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Abstract

There has been a surge of interest in applying deep learning in
particle and nuclear physics to replace labor-intensive offline
data analysis with automated online machine learning tasks.
This paper details a novel Al-enabled triggering solution for
physics experiments in Relativistic Heavy Ion Collider and
future Electron-lon Collider. The triggering system consists
of a comprehensive end-to-end pipeline based on Graph Neu-
ral Networks that classifies trigger events versus background
events, makes online decisions to retain signal data, and en-
ables efficient data acquisition. The triggering system first
starts with the coordinates of pixel hits lit up by passing par-
ticles in the detector, applies three stages of event processing
(hits clustering, track reconstruction, and trigger detection),
and labels all processed events with the binary tag of trig-
ger versus background events. By switching among different
objective functions, we train the Graph Neural Networks in
the pipeline to solve multiple tasks: the edge-level track re-
construction problem, the edge-level track adjacency matrix
prediction, and the graph-level trigger detection problem. We
propose a novel method to treat the events as track-graphs
instead of hit-graphs. This method focuses on intertrack re-
lations and is driven by underlying physics processing. As a
result, it attains a solid performance (around 72% accuracy)
for trigger detection and outperforms the baseline method us-
ing hit-graphs by 2% higher accuracy.

Introduction

Physics Background

sPHENIX is a high energy nuclear physics experiment sit-
uated on the Relativistic Heavy Ion Collider (RHIC) and it
is still under construction at Brookhaven National Labora-
tory. The goal of the experiment is to probe the Quark-Gluon
Plasma, which is a state of matter where atomic nuclei melt
under extremely hot and dense conditions prevailing in the
Universe at about 20 us after the Big Bang. Figure 1 shows
the details of the sSPHENIX detectors.

In high-energy nuclear and particle physics experiments,
a trigger should be able to decide whether an event is of our
interest with high efficiency. Among the proton+proton col-
lisions at the SPHENIX experiments, the triggering criteria
for interesting events, which are heavy charm quark events,
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sPhenix Trigger Detector along the beam pipe

Figure 1: sSPHENIX Track Detector and Trigger Design.

are based on the patterns of the charm-hadron decays into a
pair of oppositely charged kaon and pion particles. The par-
ticles of interest decay on very short time scales, typically a
few nanoseconds or less. However, as the particles are pro-
duced close to the speed of light, they can travel several mil-
limeters before decaying. Particle tracks can be extrapolated
back in space to see if they coincide with the beam colli-
sion point or not. The detector is essentially a high-speed
camera, continuously taking 250-megapixel images for pro-
ton+proton collisions happening at approximately 10MHz.
Then the triggering system inspects image patterns to de-
cide whether to keep or discard each image. The triggering
system can greatly reduce data volume that needs to be col-
lected from physics experiment.

The traditional Minimum Biased trigger for studies of
fully-reconstructed beauty hadrons is very inefficient be-
cause the purity of the filtered data is very low. Currently, no
fully-reconstructed beauty hadrons measurement is reported
at RHIC. No efficient deterministic method identifies heavy
flavor decay, and the occurrence of events has a significant
amount of randomness, providing an ideal playground for
applying Machine Learning techniques.

In this paper, we report our work-in-progress machine
learning enabled software triggering system that will be de-
ployed and commissioned in 2023. We use validated simu-
lation results to demonstrate the feasibility of using machine



learning to learn physics event embeddings, model intrin-
sic interactions among particles generated in physics events,
and classify events as “triggers” verse “backgrounds”.

Challenges and Contributions

There are two main challenges in designing and implement-
ing an online event selection algorithm. The first is to pro-
vide an end-to-end solution that uses raw detector readout
to make trigger decisions for data collection. The second is
to design a neural network compatible with detector readout
and capable of learning a broad spectrum of physics prop-
erties, using low-level hits to build up to the high-level trig-
ger decision. We overcome these two challenges by using
a three-stage pipeline, attaining impressive performance in
online trigger prediction. The pipeline has three stages: 1)
clustering the pixel readings into hits, 2) connecting the hits
that belong to identical particles to reconstruct tracks, and
3) dynamically constructing track-graphs and making the
graph-level decisions. The main contributions for this paper
are as follows:

1. Our event selection pipeline only needs the MVTX fast
detector readouts and undertakes multiple tasks that usu-
ally appear in offline data analysis and require accessing
the reconstructed event data from various (slow) detec-
tors that are not available during real-time data taking.
Our work confirms the feasibility of moving these offline
analysis tasks to online systems for intelligent data col-

lection.

