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“The key conceptual point we have grasped is that we can fight
entanglement with entanglement.”

- John Preskill, Reliable Quantum Computers (1998)
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Alessio Cicero

Department of Computer Science and Engineering
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Abstract

Quantum computing may solve selected classes of problems more efficiently
than classical computers, with applications in areas such as cryptography,
chemistry, and optimization. However, current quantum systems remain lim-
ited in scale and reliability and depend on substantial classical-computing
support. This thesis investigates this challenge in two complementary contexts:
classical simulation, where efficient computation enables the exploration of
larger quantum systems; and quantum error correction, where efficient real-time
decoding enables more reliable quantum operation.

The first part examines the classical simulation of quantum computers,
focusing on the computational and memory challenges that limit its scalability.
It organizes the field across device, gate, and algorithmic levels, with particular
attention to state-vector, path-based, hybrid, and tensor-based methods. The
survey relates their computation, memory, data-movement, and communication
bottlenecks to acceleration approaches for CPUs, GPUs, FPGAs, and distrib-
uted systems. It further highlights recurring optimization strategies, including
reduced precision, data compression, parallel execution, improved memory local-
ity, specialized matrix units, and reconfigurable hardware, providing a common
framework for current techniques and future acceleration opportunities.

The second part addresses the real-time classical processing required for
quantum error correction. Starting from a high-accuracy Graph Neural Network
surface-code decoder, it applies algorithm-hardware co-design through hardware-
guided pruning and retraining, input-graph filtering, quantization, and a custom
FPGA architecture. For code distances up to d = 7, the resulting designs
satisfy both max-latency and average-latency decoding requirements while
reducing the logical error rate by 13% and 40%, respectively, compared with
the evaluated Minimum Weight Perfect Matching baseline.

Together, these works show how classical computer-architecture techniques
can support quantum computing from scalable exploration through simulation
to reliable operation through real-time error correction.
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quantum computing, acceleration, quantum error correction, quantum com-
puters simulation
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Thesis Overview
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1 Introduction

Quantum computing is a promising emerging computing paradigm that ex-
ploits quantum-mechanical effects to process information. Its fundamental
computational element is the quantum bit, or qubit. Whereas a classical bit
takes one of the two values 0 or 1, a qubit can be in a linear combination of
the two basis states:

|ψ⟩ = α|0⟩+ β|1⟩, |α|2 + |β|2 = 1, (1)

where α and β are probability amplitudes. This property, known as superposi-
tion, allows a qubit to represent a combination of 0 and 1, while entanglement
introduces correlations between qubits such that the state of the system must
be described jointly rather than as a set of independent qubit states. When a
qubit is measured in a basis called the computational basis, its state collapses
to either 0 or 1, with probabilities determined by the corresponding probability
amplitudes. Quantum computation is expressed as a circuit, where quantum
gates act on one or more qubits to transform their state, and measurements
convert the final quantum state into classical output [1].

By combining superposition, entanglement, interference, and measurement,
quantum algorithms may solve selected classes of problems more efficiently than
known classical approaches. Representative examples include Shor’s algorithm
for integer factorization [2], and Grover’s algorithm for unstructured search [3].
The latter provides a quadratic reduction in the number of required search
operations (Figure 1). Quantum algorithms are also being investigated for mod-
elling naturally occurring quantum-mechanical systems, including applications
in quantum chemistry [4], the development of new chemical compounds [5],
and the evaluation of material properties [6]. Other approaches [7] target
selected optimization problems (including variational quantum algorithms).
More broadly, quantum speed-up is expected for specific problem classes where
suitable quantum algorithms can exploit the structure of the computation.

The development of quantum computing remains in its early stages. Cur-
rent machines have limited numbers of usable qubits, while noise, imperfect
operations, measurement errors, and short qubit lifetimes restrict the depth of
the quantum circuits that can be executed reliably. The size of an executable
circuit is constrained both by the number of available qubits and by the number
of operations that can be completed before accumulated errors make the result
unreliable [1], [8]. These limitations currently prevent many promising quantum
algorithms from being executed at the scale and fidelity required for practical
advantage [8], [9]. A quantum computer therefore depends on substantial
classical-computing support.

