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ABSTRACT In the near future, as quantum and classical systems coexist, managing hybrid systems will
require efficient conversion between bits and qubits. Therefore, understanding memory management for
both classical and quantum systems is essential. Along that line, this survey provides a comparative analysis
of memory management in classical and quantum architectures. The traditional memory hierarchy and
allocation strategies used in classical systems are examined along with caching and paging techniques
which optimize performance and resource utilization. On the other hand, quantum memory management
focuses on addressing unique challenges such as quantum decoherence and error correction using advanced
techniques such as Shor’s code, Surface codes, and other specialized error correction codes. This study
explores Quantum Random Access Memory (QRAM) and its role in enabling efficient data retrieval
in quantum systems. Quantum read/write operations and their impact on coherence and fidelity are
analyzed, highlighting advancements in qubit state measurement and error mitigation. While classical
systems take benefits of deterministic and hierarchical memory structures, quantum systems must overcome
environmental noise and decoherence to maintain data stability. Furthermore, scalability issues and emerging
trends in quantum architecture are discussed, emphasizing how advancements in Quantum Error Correction
(QEC) and hybrid systems can address current limitations in memory management.

INDEX TERMS Memory management, classical computing, quantum computing, qubits, quantum random
access memory, quantum error correction, quantum read/write operations, memory hierarchy, hybrid
quantum-classical systems, computational performance.

I. INTRODUCTION

Memory management is important in both classical and
quantum computing, but each domain handles it in very
different ways. As quantum technologies advance and hybrid
systems emerge, it becomes important to compare how
memory is managed in both types of systems. Memory
management has a crucial role in computational performance,
as it directly impacts the speed, efficiency, and reliability of
the system. Efficient memory management ensures optimal
resource utilization, prevents latency, and enables faster
data access, which is essential for modern data-intensive
applications. These fundamental principles apply to both
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classical and quantum systems, where different memory
management techniques address specific performance and
energy efficiency requirements. Effective memory allocation,
caching, and garbage collection techniques in classical com-
puting optimize resource usage and reduce latency, which is
essential for handling large-scale data and high-performance
applications [1], [2]. Advanced memory management, such
as dynamic memory allocation, minimizes fragmentation and
improves computational stability [3].

Building on these established techniques, modern advance-
ments have further enhanced memory management for high-
demand applications. Applying self-awareness principles
enabled adaptive and energy-efficient memory systems,
achieving 10.5% energy savings in on-chip L1 cache [4].
Efficient flash memory management is essential in virtual
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memory systems to address energy consumption challenges.
Techniques like subpaging, HotCache, and duplication-aware
garbage collection can collectively reduce energy usage
by 42.2% [5]. These energy-efficient solutions highlight
the potential of efficient memory management to solve
computational challenges.

Recent advances in GPU memory management have
enabled significant performance improvements and opti-
mized resource utilization, particularly for deep learning
models. In [6], authors proposed SmartPool and AutoSwap
to optimize GPU memory for deep learning by reducing
memory fragmentation and swapping unused variables,
achieving up to 34.2% memory savings without affecting
model accuracy or training speed. SuperNeurons dynamically
allocates memory for convolution workspaces and reduces
peak memory usage through Liveness Analysis, Unified
Tensor Pool, and Cost-Aware Recomputation. SuperNeurons
achieved the leading performance among state-of-the-art
deep learning systems on GPUs [7]. Capuchin optimizes GPU
memory for deep neural network training by dynamically
tracking tensor access patterns and enabling fine-grained
eviction, prefetching, and recomputation. It reduced memory
usage by up to 85%, supported larger batch sizes, and
achieved up to 286% speedup compared to Virtualized
Deep Neural Networks (vDNN) [8]. A memory management
framework for integrated CPU/GPU systems optimized
memory usage and performance in autonomous platforms
through dynamic policy selection and kernel overlapping [9].

In cloud computing environments, efficient memory
management is equally important. In [10], authors explored
resource overcommitment in cloud computing and proposed
a Distributed Resource Scheduler (DRS). They used memory
ballooning and live migration to optimize resource utilization
and reduce costs in virtualized environments. In another
study, a machine learning-based approach was explored
for dynamic resource allocation and memory management
in cloud and mobile environments [11]. By eliminating
unnecessary cache data, authors were able to improve
memory efficiency, reduce overhead, and enhance device per-
formance. This demonstrated scalability and effectiveness in
optimizing large-scale systems. In [12], authors emphasized
the role of memory management to enhance performance,
optimize resource utilization, ensure energy efficiency, and
solve the challenges of heterogeneous architectures and
diverse workloads in High-Performance Computing (HPC)
and Cloud Computing environments.

While classical systems have achieved remarkable effi-
ciency improvements with advanced memory management
techniques, the rise of quantum computing introduces an
entirely new set of challenges and opportunities for memory
management. Unlike classical bits, qubits are unstable due
to decoherence and noise issues. Quantum Error Correction
(QEC) codes such as Shor’s code and Surface codes, are
essential for maintaining qubit states and ensuring computa-
tional accuracy [13], [14], [15]. The shift in paradigm requires

187478

advanced memory strategies to handle the probabilistic nature
of quantum systems.

To address these challenges, researchers have proposed
innovative quantum memory management techniques that
optimize performance and resource utilization in quantum
computing. A SAT-based reversible pebbling game was used
in [16], which optimized quantum memory management by
reducing qubit usage by 52.77% on average while balancing
trade-offs between memory and operations. In [17], authors
introduced throughput-optimal algorithms for managing
quantum switches with memory constraints, maximizing
entanglement rates through efficient memory allocation and
dynamic scheduling policies. In [18], quantum memory was
explored as a key component of future quantum computing,
emphasizing its role in addressing scalability challenges
through the separation of computing and memory units. The
authors presented a design stack for quantum memory and
explored its applications as well. Quantum Secure Direct
Communication (QSDC) using atomic quantum memory was
demonstrated in [19], highlighting its potential for secure,
long-distance quantum networks. The importance of memory
management in optimizing learning efficiency and adapt-
ability through dynamic memory in quantum reinforcement
learning has been highlighted in recent research [20]. These
advances demonstrate how quantum memory management is
evolving to meet the demands of next-generation computing
architectures.

Techniques such as dynamic voltage scaling in classical
systems reduce power consumption, while error correction
in quantum systems supports fault-tolerant operations [21],
[22]. From optimizing classical systems for energy effi-
ciency and scalability to addressing unique challenges in
quantum computing, advancements in memory manage-
ment techniques drive innovation across diverse comput-
ing paradigms. Efficient memory management is crucial
in hybrid classical-quantum systems to enable seamless
integration between deterministic classical computing and
probabilistic quantum computing. By optimizing data trans-
fer and memory allocation strategies, these systems can
improve scalability, performance, and energy efficiency in
high-demand computational environments.

Given the differences in how classical and quantum
systems manage memory, a structured comparison is nec-
essary to understand their individual challenges, areas of
overlap, and how they can be integrated in hybrid computing
environments. This survey addresses this need by providing
a comprehensive analysis of memory management in both
classical and quantum architectures.

The remainder of this paper is structured as follows.
Section II covers overview of classical and quantum systems
and scope of our work. Section III reviews memory
management in classical computing, including architecture,
allocation strategies, and error correction. Section IV covers
quantum memory organization, read/write operations, and
Quantum Error Correction techniques. Section V presents
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a comparative analysis of classical and quantum memory
systems across key performance metrics and highlights their
interdependencies. Section VI discusses hybrid quantum-
classical systems, emerging trends, and future research
directions. Finally, Section VII concludes the paper.

Il. BACKGROUND AND SCOPE

A. OVERVIEW OF CLASSICAL VS. QUANTUM PARADIGMS
In classical computing, data are represented in bits that
can be either 0 or 1 at one instance of time. These
systems process information deterministically, following a
specific sequence of instructions where each operation has a
predictable outcome. On the other hand, quantum computing
uses qubits as fundamental units of information, which can
exist in a superposition of both 0 and 1 states simultaneously.
Mathematically, a qubit is represented as [23]:

[¥) = al0) + B|1),
where o, B € C and |a|? + |B]* = 1. 1)

o and B are complex probability amplitudes, and the absolute
squares of the amplitudes represent the probabilities of
measuring the qubit in states |0) or |1). This probabilistic
representation ensures that quantum transformations preserve
probability through unitary operations, which are fundamen-
tal to quantum computation.

A single-qubit state can also be expressed using the
Bloch sphere representation [24], which provides a geometric
visualization of all pure qubit states:

ly) = cos (§) 10) + e sin (§) 1), 2)

where 6 and ¢ are spherical coordinates. Any pure qubit state
corresponds to a point on the surface of the unit sphere, which

offers an intuitive picture of quantum state manipulation.
Additionally, quantum entanglement creates non-classical
correlations between qubits, such that the measurement
outcome of one qubit is directly linked to the state of another.
A well-known example is the maximally entangled state [25]:
V) = % (Ix)1lyy2 = Iv)1lx)2), 3)

where |x) and |y) are basis states. This state illustrates how
entanglement prevents a product-state decomposition and is
central to many quantum information protocols.

Classical memory systems are well structured, scalable,
and energy efficient, leveraging hierarchical architectures to
optimize performance for traditional workloads. However,
quantum memory systems face significant challenges due
to noise, decoherence, and qubit susceptibility to errors.
To ensure data integrity, sophisticated error correction
techniques are required. While classical systems focus
on efficiency and power optimization, quantum systems
prioritize minimizing decoherence and operational errors
to maintain coherence. Classical memory is designed for
general-purpose computing, whereas quantum memory is
optimized for specialized applications such as cryptography,
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optimization, and large-scale simulations, where quantum
parallelism offers computational advantages.

B. OBJECTIVES AND SCOPE

Despite fundamental differences in scale, cost, and maturity,
comparing classical and quantum memory is essential as
hybrid systems become more prevalent. Classical architec-
tures manage terabytes of memory with refined caching and
allocation techniques, while quantum systems, constrained to
tens or hundreds of qubits, face challenges like decoherence
and error correction. These differences highlight the need for
a focused comparison to evaluate which classical memory
management techniques can be adapted to quantum systems,
which ones are fundamentally incompatible, and how coor-
dinated strategies can support efficient memory management
in emerging hybrid quantum-classical architectures.

The objective of this work is to provide a comprehensive
comparative analysis of memory management in classical
and quantum computing architectures. We compare classical
and quantum memory metrics to highlight the gaps, analyze
hybrid designs that let the two systems work together, and
discuss the key thresholds that must be achieved before fully
fault-tolerant quantum memory becomes practical.

We structure this analysis around the following research
questions (RQs):

« RQI1: What are the core memory management strategies
in classical computing, and how do they ensure perfor-
mance and scalability?

« RQ2: How does quantum memory management differ
from classical approaches, particularly in error correc-
tion and data stability?

+ RQ3: How do quantum read/write operations influence
memory coherence and error rates on different qubit
platforms?

e RQ4: What fundamental differences exist between
classical and quantum memory management when
evaluated in terms of latency, energy efficiency, and
scalability?

« RQ5: How do hybrid quantum-classical workflows illus-
trate memory coordination patterns, and what lessons
can be drawn for future hybrid architectures?

« RQ6: What are the key challenges and promising
directions for research in scalable and energy-efficient
quantum memory systems?

The scope of this survey is delimited by the following
contributions:

« We examine memory management techniques in clas-
sical systems, including memory hierarchy, virtual
memory, caching, dynamic allocation, and advanced
error correction codes.

o We analyze quantum memory management by covering
quantum register, qubit technologies (superconduct-
ing, neutral-atom, trapped-ion, photonic, spin), Quan-
tum Random Access Memory (QRAM) models, and
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advanced Quantum Error Correction techniques along
with Shor’s, Steane’s, and Surface codes.

o We examine quantum read/write operations and analyze
their impact on qubit fidelity and memory coherence
across different platforms such as superconducting and
silicon-based qubits.

o We compare classical and quantum memory systems
by highlighting key differences in latency, energy
efficiency, and scalability.

o We discuss hybrid quantum-classical workflows to illus-
trate memory coordination patterns and the interdepen-
dencies of classical pre/post-processing with quantum
execution.

o We identify key challenges and outline future research
directions in scalable and energy-efficient quantum
memory design.

Ill. CLASSICAL MEMORY MANAGEMENT

Techniques such as hierarchical memory structures, allo-
cation strategies, and caching mechanisms in classical
systems are optimized to support high-speed computation and
efficient resource utilization across diverse applications [1].

