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Abstract

We address the task of reconstructing unknown hierarchical structures from un-
ordered sets of observations. To this end, we propose a hierarchical graph neural
network that assembles such structures without relying on any topological priors.
The model operates in stages: it first identifies low-level components and then
infers higher-level assemblies. It also supports simultaneous set-level classification.
Evaluated on a challenging particle physics benchmark, our method is the first in
the field to be fully topology-agnostic, yet it matches the efficiency and achieves
higher reconstruction purity than models constrained by predefined topologies.

1 Introduction

Solving inverse problems is a central challenge in high-energy physics. At the Large Hadron
Collider [1], particle collisions produce unstable fundamental particles that decay almost instantly
into secondary particles, which are captured by the detectors. To interpret the recorded data, an event
reconstruction process consisting of two main stages is implemented: a low-level stage that infers
final, stable particles from the raw detector response, followed by a high-level stage that reconstructs
the initial unstable particles from these newly-formed objects.

While the low-level stage is itself a significant inverse problem where a variety of deep learning
techniques have been successfully applied [2, 3, 4, 5], this report focuses on the subsequent high-level
stage of reconstruction. As the number of unstable particles in an event increases, the combinatorial
complexity of correctly assigning their decay products grows rapidly, rendering classical algorithms
computationally intractable [6, 7, 8, 9, 10, 11]. Modern machine learning methods have been
developed to tackle this combinatorial task, but most existing approaches hard-code a fixed, expected
event topology into their architecture [6, 7, 12]. This reliance on a known structure, while effective in
specific cases, fundamentally limits their generalizability to realistic scenarios where decay topologies
may be partially observed, variable, or entirely unknown.

In this work, we propose a topology-agnostic approach based on a hierarchical graph neural network
that learns to reconstruct decay chains without relying on predefined topologies. We demonstrate our
model on a well-defined benchmark, the complex tt̄H process. This process involves the decay of top
quarks to W -bosons and b-quarks; the W -bosons in turn decay either leptonically to a lepton and an
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undetectable neutrino (W → lν) or hadronically to a pair of quarks (W → qq′); and the Higgs boson
decays to a pair of b-quarks (H → bb̄). All quarks form jets during their decays, which are observed
as cone-like objects. Crucially, and in contrast to other works, our approach does not require this
specific decay process to be defined in advance. In that sense, our model is truly topology-agnostic. It
is guided only by the typically underlying structure of sequential two-body decays, offering a flexible
and scalable framework for event reconstruction in realistic scenarios where decay topologies are not
known in advance.

2 Related Work

Deep learning approaches to event reconstruction in particle physics have largely been built on Graph
Neural Networks (GNNs) and Transformer architectures. These models are well-suited to the task,
as they naturally accommodate the permutation-invariant nature of particle sets and capture their
underlying relational structure.

Graph-based models, such as HyPER [12] and Topograph [6], formulate event reconstruction as a
graph-learning task where particles are nodes and the decay chain is inferred through learned edges.
Despite differing in their methods for constructing hierarchical structures, both models are tailored to
specific, fixed event topologies (e.g., top quark decay), which are hard-coded into their architectures
and training objectives.

Transformer-based models, such as SPANet [7, 8, 13, 14], treat reconstruction as a set-assignment
problem. They employ a symmetry-preserving attention mechanism to partition the input particles
into groups, each corresponding to a parent particle. While the model architecture is flexible in
principle, it still requires prior knowledge of the event topology, specifically the number and type of
parent particles to reconstruct.

Hierarchical Graph Neural Networks are a natural fit for our task, reflecting the inherently
hierarchical structure of particle decays. However, adapting standard approaches [15, 16] is non-
trivial, as they typically generate coarse-grained graph representations via unsupervised or predefined
pooling. In event reconstruction, by contrast, intermediate hierarchy levels correspond to physically
meaningful particles (e.g., W or Higgs bosons), necessitating a supervised, object-centric construction
of the hierarchy.