First, this thesis studies how to improve the scalability of simulation of
quantum computers, connecting the bottlenecks of different simulation methods
with acceleration opportunities across CPUs, GPUs, FPGAs, and distributed
systems. Second, it studies how specialized classical hardware can support reli-
able quantum operation, developing an algorithm-hardware co-designed FPGA
accelerator that enables a high-accuracy GNN surface-code decoder to meet
real-time quantum error-correction requirements. Before examining classical
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simulation and quantum error correction, the following section introduces the
main components of a quantum computing system and briefly describes the
role of each.

Figure 1: Example of a two-qubit quantum circuit implementing Grover’s search
algorithm. The horizontal lines represent qubits, the boxes and connected
symbols represent quantum gates applied over time from left to right, and the
final measurements read the qubit states and store them in classical bits [10].

2 Quantum Computer Stack

A quantum computer is a heterogeneous system that combines the quantum
chip with several classical components that support its operation. The classical
system prepares the quantum program, translates it into hardware-supported
operations, generates the signals that control the qubits, and processes the res-
ulting measurements [9], [11]. Communication proceeds in two main directions.
Along the control path, commands move from the classical host computer,
which manages the quantum program and its execution, through the control
electronics toward the quantum chip. Along the measurement path, analog
signals produced by the chip are converted into digital values and returned
to the classical system. Figure 2 presents a simplified view of this organiza-
tion. In this figure, the controller represents several components that may be
implemented separately, including pulse-generation hardware, data converters,
readout logic, and classical feedback processing.

Quantum chips can be implemented using several technologies [12], [13], [14],
[15], [16], with superconducting circuits and neutral atoms being among the
most widely adopted. Although the implementation of individual components
varies across technologies, their high-level system organization is broadly similar.
This thesis focuses on superconducting quantum computers.

Superconducting quantum computers typically have constrained qubit con-
nectivity, so a circuit may require additional routing operations, such as SWAP
gates, when two interacting circuit qubits are mapped to physical qubits that
cannot interact directly. The compiler may also consider differences in physical-
qubit error rates, gate fidelities, readout errors, and calibration data when
selecting a mapping. Finally, the compiler schedules the resulting operations
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while respecting circuit dependencies and hardware timing constraints. The
quality of this compilation directly affects the circuit depth, the number of
additional operations, and the reliability of the final result.

Figure 2: The host computer sends a quantum program to the controller, which
drives the quantum chip with precise control pulses. The outputs of the chip
are measured, and the error syndromes are computed from the observed errors.
The controller may apply corrections based on those results [17].

The host computer provides the quantum program and manages its exe-
cution by initializing experiments, configuring their parameters, submitting
circuits for execution, coordinating repeated executions, and collecting the
resulting measurements. Before the program can be executed, a compiler trans-
lates the quantum algorithm into a circuit supported by the target hardware.
This process includes decomposing operations into the native gate set and
mapping the circuit qubits to the available physical qubits [9], [18]. Unlike an
abstract circuit model, the compiler must account for hardware characteristics
such as the native gate set, qubit connectivity, operation fidelities, and timing
constraints.

The compiled operations are sent to the quantum controller, which translates
them into commands for the pulse-generation hardware. In superconducting
systems, qubits are controlled using radio-frequency signals rather than the
digital voltage levels used by conventional logic. Each gate corresponds to
one or more carefully configured control pulses. Pulse-generation hardware
determines properties such as the pulse shape, frequency, amplitude, phase,
and timing, according to the target operation and the current calibration of the
device. Precise timing is necessary both to execute gates in the intended order
and to coordinate operations that can run in parallel. The control pulses are
initially represented digitally, for example as waveform samples or parameters
used to generate a waveform. A Digital-to-Analog Converter (DAC) converts
this digital representation into the analog signals applied to the quantum chip.
Pulse generation and digital-to-analog conversion therefore form the interface
between the discrete operations produced by the compiler and the physical
signals used to manipulate the qubits.

The quantum chip contains the physical qubits together with the connections
or couplers that allow them to interact. Single-qubit and multi-qubit gates are
executed by applying the corresponding control pulses to the qubits and couplers.
The native gate set and the physical connectivity of the chip determine which
operations can be executed directly and which require additional compilation
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and routing. These architectural constraints make the organization of the chip
visible to the compiler, even when the original quantum algorithm is expressed
independently of a particular device.