A. MEMORY ARCHITECTURE

Classical memory architectures are structured in hierarchical
levels to balance speed and cost. The memory hierarchy
shown in Figure 1 corresponds to the classical Von Neumann
architecture, where a single memory space stores both data
and instructions. While other architectures exist, the Von
Neumann model remains the most widely adopted and
is used here as the reference point for comparison with
quantum systems. In this hierarchy, registers, caches (L1-
L3), and main memory (DRAM) form the core memory
directly accessed by the processor. Beyond this, secondary
storage such as disks (SSD/HDD) and tertiary storage such
as tape represent storage and are included to illustrate the
broader latency—capacity tradeoff. Data move from slower,
high capacity storage, such as disks or tape, to faster, lower
capacity memory as needed for processing. This hierarchical
structure has an important role in reducing latency and
managing data access speeds, enabling efficient processing
across different workloads. Authors in [26] presented a
comprehensive survey of memory architecture design for
3D Chip Multi-Processors (3D CMPs), emphasizing how
3D integration technologies — such as through-silicon vias
(TSVs) — can overcome traditional memory bandwidth
limitations known as the “Memory Wall”. They categorized
prior work into two key areas: stacking cache-only architec-
tures and stacking main memory architectures, highlighting
design trade-offs in performance, power, and thermal con-
straints. Authors also explored the integration of emerging
non-volatile memories (MRAM, PCRAM, RRAM), hybrid
cache architectures, and reconfigurable memory hierarchies.
Additionally, they discuss challenges such as thermal man-
agement, TSV overhead, and the need for new memory
microarchitectures and coherence protocols in heterogeneous
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and embedded 3D systems. Authors in [27] proposed a
3D-stacked Dynamic Random Access Memory (DRAM)-
based chip multiprocessor architecture incorporating hybrid
electrical-optical interconnects and self-adaptive runtime
page mapping. Their evaluation demonstrated that this design
improved instructions per cycle (IPC) and reduced communi-
cation costs, thereby enabling higher core counts with smaller
per-core caches while preserving overall performance.

( Registers ]

i

l Cache (L1-> L2 ->L3) ]

|

[ Main Memory (DRAM) ] Core Memory

_________________ {

Secondary Storage
(Disk/SSD)

1

Tertiary Storage (Tape)

’ Storage

FIGURE 1. Classical Memory Hierarchy. Levels above the dashed line
represent core memory directly accessed by the processor(registers,
caches, main memory). Levels below represent storage (disk, tape).

1) VIRTUAL MEMORY

Virtual memory adds an abstraction layer to the hierarchical
memory system, which allows applications to use more
memory than what is physically available. By mapping log-
ical addresses to physical memory, virtual memory enables
multitasking, memory protection, and isolation between
processes. This abstraction is achieved through techniques
like paging and segmentation, which divide memory into
manageable units. Paging splits memory into fixed-size
blocks called pages, while segmentation organizes memory
into variable-sized blocks based on logical divisions such as
code, data, and stack [28]. Recent advancements, such as
the Distributed Page Table (DPT), further enhance virtual
memory systems by addressing the limitations of traditional
page table structures. DPT eliminates the need for large
contiguous physical memory by distributing page table
entries (PTEs) across the entire memory space. This resolves
hash collisions through techniques such as Strided Open
Addressing and Collision-Aware Virtual Address Allocation,
thus improving performance and scalability [29].

2) CACHING AND CACHE OPTIMIZATION

Caching is a critical performance enhancement technique
in which the frequently accessed data is stored in smaller
memory to reduce access times. Multilevel caches (L1, L2,
and L3) allow quick data access by minimizing latency.
Machine learning techniques have been applied to enhance
cache prediction and management. For example, a learning-
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based caching mechanism for edge content delivery used
machine learning to forecast content popularity by opti-
mizing cache replacement policies and improving resource
utilization [30]. In distributed computing environments, edge
caching strategies have been developed to optimize data
placement and retrieval. A deep learning-based predictive
caching approach, using recurrent neural networks with Long
Short Term Memory (LSTM), predicts content demand in
edge networks which allows low-latency content delivery to
end-users [31].

3) CACHE COHERENCE AND MULTICORE OPTIMIZATION
Cache coherence protocols are important in multiprocessor
and multicore systems, ensuring data consistency across
caches while enhancing efficiency and reliability [2]. For
example, the MESI (Modified, Exclusive, Shared, Invalid)
and MOESI (Modified, Owner, Exclusive, Shared, Invalid)
protocols ensure data consistency in multiprocessor systems
by propagating modifications across caches. In multicore
processors, advanced techniques like Non-Uniform Cache
Access (NUCA) optimize data placement by dynamically
migrating frequently accessed data closer to the relevant core,
reducing latency. Furthermore, hybrid cache memory systems
that combine volatile and non-volatile memory such as
SRAM and MRAM, address challenges such as energy effi-
ciency and consistency in multicore architectures [32]. These
innovations contribute to scalable and high-performance
systems while maintaining cache coherence across complex
cache hierarchies.

B. MEMORY ACCESS AND ALLOCATION

Memory allocation is the process of reserving a part of a
computer’s memory for use by programs or applications.
In classical computing, memory allocation is broadly divided
into Static Allocation and Dynamic Allocation. Static
memory allocation takes place at compile time, where the
memory size of variables, programs, or applications is
fixed before execution begins. While static allocation offers
faster execution and avoids fragmentation issues, it lacks
flexibility and can lead to inefficient memory usage when
pre-allocated space is underutilized. On the other hand,
dynamic memory allocation takes place at run-time, where
memory is allocated based on real-time demands, allowing
efficient use of available memory resources. The flexibility
makes dynamic allocation better applicable for scenarios
that involve unpredictable workloads and growing data
requirements [33]. However, dynamic allocation introduces
challenges such as memory leaks, dangling pointers, and
external fragmentation, which require proper management
strategies to ensure optimal performance.

1) MEMORY POOLING

Memory pooling is a technique that disaggregates memory
resources from individual systems, which allows them to
be shared and accessed dynamically across multiple hosts.
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It enhances memory utilization, elasticity, and resource
efficiency, addressing challenges such as fragmentation and
over-provisioning. In [34], authors used Compute Express
Link (CXL) for memory pooling, introducing DirectCXL
to enable efficient and low latency access to disaggregated
memory resources. Similarly, STARNUMA was introduced
n [35], which leveraged a CXL-attached memory pool to
mitigate Non-Uniform Memory Access (NUMA) challenges
by placing heavily shared ‘“vagabond pages” in the pool.
This approach reduced the average memory access time
by 48% and improved performance by up to 2.17x in
large multi-socket systems. In [36], authors presented a fast
fixed-size memory pool manager optimized for time-critical
systems. They eliminated loops and minimized overhead
while achieving O(1) memory allocation and deallocation
with reduced fragmentation.

2) GARBAGE COLLECTION

Garbage collection (GC) is a process that prevents memory
leaks by reclaiming memory that is no longer in use.
Techniques like mark-and-sweep, generational GC, and
reference counting are common approaches for garbage
collection in classical systems. These methods help maintain
system performance by ensuring that memory is reused
efficiently and that unused data do not consume valuable
resources [3].

Efficient memory management is essential to maintain
computational performance, reduce power consumption, and
support multitasking in classical systems. These techniques,
which are developed over decades, form a robust foundation
for handling the predictable and high-speed demands of the
classical computing environment.

C. ERROR DETECTION AND CORRECTION

Error detection and correction have an important role in
ensuring the reliability of classical memory systems by
addressing data integrity issues caused by hardware faults,
environmental interference, and transient errors. Memory
errors can be categorized into hard and soft errors. Hard errors
are permanent memory faults caused by physical damage,
manufacturing defects, or excessive heat, making affected
memory cells unrecoverable and requiring hardware replace-
ment or remapping techniques to maintain system reliability.
Soft errors are temporary faults caused by radiation, voltage
fluctuations, or charge leakage, leading to bit flips without
permanent hardware damage [37]. Single-bit errors occur
when only one bit in a memory word is flipped (e.g.,0 — 1 or
1 — 0) due to transient faults. These errors can be efficiently
corrected using Hamming codes or Single Error Correction
(SEC) codes. Multi-bit errors involve two or more bits flip-
ping within the same memory word. Multi-bit errors require
more advanced error correction codes (ECC), such as Double
Error Correction (DEC) codes, Low-Density Parity-Check
(LDPC) codes, or Reed-Solomon codes, to detect and correct
faults effectively. Classical systems use well-established
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techniques to detect and correct errors in memory hierarchies,
cache subsystems, and data transmission.

1) TRADITIONAL ERROR DETECTION AND CORRECTION
METHODS

Early methods such as parity checks and Hamming codes
form the foundation of error detection and correction
in classical computing. Hamming codes enable single-bit
error correction and double-bit error detection, offering
a low-complexity solution for systems like data storage
and communication networks [38], [39]. Parity checks are
often used to detect errors in cache hierarchies and data
transmission.

2) ADVANCED ERROR CORRECTION TECHNIQUES
To improve error resilience in complex systems, advanced
error detection and correction methods have been developed.
In [40], authors focused on improving error detection
and correction in fault-tolerant logic circuit design. They
introduced a novel cross-code method that handled multiple
errors with minimal area overhead, compared to traditional
methods such as triple modular redundancy (TMR), LDPC,
and Hamming codes. The method prioritized reducing the
probability of uncorrected errors instead of correcting all
errors, making it more efficient for high-density integrated
circuits vulnerable to faults. Parity++ was presented in [41],
which is an efficient error correction scheme for last-level
caches. It provided Single Error Detection (SED) for all
data and Single Error Correction (SEC) for key data, with
4x lower storage overhead and reduced energy compared
to traditional ECCs. Two new error detection schemes for
Multilevel Cell (MLC) memories were proposed in [42],
which stored multiple bits per cell and were susceptible
to limited magnitude errors. The One-Bit Parity (OBP)
scheme detected magnitude-1 errors using a single parity
bit, while the Two-Bit Parity (TBP) scheme detected both
magnitude-1 and -2 errors with two parity bits. Both schemes
simplified circuitry and improved efficiency compared to
existing methods like Gray coding and Interleaved Parity.

Although classical error detection and correction tech-
niques are highly effective for traditional memory systems,
they face scalability challenges in high-performance comput-
ing and data-intensive applications. As memory architectures
grow in complexity, achieving a balance between error
resilience and computational efficiency becomes increasingly
difficult. Advanced techniques, such as LDPC codes and
hardware-accelerated ECC, are often used to enhance fault
tolerance while minimizing performance overhead. However,
as data volumes and processing demands continue to
increase, further advances in error correction algorithms and
hardware optimization are necessary to ensure reliable and
efficient memory management in next-generation computing
systems.

Recent advancements integrate machine learning for
system-level anomaly detection in various domains such
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as signal integrity applications [43], aircraft sensor error
detection [44], and EHR diagnostic error triggering [45]
but its direct use in classical memory error detection
remains limited. Future research could explore integrating
ML methods with traditional error correction techniques to
further enhance memory reliability.

D. PERFORMANCE METRICS

Performance metrics are essential to evaluate the efficiency
and reliability of classical memory and storage systems.
In memory systems, key metrics include latency, throughput,
energy efficiency, and scalability, which collectively assess
the effectiveness of memory hierarchies and management
techniques.

Dynamic Random Access Memory is recognized for
its low switching energy, which enables high throughput
and bandwidth. However, its reliance on frequent refresh
operations results in significant energy overhead. On the
other hand, NAND achieves high storage density through
multilevel cells but faces challenges, including higher
switching energy and limitations in planar scaling. Retention,
a key differentiator between volatile (DRAM) and non-
volatile (NAND) memories, measures a memory cell’s
ability to maintain data integrity over time. While DRAM
requires constant refreshing to retain data, NAND provides
longer retention periods, making it more suitable for certain
applications. Scalability remains a critical metric as both
DRAM and NAND face structural constraints when scaling
to higher-density applications [46].

For storage systems, performance is evaluated using met-
rics such as throughput, response time, capacity, reliability,
and cost. Throughput measures the speed at which data is
delivered, while response time evaluates the duration required
to access data. Capacity assesses the storage system’s limits,
and reliability ensures the integrity of stored data. Cost is
analyzed using composite metrics like capacity-per-dollar
or throughput-per-dollar. Additionally, trade-offs between
throughput and response time are often highlighted in
composite metrics, showing how increased system utilization
can improve throughput but degrade response time. Together,
these metrics provide a comprehensive framework for
optimizing the performance of memory and storage systems
in modern computing environments [47].

IV. QUANTUM MEMORY MANAGEMENT

Memory management in quantum computing is fundamen-
tally different from classical systems due to the unique
characteristics of quantum information. Efficient memory
management in quantum systems is necessary for preserving
qubit states, ensuring stability and reliable quantum compu-
tations.

A. MEMORY ARCHITECTURE

Quantum memory is based on qubits, the fundamental units
of quantum information. Qubits are typically organized
into quantum registers, which act as temporary storage
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locations during quantum computations. These registers
allow quantum algorithms to manipulate multiple qubits
efficiently by storing quantum information in a structured
way. As described in [48], quantum register consisting of two
qubits, |g1) and |qo), has a state defined as:

lgr) = 1q1) ® lq0) = lq190) “
where ® denotes the tensor product, representing the
combined quantum state.

Quantum registers play a crucial role in quantum pro-
cessors, serving as an intermediate layer between quantum
operations and memory. They enable essential quantum
operations, such as superposition and entanglement, allowing
computations to be executed on multiple quantum states
simultaneously.