3 Model and Training

We propose TIGER (Topology-Independent Graph-based Event Reconstruction), a hierarchical graph
neural network that dynamically assembles decay chains in two stages, guided solely by the physical

Figure 1: Overview of the hierarchical graph neural network architecture. The input set of
objects is first encoded using a Transformer, followed by an auxiliary classification applied to the
updated representations. Hierarchical reconstruction proceeds in two stages: in the first, edges in
the fully connected graph corresponding to low-level components are identified; high-scoring pairs
are promoted to meta-nodes. In the second stage, these meta-nodes are paired with original object
nodes to form higher-level structures. Connections between meta-nodes and their own constituents
are forbidden. An optional pooling step produces a global representation for event-level classification.
Shaded bubbles indicate the ground-truth assignments.
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principle of sequential two-body decays. The architecture supports simultaneous event reconstruction
and classification. An overview is shown in Figure 1.

Encoding The model takes as input an unordered set of objects, primarily jets (collimated sprays of
particles), leptons (e.g. electrons), and missing energy (indicating undetectable particles), treating
them as nodes in a graph. The kinematic properties of jets and leptons are described by their
momentum, direction, and mass, along with binary tags identifying the lepton type or whether a jet is
a b-jet. Missing energy is characterised by its magnitude and direction. Each object is embedded into
the same vector space using class-specific multilayer perceptrons (MLPs). A Diffusion Transformer
(DiT) [17] then updates each object’s representation based on the other objects in the event.

Auxiliary task To enhance the discriminative power of the representations, we include an auxiliary
classification task that predicts the likely parent particle for each object based on its final embedding.

Hierarchical reconstruction The core of our method is a two-stage, bottom-up assembly process. In
the first stage, a fully connected graph is constructed over all encoded objects, and a multi-class edge
classification is performed to identify candidate intermediate particles (e.g., W and Higgs bosons).
The resulting edge probabilities define potential pairings, which are instantiated as new meta-nodes.
In the second stage, a separate DiT updates the representations of both the original object nodes and
the meta-nodes, enabling information exchange. A bipartite graph is then formed between these
two sets, and a final edge classification step predicts higher-level combinations–e.g., matching a W
meta-node with a jet to form a top quark. To prevent error propagation and ensure training stability,
our method diverges from classical hierarchical approaches. We explicitly retain all original nodes in
the second stage, including those incorporated into meta-nodes.

Event classification To distinguish between signal and background events, the architecture performs
event-level classification by pooling the final representations of all nodes and meta-nodes into a
global event embedding, which is passed to a binary classifier.

The model is trained end-to-end with the loss being a weighted sum of the cross-entropy losses from
the two stages of the hierarchical graph-learning Lstage {1,2}, the auxiliary task following the encoding
step Laux, and the event-level classification Levent with weights λ{1,2}.

L = (1− 0.5α)Lstage 1 + 0.5αLstage 2 + λ1Laux + λ2Levent (1)

The weights were optimised for each training to ensure all components contribute equally. For the
pure tt̄H trainings we chose λ1 = λ2 = 1/50 and for the combined dataset we changed λ2 = 1.
The weight α is an epoch-dependent function ranging from 0 to 1: at the beginning of training, the
network emphasises the first stage of graph learning for stability, and the contribution of the two
stages is gradually balanced such that α = 1 is reached at epoch 40. The network has a total of 1.1
million parameters, and all training was performed on a single NVIDIA RTX A6000 GPU. Each
network was trained for 500 epochs, taking around 30 hours.

For inference, a greedy algorithm converts the network’s probabilistic outputs into a concrete hierar-
chical structure. It iterates through candidate low-level components (e.g., W /Higgs bosons), sorted
by their probabilities, and accepts those above a threshold whose constituent objects have not already
been used. This bottom-up assembly process naturally avoids double-counting and, importantly, does
not require a fixed number of target objects, making the method flexible and robust to variable or
incomplete event topologies.

4 Experiments and Results

We evaluate our model on the simulated, public tt̄H dataset from [13]. The ground-truth process,
which was introduced earlier, is specified in this dataset such that one top quark (th) decays via a
hadronic W -boson and the other (tl) via a leptonic one, while the Higgs boson produces two b-jets.
Reconstruction is challenging due to the presence of up to 12 extra jets from unrelated collision
fragments and the frequent absence of one or more components from the final decay products, in
which case the target particle is marked as unreconstructable.

