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Abstract

In high energy physics, graph neural networks (GNNs) are widely studied especially for
reconstruction and identification since graphs are often preferred when representing particle
collision data. Collision data at the LHCb is highly complex, which is further amplified by
increases in the proton-proton collision multiplicity for the detector upgrades. This motivates
continuous developments of algorithms that can perform tasks while effectively handling the
complexity and use of GNNs seems a suitable approach.

Starting from an idea of the Deep-learning based Full Event Interpretation (DFEI) pro-
posed by J. G. Pardiñas, et al., this thesis explores advantages of a new GNN with weighted
message passing to reconstruct the hierarchical decay chains of heavy hadrons from the re-
constructed particles using dataset simulated for the LHCb Run 3 condition. With future
improvements, this work could contribute to developments of an inclusive trigger system or
offline physics analysis at the LHCb.

i



Contents

1 Introduction 2

2 Overview of High Energy Physics 3
2.1 The Standard Model of Particle Physics . . . . . . . . . . . . . . . . . . . . . . . 3
2.2 LHC and LHCb . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.3 Trigger system at LHCb . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3 Deep learning 7
3.1 Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
3.2 Graph Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

4 Method 11
4.1 DFEI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
4.2 Model Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

4.2.1 Nominal GNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
4.2.2 GNN with weighted message passing . . . . . . . . . . . . . . . . . . . . . 14
4.2.3 Extension to pruning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

5 Training Setup 16
5.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
5.2 Model Hyperparameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
5.3 Hyperparameter Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
5.4 Evaluation Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

6 Results 20
6.1 Grid Search Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
6.2 Comparison of different GNNs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
6.3 Loss, Accuracies and Confusion Matrix . . . . . . . . . . . . . . . . . . . . . . . . 22
6.4 Edge and Node Weights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
6.5 Edge pruning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

7 Conclusion and Outlook 30

A GNN performances 31
A.1 GNN(1) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
A.2 GNN(1) for longer training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
A.3 GNN(2) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

References 34

ii



Acronyms

BCEL binary cross entropy loss.

CEL cross entropy loss.

DFEI deep-learning based full event interpretation.

GNN graph neural network.

LCA lowest common ancestor.

LHC(b) large hadron collider (beauty).

ML machine learning.

MLP multilayer perceptron.

NN neural network.

NP new physics.

SM standard model.
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1 Introduction

The theoretical description of matter and its interactions at the smallest scale is known as the
standard model of particle physics (SM). Over the past sixty years, the model has successfully
explained and predicted a number of observed phenomena and experimental results, however,
considerable issues are still present. Most importantly, it is unable to explain cosmological and
astronomical evidence for a dark matter and the imbalance of matter and anti-matter in the
universe. In addition, it does not provide mechanism for neutrino masses and not include the
force of gravity. This motivates the development of theories beyond the SM or new physics
(NP), which is one of the most researched areas in particle physics today.

The LHCb at the Large Hadron Collider (LHC) at CERN in Geneva is designed to perform
experiments of the SM with enhanced precision and hence search for hints of NP in the form
of potential deviations of measurements from their SM predictions. It is specialised in studies
of heavy-flavour hadron decays produced in proton-proton (pp) collisions at high energy and
luminosity, which are currently 13.6 TeV and 9.8 fb−1. The use of hadron collisions enables it
to achieve a high centre of mass energy, however, such proton collisions have a large particle mul-
tiplicity of O(100) at the current luminosity condition. Furthermore, the energy and momenta
of interacting partons within the protons are unknown limiting the reconstruction of particle
properties from the energy and momentum conservation. These cause challenges of interpreting
the collected data. Innovation of machine learning (ML) brings significant advantages to analyse
such large and complex data at various steps in the experiment such as object reconstruction,
event selection, and simulation. In general, ML provides a system that is automatically adjusted
based on data or experience to solve given tasks without explicit instructions.[1] A number of
ML algorithms, especially, neural networks (NNs) have been developed and used in the LHC and
the emergence of deep learning has further boosted the ability.[2] A NN allows to derive high
level features, which are then used for instance to identify particles, from the raw information
of the detector readouts more effectively than traditional approaches that required collections
of analysis specific for smaller features.[3]

The need of efficient algorithms is growing due to scheduled increase in luminosity at the
LHCb in the near future. One prospective approach is a Graph NN (GNN) based decay re-
construction, which profits relational structure of final state particles measured in the detector.
This thesis proposes a novel GNN architecture with improved message passing drawing upon
a recent research the Deep-learning based Full Event Interpretation (DFEI) [4]. The model is
trained and tested with datasets simulated under the Run 3 condition at the LHCb.

This thesis begins by providing the motivation in a broader picture in Section 2, and the
basic idea of NNs and GNNs in Section 3. The following sections focus on contents more specific
to this thesis. Section 4 and 5 explain the algorithm and dataset and Section 6 is dedicated for
the results. Finally, Section 7 concludes this work with discussion of possible extension of this
study for future research.
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2 Overview of High Energy Physics

2.1 The Standard Model of Particle Physics

The SM provides theoretical descriptions of the fundamental particles in the universe and their
interactions. The SM particles are grouped into half-integer spin particles called fermions and
integer spin particles called bosons as shown in Figure 1. For every SM particle, there exist
anti-particles, although some of anti-particles are their own particles. The three fundamental
forces, strong, electromagnetism, and weak forces are described by quantum field theories and
are mediated by corresponding bosons. The fermions make up matter and are further classified
into quarks, which carry colour charges, and leptons, which do not carry colour charges. All
fermions interact with the weak force, while only particles that carry colour/electric charges
interact with the strong/electromagnetic forces. All the elements of the SM were confirmed
by experiments, concluding with the discovery of the last remaining element, the Higgs boson,
which was discovered at the LHC in 2012. Although the SM describes numerous experimental
data with great precision, various unexplained observations and unanswered questions indicate
its incompleteness and needs for a NP model. Some of the most notable phenomena that the
SM does not address are astrophysical observations of dark matter, neutrino masses, the matter-
antimatter asymmetry, and fermion generations (flavour problem).

In the SM, the asymmetry between matter and antimatter is partially explained by Charge-
Parity (CP) violation in the Cabibbo–Kobayashi–Maskawa (CKM) matrix, however, with a
much smaller rate than that required to explain the observed matter dominated universe. The
CKM matrix enables one to calculate the likelihood of a quark transitioning to another quark
and the complex matrix elements are responsible for CP violation in the quark sector. There-
fore, measurements of flavour changing in hadron decays provide precise tests of the SM and
probe potential NP that explains the matter-antimatter asymmetry. Experimentally, CP vio-
lation was first discovered in neutral kaon decays [5] and a large number of studies have been
conducted in hadrons containing b or b̄ quarks (collectively called beauty hadrons) such as the
Belle collaboration [6] and the LHCb experiment [7].

