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ABSTRACT

In this paper, we propose several improvements to Graph Neural Networks (GNNs) for particle
tracking, with a focus on enhancing jet accuracy and computational efficiency. We integrated at-
tention mechanisms to better capture node dependencies, leading to more accurate tracking results.
Additionally, we employed computational techniques such as graph sparsification and automatic
mixed precision (AMP) to reduce memory usage and accelerate training. Our experiments show a
2.1% increase in tracking accuracy on benchmark datasets, while cutting training time by approxi-
mately 40% compared to standard GNN models. In conclusion, the proposed model offers significant
improvements in both accuracy and computational efficiency, making it a viable approach for scaling
up particle tracking tasks.
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1 Introduction

Particle physics is at the forefront of understanding the fundamental building blocks of the universe. The Large
Hadron Collider (LHC) at CERN, with its 23-kilometer particle accelerator, enables scientists to collide particles at
nearly the speed of light, creating vast amounts of complex data. Reconstructing the trajectories of these particles is
critical for advancing our knowledge of the Standard Model of particle physics. However, tracking these particles,
especially in high-pileup environments like those expected at the High-Luminosity LHC (HL-LHC), presents significant
computational challenges.

In recent years, graph neural networks (GNNs) have emerged as a key method for particle tracking, showing considerable
promise in their ability to scale with the complex data generated at the LHC. A notable example is the object condensation
(OC) method, which clusters particle hits and reconstructs tracks in a learned latent space [2]. This approach has
demonstrated significant improvements in particle tracking efficiency in high-pileup scenarios, providing a strong
foundation for further advancements.

Building upon these earlier efforts, our work aims to address some of the remaining challenges in GNN-based particle
tracking, particularly in terms of scalability and computational efficiency. While previous studies have made significant
progress in improving tracking performance, issues such as high memory usage and the need for faster training
and inference times remain. Recent developments in GNN architectures, including attention mechanisms and graph
sparsification techniques, offer potential solutions to these challenges, enabling models to more efficiently process the
vast amounts of data generated at the HL-LHC.

In this paper, we propose several enhancements to the GNN-based tracking pipeline, focusing on both accuracy and
computational efficiency. Our key contributions include the integration of attention mechanisms to capture more nuanced
node dependencies, and the application of graph sparsification techniques to reduce memory usage. Additionally, we
introduce automatic mixed precision (AMP) to lower computational costs during training. These improvements build
directly on the foundation laid by previous research, extending the capabilities of GNNs to handle larger datasets and
more complex tracking tasks.



1.1 Data

To start, we used TrackML data. This data is Monte Carlo simulation data that mimics conditions at the High-Luminosity
LHC (HL-LHC). The dataset simulates a generic all-silicon detector design with a barrel geometry in the central region
and disk geometry in the forward region. This allows the detector to capture particle hits in three sub-detectors. The
innermost sub-detector is the pixel detector, which has dimensions of 50µm × 50µm. The strip detectors consist of
two layers: short strips with dimensions of 80µm × 1200µm and long strips with dimensions of 120µm × 10.8mm,
providing tracking data across different radial regions of the detector. The detector covers a pseudorapidity range of up
to η = 3, ensuring complete coverage for the reconstruction of high-momentum particles.

The data consists of four data files. The hits file describes the position of each hit in the global (x, y, z) coordinate system.
Each hit is matched with its corresponding volume, layer, and module in the detector hierarchy. The cells file describes
the specific detector cells, such as pixel clusters, responsible for each hit, and provides additional information like
active channels and charge values for each cell. The particles truth file provides the true simulated particle information,
including momentum, vertex position, charge, and the number of hits generated by each particle. The hit truth file
connects each hit back to the true particle, offering the particle’s state (before or after interaction with the detector
material) and linking hits to the originating particles.

The collision events are simulated using the Pythia 8 event generator. Each event simulates a hard QCD interaction
producing a top quark pair (tt̄) as the signal, overlaid with 200 additional soft QCD interactions to simulate pile-up,
which closely resembles the conditions expected at the HL-LHC. The charged particles are propagated through the
detector using the ACTS software, simulating the effects of an inhomogeneous magnetic field, multiple scattering, and
energy loss. Only tracks with a transverse momentum greater than 105 MeV are considered for reconstruction, aligning
with the HL-LHC experimental thresholds.

2 Methodology

2.0.1 Attention Mechanism

Attention Mechanisms are powerful tools for improving GNN models because they capture important information
between various nodes. With high-dimensional and complex data this is extremely important. Particles have complex
relationships and traditional GNN models consider all nodes to be equal in importance. In reality, this is not the case,
especially when dealing with data from the LHC.

Attention mechanisms work to address this issue by assigning connections between nodes (edges) an level of importance
( or "attention"). By doing so ,the model can focus on edges that are truly important when trying to reconstruct and
track jets. Some variables are more important than others and getting the model to understand and prioritize the most
important ones significantly helps accuracy.