Figure 2 presents a high-level architectural overview
of a Quantum Processing Unit (QPU), emphasizing the
memory-related subsystems that interact with quantum reg-
isters and computation units. Similar to classical hierarchies
where cache, RAM, and 1/O interact with the CPU via
a system bus, the QPU integrates specialized components
such as quantum cache (Q-Cache), main quantum memory
(QM), and QRAM. The Quantum Input/Output (QIO) and
Quantum Network Interconnect (QNIC) interfaces enable
data exchange with classical and quantum systems, respec-
tively, while the Quantum Bus (Q-Bus) handles quantum
communication within the QPU. Although our focus is not
on QPU hardware design, this architectural model provides
an intuitive parallel to classical memory hierarchies, helping
to conceptualize how quantum memory is managed and
structured.

Classical Control Unit

l
I

QM

- QNIC
Classical Quamum
Data Data

FIGURE 2. High-level functional architecture of a quantum processing
unit [18], illustrating key components of quantum memory management
such as the Quantum Functional Unit (QFU), Quantum Cache, main
Quantum Memory, Quantum Bus, Quantum Input/Output interface, and
Quantum Network Interconnect. Blue modules highlight quantum
memory components, acting as the analog to hierarchical memory
structure in classical architecture.

Quantum memory is designed using different types of
qubits, including superconducting, neutral-atom, trapped-
ion, photonic and spin qubits. Each type has unique
characteristics that influence how quantum information is
stored and processed.
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1) SUPERCONDUCTING QUBITS

Superconducting qubits are built using LC oscillator circuits
operated at cryogenic temperatures to minimize energy loss
and maintain stability. The inductor is implemented as a
Josephson Junction, which introduces non-linearity to the
circuit and is typically made from superconducting materials
like niobium or aluminum. The capacitor can be either an
inter-digitated or parallel plate capacitor, and the Josephson
Junction itself also contributes an intrinsic capacitance.
Together, these components form a harmonic oscillator,
where the lowest two energy levels are selected as the basic
states of the qubit [49], [50].

2) NEUTRAL-ATOM QUBITS

Neutral-atom qubits store information in the hyperfine states
of atoms confined in optical dipole traps. Individual atoms
can be initialized, addressed, and manipulated using laser and
microwave fields in the presence of magnetic field gradients.
Their long coherence times, scalability, and compatibility
with optical techniques make them a promising platform for
quantum memory and logic operations [51].

3) PHOTONIC QUBITS

Photonic qubits leverage the quantum states of individual
photons, offering a naturally mobile and low-noise system
for quantum computing. Encoding is achieved through
various degrees of freedom, including polarization, spatial
modes, and time-bin encoding. Single-qubit operations are
performed using interferometry with exceptionally high pre-
cision, while two-qubit gates are typically realized through
linear optics combined with measurement-based techniques.
Advances in integrated photonics, high-efficiency detectors,
and scalable photon sources address key challenges such as
photon loss and deterministic gate implementation [52].

4) TRAPPED-ION QUBITS

Trapped-ion qubits are implemented using atomic ions con-
fined in electromagnetic traps, typically RF Paul traps, which
enable long coherence times and precise control. The states
of the qubit are defined by the internal electronic states of the
ion, with transitions controlled via laser or microwave fields.
Ions are confined in vacuum environments, minimizing
decoherence and enabling stable quantum operations. The
shared motional states of the ions allow for entanglement and
controlled interactions, making them a promising platform
for quantum computing [53].

5) SPIN QUBITS

Spin qubits use the spin states of electrons or nuclei to
encode quantum information, typically implemented in
semiconductor quantum dots (QDs) or donor atoms. They
are classified based on spin encoding, including single-spin
qubits (Loss-DiVincenzo), donor spin qubits (Kane’s model),
singlet-triplet qubits, and exchange-only qubits. The key
control mechanism is the exchange interaction, which
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enables quantum gate operations, while Zeeman splitting
and spin-charge hybridization enhance manipulation and
readout. Spin qubits benefit from long coherence times and
compatibility with semiconductor fabrication, making them
promising candidates for scalable quantum computing [54].

Beyond superconducting, neutral-atom, trapped-ion, pho-
tonic and spin qubits, several other qubit technologies are
being explored for quantum memory and computation. Topo-
logical qubits utilize anyons in topologically ordered system.
Topological quantum computing is based on properties of
topological phases of matter and is promising approach for
fault-tolerant quantum computing [55].

Qubit decoherence is a primary challenge in quantum
memory management. Decoherence occurs when qubits
interact with their environment, leading to a loss of quantum
information [56]. Decoherence can be influenced by noise
and external interference. Decoherence times measure the
stability of qubits and directly impact the reliability of
quantum memory. We will discuss more about quantum noise
and decoherence in section VI which are major challenges
we need to overcome to achieve fault-tolerant quantum
computing.

B. MEMORY ACCESS AND ALLOCATION

Quantum memory access differs significantly from classical
systems, as it depends on quantum gates and circuit-based
operations rather than address-based access mechanisms in
classical memory. Unlike classical systems where memory
is statically or dynamically allocated based on addresses,
quantum systems allocate qubits dynamically according to
the requirements of the quantum circuit design. Efficient
allocation strategies are essential to minimize the impact
of decoherence and error propagation during computation.
Techniques such as error correction codes, noise mitigation,
and structured architectures, such as Quantum Random
Access Memory, are crucial in optimizing qubit allocation
and utilization.

1) QUANTUM GATES

Quantum gates perform operations on qubits, similar to clas-
sical logic gates (e.g., AND, OR, NOT), but with the unique
capability to handle quantum properties such as superposition
and entanglement. Common quantum gates include Pauli
gates, Hadamard gates, Controlled-NOT (CNOT) gates, and
Phase Shift gates [57]. These gates manipulate qubits through
unitary transformations, enabling complex computations and
the execution of quantum algorithms.

The Pauli gates are fundamental quantum gates that
manipulate qubits. The Hadamard gate creates superposition,
transforming a qubit |0) into w and |1) into IO)%. The
CNOT gate entangles two qubits by flipping the target qubit
when the control qubit is |1), a key operation for creating
entangled states. The Phase Shift gate introduces a phase ¢
to the |1) state while leaving |0) unchanged. Toffoli gate is
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also known as the controlled-controlled-NOT (CCNOT) gate.
It consists of two control qubits and one target qubit.

These gates enable quantum parallelism, entanglement
generation, and phase manipulation, providing the foundation
for implementing complex quantum circuits and algorithms
[58]. They not only perform computations but also have a
critical role in memory management, as each gate operation
affects qubit states stored in quantum registers. Unoptimized
gate usage can accelerate decoherence, which leads to
memory loss in quantum architectures.

2) QUANTUM RANDOM ACCESS MEMORY

Quantum Random Access Memory enables superposition-
based data access, allowing quantum algorithms like
Grover’s search and quantum machine learning algorithms
to efficiently process large datasets by leveraging quantum
parallelism.

The bucket-brigade QRAM model provides favorable
error scaling O(plog?N) but faces scalability, precision,
and error propagation challenges [59], [60]. QRAMpoly
uses a polynomial encoding of binary strings to achieve
an exponential improvement in T-depth- reducing it from
O(logN) (as seen in bucket-brigade model) to O(loglogN).
This also lowered T-count to O(N —logN) (O(N) in bucket
brigade) while maintaining an O(N) qubit count [61]. Fan-
Out QRAM uses qubits where each kth address qubit controls
2 quantum switches. All the quantum switches are initialized
to |0), activating paths based on input addresses. While
enabling simultaneous access to multiple memory locations,
its exponential switch requirement O(2") makes large-scale
implementation impractical [62], [63].

Flip-Flop QRAM (FF-QRAM) is a quantum circuit-based
QRAM that stores binary data in superposition through
a three-stage process: flip stage, register stage, and flop
stage. While it reduces hardware overhead, it requires
an exponential circuit depth O(2") as well, which limits
its feasibility for deep quantum circuits [65]. Qudit-based
QRAM utilizes higher-dimensional quantum states (qudits)
to compress memory storage, reducing ancilla requirements
[66]. However, unstable higher states result in higher error
rates, making their implementation challenging. EQGAN
QRAM leverages entanglement-based quantum GANs for
efficient data encoding with constant-depth circuits [67],
while Approximate PQC-Based QRAM sequentially stores
classical data using trainable parameterized quantum circuits,
improving structured dataset storage but lacking parallel
access benefits [68]. Fat-Tree QRAM is a scalable, pipelined
architecture that enables parallel quantum queries with
enhanced bandwidth and reduced latency compared to
traditional QRAM designs [69]. It pipelines O(log(N))
independent queries in O(log(N)) time using O(N) qubits,
enabling high-bandwidth parallel access to data. As illus-
trated in Figure 3, the evolution of QRAM architectures
has progressed from early designs, like Fan-Out QRAM and
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bucket-brigade QRAM, to more advanced implementations
such as Fat-Tree QRAM.

Sorting networks optimize access cost to O((N +k)log(N +
k)) under a hypercube architecture, but their feasibility
is uncertain [64]. Active QRAM requires costly external
interventions (e.g., lasers in trapped-ion systems), while
passive QRAM faces difficulties in building scalable Hamil-
tonians [63].

Different technological approaches face unique challenges:

o Trapped Ions QRAM: Limited by photon-ion interaction
fidelity [63].

o Transmon-Based QRAM: Scaling beyond one layer is
constrained by relativistic causality bounds [70].

« Photonic Heralded QRAM: Requires complex collective
measurements [71].

When compared to classical RAM with O(logN) active
components, QRAM requires €2(V) interventions per access,
making it resource-intensive [72]. While QRAM remains
very important for quantum computing, practical scalability
demands advancements in hardware connectivity, error
correction, and passive memory design [60].

QRAM has a foundational role in quantum algorithms
that achieve acceleration through efficient data access.
Applications such as Grover’s search, quantum nearest neigh-
bor classification, quantum support vector machines, and
quantum principal component analysis rely on QRAM to load

VOLUME 13, 2025

and query large classical datasets in superposition, enabling
speedups unattainable with classical memory. These use
cases highlight QRAM’s importance in advancing scalable
quantum machine learning and search-based computations.

C. ERROR DETECTION AND CORRECTION

Quantum memory is susceptible to multiple error sources.
Bit-flip errors change the state of a qubit (e.g., |0) to
[1) or vice versa). Phase-flip errors change the relative
phase of a qubit in superposition. Measurement errors
include inaccuracies during state readout [73]. These errors
degrade the fidelity of quantum memory, making robust
error correction critical for stable operations. Quantum Error
Correction codes are essential to solve challenges with errors
in quantum systems. Unlike classical error correction, QEC
protects fragile quantum states without directly measuring
them which would collapse the quantum state.

1) SHOR'S CODE

Shor’s code is a Quantum Error Correction method that
encodes one logical qubit into nine physical qubits to correct
both bit-flip and phase-flip errors [74], [75].

The target qubit is the main qubit, while the eight
supporting qubits are designated as ancillary qubits (1 to 8).
The encoding process begins by replicating the main qubit’s
state into two additional qubits (3rd and 6th qubits) using
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CNOT gates, enabling phase error correction. These qubits
are then put into superposition using Hadamard gates to
prepare them for subsequent error detection.

To protect against bit-flip errors, each of these three qubits
further transfers its state to two ancillary qubits, ensuring
redundancy:

« Main qubit transfers its state to the 1st and 2nd qubits.
« 3rd qubit transfers its state to the 4th and 5th qubits.
« G6th qubit transfers its state to the 7th and 8th qubits.

After the encoding phase, potential errors (bit-flip or
phase-flip) may occur denoted as E. The correction process
involves applying CNOT gates and Hadamard gates in reverse
order to detect the error. Toffoli gates, controlled by the
ancillary qubits, are applied to the main, 3rd, and 6th qubits
to correct phase errors. Hadamard gates are then used to bring
the qubits out of superposition. Finally, a CNOT gate and a
Toffoli gate, controlled by the 3rd and 6th qubits, ensure the
final error correction.

2) STEANE'S CODE

Steane’s code is a Quantum Error Correction scheme
that extends classical linear error-correcting codes into the
quantum domain. Based on the [7,4,3] Hamming code,
it encodes one logical qubit into seven physical qubits,
providing fault tolerance by detecting and correcting both bit-
flip (X) and phase-flip (Z) errors.

This code utilizes stabilizer measurements to identify
errors without directly disturbing the encoded quantum
information. By applying quantum parity checks on both the
computational and Hadamard-transformed bases, Steane’s
code ensures simultaneous protection against X and Z errors.
This structure allows quantum superpositions to remain
intact, a crucial requirement for maintaining coherence in
quantum computation.

As one of the earliest examples of stabilizer codes,
Steane’s code forms the foundation for modern Quantum
Error Correction, connecting block codes like Shor’s code
and large-scale stabilizer codes like the Surface code.
The ability to redundantly encode quantum states while
preserving coherence established a critical step toward
practical fault-tolerant quantum computation [76].

3) TOPOLOGICAL CODES

Topological codes are a class of quantum error-correcting
codes that use topological properties to encode and protect
quantum information from errors. The toric code is a
topological quantum error-correcting code defined on a 2D
lattice with periodic boundary conditions [77]. It has high
error threshold and is robust against local errors but requires
complex decoding algorithms.