The pipeline is highly effective in reducing event read-
outs in all three stages: the clustering algorithm removes
redundant hits, the tracking algorithm eliminates noise
hits with no meaningful connections, and the event build-
ing algorithm creates smaller track-graphs than the hit-
graphs in the baseline algorithm.

. We propose a novel method to treat the events as track-
graphs instead of hit-graphs. The track-graphs are fully
aware of the physics principle and align well with physics
data analysis, identify interesting physical events with
great accuracy, and outperform the baseline methods hit-
graphs by more than 2% in terms of prediction accuracy.

Related Works
Graph Pooling Techniques

Pooling is a critical step in Convolution Neural Networks
(CNNs). To generalize CNNs to Graph Neural Networks
(GNNs), we believe an appropriate pooling mechanism
compatible with network topology can effectively extract
graph representations. Graph pooling is still in an explo-
ration stage, and only a handful of efforts in literature are
related to this topic.

Three types of pooling methods exist: topology-based,
global, and hierarchical pooling. 1) For topology-based
pooling, Dhillon (Dhillon, Guan, and Kulis 2007) proposed
to eliminate the time-consuming eigendecomposition and
instead cluster graph nodes because of the mathematical
equivalence between the objective of general spectral clus-
tering and a weighted kernel k-means algorithm. Recent
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works (Defferrard, Bresson, and Vandergheynst 2016; Rhee,
Seo, and Kim 2017) also use this clustering approach as the
graph pooling layers in their GNNs. 2) Global pooling, for
example, Set2set (Vinyals, Bengio, and Kudlur 2015) and
SortPooling (Zhang et al. 2018) essentially uses the sum-
mation, maximum, or minimum to pool all graph nodes
for graph representation. 3) Hierarchical pooling has been
receiving attention recently. Ying et al. proposed DiffPool
(Ying et al. 2018), a differentiable graph pooling method
that learns assignment matrices and generates hierarchical
representations of graphs in an end-to-end fashion. Lee in-
troduced SAGPool (Lee, Lee, and Kang 2019) that considers
both the node features and graph topology and uses a graph-
convolution-based self-attention mechanism to achieve hier-
archical graph pooling.

Machine Learning in Particle Physics

Guest et al. summarize recent efforts in using advanced sta-
tistical analysis, machine learning, and deep learning meth-
ods to analyze event data in Large Hadron Collider particle
physics experiments (Guest, Cranmer, and Whiteson 2018).
The majority of these efforts focus on removing noise, re-
constructing tracks between different detectors, and identi-
fying whether tracks are generated by electron, photon, or
7 lepton (Kazeev 2020). These algorithms gain impressive
success in identifying low-level (local-level) physics prop-
erties, such as hit identification and tracking reconstruction.
There are multiple attempts on event selection and other
high-level physics tasks (Casa and Menardi 2018; Baldi,
Sadowski, and Whiteson 2014).

End-to-End Trigger Detection Pipeline

The problem we solve is a classification problem. It starts
with the raw data recorded by the detectors, which only con-
tains the indices of the lightened pixels on the detectors and
the corresponding coordinates. The goal of the problem is to
classify the event as either a trigger event or a background
event. The output of the pipeline is the estimated probability
for the event being a trigger event.

Our pipeline is consistent with the physics analysis work-
flow and it reflects the interaction between particles and de-
tectors. It consists of three stages:

1. Clustering pixels into hits using their geometric informa-
tion.
Connecting hits to form tracks.

Constructing event graph dynamically and performing
graph-level classification for triggers.

2.
3.

Our pipeline extracts the information and reduces the
event size step by step. We aggregate the information from
pixels to hits, from hits to tracks, and from tracks to a fixed-
length vector representation of the whole event. Each of
these steps tries to predict critical physics properties that
benefit trigger identification in traditional physics methods.
Figure 2 details our pipeline with an example event.

Pixel Clustering

A particle might strike a cluster of pixels when it flies
through the detector with different energies and momenta.
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Figure 2: Trigger Detection Pipeline with All the Steps.