The experimental tests of the SM relies on statistical analysis of data as the predictions are
fundamentally given by the probabilities due to the quantum mechanical nature of the theory.
Therefore, large samples are required in order to precisely quantify certain CP violating quark
transitions. Additionally, the heavy SM particles such as ones with b quarks are unstable and
decay shortly to lighter particles in the standard condition, setting out the need for particle
colliders with high energies.

2.2 LHC and LHCb

The Large Hadron Collider (LHC) [9] is a powerful particle accelerator and collider at the CERN
accelerator complex in Geneva, Switzerland. The machine was periodically upgraded since the
first operation in 2008 to increase the statistics for investigating small effects due to NP. The
collision rate is determined by an instantaneous luminosity, which is a measure of the particle
flux with respect to the collider geometry. The higher luminosity, the greater number of heavy
particles of interest can be produced in the collisions if a sufficiently high center of mass energy
is provided.

The LHCb is one of the four large experiments at the LHC as well as ALICE, ATLAS,
and CMS, being carried out by a large number of international collaborators. The LHCb is
primarily focused on precision measurements of beauty and charm hadrons (b- and c- hadrons)
produced in the pp collisions. Using collected data of those hadron decays, a broad range of
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Figure 1: Table of the SM of particle physics [8].

physics programs have been carried out, including measurements of CP violation and search for
NP. In particular, rare semileptonic decays such as b→ sl+l− are studied extensively since new
particles might allow couplings that are not possible in the SM and be observed as deviating
rate or kinematics of the decays. [10]

During Run 1 and Run 2 operated between 2010 and 2018, the LHCb collected a total of
9fb−1 pp collision data at an instantaneous luminosity of L ∼ 4 × 1032cm−2s−1.[11] Recently,
a major upgrade (Upgrade I) of the LHCb detector has been completed on both the hardware
and software sides for effective data collection during Run 3 and 4. A further upgrade (Upgrade
II) is planned for the High-Luminosity (HL) LHC. The instantaneous luminosity is raised to
2× 1033cm−2s−1 for Upgrade I and further tenfold increase is expected for Upgrade II.[12] The
following description of the detector is applied to the Upgrade I condition, which is documented
in ref. [11] in detail.

In high energy collisions, b-hadrons are known to be produced predominantly at small angles
along the beam axis in forward and backward directions. For this reason, the detector was
constructed with a forward angular coverage of approximately 10 < θ < 300 mrad opening
from the particle interaction point. As indicated in Figure 2, a right-handed coordinate system
is usually defined as the z axis is parallel to the beam and the x-y plane lays perpendicular
to it with the y axis aligning vertically. b- and c- hadrons that are produced at the collision
point, which is located on the leftmost of the figure, decay shortly into lighter and more stable
particles. Those particles travel through the LHCb detector while interacting with its materials.
Data collected at various points in the detector are combined and associated to the particles
that are most likely to produce the readouts. This process is called reconstruction of particles.

The detector consists of several subsystems including tracking, particle identification, and
trigger systems. The tracking system measures electric signals called hits created by charged
particles passing through tracking stations and reconstructs their trajectories (tracks). Its main
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components are the Vertex Locator (VELO), the Upstream Tracker (UT), and the Scintilating
Fibre tracker (SciFi). The VELO is located close to where pp collisions occur and measures the
position of the pp interaction points (primary vertices) and displaced decay points (secondary
vertices) of relatively long-lived hadrons. The UT measures the tracks of charged particles, which
are combined with the VELO tracks to give a rough estimation of the momentum. It also makes
important contributions to increase the processing speed and reduce the fake track rate.[13]
The SciFi further provides measurements of the charged particle tracks and their momentum.
Between the UT and the SciFi, a 4 Tm dipole magnet is installed to bend the charged particles
so that their momentum can be measured. The particle types are identified by two ring imaging
Cherenkov detectors (RICH1 and RICH2), electronic and hadronic calorimeters (ECAL and
HCAL), and muon chambers (M2-5). The information collected by those systems is processed
through the trigger system to reduce the size of data. It is fully software based event selection
built with two successive triggers, high level trigger (HLT) 1 and HLT2.

Figure 2: Schematic view of The LHCb detector after the Upgrade I, the individual components
are explained in detail in ref. [11].

2.3 Trigger system at LHCb

The trigger system is required to reduce the data to be stored due to the limited hardware
capacity, while keeping the events containing interesting signals for offline physics analysis. It
has a significant role for the LHCb detector as the rejected events are permanently lost and
cannot be further considered in the offline analysis.

The amount of data stored on a disk is proportional to the running time [s], the trigger
output rate [kHz] and the average event size [kB]. In a condition where interesting events occur
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frequently, the trigger rate is necessarily high and the event size should be reduced to keep the
data size manageable within available computational resources. This is further emphasised by
the LHCb detector upgrades mentioned above. They led to an increase in the number of pp
collisions per event from approximately 1 during Run 1 and 2 to ∼ 5 during Run 3 and 4, and
an expectation of ∼ 50 after the Upgrade II. This results in datasets with greater multiplicities
of tracks and b-hadrons, which further complicates reconstruction. In Run 3, effective data
filtering is possible as a result of extended time frame available for processing events, which
is realised with the fully software based trigger system. HLT1 decreases the event rate to a
size small enough to be processed in HLT2, under a short time constraint using information of
charged particle tracks. A buffer is installed between HLT1 and HLT2 and enables HLT2 to
perform offline-quality reconstruction and selection algorithms. At this stage, the event size is
also handled based on the signal candidates that executed the trigger. Specified subsets of the
events as well as the trigger candidates can be saved using selective persistence, which is an
essential part of the reduction.[14]

This event level reduction becomes more crucial in higher luminosity or pileup conditions
in the HL-LHC era as almost all events will contain decays of interest, with each of the events
being larger in size. Therefore, algorithms are required to decide which parts of the event are
relevant to physics search rather than which events are relevant.[4]. This motivates the need for
sophisticated ML approaches including the DFEI, which will be introduced in Section 4.1.
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3 Deep learning

3.1 Neural Networks

A neural network (NN) is a class of non-linear learning methods and has been developed for
various range of applications. Comprehensive introductions of NNs can be found elsewhere for
example, ref. [15]. This section explains supervised learning with NNs focusing on an example
of classification with a multilayer perceptron (MLP). Other widely used NNs are a convolutional
neural network (CNN)[16], recurrent neural network (RNN)[17], and Transformers[18].

In a supervised classification task, a given dataset includes entities which are categorised
into some classes and a NN model aims to reproduce the correct output classes from the input
features by learning an appropriate function to estimate the probabilities for the various classes.
The process of learning involves adjusting or training the model using a training dataset. The
key metrics of the training procedure are a loss and its gradient, which are commonly computed
through forwards and backwards propagation [19] methods. A loss measures the differences
between the outputs (predictions) from the model and the correct labels (targets) and is often
defined by a cross entropy loss (CEL) as described shortly. The objective of training is to
minimise the loss by gradient descent, in which the learnable parameters are adjusted.