The duration and reliability of an execution are also limited by physical
properties of the qubits. In particular, coherence time determines how long
quantum information can be preserved [1], [19], while gate and measurement
fidelities describe the reliability of the operations [20], [21]. A circuit must
therefore complete before decoherence and accumulated operation errors make
its output unreliable. Superconducting chips are typically operated at temper-
atures close to absolute zero, introducing further system constraints on the
wiring and communication between the chip and the classical electronics.

The state of the qubits is measured at selected points during the circuit or
at the end of its execution. Measurement produces analog signals that must be
converted into classical information. These signals are first acquired through
the measurement electronics and sampled using an Analog-to-Digital Converter
(ADC). The resulting digital values are then processed by the readout system,
which discriminates between the possible measurement outcomes, typically
corresponding to the computational-basis states 0 and 1 defined in Equation 1.
This classification is non-trivial because the measured signals are affected
by noise, imperfect amplification, calibration drift, and overlap between the
distributions associated with different states [21], [22]. The readout system
therefore performs signal processing and classification before forwarding the
measurement outcomes to the host or to other classical components. The
ADC and readout logic form the return path from the analog behavior of the
quantum chip to the digital representation used by the classical system.

In the case of quantum-error-corrected circuits, syndrome measurements
are generated continuously, requiring a low-latency feedback path in which
the controller processes measurement results at a rate that keeps pace with
syndrome generation and uses them to determine subsequent actions. Instead
of directly measuring the encoded quantum information, a quantum error
correction (QEC) protocol repeatedly performs auxiliary measurements that
reveal information about possible physical errors. For the surface-code approach
considered in this thesis, changes in these measurements form error syndromes,
which are processed by a decoder. The decoder identifies a likely set of errors
and determines the corresponding correction or Pauli-frame update. QEC
decoding is therefore part of the operational feedback loop rather than an
offline analysis step. Its codes, decoding algorithms, and timing requirements
are introduced in detail later in this thesis.

Within this stack, classical computation consequently supports quantum
computing in several roles across the quantum stack. This thesis focuses on
two of them.

The first is development, evaluation, and testing through classical simulation.
Simulators reproduce the behavior of quantum devices, gates, or complete
circuits without requiring execution on the physical machine. At the algorithmic
level, computation and memory requirements can grow exponentially with
the number of simulated qubits, depending on the simulation method and
circuit structure, while memory bandwidth and data movement become major
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architectural bottlenecks.
The second is classical processing during quantum-computer operation, par-

ticularly through quantum error correction. In this setting, the classical system
processes a continuous stream of measurements and must return decoding
decisions under strict latency or throughput constraints.

Classical simulation is therefore primarily a scalability-intensive workload,
whereas QEC decoding additionally introduces real-time execution requirements.
The following section examines the first of these roles by introducing classical
quantum-computer simulation and the architectural challenges that limit its
scalability.

3 Classical simulation of quantum computers

Classical simulation is an important tool for developing and evaluating quantum
algorithms and quantum-computing systems. It supports algorithm develop-
ment, testing and validation, compiler development, circuit analysis, and
hardware and design-space exploration [8]. This role is particularly important
while physical quantum computers remain limited in scale, reliability, and avail-
ability. Simulators also provide repeatability and visibility that are difficult
to obtain from physical hardware: the same circuit can be executed under
controlled conditions, intermediate states can be inspected, and alternative
noise models, qubit mappings, or hardware assumptions can be compared. Sim-
ulation will therefore remain useful as quantum hardware improves, particularly
for debugging, validation, and the exploration of algorithms and architectures
before deployment.

3.1 Simulations taxonomy

The appropriate simulation method depends on the component being studied
and on the required physical detail. Paper I organizes quantum-computer
simulation into three abstraction levels: device, gate, and algorithmic level [8].

Device-level simulation models materials, geometry, and physical implement-
ation of qubits, including electromagnetic, thermal, and mechanical effects.

Gate-level simulation focuses on a small number of qubits and couplers,
often modelling their time evolution under control pulses to study energy levels,
interactions, and pulse parameters.

