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Abstract. Asynchronous event-based graph neural networks (AEGNNs)
have recently emerged as an efficient paradigm for processing sparse
and high-temporal-resolution data from neuromorphic cameras. Here,
we propose quantum analog AEGNNs (QA-AEGNNs), a novel frame-
work to implement AEGNNs on neutral-atom quantum computers. The
streaming event data, produced by a neuromorphic camera, is mapped
to an array of trapped neutral atoms. Each atom represents a graph
node (event), and is positioned such that geometric proximity reflects
the spatio-temporal neighborhood of events. The native Rydberg Hamil-
tonian of the quantum processor is programmed to mirror the message-
passing computations of the AEGNN, with atomic qubit states serving
as node feature embeddings and inter-atom interactions realizing graph
edges. Overall, QA-AEGNNs leverage the continuous Hamiltonian dy-
namics of neutral-atom quantum systems to natively execute event-based
graph computations with potential accuracy improvements over classical
methods.
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1 Introduction

Event-based cameras asynchronously detect per-pixel brightness changes with
microsecond temporal resolution and low power consumption, generating sparse
streams of events that each encode a spatial location, a timestamp, and a polarity
(see Fig. 1) [1]. This neuromorphic, i.e., brain-inspired, operation is attractive
for high-speed tracking and robotics, but its sparsity and asynchrony pose a
substantial challenge for traditional processing architectures, which are designed
for dense, synchronous data [2, 3].

Asynchronous event-based graph neural networks (AEGNNs) address this
challenge by representing the event stream as a dynamic spatio-temporal graph
evolving frame-by-frame [4]. As seen in Fig. 1(a), each event produced within a
sliding window becomes a node in a three-dimensional graph, using the event’s
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space-time coordinates Xi = (xi, yi, ti) as its location and its direction of inten-
sity change, i.e., polarity, pi ∈ {+1,−1} as its feature, with an edge connecting
two nodes that are close in space and time. A message-passing graph neural
network (MP-GNN) propagates information across the graph [5]. Finally, the
features extracted by the MP-GNN are fed to a predictive model.

Quantum device(b)

(a)

Fig. 1: (a) An event-driven sensor pro-
duces a stream of events. (b) In the pro-
posed QA-AEGNN, events are mapped
to atoms within a neutral-atom quan-
tum computer.

MP-GNNs are known to be lim-
ited in terms of expressivity, suffer-
ing from limitations such as over-
squashing and over-smoothing [6,
7]. Quantum graph neural networks
(QGNNs) are potentially more ex-
pressive than MP-GNNs, as the quan-
tum dynamics implement the direct
mixing of information beyond local
neighborhoods [8, 9]. Neutral-atom
processors offer an ideal substrate for
the implementation of QGNNs [10].

The atomic geometry in a neu-
tral atom computer can be rear-
ranged via optical tweezers, while a
programmable Rydberg Hamiltonian
governs the evolution of the system
via a global laser drive, local detunings, and distance-dependent van der Waals
interactions [11]. The ability to rearrange the atomic topology is key for effi-
cient graph processing, as placing atoms so that their physical distances mirror
the desired connectivity allows for a natural graph embedding into the quantum
hardware.

This work introduces quantum analog AEGNN (QA-AEGNN), which maps
event streams onto a neutral-atom array and programs the native Rydberg
Hamiltonian to leverage the continuous quantum dynamics to natively perform
event-based graph processing.

2 Quantum Analog Asynchronous Event-based Graph
Neural Network (QA-AEGNN)

QA-AEGNN slides a window across the event stream. For each window, the
model carries out three steps, mirroring the computation of AEGNN [4].

1. Event quantum embedding: Each event inside a time frame is assigned
a separate atom. The atomic coordinates are chosen via either a direct 3D
coordinate mapping or a 2D linear projection, so that atoms that correspond
to neighboring nodes sit within the Rydberg blockade radius. The binary
polarity can be encoded either into the initial state of the atom or into the
local detuning coefficients [12].
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2. Quantum graph processing: The quantum system evolves under the Ry-
dberg Hamiltonian for a tunable duration. The global laser drive, together
with the detuning terms, provides a way to mix information between states,
while the van der Waals interaction component couples adjacent nodes, repli-
cating the aggregate function in AEGNN.

3. Node embedding readout: To extract features, atoms are measured in
the computational basis. The resulting features are postprocessed, and then
passed to a classical classifier, such as a support vector machine. To yield a
final decision, a majority rule strategy is applied over previously observed
windows.

3 Experiments
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Fig. 2: Evolution of median test accu-
racy on the synthetic graph classifica-
tion task [9], comparing AEGNN and
QA-AEGNN on different noise models.

We evaluate QA-AEGNN against the
classical AEGNN [4], deployed with
the same number of parameters, on
the synthetic graph classification task
described in [9]. The graphs to be dis-
tinguished are subgraphs of a 2D tri-
angular lattice, and are generated by
random walks over discrete time that
preferentially follow either a honey-
comb or a kagome template, with a
weight w controlling how strictly each
walk adheres to its class template. A
larger weight w yields harder prob-
lems. We set weight w = 0.1 and we
run 50 trials, each with 200 graphs
of N = 100 events (80% training, 20% test). Two noise models are consid-
ered: state-preparation-and-measurement (SPAM) model with a false-positive
rate ϵp = 0.025 and a false-negative rate ϵn = 0.1, as well as a quantum
noise model, with relaxation and dephasing times with 1/T1 = 0.01 µs−1 and
1/T2 = 0.22 µs−1, on top of the SPAM errors.

As illustrated in Fig. 2, QA-AEGNN maintains substantially higher test ac-
curacy than the classical AEGNN across all noise conditions. The SPAM-only
model essentially matches the noiseless model, and even with added relaxation
and dephasing the accuracy degrades only modestly while still clearly exceed-
ing the classical baseline. Finally, the accuracy gap between the quantum-noise
model and the noiseless model stays roughly stable across windows, indicating
an advantage even in the presence of realistic noise conditions. The robustness is
partly attributable to the majority-rule aggregation over windows, which dilutes
the effect of per-window noise. More analysis on different datasets, encoding
schemes, and different noise settings can be found in [13].
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