A MLP is one of heavily used NN architectures and consists of an input layer, one or more
hidden layers, and an output layer. Each layer contains neurons storing values and feeds the
following layer with corresponding non-linear functions. In the forward pass of a MLP, the
values are processed in a single direction from the input layer to the output layer as depicted
in Figure 3. A value yi+1 of a neuron in a hidden or output layer (i + 1) is determined by the
neurons (1 to N) of the previous layer (i) with Equation 1 where wij and b are the learnable
parameters called weight and bias respectively and f is an activation function responsible for
the non-linearity. A sigmoid (σ(x) = (1 + e−x)

−1
) and a rectifier (ReLU(x) = max(0, x)) are

popular choices for such function.

yi+1 = f(

N∑
j=1

(wij · xij) + b) (1)

Once all the layers are fed for entire batches of samples in a given dataset, the model performance
is evaluated by the average loss over the samples. The back-propagation is used to determine
the associated gradients of the loss with respect to the parameters operating from the output
layer to the input layer. The parameters are decreased by the gradients multiplied by a small
step called learning rate in order to reduce the loss. This training process is repeated until the
desired loss is achieved or maximum number of training steps or iterations over all batches of
data (epochs) is reached.

Usually, the activation function for the output layer is a softmax Softmax(xi) =
exp(xi)∑
j exp(xj)

for multi-class and a sigmoid σ(x) for binary classification to convert the outputs to numbers
between 0 to 1. Those functions as well as aforementioned ReLU are differentiable so that the
gradients can be calculated. After completing the training phase, the final prediction is the class
with the highest probability, which can be computed by a non-differentiable argmax function.

The CEL can be used for multi-class classification and calculates the mean deviation between
the model predictions and the targets by Equation 2. S and C are the number of samples and
classes and pi,c is the predicted probability of a sample i belonging to a class c. yi,c is 1 if the
target class is c for the sample i, and it is 0 otherwise, therefore, this equation implies that the
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loss is smallest when the prediction for the target is correct.

CEL = − 1

S

S∑
i=1

[
C∑
c=1

yi,clog(pi,c)] (2)

For binary classification particularly, this turns to Equation 3, which is called binary cross
entropy loss (BCEL), as the prediction can be defined by a single number pi between 0 and 1,
which is closer to 0 for the class 0 and closer to 1 for the other class.

BCEL(yi, pi) = − 1

S

S∑
i=1

[yilog(pi) + (1− yi)log(1− pi)] (3)

The CEL and BCEL can be adjusted for unbalanced datasets by scaling the log terms by
weights of the classes, with a weight of a class A (wA) calculated by

wA = (Nsamples)/(Nclasses ·Nsamples of A) (4)

where Nsamples, Nclasses, and Nsamples of A are the numbers of samples in total, of classes, and
samples belonging to the class A in the dataset.

While the learnable parameters are modified during training, the learning rate, epochs, the
number of hidden layers, neurons in each hidden layer and in the output layer define the model
architecture prior to the training and are called hyperparameters. Hyperparameters that yield
a minimum loss cannot be determined by the gradient method but need to be chosen by users
from experience or optimization search methods. Finding a set of optimal hyperparameters is
called hyperparameter optimization or tuning [20] and discussed in later sections.

x1

x2

x3

input layer

h1

h2

h3

h4

hidden
layer

x′1

x′2

output layer

Figure 3: An architectures of a simple MLP.
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3.2 Graph Neural Networks

In various domains, data naturally forms a complex relational structure, for example, social
networks and connections in a brain. In high energy physics, particle collision data such as
relations between tracker hits or reconstructed objects in none uniform detector geometries can
be better represented by graphs than vector or grid structures.[21]

These types of data can be represented as a graph with a set of objects called nodes (v ∈ V ),
and a set of edges (e ∈ E), which refer the pairwise relations between nodes. Each graph, node
and edge can be represented by a vector of features u, vi and ek respectively. In a directed
graph, each edge ek connects a sender node vsk to a receiver node vrk, thus the edge contains
the indices of vsk and vrk in addition to its other edge features ek. Graphs are flexible in their
size and nodes are primarily unordered or permutation invariant unlike other common data
representation such as sequences and images. Many successful ML models including MLPs and
CNNs expect a simple array-like data structure as the input, and therefore they process graphical
data as flattened vectors and do not have a built in permutation invariance of the geometric
representation.

A graph neural network (GNN) is a class of neural networks, which was proposed by ref.
[22] to process graphical data effectively. The rich graph representations allow GNNs to perform
classification tasks in the edge, node, or graph level. For example, node classification can
be used for an analysis of sentiment in language with the nodes representing each word in a
sentence.[23] Variations of GNNs have been developed such as the graph convolutional network
(GCN) [24], graph attention network (GAT) [25] and more general message-passing network
with permutation invariant aggregation functions.[26]

Ref. [27] proposed a GNN architecture called graph network (GN), which generalises and
extends a range of networks and the core block, GN block, allows a graph-to-graph computation.
It processes an input graph G = (u, V, E) in three sequential sub-blocks called edge, node, and
global blocks, and gives an output graph with new features G′ = (u′, V ′, E′) as illustrated in
Figure 4. The edge block updates features of each of the edges by a concatenation of the existing
edge features, the features of connecting sender and receiver nodes and the global features
of the graph with an update function ϕe. The following node block applies another update
function ϕv to the input node and global features and the previously updated edge features
that are aggregated to corresponding nodes with a message passing aggregation function ρe→v.
Finally, the global block uses the input global features and the updated edge and node features
aggregated with separate functions ρe→u and ρv→u, and an update function ϕu to provide new
global features. Mathematically, this is expressed in Equation 5. The first equation indicates
that, for each edge ek, the updated feature vector (ēk

′) is computed by the function ϕe given
its edge features, sender and receiver nodes’ features, and the global features. Then, ēk

′ is
aggregated to each sender/receiver node by the function ρe→v where e → v implies an edge-
to-node aggregation, and each node is given its edge features ēi

′. The other equations work
similarly with the corresponding update functions (ϕv and ϕu), and edge-to-global and node-to-
global aggregation functions (ρe→u and ρv→u). Example update and aggregation functions are
MLPs and summation respectively.