Surface codes are also defined in a two-dimensional
lattice, but unlike the toric codes, they don’t have periodic
boundary conditions. Qubits are classified into data qubits
and measurement qubits. Data qubits store computational
states while measurement qubits detect and correct errors.
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Measurement qubits are further divided into measure-Z
and measure-X qubits, responsible for enforcing stabi-
lizer constraints by projecting adjacent data qubits into
eigenstates of multi-qubit Pauli-Z and Pauli-X operators,
respectively. This stabilizer-based approach enables error
detection and correction without directly measuring the data
qubits, preserving quantum coherence. Surface codes require
fundamental quantum operations, including initialization,
single-qubit rotations, nearest-neighbor CNOT gates, and
SWAP operations to exchange quantum states between data
and measurement qubits. By continuously performing stabi-
lizer measurements, the surface code ensures fault-tolerant
quantum computation with scalable error correction [15].
Surface codes correct both incoherent and coherent noise.
At large scales, coherent physical noise is effectively
transformed into random Pauli errors at the logical level,
simplifying error correction [78]. Moreover, they enable
exponential suppression of logical errors with increasing
code distance and effectively mitigate leakage errors using
auxiliary qubit resets, reinforcing their viability for large-
scale fault-tolerant quantum computation [79]. In [80],
authors demonstrated Quantum Error Correction operating
below the surface code threshold using superconducting
qubits. The authors implemented distance-5 and distance-
7 surface codes on new-generation processors — Willow,
achieving logical error suppression with scaling factor A ~
2.14, which surpassed the performance of individual physical
qubits. A real-time decoder was integrated, maintaining
below-threshold performance across up to one million cycles
with a fast 1.1 us cycle time and 63 us decoding latency.
They also run distance-29 repetition codes and observe
ultra-low logical error rates down to 10710, revealing rare
correlated error events as a limiting factor. These results
mark a significant milestone toward scalable, fault-tolerant
quantum computation.

3D color codes are a class of topological quantum
error-correcting codes that extend 2D color codes to three-
dimensional lattices, enabling transversal implementation of
the full Clifford group and offering improved fault tolerance
for scalable quantum computation [81].

4) ADVANCED QUANTUM ERROR CORRECTION
Beyond fundamental Quantum Error Correction techniques
like Shor’s code, Steane’s code, and Topological codes,
recent advancements have introduced more modular and
resource-efficient approaches for quantum fault tolerance.

The Bacon-Shor code is a subsystem quantum error-
correcting code that encodes logical qubits into a rectangular
lattice of physical qubits. It leverages gauge degrees of
freedom to simplify error detection and correction by using
local row and column parity checks. This structure reduces
the complexity of syndrome extraction, making it efficient for
fault-tolerant quantum computation [82].

Another notable approach is Haah’s Cubic code, a three-
dimensional local stabilizer code that does not have
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string-like logical operators, making it a promising can-
didate for self-correcting quantum memory [83]. Unlike
conventional topological codes, Haah’s code uses fractal-
like stabilizers, which prevent errors from propagating easily,
thereby increasing the energy barrier for logical errors. This
property makes it resistant to thermal noise. Haah’s code is
effective for long-term quantum information storage.

The Heavy-Hexagon and Heavy-Square codes optimize
Quantum Error Correction for superconducting qubits by
reducing frequency collisions while maintaining fault tol-
erance. They use flag qubits to detect and correct errors
efficiently. A new decoding algorithm ensures full-distance
error correction. The heavy-hexagon code combines elements
of surface and Bacon-Shor codes, while the heavy-square
code modifies the surface code. Both achieve high error
thresholds, making them practical for scalable quantum
computing [84].

Quantum Low-Density Parity-Check (QLDPC) codes
provide efficient error correction by distributing stabilizers
sparsely across qubits, enabling fault tolerance with fewer
physical resources. These codes offer scalable error correc-
tion while minimizing the overhead required for logical qubit
encoding [85]. Surface codes are often considered a special
subclass of QLDPC codes due to their sparse, local stabilizer
structure, even though they are also categorized as topological
codes. In [86], authors demonstrated a constant-overhead
fault-tolerant quantum computing architecture by leveraging
quantum low-density parity-check codes implemented on
reconfigurable neutral atom arrays. The authors proposed a
modular, scalable architecture in which logical qubits are
encoded using QLDPC codes with constant rate and linear
distance scaling. They show how long-range connectivity
in neutral atom systems enables constant-time syndrome
extraction through parallel operations, and introduce QLDPC
lattice surgery for logical gate operations. Their approach
achieves both constant space-time overhead and physical fea-
sibility, marking a significant step toward scalable quantum
computation. In [87], authors presented a practical and high-
performance fault-tolerant quantum memory architecture
based on a new family of low-density parity-check codes
called Bivariate Bicycle (BB) codes. Unlike traditional
surface codes, BB codes offer high encoding rates, linear
distance scaling, and 10x lower qubit overhead. Specifically,
the authors demonstrated that 12 logical qubits can be
preserved for nearly 1 million syndrome cycles using just
288 physical qubits, compared to approximately 3,000
qubits required by surface codes. They introduced a depth-7
syndrome measurement circuit, adapted a belief-propagation
decoder for realistic circuit-level noise, and showed that their
codes achieve an error threshold of approximately 0.7%,
matching that of the surface code. The Tanner graphs of BB
codes are decomposed into two planar layers (thickness-2),
making them feasible for implementation on superconducting
hardware. This work provides the way for near-term real-
ization of scalable and efficient quantum memories. In [88],
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authors proposed a Belief Propagation with Ordered Statistics
Decoding (BP-OSD) method to enhance the decoding
performance of degenerate QLDPC codes under depolarizing
noise. The approach combined soft-decision decoding (belief
propagation) with a post-processing step based on ordered
statistics decoding, enabling substantial error correction
improvements. The authors demonstrated that BP-OSD
outperformed traditional decoders across several known and
newly constructed QLDPC codes, including generalized
bicycle and generalized hypergraph product codes — some of
which even surpassed large surface codes decoded with near-
optimal algorithms.

Recent advancements in Quantum Tanner codes enhance
Quantum Error Correction by achieving constant rate and
linearly growing minimum distance. Derived from classical
Tanner codes and expander graphs, they construct quantum
codes with superior minimum distance estimates and efficient
error detection. Unlike traditional QLDPC codes, Quantum
Tanner codes leverage locally testable codes (LTCs) for
minimal qubit overhead [89].

In [90], authors introduced a Reinforcement Learning
(RL)-based approach for optimal Quantum Error Correction
codes using the Quantum Lego (QL) framework. Many-
hypercube codes was introduced in [91], a new family
of quantum error-correcting codes that achieved higher
encoding rates compared to surface codes and QLDPC
(hypergraph product) code. These codes enable efficient par-
allel logical gate operations while maintaining fault tolerance.
In this study, authors also introduced level-by-level minimum
distance decoding and fault-tolerant encoders to improve
efficiency. Many-hypercube codes are promising alternative
for scalable, high-performance quantum computing.

Error detection and correction have a vital role in main-
taining quantum memory. It enhances reliability by correcting
errors before they propagate which increases coherence time
and provides high scalability for quantum systems. Error cor-
rection is essential for building large-scale quantum systems
[56]. Without effective error correction, quantum memory
would be unstable for practical applications. A detailed
overview of the various Quantum Error Correction codes
available in the existing literature is provided in table 1.

D. QUANTUM READ/WRITE OPERATIONS

Quantum read/write operations involve encoding, manipulat-
ing, and retrieving quantum information from qubits. These
operations are fundamental to quantum memory stability and
error correction, directly impacting the efficiency of quantum
computation. Advancements in quantum state measurement
and control have significantly improved readout fidelity,
initialization speed, and coherence preservation. Research
efforts have focused on various quantum platforms, including
superconducting, trapped ions, photonic, neutral atoms, and
silicon-based spin qubits. We explored the readout and
initialization techniques for these different qubit platforms.
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TABLE 1. Quantum error correction techniques.

Error  Correction | Code Family Encoding Size Key Features Scalability & Feasibility
Technique
Shor’s code [74] Concatenated 9 qubits Encodes one logical qubit into nine | High qubit overhead; not very resource-
physical qubits using a concatenated 3- | efficient.
qubit repetition scheme for phase-flip
and bit-flip error correction; early exam-
ple of Quantum Error Correction.
Steane’s code [76] Calderbank- 7 qubits Based on classical Hamming [7,4,3] | More resource-efficient than Shor’s
Shor-Steane code; stabilizer-based detection and cor- | Code.
(CSS) code rection; fault-tolerant gates.
Toric code [77] Topological Varies(2D A topological code that encodes logical | Robust against local errors; requires
Lattice-based) qubits in global properties of a 2D lattice | complex decoding algorithms.
with periodic boundary conditions.
Surface code [15] QLDPC Varies(2D Uses stabilizers for error detection and | Highly scalable and high error thresh-
(Topological) Lattice-based) correction; high fault tolerance; nearest- | old, well-studied, many efficient de-
neighbor interactions. coders.
3D color codes [81] Topological Varies(3D Supports transversal Clifford opera- | Suitable for large-scale quantum com-

Lattice-based)

tions, improving fault tolerance; oper-
ates on a three-dimensional lattice.

puting but requires
qubits.

more physical

Bacon-Shor code [82]

Subsystem code

Varies(Rectangular
lattice)

Uses gauge operators to simplify error
detection; reduces complexity of syn-
drome extraction.

Efficient fault tolerance for supercon-
ducting and trapped-ion qubits.

Haah’s
[83]

Cubic code

Topological
(Fractal)

Varies(3D lattice)

Fractal-like stabilizers prevent long-
range error propagation; potential for
self-correcting quantum memory.

Promising for long-term quantum infor-
mation storage; implementation is still
theoretical.

Heavy-Hexagon code
[84]

Hybrid (Topolog-
ical + Subsystem)

Varies(Heavy-
hexagonal lattice)

A hybrid of Surface and Bacon-Shor
codes, designed for superconducting
qubits; reduces frequency collisions.

Practical for superconducting qubits;
supports high-fidelity quantum opera-
tions.

Bivariate Bicycle | QLDPC Varies (LDPC- | Family of QLDPC codes with high en- | Preserves 12 logical qubits over 1 mil-
(BB) codes [87] based planar | coding rates, linear distance scaling, and | lion cycles using only 288 qubits; 10
layout) low qubit overhead; uses belief propaga- | times more efficient than surface codes;
tion decoder on planar Tanner graphs. feasible on superconducting platforms.
QLDPC codes on | QLDPC Varies  (Neutral | Constant-rate, linearly-scaling QLDPC | Enables constant-time syndrome extrac-
Atom Arrays [86] atom lattice) codes using modular reconfigurable | tion and fault tolerance with constant
neutral atom arrays; supports lattice | overhead.
surgery.
BP-OSD  Enhanced | QLDPC Varies Combines belief propagation with or- | Outperforms traditional decoding and
QLDPC codes [88] (Generalized dered statistics decoding to improve per- | some large surface codes.
Bicy- formance under depolarizing noise.
cle/Hypergraph
codes)
Quantum Tanner | QLDPC Varies (Expander | Uses locally testable codes (LTCs) to | Offers high fault tolerance with minimal
codes [89] Graph-based) achieve high fault tolerance with effi- | qubit overhead.
cient stabilizer checks.
Many-Hypercube QLDPC Varies(Hypercube- | Supports parallel logical gate operations | Higher encoding rates than Surface

codes [91]

based structure)

while maintaining fault tolerance; im-
proves encoding rates.

and QLDPC (hypergraph product) code;
suitable for parallel processing but re-
quires efficient decoding algorithms.

1) SUPERCONDUCTING QUBITS

Superconducting qubits are one of the leading platform for
quantum computation, requiring precise readout techniques.
Several studies have explored different methods to improve
readout fidelity and measurement speed. In [92], a novel
readout scheme for superconducting qubits was proposed
which combined a shelving technique to minimize decay
error during readout and two-tone excitation of the readout
resonator to distinguish higher-energy qubit states. Machine
learning algorithms further enhanced qubit-state assignment
fidelity, improving single-shot frequency-multiplexed qubit
readout. The study achieved 99.5% assignment fidelity
for two-state readout and 96.9% for three-state readout,
without using a quantum-limited amplifier. With a 140 ns
readout time, this approach significantly improved quantum
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state measurement accuracy. In [93], authors demonstrated
optical readout of a superconducting transmon qubit with
a piezo-optomechanical transducer, converting microwave
signals into optical signals for readout through optical fiber.
This approach reduced cryogenic constraints, improving
scalability in quantum processors. The method achieved
81% single-shot readout fidelity, highlighting the potential
of microwave-to-optics conversion for efficient quantum
computing. An efficient qubit initialization protocol using
a tunable dissipative environment was proposed in [94]
to achieve fast and accurate qubit state preparation. The
protocol used a superconducting qubit in interaction with a
thermal bath with a tunable harmonic oscillator, dynamically
adjusting the environment to induce rapid relaxation to the
ground state. Using a Markovian master equation, authors
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optimized initialization parameters and demonstrated that
qubit initialization speed and fidelity can be significantly
improved. Numerical results confirmed that the protocol
achieved a high-fidelity ground state while minimizing
excess dissipation, making it suitable for large-scale quantum
computing. A quantum optimal control approach for single-
shot multi-qubit gates was explored in [95], achieving fideli-
ties above 99.99%. Using a feasibility-based formulation and
global optimization techniques, the method improved the
speed and accuracy of three- and four-qubit gates without
decomposition into smaller gates, which reduced decoher-
ence effects. The approach was tested on superconduct-
ing transmons using avoided-level-crossing-based control,
demonstrating faster and more efficient gate operations. This
study provided a scalable solution for high-fidelity quantum
computing, making advanced quantum control techniques
more accessible.