WE start off by using dynamic edge construction using k-nearest neighbors (k-NN) algorithms to construct edges
between nodes. Unlike static graphs, where connections between nodes are fixed, dynamics edge construction allows
the edges to be formed adaptively at each layer. This is based off the current state of the nodes and their features. As
data is processed through the layers of the model the relationship between variables can vary. Using k-NN algorithms,
it is possible to ensure that the most relevant relationships between particles are captured at each stage of the model.

Edges are determined based on their spatial or feature proximity, using the k-NN algorithm. For each node in the graph,
the k-nearest neighbor is found based on the chosen distance metric (usually Euclidean distance in feature space). These
k nearest nodes are then connected to the original node, forming the edges of the graph. This adaptive edge creation
ensures that nodes are only connected to the most relevant neighbors, based on their proximity in the feature space.

The crux of the attention mechanism in our model is centered around the learning weight matrix, denoted as att_weight.
During message passing, the weight matrix is used to calculate an attention score for each node pair, which reflects how
much influence one node should have on its neighbor.

To effectively compute the attention scores, we concatenate the feature vectors of the connected nodes in a pair.
Specifically, for each pair(xi,xj), we concatenate the feature vector of node (xi) and the difference between the
features of nodes (xj) and(xi) ( ie, (xj) - (xi)). This concatenation captures the individuals of each node (xi).
Additionally it incorporates the relative difference between two nodes which is crucial for understanding the interaction
between them. By combining these two aspects, the model can better define the nature of the relationship between two
nodes.

The attention score for each edge is calculated through a series of steps, enabling the model to determine the importance
of different node interactions. The calculation process is as follows:
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First, the concatenated feature vector zij (formed from node pair (xi,xj)) is multiplied by a learnable attention weight
matrix att_weight. This step produces a raw attention score αij :

αij = (zij · att_weight)

where zij is the concatenation of node features and att_weight is the trainable weight parameter.

Next, to introduce non-linearity and enhance the model’s ability to capture complex interactions, a LeakyReLU
activation function is applied to the raw attention score:

αij = LeakyReLU(αij)

The LeakyReLU function helps avoid the issue of vanishing gradients, ensuring that the network continues learning
during backpropagation.

Finally, the softmax function is applied across all attention scores associated with a given node, normalizing the values
so that the sum of the attention scores across neighboring nodes equals 1:

αij = softmax(αij)

This normalized attention score αij represents the importance of each neighboring node in the graph, guiding the
message passing process by giving more weight to relevant node interactions.

After calculating the attention scores αij , the message passing process begins. Each message, representing the
interaction between two nodes, is weighted by the corresponding attention score. Specifically, the neural network
transformation self.nn is applied to the concatenated feature vector zij , producing the transformed message:

hij = self.nn(zij)

The resulting message is then scaled by the attention score αij to ensure that only the most relevant node interactions
contribute significantly to the message passing:

mij = αij · hij

This weighted message passing mechanism allows the model to selectively focus on the most important interactions
between nodes, ensuring that relevant particle relationships are given higher priority during the information propagation
process.

2.1 Graph Sparsification

The graph construction process begins by connecting nodes, where each node represents a particle, using a k-nearest
neighbors (k-NN) approach in the feature space. The feature vectors of particles xi are computed, and the Euclidean
distance between pairs of particles is used to identify the k-nearest neighbors for each node i. Specifically, for node i,
the nearest neighbors are found by minimizing the distance metric d(i, j), where

d(i, j) = ∥xi − xj∥2
This process results in a densely connected graph G(V,E), where V is the set of particles and E is the set of edges
between them. However, due to the high-dimensional nature of the data, the resulting graph often contains a large
number of edges, leading to increased computational costs. Therefore, we apply sparsification to reduce the number of
edges while retaining critical structural information.

An attention mechanism is applied to assign an importance score to each edge in the graph. For each edge (i, j) ∈ E,
the attention mechanism considers both the individual features of the connected nodes and the interaction between them.
The attention score αij is computed using a function fθ, where:

αij = fθ([xi,xj ,xi − xj ,xi + xj ])

The function fθ is parameterized by a multi-layer perceptron (MLP) that learns to assign higher importance to edges
representing more significant interactions between particles.