ēk
′ = ϕe(ēk, ¯vrk, v̄sk, ū) ēi

′ = ρe→v({ē for all edges connected to the node i})
v̄i

′ = ϕv(ēi
′, v̄i, ū) ē′ = ρe→u({ē for all edges})

ū′ = ϕu(ē′, v̄′, ū) v̄′ = ρv→u({v̄ for all nodes})
(5)
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Figure 4: The graphical representations of an input data and the output (left and right) and
the full GN block configuration (centre) presented in ref. [27]. It transforms the input graph
G = (u, V, E) into the output graph with updated features (u′, V ′, E′).
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4 Method

4.1 DFEI

The Deep-learning based Full Event Interpretation (DFEI) is a new approach to analyse the
entire event at the LHCb inclusively from the reconstructed particles with GNNs as introduced
by ref. [4]. Prospective applications are selection at the trigger system and signal reconstruction
or background rejection in offline analysis. The current trigger at the LHCb determines which
particles in an event should be retained relative to the signal particles as described in Section 2.3.
However, this requires tuned selections of several specific decay modes, which potentially limits
the search of NP as events in which undiscovered particle decays exist might be rejected due
to their unique decay topologies. The DFEI on the other hand provides an inclusive selection
of any interesting decays systematically, whilst handling the growing multiplicity of particles in
the event with the LHCb upgrades. The DFEI aims to reconstruct the hierarchical decay chains
of heavy hadrons without pre-defining individual decay channels, thus if applied, it enables the
trigger to identify clusters of particles associated with the interesting physics processes and
discard the rest of the event. This capability to learn decay topologies is also beneficial in offline
analysis where knowledge of its decay mode and assumptions such as the mass of the NP particle
are needed for reconstruction of the decay processes.

As mentioned previously, the particles of interest which are produced in pp collisions can
be observed only as the final decay products, for which lifetimes are long enough to travel
through and interact with the detector. Therefore, the available input data for the NN model
contains information of the stable particles and the task is to reconstruct the unobserved decay
hierarchy from the stable final state decay products. The DFEI deals with this complex problem
by exploiting an effective representation called the Lowest Common Ancestor (LCA), which is
first presented for phase space simulation of particle decays in ref. [28] as the LCA Generation
matrix. A LCA value is defined between a pair of the final state particles in the following
manner. If the two particles do not originate from the same decay, this means no common
ancestor particle exists and the LCA is 0. Otherwise, the LCA indicates the depth of the tree
from the common ancestor which is closest to the leaves. A decay of B0

s is shown in Figure 5 as
an example. The left tree diagram illustrates the hierarchical decay chain to be reconstructed
by the DFEI. The leaves (K−, K+, π−, and π+) can be detected and the other nodes (B0

s and
D−

s ) and the connections (dashed lines) are not visible at the detector level. In the input data,
this decay is seen as a part of an event with the nodes of the reconstructed leaves as the right
graph depicts. The LCA values as the edge labels represent the decay structure, for instance,
the LCA of π− and K+ is 1 since the common ancestor is D−

s , while that of π− and K− is
2 as the common ancestor is B0

s . The proton (p) is either a random background or produced
in another b-hadron decay (Λ0

b → Λ+
c (→ pK−π+)π−), thus the LCAs between p and the other

particles in the considered decay are 0. In practice, there are more of such particles of O(100)
in an event and graphs are larger.

With the LCA definition, the problem of learning the decay chain can turn to predicting
the LCAs of reconstructed particles. This is naturally adopted to a GNN edge classification as
the input data can be represented as a fully connected graph for each event with reconstructed
particles as the nodes and LCAs defining ground truth labels for edges in the graph. To handle
this complexity, DFEI has developed a three step GNN architecture as Figure 6 schematically
shows. Particle event data is first processed in a node pruning (NP) GNN, which employs
a binary classification of nodes coming from b-hadrons or not and aims to remove most of
the particles belonging none of the b-hadron decays. The remaining particles are the input of
the second edge pruning (EP) GNN. It further reduces the graph size by performing a binary
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classification on edges. Edges which connect particles from the same b-hadron decay are classified
as 1 and otherwise 0. The final, LCA inference (LCAI) module predicts the LCAs of edges using
a multi-class classification with LCAs of up to 3. The core layers of the GNNs are comprised
of the GN blocks (refer to Section 3.2) with independent MLPs as the update functions ϕ and
sum aggregation functions ρ. The DFEI currently only considers charged particles.

B0
s

D−
s

K− K+ π− π+

(a) decay tree

π−

π+

K−

K+

p

2

2
2

1
1

1

0
0

0

0

(b) input sub-graph

Figure 5: (a) an example b- hadron decay at the LHCb and (b) a part of an input event for the
DFEI. In (a), only the leaves (K−, K+, π−, and π+) are visible at the detector. The numbers
on the edges in (b) are the ground truth LCAs. The target of the DFEI is to reconstruct the
decay tree by representing it as the graph and performing an edge classification.
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share the same associated primary vertex or have
an opening angle smaller than a given thresh-
old. Requiring that the edge selection keeps 99%
of the connections between particles that origi-
nate from the same b-hadron decay corresponds
to choosing a threshold value for ✓ of 0.26 rad.
This requirement removes around 11% of all the
other connections. A further tuning of this param-
eter goes beyond the scope of this paper, which
privileges a loose preselection in order not to
compromise the subsequent performance of the
algorithm.

The input graph is passed subsequently
through three GNN modules, built using the
graph nets library [44]. The modules are
schematically represented on Fig. 2 and described
in the following. The input features used by each
module are specified in Table 2.
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Fig. 2: Schematic representation of an event pro-
cessing by the algorithm. Green (red) graph nodes
represent particles originated in the decay chain
of a b-hadron (from the rest of the event). The
reconstructed ancestors are represented in blue.

• Node pruning (NP). The first GNN module
has the goal of removing most of the particles
(nodes) that that have not been produced in
the decay of any b-hadron. It mostly exploits
the fact that particles produced in the decay of
a b-hadron typically have large IP and pT val-
ues. Since the main contributing factor to the

prediction of each node in this case comes from
the same node’s features, self-loop connections
are included in the graphs. The model is trained
using binary cross-entropy to predict whether
a node originates from beauty hadrons or not.
Nodes with an output score below a certain
threshold are removed from the graph.

• Edge pruning (EP). The graph in output of
the previous step still has a large number of
edges, which are further reduced by a second
GNN module. This one has the aim of remov-
ing edges between particles that don’t share the
same beauty-hadron ancestor. Amongst other
relations, this exploits the fact that particles
coming from the same b-hadron decay tend to
be closer in space and their three-momenta tend
to form a small opening angle. The model is
trained using binary cross-entropy to predict
whether an edge connects two particles that
originate from the same beauty hadron decay or
not. Edges with an output score below a certain
threshold are removed from the graph.