These pixels must be grouped and represented by a cluster
medoid. We propose a deterministic algorithm to segment
the contiguous pixels into separate clusters. Many traditional
clustering algorithms incur an O(n?) time complexity due
to needing to calculate the pair-wise distance for clustering.
However, we take advantage of the fact that the pixels ac-
tivated by the same particle must be adjacent in the detec-
tor space and design a connected component algorithm with
a hash table that hashes pixel indices to memory locations
for the efficient search for neighboring pixels. The cluster-
ing algorithm has a moderate time complexity of O(n). The
clustering algorithm takes in the set of pixels as input and
outputs a set of hits. The total number of hits after clustering
varies between events.

Track Reconstruction

Once we clean up the hits and remove redundant pixels in
each event, we reconstruct the tracks by connecting the hits
across different detector layers to recover the trajectories of
the particles. By connecting hits in the order of a particle’s
interaction with detector layers, from inner layer to outer
layer, we recover the trajectory of particles. We model the
input as the cloud of hits and dynamically construct a graph
with nodes (hits) and edges (track segments) to represent a
collision event. Then we perform information propagation
and convolution with the constructed graphs.

We adopt the Message-Passing GNN proposed by (Far-
rell et al. 2018) and divide the track reconstruction into two
steps. The first step is to connect hits belonging to consecu-
tive layers into hit pairs. To prevent excessive connections,
we apply geometric constraints and down select the hit pairs
into edge candidates. After selecting the edge candidates, the
tracking problem is simplified to a binary edge classifica-
tion problem (link prediction) to predict real track segments.
In the second step, we iteratively apply the powerful graph
convolution operations to propagate hit information among
nodes via candidate edges and enrich each hit representa-
tion with multi-hop neighborhood information as shown in
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Figure 3: Graph Neural Network for Tracking

Figure 3. Finally, we use a Multilayer Perceptron (MLP) on
the two nodes connected by each candidate edge and predict
whether the candidate edge belongs to the ground truth track
segments. The GNN ensures that the graph-level informa-
tion is learned during the information diffusion processing,
and the pairwise link prediction is performed in the context
of the entire event graph.

Trigger Detection

After the previous step, we have built the track segments
between hits and we are able to classify events as a trigger
or non-trigger using a baseline GNN that treats an event as
a graph with hits as nodes and track segments as edges. But
from the physics perspective, trigger detection requires more
sophisticated features than the hit-level information used in
the baseline models. For example, physicists often need to
analyze the relation between tracks and whether they are
from the same origin points. Inspired by this physics pro-
cess, we build intertrack links and perform graph classifica-
tion on a track-based graph (tracks as nodes). It is more con-
sistent with the physics logic to solve the trigger detection
problem compared to the hit-graph. Also, the track-based
graph is much smaller, benefiting our goal for fast inference
and moderate storage space.

We propose two methods to build tracks. Given all pre-
dicted track segments between hits, we apply depth-first tra-
verse to find all the connected hits and chain them into a
track. Alternatively, we select the hits in a track by finding
the longest non-cyclical path in the connected component.
We also add other geometric features, such as edge lengths
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and angles, to help the model perform better.

Dynamic adjacency matrix generation for tracks using
ParticleNet. Given a collection of n tracks for one event,
we need to identify whether any pair of tracks share the same
original vertex. We define a connection between tracks if
they have the same original vertex. Here, the original ver-
tices are dependent variables and only available for defining
loss functions during the training stage. We improve upon
the ParticleNet (Qu and Gouskos 2020) and combine a bal-
anced Cross-Entropy Loss and a weighted Laplacian Loss to
predict the track adjacency matrix and to construct a track-
graph.

Figure 4 shows the clustering network based on Parti-
cleNet. ParticleNet is a neural network architecture that con-
sists of EdgeConv (Wang et al. 2019) and operates directly
on particle clouds. The EdgeConv defines a message passing
between node x; and its neighborhood:

k
o =[] he(wizij), (1)

where ; € R, k is the number of neighboring points of
each point, & is the edge function on learnable parameters
© and D is an aggregation function. Two hyperparameters
characterize an EdgeConv block: the number of neighbors k&
and the number of channels C' in each block.

