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Abstract. Track reconstruction is a crucial task in particle experiments and is
traditionally very computationally expensive due to its combinatorial nature. Recently,
graph neural networks (GNNs) have emerged as a promising approach that can improve
scalability. Most of these GNN-based methods, including the edge classification (EC) and
the object condensation (OC) approach, require an input graph that needs to be constructed
beforehand. In this work, we consider a one-shot OC approach that reconstructs particle
tracks directly from a set of hits (point cloud) by recursively applying graph attention
networks with an evolving graph structure. This approach iteratively updates the graphs
and can better facilitate the message passing across each graph. Preliminary studies on the
TrackML dataset show physics and computing performance comparable to current
production algorithms for track reconstruction.

1 Introduction
Track reconstruction is an essential task in particle experiments. The traditional tracking algorithm,
the Combinatorial Kalman Filter [1, 2, 3], is computationally expensive and does not scale well with the
event size. Recent developments have focused on applying graph neural networks (GNNs) to the
tracking procedure [4, 5, 6, 7] and demonstrated that the GNN-based tracking algorithms can achieve
linear scaling with the event size [4, 8].

These GNN-based tracking algorithms can be classified into two approaches: edge classification (EC) [4,
5, 6] and object condensation (OC) [7]. In the EC approach, the GNN is trained to remove edges (based
on the learned edge scores) that connect hits belonging to different particles. This will then be followed
by a graph segmentation algorithm, which assigns each connected component as a track candidate. In
the OC approach, the goal of the GNN is to learn the node representation in a latent space, where hits
belonging to the same particles are attracted to one another. One can then perform a clustering for the
hits in the learned latent space and assign each cluster as a track candidate.

While effective, most of these methods require a graph construction step before performing GNN. Since
it is unrealistic to construct a fully connected graph (Nedges ∼ N2

nodes ), multiple methods, such as
metric learning [4] and module map [5] have been developed to construct a graph connecting the hits
that are likely to belong to the same particles. In metric learning, embedding for each node is learned
by a multi-layer perception (MLP). Edges are then constructed, connecting the nearest neighbors in the
embedding space. Here, the embedding for each node is purely based on the features of that node and
does not depend on how the node interacts with others. Due to the lack of awareness of other nodes,
the metric-learning-based graph construction tends to produce a graph that contains many fake edges
(low edge purity). One often needs to use another network that takes edge features as inputs and



further reduces the graph size by removing edges [4]. In the module map approach, one constructs the
graph based on all possible connections between detector modules. This is currently resource-intensive
and also tends to produce low-purity graphs.

It is important to note that graph construction efficiency plays a crucial role in the performance of later
stages for both EC and OC approaches. In the EC approach, any graph construction inefficiency (the
missing true edges in the constructed graph) is directly propagated to the graph segmentation stage. In
the OC approach, it is possible to recover missing true edges after the clustering. However, graph
construction inefficiency still leads to information loss during the GNN message passing step.
Furthermore, low purity (due to fake edges) results in noisy information during the message passing.
Both cases affect the effectiveness of the message passing step.

In this work, we propose an OC-based method that embeds the graph construction into a Recursive
Graph Attention (RGAT) architecture, which takes point clouds as inputs and iteratively constructs the
graphs based on the updated embedding. The message passing in the RGAT is then based on the
updated graph in each iteration. This method allows to gradually enhance the constructed graph
efficiency in each iteration and thus can improve the effectiveness of the message passing. We test the
method with the TrackML dataset [9, 10] and obtain promising physics and computing performance
comparable to the existing track reconstruction algorithms.

2 Method
The proposed end-to-end tracking pipeline consists of a Recursive Graph Attention (RGAT) step and a
clustering step. The RGAT takes a set of hits (a point cloud) as inputs and outputs the node
embedding for each node. We adopt a similar approach to GravNet [11], where the graph attention
acts on dynamically built KNN graphs. In comparison with Ref. [11, 12], our attention weight is learned
from a dedicated edge network, and the aggregation is based on the learned edge representation rather
than the neighboring node representation. The nodes are then clustered in the node embedding space
and assigned to different track candidates. In our study, we adopt Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) [13] as the clustering algorithm.