• Lowest common ancestor inference
(LCAI). Finally, a third GNN module takes
the output of the previous algorithm, and
aims at inferring the so-called “lowest common
ancestor” of each pair of particles (a technique
similar to the recently proposed LCA-matrix
reconstruction for the Belle II experiment [33]).
The limited coverage of the LHCb geometri-
cal acceptance and the fact that only charged
reconstructed particles are considered in this
prototype implies that a large fraction of
the decay chains can only be partially recon-
structible. To circumvent this limitation, the
target decay chains for this prototype are
not the ones output by the PYTHIA8 sim-
ulation but a “topological” version of them,
constructed from the separable decay vertices
in the decay chain. In practice, this amounts
to a transformation of the ground truth decay
chain, removing the ancestors that either cor-
respond to very-short-lived resonances or don’t
have enough charged-particle descendants to
allow the formation of a vertex. From a tech-
nical perspective, the GNN module performs
a multi-class classification on the edges, out-
putting a score associated to the “topological”
LCA relation between the two connected parti-
cles, e.g particles that share the same mother

Figure 6: Illustration of an event processed through the three GNNs of the DFEI algorithm
[4]. The background particles shown as the red nodes are largely removed in the NP GNN and
most edges which do not connect particles from the same b-hadron decay are removed in the EP
GNN. Finally, the b-hadron decays producing the particles which are represented as the green
nodes are reconstructed by the LCAI. The particles in blue are the reconstructed ancestors and
not visible in the data.

4.2 Model Architecture

The primary aim of this thesis is to extend the idea of the DFEI by developing a model capable
of the NP, EP, and LCAI in a single GNN using an improved message passing paradigm. This
new GNN is implemented in PyTorch [29] instead of TensorFlow for more flexibility in data
loading and model structures, and current prevalence in the research community. Accordingly,
the GN from ref. [27] is implemented in PyTorch as the initial step of this work.

4.2.1 Nominal GNN

The full model architecture is illustrated in Figure 7. The input node, edge and global features
are first learned independently in the encoder GNN with no message passing layer and the
outputs are passed to a sequence of multiple GN blocks. The skip connections between the
encoder and the GN blocks allow the model to preserve some features in the original graphs and
combine them with the outputs of the message passing GNN layers. Such skip connections also
prevent oversmoothing, which is when multiple message passing updates cause features of the
graph to become homogeneous. After several GNNs with message passing layers, the features of
the updated graphs are decoded to final representation via a decoder GNN, which is structurally
same as the encoder GNN. The final layer makes the predictions of LCA classes using the decoded
edge representation, followed by the CEL to learn the model parameters. The CEL function
in Pytorch (torch.nn.CrossEntropyLoss [30]) involves a log softmax within, hence no extra
softmax activation is employed in the final layer in the GNN. The update functions corresponding
to ϕ in Equation 5 in the encoder, GN blocks, decoder and final classifier are separate MLPs
with ReLU activation functions from torch geometric.nn.models [31]. The model is trained
using Adam optimizer [32], which enables the parameter learning computationally efficient for
gradient decent. This GNN is a nominal architecture for this thesis and referred as GNN(1) in
the following sections.
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4.2.2 GNN with weighted message passing

Further upgrades to the model are explored to improve the performance and the computational
speed. The NP and EP in the original DFEI algorithm can be integrated into the single GNN
by introducing learnable weights for edges and nodes in the graph, which are provided by new
functions ψe and ψv in each GN block.

The function ψe takes the updated edges ēk
′ in Equation 5 or 6 as its inputs and assigns a

single value between 0 and 1 (weight) to each edge. Similarly, ψv considers the updated nodes
(v̄i

′). The weights are then used in the aggregation of messages during message passing and
Equation 5 is modified to 6 where we and wv are the corresponding edge and node weights
computed with the functions ψe and ψv. Schematically, this weighted message passing is shown
in Figure 8. In an ideal scenario, the weights are exactly 1 if the edge is in non-zero LCA class
and the node has at least one of those edges, and 0 otherwise. Regarding the nodes in the bottom
graph of Figure 6 as an example, the model should predict the weights of 0 for the nodes in red
and the weights of 1 for the nodes in green. This can be further enforced using BCEL terms for
the weights, BCEL(ye, we) and BCEL(yv, wv), thus they would estimate the probability of each
edge being a non-zero LCA edge and the probability of each node connected to any non-zero
LCA edges. The functions ψe and ψv are parametrized with their own independent MLPs and
a final sigmoid layer in this thesis. The model is trained either with or without the BCEL
constraints, which are referred as GNN(2) and GNN(3) respectively in the later sections.

In order to predict both the LCA structure and the node and edge message passing weights
during the same gradient decent optimization, the CEL and BCEL need to be combined into a
single loss. However, the two losses can be at different orders of magnitude, which might prevent
the model learning the 4 LCA classes properly if a simple sum of the losses is taken. This is
handled by introducing a hyperparameter α, which is any positive value and scales the BCEL
terms. The total loss becomes CEL(yLCA, pLCA) + α ·BCEL(ye, we) + α ·BCEL(yv, wv) and this
joint loss is to be minimized though the training process.

ēk
′ = ϕe(ēk, ¯vrk, v̄sk, ū) ēi

′ = ρe→v({ē · we for all edges connected to the node i})
v̄i

′ = ϕv(ēi
′, v̄i, ū) ē′ = ρe→u({ē · we for all edges})

ū′ = ϕu(ē′, v̄′, ū) v̄′ = ρv→u({v̄ · wv for all nodes})
(6)

The weighted message passing does not alter the core structure of the GNN in Figure 7, but
refines the message passing in each of the GN blocks. Each single GN block predicts message
passing weights for nodes and edges with their own associated BCEL terms. As a consequence,
the total loss is naturally larger for a deeper model where the BCEL terms become the sum of
α · BCELi(ye, we) + α · BCELi(yv, wv) over all GN blocks i.

4.2.3 Extension to pruning

Ultimately a selection on the weights during inference after a given layer of the network would
allow for a pruning effect similarly to the NP and EP GNNs in the DFEI and accelerate the
computational time. Pruning of edges or/and nodes is implemented within a GN block in such
a way that entities whose predicted weights are below a given threshold are removed from the
graph. It can be activated on a GN block specified by the user during or after training and
the shrunk graphs are fed through to the remaining layers. Once pruning is applied, the input
graphs are also necessarily reduced as they are concatenated in the skip connection. Technically,
pruning edges is more straightforward than nodes as edges connected to those removed nodes
also need to be treated properly. Therefore, this thesis only examines edge pruning with node
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pruning left for future work due to time limitation. Further developments including node pruning
is discussed in Section 7.

input
G

encoder concat GN blocks decoder
output
layer

output
G′

GN concat . . .

GN blocks

concat GN

Figure 7: The full GNN architecture. The top flowchart depicts the main algorithm. The green
rectangle labelled as ”GN blocks” below is intended to show the details of the smaller green box
in the main flowchart. The dots (. . . ) implies that the number of GN blocks can vary.

edge block node block global block

u ϕu u’

ρe→u

ψv

ρv→u

V ϕv V’

ρe→v

E ϕe E’

ψe

Figure 8: Figure 4 from ref. [27] is extended to include the new functions ψ for weighted message
passing, which are represented in blue in this diagram. ψe and ψv are responsible for edge and
node weights respectively. In this thesis, they are equal sized MLPs.
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5 Training Setup

5.1 Dataset

Supervised learning requires true labels for model training. In high energy physics, simulation
is an essential part of the physics analysis, and simulated samples can provide the ground truth
of particle collision events. This work uses datasets that are produced with PYTHIA 8 [33]
and EvtGen [34], which are commonly used programs for generating pp collisions and heavy
hadron decays. The datasets contain pp collision events simulated in the expected environment
during LHCb Run 3, likewise (but not identical to) the publicly accessible datasets on [35]. Each
generated event includes at least one pp collision resulting in the production of a bb̄ pair.