ParticleNet substitutes the neighbors’ feature vector in the
Equation 1 and calculates the difference between a node and
its central point

he(zi,zij) = he(wi, vij — x;)
, where hg in the EdgeConv block is implemented by a
MLP with neuron weight ©. The aggregation function is to
calculate the mean of inputs. The stackable edge convolu-
tion blocks ensure the deep network learns the features of
point clouds hierarchically and approximates the proximity
of tracks dynamically.

Finally, we apply a pairwise predictor that takes the
learned node embeddings from ParticleNet and predicts the
connectivity of all tracks pairs. Given m points as input, it
outputs a m X m matrix where each element is the predicted
linkage probability between two tracks.

Trigger prediction via SAGPool. We design a graph-
level prediction model that classifies the input event graphs
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Figure 6: Trigger Prediction (hierarchical)

Classification

into the trigger and non-trigger events based on the predicted
inter-track connection and track features from the previous
stage. Figures 5 and 6 show the architecture of event-level
prediction using global and hierarchical architecture. The al-
gorithm employs a pooling method that aggregates any num-
ber of node features into an event representation with a pre-
defined size. Among multiple choices of pooling method,
we adopt SAGPool (Lee, Lee, and Kang 2019) to categorize
each event due to its simplicity and efficiency.

SAGPool uses graph convolutions to calculate the self-
attention scores, and considers both node features and graph
topology while incurring only moderate time and spatial
computational complexity. Self attention with graph con-
volution, allows the pooling method to consider both node
features and graph topology to yield hierarchical representa-
tions with a reasonable complexity of time and space. SAG-
Pool utilizes the widely used graph convolution (Kipf and
Welling 2016) defined on the normalized graph Laplacian
L=1- D 2AD 2. The forward propagation in layer [ is
defined as:

BT = O(Diéfibiéhl@]w[,p),

where h! represents the input node features of the [-th
layer, o is the activation function, A € RNXN is the ad-
jacency matrix with self-loop (i.e. A 4+ Iy), D € RN*N jg
the degree matrix of A, © ;. € RF*F' is the weight ma-
trix of the feature transformation network, N is number of
nodes, F' is the input feature dimension and F” is the output
feature dimension.

SAGPool uses self-attention on the layer transformation
on node features before exporting the output to the next
layer. The self-attention score Z is:

Z=0(GNN(X,A)) =oc(D " 2AD"2XOu,),

where X € RV*F is the input features, O, € R con-
tains the learnable attention parameters of the pooling layer.
SAGPool utilizes graph convolution to obtain self-attention
scores Z on each node and apply the attention score to retain
the most significant nodes in the input graph nodes for pool-
ing. As a result, SAGPool takes into consideration the graph
features and topology. Here, the pooling ratio p € (0,1] is
used to select [pN'| nodes with the top Z scores.

Further Improvements
Distance Metric in ParticleNet

To search the nearest neighbor, we need to have a definition
for distance. A track consists of several hits and is repre-
sented by a concatenation of the hit coordinates. Hence, the
direct distance between the two tracking vectors is not nec-
essarily the closest distance between the two formed lines.
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Figure 7: Intertrack Distance is defined as the shortest dis-
tance between two line in three dimensions.

We adopt inter-track displacement in the physics analysis as
our distance metric in ParticleNet. Figure 7 shows the inter-
track distance under different circumstances.

Loss Function for Track Adjacency Matrix

The objective of ParticleNet is to minimize the error in link
prediction. We first apply the Cross-Entropy Loss to penal-
ize the prediction error. The Cross-Entropy Loss is sensitive
when two tracks have a small distance and renders the link
prediction with high variance. Since the displacement be-
tween the primary and secondary vertices in most events is
no more than a few hundred microns, we adopt the weighted
graph Laplacian Loss as a regularization term in the ob-
jective function to penalize false inter-track connections. In
graph theory, a graph can be represented by adjacency ma-
trices without any loss of information. The loss function is:

*
L= ['CE +a- ELaplacian

where L} is calculated on a balanced training dataset
and « is the weight factor for Laplacian loss. Lo g for the
binary classification of n tracks is:

n

1
= —— 11 AZ‘ 1-— i l ].71‘
Lcop nE [yi - log G + (1 — ;) - log(1 — 4;)]

i=1

Our dataset is balanced for trigger/nontrigger events. With
each graph, a link between two tracks indicates that the two
tracks share the same primary or the secondary vertex in Fig-
ure 7b. The number of edges is far greater than that of spuri-
ous edges. To ensure a balanced penalty on real and spurious
edges in the events with decay in Figure 7¢c, we apply Lok
on the subgraph with the same number of edges from two
classes and denote it as L ;. For non-decay events, we use
all the edges.