Algorithmic-level simulation treats quantum gates as mathematical trans-
formations and evaluates complete quantum circuits. Moving to a higher
abstraction level removes physical detail but allows larger systems to be stud-
ied. This thesis focuses on algorithmic-level simulation, where computation,
memory, and data movement become central computer-architecture challenges.

3.2 Algorithmic-level simulations

The most direct algorithmic-level method is Schrödinger-style, or state-vector,
simulation [8], [23]. An n-qubit state is represented by 2n complex probability
amplitudes, and each gate updates the relevant groups of amplitudes. The
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method is general and conceptually simple, but its memory requirement grows
exponentially with the number of qubits: adding one qubit doubles the state-
vector size. Gate execution also requires repeated accesses to this increasingly
large vector. Performance can therefore be limited by memory capacity, memory
bandwidth, and locality in addition to arithmetic throughput. When the state
is distributed across several processors or accelerators, communication among
their separate memory spaces introduces an additional cost [24].

Feynman-style path summation [8], [25] instead evaluates the contributions
of computational paths through the circuit and sums them to obtain the
final result. Individual paths require comparatively little memory and can
be processed independently, but their number may grow exponentially with
branching operations. Feynman-style methods trade storage for additional
computation. Schrödinger-Feynman hybrid methods [8] partition the qubits
or circuit, use state-vector simulation within each partition, and evaluate
gates crossing partition boundaries through path-based decomposition. Their
performance depends strongly on the selected partition and on the number of
cross-partition gates, allowing memory consumption to be reduced at the cost
of additional execution time.

Unlike the state-vector and path-based approaches described above, tensor-
based simulation represents the quantum circuit as a tensor network and
evaluates it through a sequence of tensor contractions. Tensor-based simula-
tion [8], [26] represents states and gates as a tensor network and evaluates
the circuit through a sequence of tensor contractions. It does not necessarily
construct the complete 2n-element state and can therefore be effective for
circuits with many qubits but favorable connectivity or depth, or when only
selected output amplitudes are required. Its cost depends on the contraction
order and on the largest intermediate tensor created during the process. Slicing
limits intermediate sizes by fixing selected indices and evaluating several smaller
contractions. This reduces memory pressure and creates independent tasks for
parallel execution, but it may also repeat computation.

The methods consequently expose different architectural bottlenecks. State-
vector simulation performs regular numerical operations over exponentially
growing data, making memory capacity, bandwidth, and data movement major
constraints. Noisy simulations may require more expensive representations, such
as density matrices, further increasing computation and storage. Distributed
execution adds communication and synchronization among nodes or devices.
Tensor-based performance additionally depends on contraction-path selection,
intermediate tensor size, index permutation, slicing, and load balancing. The
best method depends on the circuit structure, the requested output, the
numerical representation, and the available hardware.

3.3 Simulation Hardware

CPU acceleration focuses on locality, parallel execution, and distributed scalab-
ility. Circuit partitioning divides the workload into tasks, while gate clustering
combines nearby gates so that several operations can be performed during
one traversal of the state vector. Cache blocking and gate reordering improve
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locality, and multithreading, SIMD execution, and distributed processing ex-
pose parallelism at different levels [23], [27]. Tensor-based implementations
additionally optimize tensor-network construction, contraction order, slicing,
and task distribution. Compression and reduced data formats can lower
memory requirements, although their overhead and effect on accuracy must be
considered.

GPUs provide high parallelism for independent amplitude updates and
tensor contractions. Gate fusion [28] increases the work performed for each
access to the state vector, while shared-memory blocking, qubit reordering,
and optimized data layouts reduce global-memory traffic. Efficient implement-
ations also minimize transfers between the CPU and GPU. Dense parts of the
computation can be mapped to optimized matrix and tensor libraries and to
specialized matrix-processing units. Multi-GPU execution extends the avail-
able computation and memory capacity, but communication between devices
becomes increasingly important.

FPGAs provide fewer general-purpose resources than high-end CPUs and
GPUs, but allow the datapath and numerical representation to be specialized.
Arbitrary-precision arithmetic can reduce storage and resource costs, lookup
tables can replace expensive calculations, and custom complex multiply-and-
accumulate units can match the dataflow of gate operations. FPGA designs
can also avoid operations involving zero or otherwise simple matrix elements
and stream data through pipelined arithmetic units.