2) NEUTRAL-ATOM QUBITS

Neutral-atom qubits provide a scalable approach to
fault-tolerant quantum computing due to their high coherence
times and the ability to perform non-destructive readout.
In [96], authors demonstrated a universal neutral-atom
quantum computer with individual optical addressing and
non-destructive readout. The system achieved 99.35(4)%
CZ fidelity (where the number in parentheses indicates
the uncertainty, i.e., 99.35 £+ 0.04%) and 99.902(8)%
local single-qubit RZ gate fidelity, supporting scalable
fault-tolerant quantum computing. By using steerable laser
beams instead of mid-circuit qubit shuttling, high gate rates
limited only by optical switching times were achieved.
Additionally, the non-destructive readout method achieved
a state-averaged atom loss rate of 0.9(3)%, allowing qubit
reuse and enhancing computational efficiency. In [97],
authors demonstrated high-fidelity parallel entangling gates
with 99.5% fidelity across up to 60 qubits, advancing
neutral-atom quantum computing. They used Rydberg
interactions to implement two-qubit controlled phase (CZ)
gates and extended the technique to three-qubit gates.
By optimizing laser pulse control, suppressing scattering
errors, and improving atom cooling, they achieved significant
error reduction. Multiple benchmarking methods confirmed
the fidelity, and scalability was demonstrated with consistent
performance across a large qubit array.

3) PHOTONIC QUBITS

Photonic qubits offer unique advantages in quantum informa-
tion processing due to their inherent low decoherence, high-
speed transmission, and compatibility with optical fiber net-
works. In [98], authors presented a programmable photonic
quantum memory capable of storing 72 optical qubits using
144 atomic ensembles, supporting up to 1,000 consecutive
read/write operations. The system demonstrated quantum
queue, stack, and buffer functionalities, along with the storage
and reshuffling of entangled photon pairs, enabling efficient
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quantum networking and repeater protocols. Utilizing 87Rb
atomic ensembles and Electromagnetically Induced Trans-
parency (EIT), the memory achieved 95% fidelity, a 500 us
coherence time, and a 1 us access speed.

However, photon transmission over long distances presents
fundamental challenges due to exponential photon loss in
optical fibers, which limits direct quantum communication
to approximately 500 km [99]. To overcome this, quantum
repeaters leverage entanglement and quantum teleportation
to extend communication distances, requiring high-fidelity
quantum memories as demonstrated in [98]. Additionally,
heralded qubit amplifiers, which probabilistically amplify the
probability amplitude of photonic qubits, offer a promising
alternative for Device-Independent Quantum Information
Processing (DIQIP) over tens of kilometers [99]. These
advances contribute to the ongoing development of scalable
and robust quantum communication networks.

4) TRAPPED-ION QUBITS

Trapped-ion quantum computing benefits from long coher-
ence times and precision control, making them a potential
candidate for scalable quantum systems. High-fidelity qubit
operations in a trapped-ion quantum computing system
using ¥Cat hyperfine atomic clock states was demon-
strated in [100]. In this study, authors achieved 99.93%
state preparation and readout fidelity, a coherence time of
50 seconds, and an average single-qubit gate fidelity of
99.9999%. The ion qubit was trapped in a room-temperature
microfabricated surface trap without the need for magnetic
shielding or dynamic decoupling. The system utilized
near-field microwave control, eliminating the need for lasers
for logic gates, making it scalable for large arrays of
multiplexed ion traps. In [101], authors used a two-layer u-
metal shield and ring-shaped SmyCoq7 magnets (0.37 mT)
to stabilize a single *°Cat Zeeman qubit. They achieved a
Ramsey coherence of 775 ~300 ms and a spin-echo coherence
of T ~2.1 s. Authors in [102] stored a qubit in the metastable
5Ds/, manifold of a single 137Bat ion. With sympathetic
cooling and erasure error detection, they achieved a CPMG
spin-echo coherence of T, = 136(42) s whereas the same
qubit without erasure detection dephased in 22(2) s.

5) SILICON-BASED SPIN QUBITS

Silicon-based spin qubits have emerged as a promising
solution for scalable quantum computing due to their long
coherence times and compatibility with existing semicon-
ductor technology. Recent advancements in high-fidelity
readout and initialization techniques have significantly
improved their reliability, making them important candidates
for fault-tolerant quantum systems. In [103], high-fidelity
readout and control of a 31P nuclear spin qubit in silicon
was demonstrated, which achieved higher than 99.8%
readout fidelity and single-qubit gate fidelities above 98%.
Researchers integrated single-shot electron spin readout with
coherent NMR control, enabling quantum non-demolition
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(QND) measurement. The nuclear spin exhibited coherence
times of 60 ms, and an on-chip electrical detection method
facilitated its manipulation. These results validated the feasi-
bility of silicon-based nuclear spin qubits for scalable quan-
tum computing. In [104], authors demonstrated high-fidelity
readout and initialization of silicon spin qubits above 1K.
They used radiofrequency readout for fast and accurate
measurements, achieving a readout fidelity of 99.34%.
To counter thermal effects at higher temperatures, they
introduced an algorithmic initialization protocol, enabling
deterministic state preparation despite thermal broadening.
The results achieved were 99.85% single-qubit gate fidelity
and 98.92% two-qubit gate fidelity, demonstrating reliable
read and write operations essential for scalable quantum
computing.

Quantum read/write operations also depend on pulse
optimization techniques to minimize noise, enhance gate
fidelities, and improve computation reliability and quantum
memory efficiency. A pulse optimization framework to
improve gate fidelities for semiconductor spin qubits was
presented in [105]. Authors addressed challenges such
as charge noise, bandwidth limitations, and crosstalk by
adapting spectral concentration techniques for pulse shaping.
They achieved fidelities above 99.5% for two-qubit gates,
with numerical simulations predicting higher than 99.9%
fidelity in short durations.

Quantum read/write operations are crucial for ensuring
the accuracy and efficiency of quantum computations.
Advances in superconducting, neutral-atom, trapped-ion, and
silicon-based qubits have led to significant improvements in
readout fidelity, state initialization, and control techniques.
These advancements push the boundaries of scalability,
allowing for more reliable implementations of fault-tolerant
quantum computing. As quantum hardware continues to
evolve, integrating machine learning and optimal control
methods will further enhance the precision and robustness of
quantum information processing.

A comparative summary of key performance metrics
across leading quantum memory technologies is provided
in Table 2, highlighting differences in coherence times,
fidelity, scalability, and energy efficiency. Figure 4 provides
the trade-off between coherence time and gate (or memory)
fidelity for the major qubit technologies.

E. PERFORMANCE METRICS

Quantum memory management depends on several key
performance metrics that determine computational reliability
and efficiency:

o Coherence Time: Measures how long a qubit retains its
quantum state before decoherence. Longer coherence
times enable more reliable execution of complex quan-
tum algorithms.

o Fidelity: Quantifies the accuracy of quantum gate
operations by assessing how closely the actual output

187490

99.99%

99.85%

99.35%

=
o
=)

107!

O
()]
Fidelity (%)

Coherence Time (s, log scale)
=
N

94
1073
92
1074
Superconducting Neutral-Atom Photonic Trapped-lon Spin (Si) 90

FIGURE 4. Coherence vs. fidelity for leading qubit platforms. Bars show
the longest routinely attainable energy-relaxation timeT;, except for
trapped ions where the published single-echoT, (2.1 s) is used. Red
points mark the highest reported two-qubit gate fidelity; for photonic
memories, the best read/write fidelity (95 %) is plotted. The logarithmic
axis highlights the 10~% to 10° s span in coherence.

matches the intended state. Gate fidelities above 0.99 are
crucial for ensuring dependable quantum circuits.
Additionally, fidelity-based coherence measures provide
analytical insights into how quantum states deviate from
incoherent states [108], contributing to circuit stability
and optimization.

e Scalability: Remains a major challenge. As qubit
counts increase, longer circuits introduce additional
crosstalk, gate errors, and readout noise, leading to error
accumulation. Efficient error mitigation techniques are
necessary to maintain computational accuracy.

o Decoherence Effects: Includes energy relaxation (77)
and partial wavefunction collapse (77), both of which
significantly impact algorithm success rates, particularly
in larger circuits.

These performance metrics collectively guide the design
and optimization of quantum systems and algorithms, helping
address the challenges of noisy qubits and improving
scalability in quantum computation [109].

V. COMPARATIVE ANALYSIS OF MEMORY
MANAGEMENT

Memory management in classical and quantum computing
differs significantly due to their distinct architectures and
operational principles. Understanding these differences is
crucial for optimizing performance in each paradigm. Clas-
sical memory systems use bits stored within structured levels
of registers, cache, RAM, and secondary storage [28]. Data
management strategies such as paging and segmentation
enable efficient allocation and retrieval of resources [68].
On the other hand, quantum memory encodes information
using qubits, which leverage superposition and entanglement
for simultaneous representation of multiple states [24].
However, preserving these quantum states is a key challenge
in quantum memory systems [110].

Classical registers store binary data and operate determin-
istically, supporting fast and reliable access by the CPU.
On the other hand, quantum registers store quantum states
using multiple qubits, enabling simultaneous manipulation
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TABLE 2. Performance comparison of quantum memory technologies.

Coherence Time

Qubit Type Read/Write Fidelity

Scalability Energy Efficiency

Superconducting | 80 us (77) [106]

99.99% gate fidelity [95]

99.5% readout (2-state) [92];

High gate speed; microwave-
optical transducer improves
scalability [93]

High cooling cost; active con-
trol needed [94]

Neutral-Atom ~100 ps (Ryd-

berg T71) [107] fidelity [96]

99.35% CZ, 99.902% RZ gate

Scalable via optical address-
ing; supports up to 60 qubit
parallelism [97]

Requires atom cooling; laser-
based control

fidelity [104]

Photonic ~500 ps (EIT- | 95% fidelity, 1000 read/write | Excellent for quantum | No active cooling; minimal idle
based) [98] ops [98] networks; limited by photon | energy consumption
loss [99]
Trapped-Ion 2.1 s (spin-echo | 99.9999% gate fidelity; | High  precision;  supports | Moderate power; vacuum and
T5 [101] 99.93% R/W [100] scalable  multiplexed trap | laser systems required
arrays [100]
Spin (Silicon) ~60 ms [103] 99.34% readout; 99.85% gate | High CMOS compatibility; op- | Excellent; low energy opera-

erable above 1K [104] tion possible [103]

of superposed values through entanglement. While classical
registers are stable and straightforward to manage, quantum
registers require precise control and error correction due to
their susceptibility to decoherence and noise. These differ-
ences reflect the broader distinctions in memory management
approaches between classical and quantum architectures.

A. ERROR CORRECTION TECHNIQUES

Classical memory systems depend on robust error detection
and correction mechanisms to maintain data integrity and
system reliability. Techniques such as Hamming codes, Low-
Density Parity-Check codes, and Error Correction Codes
address bit-flips and transient errors caused by hardware
faults, electromagnetic interference, and memory wear-
out [3], [68].

Quantum memory, on the other hand, introduces unique
challenges due to quantum decoherence and noise, which
are caused by environmental interactions and disrupt qubit
states [13]. Unlike classical errors, quantum errors can
involve both bit-flip and phase-flip errors, requiring advanced
Quantum Error Correction techniques to preserve quantum
information [14], [76]. A 2.5 year field study reported DRAM
bit-flip rates of ~ 2.5 x 107! failures bit"' h~! (equiva-
lently 25 00070 000 FIT Mbit~!), with 8% of DIMMs with
correctable errors and 0.22% showing uncorrectable errors
per year [111]. However, the state-of-the-art operation-time
errors in quantum processors remain much higher. Authors
in [112] used tunable-coupling gmon qubits to realize the full
two-parameter fSim gate set and benchmarked 525 distinct
gates, achieving an average two-qubit Pauli error of 3.8 x
10~3 across the entire (6, ¢) space. In [113], authors achieved
microwave-driven single-qubit gates on a **Ca™ clock qubit
with an error of 1.5 x 1077 in a room-temperature surface
trap via active amplitude/phase calibration and suppression
of decoherence and leakage. These differences make it
clear why classical ECC can correct with modest overhead,
whereas quantum systems require heavy-weight codes to
reach fault-tolerant thresholds.