The Laplacian Loss is defined by the Laplacian matrix
L = D — A, where D is the degree matrix and A is
the adjacency matrix. The Laplacian matrix is symmetric
and positive semi-definite, which satisfies the bilinear term
zTLx > 0 for z € RI*l (Hamilton 2020). The proposed
graph Laplacian regularization helps ensure that two inter-
connected tracks have the same secondary vertex:

‘Claplacian = trace(OT(ﬁ — A)O)

where O € R™*3 is the ground truth coordinate matrix of
the secondary vertex of each track, D is the degree matrix,
and A is the learned affinity matrix consisting of predicted
links by ParticleNet.
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Experiment Results

Our experiment utilizes a simulation dataset (Sample
data files can be found at: https://github.com/sPHENIX-
Collaboration/HFMLTrigger). The simulation is gener-
ated by the PYTHIA8.3 package (Sjostrand, Mrenna,
and Skands 2008) and the physical quantities are mea-
sured by the sPHENIX detector with GEANT4 simula-
tion toolkit (Agostinelli et al. 2003; Allison et al. 2006).
PYTHIAS is a software package simulating QCD processes
in small collision systems and has been widely validated at
many colliders (Aguilar et al. 2022; P. Skands 2014; Skands
2010). GEANT4 is a package that simulates the passage of
particles and radiation through matter. For this project, only
the three-layer MVTX and two-layer INTT detectors are
simulated as they are the only detectors capable of operating
fast enough to achieve the goal of this project. They are also
the two innermost detectors and so simulating further detec-
tors would needlessly utilize time and resources. It should
also be noted that as the collisions occur within the RHIC
beam pipe, this object is also simulated along the lengths of
the detectors. The simulated data is expected to match with
the real data at a high level which has been extensively vali-
dated from previous physics experiments. Our model will be
used to filter data in the real experiment that will start taking
data in February 2023. Experiments are run on an NVIDIA
Titan RTX and GeForce RTX 3090.

Tracking

We sample the events and built a balanced training data of
trigger events and background events. Table 2 shows that the
GNNs have impressive performance with more than 90%
accuracy in identifying tracks. Furthermore, the accuracy is
highly dependent on the number of layers and hidden di-
mensions of the MLPs in GNNs. A larger number of pa-
rameters might lead to higher accuracy while incurring more
considerable variance in prediction, more complex parame-
ter space, longer training time, and higher costs for inference
compared with the case of a lower dimension. To generate
the best tracking for the next step, we choose the hidden di-
mension to be 32, four MLP layers, and four iterations of
message passing across all hits.

Trigger Detection

For the experiment settings, we use 600,000 events for train-
ing and 200,000 events for validation to induce the trig-
ger prediction model. We adopt the Adam optimizer and 50
epochs for all the training experiments.

Track adjacency matrix generation by ParticleNet. The
modified loss function for ParticleNet has a weighted Lapla-
cian loss. An optimal value for the Laplacian Loss Factor
must be determined. Figure 8 shows that the performance
improves with properly tuned weights for the Laplacian loss.
Performance without Laplacian loss is represented by the
blue dotted line. When the Laplacian weight factor is < le-
6, both the Auc score and Accuracy outperform the model
trained without the Laplacian loss. We chose a Laplacian
weight factor of le-6 for the downstream task.