Across all platforms, recurring opportunities include reduced or mixed
precision, data compression, parallel execution, memory-locality optimization,
and dedicated matrix-processing hardware. These techniques address different
computation-memory bottlenecks and must be evaluated together with their
effects on accuracy, flexibility, and scalability.

4 From physical qubits to fault-tolerant compu-
tation

Physical qubits are affected by decoherence, noise from interactions with the
environment, imperfect control pulses, gate errors, and measurement errors.
Consequently, the probability that a quantum circuit executes correctly de-
creases as the circuit depth increases. Current superconducting qubits typically
have physical error rates on the order of 10−3, whereas useful quantum al-
gorithms may require millions or billions of reliable quantum operations [29].
Improvements at the device level alone are therefore insufficient, motivating
Quantum Error Correction (QEC) to reduce the effective error rate and enable
fault-tolerant quantum computation [1], [30].

QEC cannot directly apply the redundancy mechanisms used in classical
systems because an unknown quantum state cannot be freely measured or
copied: measurement generally disturbs the state, while the no-cloning principle
prevents arbitrary quantum states from being duplicated [1].

QEC encodes one logical qubit across multiple physical qubits rather than
copying the quantum state directly. Data qubits store the encoded information,
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while measurement qubits are used to measure stabilizers, which are parity-like
constraints involving neighboring data qubits [1]. Repeated stabilizer measure-
ments reveal changes caused by physical faults without directly measuring the
encoded logical state. A decoder processes these syndromes and determines a
correction or Pauli-frame update. A decoding failure occurs when the combined
physical error and correction result in a logical error.

The main application-level metric for a decoder is its logical error rate,
defined as

pL =
number of decoding instances with a logical failure

total number of decoding instances
. (2)

For fault-tolerant execution, this rate must be substantially lower than the
physical error rate. QEC achieves this reduction at the cost of additional
physical qubits, measurements, and classical processing.

4.1 Quantum error correction (QEC) codes

Different QEC codes use different strategies to encode and protect logical
information. Among them, the surface code [31] is one of the standard ap-
proaches for superconducting quantum computers, as it is compatible with
two-dimensional qubit layouts and relies primarily on local interactions between
neighboring qubits. The surface code also provides a comparatively high error
threshold: below this threshold, increasing the size of the code reduces the
logical error rate [31], [32].

The size and error-correction capability of the surface code are characterized
by its code distance d. A logical qubit of distance d uses d2 data qubits and
d2−1 measurement qubits and can correct up to ⌊(d−1)/2⌋ single-qubit errors.
Increasing the code distance improves error protection, but also increases the
number of physical qubits and syndrome measurements that must be processed
by the classical system.

Since the syndrome-extraction process is itself affected by circuit-level
noise [31], [32], measurements must be repeated over time. A common approach
is to perform dt = d measurement rounds, allowing errors in the data qubits,
measurement qubits, and readout circuitry to be detected. Changes between
consecutive stabilizer measurements produce detection events, which can be
represented as nodes in a space-time syndrome graph. Consequently, increasing
the code distance increases both the number of measurements and the potential
size of this graph, resulting in a larger classical decoding workload.

4.2 Noise Models

Different noise models are used to evaluate quantum error-correction codes,
trading physical realism against simulation complexity [32], [33].

In the code-capacity noise model, errors are applied only to the data qubits,
while syndrome measurements are assumed to be perfect.

The phenomenological noise model additionally allows errors in the syn-
drome measurements, requiring repeated measurement rounds to distinguish
data-qubit errors from measurement errors.
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Circuit-level noise provides a more detailed model in which faults can
occur during the individual operations of the syndrome-extraction circuit,
including single- and multi-qubit gates, state preparation, measurement, and
idle operations.

As the noise model becomes more detailed, it more closely represents the
behavior of a physical implementation but also increases the complexity of
simulation and decoding. Paper II uses circuit-level noise, consistent with the
GNN decoder on which the work is based.