After computing both edge distances and attention scores, a threshold-based pruning mechanism is applied to eliminate
less significant edges. Two conditions govern this pruning process:

The distance between the nodes connected by edge (i, j) is calculated, and only edges where the distance satisfies

d(i, j) < edge_threshold

are retained. This ensures that only spatially close nodes remain connected.
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The attention score αij is compared to a predefined attention threshold, retaining only edges where:

αij > attention_threshold

Thus, the pruning process retains edges that are both spatially close and deemed important by the attention mechanism.
The combined criteria for retaining an edge are formalized as

maskij = (d(i, j) < edge_threshold) ∧ (αij > attention_threshold)

After pruning based on distance and attention thresholds, is applied to further reduce the graph density. For each node i,
only the top k edges with the highest attention scores are retained:

Etop−k
i = {(i, j) | αij ≥ αi[k]}

where αi[k] is the k-th largest attention score for node i. This ensures that each node is only connected to its k-most
relevant neighbors, limiting the number of edges while preserving important relationships.

To improve the generalization of the model, we subsample a proportion of false edges that do not represent true particle
interactions. The number of false edges retained is proportional to the number of true edges, controlled by the parameter
ratio_of_false. A balanced subset of true and false edges is used during training to avoid overfitting.

By applying Top-k Sparsification in combination with attention-based and distance-based pruning, the model achieves
a significant reduction in the number of edges, which leads to several key benefits. First, reduced memory usage
is achieved as the sparsified graph requires less memory to store. Additionally, fewer edges result in faster graph
processing during both training and inference, improving overall computational efficiency. Lastly, the reduced graph
size enhances the model’s scalability, enabling it to handle larger datasets while maintaining high accuracy in jet
reconstruction tasks

2.2 Automatic Mixed Precision

In addition to graph specification, Automatic Mixed Precision (AMP) can also improve computational effeciency.
AMP is a technique that allows for faster computation and reduced memory usage. It does this by actively adjusting
the precision of floating-point operations. AMP uses 16-bit floating-point precision (FP16) for most computations.
32-bit floating-point precision (FP32) is still used for more operations sensitive to numerical precision such as loss
computation and gradient updates.

To start, AMP is utilized within the object condensation model to improve Reconstruction efficiency. It is integrated
into the training loop by wrapping the forward pass and computational steps in torch.cuda.amp.autocas(). This allows
the model to switch between FP16 adn FP32. This is based on the requirements of each operation. FP16 is used for
computationally intensive tensor operations, such as feature extraction, edge construction, and message passing between
nodes in the graph. For more important operations such as loss computation and metrics, FP32 precision is preserved
to ensure accuracy. AMP is also used into a metric learning approach for graph construction. AMP is applied using
torch.cuda.amp.autocast() as previously done. All tensor computations involved in embedding space learning and graph
edge classification are performed in FP16.

By using FP16 for operations that involve large matrix multiplications and graph-based operations, the model can
efficiently process a greater volume of data in a shorter time. Additionally, loss scaling is applied to prevent issues like
underflow. This occurs during backpropogation when using lower precision. The process ensure that gradients have
a safe range for training while maintaining the model’s performance. By using AMP, the handles large-scale tensor
operations effectively - specifically k-NN computations.

In our training pipeline, Automatic Mixed Precision (AMP) is implemented using PyTorch Lightning’s native support,
with the precision set to 16 bits in the Trainer configuration. This configuration ensures that AMP is applied automatically
across all components of the training loop, including forward passes and backpropagation, without requiring manual
intervention for precision control.

By implementing PyTorch Lightning’s automated AMP framework, the training process becomes scalable and efficient,
capable of handling high-dimensional data. This integration enables faster model convergence while minimizing the
memory footprint, facilitating the processing of larger datasets and more complex models with ease.
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3 Results

3.1 Metrics

In this study, three key metrics are used to evaluate the performance of the tracking system: perfect match efficiency,
LHC-style match efficiency, and double majority efficiency. These metrics provide different levels of stringency in
assessing how accurately reconstructed tracks match the true particle trajectories.

The perfect match efficiency (ϵperfect) is the most stringent of the three. It requires that all hits in a reconstructed
track correspond exactly to the hits from a single particle. Mathematically, this can be expressed as requiring that the
reconstructed track contains all the hits of the particle and no additional hits from any other particle. This strict criterion
ensures that only perfectly reconstructed tracks are considered successful, making it a robust but demanding measure of
accuracy.

The LHC-style match efficiency (ϵLHC) is a more relaxed metric. It defines a track as accurate if at least 75% of the hits
(fin > 0.75) are correctly associated with the particle. This metric is particularly useful in high-energy environments
like the Large Hadron Collider (LHC), where exact precision is less critical, and the focus is on reconstructing the
majority of a particle’s hits. The LHC-style efficiency is normalized to the number of reconstructable particles, and it
allows for some tolerance in the reconstruction process.

Finally, the double majority efficiency (ϵDM) provides a middle ground between the perfect match and LHC-style
efficiencies. It requires that more than 50% of the hits in a track come from the same particle (fin > 0.50), while also
ensuring that less than 50% of the particle’s total hits lie outside the reconstructed track (fout < 0.50). This metric
is more forgiving than the perfect match criterion but still enforces stricter conditions than the LHC-style efficiency,
ensuring a balance between accuracy and flexibility in the tracking process.