For the GNN model, an input graph represents an event in the dataset and its nodes are
the reconstructed charged particles. Neutral particles such as photons and π0 are not included
in the graphs. A pair of nodes shares an edge only if they are associated to the same primary
vertex or if their opening angle is smaller than 0.26 rad. The angle requirement is chosen so that
99% of edges of which the particle pair originating from a common b-hadron decay are kept in
the dataset. Each graph has 10 node and 4 edge features as listed below and a global feature,
which is the number of nodes in the graph.

Node features

– xo, yo, zo: x, y, and z coordinates of the point from which the particle track originates

– xPV, yPV, zPV: x, y, and z coordinates of the primary vertex associated to the particle

– px, py, pz: the three-momentum of the particle

– q: the charge of the particle, limited to either positive or negative in this analysis

Edge features

– a boolean value containing information whether the particle pair shares the same associated
primary vertex

– θ: the opening angle between the three-momentum of the two particles

– d⊥O⃗: the distance between the origins of the two particles on a plane transverse to the
vector combining their three-momentum

– ∆z: the distance between the origins of the two particles in the z axis

The training and test datasets include 39488 and 9280 simulated events respectively. The
datasets are highly imbalanced and dominated by the background processes (edges with LCA=0).
On average, a given event has roughly 3700 , 5 , 15, and 3 edges with the true LCA=0, 1, 2, and
3, and 95 nodes among which around 10 nodes originate from b-hadron decays. This imbalance
of classes is accounted for by the weighting of classes in the CEL as described in Section 3.1.

5.2 Model Hyperparameters

Hyperparameters involved in a supervised learning problem fall into two categories, those specific
to the model architecture and more general parameters related to gradient decent optimization
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during the training process. The hyperparameters for this work are listed below. The GNN
model specific parameters include the sizes of the MLPs and the number of GN blocks, while
more general parameters are the learning rate, batch size, and number of epochs. As described
in Section 3.1, the size of the MLP is determined by the numbers of hidden neurons or channels
in each layer (Cmlp), of hidden layers (Lmlp), and of output neurons (Omlp). Upon inclusion
of the edge and node weight MLPs in the message passing, additional hyperparameters need
to be considered. The two MLPs are generated with another set of Cmlp, Lmlp and Omlp, and
the binary classification on the weights includes a parameter α for the BCEL term. Finally, the
threshold on the edge weights during edge pruning is given as kew ranging from 0 to 1.

Hyperparameters defining gradient decent:

– lr: Learning rate

– α: Coefficient to scale the contribution of the BCEL to the total loss

– Number of epochs

– Batch size

Hyperparameters defining the model architecture:

– Nblocks: Number of the GN blocks

– Lmlp: Number of hidden layers of each MLP in the GN blocks

– Cmlp: Number of hidden neurons (channels) in each layer of the MLPs in the GN blocks

– Omlp: Number of output neurons of each MLP in the GN blocks

– Le,v
mlp: Number of hidden layers of each MLP for the message passing weights

– Ce,v
mlp: Number of hidden neurons in each layer of the MLPs for the message passing

weights

– Oe,v
mlp: Number of output neurons of each MLP for the message passing weights

– kew: Edge pruning threshold

Through out the training presented in this thesis, the batch size is fixed to 32 and the other
hyperparameters mentioned above are adjusted to seek an optimal performance. The sizes of
the MLPs are the same within the encoder, decoder, and GN blocks but can be different in each
complete training, meaning that, for instance, once the number of layers is increased from 4 to
8, all the MPLs in the GN blocks have 8 layers instead of 4. The two MLPs for the message
passing weights share the same Cmlp, Lmlp and Omlp values, which can differ from the other
MLPs.

5.3 Hyperparameter Optimization

For hyperparameter optimization, an exhaustive search method called grid search is used. The
method generates and trains the model with all configurations of a given set of hyperparameters
and finds the optimal configuration by simply comparing the results. In this work, the grid
search aims to minimize the loss of the test dataset at the last epoch for three model setups,
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GNN(1) which has unweighted message passing, and GNN(2) and GNN(3), which involve the
weighted message passing with and without the BCEL terms. For each GNN, the architecture
is first optimized while the number of epochs and the learning rate are fixed to 20 and 0.001
respectively. When applicable, a search for optimal α follows. Then, the architecture is fixed
with the determined hyperparameters and a range of learning rates are tested. As Table 1
summarises, in the first step, 54 model configurations are considered and, next, 6 values for
the learning rate and 13 values for α are evaluated one after another. The MLPs for message
passing weights are set to have a single hidden layer with 16 neurons, which is relatively small
and constant through the aforementioned optimization searches in order to reduce the search
dimension. A wide range of α values are considered as it is fairly unique to this GNN and no
initial assumption would be favourable. After all the searches and training of the optimal model,
the value for kew is selected based on the resulting weight predictions.

Hyperparameter Values

No. of GN blocks [2, 4, 6]
Cmlp [32, 64, 128]
Lmlp [2, 4, 6]
Omlp [8, 16]
α [10, 8, 4, 2, 1, 0.8, 0.4, 0.2, 0.1, 0.08, 0.04, 0.02, 0.01]
learning rate [0.005, 0.001, 0.0005, 0.0001, 0.00005, 0.00001]

Table 1: Search for optimal hyperparameter values.

5.4 Evaluation Methods

In general, the number of hyperparameters relates to the number of learnable parameters and the
model complexity. Increasing hyperparameters, and thereby the model complexity, enables the
model to learn more complicated tasks, however, it can lead to an overfitting problem where the
model fits statistical fluctuations in the training dataset and fails to learn the general properties
of the data performing poorly on unseen datasets. On the other hand, if the values of the
hyperparameters are too low, the model may be too simple, which leads to underfitting where
the model does not fully capture the data in any dataset despite the consistent performances
for different datasets. In the terms of machine learning, overfitting describes a model with low
bias and high variance and an underfitting model is high bias and low variance.

In this thesis, the main methods to evaluate the performance of the model are loss and accu-
racy. The above argument indicates that a well trained model absent from under or overfitting
will have a low loss and high accuracy in both training and test datasets. Accuracy is calculated
for each of the LCA classes, as the total number of correctly predicted edges divided by the
true number of edges in the class. The loss is the CEL or the combination of CEL and BCEL
applied to the final outputs as defined earlier. In order to resolve overfitting problems, the CEL
on the test dataset are also monitored even though it does not affect the learning process. The
hyperparameter optimization focuses on the loss on the test dataset. As the model complexity
largely depends on the number of GN blocks, the optimization includes a range of possible values
for the GN blocks, which is helpful assess under and overfitting.