QEC codes such as Shor’s code, Steane’s code, and the
Surface code encode a single logical qubit into multiple
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physical qubits to detect and correct errors without collapsing
the quantum state [15], [78]. However, these techniques intro-
duce significant computational overhead, as QEC requires
thousands of physical qubits for every logical qubit to ensure
fault tolerance [22]. Authors in [114] implemented a distance-
5 surface code on 49 physical qubits and achieved a 2.9 %
logical error per cycle — which outperformed ensemble of
distance-3 logical qubits on average. Authors in [80] ran
a distance-7 code — 101 physical qubits delivered a 0.143
% logical error per cycle and a lifetime 2.4 times longer
than its best physical qubit, marking the first below-threshold
surface-code memory. These results highlight that pushing to
a larger code distance initially increases the physical-qubit
overhead (101 vs 49). But, by moving the processor firmly
below threshold, this reduces the logical-error rate by nearly
20 times. This ensures that future hardware-fidelity gains will
let the same target error be reached with smaller distances —
so the apparent penalty in storage is the price of unlocking
exponential suppression of logical errors (see Table 3).

Unlike classical error detection and correction, QEC
cannot depend on direct duplication of data due to the no-
cloning theorem, which prevents exact copying of quantum
states [115]. Instead, QEC uses stabilizer measurements
and syndrome extraction to detect and correct errors
while preserving superposition and entanglement. Surface
codes provide exponential suppression of logical errors
with increasing code distance [79]. However, large-scale
implementation of QEC remains an active research challenge
due to hardware constraints, gate fidelity limitations, and
qubit connectivity issues [116].

While both classical and quantum memory systems
depend on error correction techniques to enhance reliability,
their methodologies differ significantly. Advancing both
paradigms require ongoing research to optimize error correc-
tion efficiency, reduce computational overhead, and improve
scalability for the next generation of high-performance and
quantum computing architectures [13], [116].

B. LATENCY, ENERGY AND SCALABILITY
Classical and quantum memory systems face different
challenges at the hardware and architectural levels. Classical
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TABLE 3. Storage overhead of representative classical and quantum
error-correction codes.

Domain | Code (params) Phys:Log | Storage
Overhead
Classical | Parity (9,8) (One | 1.125:1 12.5%
parity bit per eight
data bits [1])
Classical | SEC-DED 1.125:1 12.5%
Hamming/Hsiao
(72,64) (Eight check
bits per 64 data bits)
[1].
Classical | ChipKill BCH/RS | 1.125:1 12.5%
(144,128) [117]
Quantum | Shor [9,1,3] [14] 9:1 800 %
Quantum | Steane [7,1,3] [76] 7:1 600 %
Quantum | Surface code | 49:1 4800 %
(distance 5) [114]
Quantum | Surface code | 101:1 10000 %
(distance 7) [80]

Phys / Log = physical bits / qubits per protected logical bit / qubit. Storage
overhead = ((Phys/Log) — 1) x 100 %. Surface-code rows assume
rotated planar patches: nppys = 2d?% — 1 (49 for d=5; 97 for d=T7) plus 4
leakage-removal qubits on Willow, giving 101.

systems focus on reducing latency and improving energy
efficiency across hierarchical memory layers, while quantum
systems are limited by decoherence, error correction over-
head, and cryogenic requirements. Both systems deal with
scalability issues and high power consumption in large-scale
applications [118].

1) LATENCY

In classical architectures, reducing memory latency is a key
optimization challenge, as data access times between hierar-
chical memory levels (such as cache, random access memory
(RAM), and secondary storage) have a major effect on
system performance [3]. Techniques such as pipelining and
prefetching are used at the hardware level to predict memory
requests, reduce waiting time, and improve processing speed.
Memory fragmentation at the operating system level can
also increase latency and reduce how efficiently memory is
used [68].

Quantum systems face different challenges. Latency in
quantum memory depends on how long qubits can stay in
a stable state (coherence time), how fast quantum gates
can operate, and how well entanglement is maintained.
Traditional methods like pipelining or speculative execution
cannot be applied. Accessing or changing quantum memory
requires precise quantum gate operations, and using Quantum
Error Correction adds extra steps like syndrome measure-
ments, which increase access time. This creates a trade-off:
trying to access data faster can make qubits lose their state
more quickly due to decoherence [119]. Figure 5 compares
classical memory latencies with typical quantum-operation
latencies, using a hard-disk seek as the slow-end reference
point.
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FIGURE 5. Latency range on a logarithmic scale (values from Table 4).
Classical memory baseline: DDR3 DRAM read hit, 37 ns. Classical storage
baseline: hard-disk seek, 3.6 ms (included only to show the full range).
Quantum operations: 50-140 ns for superconducting qubits and 12.1 us
for a trapped-ion gate.

2) ENERGY CONSUMPTION

High energy consumption remains a significant challenge
for both classical and quantum systems. While classical
memory architectures use low-power DRAM, non-volatile
memory, and optimized caching techniques to reduce energy
consumption, large-scale computing environments still face
high power demands, particularly in high-power computing
and cloud computing infrastructures [28].

Quantum memory, however, introduces substantially
higher energy demands due to its reliance on cryogenic cool-
ing systems. Superconducting qubits require dilution refrig-
erators operating at millikelvin temperatures to maintain
coherence, resulting in extreme energy consumption [116].
In a recent cryogenic-memory prototype that integrates spin-
Hall-effect magnetic-tunnel-junction cells with supercon-
ducting hTron selectors, authors reported a write energy
of ~ 8 pIbit~! at 4K — before the dilution refrigerator’s
overhead factor is included [120]. In [121], authors give a
4.5 K specific-power of 5.77 x 10>°W W~!. Applying this
overhead brings 8 pJ write to ~ 4.6 nJ per bit. Furthermore,
Quantum Error Correction techniques, such as surface codes
and stabilizer codes, introduce additional energy overhead,
as multiple physical qubits must be maintained to encode
a single logical qubit. This overhead scales exponentially
with increasing system size, making power efficiency a major
challenge for practical quantum computing.

Alternative quantum memory technologies, such as
trapped-ion qubits and photonic quantum memory operate
at higher temperatures or remove the need for cryogenic
cooling. However, trapped-ion systems require continuous
high-power lasers for qubit control and cooling, along
with ultra-high vacuum infrastructure. In [122], authors
mentioned using two 5 mW Raman beams for a 50 us gate,
corresponding to an energy cost of approximately 0.5 uJ per
trapped-ion entangling (logical) access. The significant gate
latency for trapped ions is also a limitation. Photonic quantum
memory relies on high-precision optical components, which
impacts overall power efficiency. Figure 6 shows the
per-access energy of state-of-the-art classical DRAM with
two representative quantum/cryogenic technologies. Even
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after refrigeration overhead, the cryo-spin write (4.6 nl)
is 100 times higher than Low Power Double Data Rate 2
(LPDDR?2), and a trapped-ion gate (0.5 wJ) is a further two
orders of magnitude above that — showing quantum memory
is still far from classical efficiency.

0.5
® Classical IAJ

® Quantum

10*

10°

Energy per logical access (p), log scale)

DDR3 DRAM LPDDR2 DRAM Cryo-Spin

(device + fridge)
FIGURE 6. Per-access energy: DDR3, LPDDR2, cryo-spin (4.6 nJ), and
trapped-ion (0.5 pJ); quantum energy requirements are orders of
magnitude higher.

Trapped-lon Gate

3) SCALABILITY

Classical memory systems scale efficiently using parallel
memory channels, distributed computing architectures, and
hierarchical caching mechanisms. These approaches help
minimize memory bandwidth bottlenecks and maintain
performance as workloads increase [68]. At the architectural
level, advanced memory strategies such as Non-Uniform
Memory Access-aware designs and Compute Express Link
memory pooling improve resource sharing and performance
in large-scale data centers.

Quantum memory, on the other hand, faces fundamental
scalability challenges at the hardware level. The main issue
is the requirement for fault-tolerant architectures, as qubit
decoherence and gate errors make it difficult to scale without
significant overhead from Quantum Error Correction [110].
Figure 7 shows representative raw error rates for DRAM and
modern superconducting and trapped-ion qubits, highlighting
the orders-of-magnitude gap that must be closed before quan-
tum systems can match classical reliability. Scaling quantum
memory involves increasing the number of reliable logical
qubits while minimizing the number of required physical
qubits, which is still a major research challenge (see Table 3).
Achieving this requires improvements in hardware stability,
inter-qubit connectivity, and coherence times. Without these
advancements, building large-scale fault-tolerant quantum
memory remains impractical. Trapped-ion memory offers the
highest coherence and gate fidelity but faces slow gates and
significant energy overhead from continuous-wave lasers.
Superconducting qubits achieve low-latency gates, but their
sub-kelvin cryogenic hardware and dense control wiring
brings considerable power and scaling challenges.

Addressing these challenges is crucial for advancing
memory management in both the classical and quantum
computing paradigms. While classical systems continue
to refine latency reduction techniques and energy-efficient
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FIGURE 7. Raw physical error rates for a classical DRAM bit (field study)
and two representative quantum operations (superconducting two-qubit
fSim gate and trapped-ion single-qubit Clifford gate). DRAM values
measure storage-time reliability, whereas qubit values are gate-operation
fidelities.
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architectures, quantum systems require fundamental innova-
tions in hardware stability, fault tolerance, and Quantum Error
Correction efficiency to achieve practical scalability. Table 4
presents a quantitative comparison of key metrics — latency,
energy, error rate, and coherence — across classical and quan-
tum memory systems. These parameters are selected to reflect
core performance and reliability factors. While direct com-
parison is challenging due to the evolving nature of quantum
hardware, the table illustrates fundamental gaps and emerg-
ing capabilities as quantum memory technologies advance.
A broader qualitative analysis of memory management char-
acteristics — including memory units, allocation strategies,
access mechanisms, and scalability — is provided in Table 5.

TABLE 4. Quantitative comparison between classical and quantum
memory systems.

Metric Classical Memory Quantum Memory
Latency | DRAM latency (37 ns | 140 ns readout latency
-2010); 3.6 ms access | (Superconducting qubit [92]);
latency (Hard disk, | 23-70 ns gate execution time
2010 Seagate) [1] (multi-qubit  superconducting
gates [95]); 12.1 us gate-level
latency for a 7/2 microwave
pulse (trapped-ion [100])
Energy 70-260 pl/bit (Dou- | ~8 pl/bit write energy at 4 K
per ble Data Rate type 3 | for cryogenic quantum mem-
Access (DDR3)); 40-50 pJ/bit | ory [120] (higher system-level
(LPDDR2) [123] energy due to refrigeration);
Trapped-ion Raman gate: 0.5
wl. [122]
Error 25 x 107 to [ 3.8 x 10~3 per two-qubit
Rate 7.0 X 10~ | fSim gate (superconducting)
failures bit—1 h—1 [112]; 1.5 x 107 per single-
(25000-70 000 qubit Clifford gate (trapped-ion
FIT Mbit—1, field | 43Cat)[113]
study [111])
Memory | Not applicable (data | ~50 s (Trapped-ion [100]);
Coher- remains stable until | ~500 us (Photonic [98]); ~60
ence overwritten) ms (Silicon-based spin [103])
Time

C. INTER-DEPENDENCIES IN HYBRID QUANTUM AND

CLASSICAL SYSTEMS
Hybrid quantum-classical computation depend on efficient
memory management to handle iterative optimizations,

187493



IEEE Access

P. Lamichhane, D. B. Rawat: Bits to Qubits: A Comparative Study of Memory Management

TABLE 5. Comparative analysis of memory management in classical vs quantum architectures.

Aspect

Classical Memory Management

Quantum Memory Management

Memory Unit

Uses bits (0 or 1), which are the fundamental units of
data in digital computation [1].

Uses qubits, which can exist in multiple states simul-
taneously (superposition), enabling quantum parallelism
and complex data encoding [24].

Memory Structure

Organized in hierarchical levels (registers, cache, RAM,
and secondary storage) to balance speed, capacity, and
cost [28].

Uses quantum registers to store qubits, enabling quan-
tum operations such as superposition and entanglement
[48].

Memory Allocation

Uses static and dynamic memory allocation. Techniques

Depends on dynamic qubit allocation based on circuit

reliable storage. Classical storage devices (e.g., RAM,
SSD, HDD) degrade over time but are less susceptible
to immediate data loss [28].

Strategy such as paging, segmentation, and memory pooling op- | design. Quantum memory models like Quantum Ran-
timize resource management [29], [33]. dom Access Memory and error-correcting codes are

required for stable qubit storage [59], [62].
Data Integrity Data integrity is preserved through redundancy, ensuring | Quantum coherence is critical for maintaining data in-

tegrity. Qubits are highly sensitive to decoherence, lead-
ing to rapid loss of quantum information unless error
correction techniques are applied [13], [22].

Memory Access

Memory access is optimized using caching, prefetching,
and pipelining techniques, achieving low-latency [2].

Memory access is performed by executing controlled
quantum gate operations that manipulate qubits stored
in quantum registers [19].

Memory Retrieval

Classical systems have predictable, deterministic data
retrieval with well-defined addressing schemes (e.g.,
virtual memory, paging, segmentation) [68].

Quantum memory retrieval involves state collapse upon
measurement, resulting in a classical outcome while
qubit loses its superposition [124]. Readout fidelity is
a key challenge in quantum computing [18].