4.3 Decoding Algorithms

Several algorithms have been proposed to decode surface-code syndromes,
offering different trade-offs between accuracy and computational complexity.
Union-Find [34] is a relatively lightweight approach, but generally achieves a
higher logical error rate. Minimum-Weight Perfect Matching [35] formulates
decoding as a weighted matching problem and is widely used because of its
strong balance between decoding accuracy and implementation cost, with
several hardware-accelerated implementations targeting real-time operation.
Belief-propagation [36], [37] methods provide another alternative and are
particularly relevant for quantum low-density parity-check codes. More recently,
neural-network-based decoders have been explored, offering a broader design
space in which decoding accuracy and computational cost depend on the selected
model architecture and training method. Graph Neural Networks (GNNs) [33],
[38] are particularly well suited to this setting because quantum error-correction
problems can be represented using graph-structured data, allowing message
passing to capture correlations relevant to decoding.

4.4 GNN decoder

The GNN selected in Paper II represents the syndrome as a variable-size graph
[38]. Nodes correspond to detection events and encode their stabilizer type and
space-time position, while edges connect nearby events. Graph-convolution
layers perform message passing by updating each node representation using
information from the node itself and its neighbors. The resulting node repres-
entations are then combined using global mean pooling, which averages the
features across all nodes to obtain a fixed-size representation of the entire graph.
Finally, fully connected, or dense, layers process this graph-level representation
to produce the logical Pauli-frame update [38], a classical record of the correc-
tion inferred by the decoder that can be tracked rather than physically applied
immediately [32].

4.5 Decoding latency constraints

Real-time decoding [30] is required because syndrome measurements are gen-
erated continuously during quantum execution. If decoding is slower than
syndrome generation, measurements accumulate and the classical control sys-
tem could become a bottleneck [32], [39]. For superconducting surface codes, a
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syndrome cycle may be as short as approximately 1µs [40]. Two timing models
are commonly considered. The first corresponds to a hard real-time constraint:
in max-latency decoding, every supported decoding instance must complete
within one syndrome cycle, imposing a strict per-instance deadline. The second
is closer to a soft real-time or throughput constraint: in average-latency decod-
ing, individual instances may take longer, provided that the average decoding
rate remains faster than the syndrome-generation rate. The latter can exploit
buffering or parallel decoding and allows more variation in execution time.

5 Research Questions

5.1 Simulations Acceleration

The performance of a quantum-computer simulator depends jointly on the
simulation method, the circuit, and the target classical architecture. Existing
acceleration work spans different abstraction levels, circuit classes, platforms,
and performance metrics. Some studies prioritize the maximum number of
simulated qubits, while others focus on execution time, memory consumption,
fidelity, or distributed scalability. Reported speedups alone therefore do not
explain which bottleneck is addressed, which hardware feature enables the
improvement, or which trade-off is introduced. This motivates the following
research question:

What are the main computational and memory bottlenecks of quantum-
computer simulation, and which hardware-aware techniques can
improve its performance and scalability on CPUs, GPUs, and FP-
GAs?

5.2 Real-time decoding

The selected GNN [38] achieves a lower logical error rate than MWPM, but
its computational cost prevents direct real-time execution. The original
model [38] contains approximately 1.4 × 106 parameters, and the cost of
its graph-convolution layers increases with the number of input nodes. In
software, inference requires approximately 291.4 µs per graph, far above the
sub-microsecond target required for superconducting chips. Meeting the real-
time constraint therefore requires reducing the computational and storage
requirements of the decoder while preserving its accuracy advantage. The
research question addressed by Paper II is:

How can high-accuracy GNN-based quantum error-correction de-
coders be optimized for specialized hardware to meet real-time de-
coding requirements while preserving decoding accuracy?
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6 Thesis Contributions

6.1 Simulation Acceleration

Paper I, Simulation of Quantum Computers: Review and Acceleration
Opportunities, presents a survey of quantum-computer simulation with a
particular focus on acceleration using classical hardware [8]. Rather than
proposing a new simulator, the paper provides a structured view of the simula-
tion landscape and analyzes existing approaches from a computer-architecture
perspective.