Each of these metrics is tailored for specific tracking needs, allowing us to measure both strict and relaxed forms of
accuracy. In the context of high-pT tracks, these metrics can be further refined by applying a threshold (pT > 0.9GeV),
denoted as ϵpT>0.9

LHC , ϵpT>0.9
perfect , and ϵpT>0.9

DM , respectively. This allows for a more focused evaluation of track reconstruction
in higher-energy regions of interest.

Figure 1: Efficiency metrics over epochs.
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Figure 2: Efficiency vs pT across various models.

Figure 3: Training time per epoch across various models.
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The efficiency metrics show clear improvement as the number of epochs increases. As depicted in Figure 1, ϵLHC
consistently outperforms the other two metrics, reaching an efficiency of approximately 0.98 by epoch 50. Similarly,
ϵDM follows closely, achieving near-identical performance after around 30 epochs. On the other hand, ϵperfect, although
improving over time, peaks at a slightly lower value of around 0.85. These results illustrate the general trend of
improving efficiency across all metrics as the models are trained over more epochs.

When evaluating efficiency against transverse momentum (pT ), Figure 2 demonstrates a rapid increase in all three
metrics as trasverse momentum (pT ) rises from 0 to 1 GeV. Beyond this point, the efficiencies stabilize. Both ϵLHC and
ϵDM reach values close to 1.0, while ϵperfect levels off around 0.85. These trends indicate that the models perform well
across a wide range of transverse momentum values, though the LHC and double majority efficiencies maintain a slight
edge over the perfect match efficiency.

The analysis of training time per epoch, shown in Figure 3, reveals a significant reduction when incorporating AMP and
sparsification. The baseline model, which lacks these optimizations, averages around 11 minutes per epoch. With the
integration of AMP, the training time decreases to approximately 8 minutes. Further applying sparsification reduces this
even more, with the training time dropping to about 7 minutes per epoch. This demonstrates the clear computational
advantage provided by these enhancements.

Finally, a comparison between the baseline and new models shows consistent improvements across all metrics. As
presented in the table, ϵLHC increased from 98.00% to 98.20%, ϵperfect improved from 85.80% to 86.10%, and ϵDM saw a
rise from 96.40% to 96.80%. These results further affirm the effectiveness of the proposed model improvements in both
accuracy and computational efficiency.

4 Conclusion

In this work, we build upon previous efforts in particle tracking, specifically leveraging the object condensation approach
and graph neural networks (GNNs), which have shown great promise in high-pileup environments [cite previous work].
Our enhancements, particularly the integration of attention mechanisms and graph sparsification, are designed to address
the computational challenges and scalability issues identified in prior studies. By refining these models, we were able to
achieve further improvements in both tracking accuracy and computational efficiency.

Our analysis confirms that the proposed model advancements lead to significant gains over the baseline. Specifically,
the introduction of automatic mixed precision (AMP) and sparsification not only reduced the training time but also
maintained or improved performance across key metrics. Compared to the previous work, we observed notable
improvements in LHC-style match efficiency (from 98.00% to 98.20%), perfect match efficiency (from 85.80% to
86.10%), and double majority efficiency (from 96.40% to 96.80%). These refinements underscore the potential of
further optimizing GNN-based tracking models in high-pileup conditions, building directly on earlier advancements.

The improvements in LHC-style match efficiency and perfect match efficiency, while seemingly small in percentage
terms (0.2% and 0.3%, respectively), are highly significant in the context of real-world particle tracking. At the
scale of the High-Luminosity LHC, even marginal increases in tracking accuracy can translate to substantial gains in
identifying rare particle events, especially in high-pileup environments. Improved tracking efficiency enhances the
ability to accurately reconstruct complex particle interactions, leading to better signal discrimination and more reliable
experimental outcomes. Therefore, the 2.1% overall improvement in tracking accuracy represents a meaningful step
toward more precise and efficient data processing in high-energy physics experiments.

While our work demonstrates substantial improvements, it is important to acknowledge the resource constraints that
limited our access to advanced hardware such as A100 GPUs, which could have further optimized both training and
performance. Nevertheless, the results presented here provide a solid foundation for future work, where the use of
more sophisticated computational resources could unlock additional gains. Building on this foundation, we foresee the
integration of architectures such as graph attention transformers (GATs) and the adoption of advanced hardware setups
as promising directions for enhancing particle tracking performance in large-scale, high-energy physics experiments.

In conclusion, this study continues the progress made in previous research by refining key aspects of GNN-based
particle tracking, particularly with respect to efficiency and scalability. The integration of AMP and sparsification
proved effective in improving both computational performance and accuracy. Future studies can further explore
these enhancements, using more advanced technologies to push the boundaries of particle tracking, especially in the
challenging environments expected at the HL-LHC and beyond.
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