Energy Efficiency

Uses low-power DRAM, SRAM, and non-volatile mem-
ory (NVM) with optimization techniques such as dy-
namic voltage scaling (DVS) to reduce power consump-
tion [5], [21]. Energy-efficient caching strategies further
minimize computational overhead [31].

Requires cryogenic cooling (millikelvin temperatures)
for superconducting qubits, leading to extreme energy
consumption [49]. Trapped-ion qubits require contin-
uous high-power laser control and ultra-high vacuum
systems, while photonic qubits face photon loss and
complex optical infrastructure challenges [53].

Scalability

Classical memory scales efficiently through hierarchical
architectures, distributed systems, and hybrid storage

Quantum memory systems face significant scalabil-
ity challenges due to high qubit error rates, deco-

solutions (e.g., CXL memory pooling) [34].

herence, and hardware limitations. Large-scale fault-
tolerant quantum systems require advanced QEC codes,
which increase physical qubit overhead [79], [116].

store intermediate quantum states, and manage classical
data preprocessing. Since quantum memory is limited by
coherence time, classical systems have a crucial role in
preprocessing data before quantum execution. Classical
preprocessing, such as amplitude encoding, maps data to
quantum states, while quantum operations such as the SWAP
test evaluate similarities or fidelities between states [125].
Hybrid systems integrate classical and quantum resources
to solve complex problems faced by classical computing.
For example, Variational Quantum Algorithms highlight this
interdependence, where quantum circuits compute expecta-
tion values for parameterized Hamiltonians, and classical
optimizers iteratively update the parameters.

Task division is a fundamental aspect of hybrid quantum-
classical computation. This can be observed in the Hamilto-
nian decomposition into Pauli strings where quantum proces-
sors compute the expectation values of individual Pauli terms,
while classical systems aggregate these values and optimize
the final results. Additionally, error mitigation highlights
the collaboration between quantum and classical resources,
where classical techniques refine noisy quantum outputs to
enhance computational accuracy. These hybrid approaches
balance the constraints of limited quantum resources with
the computational efficiency of classical methods, leading to
significant advancements in optimization, machine learning,
and data analysis.
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Interdependencies can be categorized as vertical and
horizontal. Vertical interdependencies involve application-
agnostic tasks such as decomposition, implementation, and
control of quantum operations [126]. Horizontal interdepen-
dencies emphasize algorithmic workflows, including pre-
processing, post-processing, and iterative quantum-classical
interactions in variational algorithms [127], as well as
problem decomposition into smaller tasks for quantum
execution [128]. These interdependencies improve scalabil-
ity, optimize quantum resource utilization, and support the
seamless integration of hybrid quantum-classical computing.

However, these interdependencies present unique chal-
lenges. Frequent communication between quantum and
classical systems introduces latency, particularly in itera-
tive workflows such as Variational Quantum Eigensolver
(VQE) and Quantum Approximate Optimization Algorithm
(QAOA). Error propagation from noisy quantum outputs
to classical post-processing can impact overall reliability,
requiring robust error mitigation techniques like zero-noise
extrapolation. Additionally, limitations in resources bring
challenges in scalability, affecting the efficiency of both
quantum and classical components as workloads increase.

To address inefficiencies caused by frequent quantum-
classical communication, runtimes like Qiskit Runtime
co-locate quantum and classical tasks, reducing latency
and optimizing execution. Other platforms, like Amazon
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Braket Hybrid Jobs and D-Wave Leap, also streamline task
orchestration by integrating specialized tools for hybrid
workflows. Such innovations enhance the management of
interdependencies, enabling the development of efficient
hybrid algorithms [129].

Quantum-classical interdependencies impact memory
management, as hybrid systems must optimize data transfer
between quantum and classical resources. Since quantum
memory is volatile, intermediate quantum states must either
be preserved in classical memory or recomputed iteratively.
Optimizing these memory exchanges minimizes computa-
tional overhead and ensures efficient hybrid execution.

VI. EMERGING TRENDS AND FUTURE DIRECTIONS
Quantum computing is currently in the early stages, often
referred as the Noisy Intermediate-Scale Quantum (NISQ)
era. While NISQ devices hold significant potential, they
also face challenges such as quantum noise and decoherence
that are caused by interaction of quantum systems with
their environment [130], [131]. When a quantum system S
interacts with an environment E, the combined state changes
into an entangled state [132]:

W) =" cilsi)|E), 5)

where |s;) represents the system states, |E;) denotes the
environmental states, and c¢; are corresponding probability
amplitudes. By tracing out the environment, we can obtain the
reduced density matrix for the system, ps = Tre(psg). This
formulation shows how environmental interactions suppress
the off-diagonal elements of the density matrix, which results
in loss of quantum coherence. Over time, this decoherence
follows an exponential decay, given by:

(E/|Ej) oc e/, (©6)

where (E;|E;) represents the overlap between two environ-
mental states, 7 is the time, and t; represents the decoherence
time. Quantum memory stability is directly affected by
decoherence, as qubits gradually lose their stored quantum
information because of environmental interactions.

Quantum noise disrupts the stability of quantum memory
by altering stored qubit states, leading to decoherence and
information loss. The updated density matrix of quantum
noise can be modeled using the Kraus representation [133],
which is expressed as:

=2 MupMf, ™
N

where M), are the Kraus operators satisfying the complete-
ness condition: >, M,]:MM = I. This equation shows how
noise transforms the state p, reducing both its coherence and
fidelity. Consequently, preserving quantum states for reliable
computation remains a fundamental challenge in quantum

memory management.
Addressing quantum noise and decoherence is essen-
tial for achieving reliable quantum memory management
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and unlocking the full potential of quantum computing.
Completely eliminating noise errors remains a significant
challenge. While Quantum Error Correction techniques do
not correct 100% of the errors, they help reduce the effect
of noise. In fact, few-qubit codes such as the Steane code
have demonstrated logical error rates as low as 10~13 under
highly biased error channels, comparable to the reliability
of classical memory systems [134]. However, when multiple
errors occur in an uncontrolled manner, Quantum Error
Correction can become ineffective, resulting in computation
failure. The main goal of Fault-Tolerant Quantum Computers
(FTQC) is to limit the propagation of faults within quantum
circuits to maintain stable quantum memory [135]. Hard-
ware advancements, including improved qubit coherence
times, enhanced qubit connectivity, and more -efficient
quantum gates, are crucial to develop error-tolerant quantum
memory architectures. However, current NISQ processors
still lack full fault tolerance. Their limited qubit count,
connectivity, and coherence times limit them to low-depth
circuits. Researchers are actively working on error mitigation
strategies, such as noise-aware compilation [136], zero-
noise extrapolation [137], and dynamical decoupling [138],
to extend qubit coherence and improve memory stability in
near-term quantum systems. Additionally, Quantum Random
Access Memory models are being explored to enhance data
retrieval efficiency and reduce qubit overhead. Researchers
are actively optimizing NISQ algorithms to achieve quantum
advantages and solve certain problems faster than classical
computers in the near future [139]. Hybrid quantum-classical
approaches are emerging as practical solutions to solve the
gaps between current limitations and practical applications.

A. CLASSICAL-QUANTUM DATA CONVERSION

A critical step in hybrid quantum-classical systems is the
conversion of traditional binary data into quantum states
that can be processed by qubits. Since most real-world
information is stored classically, efficient encoding methods
are essential for practical integration. Classical data can be
represented as quantum states in the Hilbert space with a
quantum feature map. This is known as quantum embedding,
where a datapoint x is encoded as parameters for a quantum
circuit which prepares the corresponding quantum state |1, ).
We explore some embedding techniques below:

« Basis Encoding: Each bit string is mapped directly to a
computational basis state, e.g., x € {0, 1}" — |x).

o Amplitude Encoding: A normalized classical N-
dimensional datapoint x is represented by the amplitude
of a n-qubit quantum state | as:

N-—1
W) = D xili). ®)
i=0

« Rotation Encoding: Classical features are encoded into
qubit rotation angles, e.g., x — R, (x)|0).
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These encoding schemes enable hybrid workflows where
classical datasets are injected into quantum circuits for
processing.

Just as classical data must be encoded into qubits, the
results of quantum computation must be converted back into
a classical representation for further processing. In practice,
quantum-to-classical conversion is implemented in two main
ways:

o Projective Measurement: Collapses each qubit into

|0) or |1), producing a bitstring for classical storage.
According to the Born rule [140], a single-qubit state

ly) = al0) + BI1), el +18F=1 (9
yields measurement probabilities
PO0) = |a|?, P(1) = |BI*. (10)

This means that upon measurement in the computational
basis, the quantum state collapses to either |0) or |1), and
the corresponding classical bit (0 or 1) is recorded.

o Expectation Estimation: Repeated measurements are
used to estimate expectation values of observables [141],

e.g.,
(0) = > p(x) O), (11)

which are then stored in classical memory for use in
optimization loops.
As shown in Figure 8, this pipeline for N = 2 demonstrates
how classical data is embedded as qubit states and recovered
via measurement.

Classical L] 1bit
Data ga Quantum
Bits (N =2) | qubits = f(bits) Data (N = 2)
[ Jo) ® O [10)
T
# 0 O o0) Qubits
O @ |01
o0

Quantum QPU
Memory

bits = g(qubits)
Classical

CPU/GPU memory

FIGURE 8. Conversion pipeline for N = 2: classical bits are embedded
into quantum basis states via an encoding function f, while
measurement/decoding function g maps quantum states back to classical
bits. Quantum data spans all computational basis states, e.g.,

{100), |01}, |10}, |11)}.

B. HYBRID QUANTUM-CLASSICAL SYSTEMS

While some quantum algorithms do not rely on Quan-
tum Random Access Memory, they still illustrate impor-
tant patterns of memory coordination in hybrid quantum-
classical systems. In particular, hybrid algorithms such as
the Variational Quantum Eigensolver and the Quantum
Approximate Optimization Algorithm illustrate how memory
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responsibilities are distributed between quantum and classical
components. Classical systems handle storage-intensive tasks
— such as parameter optimization and data encoding — while
quantum systems store small, low-depth circuits limited
by coherence time. Similarly, Quantum Kernel Estimation
(QKE) and hybrid Quantum Generative Adversarial Net-
works (QGANSs) demonstrate how quantum subroutines can
be integrated into classical machine learning workflows, with
quantum registers used transiently for feature mapping or
data generation while classical systems manage large-scale
optimization and storage. Although these algorithms do
not access large quantum memory structures, they reflect
emerging trends in hybrid memory management. Memory
efficiency is achieved by combining classical storage with
quantum registers. Their analysis helps to clarify which
classical strategies translate into useful patterns for quantum
workflows and where new paradigms are needed.

1) VARIATIONAL QUANTUM EIGENSOLVER

The Variational Quantum Eigensolver optimizes memory
management in hybrid quantum-classical computing by
reducing quantum memory requirements through parameter-
ized ansatz and classical optimization. Instead of storing full
wavefunctions, VQE approximates eigenstates variationally,
minimizing the expectation value of the Hamiltonian [141]:

(H)(q) = (W(9IH[¥(q), (12)

where W(g) is the parameterized trial state and (H)(gq) is
the expectation value to be minimized. The Hamiltonian
decomposition into a sum of Pauli terms:

H =2 hiOq, (13)
o

where h, are the calculated coefficients and O, are the
tensor product of Pauli matrices. This allows independent
measurements, while operator grouping reduces the number
of measurements by exploiting commutativity. The unitary
coupled cluster (UCC) ansatz is given as:

(WEh(6)) = exp(T® ()| D), (14)

where ®p is the reference state and exp(T(k)(G)) is the
cluster excitation operator. It stores only essential variational
parameters, minimizing memory overhead. Variational error
suppression further enhances efficiency by reducing errors
without requiring extensive error correction. Additionally,
adaptive measurement strategies focus on dominant terms,
reducing redundant storage.

Although VQE does not utilize Quantum Random Access
Memory, it remains a relevant example of memory-aware
quantum algorithm design. The quantum circuit is kept
shallow and narrow, while classical systems carry out
memory-intensive optimization and parameter updates. This
division of responsibility highlights an emerging pattern
in hybrid systems, where efficient memory management
is achieved through the complementary roles of classical
and quantum components. Figure 9 illustrates how quantum
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(state preparation and measurement) and classical (parameter
optimization) components collaborate to reduce quantum
memory overhead in VQE.

Quantum

.| 1¥@) = exp(T®(q))
|®_R)

Classical

Initialize parameter: q

Optimize q

>I I

Y
(O_a) = (W(q)| O_a

(H)(q) =3 h_a (O_a) |«
dmehate v

FIGURE 9. Hybrid quantum-classical workflow in a variational algorithm.
A classical optimizer updates the parameters g, which define a
parameterized quantum state ¥(q). The quantum processor estimates the
expectation values (O ), and the classical system computes the total
energy (H)(q), feeding back into the parameter update loop.

