algoritm we have 3 cases:

A) If P is in the set, we have a True Positive     (e.g (1,2,3,4))
B) If P is not in the set, we have a False Positive (e.g. (1,2,3))
C) If we have a particle for which none of the predictions of our 
algorithm was in the set, we have a False Negative

6 7 8 9

Aggregation-free
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Aggregation-free: Results

Efficiency   = 
# 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑡𝑟𝑎𝑐𝑘𝑠

Purity        = 
# 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

Fake Tracks   = 
# 𝑤𝑟𝑜𝑛𝑔𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑟𝑎𝑐𝑘𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑢𝑒 𝑡𝑟𝑎𝑐𝑘𝑠

Efficiency Purity Fake Tracks

95.95 %
95,62%

98.62 %
99,03%

1.22 %
0,94

Transformer

Efficiency Purity Fake Tracks

94.78 %
96,44%

99.78 %
99,30%

0.21 %
0,68%

Graph Neural Network



Future 
Works
We should deploy the 
architecture into the NA62 
framework and evaluate 
the capabilities on real 
data
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