2.1 RGAT
The RGAT architecture is illustrated in Fig. 1. The d-dimensional input node features ν ∈ Rd are first
encoded:

x ∈ Rdx = fENC (ν) , (1)

where fENC is the MLP node encoder. The encoded node features are then taken as inputs by a number
of iterations where we first update the graph node embeddings and then the edges by connecting the
K-Nearest Neighbors (KNN) in the node embedding space. In the first iteration (i = 0), each node is
projected into a latent space (denoted as h0-space) by an MLP node network:

h0 ∈ Rdh = f0 (x) . (2)

A MLP node decoder fDEC then acts on h0 and outputs a node embedding in p0-space:

p0 ∈ Rdp = fDEC (h0) . (3)

This is then followed by a KNN in p0 which constructs the first graph G0.

In each of the next iterations (i ≥ 1), multiple graph-attention-based [12] message passing steps are
performed to obtain the updated node representation hi ∈ Rdh . The same node decoder fDEC is then
used to obtain the updated node embedding in pi-space:

pi ∈ Rdp = fDEC (hi) , i ≥ 1, (4)

which is followed by a KNN that updates the graph pi → Gi.

In each message passing step, we first learn an edge representation (eij ∈ Rde , where i denotes the
current RGAT iteration and j denotes the current message passing step), and an edge weight wij ∈ R
from the two connecting nodes for each edge:

eij =

{
f j
ϵ

(
xS, xT

)
, i ≥ 1, j = 0

f j
ϵ

(
hS
ij , h

T
ij , ei(j−1)

)
, i ≥ 1, j ≥ 1

, (5)



and

wij =
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f j
w

(
xS, xT

)
, i ≥ 1, j = 0

f j
w

(
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ij , h

T
ij , ei(j−1)

)
, i ≥ 1, j ≥ 1

, (6)

where S and T denote the source and target nodes of an edge, respectively. hij is the current
representation of a given node. Note that for j ≥ 1, in addition to the two connecting nodes, the edge
networks f j

ϵ and f j
w also take the previous edge representation ei(j−1) as inputs.

Figure 1: The RGAT architecture. i corresponds to each RGAT iteration, and j corresponds to each
message passing step. An RGAT iteration generally consists of a graph attention block and a KNN. The
first iteration does not perform graph attention and the last iteration does not perform KNN.

The node representation hij is updated by a node network f j
ν in each message passing step, which takes

as the inputs the weighting sum of all connecting edges for each node:

aij =
∑
ϵ∈E

softmax
(
wϵ

ij

)
eϵij , (7)

hij =

{
f j
ν (x, ai0) , i ≥ 1, j = 0

f j
ν

(
hi(j−1), aij

)
, i ≥ 1, j ≥ 1

, (8)

where E corresponds to all connecting edges for a given node. The hij from the last message passing
step (hi(−1)) is then taken as hi that enters Eq. 4.

2.2 Loss Function
The RGAT model is optimized to minimize the loss L:

L = Eϵ∈true edges (lϵ) + Eϵ∈random edges (lϵ) + Eϵ∈KNN edges (lϵ) , (9)

where lϵ is the individual loss term for a given representative edge connection:

lϵ = yϵd
2
ϵ + (1− yϵ)max2 (0,m− dϵ) , (10)

where the first term is an attractive loss that brings together nodes belonging to the same particles, and
the latter is a repulsive hinge loss that separates nodes belonging to different particles. yϵ is the truth



label for each edge, which is 1 for an edge connecting hits coming from the same particle (true edge),
and 0 otherwise (fake edge). dϵ is the Euclidean distance between two nodes in the pj-space in the last
RGAT iteration (p−1), and m is a constant value, which is set to 1 in our study. The representative
edges are pooled from all true edges, randomly selected edges and all KNN edges, corresponding to the
three terms in Eq. 9. Since the majority of randomly selected edges are fake edges, the combination of
true and randomly selected edges ensure that we optimize the model based on both true and fake edges.
KNN edges represent the most true-like edges (edges connecting the nodes that are the nearest).
Sampling from these edges allow us to emphasize the fake edges that look like true edges.