A confusion matrix is another common tool to visualise ML performance in classification
tasks. It is a matrix, where the rows and columns correspond to true and predicted classes, and
the matrix element of the i-th rows and j-th column is the number of instances belonging to the
true class i and predicted to the class j. For an imbalanced data, a confusion matrix is often
normalised over the rows for a better interpretability and each element represents the fraction
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of the predictions per target class. Its diagonal then corresponds to the accuracy.
Finally, for the model with the weighted message passing, the discrimination power of the

node and edge weights on each GN block is examined by plotting the normalized distributions
of the weights for correct and incorrect nodes and edges. This allows to inspect the effectiveness
of the BCEL applied on the weights and the model ability to discriminate the entities from
background and those of interest.
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6 Results

In this section, the results of the grid search are first presented briefly and the three different
scenarios are compared in terms of the losses and accuracies at the last epoch given numerically
in a table. For purposes of clarity and ease, short descriptions of the GNN configurations follow.

– GNN(1): The nominal GNN (with unweighted message passing)

– GNN(2): The GNN with weighted message passing using learnable weights of edges and
nodes and without constraints on the weights

– GNN(3): The GNN with weighted message passing using learnable weights of edges and
nodes and with constraints on the weights

The performance of GNN(3) using the optimized parameters are discussed in detail together
with relevant plots of various performance metrics. The plots for the other architectures can be
found in Appendix. The edge and node weights are discussed next. Finally, the impact of edge
pruning is examined for GNN(3) while taking into account the other results and the efficiency
is analysed.

6.1 Grid Search Optimization

The grid search determined the optimized hyperparameters summarised in Table 2. Interestingly,
increasing the number of GN blocks is not necessarily promising for the first two scenarios,
while employing 6 blocks, which is the maximum value for this search, seems to perform well
for GNN(3). This can indicate the possibility of overfitting when the model is made more
complex with more GN blocks but is not provided the extra information of the binary classes
of edges. Also, learning at each GN layer using true edges and nodes in GNN(3) is likely to
improve weighted message passing for the subsequent layer, thereby, the optimization resulted
in a deeper model for GNN(3).

On the other hand, the selected value of Lmlp is smallest possible value, 2 for all GNNs,
which hints that larger MLPs within the GN blocks are not always required to estimate the
appropriate functional forms.

model α learning rate Nblocks Lmlp Cmlp Omlp performance

GNN(1) N/A 0.001 4 2 128 8 A.1
GNN(2) N/A 0.0005 4 2 128 16 A.3
GNN(3) 0.04 0.0005 6 2 128 16 6.3

Table 2: Sets of optimal hyperparameters determined by the grid search.
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6.2 Comparison of different GNNs

Each of the GNNs is constructed with the corresponding optimal hyperparameters shown in
Table 2 and trained for 30 epochs. 10 more epochs than the grid search are used as experi-
ments found the CEL decreasing around epoch 20, while running 30 epochs is computationally
expensive and too time consuming for a full hyperparameter optimization. Table 3 provides a
simple comparison of the performances of the three GNNs as accuracies at the last epoch on the
training and test datasets.

For all the LCA classes on both of the datasets, GNN(3) achieves higher accuracies than
the other GNNs, with especially remarkable results for the LCA of 2. Further investigation
also confirms that GNN(1) cannot reach to the same level of accuracy even if it is trained
longer, which is motivated since A.1 indicates the accuracies are still increasing around epoch
30. Comparing to the nominal GNN, implementing weighted message passing seems to improve
the performance, especially with BCEL, it results in the best performance as shown in the
accuracies of GNN(3). In particular, GNN(3) produces 18% and 10% better accuracies for
LCA 2 and LCA 3 respectively than GNN(1). Although the improvement in LCA 0 of 3%
is small, it is still remarkable considering the fact that very large fraction of edges are LCA
0. Boosting this could ultimately lead to higher reconstruction performance as the model can
separate particles from b-decays from the rest and focus more on learning the hierarchy structure
of those interesting particles.

Looking at individual GNNs, some overfitting is concerned as some of the accuracies on the
test set are slightly lower than those on the train set. However, there are also classes for which
the test performances are better. These might indicate the trade off between different classes.
In order to reduce the variance, standard regularization techniques such as dropout and weight
penalties could be used in the future developments.

Accuracy (%)

training set test set

LCA 0 1 2 3 0 1 2 3

GNN(1) 94.7 67.9 45.3 80.3 94.7 70.0 42.9 83.0

GNN(2) 95.5 71.7 46.7 80.5 95.3 72.5 44.1 81.1

GNN(3) 97.4 76.0 53.8 85.5 97.8 77.2 51.0 84.2

Table 3: Result summary of different GNN performances as the accuracy at the last epoch.
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6.3 Loss, Accuracies and Confusion Matrix

As presented above, the grid search using GNN(3) determined the optimal hyperparameters
of {learning rate, GN blocks, Lmlp, Cmlp, Omlp} = {0.0005, 6, 2, 128, 16} and α=0.04. The
curves in Figure 9 and 10 show the CEL and accuracies on the training and test datasets over
30 epochs. A slight overfitting is seen in the loss plot from approximately 20 epochs onwards,
and in the notable differences between the training and test accuracies of the LCA 1 class. On
the other hand, the LCA 2 and 3 accuracies on the test set are still increasing at the last a
few epochs, therefore training it longer could improve the performances if the overfitting can be
addressed by regularization techniques as discussed earlier.

Figure 9: epoch vs CEL

Figure 10: epoch vs accuracies
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The trained model is used to produce normalized confusion matrices for the training and test
datasets, which are displayed in Figure 11. It should be noted that the model parameters were
updated regarding the training loss at the last epoch, therefore the performance on the training
dataset shown in the matrix is slightly different from the previous training accuracies. (It might
be considered as the training loss at epoch 31.) Comparing the two matrices, no remarkable
discrepancy is observed, which confirms that generally the model provides the consistent perfor-
mance across the different datasets. Overall, it is fairly successful with identifying edges of LCA
0, which need to be removed to have only particles originating from b-hadron decays. This is
very important for the entire reconstruction performance as discussed above. The LCA 2 class
seems the most challenging as the simple accuracy plots also indicated, and roughly half of the
entities are misclassified to either LCA 1 or 3.

(a) Training dataset (b) Test dataset

Figure 11: Confusion matrices for GNN(3) trained for 30 epochs. They are normalized over the
rows and the diagonal corresponds to the accuracies. The rows and columns represent the true
and predicted LCA classes respectively.
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6.4 Edge and Node Weights

The optimized GNN(2) and GNN(3) provide weight predictions for edges and nodes respectively
as well as the accuracies in Table 3. The weights are presented here in the form of histograms
showing their distributions at each GN block for the test samples on the last batch. Therefore,
the histograms can be understood as averaged distributions of the weights of 32 graphs on the
batch. The two colours, blue and orange, in the figures are used to denote the true binary classes
of edges and nodes as described in Section 4.2. It should be noted that the numbers of samples
belonging to each class are normalized for convenience as the class 0 contains significantly more
entities.