The first contribution is a classification of quantum-computer simulation
according to the abstraction level at which the system is modeled. This
organization connects device-, gate-, and algorithmic-level simulation and places
the different simulation tools and techniques within a common framework. The
paper then focuses on algorithmic-level simulation, where the computation and
memory requirements make hardware acceleration particularly relevant.

The second contribution of the survey is its hardware-aware analysis of
simulation acceleration. Existing approaches are organized according to the
classical platform used for execution, including CPUs, GPUs, FPGAs, and
distributed or heterogeneous systems. Rather than considering the repor-
ted performance of individual simulators in isolation, the survey relates the
proposed optimizations to the architectural bottlenecks they address, such
as computation, memory capacity, memory bandwidth, data movement, and
communication. This provides a common perspective for comparing techniques
developed for different simulation methods and hardware platforms.

Finally, Paper I identifies recurring hardware-aware optimization oppor-
tunities across the reviewed literature. These include reduced and mixed
precision [23], [41], data compression [42], parallel execution [23], [24], improved
memory locality [23], [27], and the use of specialized hardware for matrix
operations [28].

The paper discusses possible directions for improving simulation perform-
ance and scalability, including exploiting hardware originally developed for
machine-learning workloads and further specialization using reconfigurable
architectures. Overall, the contributions of Paper I are the organization and
synthesis of existing quantum-computer simulation research from a hardware-
acceleration perspective, providing a useful starting point for identifying prom-
ising directions for further research.

6.2 Real-time decoding

Paper II, Low Latency GNN Accelerator for Quantum Error Cor-
rection, develops a real-time FPGA accelerator for the selected GNN [38]
surface-code decoder through a sequence of algorithm- and architecture-level
optimizations [17]. The GNN is organized as a sequence of computational
layers, where each layer transforms the representation produced by the previous
one. Its graph-convolution layers account for most of the computational cost
because they process every node in the input graph, while the later pooling
and dense layers operate on the resulting graph-level representation.
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Input Graph 
Fi l ter ing

HW-Guided
Pruning QuantizationAnalysis FPGA

Figure 3: Overview of the optimizations used to map the GNN decoder to
FPGA.

Rather than mapping the original model directly to hardware, the work first
characterizes its computational bottlenecks, derives separate models for the
two timing requirements, bounds the input-dependent workload, and selects
fixed-point representations, as shown in Figure 3. The resulting models are
then mapped to a custom FPGA architecture and hardware execution schedule.

The first contribution is a layer-level analysis of the original GNN, consid-
ering parameter count, multiplication count, activation sparsity, storage, and
dependence on input size. Graph-convolution layers dominate the workload be-
cause their operations are repeated for every graph node, with the largest layer
requiring 524,288N multiplications. With dt = d, the theoretical maximum
graph size is

Nmax = (d2 − 1)dt. (3)

For d = 7, Nmax = 336, resulting in roughly 108 multiplications for the original
network, which is incompatible with the one-microsecond target. Profiling
also shows substantial and non-uniform activation sparsity across GraphConv
layers. Paper II defines a hardware-guided pruning order based on the number
of avoidable multiplications, prioritizing layers that are both computationally
expensive and highly sparse.

The second contribution is hardware-guided pruning and retraining. Direct
layer removal significantly degrades decoding accuracy. Paper II instead prunes
selected layers and retrains the remaining network, producing two configurations
with different latency-accuracy trade-offs. The max-latency model removes
GraphConv3-6 and computes only half of the GraphConv2 outputs. It contains
approximately 1.5× 105 parameters, a 9.2× reduction from the original model.
The average-latency model removes GraphConv3-5 and retains approximately
3.1×105 parameters, corresponding to a 4.4× reduction. The two models trade
more aggressive complexity reduction for stricter latency requirements against
higher decoding accuracy.

The third contribution is latency-bounded input-graph filtering. Worst-case
syndrome graphs are much larger than those typically observed at the evaluated
physical error rate. Provisioning the accelerator for Nmax = 336 would therefore
consume substantial resources for rare inputs. Paper II instead bounds the
supported graph size using the measured graph-size distribution. For d = 7, the
max-latency decoder supports up to N = 30 nodes, while the average-latency
decoder supports up to N = 32. Larger graphs are discarded and assigned a
default no-error output, with the resulting failures included in the reported
logical error rate. Bounding the graph size reduces storage, limits the number
of GraphConv iterations, and places an upper bound on execution time. It is
particularly important for max-latency decoding, where every supported input
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must meet the deadline.