Input Model Track Generation Hidden dim  #Parameters  Accuracy AUC Recall  Precision
hit-graph GNN-Sum - 16 1969 68.6% 74.89% 68.60%  68.65%
hit-graph GNN-Sum - 8 826 68.69% 74.7%  68.68%  68.72%
hit-graph  DiffPool-1Layer - 32 3183 69.81% 76.42% 69.81%  69.81%
hit-graph  DiffPool-2Layer - 16 5957 69.94%  7639% 69.94%  69.97%
hit-graph SAGPool - 32 12342 67.90%  73.79% 67.90% 67.91%

track-graph SAGPool Connected Component 16 4190 71.00%  77.86% 73.19%  70.11%
track-graph SAGPool Connected Component 32 14262 71.46%  78.88% 73.08%  70.72%
track-graph SAGPool Connected Component 256 773510 71.93%  79.18% 7527%  70.58%
track-graph SAGPool Longest Path 256 773510 71.86%  79.22% 71.40%  72.07%

Table 1: Trigger Detection Performance

Hidden dim Layers #Parameters Accuracy
8 2 457 93.2%
8 4 745 94.1%
16 2 1681 94.89%
16 4 2769 96.1%
32 2 6433 95.5%
32 4 10657 96.3%

Table 2: Tracking Graph Neural Network Performance

e Y

o
©

0.64

‘/v——\

0.62
[e)

I
N

2
<,0.60
Q

o
o

Accuracy

[}
x 0.58

=4
o

0-561 o RoC_AUC

—— Accuracy

1077 107® 10™° 10™* 107 10~
Laplacian Weight Factor

1077 107® 10> 107* 1073 1072
Laplacian Weight Factor

Figure 8: Performance with Different Laplacian Weights

We perform a grid search on the learning rate (le — 1,
le — 2, 1le — 3, 1le — 4) and the number of neighbors (5, 9,
16) to obtain the best model.

We observe that the accuracy of linkage prediction in-
creases as the number of neighbors increases. Another ob-
servation is that the model performance depends on the
training dataset size. The larger the dataset, the better per-
formance the modified ParticleNet obtains.

There are three EdgeConv blocks in the model, associ-
ated with three channel parameters. The final settings for the
model to be fed into the next stage are learning rate (0.001),
k(16), C1(64), C3(128), C'3(256), and dropout(0.1).

Trigger Detection with SAGPool on track-graph. We
perform another grid search on hyperparameters in Table
3 to find the best setting for SAGPool at the second stage,
where H stands for hierarchical and G stands for global.

Hyperparameter Range

Learning rate le-1, le-2, le-3, le-4
Pooling ratio 0.25,0.5,0.75
Dropout ratio 0.5,0.7

Pooling type G H

Table 3: Grid search for SAGPool

15757

Baselines. We compare our result with some baselines.

» Simple Aggregation. Simple aggregation simply per-
forms node-wise aggregation on the GNN-updated node
embeddings to get a global graph representation. The
general aggregation functions include summation, aver-
age, maximum, minimum, self-attention.

* DiffPool Hierarchical Pooling. Nodes can be aggre-
gated by the bottom-up hierarchical pooling method from
(Ying et al. 2018) that preserves the original event struc-
ture and generates event-level embeddings.

We evaluate the results of GNN with two types of readout
functions (sum and maximum), DiffPool and SAGPool for
hidden dimensions 8, 16 and 32.

Our best results after grid search for different models are
summarised in Table 1. From the table we can see, the ac-
curacy of trigger detection on track-graphs noticeably sur-
passes the best result we get on hit-graphs by more than
2%. Most of our experiments on track-graphs reach a similar
performance as the one we showed in the table. With a hid-
den dimension of 32, pooling ratio 0.75, dropout ratio 0.5,
SAGPool with hierarchical pooling architecture can reach
accuracy of 71.46%. With a hidden dimension of 32, pool-
ing ratio 0.75, dropout ratio 0.5, SAGPool with hierarchical
pooling architecture can reach accuracy of 71.00%.

Conclusion

The data generated by the SPHENIX experiment outpaces
the existing Data Acquisition Systems and necessitates intel-
ligent event tagging and filtering. This paper addresses this
challenge and provides an end-to-end solution for an online
sPHENIX trigger development. All existing efforts focus on
offline reconstruction and analysis once experiment data is
collected and transferred to data centers and clouds. Our en-
deavor is one of the first attempts to shift many offline tasks,
such as noise removal, event reconstruction, and tagging,
to the early stage of data collection. This paper proposes
a novel idea of treating the events as track-graphs instead
of hit-graphs that is consistent with the governing physics
of particle collision, formation and decay. It also demon-
strates that physics-informed data mining improves the trig-
ger detection accuracy by 2%. Our work provides proof-
of-concept for software-based intelligent triggers for future
physics experiments and expedites the turn-around from ex-
periment to scientific discovery.
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