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Abstract A Graph Attention Neural Network (GANN) for
particle track clustering by events in time slices obtained at
the Spin Physics Detector (SPD) of the Nuclotron-based Ion
Collider fAcility (NICA) is presented. A novel approach is
applied to time slice processing at high particle multiplic-
ity and pile-up. The model is trained using a hierarchical
approach and evaluated on time slices generated by the Monte
Carlo technique according to the SPD experiment configura-
tion. Additionally, the model is trained and evaluated on time
slices generated using the TrackML dataset to analyze its sta-
bility. The model architecture includes a graph encoder and
an edge classifier, both of which use the message-passing
principle and iteratively structured approach. The GANN
exhibits high performance in track clustering by events for
the SPD dataset, achieving 99% accuracy and 95% precision
and recall.

1 Introduction

The Spin Physics Detector (SPD) is a future multipurpose
experiment at the NICA collider (JINR, Dubna), aimed to
study the nucleon spin structure and other non-perturbative
QCD phenomena [1] in polarized proton-proton and nucleus-
nucleus collisions. Under high-luminosity conditions, NICA
is designed to reach up to ∼ 1032 cm−2 s−1 for pp collisions
and even higher for ion runs.

The experimental conditions of SPD are unique. The
cornerstone of the experiment is the use of polarized
beams. NICA will accelerate and collide polarized protons,
deuterons and light nuclei. This allows for measuring spin
asymmetries in the production of various particles (pions,
kaons, hyperons, D-mesons, etc.). The collisions will occur
at a center-of-mass energy of

√
s = 10–27 GeV (for proton-
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proton collisions) [2]. For the precise track reconstruction of
secondary vertices (to identify heavy hadrons, e.g., charm
mesons) and the measurement of hyperon polarization, a
sophisticated experimental setup containing a strong mag-
netic field, a vertex detector, a tracker, Cherenkov detectors,
calorimeters, and a muon system needs to be constructed.

The main challenges for the SPD experiment are the high
luminosity and the resulting data rate. At the designed lumi-
nosity level, the expected event rate for pp collisions is ∼ 50
kHz. Considering the estimation that a raw event produces ∼
0.1–1 MB, the raw data rate is expected at an order of ∼ 100
TB/s, which is impossible to store or fully process online.
Along with the fact that the readout electronics will operate
in continuous mode with no hardware trigger, software-based
online event selection is required. This combination of a trig-
gerless DAQ system with a software filter is called the SPD
Online Filter [1].

The usage of an online filter is justified by the fact that it is
impossible to store the full stream of raw data coming at the
expected rates. This stream should be limited to typical ∼ 10
GB/s, which is the upper limit for large systems. On the other
hand, only a small fraction of collisions contain signals of
interest, and, under high pile-up conditions, the online rejec-
tion of low-significance events is needed to avoid swamping
storage with minimum-bias data. The detector front-end elec-
tronics digitize signals continuously and ship data to compute
nodes with timestamps. In this case, instead of event-by-event
readout, the DAQ is designed to operate on time slices (also
called “frames” or “integration intervals”) [3]. A time slice
is meant to contain ∼ 1–10 ms of real-time data including
up to 40 overlapped collisions (events). Each time slice is
processed by a large farm of processors (FPGA/GPU/CPU)
that run reconstruction algorithms online to disentangle indi-
vidual events and select the most interesting ones.
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Fig. 1 SPD straw tracker
geometry [1]

Fig. 2 Distribution of the number of events in SPD time slices

Disentangling events in a time slice requires online recon-
struction with precision normally done offline, which is a
major computing challenge, feasible with modern parallel
architectures (GPUs/FPGAs). For this purpose, a two-stage
procedure is proposed [4]. On the first stage, a recurrent neu-
ral network is used to find all tracks in a time slice, i.e., link all
hits belonging to the same track, and get rid of the abundance
of fake hits [5]. Once a clean time slice with reconstructed
tracks is obtained, event disentangling can be finalized by
using a neural network. At this stage, the reconstructed tracks
must be grouped into separate events by clustering feature
vectors. Previously, a Siamese neural network demonstrated
accuracy, recall, and precision metrics of 58%, 65%, and
57%, respectively, for this task under conditions of a non-
fixed number of events per time slice [4]. In this paper, we
present a fast and precise event separation algorithm based
on the GANN [6].

2 Datasets

We utilized a dataset that includes a set of time slices obtained
using a custom generator for SPD [7]. The SPD tracker sys-
tem consists of 31 stations along the radial direction, as
shown in Fig. 1. We used the geometric parameters of the
SPD straw tracker presented in Ref. [4] to correctly compare
the performance of the neural networks in this study with the
performance of the deep Siamese neural network. Each time
slice includes a set of primary particle interaction events.