2.3 DBSCAN
p−1 is taken as inputs of DBSCAN, which then outputs a track label λ for each node:

{λν} = DBSCAN({p−1}) |ν ∈ V, (11)

where V represents all nodes in a graph, i.e., all hits in a collision event. All meaningful track labels are
positive integers, and all nodes that share the same meaningful track label form a track candidate. For
DBSCAN, it is possible that a node does not belong to any cluster. In this case, the λ is assigned as 0
and the node is considered as a noise hit. Two essential parameters for DBSCAN are the radius ϵ and
the minimum number of nodes min samples. Note that DBSCAN is only run for the inference and it
not used in the training.

2.4 Models and Implementation
All MLPs in the RGAT model consist of 3 hidden layers, each with a width of 128 neurons. Each
intermediate layer in these networks uses a SiLU [14] activation function and batch normalization. The
last layer of fDEC uses a Tanh activation function, and the output is further normalized p′ = p

|p| . For

the following studies, we set dx, dh and de to 128, while dp is set to 24. The RGAT model consists of 5
RGAT iterations (i ≤ 4), and each GAT block consists of 8 message passing steps (j ≤ 7). We consider
k = 10 for all KNN steps in the training.

All neural networks are implemented using PyTorch [15] and PyTorch Lightning [16] in the ACORN
framework [17] and simultaneously optimized with Adam [18] with a learning rate of 2× 10−4. The
training uses a batch size of 1 event and is performed for 200 epochs.

DBSCAN is implemented using Rapids cuML [19].

3 Experimental Setup and Evaluation
In the following, we test our tracking pipeline with the TrackML dataset, which is a simulation of a
generic tracking detector under the HL-LHC pileup condition. For simplicity, we consider only particles
with transverse momentum pT > 1 GeV. This means hits coming from particles with pT < 1 GeV and
noise hits are removed from our simulated datasets, reducing the number of hits by a factor of O(10).

We train the RGAT model with 12 input node features ν ∈ R12 (described in Ref. [4]). We first evaluate
the RGAT edge-wise performance on the KNN graphs built in the p−1-space. We define two metrics for
the KNN edge-wise performance, including “edge-wise efficiency” EffKNN and “edge-wise purity” 1

PurKNN:

EffKNN =
Ny=1

KNN

Ny=1
, (12)

PurKNN =
Ny=1

KNN

NKNN
=

Ny=1
KNN

Nhits · k
, (13)

where Ny=1 is the number of all true edges, NKNN is the number of edges counted from all KNN
graphs, which is equal to Nhits · k, and Ny=1

KNN is the number of true KNN edges. The RGAT
performance is the best when EffKNN and PurKNN are closest to 1 (they cannot be larger than 1). Note

that Ny=1
KNN cannot exceed k per node or the number of true edges for each source node:

1“Efficiency” and “purity” are also commonly known as “recall” and “precision”.



Ny=1
KNN ≤

∑
νS

min
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k, Ny=1

νS

)
. (14)

This thus determines the upper bounds of EffKNN and PurKNN. As shown in Fig. 2, we plot EffKNN and
PurKNN as a function of k. EffKNN increases and approaches 1 as k increases, while PurKNN decreases
as k increases. Upper bounds of EffKNN and PurKNN are also shown in the figure. We observe that both
EffKNN and PurKNN are very close to the upper bounds for any k, which indicates that the RGAT
performance is close to optimal. Note that the KNN graphs are only used as the inputs for the message
passing and training loss, and they do not correspond to the final track candidates which are obtained
using DBSCAN. Thus, the performance on the KNN graphs does not directly translate to the tracking
performance. However, it allows us to evaluate the RGAT model performance with effects decoupled
from the later stage of DBSCAN.