The fourth contribution is post-training quantization. The pruned models
are further reduced through post-training quantization of weights, features,
biases, and accumulators. The selected formats are chosen by considering
logical error rate, latency, and FPGA resource utilization together. The max-
latency model uses 14-bit weights, 17-bit features, 5-bit biases, and 27-bit
accumulation, while the average-latency model uses slightly wider feature and
accumulator formats. These precisions allow each multiplication to map to a
single DSP, increasing parallelism and reducing storage and arithmetic costs.

The last contribution is the design of the FPGA-based architecture. The
optimized models are mapped to a parameterized three-stage FPGA archi-
tecture. The first stage prepares node inputs and neighbor aggregation, the
second performs DSP-based multiplications, and the third completes accumu-
lation, bias addition, and output generation. Large layers are folded across
multiple cycles when the available DSP parallelism is insufficient. Additional
optimizations include interleaving neighbor aggregation with computation, dis-
tributing packed weights across BRAM banks, reusing compatible adder trees,
and replacing global mean-pooling division with precomputed normalization
factors. These choices reduce latency and resource utilization while matching
the pruned network structure.

Evaluations are performed on surface codes up to d = 7 with circuit-level
noise at p = 10−3 using 108 simulated input graphs. The FPGA design is
synthesized for a Xilinx Alveo U250, with latency measured from receipt of
the constructed graph to decoder output. For max-latency decoding, the final
design completes the largest supported input in 988.8 ns and achieves a logical
error rate of 1.47× 10−5, 13% lower than the evaluated MWPM baseline [43].
For average-latency decoding, the larger model achieves an average latency
of 846 ns and a logical error rate of 1.01 × 10−5, corresponding to a 40%
improvement over the evaluated MWPM baseline [43].

These results show that the GNN accuracy advantage can be preserved while
meeting both real-time constraints. More generally, they highlight the need
to co-design model complexity, numerical representation, input size, hardware
architecture, and execution schedule.

7 Conclusions and Future Work

This thesis has explored selected classical-computing challenges arising in the
development and reliable operation of quantum computers from a computer-
architecture perspective. On the development side, it has considered the
computational and memory challenges of simulating quantum computers on
classical hardware and the opportunities for hardware-aware acceleration. On
the operational side, it has considered the real-time classical processing required
for quantum error correction and how specialized hardware can help satisfy its
demanding latency and resource constraints. Together, these two directions
illustrate the importance of the classical computing system surrounding the
quantum processor and the opportunities for computer-architecture techniques
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to improve its performance and scalability.
There are several promising directions for future work on the classical side

of quantum computing. One direction is to move beyond the acceleration of
individual quantum error-correction components and consider the scheduling
of complete QEC workloads. As fault-tolerant systems scale, different quantum
and classical operations must be coordinated while satisfying dependencies,
resource constraints, and strict timing requirements. Investigating how these
operations should be scheduled, and how the available classical processing
resources should be allocated, is therefore an important step toward scalable
quantum error-corrected systems.

A broader direction is the architecture of the quantum control system itself.
Quantum execution requires continuous interaction between the quantum pro-
cessor and classical components responsible for control, measurement, feedback,
and error correction. As the number of qubits and the amount of real-time pro-
cessing grow, the organization of this classical system and the communication
between its components become increasingly important.

Future work will therefore investigate how computer-architecture techniques
can support the control of larger quantum computers and how scheduling,
computation, and communication can be jointly considered when designing
these systems.

The remainder of the thesis contains the two publications on which this
work is based. Paper I, Simulation of Quantum Computers: Review and
Acceleration Opportunities, reviews quantum-computer simulation and
hardware-aware acceleration techniques for classical platforms. Paper II, Low
Latency GNN Accelerator for Quantum Error Correction, presents an
algorithm-hardware co-designed FPGA accelerator for real-time surface-code
decoding. The two papers are reproduced in the following chapters and are
referred to throughout the thesis as Paper I and Paper II.
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