The number of events per time slice is distributed accord-
ing to the Poisson distribution (see Fig. 2). In this study, we
used time slices with an average number of events Nev = 15
for training and evaluating the model. The number of tracks
within a single event is distributed uniformly from 2 to 6. The
dataset stores 3D points (hits) representing particle interac-
tions with the detector material in each event, data linking
hits associated with the same track, and data linking tracks
associated with the same event. To analyze the stability of
the model under study, we additionally utilized the TrackML
dataset [8]. This dataset provides simulated measurements
of a silicon-based tracking detector with a generic LHC-like
geometry, consisting of multiple barrel and end-cap layers.
The data include highly curved trajectories of particles with
low transverse momentum values (< 200 MeV). The main
differences between two datasets are presented in Table 1.

Additionally, we included drift time intervals for each
track in both datasets to take into account the overlap in time
between tracks that cannot be resolved at the hardware stage.
Such intervals are generated uniformly according to the for-
mulas:

Table 1 Comparison of the SPD and TrackML datasets

Number of hits per track Vertex smearing (mm) Radial range (mm) Spiral Equidistant hits

SPD tracks (28, 35) (−300, 300) (75, 850) Low Yes

TrackML tracks (3, 20) (−350, 350) (50, 1000) High No
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Fig. 3 Graph Neural Network
architecture
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− ε, t iL/R = t id ∓ �td ,

where i = 1, . . . , Nev −1 is the event index, Nev is the num-
ber of events in the time slice, t id is the center of the drift time
interval for the i-th event, �td is the unified detector error for
all events, and t iL and t iR are the left and right bounds of the
drift time interval for the i-th event, r is the overlap param-
eter, i.e., the event overlap within the drift time intervals for
both time directions, and ε ∼ 10−8 is a small parameter. The
parameter r allows us to control the drift time resolution in
the datasets. A larger r leads to the lower time resolution of
the detectors.

3 Model

We used the GNN model based on the architecture presented
in Ref. [9], where it is applied for enhanced tracking. The
architecture diagram is shown in Fig. 3. The diagrams of the
main GNN components, the Graph Encoder (GE) and the
Edge Classifier (EC), are shown in Figs. 4 and 5. The main
idea of our approach is to encode all tracks of a time slice into
supernodes (tracks) of a supergraph (graph of tracks), to build
connections between such supernodes that can be assigned
to the same cluster (taking into account their drift intervals),
and perform edge classification. The Cartesian coordinates
(x, y, z) of the hits were used as node features for the GE.
The model was built and evaluated using the PyTorch frame-
work [10]. The architecture of the GE proposed in this study
consists of four main components:

– Initial graph layer designed as a Graph Attention (GAT)
layer [11] with layer sizes [3, 64], which transforms input
nodes (hits) into their latent representations and calcu-
lates initial attention coefficients between hits.

– Convolution graph layer designed as a GAT layer with
layer sizes [64, 64], which aggregates hit features 6 times
until convergence is achieved.

– Pooling layer, which aggregates hits into supernodes by
averaging the feature vectors of hits belonging to the same
track.

– Final linear layer designed as an MLP [12] with
layer sizes [64, 128, 128, 64, 32], which reduces the final
dimensionality of the latent supernode representation.

After the encoder stage, supernodes are connected to each
other in a supergraph according to the drift-time overlap prin-
ciple, i.e., two nodes with indices i and j are connected if
[t iL , t iR] ∩ [t jL , t jR] �= ∅. Edge labels take two values: 0 and
1, where 1 indicates that two nodes (tracks) correspond to
the same cluster (event), marking the edge as true, whereas 0
denotes a false edge. The initial edge purity, i.e., the aver-
age ratio of the number of true edges to the total num-
ber of edges in a supergraph, is 9.2% in the SPD dataset
at Nev = 15, r = 5. The EC evaluates the edge scores,
which are compared with the ground-truth labels of edges
for the loss function calculation. The EC is designed on the
basis of the Graph Isomorphism Network (GIN) architec-
ture [13], where node hidden representations and edge scores
are updated via an MLP. The architecture of the EC proposed
in this study consists of four main components:

– Initial edge classifier designed as an MLP with layer
sizes [64, 128, 128, 1], which evaluates attention coeffi-
cients according to the formula:

α0
i j = σ

(
MLP(h0

i ||h0
j )

)
,

where h0
i is the feature vector of the i-th node (track) at

the initial iteration, α0
i j is the initial attention coefficient

for the edge connecting the i-th and j-th nodes (tracks),
σ is the sigmoid function.