Figure 2: Edge-wise efficiency and purity in the KNN graphs as a function of k. The upper bound for
each metric is also shown in the plot.

(a) (b)

Figure 3: (a) Track efficiency, duplication rate and fake rate with track candidates obtained from the
DBSCAN clusters as a function of ϵ. (b) Track efficiency at ϵ = 0.1 as a function of particle pT.



Method Efficiency Dup. Rate Fake Rate

EC 0.9898 0.0421 0.0012
OC 0.9902 0.0328 0.0015
RGAT 0.9911 0.0341 0.0009

Table 1: Track performance with RGAT compared with methods that require pre-constructed input
graphs, including the edge classification approach (EC) and the object condensation approach (OC).
ϵ = 0.1 is used for the DBSCAN in all scenarios.

The track performance is then evaluated on all track candidates extracted from the DBSCAN clusters.
A track candidate is matched to a particle if more than 50% of the track hits come from that particle.
Three metrics are then defined as follows:

• Efficiency: The fraction of particles to which at least 1 track candidate is matched.

• Duplication rate: The fraction of track candidates that are matched to the same particles.

• Fake rate: The fraction of track candidates that are not matched to any particle.

Fig. 3a shows the three metrics as a function of ϵ, which is a parameter of DBSCAN. In particular,
when ϵ = 0.1, we obtain a track efficiency of 0.9911, duplication rate of 0.0341 and fake rate of 0.0009.
As shown in Fig. 3b, we also plot the track efficiency across different particle pT bins. We observe a
higher track efficiency in lower pT, and lower efficiency in higher pT, which is likely due to imbalanced
training data statistics across pT (i.e. there are fewer particles with higher pT). Increasing the training
statistics or training with artificial weights could improve performance in high pT region, which we leave
for future work.

For comparison, we also perform track reconstruction with both the EC and OC approaches where a
pre-constructed graph is required as an input for the graph attention network. For these pre-constructed
graph-based approaches, we adopt the metric learning method [4] for graph construction. We simply
take the same architecture as in the first RGAT iteratioin (i = 0), which is an MLP, as the neural
network used in metric learning and perform KNN with k = 10. The graph attention network has the
same architecture as the graph attention block in the RGAT model for both EC and OC approaches. A
comparison of RGAT result with methods that require a pre-constructed input graph is shown in
Tab. 1. We observe that RGAT outperforms the pre-constructed graph-based methods.

Finally, Fig. 4 shows the training and inference time when running on an NVIDIA A100 Graphical
Processing Unit (GPU) versus the total number of hits for each event. The averaged total computing
time per event is around 0.33 seconds for training and 0.28 seconds for inference. The total computing
time is also broken down into different components, including Graph Attention, KNN, calculation of
loss, backward propagation and DBSCAN. The majority of the computing time comes from graph
attention and KNN.

4 Conclusions
In this paper, we proposed a new object condensation-based approach to particle track reconstruction.
The approach takes point clouds as inputs and builds graphs on the fly for each recursive graph
attention iteration. The constructed graphs are iteratively updated, improving message-passing efficacy.
We demonstrated this approach with the TrackML dataset and obtained excellent performance in both
KNN graphs and reconstructed track candidates. The result is encouraging and requires future work to
further improve both the computational and physics performance. For example, we observed lower
track efficiency for particles with higher pT, which could be improved by increasing training statistics of
higher pT particles. In addition, KNN has a significant contribution to the computing time. It will be
important to reduce the time consumption with an alternative method, such as approximate nearest
neighbors and radius nearest neighbors.



(a) (b)

Figure 4: Training (a) and inference (b) time for each event versus the number of hits. The computing
time is also broken down different components, including Graph Attention, KNN, calculation of loss,
backward propagation and DBSCAN.

Acknowledgements
This work was supported by the DOE HEP Center for Computational Excellence Lawrence Berkeley
National Laboratory under B&R KA2401045.

References
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