Figure 12 and 13 are for GNN(2), where no information about the true binary classes is
provided and the only restriction on the edge and node weights is the softmax during the training.
The MLP for the edge weights seems to differentiate the two classes in some degree, while for
the node weights, it does not have a clear discrimination except on the block 3. However, no
explanation for the behaviour of the block 3 can be inferred from those histograms.

Contrarily to GNN(2), GNN(3) involves the BCEL to constrain the weights in message
passing, and thus performs a binary classification of edges and nodes in each GN block. This
attempt is obviously successful as seen on both edge and node weights in Figure 14 and 15.
Looking at them in more detail, notably more class 0 edges are predicted to be 0 than class 1
edges although non negligible amount of class 1 edges are also given to be or close to 0 for the
first two blocks. The discrimination seems improved for deeper blocks. This is likely because
the model learns more meaningful representations of the nodes, edges and graph as a whole
through subsequent GN blocks. The improving discrimination sensitivity can be used to boost
the pruning effects with increasing degrees of severity after each GN block is possible.
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(a) block 1 (b) block 2

(c) block 3 (d) block 4

Figure 12: Normalised distribution of edge weights on each GN block in GNN(2).
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(a) block 1 (b) block 2

(c) block 3 (d) block 4

Figure 13: Normalised distribution of node weights on each GN block in GNN(2)
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(a) block 1 (b) block 2

(c) block 3 (d) block 4

(e) block 5 (f) block 6

Figure 14: Normalised distribution of edge weights on each GN block in GNN(3).
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(a) block 1 (b) block 2

(c) block 3 (d) block 4

(e) block 5 (f) block 6

Figure 15: Normalised distribution of node weights on each GN block in GNN(3)
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6.5 Edge pruning

In order to ensure that the performance is not greatly lowered by pruning, the model needs to
make sufficient predictions on the weights. As seen in Figure 14, the binary classification is not
efficient in first a few GN blocks, therefore, pruning should be activated only in the later blocks.
Here presents performance of edges pruning in the 4th GN block using the trained GNN(3) and
the test dataset.

As a result of pruning, on average over 90% of edges are excluded, which is a huge reduction
of the data size. Table 4 shows the performance of pruning with the previous results. The pruned
edges are still accounted for in the accuracy calculation and are assumed to be predicted as LCA
0, otherwise, the accuracy of the LCA 0 class would be lower since only LCA 0 edges that are
difficult to be separated from the edges of the other classes remain after pruning. The table
shows that pruning does not significantly affect the performance in terms of the accuracies.
A simple timing comparison determined the computational time is about 108% faster with
pruning in testing. Although the time is not dramatically reduced, the consistent accuracies
imply this approach is promising and further studies are desired. In particular, further speed
up is expected through applying pruning on nodes as well as edges through earlier GN blocks
at possibly a tighter threshold. It is equally possible to prune nodes and their associated edges,
however due to time restrictions this is left for future work.

Accuracy (%)

no pruning with edge pruning

LCA 0 1 2 3 0 1 2 3

GNN(3) 97.8 77.2 51.0 84.2 97.8 77.3 51.0 84.1

Table 4: Comparison of the accuracies between GNN(3) with and without edge pruning on the
test dataset.
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7 Conclusion and Outlook

This thesis presents a GNN model as an extension of the DFEI algorithm in the context of
b-hadron decay hierarchy reconstruction at the LHCb experiment. The key idea of the GNN
architecture and target definition for classification, Lowest Common Ancestor (LCA), in the
DFEI are inherited to this work. Additionally, the new concept of learnable weights of edges
and nodes is studied in order to implement the node pruning and edge pruning GNNs in the DFEI
into the single GNN. Three scenarios of GNN are studied, a standard message passing GNN
equivalent to that of the DFEI, a weighted message passing with learnable weights and weighted
message passing with intermediate binary targets for weights using a binary cross entropy loss.
For each scenario, the hyperparameters of the GNN are optimized with the grid search method.
In general, the weighted message passing improves the performance of the model, however, the
most significant increase of performance is seen when this is coupled with intermediate targets
for the weights. While the message passing weights with no intermediate targets shows some
discrimination between class 0 and class 1 edges (or nodes), only using intermediate targets
gives an effective discrimination power for the two classes. Furthermore, the first attempt to
apply edge pruning based on the predicted edge weights is presented in this thesis and the result
confirms its functionality as it leads to no remarkable decrease in the accuracies. However,
further studies including implementation of node pruning are required to conclude the usability.

Due to time constraints, there are several rooms for improvement left for future work in
addition to the aforementioned implementation of node pruning. Further improvements in the
model’s performance are expected by increasing the number of training samples or providing
more features in each event. For instance, if information of particle identification is included
to each node, it can help the model as some decay topologies are restricted to particular final
states. Besides, adding neutral particles in consideration is interesting as discussed in ref. [4] for
the DFEI as well, but it is certainly more challenging due to growth in possible decay modes.
Regarding the pruning function, there are various direction to test and refine its effectiveness.
To start with, a range of the thresholds on the weights should be tested and optimized in terms
of the accuracies and computational time. Other selection methods can be considered, such as
a topk function, which extracts k largest elements of the given set.

Regardless of the need for continuing studies, overall, the thesis already demonstrates the
weighted message passing GNN achieves an improved LCA reconstruction accuracy and poten-
tial inference speed up given the possibility of pruning edges and nodes in the graphs. The
developments could eventually contribute to the trigger systems or various physics analysis at
the LHCb.
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A GNN performances

A.1 GNN(1)

The grid search for GNN(1) determines the optimal hyperparameters of {learning rate, GN
blocks, Lmlp, Cmlp, Omlp} = {0.001, 4, 2, 128, 8}. The model with those values is trained for
30 epochs and the performance is shown below as the plots of the CEL and accuracy.

Figure 16: epoch vs CEL

Figure 17: epoch vs accuracies
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A.2 GNN(1) for longer training

GNN(1) with the same hyperparameters as above is trained for 60 epochs to investigate if the
performance improves. The test loss seems to reach a plateau at epoch 40 or earlier and no
dramatic improvement in the accuracies is achieved compared to the previous result of epoch
30.

Figure 18: epoch vs CEL

Figure 19: epoch vs accuracies

32



GNN performances Azusa Uzuki

A.3 GNN(2)

The grid search for GNN(2) determines the optimal hyperparameters of {learning rate, GN
blocks, Lmlp, Cmlp, Omlp} = {0.0005, 4, 2, 128, 16}. The model with those values is trained for
30 epochs and the performance is shown below as the plots of the loss and accuracy.

Figure 20: epoch vs CEL

Figure 21: epoch vs accuracies
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