– Aggregation layer designed as a message-passing mech-
anism with a weighted sum as the aggregation function
according to the formula:

ml
i =

∑
k∈N (i)

αl
ikh

l
k,

where ml
i is the weighted message to the i-th node

(track) from its set of neighbors N (i) at the l-th iteration,
whereas hlk and αl

ik are the feature vector of the i-th node
(track) and the attention coefficient for the edge connect-
ing the i-th and k-th nodes (tracks) at the l-th iteration,
respectively.

– Node embedding updater designed as an MLP with
layer sizes [64, 128, 128, 32], which updates the node
latent representation using the message and its own fea-
ture vector as

hl+1
i = MLP(ml

i ||hli ),
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Fig. 4 Graph Encoder architecture

where hl+1
i is the updated feature vector of the i-th node

(track).
– Edge classifier designed as an MLP with layer sizes

[65, 128, 128, 1], which predicts edge labels (attention
coefficient) using the updated node and edge embed-
dings:

αl+1
i j = σ

(
MLP(hl+1

i ||hl+1
j ||αl

i j )
)

,

where αl+1
i j is the updated attention coefficient for the

edge connecting the i-th and j-th nodes (tracks).

The last three blocks were repeated n = 6 times to achieve
the convergence of node embeddings, labels and embeddings
of edges.

4 Hierarchical training

We applied a hierarchical training approach to our model.
The main idea of this approach is to start training the model
with simple examples and then progressively increase their
complexity. The overlap parameter r controls the drift time
resolution of the detectors and is the only free parameter in
this study that affects the dataset complexity. Thus, the hier-
archical training process starts at r = 2 and continues, with
the value of r incremented by one at each subsequent stage,
until r = 5 is reached, which corresponds to the highest
pileup level in the experiment. We used the Balanced FoCal
loss (BFC) [14] as the loss function with the AdamW opti-
mizer [15] for training. Using the BFC loss enables us to
adjust the precision-recall balance. The number of training
epochs was set to 100, whereas the batch size was set to 1.

5 Results and discussion

A model trained on time slices with a certain overlap param-
eter r is henceforth denoted as GANNr . Training starts from
the dataset with r = 2 to obtain the initial model, GANN2,
for hierarchical training. Then, GANN2 is trained on the
dataset with r = 3 to produce GANN3, and so on. For
this study, we trained four models with different r values
using the SPD and TrackML datasets. The models are named
using a prefix corresponding to their training dataset: ‘SPD-’
for models trained on the SPD dataset and ‘TrackML-’ for
those trained on the TrackML dataset. One epoch of GANNr
training, involving the processing of 800 time slices on an
NVIDIA V100 GPU, takes approximately from 3.5 to 5.2
min for overlap parameter r values ranging from 2 to 5.
Finally, we produced two models that perform edge clas-
sification on the SPD and TrackML datasets with parameters
Nev = 15, r = 5, denoted as SPD-GANN5 and TrackML-
GANN5, respectively.

The training results for the SPD-GANN5 model are pre-
sented in Fig. 6. The dependencies of the loss functions, eval-
uated for the training and test samples, on the number of
epochs are shown in Fig. 6a. As seen, the losses are reduced
by approximately half by the end of the training process.
The Receiver Operating Characteristic (ROC) curve, with an
Area Under the Curve (AUC) reaching 0.9998, is shown in
Fig. 6b. Such a high AUC value and the almost triangular
shape of the ROC curve indicate the high performance of
the model in edge classification. Figure 6c presents the recall
and precision as functions of the model score. The recall is
defined as the ratio of the number of true edges with scores
exceeding the threshold (cut on the model score) to the total
number of true edges, whereas the precision is defined as the
ratio of the number of true edges with scores exceeding the
threshold to the total number of edges with scores exceed-
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Fig. 5 Edge Classifier
architecture

ing the threshold. These metrics achieve 97% at the model
score threshold where they are equal. The distributions of true
and false edge scores predicted by SPD-GANN5 are shown
in Fig. 6d. The true edges exhibit a pronounced peak at high
model scores (0.9–1.0), while the false edges dominate in the
lower score range (0.0–0.1), with minimal overlap between
two distributions. A sharp drop of the distribution of model

scores for true edges around 0.4 indicates that the model was
successfully trained to avoid mistakes in true edges defini-
tion. This model feature becomes more pronounced during
hierarchical training. Subsequently, the score threshold for
the SPD-GANN5 model was set to 0.4, which allows us to
retain nearly all true edges.