For our second study on event-level classification, we introduce the dominant tt̄+ bb background
process, which produces the same set of final objects but without the presence of a Higgs boson.

3



Performance is measured by the reconstruction efficiency, defined as the fraction of correctly re-
constructed objects out of all reconstructable objects in the ground truth, and purity, the fraction of
correctly reconstructed objects out of all predicted objects. Metrics are computed for each particle
type separately as well as at the event level, where only events with all three unstable particles
being reconstructed are considered. For a fair baseline comparison, the probability threshold in our
inference algorithm is tuned to match the overall Higgs efficiency reported by SPANet.

The reconstruction results in Table 1 show that TIGER achieves comparable efficiency to SPANet,
with a slight drop for th and full-event reconstruction, but substantially higher purity–reaching
improvements of 5-12% for hadronic top quarks and Higgs bosons. The largest gain occurs for
6-jet events, where event-level purity more than doubles. This improvement arises from TIGER’s

Table 1: Efficiency and purity comparison for tt̄H events. TIGER and the SPANet baseline are
evaluated across varying jet multiplicities. Reconstruction targets include the full event (tt̄H),
hadronic top (th), leptonic top (tl), and Higgs boson (H). SPANet values were taken from [13].
Underlined entries indicate efficiencies at which TIGER was aligned with SPANet for a fair purity
comparison. Higher purity performance is indicated in bold.

SPANet Eff. [%] TIGER Eff. [%] SPANet Pur. [%] TIGER Pur. [%]
tt̄H th tl H tt̄H th tl H tt̄H th tl H tt̄H th tl H

6 j 54 54 69 50 50 51 70 51 15 24 63 38 32 35 64 50
7 j 42 48 68 49 39 46 69 48 16 26 63 38 27 34 64 47

≥8 j 33 42 68 47 30 40 67 45 14 26 63 37 22 31 62 42
All 45 49 69 49 40 46 69 49 15 25 63 38 27 34 64 47

topology-agnostic design, which avoids forcing a complete tt̄H reconstruction on events with missing
components.

Finally, we evaluate TIGER for event-level classification by training end-to-end on the combined tt̄H
and tt̄+ bb dataset. SPANet is tested both on a fine-tuned classifier on a pretrained SPANet backbone
and in an end-to-end configuration. As shown in Figure 2, TIGER (AUC = 0.780) outperforms both
the pretrained (AUC = 0.744) and fine-tuned (AUC = 0.771) SPANet models.

5 Conclusions and Outlook

In this work, we introduced TIGER, a topology-agnostic framework for event reconstruction. Its
hierarchical graph architecture is motivated by the sequential nature of particle decays but does not
rely on any predefined topology as an architectural prior or explicit input. This removes strong

Figure 2: ROC curves comparing TIGER to two SPANet baselines on the event-level classification
task of distinguishing signal from background events.
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structural assumptions, making the learning problem more challenging but resulting in a more flexible
and broadly applicable framework for realistic physics analyses.

On a challenging semileptonic tt̄H benchmark, TIGER achieves reconstruction efficiencies com-
parable to the baseline while delivering substantially higher purity. This gain stems directly from
its topology-agnostic design, which avoids the bias of enforcing complete event reconstructions
even when parts of the decay chain are missing. In addition, the architecture naturally supports
event-level classification, outperforming a fine-tuned baseline in a signal-versus-background task
without requiring multi-stage training.

These results establish TIGER as a versatile tool for event reconstruction at the LHC. The approach
can be extended to analyses involving multiple signal and background topologies in parallel. For
example, a single TIGER model could target rare Higgs decays like H → cc̄ [18, 19], or Di-
Higgs searches [20] while simultaneously handling a wide range of competing backgrounds. Such
capabilities point toward the long-term goal of a unified, general-purpose model for physics analyses
at the LHC.

Code and data availability

The data was taken from https://mlphysics.ics.uci.edu/data/2023_spanet/. The code is
publicly available at https://github.com/nathaliesoy/tiger.
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