2) QUANTUM APPROXIMATE OPTIMIZATION ALGORITHM
The Quantum Approximate Optimization Algorithm is a
hybrid quantum-classical algorithm for solving combina-
torial optimization problems by producing approximate
solutions. QAOA operates by alternating between the appli-
cation of two parameterized quantum operators: the cost
Hamiltonian H¢, which encodes the optimization problem,
and the mixer Hamiltonian Hp, which ensures exploration of
the solution space.

Starting with a uniform superposition state prepared using
Hadamard gates, the algorithm iteratively applies unitary
transformations to the p layers, producing a final quantum
state |y, B). The parameters (y, 8) are classically optimized
to minimize the expectation value of H¢ [142], defined as:

Fp(y, B) = (Y (v, PIHclY (v, B)) (15)

thereby approximating the optimal solution. Memory
management in QAOA is influenced by the structure of
the variational circuit, where quantum states are stored
in quantum registers throughout the optimization process.
The algorithm maintains state information across multiple
layers by applying unitary operators, with qubit rotations
representing cost and mixer transformations. As the circuit
depth p increases, memory overhead grows, and more
quantum resources are required to maintain coherence.
The classical memory is used to iteratively update the
parameters (y, 8) optimizing them based on measurement
results obtained from quantum state collapses. Due to the
computational requirements of repeated quantum-classical
feedback loops, efficient data handling and parameter storage
play a crucial role in ensuring the scalability of QAOA (see
Figure 10).

QAOA demonstrates a memory-efficient hybrid design
where the quantum circuit encodes only a fixed-depth
variational state, while classical memory handles parameter
updates and result aggregation. As the circuit depth increases,
maintaining coherence becomes more demanding, but the
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overall memory burden remains primarily on the classical
side. This division enables scalability by offloading storage
and optimization to classical processors, while keeping
quantum memory usage minimal and focused.

Initialize parameters gamma_i,
beta_i (i = 1to p)

‘ Prepare initial state }«

;—J

Apply Cost Hamiltonian U_C
gamma_i for each layer i

:

Apply Mixer Hamiltonian U_B
beta_i for each layer i

:

Measure output state

:

Computer cost function
expectation value

1
I

Converged?

—

Update gamma_i, beta_i with
classical optimizer

Yes

—

Output approximate solution ‘

FIGURE 10. Conceptual workflow of QAOA, illustrating the iterative
application of the cost Hamiltonian U¢ (y;) = e %ifc and mixer
Hamiltonian Ug(B;) = e~ PiMB across p layers, with classical optimization
of parameters (y, B) to approximate the optimal solution.

3) QUANTUM KERNEL ESTIMATION

Quantum Kernel Estimation constructs the hyperplane using
a classical SVM while using the quantum computer to
estimate the kernel function [143]. The quantum computer
is used twice in this protocol. In the training phase, the kernel

K(x,2) = [(p(x) | p)I (16)

is estimated on a quantum computer for all pairs of training
samples x, z € T. The kernel is then used in the Wolfe—dual
SVM to find the optimal hyperplane. In the classification
phase, the quantum computer is used again to estimate K (s, x)
for a new datum s and the support vectors x € T obtained
from the optimization. This is sufficient to construct the full
SVM classifier.

To estimate the inner product for the kernel, the circuit
U¢(x)T Uy(2) is applied to |0"), as illustrated in the hybrid
workflow of Figure 11. The final state is measured in the
Z-basis R times and the frequency of observing the |0")
string is taken as the transition probability. Each kernel
entry is obtained to an additive sampling error of O(R™!/?).
An estimator K that deviates from the exact kernel K by at
most § in operator norm can be obtained with

R=0672TI" (17)
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shots in total.

This hybrid division highlights that quantum registers are
used only transiently to estimate pairwise overlaps, while the
large-scale storage and optimization of the kernel matrix is
handled by classical memory. A practical challenge in QKE is
that the feature map circuits must remain shallow to mitigate
noise on NISQ devices, which restricts expressiveness. The
classical kernel storage still scales quadratically with the
training set size.

Classical Quantum

Classical Training Data Quantum Feature Map

Classical Storage (Kernel Kernel Entry|

Matrix)

Overlap Estimation +
Measurement

Il

Support Vector Machine
(Wolfe- dual)

——>| Quantum Overlaps for
New Data

Classification (Support
vectors + decision rule) |

il
i

FIGURE 11. Hybrid workflow of Quantum Kernel Estimation. The quantum
computer is responsible for generating feature maps and estimating
overlaps through measurements, while the classical side stores the kernel
matrix, trains the SVM via the Wolfe-dual formulation, and performs
classification using support vectors. Quantum resources are called again
in the classification phase to estimate overlaps for new data points.

4) HYBRID QUANTUM GENERATIVE ADVERSARIAL
NETWORK

Hybrid quantum—classical GANs illustrate another pattern
of memory coordination in NISQ-era algorithms. In this
approach, a quantum circuit serves as the generator while a
classical neural network functions as the discriminator [144].
The generator is implemented as a parameterized quantum
circuit (PQC), which maps a latent vector z into a quantum
state. The discriminator evaluates real and generated samples
using the Wasserstein GAN with gradient penalty (WGAN-
GP) loss:

min max ]Ex'\’Pdata [D('x)] - EZNPZ [D(G(Z))]
G DeD
— 2 Egep, (IViD®I2 —1)*,  (18)

where G denotes the quantum generator, D is the classical
discriminator, and X is a regularization constant. The quantum
generator is trained via parameter-shift rules, while the
discriminator backpropagates using classical GPU-based
optimization.

This division of responsibilities reflects a hybrid memory
strategy: quantum registers are used transiently to generate
data patches from latent variables, while the classical system
stores training batches, discriminator weights, and optimizer
states. Such partitioning reduces quantum memory over-
head but introduces challenges in synchronization between
quantum-generated data and classical batch processing (see
Figure 12).
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Hybrid quantum-classical models integrate quantum
speedups with classical optimization to enhance compu-
tational efficiency while minimizing quantum memory
demands. Algorithms such as VQE and QAOA illus-
trate a memory-aware design pattern in which quantum
hardware executes shallow, parameterized circuits, while
classical systems handle memory-intensive optimization
and data aggregation. Similarly, Hybrid Quantum Neural
Networks and Quantum Support Vector Machines use
quantum circuits for complex feature extraction or kernel
embedding, offloading model training and inference to
classical processors with robust memory infrastructures.
These examples reflect an emerging principle in hybrid
system design: quantum resources are applied selectively
for their computational advantages, while classical systems
maintain responsibility for scale, stability, and memory
handling. This mirrors the limitations of current quantum
memory technologies, including QRAM, and emphasizes the
need for practical coordination strategies between quantum
registers and classical memory layers. By depending on
low-depth circuits and shifting memory-intensive operations
to classical systems, these hybrid approaches are well-suited
to the limitations of current NISQ-era hardware.

A key challenge in hybrid systems is the coordination
between classical and quantum memory. Data must fre-
quently cross the quantum-classical boundary: parameters,
encoded inputs, and measurement results are transferred back
and forth which can create bottlenecks. Synchronization is
critical in these systems as deterministic classical operations
must align properly with probabilistic quantum measure-
ments. Errors from quantum registers can propagate into
classical post-processing if not detected and mitigated early.
Addressing these coordination challenges is essential for
scalable hybrid memory management.

C. FUTURE RESEARCH DIRECTIONS

One of the key research directions in memory management
is the development of hybrid quantum-classical systems
that optimize data exchange across the quantum-classical
boundary. Currently, quantum computation relies heavily
on classical resources for pre-processing, post-processing,
and parameter optimization, making seamless integration
essential. Future work must explore efficient allocation strate-
gies that reduce communication overhead, balance quantum
register usage, and mitigate synchronization bottlenecks that
arise when measurement results are repeatedly transferred
between devices. Hybrid algorithms already show promise
in machine learning, optimization, and generative modeling,
but their scalability depends on memory-aware designs.
Research on hybrid quantum-classical memory models could
help overcome data bottlenecks in near-term processors by
exploiting quantum-assisted cache management, quantum-
enhanced compression, and adaptive allocation schemes.
Beyond algorithmic improvements, domain-specific integra-
tion of hybrid memory systems in areas such as cybersecurity,
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FIGURE 12. Hybrid Quantum-Classical GAN: a quantum generator (PQC) produces samples from latent inputs,
while a classical discriminator evaluates real vs. generated data and provides optimization feedback.

finance, healthcare, and drug discovery will be crucial for
achieving practical advantages [131].

Another crucial area is Quantum Error Correction and fault
tolerance, as quantum systems are highly susceptible to deco-
herence and noise. Recent research has increasingly focused
on developing low-overhead error correction techniques,
particularly using quantum low-density parity-check codes
such as Bivariate Bicycle codes and Quantum Tanner codes.
These alternatives offer higher encoding rates, linear distance
scaling, and reduced physical qubit overhead compared to
traditional codes. Additionally, machine learning-driven error
correction is becoming popular, which provides adaptive
noise suppression and syndrome decoding methods to
enhance resilience against quantum errors.

Optimizing memory access and retrieval in quantum
systems is another critical area for research. Unlike clas-
sical memory, quantum memory lacks direct addressing
mechanisms and depends on quantum gate execution for
data access, which introduces latency. Researchers need to
design fast quantum read/write mechanisms that improve
the reliability of qubit storage and retrieval. Optimizing
quantum gate execution times and exploring novel qubit
addressing schemes is essential for improving efficiency
in Quantum Random Access Memory and other emerging
quantum architectures.

Scalability remains one of the biggest challenges in
quantum computing. Future research should focus on scalable
quantum memory architectures that enhance qubit connec-
tivity and information stability. Modular quantum memory
systems and distributed quantum memory networks, leverag-
ing entanglement for long-distance quantum communication,
could provide new directions for scalability. Additionally,
developing fault-tolerant memory models that minimize the
number of redundant qubits while maintaining computational
accuracy is crucial to advance quantum technology.

Another research direction is energy-efficient quantum
memory solutions. Quantum computing requires cryogenic
cooling, particularly for superconducting qubits, leading
to substantial energy consumption. Investigating alternative
quantum memory hardware could reduce energy demands.
However, limitations such as high-power laser requirements,
significant gate latency for trapped ions and photon loss
in photonic qubits needs to be addressed. Additionally,
optimizing quantum error mitigation techniques that lower
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the energy overhead associated with QEC will be crucial to
make quantum computing more sustainable.

Summary of Research Questions’ Answers: From the
analyses presented across Sections III-VI, we can now
synthesize the main findings in response to our research
questions. Classical memory systems achieve performance
and scalability through hierarchical organization, determin-
istic access control, and efficient allocation strategies such as
caching, paging, and virtual memory. Together, these strate-
gies make classical memory fast, reliable, and well-suited for
large-scale computing. On the other hand, quantum memory
management is fundamentally different from these classical
mechanisms. Quantum computing relies on qubits that
require continuous stabilization and sophisticated Quantum
Error Correction to preserve coherence against decoherence
and noise. Quantum read/write operations strongly influence
overall memory fidelity, as pulse optimization, initialization
fidelity, and gate precision directly determine qubit coherence
times across different qubit platforms. When we evaluate
systems in terms of latency, energy efficiency, and scalability,
classical systems benefit from decades of optimization,
whereas quantum systems remain constrained by cryogenic
energy demands, high gate latencies, and the heavy over-
head of fault tolerance. Hybrid quantum-classical systems
help us overcome some of these limitations by allocating
optimization, parameter tuning, and data aggregation to
classical processors while quantum resources handle low-
depth computations. Finally, ongoing challenges and research
opportunities center on reducing error-correction overhead,
improving cryogenic efficiency, and designing scalable,
energy-aware quantum memory architectures that integrate
seamlessly with classical infrastructure. These findings
collectively address all six research questions and demon-
strate how classical and quantum memory management
are evolving in complementary ways toward hybrid, fault-
tolerant computing systems.

VII. CONCLUSION

In this study, we explored the differences in memory
management between classical and quantum architectures.
We examined various aspects including memory access
and allocation, error correction techniques, and scalability
challenges. We analyzed the classical memory hierarchy
along with key techniques like virtual memory, caching,
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and memory pooling, highlighting their role in improving
system efficiency and scalability. In the quantum domain,
we discussed quantum registers, quantum gates, QRAM,
Quantum Error Correction methods, and quantum read/write
operations. Additionally, we investigated hybrid quantum-
classical systems, emphasizing their role in optimizing
computational efficiency in the NISQ era.

Classical systems depend on well-structured hierarchical
memory, deterministic access patterns, and robust error cor-
rection techniques to ensure scalability and efficiency. On the
other hand, quantum systems must address significant chal-
lenges, including decoherence and noise issues. While clas-
sical memory management has been refined over decades,
quantum memory management is still in its early stages,
requiring novel approaches to improve stability and fault
tolerance. Future advancements in hybrid classical-quantum
memory integration, Quantum Error Correction and scalable
quantum architectures will be crucial to overcome current
limitations. Further research in energy-efficient quantum
memory, dynamic memory allocation for quantum registers,
and optimized quantum read/write mechanisms will enhance
the practical applications of quantum computing. As quantum
technologies continue to evolve, memory management will
have a vital role in the transition from small-scale quantum
processors to large-scale fault-tolerant quantum systems.
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