(a) (b)

(c) (d)

Fig. 6 Training results for the SPD-GANN5 model: a loss function on the training and test samples; b ROC curve with the AUC value; c recall
and precision of edge classification as functions of the cut value applied to the edge scores; d edge score distributions for true and false edges
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(a) (b)

(c) (d)

Fig. 7 Training results for the TrackML-GANN5 model: a loss function on the training and test samples; b ROC curve with the AUC value; c
recall and precision of edge classification as functions of the cut value applied to the edge scores; d edge score distributions for true and false edges

(a) (b)

Fig. 8 Dependence of average classification metrics of the SPD-GANNr (a) and TrackML-GANNr (b) models on the overlap parameter r
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To analyze the stability of the proposed approach, GANNr
was trained from scratch on the TrackML dataset using the
same hierarchical procedure. The resulting model, TrackML-
GANN5, was then compared with the SPD-GANN5 model.
The training results for TrackML-GANN5 are presented in
Fig. 7. The dynamics of the training and test loss functions
are shown in Fig. 7a. The losses are reduced by a factor of
approximately 1.3 by the end of training. This drop is compa-
rable in magnitude to that of SPD-GANN5 (see Fig. 6a). The
ROC curve, with an AUC value reaching 0.9976, is shown in
Fig. 7b. As seen, TrackML-GANN5 also exhibits a high AUC
value and a ROC curve that approaches the optimal shape.
The dependencies of the recall and precision on the model
score are presented in Fig. 7c. These metrics achieve 94%
at the point where they are equal. Figure 7d illustrates the
edge score distributions for true and false edges predicted by
TrackML-GANN5. Similar to the SPD case, the distribution
for true edges shows a sharp drop around 0.35. This value
was chosen as the score threshold for the TrackML-GANN5
model to ensure that all true edges are retained. Consequently,
we observed the high performance of our model trained on
the TrackML dataset, which contains more spiral tracks with
non-equidistant steps between hits, demonstrating the stabil-
ity of the proposed architecture.

The dependencies of the average metrics of the GANNr
models on the overlap parameter r trained on both the SPD
and TrackML datasets are presented in Fig. 8, where the
advantages of the hierarchical training approach are shown.
We additionally evaluated the average metrics at r = 6, 7,

and 8 to analyze the stability of the models. As seen, the
model performance strongly decreases with increasing the
overlap parameter r . However, the point at which degrada-
tion starts can be shifted using the post-training model. A
comparison of the training results clearly demonstrates that
SPD-GANN5 achieves better stability when varying r than
the TrackML-GANN5 model. In particular, it is a conse-
quence of the complexity of TrackML tracks compared to
SPD tracks. The edge purity, i.e., the average ratio of the
number of true edges to the total number of edges, in the
SPD data after processing by SPD-GANN5 is 91.4% at a
model score threshold of 0.4, whereas the edge purity for the
TrackML dataset after processing with TrackML-GANN5 is
85.1% at a model score threshold of 0.35.

To obtain final clustering results, it is necessary to elimi-
nate a small number of false edges remaining between clus-
ters after model processing and extract densely intercon-
nected groups of nodes (tracks). We used a modified Lou-
vain method [16] to remove retained false edges in the sparse
supergraphs produced by the model. This approach is a pre-
cise method with no free parameters due to its iterative struc-
ture and strict convergence. However, for the same reasons, it
is computationally expensive. Thus, using this method allows
us to demonstrate the maximum performance of the proposed

approach. The final recall, precision, and accuracy metrics
for particle track clustering by events, i.e., after applying the
SPD-GANN5 model and the Louvian method, for SPD time
slices at r = 5 were obtained as 95.6%, 94.7% and 99.3%,
respectively.

6 Conclusions

A Graph Neural Network with an attention mechanism for
the clustering of particle tracks by events in the SPD exper-
iment of the NICA accelerator complex was presented. The
proposed GNN-based method performs non-binary classifi-
cation and demonstrates enhanced performance compared to
the previous Siamese Neural Network, achieving 99% accu-
racy and 95% precision and recall in track clustering. The
processing speed of the trained model on an Nvidia V100
Tesla GPU is 3.5 time slices per second at Nev = 15, r = 5.
Our approach allows processing time slices with a ran-
dom number of events. Hierarchical training enables learn-
ing the GANN to operate effectively at the temporal res-
olution expected in the experiment. Furthermore, the sta-
bility of the architecture was confirmed by testing on the
TrackML dataset, showing that the model scales well to
complex geometries with non-equidistant hit spacing. The
approach presented in this study can be applied to any exper-
iment where track classification by events is an offline post-
processing task. The implementation is available in a GitHub
repository [17].
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